
Mahmoud Elsanhoury

Towards Precision 
Positioning For 
Smart Logistics 
Using Ultra 
Wide-Band 
Systems and LEO 
Satellite-Based 
Technologies


ACTA  WASAENSIA 534



Copyright ©Vaasan yliopisto and copyright holders. 

ISBN 978-952-395-145-7 (print) 
978-952-395-146-4 (online) 

ISSN 0355-2667 (Acta Wasaensia 534, print) 
2323-9123 (Acta Wasaensia 534, online) 

URN https://urn.f/URN:ISBN:978-952-395-146-4 

Hansaprint Oy, Turenki, 2024. 

https://urn.fi/URN:ISBN:978-952-395-146-4


ACADEMIC DISSERTATION 

To be presented, with the permission of the Board of the School of Technology and 
Innovations of the University of Vaasa, for public examination 

on the 3rd of October, 2024, at noon. 



Article based dissertation, School of Technology and Innovations at the University 
of Vaasa, in the feld of Telecommunications engineering (Computer Science). 

Author Mahmoud Elsanhoury 

https://orcid.org/0000-0002-9195-4613 

Supervisors Professor Mohammed Elmusrati 
University of Vaasa. School of Technology and Innovations, 
Computer Science 

Professor Heidi Kuusniemi 
University of Vaasa. School of Technology and Innovations, 
Director of Digital Economy Platform 

Doctor Janne Koljonen 
University of Vaasa. School of Technology and Innovations, 
Automation Technology 

Custos Professor Mohammed Elmusrati 
University of Vaasa. School of Technology and Innovations, 
Computer Science 

Reviewers Professor Salama Ikki 
Lakehead University, Canada. Electrical Engineering Department. 

Professor Simo Särkkä 
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¨TIIVISTELMA 

Nykyaikainen teknologinen aikakausi nojaa vahvasti ¨ ja -alyjärjestelmiin 
toimintoihin, kuten alykk¨aseen valmistukseen, ¨ a¨ logistiikkaan ja¨ a¨ alykk¨aseen 
alykk¨ ääseen merenkulkuun. Ne ovat Teollisuus 4.0:n ja esineiden internetin (IoT) 
sovellusten ja palveluiden keskeisiä elementtej¨ ¨a, erityisesti alylogistiikka tai lo-

¨gistiikka 4.0, joka palvelee teollisuutta ja materiaalitoimitusketjuja. Alylogistii-
kan keskeinen perusta on muun muassa liikkuvien laitteiden ja henkilöstön tarkka 
paikannus teollisuusymparist¨ oiss¨ ¨ Lis¨a. aksi navigointisovellusten ja sijaintitietois-
ten palvelujen luotettavuus on riippuvainen tarkasta paikannuksesta sekä siviili-
että teollisuuskäytössä, sisä- ja ulkotiloissa. Tässä väitöskirjassa esitän tiettyjen 
teknologioiden, anturien ja algoritmien k¨ o¨ a- jaaytt¨a tarkkaan paikantamiseen sis¨ 
ulkotiloissa. Ultra wideband (UWB) -järjestelmät ovat ¨ ain nousseet luotet-askett¨ 
tavaksi paikannusteknologiaksi monimutkaisissa sisätilaolosuhteissa. Ehdotamme 
UWB:n käyttöä yhdessä inertia-antureiden (IMU) kanssa integroituna monianturi-
fuusioj¨ an¨ atilapaikannukseen. Toteuttamamme UWB/IMU-arjestelm¨ a tarkkaan sis¨ 
j¨ a a keskim¨ar¨ a absoluuttisena tarkkuutenaarjestelm¨ tarjosi 4,7 senttimetri¨ a¨ aisen¨ 
(MAE) tiheässä teollisuusympäristössä (Technobothnian laboratoriossa) Vaasan 
yliopiston kampuksella Suomessa. Toisaalta paransimme ulkona tapahtuvaa 
ajoneuvojen paikannusta globaalien satelliittinavigointijärjestelmien (GNSS) kau-
pallisia vastaanottimia k¨ am¨ a useilla ¨ am¨ paran-aytt¨ all¨ alypuhelinmalleilla, ja t¨ a 
nus sai tunnustusta Googlen kansainvälisessä kilpailussa kolmen parhaan tu-
loksen joukossa. Fuusiopohjainen GNSS/IMU-paikannustarkkuus parani 2,291 
metrin virheeseen reiteilla,¨ jotka kulkivat puiden reunustamien teiden ja avoin-
ten valtateiden kautta. Lisäksi ehdotimme uutta satelliittipohjaista paikan-
nusmenetelmää matalan maan kiertoradan (LEO) satelliiteilla, joita voidaan 
hyödyntää varateknologiana aina, kun tyypillisesti ensisijaisena toimiva GNSS-
teknologia ei ole kaytett¨ aviss¨ ¨ arist¨ a ja olosuhteissa. Uudena vaikeissa ymp¨ oiss¨ 
LEO-pohjaisen paikannustekniikan patentoitu toimintaperiaate hyödyntää LEO-
satelliittien MIMO-antenneista tulevia keiloja. Tulevaisuuden massiivisten LEO-
konstellaatioiden keilamallien yhdistämisen ansiosta uusi keilapohjainen paikan-
nusmenetelmä voi toimia luotettavana vaihtoehtona ulkotiloissa silloin, kun 
GNSS ei ole saatavilla. LEO/IMU-fuusion tulokset ajoneuvoskenaarioissa tuot-
tivat vaikuttavan 9,15 metrin paikannustarkkuuden keskimääräisenä absoluuttisena 
tarkkuutena, mik¨ a) k¨ aen vastaavia a oli parempi kuin GNSS-tarkkuus (26,6 metri¨ aytt¨ 
kaupallisten vastaanottimien datajoukkoja älypuhelimista. 

Avainsanat: ¨ as sis¨alyk¨ logistiikka, apaikannus, ulkopaikannus, ultralaajakaista 
(UWB), globaali satelliittinavigointijärjestelmä (GNSS), matala maakiertorata 
(LEO) -satelliitti, monituloinen monil¨ o (MIMO)aht¨ 
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ABSTRACT 

The modern technological era relies heavily on smart systems and smart operations 
such as smart manufacturing, smart logistics, and smart shipping. They are the 
core ingredients of Industry 4.0 and the internet of things (IoT) applications and 
services, especially smart logistics or Logistics 4.0 that empowers industry and ma-
terial supply chains. Precise positioning estimation of movable assets such as robots 
and personnel in industrial environments is a crucial foundation of smart logistics. 
Moreover, the integrity and reliability of navigation applications and location-aware 
services are dependent on precise positioning systems for both civilian and indus-
trial use cases, indoors and outdoors. In this doctoral dissertation, we propose the 
use of certain technologies, sensors, and algorithms to achieve precise positioning 
estimations for indoor and outdoor environments. Ultra wideband (UWB) systems 
have recently emerged as a reliable positioning technology for complex indoor con-
ditions. We propose the use of UWB in addition to inertial motion units (IMUs) 
as an integrated multisensor fusion system for precise indoor positioning. Our im-
plemented UWB/IMU system provided a mean absolute accuracy (MAE) of 4.7 
centimeters in a dense industrial environment (Technobothnia laboratory) at the 
University of Vaasa campus, Finland. On the other hand, we enhanced the outdoor 
vehicular positioning estimations with global navigation satellite systems (GNSSs) 
commercial-grade receivers in several smart phone models. That enhancement was 
recognized by Google among the third best results in an international competition. 
The fusion based GNSS/IMU positioning accuracy was enhanced to 2.291 meter 
error for mixed routes passing by tree-lined roads and open highways. Further-
more, we proposed a novel satellite-based positioning methodology from low Earth 
orbit (LEO) satellites, which can be harnessed as a back-up technology whenever 
the primary GNSS technology is denied in harsh environments and conditions. The 
patented operating principle of the new LEO-based positioning technique is lever-
aging the use of beamforming loops that are incident from multiple-input multiple-
output (MIMO) antennas onboard LEO satellites. With the inference of massive 
MIMO beam identifers and the congregation of beam patterns from mega sizes 
of future LEO constellations, the new beam-based positioning methodology can be 
used as a reliable alternative system in outdoor GNSS-denied venues. The results of 
fusing LEO/IMU for vehicular scenarios yielded a staggering positioning accuracy 
MAE of 9.15 meters that outperformed GNSS accuracy (MAE = 26.6 meters) using 
the same datasets of commercial receivers in smart phones. 

Keywords: smart logistics, indoor positioning, outdoor positioning, ultra wideband 
(UWB), global navigation satellite system (GNSS), low Earth orbit (LEO) satellites, 
multiple-input multiple-output (MIMO) 
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An ancient Arabic poem by Imam Mohamed Bin Idriss Al-Shafe 
which can be translated as: 

The fruit of wisdom rises from a rose that is sublime. 
A rose that’s only harvested by keen and relentless minds. 

Nurtured by passionate care, provided wealth to climb. 
Guided by a mentor’s shadow, and often needs its time. 

∼ Translated and composed by: Bassam Salem 
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1 INTRODUCTION 

Positioning systems are the backbone of navigation services and smart use cases in the modern era 
of smart logistics and internet of things (IoT) applications. Reliable precise positioning systems 
are essential for resource management optimization in addition to cost- and time-saving of com-
plex operations. Logistics is an important driver for the competitiveness of industries and material 
supply. The development of smart logistics, powered by precise positioning and communication 
technologies can signifcantly improve the effciency of logistics. 

Nowadays, smart logistics play a major role in Industry 4.0. They help corporations with cru-
cial operations including: predicting the demands, planning the sales, and managing the inventory 
(N. Zhang, 2018), (Tang, 2020). Smart logistics, also known as ’Logistics 4.0’, can accelerate the 
execution of all logistical processes through the application of intelligent tools, technologies, and 
methodologies for planning and control. Realization of smart technologies helps in acquiring accu-
rate information to track material fow for various purposes. By using smart positioning technolo-
gies, tools, and equipment, global supply and logistics chains are improved and made more effcient 
(Humayun, Jhanjhi, Hamid, & Ahmed, 2020). These positioning technologies can signifcantly en-
hance visibility, optimize product routing, streamline inventory control, and asset restock (Issaoui, 
Khiat, Bahnasse, & Ouajji, 2019). 

In recent years, the attention towards precise positioning and navigation systems has grown ex-
ponentially due to the rapid development and affordability of smart devices and the technological 
infrastructure. Achieving precise localization has been a major concern in the scientifc community 
due to its direct relationship with the reliability of navigational applications and location-based ser-
vices. Whether in an indoor or outdoor environments; precise location information of people and 
assets is an essential element in numerous use cases: smart logistics (Wu, Shen, Zhao, Li, & Huang, 
2022), tracking medical equipment in healthcare centres (Pospelova et al., 2022), tracking individu-
als in crowded venues (Alarif et al., 2016), ship-building and offshore industry (Park et al., 2021), 
and construction industry (Woo et al., 2011). 

Existing positioning systems come from various: technologies, core techniques, shapes, and for 
various application avenues. The reliability of a given positioning system can be assessed depending 
on the utilized technology, sensor, technique, algorithm, and the relevant performance metric. In 
every environment and/or scenario, the performance of the positioning systems in a given application 
domain should be assessed based on a preset group of metrics that are directly proportional to the 
designed objectives and the expected outcomes of the positioning system. Moreover, the selection 
of the appropriate positioning system and performance metrics depends mainly on the environments 
of operation whether they are: indoors or outdoors. 

In indoor environments, many technologies exist with the majority are based on wireless communi-
cation systems (Alarif et al., 2016). There is no single indoor technology that can ft all usages and 
applications, consequently, the indoor positioning sector is a wide open topic for innovations. While 
in outdoor environments, the satellite-based positioning systems are the most commonly used tech-
nologies in today’s world owing to their numerous advantages and reliable performance (Teunissen 
& Montenbruck, 2017). 

The varying nature of both indoor and outdoor environments requires the continuous developments 
of positioning technologies to enhance system precision, accuracy, and reliability. For instance, 
when it comes to wireless technologies, the complex surroundings impose several types of signal 
impairments such as: shadowing and multipath effects, which in turn refect in the performance be-
haviour of positioning systems. Hence, special maintenance solutions should be arranged in order 
to mitigate such inevitable impairments. Those enhancements can be from the perspectives of soft-
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ware and/or hardware components of the positioning system. Certainly and expectedly, the slightest 
changes in the positioning system’s technological components will incur positive and/or negative 
changes in the budgets of: time, power, and costs. 

It is the mission of this dissertation to investigate the potential of developing precise positioning 
systems for indoor and outdoor venues by indulging in trade-offs and compromises between the po-
sitioning accuracy and system budgets. Noteworthy, the seamless integration of indoor and outdoor 
positioning systems was studied separately and individually in other publications held by the author, 
however, it had not been the focus of this thesis. 

1.1 Scope and objectives 

The main scope of this dissertation is to develop precise positioning systems for smart logistics in 
both environments: indoors and outdoors. By investigating and leveraging the existing positioning 
technologies and algorithms, we endeavor to recommend the best ftting technology ingredients to 
facilitate smart operations, indoors and outdoors. 

The specifc objectives are as follows: 

1. To study and review the state-of-the-art literature in precise indoor and outdoor positioning
scenarios.

2. To focus on literature studies that are concerned with developing precise positioning systems
in challenging environments.

3. To identify and select the best ftting positioning technologies and algorithms in the corre-
sponding environmental scenarios: indoors and outdoors.

4. To develop proprietary implementations for achieving precise positioning estimations in both
environments.

5. To consider the feasibility of fusing multiple positioning technologies for maximizing system
integrity.

6. To continuously seek alternatives or secondary positioning technologies as back-ups for the
primary precise positioning system in every scenario.

Eventually, we selected ultra wideband (UWB) technology to render the precise indoor positioning 
system (IPS), in addition to validating a set of positioning algorithms and techniques to be used for 
maximizing the positioning accuracy. Besides, we also investigated other alternative technologies 
for indoor positioning. 

For outdoors, we enhanced the positioning accuracy of global navigation satellite systems (GNSS) 
in vehicular navigation using a unique sequence of algorithmic treatment, multisensor fusion, and 
positioning techniques. Likewise, we sought a new back-up technology to GNSS, which is based on 
exploiting the advantages of low Earth orbit (LEO) satellites and the multiple-input multiple-output 
(MIMO) antenna beamforming capabilities. 
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1.2 Main research questions 

This dissertation is compiled based on publications [P1]–[P10], in which the following research 
questions RQ1–RQ4 were studied and investigated. 

RQ1: What are the advantages of precise positioning systems in indoor and
outdoor environments? 

Precise positioning systems offer signifcant advantages in both indoor and outdoor navigation ap-
plications, which revolutionize logistics and IoT implementations. They enable real-time tracking of 
assets with very high accuracy that is vital for optimizing inventory management and asset utilization 
across diverse environments. Fleet management benefts from precise location data, facilitating route 
optimization and scheduling for reduced costs and enhanced delivery effciency, in situations of nav-
igating urban streets or warehouse aisles. Those benefts signifcantly impact the supply chain which 
entice proactive problem solving and handling to tackle delays and disruptions whether indoors or 
outdoors. In addition, Geo-fencing and zone monitoring features can rely on precise positioning sys-
tems to automate processes and support security measures, ensuring seamless navigation transitions 
between indoor and outdoor spaces. Smart delivery gains precision guidance, improving effciency 
and customer satisfaction, whether delivering parcels to urban residences or navigating warehouse 
complexes. 

Furthermore, integration with IoT sensors enhances data collection for monitoring goods condition 
and compliance, which are very crucial in both indoor and outdoor environments. Predictive analyt-
ics and optimization algorithms can be based on precise positioning data to refne decision-making 
(indoors or outdoors), and ensure resource allocation that aligns with dynamic navigation demands. 
In fact, precise positioning systems drive effciency and responsiveness in smart logistics and IoT 
applications, they also support achieving enhanced customer satisfaction and competitive advantage 
across indoor and outdoor navigation landscapes. 

RQ2: How to build precise positioning systems for dense indoor environments? 

Building precise positioning systems for dense indoor environments is very challenging as the indoor 
conditions are always very complex by default. It involves the selection of appropriate sensors that 
are capable of providing accurate positioning data. Also, can include the integration of sensor data 
using fusion techniques, and certainly requires the development of localization algorithms that are 
customized for indoor conditions. 

Information about the use case environment are to be studied and investigated prior to design and im-
plementation, while sensors are calibrated and algorithms fne-tuned to optimize the system perfor-
mance. Infrastructure elements such as access points or beacons should be pragmatically deployed 
to provide reference points for localization. Then, in order to assess the developed system, testing 
and validation are conducted to check the accuracy and reliability of the overall integrated system 
with attention given to user interface design, integration with other systems, and privacy and security 
considerations. 

Publications [P1]–[P4] focused on and thoroughly discussed the methodologies and the required 
equipment and technologies to build precise indoor positioning systems amid dense challenging 
indoor environments. 
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RQ3: How to achieve precise positioning estimations for outdoor environ-
ments? 

Satellite-based technologies such as GNSS technologies are the most commonly used positioning 
technologies for outdoor environments. Achieving precise positioning estimations outdoors through 
satellite-based methods involves several crucial steps similar to the steps found in question RQ2. 
Firstly, selecting high-quality GNSS receivers with multi-constellation support (multi GNSS) is very 
essential to improve the integrity of the system. Installing the GNSS antenna in an optimal location 
with a clear view of the sky is paramount to maximize signal reception and minimize nearby inter-
ference and/or channel fading. Therefore, the primary acquisition and tracking loops of raw GNSS 
signals can be leveraged by gathering satellite signal information from multiple sources or constel-
lations. 

Then, the post-processing techniques like differential GNSS, real-time kinematic (RTK), or precise 
point positioning (PPP) can be applied to improve accuracy through correction data or precise or-
bit and clock corrections. For RTK, establishing a base station is necessary to transmit correction 
data to the user terminals. Subsequently, data processing using GNSS software computes precise 
position solutions by applying corrections and resolving integer ambiguities. Moreover, additional 
positioning algorithms and techniques (e.g. sensor fusion) can be introduced to the post-processed 
raw GNSS data in order to further-tine the output positioning estimations. For fnal assessment of 
the system, validation tests are conducted to verify accuracy against ground truth data in various 
motion and road scenarios. Continuous monitoring and maintenance can ensure optimal system 
performance and reliability over longer time intervals, which fortify the integrity of the developed 
system. 

Publications [P5]–[P6] introduced a sensor fusion-based method on enhancing GNSS positioning 
estimations for low-grade commercial GNSS receivers found in various smart phones. This solution 
was recognized in an international decimeter competition. 

RQ4: Are there any outdoor satellite-based backup technologies to GNSS? 

As a well-established fact, GNSS positioning technologies are the most reliable, most common, and 
most accurate systems for outdoor environments, so far. However, in many conditions and scenarios, 
GNSS systems suffer challenging factors that affect their integrity such as: signal vulnerabilities, 
channel fading, and dense structures. This research question is very important to be addressed in 
order to tackle much of those GNSS shortcomings by fnding a new backup technology to GNSS in 
such situations. 

For other satellites than GNSS, we are left with the LEO satellite constellations that are residents 
in orbital altitudes much closer to Earth’s surface. As reported in recent scientifc researches, the 
confgurations of LEO satellites can leverage outdoor positioning technologies in many ways since 
they are more dense in numbers, more closer to Earth with stronger signal reception, and possess 
more capability to penetrate obstacles. 

Publications [P7]–[P10] discussed a new satellite-based method that passively exploits radio sig-
nals incident from LEO satellite constellations to provide a reliable backup technology to GNSS 
positioning systems. It is very important to note that: the newly developed LEO-based positioning 
method is not intended as an alternative technology that replaces GNSS, however, it is intended to 
be a backup technology when GNSS signals are denied or unavailable. 
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1.3 Summary of publications 

This section briefy summarizes all the ten publications [P1–P10] of this compilation dissertation. 
An outline illustration depicting the scientifc components of every publication is shown in Figure 1. 

Towards Precision Positioning For Smart Logistics Using Ultra Wide-Band Systems and LEO Satellite-Based Technologies

Indoor positioning systems Outdoor positioning systems

Ultra wideband (UWB)

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

Wi-Fi GNSS Low Earth Orbit Satellites (LEO-PNT)

Literature review Implementation Literature 

review ImplementationProof of 


concept

Multi-sensor fusion /IMU

WiP Literature 

review Hypothesis

Multi-sensor 

fusion /IMU

Multi-sensor 

fusion /IMU

Figure 1. Scientifc components of all publications [P1–P10]. 

Publication [P1]: Precision Positioning for Smart Logistics using Ultra-wideband Technology-
based Indoor Navigation: A Review. 

Publication P1 was compiled as a comprehensive literature review that focused on the most common 
implementations of indoor positioning systems, their structure and applications. It paved the way 
not only to understanding the requirements of precision positioning systems but also understanding 
the core concepts of smart logistics and smart operations. In publication P1, although the focus 
technology was UWB system, the whole precision positioning topic was dissected thoroughly by 
investigating the following aspects: the existing positioning and ranging methodologies, positioning 
algorithms, positioning technologies, sensor fusion and machine learning methods for improving the 
positioning estimations. 

Publication [P2]: Indoor Asset Tracking in Dense Industrial Environments Using Low-cost Wire-
less Technologies. 

Post to getting a solid understanding about UWB indoor positioning systems and sensor fusion 
schemes, a proposed low-cost fusion-based UWB system was coined and outlined. Publication P2 
was compiled as a work-in-progress (WiP) article to introduce the elements, the structure, and the 
environment of the proposed UWB system. Also in which, the rationale, the algorithms, and the 
methodologies were discussed. 

Publication [P3]: Precise Indoor Positioning System for Mobile Robots via Smoothed UWB/IMU 
Sensor Fusion. 
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Publication P3 is the main implementation contribution article that shows all the carried out pro-
cedures to build a sustainable precise indoor positioning system at the University of Vaasa’s main 
laboratory environment. The accuracy level of the tested system was below 10 centimeter error. 
The developed system comprised UWB as the primary technology while being assisted with inertial 
sensors to form the fusion-based integration scheme. Inside the challenging dense lab environment, 
a complete experimental setup was deployed in the given region of interest along with confguring a 
millimeter-accurate autonomous patrolling robot to provide the ground truth trajectory. In addition 
to developing an embedded system that retrieves all sensors measurements in one data pool, all algo-
rithmic details were discussed in publication P3. Hardware and software ports for other positioning 
technologies (e.g. Bluetooth and Wi-Fi) were also facilitated in the designed system for later use. 

Publication [P4]: Emerging Wireless Technologies for Reliable Indoor Navigation in Industrial 
Environments. 

Further experiments were carried out to fne-tune and improve the fnal accuracy of the fusion-
based UWB system, whose newer results were documented in Publication P4. In addition, another 
IPS technology was investigated and tested to check the feasibility of such system in the future. 
Although the Wi-Fi positioning system was out of scope for this dissertation, the evaluated results 
encouraged developing such system for human tracking but with different ranging technique. That 
is, the Wi-Fi time based ranging technique(s) instead of Wi-Fi received power level technique. 

Publication [P5]: Survey on Recent Advances in Integrated GNSSs Towards Seamless Navigation 
Using Multi-Sensor Fusion Technology. 

This is the frst article of this compilation to discuss outdoor satellite-based positioning technolo-
gies. Publication P5 focused on surveying the most commonly used multisensor fusion schemes for 
GNSS applications. Within, a very compact review of the available and trending fusion-based GNSS 
schemes in academic and industrial research and implementations. Also, it discussed the utilization 
of the same algorithmic set that was used in the indoor positioning use case (i.e. publications [P3] 
and [P4]). 

Publication [P6]: Application of Machine Learning to GNSS/IMU Integration for High Precision 
Positioning on Smartphones. 

GNSS technologies are known to be the most accurate, versatile, and widely used outdoor position-
ing systems in the majority of every day activities and applications. In publication P6, a global com-
petition was attempted to improve the smart phones positioning accuracy in road driving. As a proof 
of concept, a set of procedure steps were carried out in order to improve the given dataset of 30+ 
smart phone devices measurements using fusion-based integration schemes. The fnal positioning 
results were very promising and encouraging to pursue further implementations in the satellite-based 
positioning domain. 

Publication [P7]: Is LEO-Based Positioning with Mega-Constellations the Answer for Future Equal 
Access Localization?. 

GNSS technologies have numerous benefts, however, GNSS can suffer limitations and impairments. 
A growing demand arises for developing a new outdoor technology that is as precise as GNSS, to 
work collaboratively with GNSS or at best to be active when GNSS service is denied. Publication 
P7 is the frst article of this compilation to address the topic of satellite-based positioning from non 
GNSS constellations. In publication P7, a scientifc hypothesis was discussed to utilize LEO satel-
lites in providing positioning and navigation solutions for ground users, as a backup technology to 
GNSS. Furthermore, a new paradigm emerged to employ the spatial information and the geometrical 
shapes of the massive antenna beams incident from LEO satellites, in order to provide a seamless 
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positioning technique that is reliable and very numerous in benefts. This article can be considered 
as the starting point of research for the LEO positioning, navigation, and timing (LEO-PNT) topic 
in this dissertation. 

Publication [P8]: Position, Navigation, and Timing (PNT) Through Low Earth Orbit (LEO) Satel-
lites: A Survey on Current Status, Challenges, and Opportunities. 

Due to the newness of the topic, LEO-PNT has a shallow literature compared to other positioning 
technologies such as GNSS. Thus, publication P8 presented a thorough survey and a comprehensive 
academic tutorial to understand the technical aspects and the feasible expected use cases of LEO-
PNT. In this review, sophisticated details were documented regarding the following aspects: the 
space segment, the user segment, the control segment, the receiver design, the constellations design, 
the algorithmic toolboxes, and the potential fusion schemes. 

Publication [P9]: A Novel Beam-Based Positioning Paradigm Via Opportunistic Signal of Future 
Massive MIMO LEO Satellite Constellations. 

The technical concerns of the novel LEO-PNT method addressed in publication P7, were further 
nourished, fortifed, and articulated in publication P9. In addition, a preliminary simulation environ-
ment was established to model the statistic attributes of LEO satellite constellations with minimal 
amounts of beamforming loops, to validate the concept statistically. Moreover, a subset positioning 
technique variant was coined to improve the overall accuracy of the beam-based method. Through 
the identifcation of the beam number, and by knowing the exported beam patterns from given con-
stellations; the positioning problem can be solved geometrically using information from the beam 
shapes and the orbital satellite position in real-time. The method is totally passive, can operate in all 
climate modes even in blocked sights, and does not require time synchronizations nor sophisticated 
receiver design. 

Publication [P10]: Massive MIMO Beam ID-Based Positioning Method With Low Earth Orbit 
Satellite Mega-Constellations. 

Following the preliminary study reported in publication P9, the simulation environment was further 
enhanced in publication P10 to resemble more realistic scenarios. By generating real data confgu-
rations of mega LEO satellite constellations, the novel LEO-PNT method was proven to be reliable 
in real-world scenarios. The method was validated using a similar scheme and algorithmic approach 
that was adopted throughout the dissertation. Three scenarios were tested: 1) stationary user, 2) 
linear motion with constant acceleration, 3) nonlinear motion from a real vehicle driving data, and 
4) same nonlinear motion dataset from scenario 3 but with using huge massive MIMO beamforming 
patterns. The results were very promising and suffcient to account this LEO-based passive method 
as a reliable backup technology for GNSS in harsh environments. Consequently, the proposed LEO-
PNT idea was fled for intellectual property rights (as patent) by the University of Vaasa. 

1.4 Scientifc contribution 

The scope, objectives, and research questions addressed by this thesis have been discussed thor-
oughly in Sections 1.1 and 1.2. The mission, research gaps, agitated questions around the topics, 
and their implementations are elaborated in the corresponding subsequent chapters. The scientifc 
contributions are highlighted and discussed in Chapter 7 (Conclusion). Nevertheless, they are briefy 
stated below as follows: 
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1. A trending state-of-the-art literature review focused on UWB positioning systems. 

2. The development of a precise low-cost indoor positioning system that provides accurate nav-
igation solutions in dense industrial environments. 

3. The enhancement of GNSS vehicular positioning estimations for commercial-grade receivers 
in smart phones. 

4. Comprehensive literature reviews focused on LEO satellite positioning systems and their 
recent milestones. 

5. Developing a novel LEO-based positioning methodology from LEO satellites and massive 
MIMO antenna beamforming to provide accurate positioning estimations outdoors. The 
method that was submitted by the University of Vaasa as an IPR patent application on 
12/5/2023. 

1.5 Dissertation outline 

The rest of dissertation chapters are arranged as follows: 

Chapter 2 highlights the importance of developing positioning systems and their role in vital human 
activities in every day life. In addition, it addresses the deep technical information such as: posi-
tioning technologies, ranging methods, positioning algorithms, integration techniques, performance 
metrics, and accuracy enhancement methods. 

Chapter 3 introduces the smart logistic operations and the demand for precise positioning systems. 
Also, it discusses the merits and challenges of indoor positioning systems with a special focus on 
UWB technologies and the associated technical aspects. 

Chapter 4 shows the implemented indoor positioning system using UWB as the primary technology, 
and the inertial sensors as the assisting fusion-based sensor. Within this chapter, all the procedures 
of building a precise UWB-based IPS are discussed in details. Exempli gratia: methodologies, 
positioning sensor nodes, algorithms, hardware and software confgurations, calibration of sensors, 
route design, and experimental setup. 

Chapter 5 discusses the aspects and developments of precise outdoor positioning systems using 
satellite-based technologies, starting with GNSS. Also, a methodology to achieve precise outdoor 
positioning using the fusion-based GNSS technology, is presented. The chapter highlights the imple-
mentation of the proposed method in a global decimeter challenge in order to enhance smart phones 
capabilities for outdoor positioning. 

Chapter 6 introduces the adoption of LEO satellites in positioning and navigation applications, 
known as LEO-PNT. In this chapter, a novel methodology is presented to utilize mega LEO satellite 
constellations in the context of providing a passive positioning and navigation solution to ground 
users in situations when GNSS signals are denied or impaired. A proof of concept is conducted, 
followed by a realistic implementation and validation of the new proposed method. 

Chapter 7 summarizes the conclusions, the results, and the insights from all articles, in addition 
to listing all scientifc contributions and novelties found in the dissertation. A special section is 
allocated for the expected future research that can be developed based on the fndings of this thesis. 
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2 PRECISE POSITIONING SYSTEMS 

In recent years, the importance of positioning and navigation systems has grown signifcantly due 
to the rapid development and affordability of smart devices. Achieving precise localization has 
been a major concern in the scientifc community due to its direct relationship with the reliability 
of navigational applications and location-based services. In addition to numerous other factors such 
as: operation and maintenance costs, power budgets, service availability, system integrity, and many 
others. 

Publications [P1] and [P5] address those concerns thoroughly with key metrics by investigating the 
existing literature for ways to compromise precise positioning with minimal costs and resources. 

2.1 Motivation and prospective applications 

Precise location information of people and assets is an essential element for IoT applications and 
smart logistics (Song, Yu, Zhou, Yang, & He, 2021). The various positioning technologies have 
been widely adopted by researchers and industrial companies alike during the past decade due to 
their broad range of applications including: smart logistics (Wu, Shen, Zhao, Li, & Huang, 2022), 
tracking medical equipment in healthcare centres (Pospelova et al., 2022), tracking individuals in 
crowded venues (Alarif et al., 2016), ship-building and offshore industry (Park et al., 2021), and 
construction industry (Woo et al., 2011). 

2.2 Preface on smart logistics and manufacturing 

Logistics are important drivers for the competitiveness of industries and material supply. The de-
velopment of smart logistics, powered by precise positioning and communication technologies can 
signifcantly improve the effciency of logistics. Nowadays, smart logistics are considered a fun-
damental pillar of Industry 4.0. They enable companies to perform several critical activities, such 
as demand forecasting, sales planning and inventory management (Tang, 2020; N. Zhang, 2018). 
Smart logistics or ‘Logistics 4.0’ promotes the acceleration of all logistics processes through plan-
ning and controlling with smart tools, technologies and methods. The use of smart technologies 
helps to gather the necessary information to monitor and control the material fow and for many 
other purposes. Through intelligent positioning technologies, tools and equipment, global supply 
and logistics chains are becoming increasingly effcient and effective (Humayun, Jhanjhi, Hamid, 
& Ahmed, 2020). Such positioning technologies signifcantly contribute to end-to-end visibility, 
improvement in product routing as well as control and replenishment of inventories and mobile as-
sets (Issaoui, Khiat, Bahnasse, & Ouajji, 2019). A generic supply of logistics chain is displayed in 
Figure 2, which is divided into inbound and outbound supply, and logistics chains. 

Smart logistics are considered fairly complex phenomena that can be applied in geographically dis-
persed areas for tracking materials and goods with relatively low costs. Such a phenomenon is 
generally characterized by the introduction of new technologies such as: IoT, 5G, sensors, radio 
frequency identifcation (RFID) tags, smart products, actuators and intelligent machines (Issaoui, 
Khiat, Bahnasse, & Ouajji, 2019; Y. Su & Fan, 2020). Smart logistics have the ability, reliability, 
traceability and authenticity of the information, which are useful to establish intelligent contractual 
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Figure 2. Various stakeholders and the fow of material, assets and information in 
a generic supply and logistics chain. 

relationships among the stakeholders of the supply chains. Moreover, smart logistics include consid-
erable potential for improving the logistics process through the application of communication and 
information technologies at all levels of the value chain. Figure 3 displays the fundamental elements 
and functionalities of the smart supply and logistics chain, showing all the way from the supplier 
till the end-user through smart transportation, smart manufacturing, smart warehousing, and smart 
delivery stages. 
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• Items traceability
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• Environmental
monitoring
• Real-time routing

Smart
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• Proof of delivery
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• Real-time item
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• Routes planning
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Smart

Delivery

• Indoor tracking
• Congestion avoidance
• Autonomous inventory
• Positioning of items

Figure 3. Fundamental elements and functionalities of smart supply and logistics 
chain. 

Figure 3 also shows several activities at each stage in the smart supply and logistics chain. For 
instance, at the transportation stage, activities such as traceability of items, location tracking and 
real-time routing are carried out and monitored for smoother operations. Tracking logistic items 
is an essential issue in today’s supply chain and inventory management. In addition, fnding items 
in both indoor and outdoor environments is very crucial in any supply chain and logistics manage-
ment (Issaoui, Khiat, Bahnasse, & Ouajji, 2020). Owing to the autonomous systems trend, most 
logistic systems nowadays are operated without the direct involvement of human workforce. In such 
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a changing environment, smart logistics can be helpful to deliver items through the available precise 
positioning technologies (Lu, Xu, Zhong, & Wang, 2017; Nantee & Sureeyatanapas, 2021). 

Although several technologies are available to provide outdoor positioning for logistics, not every 
technology is suitable for indoor positioning. In indoor environments such as: warehouses and 
factory foors, the precision positioning of components, parts and products can be achieved through 
e.g.: UWB, Wi-Fi, 5G, 3D imaging, sensors and imaging radio signals (Horsmanheimo et al., 2019; 
Mazhar, Khan, & Sällberg, 2017; Tao & Zhao, 2018). The application of such technologies helps to 
track indoor logistic assets, which in turn can help in minimizing the time required to locate items 
and avoid delays caused by the incorrect localization. A precision positioning technique enables the 
automatic delivery of goods using unmanned ground vehicles and unmanned aerial vehicles (UAVs) 
to designated locations while reducing environmental infuences. 

2.3 Role of positioning systems in Industry 4.0 

Due to the recent advancements in positioning technologies, a growing interest has surged to utilize 
location data in logistics and manufacturing. Location data of assets and materials can be used 
to improve the effciency, safety and security of manufacturing operations. Real-time tracking of 
machines and materials yields new possibilities to improve the production processes and track the 
material fows. 

The authors of (Rácz-Szabó et al., 2020) divided logistics units into six identifcation layers: (0) 
raw material (items), (1) package, (2) transport unit, (3) unit load (pallet), (4) container and (5) 
transportation unit (e.g. truck, ship and train). GNSSs are typically used for tracking large containers 
and transport equipment (the highest layers) in outdoor venues. On the other hand, the smaller 
cargo units (layers 1-3) are typically handled indoors, which can be tracked using indoor positioning 
technologies such as: UWB or others. To some extent, UWB is still a relatively expensive and 
power-consuming technology. But, RFID is a more available technology to track the materials of 
lower level layers and items. 

Real-time location tracking is increasingly attracting global logistics companies due to the need for 
visibility. Especially, the application of IPSs in logistics and manufacturing has increased recently 
(Silvia, Martina, Fabio, & Alessandro, 2018). In the case of an indoor environment (e.g. a ware-
house), an IPS contributes to tasks such as: minimizing the time spent to look for the right pallet, 
optimizing routes and preventing accidents. In the case of smart logistics, companies generally use 
RFID technology, which can track the inventory and identify goods (Bernardini et al., 2021; Lu, 
Xu, Zhong, & Wang, 2017; Motroni, Buff, & Nepa, 2021). However, the limited power source of 
RFID tags minimizes their operational range to a couple of metres. Therefore, they are mainly used 
for identifcation rather than positioning purposes. Similarly, Bluetooth and Wi-Fi are also used for 
indoor positioning, but their operating ranges are no more than 3-5 m (Montoliu, Sansano, Gasco,´ 
Belmonte, & Caballer, 2020). 

To obtain accurate positioning of logistics items, companies are recently exploring UWB-based 
positioning systems, which enable real-time positioning of goods, assets and people with an accuracy 
level of 5 to 30 cm. It can provide out-of-the-box localization with higher ranging accuracy than Wi-
Fi, Bluetooth, or other active radio solutions (Ridolf, Vandermeeren, et al., 2018; Zou, 2011). 

In the case of autonomous robots operating in indoor environments (e.g. warehouses), accurate po-
sitioning is essential for indoor navigation. For outdoor smart logistics (e.g. smart delivery or ship-
ping) that require reliable positioning and navigation systems, GNSSs are foreseen to be the best 
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integrated positioning solutions for outdoor tasks. While GNSS-based localization is mostly reliable 
in outdoor operations, it is unreliable in indoor environments, hence, localization by UWB tech-
nology can accelerate the adoption and ubiquity of distributed robotics systems. Nowadays, UWB-
based technology is commonly used in indoor robotic applications from home cleaning to warehouse 
transportation, including the rapidly emerging autonomous last-mile delivery solutions (Silvia, Mar-
tina, Fabio, & Alessandro, 2018). 

In the case of intelligent manufacturing, it is essential to track the parts along the production chain 
to take the right decisions. Real-time tracking of both stationary and moving parts in the production 
foor ensures safer operation with a reduced lead time (Cheng, Kuo, Lam, & Petering, 2021; Helo 
& Shamsuzzoha, 2020). In addition to parts, it is also important to track workers’ movement on 
the production foor to enhance operational fexibility. For indoor smart manufacturing, UWB-based 
location technology is a prominent candidate due to its inherent accuracy and reliability (Barbieri, 
Brambilla, Trabattoni, Mervic, & Nicoli, 2021; Krishnan & Santos, 2021). 

2.4 Existing positioning solutions 

Modern positioning solutions are numerous and various. Most of nowadays positioning systems are 
based on one or more of the following technological foundations: space systems, acoustic systems, 
optical systems, wireless radio systems, inertial systems, and passive systems. 

A comprehensive survey by Asaad and Maghdid stated some examples on: the main technological 
basis of modern positioning systems, the most commonly used positioning sensors, their techniques, 
the use case environments, the tagged devices or objects, and the performance metrics that can assess 
those positioning systems. Figure 4 summarizes most of the utilized elements in modern positioning 
systems. 
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Figure 4. Summarized elements of existing positioning systems, adapted from 
(Asaad & Maghdid, 2022). 

Recently, the utilization of wireless positioning technologies witnessed a positive surge; owing to 
their advantages in performance metrics, their established infrastructure, and their popularity. Such 
as: GNSS, Bluetooth, Wi-Fi, UWB, ZigBee, and 5G. 
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A given positioning system may accommodate a single or several elements of the following: sensors, 
techniques, technologies, and devices, and can be used in multiple environments. The elements 
highlighted in Figure 4 are further discussed in more details in the subsequent sections. 

2.5 Performance metrics of positioning systems 

In publications [P1] and [P5], the performance metrics of both indoor and outdoor positioning sys-
tems were discussed, e.g. in UWB and GNSS, respectively. 

The performance of localization technologies can be assessed using a pyramid-like scheme with sys-
tem accuracy as the baseline, integrity as the second metric, continuity as the third, and availability 
as the peak paramount (N. Zhu, Marais, Bétaille, & Berbineau, 2018), see Figure 5. System accuracy 
is the degree of conformance of the estimated positioning values to the ground truth. The integrity of 
localization systems, as defned by N. Zhu et al., is the trustworthiness of the information provided 
by the navigation engine. Continuity is the probability of the system to maintain the desired service 
level within the operation period, while availability is the percentage of time in which the navigation 
engine is up-running for positioning and can be used by its intended users. 

Positioning system accuracy

Integrity of the system

Service continuity

Availability

Figure 5. Performance metrics of positioning systems. 

Accuracy of the estimated position is one of the most important performance metrics for positioning 
systems. Accuracy is often reported as the error distance between the estimated and actual loca-
tions. While, a location precision is reported in percentages of position information, which should 
be within the acceptable range(s) of accuracy. The most commonly used metrics of accuracy and lo-
cation precision are the root mean square error (RMSE), the mean absolute error (MAE), the distance 
mean square error, and circular error probability. 

The accuracy of the location estimate depends on the accuracy of individual measurements and the 
mutual geometry of the system network nodes (e.g. tag and anchors). In the time of arrival (TOA) 
and time difference of arrival (TDOA) methods, the accuracy of the position is expressed as the 
product of a geometric factor and a range measurement error factor. 

In addition to the above mentioned metrics, there are other performance metrics presented in litera-
ture, such as scalability, cost, coverage, availability, and privacy (Alarif et al., 2016). The scalability 
of IPS describes how many tags the system can support per time unit per geographic area. The 
cost measures the physical limitations and requirements associated with the implementation of a 
particular technology in terms of technical and fnancial resources. Money, power consumption and 
hardware dimensions are examples of cost metrics. Privacy is a concern in network-centric systems, 
where the location estimation takes place in the server. In the self-positioning model the device 
estimates its own position, and no one else may know where the device is. 
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Coverage as a metric, describes the coverage area or range of the positioning technology, and the 
”Availability” describes how often a system is found to be available for positioning by its intended 
users. Data privacy is a challenge for positioning systems since it is very crucial to secure the 
positioning data of users and assets especially in sensitive applications, however, it is not yet adopted 
as a performance metric. 

2.6 Positioning techniques 

Mainly and commonly, the positioning solution can be determined via multiangulation or multilat-
eration techniques. When using multiangulation, the unknown position of the movable tag (user) 
can be evaluated from known anchors positions geometrically by observing the angle of the received 
signal. While in multilateration, the pseudoranges between the anchors and the tags are obtained by 
measuring the time of fight (TOF) of the signal and then multiplying it by the value of the speed of 
light or by applying a channel attenuation model to the received signal strength (RSS) observations. 
Figure 6 shows the difference between multilateration and multiangulation techniques and how the 
positioning process is carried out. 

BS1

BS2

BS3

BS1

BS2

BS3

BS1

BS2

BS3

𝜃1 

𝜃2 

𝜃3 

a) b) c)

Figure 6. (a) Multiangulation and (b & c) multilateration ranging techniques 
between the wireless base stations (anchors) of positioning systems. 

2.6.1 Multi-angulation 

In multiangulation techniques, the position of an object can be estimated from the angle of arrival 
(AOA) or the angle of departure (AOD) of the signal. Each angle measurement defnes a line between 
the base station and a mobile device. The object’s location is determined from the intersection of 
these lines, as illustrated in Figure (6a). The solution would not be unique, in general. 

In the AOA method, the tag transmits a signal using a single antenna, and the anchor (base station) 
receives the signal with an antenna array. The signal direction is determined from different propa-
gation delays of the signal between multiple antennas of the receiver antenna array and the single 
transmitter antenna. 



Acta Wasaensia 15 

In the AOD method, there is a single antenna at the receiver and multiple antennas arranged in an 
array at the transmitter. Usually, the anchor (beacon) transmits the signal, and the tag receives it. 
The signal direction is determined from different propagation delays of the signal between multiple 
antennas of the transmitter antenna array and the single receiving antenna. 

The advantage of AOA or AOD observables is the non compulsory time-synchronization of the 
anchor clocks. However, the antennas have to be precisely calibrated to the correct orientation 
angles. The AOA can be measured with various techniques, but currently, antenna arrays are mostly 
used in positioning systems. 

In UWB, there exists a signifcant advantage of using phase difference-based AOA estimation. Due 
to the short duration of the pulse, the UWB receiver can separate the direct signal from the refected 
signal better than the receiver of the narrowband signal (Dotlic, Connell, Ma, Clancy, & McLaughlin, 
2017). 

2.6.2 Multi-lateration 

Multilateration methods can be categorized to two types: time-based and power-based multilatera-
tion. 

In time-based multilateration techniques, the positioning is carried out by measuring the time taken 
for a radio frequency (RF) signal transmitted by an emitter to reach a receiver, that is, TOF. Due to 
the inevitable signal propagation delay, the time interval is multiplied by the speed of light to obtain 
the distance between the emitter and the receiver. 

Multilateration based systems determine the position of mobile users based on the range (or pseudo 
range) from the mobile transceiver to at least three (3D) anchors at known locations using several 
strategies. 

The following strategies are commonly used for estimating the TOF needed for multilateration: 

• Time of arrival (TOA): The multilateration is performed as in Figure (6b), whereas the TOA 
of the signal is measured and subtracted from the known transmission time. The arrival 
timestamps are obtained by either using a precise clock (synchronous TOA) or by solving 
them together with the tag position by using at least N + 1 anchors, where N is the number 
of spatial dimensions. The latter method is used in GNSS systems and is known as the 
pseudorange method. The clock synchronisation accuracy of the sub-nanosecond range is 
not feasible for moving targets (Carbone et al., 2013; Soganci, Gezici, & Poor, 2011), and 
therefore, the pseudorange method is typically used. 

• Round trip time (RTT): The RTT of signal propagation between two objects is measured, 
and the processing time is reduced to obtain double TOF. This method is also called two-way 
ranging (TWR) or two-way TOA (TW-TOA), see Figure 7. The measurement is repeated 
between a tag and at least N anchors. This method is sometimes called asynchronous TOA. 
(Shule, Almansa, Queralta, Zou, & Westerlund, 2020) 

• Time of transmission (TOT): The arrival time of the signal sent by a tag is observed by at a 
minimum of N + 1 anchors, and the TOT is solved together with the position of the tag. 

• Time difference of arrival (TDOA): The signal transmitted by the tag is received by at least 
N +1 anchors, which calculate the time differences of arrival times between anchors, avoid-
ing the need for absolute time synchronization in a tag. In TDOA, due to incorporating time 
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differentials, the approximated shape of an anchor range is considered hyperbolic, as seen 
from Figure (6c). 
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Figure 7. The DS-TWR method estimates signal TOF and cancels the effects of 
clock offsets and drifts. 

The double-sided two-way ranging (DS-TWR) method employed in many IPSs (shown in Figure 7) 
can be represented by Equation (2.1). 

1 
τf = (τRT T 1 − τd1 + τRT T 2 − τd2) (2.1)

4 

where τRT T 1 is the RTT measured by the tag, and τRT T 2 is that measured by the anchor. The 
terms τd1 and τd2 are the reply times of the anchor and the tag, respectively. τRT T 1 and τd2 are 
measured using the tag oscillator, and both measurements are biased by the oscillator offset of the 
tag. Similarly, τRT T 2 and τd1 are biased by the oscillator offset of the anchor. Double-sided TWR 
cancels these oscillator offsets. 

Another type of multilateration techniques is the RSS method. The measurement of RSS is straight-
forward and is performed in most radio receivers. The general rule of thumb in this method is that 
the RSS decreases as the receiver–transmitter distance increases. This phenomenon can be used 
to estimate the location of a mobile device from the RSS measurements either by trilateration or 
location fngerprinting. 

In fact, radio signal attenuation is not only affected by the distance between the transmitter and 
receiver but also by multipath interference and any obstructions on the line of sight (LOS) of signal 
path. Thus, IPSs seldom compute the object position by using geometric range estimates derived 
from RSS only (Pittet, Renaudin, Merminod, & Kasser, 2008). Instead, RSS-based IPSs use location 
fngerprinting more often, which involves recording RSS heat maps of the region of interest and 
transfer them via learning algorithms to the positioning engine. 
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Therefore, performing and applying the positioning ranging techniques cannot suffciently achieve 
the accurate positioning estimations on their own, rather, positioning algorithms should be used 
for post-processing the results of the positioning techniques, which are presented and discussed in 
Section 2.7. 

2.6.3 Passive positioning (device free) 

To this point, all the discussed positioning techniques are considered active methods, where the 
nodes (anchors) and users (tags) are transmitting and receiving signals. However, the positioning 
estimation can also be determined by passive methods in which the communication system attributes 
of a positioning network are being monitored and observed passively (Blazek, Jiranek, & Bajer, 
2019; Youssef, Mah, & Agrawala, 2007). 

For example, both magnitude and phase of the channel state can be monitored, in addition to signal 
refections from walls to infer the position of the target without bearing any devices (Kaltiokallio, 
Bocca, & Patwari, 2012). Also, device-free positioning can be achieved via special arrangement; 
where a tag listens passively to the positioning messages sent by the anchors simultaneously (Cor-
balán, Picco, & Palipana, 2019). These methods are also known as device-free positioning since 
there are no requirements for specifc hardware held by the target user. But, passive monitoring is 
not as accurate as active positioning, besides, the simultaneous positioning message method requires 
special hardware. 

Passive and device-free methods are still under research. Although, their performance is lagging be-
hind the active positioning methods and they are more prone to environmental changes and variation, 
some use cases can beneft from the passive nature of this positioning method e.g. privacy-centric 
applications as in (Kaltiokallio, Bocca, & Patwari, 2012). 

2.7 Positioning algorithms 

The user location can be estimated via processing the observables (i.e. observed measurements) 
inbound from the various positioning techniques, as discussed in Section 2.6. However, when the 
position is estimated using the measurements of a single time epoch, it yields a static positioning 
value, whereas the previous or future measurements are not accounted. Hence, the dynamic posi-
tioning solutions become a nonlinear differential matter. The most common approach to solve a 
nonlinear system of equations is to use optimization methods such as: the iterative Gauss-Newton 
methods, or Bayesian flters such as: Kalman flter (KF) or Particle flters (PF). Alternatively, the po-
sition can be estimated using closed-form solutions or methods based on likelihoods or uncertainty 
probability. 

Static positioning is not an optimal solution in most situations as it does not account for the dynamic 
state model of the target. Commonly, a Kalman or Particle flter provide a better position estimate, as 
they use the time series of the measurements for computing the current state estimate by comparing 
to a previously specifed kinematic model. 

In this section, the technical aspects and mathematical formulas of the most commonly used posi-
tioning algorithms in navigation and location-based applications, are highlighted. 
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2.7.1 Gauss-Newton methods 

The over-determined system of equations can be solved using optimization methods such as Gauss-
Newton (GN) algorithms. The linearization of GN algorithms is based on Taylor-series expansion, 
it is also called the Taylor algorithm. In this algorithm, the fnal user position is determined using 
an iterative process starting from an approximate position or an initial assumption. The main step 
of GN algorithm is to penalize the squared error cost-function, that is, the least square (LS) method 
(Hostettler & Särkkä, 2020). 

Assume the general form of linear models is denoted as in Equation (2.2): 

y = Gx + r, (2.2) 

where y is the observation vector, x is the state vector, G is the parameter matrix, and r is the 
residual (error) vector. The cost function of the LS algorithm can be formulated as in Equation (2.3): 

JLS (x) = (y − Gx)T (y − Gx). (2.3) 

The true distance between the anchor i and the tag is as given in Equation (2.4): 

di = 
p
(xi − xu)2 + (yi − yu)2 + (zi − zu)2 , (2.4) 

where (xi, yi, zi) is the position of the i-th anchor and (xu, yu, zu) is the position of the tag. By 
linearizing Equation (2.4) using Taylor-series expansion (C.-S. Chen, 2017) and omitting the second-
order and higher terms by performing partial derivative ∂JLS (x) , the LS solution to the position ∂x 
estimation problem is obtained from Equation (2.5): (Hartikainen, Solin, & Särkkä, 2011) 

X̂ 
LS = (GTG)−1GT y. (2.5) 

The ordinary LS method described above assumes that the behaviour of error variance in each mea-
surement is unchanged. Hence, the method of weighted least squares (WLS) can be used when the 
error variances of the measurements are changing over time. WLS method weighs the observations 
by the reciprocal of the error variance wi = 1/σ2 for the given observation. The weight matrix is i 
calculated using Equation (2.6): 

 

W = 
 

ω1 0 0 0 
0 ω2 0 0 
. . ... . . ... . . 
0 0 . . . ωL 

 
. (2.6) 

The WLS cost function penalizes the weighted squared error using the W matrix, as shown in Equa-
tion (2.7). 
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JW LS (x) = (y − Gx)T W−1(y − Gx). (2.7) 

Thus, the WLS estimation solution is obtained from Equation (2.8): 

X̂ 
WLS = (GTW−1G)−1GTW−1 y. (2.8) 

A special case of the WLS algorithm is the regularized least square (ReLS) estimator, which includes 
some additional information on the expected statistical behaviour of the density function. ReLS 
proceeds by incorporating the initial guesses for the mean (m) and the covariance (P) vectors, as 
presented in Equations (2.9) and (2.10). 

JReLS (x) = (y − Gx)T W−1(y − Gx) + (x − m)T P−1(x − m). (2.9) 

X̂ 
ReLS = (GTW−1G + P−1)−1(GTW−1 y + P−1 m). (2.10) 

In fact, the ReLS estimator method paved the way for the emergence of Kalman flters, as they both 
share similar optimization approaches in terms of minimizing the cost function, however, Kalman 
flters are considered a type of Bayesian estimators. More details are discussed in Section 2.7.4. 

2.7.2 Dead reckoning 

Dead reckoning (DR) is widely used in positioning and navigation applications even before the 
invention of modern localization systems. Nowadays, the most common implementation of DR 
is the pedestrian dead reckoning (PDR) algorithm which is employed by numerous location-based 
applications. 

The operating principle of the DR algorithm is simple and intuitive. Basically, the kinematics of 
a mobile user are approximated to a line motion course, where the previous known velocity and 
heading attitudes (from the past) are considered to be also valid in the future (posterior) estimates. 
Thus, by knowing the location of the starting point (initial state) in a certain coordinate system, the 
new position estimation can be roughly inferred over time. 

A set of mathematical representations of the DR algorithm is shown in Equations (2.11). 

q 
y yx xDk = (p − p )2 + (p − p )2 ,k−2 k−1 k−2 k−1 

� y y � 
p − pk−2 k−1ϕk = arctan2 , 
px − px (2.11)
k−2 k−1 

x x p = pk−1 + Dk cos(ϕk),k 

py = py + Dk sin(ϕk).k k−1 

yxwhere p and p are the x-y positions at time instant k, Dk and ϕk are the calculated Euclidean k k 
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distance and the heading angle from the previous two x-y positions, respectively. 

This technique was heavily used by navigating vessels and nomad travellers in the pre-GNSS era, 
without considering other kinematic variables or dynamics arising from external factors. In modern 
navigation applications, the DR algorithm could be used as a standalone positioning system or to 
fx the null and invalid values arriving from motion sensor readings by incorporating the previous 
non-null values and the heading angle into the DR estimation of the current missing epoch. 

2.7.3 Bayesian flters 

The Bayesian algorithm is a class of probabilistic fltering algorithms used for state estimation in 
systems with uncertain observations and dynamics. Recursive Bayesian state estimation, or a Bayes 
flter is an abstract concept for tracking object’s position in kinematic cases by combining a dynamic 
state model with observations. Bayesian flters recursively update the posterior belief to the current 
state, as in Equation (2.12): 

Bel(xk) = p(xk| y0..k−1). (2.12) 

where xk is the current state vector and yk are the observations vector. 

Practical implementations require the defnition of dynamic and perceptual models, and the rep-
resentation of beliefs. Depending on the implementation, the properties of Bayes flters can differ 
(Fox, Hightower, Liao, Schulz, & Borriello, 2003). The most common implementations are different 
variations of Kalman Filters, Particle Filters and factor graph optimizations. 

The prediction is based on the predict and update steps. In the predict step, the belief is updated 
using the system dynamic model as in Equations (2.13) and (2.14): 

ˆ
Bel−(xk) = p(xk| xk−1) Bel(xk−1) dxk−1, (2.13) 

In the update step, the predicted belief is updated using the sensor information yk (measurements): 

p(yk|xk)
Bel+(xk) = Bel−(xk). (2.14) 

p(yk) 

The history of Bayesian flters dates back to the 1960s when Rudolf E. K´ an developed thealm´ 
Kalman flter that revolutionized various felds. Bayesian flters (e.g. Kalman) provided a compu-
tationally effcient solution for state estimation problems in linear dynamic systems with Gaussian 
noise (Kalman, 1960). Another signifcant development was implemented in the 1990s with the 
introduction of particle flters as an estimation method for nonlinear and non-Gaussian state-space 
estimation problems (Doucet, Gordon, & Krishnamurthy, 2001). 

Bayesian flters provide a principled framework for state estimation by incorporating prior knowl-
edge, sensor measurements, and system dynamics (S¨ a, 2013). They offer robustness to uncer-arkk¨ 
tainties and nonlinearity inherent in real-world systems. Their fexibility and interpretability made 
them very effcient in felds where the accurate estimation of system states is critical. 
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Consequently, Bayesian flters are embedded in numerous applications within the felds of: robotics, 
signal processing, fnance, navigation, healthcare, and more (Bongard, 2008). For example, in 
robotics, Bayesian flters are used for localization, mapping, trajectory prediction, and motion plan-
ning. In fnance, their applications are in: stock price prediction, portfolio optimization, and risk 
management. In healthcare, Bayesian flters are used for patient monitoring, diagnosis, and predic-
tive modeling (Bongard, 2008). 

2.7.4 Kalman flters 

The Kalman flter is a recursive Bayesian flter that estimates the state of a linear dynamic system 
from a series of noisy measurements. It recursively updates its estimates based on new measure-
ments, incorporating both the predictions from the system dynamics and the observed measurements, 
while considering the uncertainty associated with both the state and the measurements. The Kalman 
flter maintains a probability distribution over the state variables and updates this distribution using 
Bayesian inference. 

While Kalman flters involve elements of Gauss-Newton optimization methods, such as minimizing 
the regularized least squared error (see Equations (2.9) and (2.10)) between the predicted and the 
observed states, they perform within the framework of Bayesian inference rather than optimization 
methods. The Kalman flter explicitly models the probability distributions of the state variables 
and updates these distributions using Bayes’ theorem, which is the climax of Bayesian fltering 
techniques. 

In contrast, Gauss-Newton methods are optimization techniques used to fnd the minimum of a func-
tion, e.g. typically the least squares function. It is not inherently Bayesian and does not explicitly 
model probability distributions. Thus, the Kalman flter is primarily considered a Bayesian flter 
rather than a Gauss-Newton method, although it does involve elements of both. In other words, 
despite the fact that a Kalman flter shares some similarities with optimization methods like Gauss-
Newton in minimizing errors, it is fundamentally a Bayesian flter due to its reliance on Bayesian 
inference for state estimation. 

The linear Kalman algorithm predicts future states in linear state-space systems whose noise models 
are additive white Gaussian in nature (Kalman, 1960). The algorithm is based on predicting the 
prior knowledge (the mean m¯ and covariance P¯) to estimate the posterior states by evaluating k k 
the flter gain (i.e. Kalman gain Kk) and the measurement residuals error (Vk and Sk) to infer the 
new state (mk) and covariance (Pk) vectors and use them as input to the next iteration (Darbellay, 
1999; Faragher, 2012; Hartikainen, Solin, & Särkkä, 2011; Kalman, 1960). The output state-space 
estimation vector is X̂k, as shown in Figure 8. 
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Figure 8. Steps of the Kalman flter algorithm. 
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For example, in case the linear Kalman flter is employed for positioning estimations, the vector-
form Kalman algorithm becomes as follows: 

The state vector of the linear Kalman flter may comprise the position, the velocity, and acceleration 
of the moving object, as shown in Equation (2.15): 

� 
x = px y �T 

vx ax p vy ay . (2.15) 

x ywhere p , p are the Cartesian positions, vx, vy are the velocities, and ax, ay are the accelerations. 

Depending on the observation gauges, the measurement vector could comprise either the positions 
x[p , py], or the velocities [vx, vy], or the accelerations [ax, ay ]. 

The model equations of motion could be selected by the IPS designer based on many factors that 
affect the given use cases. Commonly, the Newtonian equations of motion are considered for pre-
dicting the iterative position, velocity, and acceleration, as shown in Equations (2.16)–(2.18): 

∆t2 ∆t3 ... 
xk+1 = xk +∆tẋ k + ẍ k + x k, (2.16)

2 6 

∆t2 ... 
ẋ k+1 = ẋ k +∆tẍ k + x k, (2.17)

2 

... 
ẍ k+1 = ẍ k +∆t x k, (2.18) 

Where ∆t is the time step. Considering the Newtonian equations of motion as the kinematic model 
for Kalman flter, the dynamic model can be written as in Equation (2.19): 

  2 3 ... 
1xk +∆t ̇  ∆t ¨ ∆txk + 2 xk + 6 x kxk+1  

 

2 ...∆t 

 

ẋ k+1 
ẍk+1 
yk+1 
ẏk+1 

0xk + 1ẋk +∆tẍ k + x k2 ... 
0xk + 0ẋk + 1ẍk +∆t. x k (2.19)= .2 3 ...∆t ∆t¨1yk +∆tẏk + 2 yk + 6 y k 

2 ...∆t0yk + 1ẏk +∆tÿ  k + y k2
¨ ... 

y kyk+1 0yk + 0ẏk + 1ÿk +∆t 

The state transition matrix F becomes as in Equation (2.20): 

  
1 ∆t 

2∆t
2 0 0 0 

0 1 ∆t 0 0 0 
0 0 1 0 0 0 
0 0 0 1 ∆t 

2∆t
2 

0 0 0 0 1 ∆t 
0 0 0 0 0 1 

 

 
(2.20)F = . 

Depending on the observed quantities, the measurements matrix H can be formulated accordingly. 
For example, if the Cartesian positions [x, y] and accelerations [ẍ, ÿ] are measured and imported to 
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the Kalman algorithm, then the measurement matrix H becomes as in Equation (2.21): 

 

H = 
 

1 0 0 0 0 0 
0 0 1 0 0 0 
0 0 0 1 0 0 
0 0 0 0 0 1 

 . (2.21) 

Consequently, the iterative state-space Kalman flter algorithm for positioning proceeds as in Equa-
tion (2.22): 

xk+1 = Fk xk, 
(2.22) 

yk = Hk xk. 

where xk+1 is the new updated state vector, xk is the current state vector, and yk is the current 
generated measurement vector. Fk is the state transition matrix, and Hk is the measurement matrix. 

2.7.5 Extended Kalman flter 

The extended Kalman flter (EKF) is an adapted version of the ordinary linear Kalman flter to 
estimate states in nonlinear dynamic systems (Bar-Shalom, Li, & Kirubarajan, 2001). All types of 
Kalman flters have to venture through two major steps: 1) prediction step, where the next state 
of the system is predicted given the previous measurements fed to the system, and 2) update step, 
where the current state of the system is estimated given the measurement performed at the active time 
step (Bar-Shalom, 1989; Hartikainen, Solin, & Särkkä, 2011). Then, the Kalman flter algorithm is 
used to satisfy the equations of state-space estimation in Equations (2.23) as follows: 

xk = f(xk−1, k − 1) + qk−1, 
(2.23) 

yk = h(xk, k) + rk. 

where xk and yk are the state and measurement vectors of the system at time step k and qk−1 
and rk are the process and measurement noises at time step k-1, where qk−1 ∼ N(0, Qk−1) 
and rk ∼ N(0, Rk), f(.) and h(.) are the nonlinear functions of model dynamics and measure-
ment, respectively. 

The state transition matrix F and the measurement matrix H in the linear Kalman flter (see Table 
2) are replaced in EKF by the nonlinear state transition function f(.) and nonlinear measurement 
function h(.), respectively. 

The nonlinearity in the EKF algorithm arises from either the state transition function f(.) or the 
measurements function h(.), or both. Hence, the Jacobean transform is considered for linearizing 

∂f(x,k)either functions by taking the partial derivative with respect to the state vector e.g.: ∂xk 
and 

∂h(x,k) 
∂xk 

. 

The vector notation approximation resulted from mapping the given nonlinear space through an 
approximated Gaussian distribution allowed the state-space estimation procedures under nonlin-
ear conditions. The complete Kalman algorithm for nonlinear systems is demonstrated in Table 2, 
adapted from (Hartikainen, Solin, & S¨ a, 2011).arkk¨ 
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Table 2. EKF algorithm for nonlinear systems. 

0 Initialization for k = 0 set X̂ 
0, P −, Q0, R00 

−Prior estimate of the state: m = f(mk−1, k − 1)k1 Prediction step 
Prior estimate of the covariance: P − = Fx(mk−1, k − 1)Pk−1Fx

T (mk−1, k − 1) + Qk−1k 
−Measurement residual update: Vk = yk − h(m , k)k 

− T −Measurement covariance update: Sk = Hx(m , k) P − Hx (m , k) + Rkk k k 
T −Kalman gain calculation: Kk = P − Hx (m , k) S−1 

k k k −2 Update step Updating the posterior state: mk = m + KkVkk 
Updating the posterior covariance: Pk = P − − KkSkK

T 
k k 

Return to step 1, repeat until k iterations are consumed. 
Output Estimated state vector: X̂ 

whereas m¯ and P¯ are the predicted mean and covariance of the state, respectively, at time step k k 
k before checking the measurement, and mk and Pk are the estimated mean and covariance of the 
state at the time step k after checking the measurement. yk is the measurements vector of the system 
at the time step k. Sk is the measurement prediction covariance at the time step k. Kk is the flter 
gain (i.e. the prediction correction coeffcient at the time step k). f(.) and h(.) are the nonlinear 
functions of the model dynamics and the measurements, respectively. 

Another adaptation for Kalman flters to operate on nonlinear spaces is the sigma-point approxima-
tions, as shown in Figure 9. Where the sigma-point Gaussian transformation proceeds by mapping 
a set of selected points (samples or sigma points) from the given space (i.e. the nonlinear function) 
to form an approximation of a newly constructed Gaussian space that resembles those sigma points. 

In other words, while the EKF approximation relies only on one point (i.e. the mean), the sigma-
point Kalman flters use more than one point including the distribution mean. 

Covariance 𝑃𝑘+1 

Covariance 𝑃𝑘  

Covariance 𝑃𝑘+1 

Covariance 𝑃𝑘  

Covariance 𝑃𝑘+1 

Covariance 𝑃𝑘  

Sigma-Point Kalman FiltersExtended Kalman FilterLinear Kalman Filter

Approximated 
Gaussian

Approximated 
Gaussian

Approximated 
Gaussian

Nonlinear 
space

Sigma 
points

Mean m𝑘
Mean m𝑘 Mean m𝑘

Mean m𝑘+1Mean m𝑘+1
Mean m𝑘+1

Figure 9. Types of Kalman flters in linear and nonlinear space estimations. 
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Types of sigma-point Kalman flters are: the unscented Kalman flter (UKF) and the Cubature 
Kalman flter (CKF), depending on the weighing principle of selecting the sigma points. In UKF, 
the algorithm selects additional weighted points (i.e. sigma points) in addition to the mean point for 
more accurate transformation, this procedure is called the unscented transform (Hartikainen, Solin, 
& Särkkä, 2011; Julier & Uhlmann, 2004; Sarkka, 2007). Thus, UKF occasionally outperforms 
EKF in severely nonlinear systems, while EKF performs suffciently well in systems with modest 
nonlinearities (Ullah, Shen, Su, Esposito, & Choi, 2020). 

2.7.6 Particle flters 

Particle Filter (PF) is another type of Bayesian flters for state-space estimations. PF is one of the 
popular choices for positioning estimations because it can be used for solving the dynamic system 
problem shown in Equation (2.23) without requiring the dynamic systems to be either linearized or 
Gaussian systems. However, it is also possible to implement a PF that assumes Gaussian posterior 
distribution if a bootstrap or a restricted version is used (Vemula, Bugallo, & Djuric, 2007). The 
reasons for using PF are that the conditions of linearity and Gaussian noise do not hold very often, 
and linearization is only possible if the model is well known (Kitagawa, 1998; Vemula, Bugallo, & 
Djuric, 2007). 

PF estimates the posterior belief Bel(xk) of the dynamic system model through a sequential Monte 
Carlo (SMC) algorithm. The SMC is a similar algorithm to EKF without resorting to neither lin-
earization nor Gaussian noise assumption. The posterior distribution can be any quantity that is 
representable by discrete samples (i.e. particles). Increasing the number of particles makes it possi-
ble to describe more complex distributions, but it increases the computational costs as well. 

The algorithm is straightforward to implement, consisting of the following steps: 

1. Initialization: N particles are initialized according to the a priori knowledge described as 
probability distribution p(xk−1). This distribution can be any empirical distribution which 
can be represented with particles, or uniform distribution. 

2. Estimation loop 

(a) Predict: All particles are moved based on the current dynamic system model by sam-
ipling new particles, x , i ∈ [1, N ], from the distribution obtained by the convolution k ´

of a priori distribution and the process model: p(xk|xk−1, uk)p(xk−1)dxk−1. The 
process model includes the inputs vector, uk, and the process noise. 

(b) Update: The weights of particles are updated according to the belief of the observa-
i i itions, w = p(yk|x ) assuming that each particle, xk, represents the correct location. k k 

Finally, the weights are normalized so that their sum is unity = 1. 

(c) Resample: New set of particles is generated by sampling the existing set of particles 
using the normalized weights, so that particles with higher weights are selected more 
probably than the others. 

(d) Estimate: The position estimate is obtained as a weighted average of the posterior 
distribution represented by particle locations and weights. 

Researchers assessing the performance of PF had found it to be more accurate than other conven-
tional estimation methods (e.g. other Bayesian flters) owing to its adaptability to work with nonlin-
ear non-Gaussian systems (Angelis, Moschitta, & Carbone, 2016). 
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However, PF suffers from shortcomings such as: the increased computational cost when massive 
amount of particles is used, sample degeneracy and defciency caused by the reduction in particle 
diversity (X. Fu & Jia, 2010; Tian, Wang, & Salcic, 2019b; Y. Zhang, Tan, & Zhao, 2020). A PF 
might also perform poorly in the kidnapped robot case when the robot is suddenly transferred to 
another location without allowing it to make measurements during the transfer. In this case, there 
might not be any particle near the actual position of the robot, and the robot might take a long time 
to fnd its new location. Counter intuitively, a PF does not also perform well when the measurement 
noise fgure is very modest (Thrun, Fox, Burgard, & Dellaert, 2001). 

2.7.7 Factor graph optimization 

Factor Graph Optimization (FGO) is a relatively new positioning algorithm among Bayesian flters. 
Some earlier publications from 2012 proposed utilizing FGO for multipath mitigation of GNSS po-
sitioning (Sünderhauf & Protzel, 2012) and for multi-sensor fusion of the global positioning system 
(GPS), inertial motion units (IMU), and stereo vision (Indelman, Williams, Kaess, & Dellaert, 2012). 

FGO models the previous states as nodes, and measurements as factors. Like EKF and PF, FGO 
assumes Gaussian noise and utilizes the Bayesian fltering principle for solving the position esti-
mation. Distinctly, the FGO does not assume the Markov condition, but it uses information from 
previous states in addition to utilizing the latest state only. FGO solves the position by optimizing 
the factor graph model with an iterative solver, therefore requiring more resources than EKF or PF. 
However, it is still solvable in real-time, for example, by combining the expectation-maximization 
and nonlinear optimization methods (Pfeifer & Protzel, 2019; Wen, Pfeifer, Bai, & Hsu, 2021). 

FGO is a graphical model representation consisting of linked state variables xn, and constraint func-
tions or factors fm,k,L, see Figure 10. Each constraint is linked to one or more variables, and each 
variable can have zero or more constraints. The variables and constraints form a sparse graph repre-
senting the factorization of a complete probability density function to be solved iteratively with the 
message-passing algorithm (Pearl, 1987). 

x0 x1 x2 xn

Factors 1, 2, 3, .... k

Factors 1, 2, 3, 4, .... m

States 3, 4, 5, 6, .... n

Factors 1, 2, 3, 4, .... m Factors 1, 2, 3, 4, .... mFactors 1, 2, 3, 4, .... m

Factors 1, 2, 3, .... k Factors 1, 2, 3, .... k

Priori Factors 1, 2, ... L Factors 1, 2, ... L

Factors 1, 2, ... L

Figure 10. Factor graph optimization algorithm. 

Even though FGO shares the unimodal Gaussian model with EKF, it can be more reliable in urban 
canyon environments for GNSS positioning use cases (W. Li, Cui, & Lu, 2018). FGO is a general 
representation in a user-friendly graphical form, which can model the behavior of a KF. However, 
it can also extend a conventional KF by utilizing historical measurements with an arbitrary batch 
size. For these reasons, FGO can be more accurate than KF variants, especially in non-line-of-sight 
(NLOS) situations (Pfeifer & Protzel, 2019; Wen, Pfeifer, Bai, & Hsu, 2021). 
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Recently, FGO has raised plenty of interest in positioning research, and it has been also applied 
to indoor navigation, including UWB positioning (Pfeifer & Protzel, 2019; Song & Hsu, 2021). 
Besides, FGO can be useful in indoor positioning where multipath propagation causes channel im-
pairments or in complex multi-sensor fusion situations. One disadvantage of FGO is that it is more 
computationally intensive than recursive KF variants. 

2.7.8 RTS smoother 

The Rauch-Tung-Striebel (RTS) smoother is a recursive Bayesian flter that smooths the linearized 
state-space estimates by considering the maximum likelihood of the probability density function 
(mean and covariance). The smoothing process is carried out retroactively (Hartikainen, Solin, & 
S¨ a, 2011; Rauch, Tung, & Striebel, 1965).arkk¨ 

ˆ ˆ ˆThe prior and posterior RTS states Xk|k − 1, Xk|k and their covariances P̂  
k|k − 1, Pk|k which 

were obtained from the EKF fusion flter, are fed to the RTS smoother to calculate the smoothed 
state estimates X̂ 

k|n, and covariance P̂  
k|n. The RTS smoother formulas are described in Equations 

(2.24) (Hartikainen, Solin, & Särkkä, 2011; Rauch, Tung, & Striebel, 1965). 

ˆ ˆXk|n = Xk|k + Ck(X̂ 
k+1|n − X̂ 

k+1|k), 
(2.24) 

Pk|n = Pk|k + Ck(X̂k+1|n − X̂k+1|k)Ck
T . 

where Ck = Pk|kF T P −1 |k, and X̂ 
k|k is the a-posterior state estimate of time instant k and X̂ 

k+1|kk+1 k+1 
is the a-prior state estimate of time instant k + 1 which also applies to the covariance. 

Usually, RTS smoothers are used to fne-tune the predicted estimations resulting from the state-
space process. In other words, they support in removing the fast fuctuations and instabilities in the 
estimated positioning routes. 

2.8 Non-line-of-sight situations 

NLOS situations occur when the wireless signal suffers a partial or total obstacle blockage that either 
prevents the signal from arriving at the receivers’ end, or allows a small part of the signal to arrive in 
the form of bounced and refected signal replicas from nearby structures. In most NLOS scenarios, 
only the refected signal is received, while the direct path signal is missing, as shown in Figure 11. 
The use of refected signals can cause a signifcant bias to the positioning estimation process. 

Several methods have been developed to reduce the inaccuracies imposed by NLOS situations. The 
authors of (Guvenc, Chong, & Watanabe, 2007; Khodjaev, Park, & Malik, 2009) categorized these 
methods as NLOS identifcation and NLOS error mitigation techniques. The signal can be identifed 
as an NLOS signal, for example, by analyzing the channel statistics parameters such as: the mean 
delay, the excess delay, the amplitude and the signal to noise ratio (SNR). When the faulty observable 
is identifed, it can be excluded from further analysis to improve the positioning accuracy. 

Various techniques and solutions can be used for mitigating NLOS errors such as: outlier detection, 
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Symbol Count Description

LOS and NLOS

Legend

1 User (tag)

4 UWB anchors

1 Smart phone

 Non Line Of Sight

 Line Of Sight

Figure 11. NLOS and LOS situations in IPSs e.g. UWB. 

PF, machine learning (ML), and WLS. In some NLOS scenarios, the probability distribution of the 
position can be multimodal (Haggenmiller, Krogius, & Olson, 2019), it was found that the ranging 
measurements can be affected by non-Gaussian noise even in LOS situations (Angelis, Moschitta, 
& Carbone, 2016). Therefore, PF can be more competitive in some realistic indoor environment 
than LS or EKF. 

Recently, both sensor fusion and ML techniques have been extensively applied for NLOS identifca-
tion and error mitigation, which are discussed in Sections 2.9 and 2.10. It is relatively simple to fuse 
information from many sources into the PF estimations to compensate for NLOS issues. For exam-
ple, some researchers used inertial navigation systems (INSs) for multi-sensor schemes (Tian, Wang, 
& Salcic, 2019b, 2020; Y. Zhang, Tan, & Zhao, 2020) by mixing with an EKF as a pre-processor of 
PF information (Y. Zhang, Tan, & Zhao, 2020). The PF positioning algorithm can also include other 
models, such as probabilistic uncertainty model (Tian, Wang, & Salcic, 2020) or a model to predict 
the wireless signal obstruction caused by pedestrians own bodies (Tian, Wang, & Salcic, 2019a). 

In indoor UWB systems, a commercial solution was coined by Qorvo (Decawave) (Decawave, 
2016) for systems that contain the DW1000 chips. This embedded resolution comprises the use 
of additional registers to assign a level of confdence to the received timestamps. Afterwards, it 
post-processes the accumulators to allow the identifcation of a falsely detected frst path, hence, 
identifying NLOS situation epochs. 

2.9 Multi-sensor fusion techniques 

One way to mitigate the effect of NLOS situations on positioning estimation is to use mulitsensor 
fusion techniques, as suggested by numerous literature in publications [P1]–[P5] and demonstrated 
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in Figure 16. 

Sensor fusion is a computational procedure that combines the observed measurements from multiple 
sources (sensors) such that the output information after fusion is maximized. Fusion systems import 
measurements from multiple sensors then apply estimation or inference to get the desired quantity 
of interest (Hostettler & S¨ a, 2020).arkk¨ 

As sensor technologies have become more sophisticated, multisensor fusion has been trending re-
cently for precise point positioning. The reliance on multiple measurement devices in positioning 
applications can result in less uncertainties, and greater reliability and accuracy than depending on a 
single measurement sensor (Guo et al., 2020). Numerous tracking systems can be fused with an IPS 
system to produce more accurate and reliable estimations. Common examples of these systems are: 
GNSSs, INSs, visual map matching (VMM), IMUs, and computer vision systems. 

The optimal positioning estimations resulting from fusing multiple positioning methods should fol-
low a unifed framework. An example of fusion framework is illustrated in Figure 12, where the 
data from a set of sensors are processed locally using dedicated estimators (algorithms). Then, the 
product is weighed and combined globally with other sensors (i.e. fused) using a suitable fusion 
scheme (e.g. federated Kalman flter, see Figure 13) to produce the fnal optimal solution. 
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solution 
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Figure 12. Sensor fusion framework, adapted from (Guo et al., 2020). 

In other words, a multisensor fusion system consists of: 1) one or more sensor(s) that measure an 
observable quantity, 2) the model(s) that relate the observed quantity to the quantity of interest, and 
3) the estimation algorithm(s) that estimate the quantity of interest by combining the model and the 
measured data (Hostettler & Särkkä, 2020). 

A mulitsensor fusion technique can adopt the architecture of either three distinct schemes: a) loosely 
coupled (LC), b) tightly coupled (TC), and c) ultra tightly coupled (UTC). 

As stated by Srinivas and Kumar, LC is the simplest type among the three architectures which 
provides the essential redundancy based on the received duplicated information from many visible 
anchors to achieve high accuracy e.g. as in GNSSs (Srinivas & Kumar, 2017). While in TC, the 
multisensors are affected by each other’s sensor readings, that is, the tightly coupled data from one 
or more sensor(s) will be highly correlated. TC is widely adopted because it provides better accuracy 
and it is less susceptible to jamming, in addition to maintaining navigation in situations of few visible 
anchors in IPSs or satellites in GNSSs. In UTC, for example, the tracking loop of GNSSs is assisted 
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Figure 13. Structure of the federated Kalman flter (FKF). 

with an accompanying software defned radio (SDR) loop that matches and smooths between the 
locally generated signal and the actual received signal. 

2.10 Machine learning methods 

While conventional multiangulation, multilateration, and dynamic state models have been the most 
commonly used methods for positioning estimation, some ML models have become increasingly 
popular due to their advances in navigation systems. They are used for positioning when simpler 
models cannot work effciently due to e.g.: severe nonlinearities, abrupt changes in environmental 
conditions, heterogeneous information sources, skewed noise distribution or non-convexity). 

Typical reasons for using ML methods are to increase robustness, allow adaptation to changes, im-
plement a collaborative or model-free positioning system, use heterogeneous information sources or 
select the most useful features for positioning. These methods allow the use of ad-hoc observations 
not originally intended for positioning, such as optical images from Cameras and RSSs from Wi-Fi 
base stations. 

Nowadays, traditional positioning algorithms are often supplemented with ML methods in order to 
achieve better performance. More details about the recent advances in ML based positioning system 
can be found in publication [P1]. The following ML algorithms were the ones used for implementing 
the methods proposed in publications [P3] and [P6]. 

2.10.1 Linear Regression 

Linear regression (LR) modelling is a statistical method that is used for predictive analysis. It is one 
of the most common types of supervised machine learning algorithms to compute the linear relation-
ship between dependent variables and independent features (Kumari & Yadav, 2018). Generally, the 
LR function is represented as seen in Equations (2.25) and (2.26). 
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Y = m + Xb. (2.25) 

Where Y denotes the output vector of observed values or quantities, m is the intercept value, b is the 
slope, and X is the input vector of variables of interest or the regressor vector. Assuming a linear 
relationship between X and Y , then the offsets can be predicted using Equation (2.26) as follows: 

n 

j=1 

X 
β ϵ. (2.26)+ +y = m xi i,j j 

where and is the dependent variable, the independent variables ∈ ∈i 1 2 Y X are= n y x,, . . . i i,j 
(multiple inputs, ), and is the prediction j 1 2 k ϵ error. = , . . . 

The model achieves the improved regression ft by fnding the best ftting and values, most βm j 
where is the intercept and is the coeffcient of The squared (MSE) is used β mean errorm x .j i,j 

the cost (or loss) function in order to compute the which is the difference between the Las error, , 
predicted value and the true value The loss function can be written as in Equation (2.27):ˆ L(Θ)y y. 

Xn 

n 
i=1 

1 
(ŷi − yi)2 . (2.27)L(Θ) = 

The LR algorithm can be employed for positioning and navigation systems in various ways such 
as: trajectory prediction by forecasting the paths of moving objects, correcting errors in received 
signals or observation values, in sensor fusion schemes by integrating data from various sensors for 
an enhanced state estimation process, and as a learning algorithm that studies complex relationships 
for adaptive navigation e.g. like in autonomous vehicles. 

2.10.2 K-Nearest Neighbour 

k nearest neighbour (kNN) is a supervised machine learning algorithm that is used to solve both 
classifcation and regression problem statements. kNN classifcation operates by computing the 
distance between various feature values. The concept behind it is that if the majority of the k nearest 
neighboring samples in the feature space share a specifc category, then the given sample is likely to 
belong to that category as well (L. Zhu, Spachos, Pensini, & Plataniotis, 2021). The most commonly 
used kNN distance measurements are done via the Euclidean or the Manhattan formulas, as found 
in Equations (2.28) and (2.29), respectively. 

Euclidean distance: 
vuutd(x, y) = (xk − yk)2 , (2.28) 

Xn 

k=1 
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Manhattan distance: 

nX 
d(x, y) = | xk − yk |. (2.29) 

k=1 

kNN can help defne trajectories (e.g. lane and road detection for outdoors) from dense maps, which 
is carried out by means of feature extraction and classifcation methods to enhance the positioning 
accuracy. This involves extracting features related to lane markings such as color, texture, and spatial 
relationships with path features. Labeled training data should include examples of path regions with 
annotated lane markings. 

After feature representation and parameter selection, the kNN algorithm is trained to classify regions 
into path and non-path ways, also can be trained to identify lane markings within road regions. This 
combined approach enables the detection of both roads and lane markings from map data, facilitat-
ing tasks such as navigation systems, autonomous driving, and transportation planning. However, 
the effectiveness of the method depends on the data quality of training data, feature selection, and 
parameter tuning. 

More examples on ML algorithms that are used in the context of indoor and/or outdoor positioning 
can be found in publication [P1], Table 10. 
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3 INDOOR ULTRA WIDEBAND POSITIONING 

In this chapter, the prospective design, the building blocks, and the development of UWB IPS are 
discussed which were realized inside the industrial laboratory of Technobothnia in Vaasa, Finland. 

Between 2021 and 2022, a scrutinized comprehensive literature review (publication [P1]) was con-
ducted, focusing on UWB and the methods of mitigating NLOS situations using multi-sensor fusion 
techniques and machine learning algorithms. Moreover, in publication [P1], all the literature was 
summarized into compact tables mentioning the year of publications, the IPS technologies used, the 
multi-sensor technique (if any), the ML algorithm (if any), and general information on the fndings 
and their novelties. 

In 2023, the implementation for UWB multi-sensor fusion system was realized to provide precise 
positioning to movable assets e.g. humans and robots. The experiments were carried out in a dense 
environment inside one of the campus industrial laboratories, Technobothnia lab, Vaasa. All realiza-
tion procedures and details are elaborated in publications [P2], [P3], and [P4]. 

3.1 Background on UWB 

UWB is a wireless short-range radio technology whose communication channel propagates informa-
tion over a wide spectrum by modulating either a carrier-based waveform or a carrier-less baseband 
signal in the form of short-width pulses (Wilzeck, Guirao, & Dimitrov, 2018). According to the Fed-
eral Communication Commission (FCC) and the International Telecommunication Union (ITU), an 
UWB signal should have a spectrum that occupies a bandwidth greater than 20% of the central fre-
quency or a bandwidth of at least 500 MHz. A typical UWB radio frequency signal occupies the 
500 MHz ultra bandwidth, which facilitates the transmission of large data sizes using lower energy 
consumption than other technologies (Alarif et al., 2016; Dabove, Pietra, Piras, Jabbar, & Kazim, 
2018; Sabath, Mokole, & Samaddar, 2005). 

To distinguish between narrowband (NB), wideband (WB) and UWB (as shown in Table 3), the FCC 
classifcation scheme adopts the fractional bandwidth calculation, BF , a dimensionless indicator that 
can be calculated using Equation (3.1) as follows: (Muqaibel, Safaai-Jazi, & Riad, 2004; Sabath, 
Mokole, & Samaddar, 2005) 

� � 
fh − fl

BF = 2 . (3.1)
fh + fl 

Table 3. Band types according to the spanned bandwidths. 

Band Type 
Fractional 

Bandwidth BF 

Band Ratio 
fhbr = 
fl 

Narrowband (NB) 0.00 < BF ≤ 0.01 0.00 < br ≤ 1.01 
Wideband (WB) 0.01 < BF ≤ 0.25 1.01 < br ≤ 1.29 

Ultra-Wideband (UWB) 0.25 < BF < 2.00 br ≥ 1.29 
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Earlier in 2002, the FCC described UWB technology as an emerging technology that will hold leap 
advances for various applications (Federal Communications Commission, 2002), such as imaging 
systems, ground-penetrating radars (GPRs), wall-imaging systems, medical systems, surveillance 
systems, vehicular sensing systems, communications and measurements systems (Matin, 2010). 
UWB can transmit high data rates using tiny pulses of the spectrum spread over wider frequency 
bands with lower power spectral densities (PSDs), which leverages the signal with higher pene-
tration capability compared to most RF waves. Moreover, some types of UWB signals (e.g. the 
impulse radio IR-UWB) do not require sinusoidal carrier waves, which in turn reduces the overall 
power required for transmission. More details are found in Section 3.2. 

The combined advantages of an UWB signal makes it a prominent candidate for real-time appli-
cations such as: 1) tracking and navigation, 2) sensor network communications, 3) ranging and 
imaging, and 4) extremely high-data-rate short-range communication (e.g. wireless UWB). 

Recently in the past few years, UWB has been widely adopted in personal area networks (PANs), 
precise indoor positioning, indoor tracking and navigation systems. UWB positioning relies on the 
unique radio frequency characteristics associated with the UWB signal to provide accurate estimates 
for indoor locations based on the TOA, AOA and TDOA techniques. The typical UWB positioning 
signal takes the form of a low-power short-pulse transmission with large bandwidth (Alarif et al., 
2016; Dabove, Pietra, Piras, Jabbar, & Kazim, 2018; Sabath, Mokole, & Samaddar, 2005), making 
it robust, precise, and secure for indoor positioning solutions. 

UWB was frst commissioned by the FCC for public use in 2002. Before that, it was only used by 
the US military for classifed applications (Nekoogar, 2005). 

3.2 Why UWB over other technologies? 

UWB technology for IPSs has numerous advantages and challenges as well. The structure of an IR-
UWB signal is based on the transmission of short pulses within a large bandwidth ranging between 
3.1 and 10.6 GHz, which results in UWB superiority over NB signals. Owing to the large band-
width and the short duty cycle, UWB possesses a larger capacity and higher data rates, which make 
it a suitable candidate for RF-based IPS implementation. Moreover, UWB lies in the unlicensed 
spectrum, hence, can be used by everyone without prior notifcation nor consent. Additionally, the 
pulse nature of the UWB signal increases its penetration capability to propagate through obstacles. 
Consequently, UWB tags mounted on mobile targets do not require a direct LOS with their anchors. 
A graphical illustration for some UWB advantages is shown in Figure 14. 

However, some scenarios found in dense environments might have negative effects on the UWB sig-
nal, causing multipath deterioration and interference with neighbouring frequencies in the spectrum 
(Alarif et al., 2016). In addition, the low transmission power can be ineffective in large-sized indoor 
spaces, as it disallows the signal from travelling to longer distances due to path loss attenuation. 
Hence, additional UWB anchors are required, which increases costs and complexity (Nekoogar, 
2005). 
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Figure 14. Comparison between the attributes of UWB and other positioning 
technologies (the dimensions of the shapes are only indicative). 

3.2.1 Advantages 

In more details, UWB offers numerous benefts over narrowband signals, which widens the range 
of affected applications. First, UWB is an unlicensed free spectrum that can be used without prior 
licensing. The UWB spectrum was made free for commercial use in 2002, but before that, it was 
restricted to military operators, mainly the US Department of Defense, for classifed applications 
(Nekoogar, 2005). 

UWB has a larger bandwidth than other positioning techniques ranging from 3.1 to 10.6 GHz (Lee, 
Su, & Shen, 2007; Matin, 2010), which provides it with the superiority in many aspects. For exam-
ple, based on Shannon’s law, the large UWB bandwidth provides large capacity for an RF signal, 
which implies a high data rate transmission that can support real-time applications, such as instant 
video streaming (Matin, 2010; Nekoogar, 2005). Owing to their large bandwidth, UWB communica-
tion systems are highly robust, operating at higher data rates (110 Mbps) than other RF technologies, 
making it the highest data rate achieved so far in the precise positioning realm. 

Another beneft of the large bandwidth is the UWB system’s capability of operating in low SNR 
communication channels (Nekoogar, 2005), which bestows immunity against multipath degrada-
tion. The high level of multipath resolution is mainly attributed to the nature of pulse-based RF 
communication, which occupies the entire bandwidth for each pulse. Unlike other carrier-based 
communications (Yin, Jiang, Yang, Zhao, & Chen, 2019), UWB systems do not require a clear LOS, 
but the UWB communication is feasible under NLOS conditions. However, in positioning applica-
tions, NLOS situations might produce erroneous sensor readings, which can disturb the positioning 
estimation process. 

Additionally, the short-pulse low-power nature of UWB signals is another major advantage of UWB, 
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making it a suitable candidate for indoor positioning applications that conserves power. 

3.2.2 Challenges 

Although UWB technology offers numerous benefts for indoor positioning applications, the tech-
nology faces several challenges and limitations that might affect its performance. UWB technology 
is known for its coexistence with other RF systems, but this is not permanently true. The technical 
report published by the US National Institute of Standards and Technologies (NIST) (Miller, 2003) 
stated that UWB can cause interference to nearby spectrum and vice versa. Examples of the poten-
tially affected RF technologies are the: GPS, 3G, and WiMAX communication systems (Alarif et 
al., 2016; Miller, 2003), due to the misconfguration of wireless transceiver devices. Thus, many 
countries and regional authorities have imposed regulations to mitigate the possible interference, 
which are discussed in Section 3.3. 

The low power transmission of UWB is considered an advantage, yet it constrains the overall power 
consumption for the transmitter and receiver. For example, the low-power UWB signal can either 
travel short distances at a high data rate or long distances at a low data rate (Santhanam, 2011); 
hence, the range of the UWB anchor will be limited. This can only be compensated by using more 
UWB anchors, which affects the scalability (Ridolf, de Velde, Steendam, & Poorter, 2018; Ridolf, 
Vandermeeren, et al., 2018) and increases the system complexity and computational load, which 
in turn jeopardizes the system integrity and robustness. Additionally, the processing of wide-band 
signals usually leads to high power consumption (Khurshid & Khokhar, 2013). The high power 
consumption can be mitigated using a multiband approach in which the signal is split into sub-bands. 
The sub-band processing method is briefy discussed in Section 3.4. 

Another advantage that creates a challenging situation is the short pulse nature of UWB signals. The 
coding of short width pulses requires longer synchronisation times, limiting the data capacity. More-
over, the short-width pulses increase the number of multipath components (Miller, 2003), which also 
compromises the overall system performance. Researchers have proposed a solution for this issue 
by devising special schemes and protocols to avoid repeated synchronisation (Miller, 2003). In ad-
dition, (Irene & Rajesh, 2018) proposed the use of MIMO systems to mitigate the effect of short 
communications. 

One last challenge of UWB is its limited usage outdoors. According to various countries’ regu-
lations, fxed UWB transmitters operating outdoors are not allowed (FCC Federal Register, 2002; 
Harmonised European Standard, 2016a), refer to Section 3.3 for more details. 

3.3 UWB licensing regulations 

The license of UWB bandwidth is free for indoor applications, yet the regulations for UWB de-
vices are country- or region-specifc. The regulations are very essential to defne the technical re-
quirements and certifcation procedures for legal and safe operation (CETECOM, 2019), and more 
importantly, to minimize the potential interference to licensed services (Wilzeck, Guirao, & Dim-
itrov, 2018). These regulations prescribe the boundaries and safety limits of the operating frequency, 
power levels, emissions, energy disruptions, service times and antenna locations. 

For example, the regulations for UWB devices in the United States are published by FCC in 2002 
under the “Code of Federal Regulations Part 15, subpart F” (FCC Federal Register, 2002), while 
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those in the EU region are issued by the Harmonised European Standard in 2016 (the process started 
in 2006) under the radio equipment directive “ETSI EN 302 065 – 1 to 5” (Harmonised European 
Standard, 2016a). 

Additionally, these offcial UWB regulations distinguish between the different types and usages of 
UWB devices, and each type and usage has its own regulation. For example, the FCC has set spe-
cifc rules for each category of UWB devices and their respective application, such as indoor UWB 
systems, handheld UWB devices, GPRs and wall imaging systems, surveillance and transportation 
systems (e.g. UWB on-board aircrafts and UWB installed on rail vehicles) (Wilzeck, Guirao, & 
Dimitrov, 2018). 

According to the FCC, the bandwidth of the UWB systems belonging to the indoor and the handheld 
categories must be kept between 3100 MHz and 10600 MHz (FCC Federal Register, 2002). The 
indoor UWB systems may not be used outdoors, and they must be designed so that they are capable 
of operating only indoors. The emissions from UWB devices may not be intentionally directed 
outside of a building to perform an outside function. Also, the use of outdoor mounted antennas is 
prohibited. The device may only transmit when sending information to an associated receiver. 

An UWB device belonging to the handheld category must be relatively small. These devices are 
primarily kept in hand while being operated, and they do not employ a fxed infrastructure (FCC 
Federal Register, 2002). Antennas may be mounted only on the handheld UWB device. The use of 
antennas mounted on outdoor infrastructure is prohibited. 

Part 1 of the EU regulation ”ETSI EN 302 065” contains requirements for generic UWB applica-
tions, and it applies to fxed (indoor only), mobile or portable applications (Harmonised European 
Standard, 2016a). The UWB transmitter conforming to that document may not be installed at a fxed 
outdoor location, for use in fying models, aircraft and other forms of aviation. Allowed operation 
frequency band is from 3.1 to 4.8 GHz and from 6.0 to 9.0 GHz. 

Requirements for UWB location tracking are defned in Part 2 of the EU regulation ”ETSI EN 
302 065” document, which covers three types of UWB location tracking system, of which two are 
applicable for smart logistics applications (Harmonised European Standard, 2016b): 

• LT1 systems: These systems, operating in the 6 GHz to 9 GHz region, are intended for 
general location tracking of people and objects. They operate on an unlicensed basis. The 
transmitting terminals in these systems are mobile (indoors or outdoors), or fxed (indoors 
only). Fixed outdoor LT1 transmitters are not permitted. 

• LT2 systems: These systems, operating in the 3.1 GHz to 4.8 GHz region, are intended 
for person and object tracking and industrial applications at well-defned locations. The 
transmitting terminals in these systems may be located indoors or outdoors, and may be fxed 
or mobile. They operate at fxed sites and may be subject to registration and authorization. 

The regulation documents contain additional points describing the operation peak powers and tabu-
lated emission limits for UWB devices, which vary regionally (e.g. US and EU). 

Both the ETSI and the FCC regulations allow the use of UWB indoor location tracking, which is 
very important for many industrial and smart logistics applications. However, the unlicensed out-
door use of UWB is limited to handheld or mobile devices. Because the FCC or LT1 of ETSI do not 
allow fxed outdoor transmitters, development of UWB outdoor positioning systems becomes diff-
cult. Without transmitter anchors, it is not possible to use TW-TOA and multilateration for position 
determination. In addition, TDOA scheme with wireless clock synchronization is inapplicable, since 
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the anchors must transmit synchronization messages to each other. Thus, the only possible way to 
implement outdoor UWB location system, operating under the provision of FCC or ETSI LT1, is to 
use TDOA approach with a wired clock synchronization. However, implementing the wired clock 
synchronization is complex and expensive. 

LT2 of ETSI allows the fxed outdoor transmitters in the EU, but the LT2 systems are subject to 
registration and authorization. In addition, local coordination with possible interference victims has 
to be performed, and the possible permission would be granted only to a specifc site (Harmonised 
European Standard, 2016b). In the meantime, developing an UWB-based positioning system for 
outdoor environment is very diffcult. 

In June 2020, the fne-ranging alliance (FiRa), the largest UWB consortium, was founded to pave the 
way for the widespread adoption of UWB-driven applications. Some well-known company members 
of the FiRa alliance are: NXP, Samsung, Qorvo, Qualcomm, Cisco, Apple and BOSCH. The FiRa 
consortium is committed to providing seamless user experience through secured fne ranging and 
positioning capabilities of interoperable UWB technologies (FiRa, 2021). 

3.4 UWB types and signal attributes 

The earliest attempt of UWB standardization within IEEE standards was made by the WiMedia 
alliance workgroup in IEEE 802.15.3a-2003. This workgroup was responsible for standardizing the 
physical and medium access control (MAC) layers of UWB indoor signals for wireless PANs. 

The detailed technical aspects of an UWB signal are described in the currently active UWB standard 
(802.15.4z-2020), which was developed by the ”LAN/MAN Standards Committee” of the IEEE 
Computer Society (IEEE Computer Society, 2020). 

UWB signals can be generated using different techniques, the most popular is the impulse radio (IR) 
method. However, there are other methods that can be adopted in UWB systems. Wilzeck et al. 
classifed the types of UWB signals into the following six categories: (Wilzeck, Guirao, & Dimitrov, 
2018) 

3.4.1 Impulse radio ultra wideband 

The IR-UWB signal modulates the baseband signal through short pulses (≈ few nanoseconds dura-
tion), which have a low duty cycle to transfer information. The frequency spectrum characteristics of 
IR-UWB can be controlled by varying the pulse shape, phase, amplitude and duration to formulate 
the spectrum envelope of the signal. IR-UWB can be either carrier-based, which requires an exter-
nal high-frequency sinusoidal carrier signal and a mixer, or carrier-less, which can operate without 
a local oscillator (LO) in the transceivers, only using the baseband signal. The IR-UWB is typically 
the most adopted system and is standardized in the IEEE 802.15.4z UWB standard. 

3.4.2 Direct sequence ultra wideband: 

Direct sequence spread spectrum (DSS) version of the IR-UWB forms the DS-UWB, which treats 
the signal by a pseudorandom number (PN) code before the amplitude modulation of a train of short 

https://802.15.4z
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pulses. The new bandwidth of the transmitted signal is affected by a spread code, which is typically 
much higher than the symbol rate, and the chip interval is longer than the pulse width. 

3.4.3 Multiband ultra wideband: 

The orthogonal frequency division multiplexing (OFDM) version of the IR-UWB can be considered 
to form the MB-UWB, in which the total bandwidth is divided into multiple frequency sub-bands 
(minimum 500 MHz each) to occupy the spectrum effciently. The MB-OFDM approach utilizes the 
quadrature phase-shift keying (QPSK) modulation with 128 subcarriers and fve-band groups con-
taining two or three bands each (14 sub-bands in total). The MB-OFDM recently received approval 
from ISO/IEC and ETSI. 

3.4.4 Frequency hopping ultra wideband 

Frequency hopping ultra wideband (FH-UWB) is a non-conventional carrier-based method in which 
the transmission occurs through fxed frequency hops over a broad bandwidth and using variant 
frequency carriers. The hopping sequence is determined by a spreading code or a PN sequence set 
by the user in which a narrow-band transmission occurs periodically, which can be smaller than (fast 
hopping), greater than (slow hopping) or equal to the symbol rate. The total spectrum bandwidth is 
determined by the range of hopping frequencies and not the symbol rate. 

3.4.5 Stepped frequency hopping ultra wideband 

Stepped frequency hopping ultra wideband (SFH-UWB) is a particular case of FH-UWB, in which 
the hopping frequencies are selected by the spreading code to form linearly increasing discrete steps 
until the desired bandwidth is achieved. Then, the hopping frequency is reset to the starting sequence, 
and the process is repeated. 

3.4.6 Swept frequency ultra wideband 

Swept frequency ultra wideband (SF-UWB) is also known as ‘Chirp signalling’. It is the frequency 
variation of the FH-UWB, in which the carrier frequencies of the UWB waveform are generated by a 
voltage-controlled oscillator (VCO) using a continuous variable speed. The symbols are modulated 
on the slope (chirp) using M-ary modulation and then transmitted sequentially or superimposed. 

3.5 Architecture of UWB indoor positioning systems 

A typical UWB indoor positioning system includes at least four fxed UWB sensors (anchors), at 
least one mobile UWB target(s) (tag(s)), location server and system interface. The location server 
stores and processes the sensors data, and the system interface (e.g. smartphone, computer or tablet) 
is for viewing the positioning results, as illustrated in Figure 15. It is noteworthy to state that a planar 
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two-dimensional positioning requires at least three anchors to solve the coordinate equations of the 
tag, while three-dimensional positioning requires at least four anchors. 

1 Location server

1 User (tag)

4 UWB anchors

1 Smart phone

Symbol Count Description

UWB positioning

Legend

Figure 15. Elements of UWB positioning systems. 

Additional optional units can be added to the previous structure to obtain a real-time location system 
(RTLS). For example, the location server is optional in small-scale systems but crucial in large-scale 
systems. There could be additional front-end and back-end units for complex indoor environments 
such as: navigation framework, network gateways, user interface and facilities for IoT integration or 
other accompanying multi-sensor technologies. 

The process of UWB precise positioning commences with the relative positioning between the UWB 
anchors in which a single initiator anchor is specifed as a reference point or origin (0,0). In an 
auto-positioning feature such as Decawave’s (Qorvo) RTLS application, the system automatically 
measures the relative distances between all anchors and thus infer their positions in the specifed 
coordinate system. A block diagram depicting an example of a complete process of UWB precise 
positioning is illustrated in Figure 16. 

After fxing the coordinate system, the UWB system starts ranging to the mobile UWB tag(s) within 
the indoor environment before sending the measured raw data to the positioning framework for 
additional processing. The positioning algorithm, which is pre-specifed by the user, uses the raw 
measurements and a kinematic model to carry out the positioning estimation. Precise position can 
be achieved when when the ranging method and the positioning algorithm are both ftting to the 
application and the properties of the environment. In other words, some scenarios of fnely selected 
ranging techniques and positioning algorithms would suffce to have precise positioning without 
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going further for post processing algorithms, as shown from the bottom arrow of Figure 16. 

Relative positioning of
anchors to initiator

Ranging to tag

Positioning algorithm

Raw data

Estimated
data

NLOS mitigation
Offline data

Learning algorithm

Multi-sensor fusion

Precise positioningFusion algorithm Location
server

Outlier detection

User-specifiedUWB system Sensor fusionLegend Optional NLOSStorage database Final output 

Define initiator

Figure 16. Suggested building blocks of the UWB precise positioning process, 
based on the surveyed UWB literature. 

Many applications in various environments require specifc NLOS mitigation methods to improve 
the performance. This dissertation focuses on two NLOS mitigation approaches, the multi-sensor 
fusion schemes and ML algorithms. Both approaches were discussed in Sections 2.9 and 2.10. 

In the multi-sensor fusion approach, an additional accompanying technology is used to aid the UWB 
system with a fusion algorithm that fuses data obtained from all sensors based on their weights and 
shares. 

In contrast, the ML approach is applied by the help of large offine data to train a learning algorithm 
to identify the outliers caused by the NLOS conditions. Finally, the overall effciency of the system is 
determined by the combined metrics of all phases (ranging, algorithms, fusion, and ML), in addition 
to the degree of relevance of the fnal positioning results to the ground truth. 

3.6 Commercial products of UWB technology 

The growing demand for location-based services in an indoor environment has increased the size 
of the UWB market during recent years. In addition, the recent advances in UWB technology have 
provided opportunities for new commercial applications. 

The major manufacturers providing UWB chips for open markets are Qorvo and NXP. Qorvo entered 
the UWB market by acquiring the Irish semiconductor company Decawave in January 2020 (Qorvo, 
2020). Decawave has been one of the major providers of UWB technology during the past 15 years, 
along with some other companies as: Ubisense and BeSpoon (Jiménez Ruiz & Seco Granja, 2017). 



42 Acta Wasaensia 

Decawave’s UWB technology has been very popular and its chips have been used extensively in 
research (Barbieri, Brambilla, Trabattoni, Mervic, & Nicoli, 2021; Cimdins, Schmidt, & Hellbrück, 
2020; Dotlic, Connell, Ma, Clancy, & McLaughlin, 2017; J. Kulmer et al., 2017; Tian, Wang, & 
Salcic, 2020) and commercial IPS (Eliko, 2021; Exafore, 2021; Pozyx, 2021; Sewio, 2021). 

NXP launched its UWB precision chips in February 2020. Currently, NXP provides Trimension 
UWB modules for IoT, industrial, mobile and automotive market segments (NXP, 2022). Trimen-
sion UWB modules can be used, for example: as tags or anchors in IPS systems, in mobile devices 
and in secure car access applications. 

One of the most important markets for UWB is mobile smart phones. In 2019, Apple launched 
iPhones having an UWB chip called U1 (Apple, 2019). Samsung released its frst high-end mobile 
phones with UWB technology in 2020. Samsung was one of the founders of the FiRa consortium 
together with NXP and others (Samsung, 2019). UWB technology provides new opportunities for 
mobile phone use cases such as: secure access control, location-based services and device-to-device 
communications. To support third-party application development, Apple has released its ”nearby 
interaction” framework for developers and chipset manufacturers who are developing UWB-based 
applications (Apple, 2021). 

The automotive industry is creating UWB applications for secure access control and localization. 
For example, Bosch’s Keyless management system utilizes UWB in mobile phones for secure access 
control (Bosch, 2021). Whereas the vehicle’s access and starting are controlled via a digital key on 
a mobile phone that is triggered by the precise localization of the phone. 



Acta Wasaensia 43 

4 PRECISE INDOOR POSITIONING USING UWB/IMU 
IN DENSE ENVIRONMENTS 

As the world heads towards Industry 4.0 and the reign of IoT and internet of everything (IoE), 
smart manufacturing and warehousing are becoming dependent on asset tracking technologies. As-
set tracking is considered the backbone for smart logistics, smart delivery, smart shipping, and au-
tomated manufacturing. Industrial operators strive to keep real-time track of human resources, and 
robotic equipment especially inside large industrial environments. Hence, indoor positioning and 
navigation are essential factors for asset tracking in dense industrial venues. Prior to building reli-
able indoor navigation systems, a reliable positioning technology should be identifed, investigated 
and assessed. In this chapter, the practical implementations of the proposed IPS using UWB/IMU 
sensor fusion scheme are discussed, to provide precise positioning estimations for indoor logistics. 
The experiments were held in Technobothnia laboratory, Vaasa, Finland. The scientifc contributions 
of this chapter were discussed in publications [P2], [P3], and [P4]. 

4.1 Preface on Technobothnia laboratory 

One of the main facilities inside the University of Vaasa campus is the reputable industrial venue of 
Technobothnia (see Figure 17), a modern technical laboratory that serves at least three universities 
besides several corporations in the Ostrobothnia region. Technobothnia consists of several labora-
tories that resemble many kinds of technological sciences e.g. industrial robotics, smart operations, 
mobile robots, chemistry labs, heavy-duty 3D printing machines, telecommunications equipment, 
etc. The visiting traffc of Technobothnia is high, hence, an IPS will be very benefcial to both hu-
man operators and robot assets that are roaming the lab. However, the allocated resources are limited 
to low-cost IPS systems that are based on wireless technologies e.g. UWB, Wi-Fi, and Bluetooth 
low energy (BLE). 

Figure 17. Technobothnia laboratory: a dense industrial environment on the 
University of Vaasa campus, Finland. 
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4.2 Methodologies and the fusion technique 

Since the Technobothnia environment is very dense and challenging, the solution had to be through 
the sensor fusion techniques to keep the overall cost under the budget limits allocated for the IPS. 
As discussed briefy in Chapter 3 and thoroughly in publication [P1], building a low-cost precise 
positioning system is feasible by employing one or more assisting resources to aid the primary IPS 
technology (Guo et al., 2020). Thus, a reliable IPS is not necessarily dependent on a single technol-
ogy, instead, multiple technologies could be fused together to complement the desired performance 
metrics and achieve reliable positioning estimations. 

For the implementation, an UWB system and an IMU were employed as the elements of the precise 
IPS in Technobothnia, with UWB as the primary technology, and IMU as the assisting sensor fusion 
unit. The role of IMU is to correct the biased, missing, and null values caused by NLOS conditions 
especially in this dense environment. Therefore, a loosely-coupled UWB/IMU integrated scheme 
was used for developing the precise IPS. A foor plan of the experiment area at Technobothnia lab-
oratory is illustrated in Figure 18. The methodological foundations for Wi-Fi and BLE positioning 
systems were also laid in Technobothnia for future IPSs that shall track assets within 2-5 meters of 
accuracy. 
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Figure 18. Floor plan of Technobothnia laboratory with the planned robot 
trajectory. The highlighted location (yellow) is for the tentative seventh 
UWB anchor. The robot’s docking station is marked in Green. 

4.3 Positioning sensors 

A 12-anchor Decawave lab kit MDEK1001 (Decawave, 2017) was utilized to realize the UWB 
sensors in Technobothnia. The planned setup consisted of one movable tag, and 6 evenly distributed 
anchors to cover the experimental area of 28×15 square meters. A seventh anchor (DAA2) was 
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inserted during the experiments to investigate the performance of using six versus seven anchors. 
The default settings of the Decawave kit were programmed to provide raw distance measurements 
between the moving tag and a maximum of four anchors only (a limitation from Decawave) using 
TWR-TOA technique. In addition, a built-in flter was providing the fnal EKF estimates of the tag 
position (Decawave, 2017). 

The IMU sensor (XSENS MTI-630) was used to obtain the inertial data of the mobile robot e.g.: 
orientation, rate of turn, acceleration, and magnetism. The IMU sensor provided another layer of 
information about the movement of the robot inside the dense environment, thus, accounting for 
the NLOS situations and helping in inferring the missing data to improve the output fusion-based 
positioning estimations. 

Both UWB and IMU sensors were placed onboard an autonomous mobile robot developed by OM-
RON (as shown in Figure 19), the robot which possesses numerous positioning sensors e.g.: light 
amplifcation by stimulated emission of radiation (LASER), ultrasound, radio detection and ranging 
(RADAR), IMU, and light detection and ranging (LiDAR). The positioning data obtained from the 
OMRON robot had a millimeter accuracy with a confdence score of more than 90% most of the 
time (as stated by the built-in robot controller system). Hence, the OMRON trajectory data acted as 
the reference ground truth to the UWB/IMU fusion system. 

Figure 19. Elements of the designed IPS showing UWB anchors and tag 
(Decawave), IMU sensor (XSENS), the fusion software (on laptop), 
and the mobile robot (OMRON). The red dots refer to the locations of 
fxed UWB anchors in Technobothnia. 

The planned robot trajectory was sketched to be a multi-modal route i.e. mixed paths of clear and 
obscured LOS between the user tag and the fxed UWB anchors, to test the reliability of the system 
in complex environments. 
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4.4 Implemented IPS algorithms 

A set of algorithms was applied to sensor readings locally (per sensor) and globally (fusion) to 
achieve more accurate positioning estimations. Figure 20 illustrates the journey of the sensors data 
in the system through algorithms until obtaining the fnal positioning estimations. 

First, the DR algorithm was utilized to fx the blank and null values arriving from UWB sensor 
readings. That was carried out by incorporating the previous non-null values fused with the heading 
angle, into the DR estimation algorithm of the current missing epoch, as illustrated in Equations 
(2.11). The IMU readings were propagated directly to the state-space estimation vectors of the 
measurements data. Afterwards, the refned UWB measurements were passed to the fusion EKF 
flter that combined both UWB and IMU information. 
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Figure 20. Data fow of measurements through the implemented algorithms to 
achieve optimum positioning estimations from three sensors: UWB, 
and RSS index (RSSI) based methods e.g.: Wi-Fi and BLE. 

For the EKF fusion flter, the state-space vector xk comprised the x-y positions, velocities, and 
accelerations (i.e. a 2-D Wiener dynamic model). While, the measurements vector yk included the 
UWB x-y positions inbound from Decawave anchors, besides the x-y accelerations and (tentatively) 
the heading angles inbound from the IMU sensor. As shown in Equations (4.1). 

xk = [x ẋ ẍ y ẏ ÿ]T , 
(4.1) 

yk = [x ẍ y ÿ ]T .
UWB IMU UWB IMU 

The output of the UWB/IMU-EKF method becomes the input to the RTS smoother to remove the 
excess fuctuations and retroactively smoothen the robot trajectory, using the formulas found in 
Equations (2.24). 

Although the early results (see Figure 24) showed that the RTS algorithm made signifcant enhance-
ments to the positioning estimations, a LR model was implemented to further refne and optimize the 
fnal estimations. In the hypothesis function for the multivariate LR, it was assumed that the inde-
pendent features are the Cartesian [x, y] position values of both OMRON robot and UWB, which are 
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represented by X in Equation (2.25). And, the offsets between the OMRON robot (which provides 
the ground truth data) and UWB represented by Y in Equation (2.25), is the dependent variable. 
Eventually, Equation (2.26) is applied to get the refned fnal positioning estimations, that is, the 
UWB/IMU EKF-RTS-LR method. 

4.5 Experimental setup 

The preparations for testing the hypothetical UWB/IMU fusion positioning technique were held 
in Technobothnia by developing a new customized embedded system that comprised the essential 
software and hardware peripherals. Then, the devices and the targeted environment were setup for 
experimentation. 

Although Wi-Fi and BLE scanners were developed and reserved for Technobothnia’s future use, 
the Wi-Fi fusion based positioning was attempted via RSSI data and IMU measurements. Using 
the same algorithmic suit EKF-RTS-LR, the results of Wi-Fi/IMU are discussed tacitly in Section 
4.6.2, and thoroughly in publication [P4]. The results of the loosely coupled sensor fusion scheme 
UWB/IMU EKF-RTS-LR, which is the primary positioning system, are shown in Section 4.6.1. 

4.5.1 Hardware and software 

The hardware part consisted of a distributed set of UWB anchors (Decawave) with fxed positions 
around the coverage area, the IMU sensor (XSENS) mounted on the mobile robot, and the robot 
itself (OMRON), as shown in Figure 19. 

The software part comprised numerous code fles that record and communicate real-time data to a 
storage server, NodeRed. Every sensor point (UWB, IMU, and robot) has a dedicated software scan-
ner that collects the desired tensors of data with the appropriate settings for their units. Afterward, 
the scanner passes them over to the NodeRed server via web sockets. Eventually, they are stored in 
a local web server, as illustrated in Figure 21. 

4.5.2 Calibration and confguration 

All sides of the coverage area including the locations of the fxed UWB anchors were LASER-
metered using a highly accurate LASER ranger, the measurements were repeated several times until 
they were suffciently verifed (i.e. standard deviation was ≤ 0.01 m). The sensors of the OMRON 
robot were calibrated with localization accuracy exceeding 90% score (as stated by the built-in robot 
positioning system called ”Mobile Planner”), as seen from Figure 23. 

In addition, a new high-detail map of the surrounding environment with updated furniture positions 
was surveyed, as shown in Figure 22. 
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Figure 21. Block diagram showing the scheme of sensors data collection. 

Figure 22. A cropped snapshot from the robot’s internal software showing the 
foor plan of the laboratory after calibrating the map several times. The 
highlighted dense space is the target lab area where the experiment 
took place. 
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Figure 23. Calibration of IMU, surveying new OMRON map, and 
LASER-metering the coverage area. 

UWB and IMU sensors were calibrated and confgured to produce the appropriate units and posi-
tioning output, furthermore, the origin points of all sensors were aligned into a single point explicitly 
marked on the laboratory foor and programmed into sensor confgurations. 

All sensors (UWB, IMU, and robot) were confgured to a sample rate of 10 Hz (Ts = 0.1 second) 
which was feasible across all sensors. However, increasing the sample rate frequency is directly 
proportional to increasing the fuctuations in sensor readings. On the other hand, decreasing the 
sample rate will mitigate the fuctuations but not in favor of sensitive operations that require such 
degree of semi-continuous positioning estimations for real-time applications. 

4.5.3 Route design 

On the robot’s software controller (Mobile Planner), specifc routes were designed to allow the 
robot to patrol the coverage area in various situations: 1) clear LOS between the UWB anchors 
and the robot, 2) poor LOS, 3) visibility through concrete and metal structures, and 4) with the 
fewest number of anchors (three) visible to the robot. Consequently, six UWB anchor locations 
were selected to provide evenly distributed coverage for the robot, while a seventh location was 
reserved for a feasibility test. 

With all concerns addressed, sensors calibrated, and systems confgured, the environment and sen-
sors became ready for testing. 

4.6 Results 

The fnal results of the UWB IPS shown in Figure 24 and Table 5 are the same results from publica-
tion [P3]. In addition, a dedicated graph for every step (raw UWB data, EKF fusion, RTS smoothing, 
and LR fltration) is rendered to analyze and assess the proposed UWB IPS for both confgurations 
scenarios (6 Vs 7 anchors). Moreover, a cumulative distribution function (CDF) curve is sketched 
per algorithm to investigate the performance of the system over time. Tables 4 and 5 show MAE, 
RMSE, and the 95% percentile values for all algorithms in both scenarios. 
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4.6.1 UWB/IMU with EKF-RTS-LR 

Figure 24 reveals noticeable errors around the start and the stop positions which cause maximum 
fuctuations in the data. Higher accuracy is achieved by backing the EKF fusion algorithm with RTS 
smoother algorithm, which yielded signifcantly higher accuracy than the performance of the EKF 
fusion algorithm alone. Simultaneously, it has a higher accuracy than the raw UWB measurements, 
as also asserted by the numerical values of MAE, RMSE, and 95-percentile (p95%) errors. 

The LR model was pre-trained using several positioning datasets recorded by the OMRON robot 
from the same environment but different values. Hence, the best positioning accuracy for the 
UWB/IMU confguration is achieved by smoothing the output of the EKF-RTS algorithm with LR 
algorithm. This procedure not only enhanced the performance of the UWB IPS but also resulted in 
signifcantly accurate positioning results, as seen from Figure 24 and Tables 4 and 5. 
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Figure 24. Subplots showing the fnal positioning results from both confguration 
scenarios (6 Vs 7 anchors). The lower subplots show the corresponding 
CDF curves for all algorithms in each scenario. 

Table 4. UWB IPS positioning errors [in meters] from six UWB anchors. 

UWB raw EKF data UWB/IMU EKF fusion UWB/IMU EKF-RTS UWB/IMU EKF-RTS-LR 
MAE 0.240 0.259 0.232 0.078 
RMSE 0.417 0.445 0.389 0.088 
p95% 0.278 0.243 0.267 0.141 

The LR fltration step yielded the best positioning accuracy in the 6-anchor confguration data with 
MAE = 7.8 cm, and RMSE = 8.8 cm compared to the second best records of 23.2 cm, and 38.9 cm 
(obtained with RTS MAE and RTS RMSE), respectively. Furthermore, the long term performance 
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Table 5. UWB IPS positioning errors [in meters] from seven UWB anchors. 

UWB raw EKF data UWB/IMU EKF fusion UWB/IMU EKF-RTS UWB/IMU EKF-RTS-LR 
MAE 0.221 0.235 0.218 0.047 
RMSE 0.323 0.344 0.319 0.055 
p95% 0.413 0.340 0.386 0.096 

of the UWB/IMU EKF-RTS-LR algorithm is the highest ever in the 6-anchors confguration, by 
achieving 95% percentile value of 14.1 cm (could have been better if the stationary fuctuations 
were mitigated) and the most steep curve in the CDF plot, meaning that the LR smoothed solution is 
the best candidate for continuous accurate navigation services with relatively high standards for an 
IPS in this dense environment. 

On the other hand, the UWB IPS results from the 7-anchor confguration are found to be more 
promising in most performance metrics as shown by the 2nd and the 4th subplots of Figure 24, 
and the values from Table 5. Similar to the 6-anchor confguration, the RTS smoothed EKF fusion 
results are coping with the raw UWB measurements most of the time, but outperform them in few 
occasions, that is why the CDF curve, MAE, RMSE, and p95% error values of both algorithms are 
nearly identical. 

Finally, the ultimate method that comprises UWB/IMU EKF-RTS-LR possesses the best perfor-
mance metrics in the 7-anchor confguration too, which was an expected behaviour from the algo-
rithm, the more the merrier. The LR fltration step had leveraged the overall methodology to achieve 
MAE = 4.7 cm, and RMSE = 5.5 cm only, which is the most precise positioning accuracy ever 
achieved in the Technobothnia lab environment. The second most precise results were again from 
the RTS smoother of MAE = 21.8 cm, and RMSE = 31.9 cm. In addition, the long term performance 
of the UWB/IMU EKF-RTS-LR algorithm in the 7-anchors confguration is found to be also the 
highest with p95% = 9.6 cm and the steepest CDF plot among all other algorithms. 

It is noteworthy to state that more recent UWB datasets yielded MAE = 3.7 cm, and RMSE = 4.5 
cm, as outlined in publication [P4]. 

In summary, the LR smoothed EKF-RTS-LR fusion algorithm can help to achieve the most precise 
positioning estimations inside Technobothnia laboratory, since it has demonstrated signifcantly bet-
ter MAE, RMSE, and p95% values than all other algorithms, meaning that it does not only have the 
capability to achieve the most accurate positioning but will also score acceptable levels of continuity, 
availability and integrity. 

4.6.2 Wi-Fi/IMU with EKF-RTS-LR 

The Wi-Fi IPS is out of the scope for this doctoral dissertation, however, the fusion-based Wi-Fi/IMU 
PF-EKF-RTS-LR results were shown for documentation and insights. The Wi-Fi IPS performance 
could be acceptable in some scenarios for human resource positioning but it cannot be considered as 
a precise IPS under any circumstances for robots, as shown in Figure 25 and Table 6. 

Table 6. Wi-Fi IPS positioning errors [in meters] from six Wi-Fi routers. 

Wi-Fi Particle Filter values Wi-Fi/IMU EKF fusion Wi-Fi/IMU EKF-RTS Wi-Fi/IMU EKF-RTS-LR 
MAE 6.862 6.863 6.854 4.515 
RMSE 8.304 8.318 8.308 5.812 
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Figure 25. Result plots of the Wi-Fi IPS. 

In short, the Wi-Fi IPS consisted of six routers (R0–R5) which were initially distributed by the IT 
department for non-positioning purposes i.e. just for normal internet coverage. That issue caused 
some problems of its own such as: 1) inconsistent path-loss readings that may be originated from 2) 
incompatible routers for positioning applications. More possibilities for the Wi-Fi inaccuracy could 
be 3) erroneous software scanner which holds the RSSI values for too long time before refreshing to 
new readings, 4) the extremely dense environment makes it super-challenging for Wi-Fi positioning 
in particular. In this occasion, PF was utilized instead of EKF for Wi-Fi sensors on a local scale. 
Since the designed Wi-Fi IPS uses RSSI measurements, therefore, PF was found to be more effcient 
than EKF in positioning estimations based on the very noisy RSSI values coming from routers R0– 
R5. 

4.6.3 Commentary on the results 

From Figures 24 and 25, all red curves in the given CDF sub-plots are having the most steepest slopes 
amongst their counterparts, meaning that the LR-smoothed EKF-RTS fusion method can yield the 
best and most accurate results even in dense industrial situations. That is, a very ftting solution 
to combating NLOS conditions with low-cost technologies. The method is proven to be reliable 
for both IPSs (UWB and Wi-Fi) to facilitate technical operations with precise location information 
using UWB/IMU, and ensure an acceptable level of performance for human resources tracking using 
Wi-Fi/IMU. Furthermore, both IPSs could be further enhanced in the future. 

Thus, from the perspective of precise positioning aspects, the recommended IPS confguration is 
to cover the given lab region with seven UWB anchors aided by an IMU sensor per every UWB 
movable tag (user). And, their output data should be treated by the EKF-RTS-LR algorithm to 
achieve precise positioning estimations for mobile robot activities in dense industrial environments 
as found in Technobothnia lab, Finland. 

In terms of assessment using other performance metrics, the integrity of the developed UWB/IMU 
IPS is well proven because the information provided by the positioning engine is trustworthy. Both 
service continuity and system availability metrics can be categorized into two parts: the onsite part 
(inside the lab environment), and the online part (providing the IPS service to end users via online 
platforms). For the onsite part, the developed UWB/IMU IPS performed well with regard to service 
continuity and system availability, all system components are capable for working in real-time with-
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out known disruptions for local operations inside the environment. On the other hand, for the online 
part, both service continuity and system availability are subject to swings in connectivity concerns 
and/or service level disruptions. Could be based on several factors e.g. server errors, storage system 
capacity issues, web socket failures, and internet outages. 



54 Acta Wasaensia 

5 OUTDOOR SATELLITE-BASED POSITIONING 
SYSTEMS 

Positioning and navigation technologies for outdoor environments are very essential for smart logis-
tics and location-based applications that operate outdoors. Since the advent of GNSSs, the majority 
of outdoor navigation activities are carried out with the aid of GNSS satellites. However, other non-
GNSS positioning methods exist with acceptable levels of performance. For example, as described 
in (Aly, Basalamah, & Youssef, 2017), the traces of outdoor radio signals in addition to pinpoint-
ing some unique virtual landmarks; yield the DejaVu positioning system which can be embedded 
in smart phones to retrieve the user locations with acceptable accuracy levels. Other positioning 
methods such as IMU, INS, and RFID can operate outdoors in some specifc scenarios. 

Yet, GNSS satellite-based positioning methods are known to have the unmatched, peak performance 
for outdoor positioning and navigation activities. Recently, a new satellite-based positioning method 
has emerged to seize the opportunity of having massive LEO satellite constellations in addition to 
mitigating some of GNSS shortcomings. Between the years 2021 and 2023, research activities were 
conducted for both outdoor satellite based positioning methods (i.e. GNSS and LEO) which are 
discussed in Chapters 5 and 6, respectively. 

Publications [P5]–[P10] are concerned with leveraging smart logistics by achieving precise satellite-
based positioning techniques for outdoor environments. GNSS publications are [P5]–[P6], while 
LEO satellite publications are [P7]–[P10]. 

5.1 GNSS positioning technologies 

GNSSs are the most commonly used systems for outdoor positioning and navigation. They are 
key elements for location-based services that play a fundamental role in today’s smart cities and 
the futuristic IoT applications. With the quantitative and diverse growth of GNSSs constellations, 
the positioning, navigation and timing (PNT) capabilities were strengthened to new frontiers. The 
advent of GPS marked the frst commissioning of GNSS technologies during the 1990s when GPS 
was made available for civilian use (Ceruzzi, 2018). Since the 1990s and till present times, GPS was 
commercialized leading to the development of consumer GPS receivers and applications in various 
industries such as: transportation, surveying, and agriculture. 

A typical GNSS system consists of three main segments: 1) space segment: where the satellite vehi-
cles that form GNSS constellations reside permanently by orbiting Earth over ≥ 20, 000 kilometers 
above sea level, within the medium Earth orbit (MEO) and the geostationary Earth orbit (GEO) 
bands, 2) control segment: also known as ground stations that control the space segment, and 3) 
user segment: which represent the users who have GNSS receivers. Moreover, the space segment 
may contain an additional constellation called the ”Differential GNSS or DGNSS”, which provides 
satellite-based augmentation system (SBAS) to GNSS receivers. Figure 26 shows an outline of 
GNSS components. 

Examples of existing GNSS constellations are: GPS, GLONASS, Beidou, Galileo, and recently 
the Korean KPS is scheduled to be launched into orbit before 2035 (Si-soo, 2021). And, exam-
ples of currently existing DGNSS in orbit are: WAAS, EGNOS, and QZSS (GNSS Augmentation -
Navipedia, 2024). 
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Figure 26. An overview showing the components of GNSS positioning systems. 
The coloring code refers to different GNSS constellations. 

5.2 Operating principle of GNSSs 

The basic positioning principle of GNSS relies on multilateration, where the receiver determines its 
distance from the pseudoranges of multiple satellites (with known positions) by measuring the time 
taken for radio signals to travel between GNSS satellites in space and receivers on ground surface. 

5.2.1 System components 

GNSSs operate by the collaboration between the three fundamental segments that are forming the 
system, as follows: (El-Rabbany, 2006; Misra & Enge, 2011) 

1. Satellite segment: A constellation of satellite vehicles orbiting the Earth and continuously 
transmitting radio signals containing information about their orbital positions (ephemeris) 
and the current time stamp. 

2. Control segment: A series of ground control stations that are responsible for monitoring and 
managing the satellite vehicles in orbit by: tracking their health, adjusting the orbits, provid-
ing data corrections for accuracy, and monitors signal integrity to ensure reliable positioning 
and timing information for users. 

3. User segment: The receivers on the ground that are equipped in smartphones or vehicular 
GPS devices, receive the transmitted satellite signals and use the provided information to 
calculate their own position, velocity, and time using multilateration technique (discussed in 
Section 2.6). 

Noteworthy, other peripheral components can exist to aid the main three segments of GNSS such as: 
the differential GNSS constellations, which are known as DGNSS or SBAS. As illustrated in Figure 
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26, DGNSS orbit the Earth via much higher altitudes than GNSS, to provide the essential clock and 
orbit corrections for vehicular users (e.g.: cars, ships, aircrafts), which improve the fnal positioning 
accuracy for such sensitive use cases. 

5.2.2 Steps of GNSS positioning 

GNSS signal reception precedes the GNSS positioning process. It has two main phases: 

1. Signal Acquisition: Involves detecting and identifying the GNSS satellite signals from the 
channel background noise. This typically begins with a coarse acquisition search, where 
the receiver scans a wide range of frequencies and code phases to identify potential GNSS 
signals. Once a potential signal is detected, a fne acquisition search is performed to precisely 
lock onto the satellite signal of a given GNSS constellation. 

2. Signal Tracking: Involves maintaining the phase coherence with GNSS satellite signals and 
continuously updating parameters such as: phase, frequency, and timing. Different tracking 
techniques, such as delay-lock loop (DLL) and phase-lock loop (PLL), are used to track the 
carrier and code phases. Also, during tracking, the receiver demodulates the received data 
payload to retrieve the navigation data broadcasted by GNSS satellites i.e. the ephemeris and 
clock corrections. The receiver processes the demodulated navigation data to extract pre-
cise satellite positions and timing information essential for accurate pseudorange estimation, 
hence, more accurate positioning. 

Acquisition and tracking are essential processes for receiving and processing satellite signals to 
determine a receiver’s position, velocity, and time. These processes are the core roles of GNSS 
receivers, which can bestow more precise positioning and better navigation capabilities. 

After conducting GNSS signal acquisition and tracking stages, the receiver proceeds with the fol-
lowing steps in order to perform GNSS positioning: 

• Pseudorange measurements: Once the receiver has acquired and tracked the signals from 
multiple satellites, it collects the measurements from each satellite. These measurements 
contain information about the distance between the receiver and each satellite, known as the 
pseudorange or carrier phase. 

• Satellite ephemeris and clock correction: The receiver needs precise information about the 
positions and clocks of the satellites at the time of signal transmission. This data, known as 
ephemeris and clock corrections, is obtained from the satellite navigation message broadcast 
by GNSS satellites or through augmentation systems. 

• Geometrical evaluation: Using the pseudorange measurements collected from multiple 
satellites and the precise satellite positions obtained from ephemeris data, the receiver cal-
culates its position using geometric principles such as multilateration. By intersecting the 
spheres (or hyperbolas in the case of carrier phase measurements) centered at each satellite 
with radius equal to the measured pseudorange, the receiver position can be determined. 

• Error mitigation and optimization: GNSS positioning is affected by various sources of er-
rors such as: atmospheric effects, multipath, clock errors, and satellite geometry. To mitigate 
these errors and optimize the positioning solution, advanced techniques can be adopted such 
as: atmospheric modelling, RTK positioning, or precise point positioning. 
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• Position estimation: Finally, with the measurements processed, errors mitigated, and op-
timal positioning techniques applied, the GNSS receiver calculates its position in three-
dimensional space (latitude, longitude, and altitude), along with velocity and time if needed. 
Also, the positioning solutions can be further optimized by using the positioning algorithms 
described in Section 2.7 and fusion techniques found in Section 2.9. 

Overall, the positioning process in GNSS involves a combination of signal processing, measurement 
collection, geometric calculations, error mitigation, and optimization techniques to determine the 
accurate position of the receiver. 

5.3 Advantages and challenges of GNSSs 

The advantages of GNSSs are immense and outnumber the challenges signifcantly to a great extent. 
However, some GNSS shortcomings are inevitably existing. 

5.3.1 Advantages 

GNSSs possess numerous advantages such as: 

• Global coverage: GNSSs offer a unique global coverage, which enable users to localize 
their positions anywhere on Earth provided that their GNSS receivers have an unobstructed 
line of sight to satellites (El-Rabbany, 2006). This global reach is essential for applications 
ranging from maritime navigation to precision agriculture, which provide users the necessary 
access for positioning and timing information regardless of their location. 

• High accuracy: Throughout the past decades, the advances in GNSS technologies have 
signifcantly improved positioning accuracy, reaching the sub-meter and even centimeter-
level accuracy (Teunissen & Montenbruck, 2017) in some cases. In addition, the differen-
tial techniques such as RTK positioning and carrier-phase processing, further enhance the 
GNSS accuracy for more sophisticated applications such as: land surveying, construction, 
and geodetic monitoring. 

• Availability: GNSS satellites not only orbit the Earth constantly but also operate continu-
ously, which provides positioning and timing information around the clock, irrespective of 
weather conditions or time of the day (Misra & Enge, 2011). This uninterrupted availability 
is vital for critical applications that rely on GNSS for navigation and timing synchronization 
such as: defense, emergency response, and transportation systems. 

• Versatility: GNSS technologies are very versatile, with applications spanning various in-
dustries, activities, and customer segments. From guiding autonomous vehicles and optimiz-
ing logistics to facilitating search and rescue operations and supporting scientifc research, 
GNSSs play an important role in enhancing effciency, safety, and productivity for everyday 
life activities across diverse sectors. 
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5.3.2 Challenges 

Some challenges affect the operation and performance of GNSSs, such as: 

• Signal degradation: GNSS signals are susceptible to degradation due to various factors: 
atmospheric effects, ionospheric disturbances, multipath refections, and signal blockages 
(El-Rabbany, 2006; Misra & Enge, 2011). These factors can lead to reduced accuracy or loss 
of signal acquisition and tracking, particularly in urban environments or areas with dense 
foliage, which require the development of advanced signal processing algorithms to mitigate 
their impact. One of the major impacts of signal degradation is the disability of GNSS to 
operate in indoor environments due to the fading and attenuation effects. 

• Vulnerability to interference: GNSS signals are vulnerable to interference from both nat-
ural sources, such as solar activity and ionospheric disturbances, and human-made sources, 
including intentional jamming and nearby spectrum interference (Morales Ferre, Richter, 
De La Fuente, & Simona Lohan, 2019; Morales-Ferre, Richter, Falletti, de la Fuente, & Lo-
han, 2020). Jamming attacks impose signifcant threats to critical infrastructure and military 
operations, therefore, defensive measures for anti-jamming and signal authentication tech-
niques, are required. 

• Urban canyon effects: In urban environments characterized by large buildings and narrow 
streets, GNSS signals might suffer multipath refections and signal blockages, leading to de-
graded accuracy and reliability (Morales Ferre, Richter, De La Fuente, & Simona Lohan, 
2019). Augmentation systems, such as ground-based reference stations and SBAS, can miti-
gate urban canyon effects by providing additional correction data to GNSS receivers. 

• Cost and complexity: Developing and maintaining GNSS infrastructure, including satel-
lites, ground stations, and user equipment, incur signifcant costs and technical challenges. 
Moreover, ensuring the interoperability among different GNSS systems and addressing reg-
ulatory and policy issues add extra layers of complexity to the GNSS ecosystem, hence, 
collaboration and coordination among GNSS operators and stakeholders, are required. 

• Security and privacy concerns: GNSS signals are vulnerable to spoofng attacks, where 
malicious actors transmit counterfeit signals to deceive GNSS receivers and manipulate po-
sitioning information (Morales-Ferre, Richter, Falletti, de la Fuente, & Lohan, 2020). Ad-
dressing security and privacy concerns requires the implementation of robust encryption, au-
thentication, and integrity verifcation mechanisms to safeguard GNSS integrity and protect 
user privacy (Morales Ferre, Richter, De La Fuente, & Simona Lohan, 2019). 

Dynamic positioning in urban environments is very challenging where GNSS satellites can experi-
ence frequent blockages, their carrier-phase reliability decrease or become insuffcient in number of 
usable satellites (Aly, Basalamah, & Youssef, 2017). Hence, the mitigation of multipath effects is 
very essential for the integrity of GNSS positioning systems, as discussed in the subsequent sections. 

Furthermore, LEO satellite based positioning systems emerged as a potential solution to the prob-
lems of jamming and spoofng, the topic which is discussed thoroughly in Chapter 6. 
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5.4 Mitigation of GNSS errors 

GNSS standalone systems are providing acceptable level of integrity to many technologies especially 
in open-sky environments. Yet, they are not solely suitable for precise positioning and seamless 
navigation due to numerous factors such as: multipath fading, attenuation in dense environments, 
and signal obstruction in GNSS-denied conditions and urban environments. Mitigation solutions 
to GNSSs multipath shortcomings can be developed on various levels, as described in Figure 27. 
Examples are: antenna design, signal processing, receiver design, statistical methods, multi GNSSs, 
multisensor fusion GNSSs, and others. 

Antenna design
Angle of arrival

Multiple input multiple output
Dual polarization

Signal processing
Carrier-phase smoothing 
Doppler shift mitigation

Receiver design
Code discriminators 

Vector tracking

Statistical methods
Bayesian estimators

Kalman filters
Particle filters

Multi-sensor fusion
Inertial sensors
Radar systems

Miscellaneous
Weighting models
Image processing

Mapping aided
Consistency checking

Figure 27. Summary of approaches for multipath mitigation in GNSSs, adapted 
from (N. Zhu, Marais, Bétaille, & Berbineau, 2018). 

GNSS performs well in non-urban environments mainly due to the user visibility from numerous 
satellites (at least 4 satellites from the same GNSS constellation) in addition to the SBAS which 
provides GNSS with the essential clock corrections and the required redundancy. In urban canyon 
environments, satellites visibility becomes a challenge, hence, additional measures are required to 
maintain seamless navigation. Conventional GNSS stand-alone methodologies may fail to provide 
the required seamless navigation, therefore, researchers developed additional techniques to assist 
GNSSs. In this section three resolutions to GNSS challenges are highlighted: 1) multi GNSS, 2) 
multisensor fusion GNSS, and 3) LEO satellite based positioning. 

5.4.1 Multi-GNSSs 

Multi-GNSS refers to the use of signals from multiple GNSS constellations simultaneously to im-
prove positioning accuracy, availability, and reliability. It works by the integration of all received 
GNSS signals from all visible GNSS satellite constellations. By utilizing signals from multiple 
constellations, multi-GNSS receivers shall have access to a larger number of satellites in view at 
any given time. This increases the number of available measurements, improves geometric dilution 
of precision (GDOP), and enhances positioning accuracy and availability, especially in challenging 
environments with obstructed sky views (K. Su, Jin, & Hoque, 2019). 

Multi-GNSS enhances system redundancy and resilience by providing backup signals from different 
constellations. If signals from one constellation are obstructed or degraded due to factors like atmo-
spheric conditions or satellite outages, the receiver can switch to signals from other constellations to 
maintain positioning capability (Montenbruck, Steigenberger, & Hauschild, 2014). By combining 
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measurements from multiple constellations, multi-GNSS receivers can mitigate errors and improve 
positioning accuracy. Differential corrections can be applied across multiple constellations to further 
enhance accuracy, while algorithms can optimize the use of available signals to improve reliability 
in challenging environments. 

Moreover, multi-GNSS provides global coverage, as different constellations have varying satellite 
distributions and coverage areas. This ensures that positioning capability is available worldwide, 
regardless of the user’s location. 

In fact, multi-GNSS technology leverages signals from multiple satellite constellations to enhance 
positioning performance, reliability, and global coverage, making it a valuable tool for various ap-
plications such as navigation, surveying, timing, and transportation. 

5.4.2 Multisensor fusion GNSSs 

Similar to what was discussed earlier in Section 2.9, numerous positioning and/or tracking systems 
can be fused with GNSSs to provide more accurate and reliable estimations. Common examples of 
these systems are: INSs, IMUs, remote sensing devices (e.g. RADARS and LiDARS), and computer 
vision devices (e.g. cameras) as shown in Figure 28. A more detailed literature review on multisensor 
GNSSs is presented in publication [P5]. 

Intelligent vehicle
(Sensor fusion)

Cameras GNSSs receivers

Radars Inertial navigation sensors

Figure 28. A multisensor GNSS-based system in intelligent vehicles. 

INSs are very reliable positioning systems as they cannot be infuenced by external factors. However, 
they can accumulate biases, drifts and errors over time (Liu, Pu, Sun, & He, 2019; Wang & Li, 2017). 
An IMU differs from an INS, as it is a standalone device not an integrated dynamic system as in the 
case of INSs. However, IMU units are considered the main building block of INSs (Christ & Wernli, 
2014). IMUs can still be utilized independently in fusion-based localization endeavors, but INSs 
have been widely adopted in multisensor fusion systems throughout the recent literature. 

When it comes to multisensor fusion schemes of GNSS/INS or GNSS/IMU, the main role of the 
primary positioning technology (i.e. GNSS) is to refne the inertial errors by tightening the position 
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estimate to the absolute coordinate system. In contrast, the inertial device provides more accurate 
delta position updates in a short term. 

Globally, GNSS/INS fusion is a very popular implementation due to the numerous advantages of 
this integration over utilizing each system solely (Jie, Shaoshan, Yu, & Chongyu, 2006). Both 
systems have complementary data to provide, a GNSS estimates the position, velocity and timing 
(PVT) measurements while INS provide the detailed information about the attitude which yield a six 
degree of freedom (6-DOF) system (Srinivas & Kumar, 2017). The data rate of an INS is higher than 
a GNSS which produces better resolution for navigation. In addition, the multisensor fusion feature 
can leverage GNSSs to achieve seamless navigation in GNSS-denied environment. Consequently, 
the GNSS/INS multisensor fusion is appropriate for aerial, terrestrial and extraterrestrial navigation 
on Earth and in Space. 

Another commonly used methods that can assist GNSSs in multisensor schemes are the remote 
sensing methods. Remote sensing is the process of mapping the target environment by sending pilot 
signals and analyzing the physical characteristics of the refected signal. Pilot signals can be of 
different wavelengths, frequencies and types. RADAR systems are a type of remote sensing systems 
that utilizes low frequency radio signals as pilots, then detects the range of targets by analyzing the 
frequency of the rebounded fraction of the sent signal. LiDAR is another type of remote sensors that 
employs high frequency light LASERs in the same manner as RADARs. 

Moreover, special types of Cameras can be considered as remote sensing systems when their func-
tionalities are to map the topography of the surroundings, observe the heat maps of territories and 
so forth. Other types of remote sensing can be acoustical as the sonar systems, or can be ultra/infra 
sonic systems, depending on the target application. RADARs and LiDARs are very common types 
of localization techniques that can be used as standalone systems. They can be used in multisensor 
fusion systems with other technologies such as GNSSs. 

As discussed in Section 2.9, every multisensor scheme should be treated with fusion algorithms that 
combine all sensor information in one fusion framework. Examples on those algorithmic method-
ologies of GNSS multisensor fusion systems are found under ”Statistical methods” in Figure 27. 

5.5 Enhancing outdoor smart phone positioning 

GNSS measurements can be impaired by external factors (e.g. multipath and interference). Hence, 
the integration of GNSS with IMU data becomes very benefcial. In multisensor fusion schemes, 
GNSS/IMU integration becomes advantageous by complementing both systems to enable accurate 
positioning results in dense and challenging regions. The research documented in publication [P6] 
shows the proposed multisensor GNSS/IMU fusion method during the participation in the Google 
Decimeter Challenge in 2022 (Howard et al., 2022). 

5.5.1 Preface on the Google Decimeter Challenge 

The Google Smartphone Decimeter Challenge (GSDC), initiated by the Android GPS team in Google 
Corporation, seeks to enhance smartphone positioning accuracy, particularly in urban environments 
where GNSS signals can be obstructed. The challenge aims to develop machine learning models 
that can improve GPS data resolution to the decimeter or even centimeter level, enabling advanced 
navigation services such as lane-level accuracy for carpool lane estimated time of arrival (ETA). The 
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competition, which began in 2021 and the participation took place in the 2022 edition, encourages 
research in smartphone GNSS positioning accuracy and leverages navigation data to achieve better 
smart phone localization performance. The GSDC ultimate goal is to enhance navigation methods 
and mobile internet applications by providing more precise geospatial information. (Howard et al., 
2022; Leaderboard, 2022). 

5.5.2 Problem statement and objectives 

As stated on the GSDC web page, the problem statement of the competition can be described as 
follows: “GNSS chipsets provide raw measurements, which can be used to compute the smartphone’s 
position. Current mobile phones only offer 3-5 meters of positioning accuracy. For advanced use 
cases, the results are not fne enough nor reliable. Urban obstructions create the largest barriers to 
GPS accuracy. The data in this challenge includes only traces collected on open-sky and light urban 
roads. These highways and main streets are the most widely used roads and will test the limits of 
smartphone positioning”, (Howard et al., 2022). 

The main goal of the GSDC was to “compute smartphones location down to the decimeter or even 
centimeter resolution which could enable services that require lane-level accuracy such as HOV 
lane ETA estimation. You’ll develop a model based on raw location measurements from Android 
smartphones collected in open-sky and light urban roads using datasets collected by the host.” 

5.6 Strategy for enhancing smart phone positioning 

Inspired by the rationale of multisensor fusion GNSS/IMU schemes discussed in (C.-S. Chen, 2017; 
W. Li, Cui, & Lu, 2018) and the ML optimization method developed in (Watson & Gross, 2018), the 
same post-processing algorithmic approach was selected, since a similar environment was given in 
a similar context. 

First, the RTK-GNSS technique that is a commonly used method for high-precision positioning 
(Takasu & Yasuda, 2009; Tim, 2021) was checked for adoption. However, RTK was found diffcult 
to implement in smartphones due to the limitations of their antennas making them unable to solve 
the integer ambiguities in the carrier phase measurements. 

Hence, a robust position estimation method was developed in which the post-processed kinematic 
(PPK) positioning data from smartphones GNSS observations (Takasu & Yasuda, 2009) were post-
processed. In the PPK technique, the carrier phase is used to compute the user position by mak-
ing use of differential corrections. In other words, the GNSS carrier-phase information were post-
processed using PPK technique, that is, the MAP-PPK method. 

The same algorithmic suit that was used in the UWB/IMU multisensor fusion scheme (discussed in 
Chapter 4), was utilized again in this context. That is, a loosely coupled integration scheme of GNSS 
data and IMU measurements was implemented for precise positioning estimation. The algorithms 
utilized are KF algorithm (as a fusion algorithm) and RTS smoother (to fne-tune the positioning 
trajectory). 

In addition, a ML model is used to predict the driving paths (highways, tree-lined streets, or down-
town areas) for adaptive positioning. 
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5.7 Methodologies and experimental setup 

The competition datasets consisted of 206 traces collected by GNSS Android APIs (managed by 
Google Team) from various phone manufacturers (G. M. Fu, Khider, & van Diggelen, 2020). The 
training and test data were recorded while driving on some highways of the US San Francisco Bay 
Area, Summer of 2020, as shown in Figure 29. However, most of the ground truth data that was 
collected by a NovAtel SPAN system, was kept custodial by the competition organizers for results 
validation. Furthermore, GSDC datasets exhibited the WLS solutions for the GNSS positioning 
estimations in the Earth-centered Earth-fxed (ECEF) coordinates. 

Figure 29. Routes where the datasets were collected, courtesy of Google 
Decimeter Challenge 2022. 

The training datasets consisted of GnssLogger fles, RINEX observation fles, ground truth fles, 
and smart phone device’s IMU and GNSS data fles. The test datasets included the same types of data 
and followed the same convention as the training dataset, except for the ground truth data that were 
not provided. The results of test datasets were meant to be used as the prediction of the expected 
ground truth and were evaluated against the actual custodial ground truth. 

5.7.1 Using kNN algorithm 

As discussed in Section 2.10.2, using kNN for detecting vehicular roads on given maps can be 
benefcial for GNSS positioning systems. By extracting relevant features from the map data and 
using the labeled training data, kNN can leverage spatial data analysis to classify regions as roads or 
non-roads, making it useful for tasks like map analysis and urban planning. Thus, a kNN model was 
trained to learn the pathways in order to refne GNSS accuracy by excluding the non-pathways from 
the positioning process. 

In publication [P6], kNN was used to predict the area of the smartphone data collection. This 
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problem was a classifcation problem. Hence, the kNN algorithm was used to classify the phone 
data based on the location where the data was collected. The area was divided into three categories 
namely: highway, tree-line, and downtown areas according to nature of the environment. 

The numbers 1 to 29 represent the collection of the GNSS data of each phone for a particular day. 
These were then grouped based on the area where the GNSS data was collected (downtown, highway 
or tree-line). The data was organized in a way such that the phones could be grouped and labeled 
according to where their data was collected (downtown, highway and tree-line). 

All phones were grouped under one of three groups and the groups were then encoded for training 
(0 = highway , 1 = tree-line, and 2 = downtown) . 

The kNN model was trained to classify new data from a new phone into one of the groups or cate-
gories ( highway, tree-line, or downtown). Afterwards, a RTKLIP PPK confgurations was used to 
process the phone’s data based on the classifcation results. 

5.7.2 Using the Kalman fusion algorithm 

The dynamic state vector of the fusing Kalman flter mainly comprised the GNSS measured lon-
gitudes and latitudes in ECEF coordinates, in addition to the Cartesian velocities of the user, and 
the IMU (accelerometer) epochs in Cartesian coordinates, as shown in Equation (5.1) (similar to 
Equation (4.1) from Chapter 4): 

� �Tx yx = p vx ax p vy ay . (5.1) 
x ywhere p , p are the (longitude, latitude) positions, respectively, gained from GNSS. vx, vy are the 

xvelocities, and ax, ay are the IMU accelerations. Hence, the measurements are p , py and ax, ay . 
The measurement vector yk consisted of the GNSS positioning components and the linear acceler-
ations from IMU. 

Similarly, the RTS smoother algorithm worked retroactively to flter the fuctuations and ripples of 
the vehicle movement by incorporating the output covariance and error residuals into account, as 
demonstrated in Equations (2.24). 

In summary, the steps of applying our proposed GNSS/IMU KF-RTS-ML method proceeded as 
follows, also found in Figure 30: 

1. Data analysis and pre-processing 

2. ML based prediction of driving paths using kNN 

3. PPK precise positioning techniques to process the GNSS carrier phase 

4. GNSS/IMU multisensor fusion integration using KF-RTS algorithms 
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Figure 30. Steps of applying the proposed GNSS/IMU fusion MAP-PPK method. 

5.8 Results 

The evaluation criteria of GSDC were as follows: “Submissions are scored on the mean of the 
50th and 95th percentile distance errors. For every phone and once per second, the horizontal 
distance (in meters) is computed between the predicted latitude/longitude and the ground truth lat-
itude/longitude. These distance errors form a distribution from which the 50th and 95th percentile 
errors are calculated (i.e. the 95th percentile error is the value, in meters, for which 95% of the 
distance errors are smaller). The 50th and 95th percentile errors are then averaged for each phone. 
Lastly, the mean of these averaged values is calculated across all phones in the test set.” 

We estimated the location of the smartphone using the carrier phase information of the data, and the 
evaluation of our method was conducted on the Kaggle platform by comparing against the locally-
generated ground truth. 

The results from our proposed method showed signifcant improvements in the positioning accuracy 
for all road driving scenarios compared to the given WLS solution, as shown in Figure 31. 

(a) Highway. (b) Tree-lined Street. (c) Downtown. 

Figure 31. Comparison of positioning error between the WLS baseline and the 
proposed method for each mode of driving paths. 

Provided that the actual ground truth datasets were hidden, the results were compared against the 
next best choice which was the WLS data. Figure 31 shows a signifcant reduction in positioning 
errors in favor of our proposed MAP-PPK method when compared with the WLS baseline results in 
all driving road modes: highway roads, tree-lined and pole-pinned streets, and downtown roads. 

By adopting the ML based adaptive PPK positioning techniques on the GSDC test datasets, the mean 
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accuracy was found to be 2.61 meters for the public score on Kaggle platform. However, after the 
fnal evaluation, the private score was evaluated to be 2.29 m error, which was more enhanced than 
the original 3-5 m accuracy. 

5.8.1 Commentary on the results 

GNSS low-cost receivers often have limited channels and computational resources. Therefore, the 
complexity of the algorithm had to be kept modest. The proposed loosely coupled (GNSS/IMU KF-
RTS-ML) method made an acceptable performance in terms of accuracy, robustness, costs, timing, 
and integrity. Further validations and investigations should be performed to ensure the suitability of 
the method for real-time applications 

In the GSDC 2022 fnal published results, although the fnal place of our team ”DigiECO UVA” in 
the leaderboard was 69th out of 573, our method achieved mean accuracy of 2.291 meters which 
awarded our solution a Bronze Medal (Leaderboard, 2022), among others. From this result, it is 
very convincing that the proposed method (LC-GNSS/IMU/ML using MAP-PPK) can be used to 
improve the position estimation of smartphones accuracy. 
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6 LOW EARTH ORBIT SATELLITE BASED POSI-
TIONING 

The existing GNSSs are well established and widely used for high-precision outdoor positioning 
across various consumer segments. They offer global coverage in the most densely populated re-
gions on Earth and they exhibit excellent availability and interoperability, often collaborating with 
SBAS. However, GNSS systems operate at much higher altitudes, resulting in greater signal degra-
dation from various communications and atmospheric factors. Additionally, the high altitudes limit 
the signal ability to penetrate indoor spaces due to substantial shadowing effects caused by obstruc-
tions. Also, GNSS signals are susceptible to manipulation, making them vulnerable to jamming 
and spoofng. Therefore, exploring new satellite-based methods to address these GNSS limitations 
through reliable positioning is a worthwhile endeavor. 

In this chapter, the potential of achieving reliable positioning solutions from LEO satellites is dis-
cussed to create a new navigation method that mitigates GNSS shortcomings for outdoor applica-
tions. The content within is retrieved from publications [P7]–[P10]. First, the topic was introduced 
and surveyed in publications [P7] and [P8], respectively. Then, a proof of concept for the new 
method was rendered in publication [P9]. Finally, the proposed method was tested and validated 
using simulated data on real trajectories in publication [P10]. 

6.1 Introduction to LEO–PNT 

In recent years, there has been a noticeable surge in interest surrounding LEO-PNT methods, largely 
driven by the number of LEO satellites in Earth’s orbits. The primary objective of LEO-PNT as 
a research track is to complement existing GNSS by providing enhanced navigation capabilities in 
challenging scenarios. This includes autonomous navigation, urban environments, areas with dense 
forest canopies, and even indoor spaces. Most LEO-PNT techniques typically rely on the deploy-
ment of dedicated LEO satellite missions, which can be a costly and resource-intensive endeavor. 
However, a notable exception to this paradigm is the emergence of MIMO beam ID-based methods, 
as frstly introduced in publication [P7] and discussed in Section 6.2. These innovative techniques 
enable opportunistic utilization of data transmitted by any available LEO satellite. Enhancing not 
only the sustainability of space-based exploitation, but also fostering a more adaptive approach to 
LEO-PNT. 

In the past few years, LEO potential in the context of positioning and localization has also started to 
be investigated, and the LEO-PNT concept has emerged. There are three approaches to the use of 
LEO constellations for positioning: 

1. SoO approach: LEO signals as signals of opportunity (SoO). No specifc positioning signals 
are transmitted and the burden of the PNT engine is at the receiver end. Measurements such 
as: AOA, RSS, or Doppler shifts can be used. 

2. Modifed-payload approach: modifcation of the LEO transmitter payload to support posi-
tioning signalling. GNSS receivers can also be installed onboard the satellites and GNSS-like 
signals can be rebroadcast in other frequency bands. This can be seen as a ”parasitic” solution 
to LEO signal payloads. 

3. Dedicated LEO-PNT approach: New LEO-PNT systems with optimized design parameters 
for positioning and navigation targets (e.g., (Ç elikbilek, Saleem, Morales Ferre, Praks, & 
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Lohan, 2022)). 

Dedicated LEO-PNT systems often provide with the highest accuracy among LEO-PNT methods. 
They require on-board instruments dedicated to providing positioning signals from LEO satellites. 
Ground users are capable to retrieve GNSS-like observations (pseudoranges and carrier phases) 
and apply typical GNSS positioning strategies, such as PPP (Ge et al., 2022; M. Li, Xu, Guan, 
Gao, & Jiang, 2022). Remarkable efforts have been made to develop dedicated LEO-PNT sys-
tems by Xona Space System (Rainbow, 2022), the European Space Agency (ESA) (Knight, 2022), 
CENTISPACETM (L. Chen et al., 2023), and the indoor navigation from CubeSat technology (IN-
CUBATE) project (INCUBATE, 2022). 

SoO opportunistic methods do not involve the transmission of specifc PNT messages to users. Con-
sequently, users have no access to precise information regarding satellite orbits and timing. They are 
often relying on simplifed ephemeris data such as two-line elements (TLE) (Farhangian & Landry, 
2020; Khalife & Kassas, 2019; Tan, Qin, Cong, & Zhao, 2020). The most common observation is 
the Doppler shift, providing similar capabilities to the Transit mission (Psiaki, 2021), which was one 
of the earliest operational satellite-based navigation systems. Presently, numerous studies delve into 
the potential of opportunistic techniques involving Doppler shifts. The overall accuracy achieved 
through these methods typically vary within the range of 7 meters to 1000 meters (as discussed in 
publication [P8]), depending on factors such as the estimation procedure employed, the environmen-
tal conditions surrounding the receiver, and the extent of satellite constellation coverage. 

The new method presented in Section 6.2 can be applied by both dedicated and opportunistic LEO-
PNT systems. A preliminary study stated in publications [P7] and [P9] suggested that LEO satellite 
beamforming loops should be given unique identifers (IDs) in the downlink (DL) super-frames to 
allow users to perform passive positioning. Whereas, the beam IDs can be used as tokens to fetch 
the satellite ephemeris (time stamped position in orbit), satellite orientation, and massive MIMO 
(mMIMO) beam pattern information from the satellite vehicle (SV). Subsequently, the beams’ foot-
prints (coverage area) on Earth can be estimated, providing a way to perform user multilateration. 
This positioning method is not dependent on accurate RSS values, time corrections, or other mea-
surements, but it requires dense satellite constellations. It cannot provide precise time information, 
yet. 

6.2 Massive MIMO in the context of LEO–PNT 

The introduction of mMIMO antennas in LEO satellites are under deployment. Currently, only few 
to none of the existing satellite constellations are MIMO-capable, but it is expected that many future 
LEO constellations are to be equipped with such technology in the following years. Numerous re-
search efforts have been put into this topic due to the merits that it offers, including better throughput, 
higher capacity, and enhanced quality of service (You et al., 2020). 

mMIMO differs from MIMO in terms of the number of onboard antenna elements. mMIMO is im-
plemented by employing 1024 or more antenna elements that are separated by a distance equivalent 
to half the wavelength (You et al., 2020; Y. Zhang et al., 2021). From an opportunistic perspec-
tive, both MIMO and mMIMO signals can be exploited to provide location information based on 
the beamforming loop IDs. When the number of beams increases as in mMIMO, the positioning 
resolution is expected to improve. 

The congregation of beams from many satellites generates a combined beam footprint that comprises 
numerous intersections of beams even for a single satellite vehicle. The more satellites there are 
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illuminating the location of the user terminal (UT) and the smaller the beams are in radius; the 
smaller the intersections are and the more accurate the positioning estimate is. In each intersection, 
a particular combination of beam IDs can be detected. By knowing the trajectory and the beam 
footprint patterns of LEO satellites the vector of beam IDs can be used as the key to extract the 
position estimates from the time-stamped geo-location information of the beam footprints whenever 
detected by the UT. 

The number of major beams (loops) produced by a single satellite vehicle will depend on the adopted 
scheme of beamforming in the mMIMO system. Based on the reviewed literature (Ayach, Rajagopal, 
Abu-Surra, Pi, & Heath, 2014; Molisch et al., 2017; Palacios, Gonzalez-Prelcic, Mosquera, Shimizu, 
& Wang, 2021), the hybrid beamforming scheme can provide a control over the beam pattern by 
exploiting the advantages of both analog and digital beamforming schemes. In the method, the 
mMIMO array is divided into sub-arrays, where each sub-array is connected to a RF chain in order 
to produce one steerable main beam whose radius is also controllable. For the hybrid beamforming 
scheme presented in Figure 32, the number of the major beams is proportional to the number of the 
allocated RF chains. 
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Figure 32. Block diagram showing the scheme of hybrid mMIMO beamforming. 

6.3 A new positioning paradigm via LEO–MIMO 

This section states the foundations upon which the future implementation of the LEO positioning 
concept and the research simulation environments are constructed. The main objective is to inves-
tigate the suitability of MIMO beamforming loops to be regarded as geographical pointers. The 
identifcation of those pointers, in addition to the geographical defnition of the beam footprints on 
Earth’s surface, shall grant UTs the ability to estimate their positions. The estimation of the UT 
position is then an optimization task with respect to the vector of the detected beam IDs. In other 
words, the beams that are incident from LEO satellites will be used as cues to determine the location 
of the receiver, by solving and optimizing the geometrical problem with known satellite trajectories. 

The proposed positioning method requires two types of information datasets: 1) The static datasets 
that provide fxed information about LEO satellites, e.g., the onboard antenna attributes, the beam 
patterns, and the beam identifers. 2) The dynamic datasets that deliver time-stamped information 
on the location of the satellites and their beams. The detail level of the information on the beams and 
their footprints on Earth can vary. The minimum requirement is to know the locations of the beam 
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centers (on Earth) for a given time instant. In this study, the beam radii are assumed to be known to 
the receivers. 

When a UT receives signaling (or a handshake) from LEO satellites, it decodes the received frames 
to fnd the beam identifers. With those beam IDs, the UT retrieves the satellite datasets. Based 
on the geo-location information of the detected beam footprints, the UT is able to multilaterate 
its own position, as illustrated in Figure 33. Thus, the positioning solution is tangible even with 
one beam only, however, the congregation of more beams from more LEO satellites shall result in 
more resolution (i.e. positioning accuracy). Moreover, improved accurate position estimates can be 
achieved by excluding the undetected footprints, as explained in Section 6.4.3. 
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Figure 33. A new LEO-based positioning method from MIMO beam footprints. 

The transmitted beam pattern and the geometry between the satellite and the UT infer -to a large 
extent- the projected shapes of beam footprints. As the positioning concept relies heavily on the 
information of the beam footprints, essential geometrical and geographical parameters are illustrated 
in Figure 34. They are, e.g.: the elevation angle, the satellite orbital inclination plane, the beams 
patterns, and the attributes of the beam conic shape. 

In Figure 34, the following aspects are illustrated: (a) Satellite orbital plane inclination with respect 
to Earth’s axis. (b) The satellite mesh coverage in terms of interlocked MIMO beam footprints. (c) 
MIMO beam geometry is approximated to a conic shape when received on Earth’s surface. 

The orbital inclination angle and the altitude (see Figure 34a) are the primary attributes to determine 
the coverage area of a satellite. When it comes to satellite constellations, the objective is to optimize 
both aspects so that satellites maintain a constant occupation over the regions of interests (ROIs). 
The transmitted pattern and the elevation angle control the shape of the projected beam footprints 
(see Figure 34b). The instantaneous orientation of the satellite and Earth’s topology also affects the 
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Figure 34. Illustration depicting the satellite-to-Earth geometry. 

footprint shape, among other factors. Beamforming parameters and attributes of antennas determine 
the transmitted pattern, which also can be designed in the form of fxed or steerable circular foot-
prints (Palacios, Gonzalez-Prelcic, Mosquera, Shimizu, & Wang, 2021; Palacios, González-Prelcic, 
Mosquera, & Shimizu, 2021). 

The locations of beam footprints can be predicted once the transmitted patterns and the instanta-
neous values of the satellite-to-Earth geometry are known. However, the computational complexity 
increases depending on the required detail level of the footprints and the number of variables in-
volved. Therefore, assuming a fxed pattern and identical beam shapes would ease the computational 
burden. 

6.3.1 Advantages 

This novel beam ID-based positioning method provides numerous advantages to the realm of location-
based services, research, and applications. Due to its simplifed system layout and utilization of 
opportunistic LEO signals, the beam ID-based method is expected to gain popularity across user 
segments whenever the technical base requirements are met. 

The beam ID-based method offers better SNR or RSS compared to signals from GNSS due to the 
closer proximity of LEO satellites to Earth. Moreover, it refrains UTs to use any kind of high-
sensitive receivers as they will be passively receiving beam IDs (only) without the need for going 
through the data payloads. This SoO approach can lead to signifcant reductions in overall costs 
by diminishing the fnancial burden associated with sophisticated equipment, as in conventional 
positioning systems. 

Additionally, the beam ID-based approach is resilient towards signal degradation due to path losses 
and interference. Because the positioning estimation does not require perfect line of sight, it does 
not require signal reception at certain circumstances. The methodology’s performance maintains its 
robustness even under extreme conditions, ensuring the continuous availability of positioning data. 
Besides, the system can have good performance in scenarios characterized by unfavorable GDOP 
profles, something that is not achievable with GNSS. 

6.3.2 Challenges 

Intrinsic concerns are expected to challenge the beam ID-based positioning method and impair its 
operation. For example, the realization of hybrid mMIMO beamforming onboard LEO satellites is 
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already complicated due to massive antenna elements required to be planted on small-sized LEO 
satellites, something that may also limit the vehicle’s power budget. With optimal designs and suit-
able telecommunications solutions, the mMIMO link budget can be adjusted to provide the minimum 
acceptable level of beam coverage to the regions of interest on Earth. 

LEO satellites are not owned by a single entity but by several tens of governments and corporations, 
which shall compromise the interoperability between LEO constellations. Hence, entities who own 
the mMIMO-equipped LEO satellites should follow with the prescribed technical specifcations for 
their constellation beam footprints in order to allow performing positioning estimations. 

Sharing accurate LEO constellation ephemeris and their fxed beam footprint patterns also remains as 
a major concern, because technical data sharing is not an appealing matter for most private satellite 
operators. However, it can be granted with the appropriate measures to be taken, also with the 
expected revenue streams from the corresponding customer segments who are targeted with such a 
positioning service. To resolve this issue, new independent vendor entities may emerge to bind all 
LEO constellation operators together in order to handle data sharing and manage the execution and 
delivery of this positioning service between the users and the operators. 

6.4 Technical considerations 

As described in Section 6.3, the proposed positioning process is based on the congregation of 
beams from LEO satellites resulting in inevitable geometrical intersections between all beam pat-
terns that are being received. This leads to solving the positioning estimation problem via geometry 
algorithms. Figure 35 summarizes the entire positioning process using beam IDs from mMIMO-
equipped LEO satellites. 

RSS from LEO
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No

Received 

Beam ID ?

Retrieve 

informationBeam_ID Estimate UT

position
Infer all beam

footprints

Positioning
algorithm(s)

T-orbit position

Beam patterns

Online LEO

Offline LEOs database

Start

Sensor fusion
techniques

End

Figure 35. Flowchart of the beam ID-based positioning method. 

For the method to be effcient and viable, the beam patterns of LEO satellites should have fxed 
shapes (known to the users or the positioning engine) and intersect other beams within the same 
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pattern, like an overlapping mesh shape. Whenever the UT receives LEO-mMIMO satellite commu-
nications, it should be able to extract each beam’s unique ID. The IDs serve as tokens to fetch more 
information about the transmitting satellite vehicle, LEO constellation, shape of the beam footprint 
pattern, timestamped location of the satellite vehicle, and expected beam footprint geographic tra-
jectory on Earth’s surface. Eventually, by receiving just one beam ID only from one LEO satellite, 
the UT can still infer information about its location on Earth with maximum error equivalent to the 
radius of the received beam footprint. 

6.4.1 Transmitter aspects 

LEO satellite constellations should be equipped with 1024 or more antenna elements because the 
best case scenarios is to have more beams per a satellite, which require massive numbers of antenna 
arrays. Optimally, the transmitted pattern would be fne-tuned to serve the UTs in the desired ROI. 
This can be achieved by designing the mMIMO codebook and the RF link budget to produce reliable 
RSS and SNR levels on Earth’s surface. 

In practice, the skies will bear numerous corporate-owned satellite constellations during the next 
decade(s), implying that interoperability is not guaranteed. Fortunately, the proposed concept can 
perform without interoperability as long as the satellite information datasets are kept open access. 
Corporations can withhold the payload dataframes (e.g. broadband data) from non-subscribers, 
while allowing any receiver to access the beam IDs during the signaling phase. This will lead to the 
establishment of positioning systems that utilize most of LEO constellations. 

As for the coverage aspects, an optimum LEO satellite constellation was proposed to cover the planet 
in publication [P8]: a minimum of 400 SVs placed at 600 km in altitude, and a minimum of 10 
orbital planes inclined at no less than 72◦ . The same altitude was prescribed in (Caus, Perez-Neira, 
& Mendez, 2021) to design a beam pattern that has interlocked footprints. The number of major 
beams produced by a single SV will depend on the adopted scheme of beamforming. According 
to the reviewed literature (Ayach, Rajagopal, Abu-Surra, Pi, & Heath, 2014; Molisch et al., 2017; 
Palacios, Gonzalez-Prelcic, Mosquera, Shimizu, & Wang, 2021), the hybrid beamforming scheme 
is promising in providing control over the beam pattern. 

6.4.2 Channel model and user segment 

Realistic channel models for mMIMO hybrid beamforming communications were presented in 
(Khalife & Kassas, 2019; Molisch et al., 2017; Palacios, Gonzalez-Prelcic, Mosquera, Shimizu, 
& Wang, 2021; Palacios, González-Prelcic, Mosquera, & Shimizu, 2021), whereas in this study, a 
perfect channel is assumed for simplicity and primarily proving the concept. It is intended to perform 
more deep studies concerning the telecommunications aspects in future researches. In addition, the 
user segment (receiver end) is assumed to be a non-MIMO receiver (non-directed receiver pattern) 
throughout this study. 

The most important issue for UT is the ability to read signals from many LEO satellites simulta-
neously and to fetch their beam IDs. UTs can either use embedded resources or cloud services for 
positioning. If embedded resources suffce, positioning would be totally passive i.e. UTs would not 
consume energy for uplink. 
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6.4.3 Positioning methodology 

The positioning methodology is based on: 1) the information on the boundaries of the individual 
beam footprints, 2) operations of mathematical set, and 3) computation of the center of gravity 
(CoG) of an area. 

The beam footprints form sets of coordinates. The intersection of the sets that represent the detected 
beams yields the region, inside which the receiver must be located (i.e., the 100% confdence set), 
simply because the receiver has been able to detect those beams in the frst place. By subtracting 
sets that represent the adjacent undetected beams from the intersection set, the size of the confdence 
set can be decreased. The two variants of positioning methodology are: ALG. A: that utilizes only 
the detected beams, while ALG. B: that uses subtraction to enhance the position estimates. 

Upon receiving a LEO satellite signal with a decoded beam ID, the UT starts to search the available 
open-access databases for the satellite vehicle carrying this beam, and its current location. The same 
procedure is done with every other beam ID received by the UT. In the end, the UT shall combine 
all gathered information from all the received beam IDs in order to pinpoint its position on Earth’s 
coordinates. 

The chosen way of integrating the positioning information is by assuming that the UT lies at the 
CoG of the intersection area of all the detected beams. This is what was termed as the algorithmic 
method of ”A” or ”ALG. A”. CoG is based on a simplifed presumption that the receiver can be 
located at any point inside the confdence set with an equal probability. In that case, the CoG of 
the confdence set can be regarded as an optimal point estimate since it minimizes the sum of the 
squared errors. 

By knowing the whole beam patterns of all received LEO satellites, the information about the absent 
undetected beams can be included in the calculations to omit their geographical footprints from the 
beam pattern. This leads to a smaller region of intersection than the region resulted from ALG. A and 
better mean accuracy. Consequently, the algorithmic method ”B”, or ”ALG. B”, should outperform 
ALG. A in terms of precision and accuracy. Figure 36 describes both ALG. A and ALG. B with 
graphical illustration. 

A) Considering detected beams only B) Considering all beams (undetected as well)

Estimated region

Estimated position

Estimated region

Estimated position
Detected

Undetected
Undetected

Detected

Beam IDs 

Detected

Excluded
Excluded

Detected

Beam IDs 

Figure 36. Two positioning method variants to utilize the information of the beam 
footprints. 
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Figure 36a shows how ALG. A exploit the intersection of the footprints of detected beams to de-
termine the area where the receiver can be located. Figure 36b shows ALG. B which considers the 
nearby undetected beams. Thus, the bounds for the location estimation can be decreased by subtract-
ing the footprints of the undetected beams from the intersection region that was defned by ALG. 
A. 

ALGs A and B can be defned using mathematical sets and set operations, also known as morphol-
ogy in image processing. Let D(t) and U(t) be the sets of detected and undetected beam IDs, 
respectively, for time instant t. Moreover, let c(i, t) be a function that returns the East North (E-N) 
coordinates of the center of the beam footprint of beam i at time instant t. Similarly, R(i, t) returns 
the radius of the beam. Mathematical set Ai(t), which includes all locations x (in E-N coordinates) 
inside the beam footprint of beam i, can be represented as in Equation (6.1). 

Ai(t) = {x |∥ x − c(i, t) ∥< R(i, t)}. (6.1) 

Now, the intersection I(t) of all Ai(t) of the detected beams is a set of E-N coordinates, i.e., an area, 
where the UT must be located. The intersection is determined by Equation (6.2). 

\ 
I(t) = Ai(t). (6.2) 

i∈D(t) 

If the UT was outside the intersection area, it would not detect all the beams in D(t). On the other 
hand, the UT can be anywhere in I(t), and without any additional information (e.g., signal strength 
or information of the undetected beams) each location x in I(t) is equally probable. Therefore, the 
ideal point estimate for the position of the UT is the CoG of the intersection with uniform mass 
density. This is the ALG. A, as defned in Equation (6.3). 

‚ 
xdx 

x∈I(t)
ALG.A(t) = ‚ . (6.3)

dx 
x∈I(t) 

where closed integration is done over the entire area of intersection. 

The locations of the undetected beams are utilized to shrink the area of possible UT locations. The 
footprints of the undetected beams can be subtracted from intersection I(t) used by ALG. A. The 
shrunk intersection IB (t) can be obtained by subtracting the union of the undetected beams from the 
intersection of the detected beams, as given in Equation (6.4). 

[ 
IB (t) = I(t) − Ai(t). (6.4) 

i∈U (t) 

Finally, the CoG of set IB (t) is the output of ALG. B, as given in Equation (6.5). 

‚ 
xdx 

x∈IB (t)ALG.B(t) = ‚ . (6.5)
dx 

x∈IB (t) 
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6.4.4 Positioning algorithms 

The positioning techniques carried out by the beam ID-based positioning from LEO satellites (e.g. 
ALG. A, ALG. B) are not suffciently accurate or reliable for all positioning applications. Hence, 
post-processing algorithms are to be used for more precise positioning results. 

The rough estimations carried out by ALG B, are imported to a set of algorithms to further refne 
the fnal positioning estimations. Some processing steps are done at the local level (per data source 
e.g. either LEO or IMU) and the global level (sensor data fusion of both LEO/IMU). This strategic 
approach was undertaken with the primary goal of enhancing the accuracy of positioning estima-
tions, ensuring that the fnal estimates are more precise and reliable. A bank of algorithms is used to 
overcome this issue. 

The selected post-processing algorithms were: DR, EKF, and RTS, similar to the used algorithmic 
suit in Chapter 4. The DR algorithm was used as backup in cases of communication loss or data 
interruptions due to sensor drifts, signal attenuation, or NLOS epoch, to fll the null posterior state 
based on non-null prior information. The EKF was used as a fusion flter to combine information 
from the rough LEO positioning estimations carried out by ALG B and inertial information (accel-
eration data) from IMU. Finally, the RTS smoother was adopted to fne-tune the output trajectory by 
applying recursive smoothing to the EKF outputs. 

6.4.5 Evaluation metrics 

To construct a valid assessment on the LEO satellite beam ID-based positioning method, several 
performance metrics are used. Having the error distributions compiled for most scenarios, the fol-
lowing evaluation metrics are computed numerically: MAE, RMSE, and p95% positioning error. 
Moreover, the route comparisons in both the x-y coordinates (British national EPSG:27700) and the 
world’s geodetic system (WGS84) of Earth coordinates were sketched, in addition to rendering CDF 
plots for the real scenario (i.e. Scenario 3). It is believed that those metrics will suffce to verdict the 
method from the perspectives of: the feasibility to the operator, and to the benefciary user. 

6.5 Simulation setup and attributes 

The simulation is done in Matlab (R2022b). The objective is to model beam ID-based positioning 
and its accuracy with realistic future mega-constellations of LEO satellites. In the simulation, both 
UTs and satellites move with a temporal resolution of 1 second. The total simulation time is 1,200 
seconds, i.e., 20 minutes, which mostly suite the existed computation capabilities. 

The simulation model has the following characteristics, simplifcations, and presumptions: i) There 
are several LEO constellations that are launched in sequence. Thus, it is possible to analyze how the 
accuracy of the positioning method evolves as new constellations with more advanced beamforming 
capabilities are introduced. ii) The positions of the satellites relative to the UT are calculated using 
a local planar coordinate system, i.e., the curvature of Earth around the UT is neglected. iii) Each 
beam has a circular footprint on Earth (more specifcally, on the plane around the UT), despite 
varying elevation angles. iv) If the UT is inside a beam footprint, it recognizes the beam ID with 
a 100% probability. If the UT is outside a beam footprint, it recognizes the beam ID with a 0% 
probability. v) The UT can read all available beam IDs at the same time, i.e., the satellites and the 
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beam footprints do not move while reading the beam IDs. 

6.5.1 Modelling the beam footprint patterns 

A LEO satellite transmits several beams that form a regular beam footprint pattern on Earth. For 
every satellite from a satellite constellation, all beams have identical radii, R, and the centers of the 
adjacent beam footprints are separated by 1.5R, i.e., the adjacent beams partially overlap. Different 
constellations have different beam footprint radius. When several satellites transmit their beams at 
the same time, the beam footprint patterns overlap. A schematic example (with a reduced number of 
beams for clarity) of a combined beam footprint pattern is shown in Figure 37. 

(a) Arbitrary beam footprints from various 
LEO satellite constellations covering a 
given region. 
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(b) Arbitrary location estimation (red dot) 
based on detecting the inbound LEO 
beam IDs by a user receiver (black dot) 
placed at (0,0). 

Figure 37. Illustrating the concept of combined LEO beam footprint patterns. 

In more detail, the total beam footprint pattern is computed as follows: 

• i) Read the orbital positions (x, y, z) - given in ECEF coordinates - of the satellites for all 
simulation time steps from h5 fles. 

• ii) Set the origin of the local East North Up (ENU) coordinate system to the position of the 
UT at simulation time t = 0. Denote that position as: (lat0, lon0, h0). In the experiments 
h0 = 0. Note that if the UT moves during a simulation run, its frst position is still the origin 
of ENU in the setup. 

• iii) Convert the orbital positions of the satellites to ENU coordinates, in Matlab, as follows: 
[E,N,U] = ecef2enu(x,y,z,lat0,lon0,h0,spheroid), where spheroid = 
wgs84Ellipsoid (a Matlab constant). 

• iv) Discard beams for which U < 0, because they are not located above the UT but below 
the EN-plane and even at the opposite side of Earth. 

• v) Determine the Earth-projections of the satellites by setting U = 0 in ENU coordinates. 
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• vi) Place the beam centers of the footprint patterns symmetrically around the Earth-projection 
of the satellites (see a random set of beam footprint patterns in Figure 37). 

• vii) Finally, rotate the beam footprint patterns in the EN-plane with a satellite-specifc random 
angle θ ∼ Uniform(0, 2π). The rotation is done in homogeneous coordinates around the 
Earth-projection of the satellite denoted by (Ep, Np). The new position (E2, N2) for beam 
center (E1, N1), is obtained by Equation (6.6). 

    
E2 E1 

N2
 = T N1

 . (6.6) 
1 1 

where the transform matrix T is obtained as the product of translation and rotation matrices in Equa-
tion (6.7). 

      
1 0 Ep cos(θ) −sin(θ) 0 1 0 −Ep 

0 1 Np  T = sin(θ) cos(θ) 0 0 1 −Np . (6.7) 
0 0 1 0 0 1 0 0 1 

6.5.2 Realization of positioning methodologies 

The objective of a positioning technique is to give an optimal position estimate for the UT in the 
local ENU coordinates. The proposed estimation algorithms use the following measurements: 

• i) detected beam IDs 

• ii) current simulation time 

In simulation, beam detection is simply solved by comparing the beam radius Ri, for beam i, to the 
distance from the after-rotation beam footprint center (Ei, Ni) to the UT location (EUT, NUT) as in 
Equation (6.8). 

p
disti = (Ei − EUT)2 + (Ni − NUT)2 . (6.8) 

If disti < Ri, beam i is detected. The comparison is done for every beam and every simulation time 
step. Simulation time is an integer loop index variable. 

Based on these measurements, the following information is retrieved: 

• iii) all undetected beams that may intersect with the intersection of the detected beams 

• iv) the radii of the beam footprints 

Step iii) is used to initially reduce the number of beams for the computation of the morphological 
operations that are computationally expensive. In simulation, the true UT location is known as a 
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priori information; hence, it is possible to compute the distance to the UT. In simulation, the beams 
for which the distance to UT is larger than 3Ri are discarded. 

The intersection of the beams is computed using Matlab polyshapes, which are 2-dimensional polyg-
onal shapes that are defned by vectors of vertex points. The circular beams are thus created using 
samples from the border of the beam footprints. First, angles from 0 to 2π are sampled uniformly: 
rad=linspace(0, 2*pi-(2*pi/samples), samples), where samples=1000. Sec-
ond, the coordinates of the border, denoted by Eb and Nb, are computed. For beam i this is done 
by: Eb = R(i)*cos(rad) + E(i) and Nb = R(i)*sin(rad) + N(i), where R(i) 
is the beam footprint radius and E(i) and N(i) give the beam center location. Finally, the 
polyshape struct of the beam footprint is created from the border coordinates as follows: beam 
= polyshape(Eb, Nb). 

The intersection (IS) of the beam footprints is computed directly and effciently from the array 
of polyshapes representing the detected beams: IS = intersect(beams). The output 
of ALG. A, i.e., the position estimate, is the CoG of the intersection area of the detected beams: 
[CoGE,CoGN] = centroid(IS). The intersection of several detected beams and its CoG is 
demonstrated in Figure 38a. 
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(a) Footprint pattern of only detected beams 
by the receiver (black triangle) located at 
(0, 0). The confdence set (gray area) and 
the estimated user position (green 
triangle) obtained by ALG. A. 
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(b) The same footprint pattern showing 
confdence the set and estimated user 
position by ALG. B. Red arcs are those 
undetected beams that were subtracted 
from the confdence set. 

Figure 38. Effect of beam exclusion on confdence set and positioning accuracy. 

When it comes to ALG. B, the undetected beams are subtracted from the intersection as explained 
in Section 6.4 and demonstrated in Figure 38b. For computational effciency, subtraction is done 
iteratively and only for those undetected beams that intersect with the current intersection (IS). The 
implementation of subtracting beam i is as follows: 

• i) Find such a vertex of the current intersection that is the nearest to beam center i: 
[vertexid,boundaryid,ind] = nearestvertex(IS,E(i),N(i)). 

• ii) Find the respective E-N coordinates of the nearest vertex: Enear = 
IS.Vertices(vertexid,1); Nnear = IS.Vertices(vertexid,2). 
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• iii) Compute the Euclidian distance from the nearest vertex to the beam center. 

• iv) If the distance is smaller than the radius of the respective undetected beam, create a new 
polyshape and subtract it from the current intersection to obtain a new current intersection: 
IS = subtract(IS, undetectedbeam). 

• v) Repeat steps i-iv until no more undetected beams are available. 

• vi) Finally, compute the center of gravity of the residual intersection with function centroid. 

6.5.3 Generating LEO satellite constellations data 

The LEO satellite mega-constellations were reproduced with an in-house simulator tool, named 
LEO-S9 (LEO simulator with 9 modules). The LEO-S9 tool is fexible to create a variety of space 
segment scenarios, including diverse dynamics and instruments specifc to LEO satellites. The main 
relevant points simulated with LEO-S9 in this work included the orbit altitude, inclination, veloc-
ity, constellation topology, and initial design. The constellation progress with time was reproduced 
considering the Cowell numerical integration, Earth’s gravity, J2 Oblateness effect, third body at-
tractions, solar radiation, and atmospheric drags. A walker delta topology was selected to keep a 
symmetric coverage. 

The simulation was built by considering the present status and coming developments in LEO satellite 
missions. Table 7 provides an overview of the primary missions and associated orbit parameters that 
were considered in this study, and the generation of LEO satellite constellation data. 

To assess the performance of the proposed method across various LEO coverage scenarios, simula-
tions for 13 distinct case scenarios were conducted, each denoted as experimental cases 1 through 
13. In the initial case, 3000 satellites were simulated, covering a diverse combination of all identi-
fed missions. Then, about ∼1000 satellites were incrementally added into the simulation for each 
subsequent case. Notably, experimental case 13 assumed the operation of a total of ∼15000 LEO 
satellites. Each constellation of the 13 generated scenarios has a suffcient coverage to serve the most 
populated areas of Earth. While this may seem ambitious, it is a foreseeable scenario in the forth-
coming years. On the other hand, the test case scenarios are numbered 1–4, to cover three modes of 
motion: stationary, linear, and nonlinear motion. 

Table 7. Status and orbit parameters of the current and planned LEO 
constellations. Values based on (Pinell, Prol, Bhuiyan, & Praks, 2023). 

Mission Altitude [km] Inclination [°] N. Sats. 
OrbComm 740 - 875 45, 70, 72 47 
Globalstar 1400 52 48 

Iridium 625, 720 86 66 
Telesat 1015, 1325 51, 98 1671 
Kuiper 590 - 630 33, 42, 52 3236 

OneWeb 1200 40, 55, 88 6372 
Starlink 540 - 570 53, 70, 98 > 10000 

The parameters of the generated LEO satellite constellations (number of satellites, number of beams 
per satellite, the radii of the beams, and the spacial separation of the beams) for motion Scenarios 
1–3 are given in Table 8. The adjacent beams centers were separated by 1.5 × Rbeam for all con-
stellations, satellites, and beams. This separation value was set in order to impose large-sized beam 
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intersections needed for the beam ID-based positioning method to have suffcient overlapping of 
beam congregations. Whereas, the increased overlapping incidents from more beams shall result in 
better accuracy. 

Table 8. LEO satellite mega constellation parameters for motion Scenarios 1–3. 

Const. Sats. Beams/sat. Rbeam 
1 3000 3 × 3 200 km 
2 4050 3 × 3 150 km 
3 5040 3 × 3 140 km 
4 6048 4 × 4 130 km 
5 7020 5 × 5 120 km 
6 7992 6 × 6 110 km 
7 9012 7 × 7 100 km 
8 10002 8 × 8 90 km 
9 11052 8 × 8 80 km 
10 12072 8 × 8 70 km 
11 13032 8 × 8 60 km 
12 14004 8 × 8 50 km 
13 15084 8 × 8 40 km 

Based on the illustration shown in Figure 39, the coverage area of a single LEO satellite can be 
evaluated from Equations (6.9), and (6.10). The coverage area is divided into smaller beamforming 
loops according to Equation (6.11). 
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Figure 39. Coverage area of a single LEO satellite with MIMO beams. 

First, the coverage geometry is approximated to the relation in Equation (6.9) (Wertz, for Space 
Technology (U.S.), & (U.S.), 2001). 
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cos(ϵ) 
cos(θ + ϵ) = , (6.9)

h1 + RE 

whereas θ is the central conic angle in radians measured from Earth’s center, ϵ is the elevation angle 
of the viewing cone of the satellite, h is the altitude of the LEO satellite, and RE is Earth’s radius. 

Considering higher and moderate elevation angles (e.g: 45◦ ≤ ϵ ≤ 135◦), therefore, the coverage 
area A can be evaluated approximately from Equation (6.10). In which, the shape of the LEO 
satellite coverage area is approximated to be equivalent to the shape of a spherical cap (Harris & 
Stöcker, 1998), enclosing θ as the central angle. 

A = 2π R2 
E (1 − cos(θ)), (6.10) 

where θ is the central angle, and A is the coverage area approximated as a spherical cap shape. 

For MIMO implementation in Figure 39, the radii of beamforming loops can be approximately 
determined from the evaluated LEO satellite coverage area as in Equation (6.11). 

A ≈ (2RB + (M − 1) × 1.5RB )
2 . (6.11) 

where A is the coverage area, RB is the beam radius, and M is the squared size of MIMO (M ×M ). 

To summarize, the derived Equation (6.11) is used to determine the required size of MIMO an-
tennas M and the corresponding beam radii RB , in order to maintain the full coverage from LEO 
constellations and also facilitate the new positioning methodology. 

6.6 Simulation experiments 

Each experiment consisted of several simulation runs with changing parameters depending on the 
objective of the experiment. A simulation run always consisted of 1,200 time steps with a 1-second 
resolution. The rotation angles of the beam footprints were randomized for each simulation run, but 
kept constant during that run. 

Each simulation run generated a time series of 1,200 seconds (i.e. 20 minutes) with the following 
data felds: true position in (E, N), estimated position by ALG. A in (E, N), estimated position by 
ALG. B in (E, N), positioning error, number of detected beams. 

6.6.1 Variation of error metrics 

The objective of the frst experiment was to evaluate the confdence intervals of the error metrics. 
It was done by measuring the standard deviation of the error metrics while varying the location of 
the user terminal. To be precise, the sensitivity of the positioning error to the location of the user 
terminal was measured. Because the simulation model is computationally heavy, the confdence 
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intervals were evaluated separately for one set of simulation parameters, in contrast to repeating each 
experiment several times to obtain their standard deviation estimates individually. The procedure 
was as follows: 

1. Set the location of the UT as well as the origin of the ENU coordinate system to (latitude, 
longitude) = (37.773972, -122.431297), i.e., in San Francisco, California. 

2. Select and combine the frst three mega-constellations (see Table 8 for the constellation pa-
rameters). 

3. Run the simulation (i.e., 1,200 time steps) for both ALGs A and B., and calculate the error 
metrics. 

4. Move the UT by 0.1 degrees, i.e., about 11 km, to North. 

5. Repeat 25 times steps 3 and 4. 

6. Calculate the standard deviations of MAE, RMSE, and maximum error for ALGs A and B. 

6.6.2 Rationale of simulation scenarios 

Different use case scenarios were simulated: 1) stationary user terminal, 2) user terminal in slow 
uniform linear motion, 3) user terminal moving through a pre-defned a route, and 4) repeating 
Scenario 3 with mMIMO. For each use case, several simulations experiments were performed in 
order to evaluate the accuracy of the positioning method and algorithms when using realistic future 
satellite mega-constellations with MIMO capabilities. 

As presented in Table 8, the sizes of MIMO elements were randomized but kept under 8×8 for 
Scenarios 1–3 to simulate the least possible MIMO beamforming patterns from LEO constellations. 
However, the least best case scenario for MIMO elements is to be mMIMO (e.g. 1,024 antennas at 
least 32×32). 

6.6.3 Scenario 1: stationary user terminal 

When the user terminal does not move, it is possible to collect samples from the probability dis-
tribution of the true position. As LEO satellites move fast, the beam footprint pattern changes 
rapidly. Therefore, sampling positions with a 1 Hz rate is expected to give a time series without 
auto-correlation. If the positioning estimates are unbiased and uncorrelated, the mean value of the 
samples will converge towards the true position. This will be investigated experimentally using 
convergence time spans from 1 to 30 seconds. 

The procedure is as follows: 1) Set the location of the UT as well as the origin of the ENU coordinate 
system to (latitude, longitude) = (37.773972, -122.431297), i.e., in San Francisco, California. 2) 
Select the frst mega constellation. 3) Run the simulation for ALGs A and B. 4) Filter the time series 
of the estimated positions by unweighted sliding average flters of window lengths w = 1, 2, ..., 30, 
and calculate the error metrics of the fltered time series. 5) Select the next mega-constellation and 
combine it with the previous ones. 6) Repeat steps 3 to 5 until no more mega-constellations are 
available. 
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6.6.4 Scenario 2: slow uniform linear motion 

In Scenario 2, the user terminal moves with a constant speed of 1 m/s towards North-East. The initial 
position is at (latitude, longitude) = (37.773972, -122.431297), i.e., in San Francisco, California. 
This scenario corresponds, e.g., to a person walking or an autonomous vehicle driving slowly along 
a straight street. As the movement is easy to predict, it is presumed that the post-processing methods 
converge effectively towards the correct location. 

The procedure is similar to Scenario 1, except that the location of the user terminal is not fxed but a 
time series of 1,200 values and it is not meaningful to apply a sliding average flter to the time series 
of the estimated positions. 

In more detail, the procedure is as follows: 1) Defne the location of the UT as a time series: initial 
location at (latitude, longitude) = (37.773972, -122.431297) and movement of 1 m/s to North-East. 
Set the origin of the ENU coordinate system to the initial UT location. 2) Select the frst mega 
constellation. 3) Run the simulation for ALGs A and B. 4) Apply post-processing methods (see 
Section 6.4.4) to the time series of the estimated positions, and calculate the error metrics of the 
original and post-processed time series. 5) Select the next mega-constellation and combine it with 
the previous ones. 6) Repeat steps 3 to 5 until no more mega-constellations are available. 

6.6.5 Scenario 3: real nonlinear motion 

In Scenario 3, the user terminal moves along the predefned route shown in Figure 50, which is 
located in San Francisco, California – USA, as all the other experiments for good comparability. 
The test drive data was retrieved from Google competition 2022 (Howard et al., 2022), as seen in 
Figure 29. For this dataset, IMU data that was used for sensor fusion tests, was available. Scenario 3 
is used to evaluate the beam ID-based positioning method in a use case of real nonlinear movement, 
including periods of acceleration, deceleration, change of direction, as well as immobility. 

The procedure is as follows: 1) Defne the location of the UT as a time series using every second 
sample of the frst 2,400 samples, i.e. 1,200 samples from the GSDC data. Set the origin of the 
ENU coordinate system to the initial UT location with U = 0. 2) Select the frst mega constellation. 
3) Run the simulation for ALGs A and B. 4) Apply post-processing methods (see Section 6.4.4) to 
the time series of the estimated positions, and calculate the error metrics of the original and post-
processed time series. 5) Select the next mega-constellation and combine it with the previous ones. 
6) Repeat steps 3 to 5 until all mega-constellations are used. 

6.6.6 Scenario 4: real nonlinear motion with mMIMO 

This scenario was the repetition and reproduction of Scenario 3 but with mMIMO elements equipped 
in LEO satellite constellations. In which, the same LEO constellation sizes were used (i.e. 13 con-
stellations with the defned number of satellites per constellation in Table 8), however, the number 
of beams per satellite and the radii of the beams were changed to mMIMO beam confgurations. 

To this aim, several denominations of mMIMO-equipped LEO satellite constellations were used, 
namely Scenarios: 4a, 4b, 4c, 4d, and 4e. Such sub-scenario confgurations were set up to study 
and verify the feasibility of mMIMO beamforming for this positioning method, as demonstrated in 
Tables 9, 10, 11, 12, and 13. 
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a) 8 Constellations with minimal mMIMO 

Scenario 4a was meant to test the least possible resources of LEO satellites and mMIMO antennas. 
That is, the minimum requirements for the positioning method to function, which was known by 
conducting several trials and errors. Consequently, the size of LEO satellite constellations was kept 
at 8, which means that the total number of LEO satellites in Scenario 4a was the summation of all 
LEO satellites found in constellations 1–8 (i.e. a total of 52,164 satellites). 

As discussed in publication [P7] and Section 6.2, the least possible mMIMO confguration was 
known to contain 1,024 antenna elements, i.e. 32 × 32. Hence, the mMIMO beam confguration of 
Scenario 4a was ranged from 32 × 32 to 46 × 46 in an ascending order. As for the beam radii, they 
were approximately calculated from Equations (6.9), (6.10), and (6.11), as shown in Table 9. 

Table 9. LEO satellite confgurations of Scenario 4A. 

Const. Sats. Beams/sat. Rbeam 
1 3000 32 × 32 40 km 
2 4050 34 × 34 38 km 
3 5040 36 × 36 36 km 
4 6048 38 × 38 34 km 
5 7020 40 × 40 32 km 
6 7992 42 × 42 30 km 
7 9012 44 × 44 28 km 
8 10002 46 × 46 26 km 

b) 8 Constellations with maximum mMIMO 

In Scenario 4b, the same constellation size of Scenario 4a was used again but with the maximum 
possible mMIMO antennas confguration of 64×64. It is the size that can be accommodated onboard 
a small-sized LEO satellite, also it was the size that ftted the processing capabilities of the currently 
used simulator. The confguration parameters are given in Table 10. 

Table 10. LEO satellite confgurations of Scenario 4B. 

Const. Sats. Beams/sat. Rbeam 
1 3000 64 × 64 20 km 
2 4050 64 × 64 19 km 
3 5040 64 × 64 18 km 
4 6048 64 × 64 17 km 
5 7020 64 × 64 16 km 
6 7992 64 × 64 15 km 
7 9012 64 × 64 14 km 
8 10002 64 × 64 13 km 

c) 9 Constellations with minimal mMIMO 
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Scenario 4c was designed to test the effect of incrementing the LEO constellation size into 9 con-
stellations, which accommodated a total amount of 63,216 LEO satellites. The mMIMO beam 
confguration followed the same pattern of Scenario 4a, which started from 32 × 32 and so forth in 
an ascending order.The confguration parameters of this scenario are given in Table 11. 

Table 11. LEO satellite confgurations of Scenario 4C. 

Const. Sats. Beams/sat. Rbeam 
1 3000 32 × 32 40 km 
2 4050 34 × 34 38 km 
3 5040 36 × 36 36 km 
4 6048 38 × 38 34 km 
5 7020 40 × 46 32 km 
6 7992 42 × 42 30 km 
7 9012 44 × 44 28 km 
8 10002 46 × 46 26 km 
9 11052 48 × 48 24 km 

d) 11 Constellations with maximum mMIMO 

Scenario 4d employed 11 constellations, which accommodated a total amount of 88,320 LEO satel-
lites, and confgured with the maximum size of mMIMO beamforming, 64 × 64. The beam radii 
were evaluated and presented in Table 12. 

Table 12. LEO satellite confgurations of Scenario 4D. 

Const. Sats. Beams/sat. Rbeam 
1 3000 64 × 64 20 km 
2 4050 64 × 64 19 km 
3 5040 64 × 64 18 km 
4 6048 64 × 64 17 km 
5 7020 64 × 64 16 km 
6 7992 64 × 64 15 km 
7 9012 64 × 64 14 km 
8 10002 64 × 64 13 km 
9 11052 64 × 64 12 km 

10 12072 64 × 64 11 km 
11 13032 64 × 64 10 km 

e) 13 Constellations with maximum mMIMO 

Scenario 4e was developed to utilize the maximum available resources of LEO satellite constellations 
and mMIMO beamforming sizes. In which, the 13 constellations were used to provide 64×64 beams 
from each of the 117,408 LEO satellites. Hence, the beam radii were computed as given in Table 13. 
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Table 13. LEO satellite confgurations of Scenario 4E. 

Const. Sats. Beams/sat. Rbeam 
1 3000 64 × 64 20 km 
2 4050 64 × 64 19 km 
3 5040 64 × 64 18 km 
4 6048 64 × 64 17 km 
5 7020 64 × 64 16 km 
6 7992 64 × 64 15 km 
7 9012 64 × 64 14 km 
8 10002 64 × 64 13 km 
9 11052 64 × 64 12 km 

10 12072 64 × 64 11 km 
11 13032 64 × 64 10 km 
12 14004 64 × 64 9 km 
13 15084 64 × 64 8 km 

6.7 Results and validation 

In this section, the output results of all three scenarios were presented and evaluated: 1) the stationary 
position, 2) the uniform linear motion, and 3) the real vehicle drive test. 

6.7.1 Error variations 
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Figure 40. Error metrics in 25 locations for ALG. B. Each UT location is about 11 
km from the previous one. 

Figure 40 shows the variation of MAE, RMSE, and maximum error during 25 test runs for ALG. 
B when using the frst three mega-constellations. Table 14 gives the sample means and standard 
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Table 14. Variation of error metrics: sample mean ± standard deviation for MAE, 
RMSE and maximum error (MAX) in km. 

Alg. Const. MAE RMSE MAX 
A 3 14.0 ± 0.52 16.8 ± 0.63 55.65 ± 5.70 
A 5 4.71 ± 0.14 5.80 ± 0.18 23.67 ± 3.10 
B 3 7.55 ± 0.26 9.15 ± 0.37 34.52 ± 5.49 
B 5 2.38 ± 0.08 2.91 ± 0.10 12.32 ± 1.86 

Table 15. Relative standard deviation of error metrics. 

Alg. Const. MAE RMSE MAX 
A 3 3.71% 3.74% 10.2% 
A 5 2.99% 3.15% 13.1% 
B 3 3.43% 4.06% 15.9% 
B 5 3.23% 3.40% 15.1% 

deviations of error metrics with three and fve mega-constellations, for ALGs A and B. Table 15 gives 
the respective relative standard deviations in per cents. Standard deviations estimate the sensitivity 
of the error metrics with respect to the UT location. They are used to estimate the error margins 
of the results. It can be concluded that the relative standard deviation of MAE and RMSE is about 
3-4% and the relative standard deviation of the maximum error is about 10-16%. 

6.7.2 Results of Scenario 1: stationary user terminal 

Figure 41 shows raw time series of positioning errors (for ALGs A and B) and the number of detected 
beams (identical for ALGs A and B), respectively. These demonstrate the amount of variation when 
the satellites move during a time span of 20 minutes. 
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Figure 41. Error results of Scenario-1 with 13 constellations. 

Figure 42 shows how the 60 frst samples of the time series of the estimated positions are scattered 
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around the UT. It can also be seen that the two-dimensional mean values (CoG, center of gravity) of 
the estimated positions are close to the true position of the UT, which indicates that ALGs A and B 
give unbiased position estimates. Therefore, it is possible to use several samples and averaging to 
obtain more accurate position estimates, in case of a stationary UT. 
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Figure 42. Scattering of the position estimates (N=60) when having 13 
constellations. 

Figure 43 shows how the RMS positioning error decreases when increasing the length of the sliding 
averaging flter when using 3 and 13 mega-constellations, respectively. Based on the central limit 
theorem and the presumption of independent and identically distributed position estimates, it is 
assumed that the reduction of the RMS error is inversely proportional to the square-root of the 
window length, as in relation (6.12): 

1 
RMSE ∝ √ , (6.12) 

w 

where w = window length of the sliding average flter. 

To test this hypothesis, the inverse square-root curve was ftted to the data using the least squares 
method. The visual examination of Figure 43 reveals that the inverse square-root law holds rather 
accurately when the number of satellites is very large. Thus, the law is applicable when extrapolating 
positioning errors for longer convergence periods. However, the ftted curve underestimates the 
reduction of error when the constellation size is not large, as seen in Figure 43. 
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Figure 43. Convergence of RMS error using 3 & 13 constellations. 
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Figure 44. Positioning errors and beam exclusion with 13 constellations. 
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Figure 45. Positioning error (log scale) vs. number of constellations for ALG. B. 
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The results show that ALG. B provides more accurate position estimates than ALG. A. However, this 
holds only for the average accuracy. Figure 44 shows the difference between the accuracy of ALGs 
A and B as a time series, in case of 13 constellations. It demonstrates that ALG. A actually gives 
quite often better position estimates. The probability that ALG. A gives more accurate estimates 
than ALG. A is 24.2% in this case. The mean difference of RMS errors between ALGs A and B can 
be seen, e.g., in Figure 43. In the future, it should be studied if it is possible to utilize the estimates 
of both algorithms, together with other information, to obtain more accurate position estimates. 

The more beams there are congested near the UT, the more accurate positioning is, when keeping 
other things, such as the size of the beams, unchanged. The number of beams that an UT detects on 
average (on an arbitrary place on Earth) can be calculated theoretically. It is the ratio of the total area 
of all beam footprints of available constellations with the habitable area of Earth (510,100,000 km2). 
Figure 44 compares the theoretical and simulated values of the number of detected beams. It can be 
seen that the average value of simulation is well aligned with the theoretical value. It also shows how 
the number of detected beams increases when adding new constellations to the simulation, according 
to the mega-constellation model given in Section 6.6. 

Finally, Figure 45 shows the positioning errors vs. number of constellations when using single 
measurements and averaging over 30 seconds, respectively. With all 13 constellations that have 
totally 117,408 satellites and about 5,908,000 beams, when UT detects on average 215 beams, MAE 
is about 0.29 km, RMSE is about 0.35 km, and maximum error is about 1.6 km. When averaging 30 
measurements, MAE = 0.057 km, RMSE = 0.064 km, and maximum error = 0.152 km. 

6.7.3 Results of Scenario 2: slow uniform linear motion 

The results of Scenario 2 as found in Figure 46 and Table 16 show very fuctuating raw position 
estimates in comparison to the straight imaginary route that resembles a person walking in a uniform 
speed of 1 m/s. Fortunately, the EKF fltering has reduced the positioning error by approximately 
80%, and the RTS smoother has further eliminated around 73% of the EKF output error to achieve 
an overall accuracy of 16.69 meters as MAE. The 95-percentile value of 993 meters is large, but it 
is mostly due to the frst output samples of the flters. 

According to Figures 46 and 47, the position estimations gradually converge towards the true loca-
tion of the UT. A logical explanation for EKF fuctuations in the beginning of time is the convergence 
time taken by the Kalman gain vector to adapt its weights. Notably, during the preliminary inves-
tigations, it was found that a simple sliding average flter (window length, w = 100) outperforms 
EKF in smoothing the outputs of ALG. B estimations. Thus, it signifes the potential to improve the 
accuracy in the future. 

Table 16. Error evaluation of linear motion in Scenario 2. 

Method Const. MAE [m] RMSE [m] p95% [m] 
ALG. A 13 508.49 685.91 1179.1 
ALG. B 13 241.61 334.28 588.10 

EKF 13 47.25 75.02 982.20 
EKF-RTS 13 13.69 15.24 993.86 
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Figure 46. EKF and RTS positioning estimations of a uniform linear motion using 
ALG. B for Scenario 2. 
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Figure 47. Effect of RTS on EKF error convergence over time in Scenario 2. 

6.7.4 Results of Scenario 3: real nonlinear motion 

The results of Scenario 3 were very promising and satisfactory to a large extent, as shown in Figures 
48, 49, 50, 51, and Table 17. 

Primarily, it is clear from trajectory Figures 48 and 50 that the combined EKF-RTS fusion-smoother 
back-to-back algorithm (using ALG. B) is the most accurate method that is closely following with the 
ground truth and GNSS with minimal errors. Hence, the applied elementary positioning algorithms 
after receiving beam IDs (i.e. ALG. A and ALG. B) are not suffcient to conduct precise positioning 
on their own. In contrast, they constantly require a set of post-processing algorithms, which can be 
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achieved similar to every other positioning technologies e.g. in GNSS. 

The numerical positioning error values in Table 17 and the graphical error plots illustrated in Fig-
ures 49 and 51 are confrming the same fnding; that the EKF-RTS method outperforms all other 
algorithms used in this simulation. The CDF curves in Figure 51b imply that the fnal LEO/IMU 
positioning estimations are very close to the performance of GNSS in terms of accuracy and pre-
cision. However, Figure 51a shows that the best performance of LEO/IMU that can bring it closer 
to GNSS performance is only achievable using the maximum possible numbers of satellites and 
constellations, which are already 13 constellations carrying more than 100,000 satellites. 

In fact, the simulation of Scenario 3 confrms the early hypothesis in this study; that is the necessity 
of receiving the maximum available interconnected LEO satellite beams in order to improve the fnal 
positioning estimations. The number of received beams in Scenario 3 fuctuated between 172 and 
247 beams, with average number of detected beams being = 214. 
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Figure 48. LEO/IMU fusion on ALG. B data in x-y coordinates (British National 
Grid, EPSG:27700). 

Table 17. Error evaluation of LEO/IMU methods vs. GNSS in Scenario 3. 

Method Const. MAE [m] RMSE [m] p95% [m] 
ALG. A 13 498.16 683.49 1179.5 
ALG. B 13 231.59 317.95 520.06 

LEO/IMU EKF 13 104.80 132.00 203.35 
LEO/IMU EKF-RTS 13 66.31 83.98 142.39 

GNSS only N/A 26.63 36.42 56.60 
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Figure 49. EKF and RTS error convergence over time in Scenario 3. 
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Figure 51. Assessment of proposed method LEO/IMU Vs. GNSS, in Scenario 3. 
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6.7.5 Results of Scenario 4: real nonlinear motion with mMIMO 

Tables 18 and 19 show the numerical error results of Scenario 4 (a–e). Figures 52 and 53 demonstrate 
the error behaviour of all scenario denominations in addition to the rendered route test of Scenario 
4E and its conjugate case: Scenario 4E*. 

In Table 18, the positioning errors of all sub-scenarios are investigated using MAE, RMSE and p95% 
metrics to assess the fusion based methods of LEO/IMU EKF-RTS. The best result was found to be 
Scenario 4E. 

In Table 19, the same metrics were used to assess utilizing the raw unprocessed non-fused ALG. 
B measurements. However in the conjugate version of Scenario 4E (i.e. Scenario 4E*), a simple 
moving average flter was used to flter the raw ALG. B and show its effect. The best result was 
found to be Scenario 4E*. 

In Figures 52 and 53, clearer views of assessment can be found, graphically. Where the fusion-based 
method of Scenario 4E already closely matched the accuracy of the raw measurements of Scenario 
4E*, and both scenarios outperformed GNSS accuracy with a large margin. 

Table 18. Error evaluation of mMIMO IMU fusion vs. GNSS in Scenario 4. 

Method Const. MIMO MAE [m] RMSE [m] p95% [m] 
a) LEO/IMU EKF-RTS 8 322 → 462 22.63 29.70 50.84 
b) LEO/IMU EKF-RTS 8 64 × 64 17.65 23.05 36.47 
c) LEO/IMU EKF-RTS 9 322 → 482 16.86 22.41 32.78 
d) LEO/IMU EKF-RTS 11 64 × 64 11.84 15.46 26.60 

e) LEO/IMU EKF-RTS 13 64 × 64 9.90 12.71 20.97 
GNSS only N/A N/A 26.63 36.42 56.60 

Table 19. Error evaluation of raw mMIMO data vs. GNSS in Scenario 4. 

Method Const. MIMO MAE [m] RMSE [m] p95% [m] 
a) Raw ALG. B data 8 322 → 462 45.84 62.56 101.98 
b) Raw ALG. B data 8 64 × 64 37.17 51.50 82.33 
c) Raw ALG. B data 9 322 → 482 36.05 48.97 76.28 
d) Raw ALG. B data 11 64 × 64 23.59 32.45 53.20 
e) Raw ALG. B data 13 64 × 64 19.27 25.74 44.32 

e*) Smoothed ALG. B 13 64 × 64 9.15 11.94 19.07 
GNSS only N/A N/A 26.63 36.42 56.60 
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Figure 52. Assessment of mMIMO methods Vs. GNSS, in Scenario 4E. 

Figure 53. Map trajectory of Scenario 4E: mMIMO data, and GNSS data in 
California, USA. 

6.7.6 Commentary on the results 

The results speak volumes, especially for the last scenario(s). First, the error variation results were 
very noisy when fewer satellite and/or beams were used, which was predictable and expected. In 
the dynamic motion scenarios, the beam ID-based positioning method showed an acceptable level of 
accuracy (a handful of kilometers error) as an alternative outdoor positioning method that can help 
in emergency situations, not as a replacement method to GNSS. 

Scenario 3 resembled a real-life situation whereas the method can be used for vague applications 
that require positioning accuracy of few tens of meters error. 

Finally, the results of Scenario 4 were quite interesting and promising since all its denominations 
were performing better than GNSS in the event of implementing LEO/IMU fusion. The effect of 
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introducing mMIMO can be seen through the error shift from Figure 51 to Figure 52, where the 
enhancement in accuracy was signifcantly proven. By increasing the size of LEO satellite constel-
lations to be mega and the size of MIMO beamforming loops to be massive, the positioning accuracy 
can be signifcantly enhanced to a precise accurate level of performance. The fusion-based position-
ing schemes are still effective with LEO satellites. However, even in the event of no multisensor 
fusion integration, the proposed method can still perform quite well with raw measurements. 

6.8 Discussion 

The beam ID-based method is based on mega-constellations of LEO satellites that have MIMO or 
mMIMO capabilities. The accuracy of the single measurements (i.e. raw ALG. A or ALG. B) is 
in the order of kilometers when having a few thousands of satellites and minimal MIMO elements 
(non massive). When the number of satellites exceeds a hundred thousand, positioning errors of 
a few hundreds of meters can be achieved. Positioning with such errors can be used as a back-up 
method, e.g., in aviation, search and rescue, and seafaring. However, the experiments showed that 
by the integration of several measurements or by the fusion of measurements from IMU sensors, the 
positioning accuracy can be improved signifcantly. MAE as small as 14 meters was recorded for 
a slow uniform linear motion when using 13 mega-constellations. With advanced post-processing 
algorithms, an accuracy closer to GNSS systems is possible. 

With a realistic nonlinear motion, the RMSE for LEO/IMU EKF-RTS and for GNSS were approx-
imately 84 m and 36 m, respectively, and MAEs were approximately 66 m and 27 m, respectively. 
This means that the beam ID-based positioning method is a promising candidate even for nonlinear 
dynamic motion of vehicles. 

Subsequently, when mMIMO capabilities were introduced to LEO satellite constellations, the posi-
tioning accuracy of the beam ID-based method outperformed GNSS even with raw non-fusion mea-
surements with MAE/RMSE 9.15m/11.94m compared to 26.6m/36.42m in the GNSS case. This in 
turn, signals the feasibility of adopting LEO satellites equipped with mMIMO antennas for position-
ing applications in the future. 

There are still many possibilities to further improve the accuracy of the beam ID-based positioning 
method. Presuming that the signal strength of the beam footprints decreases from the center towards 
the border in a predictable way it could be measured and used as an additional weighed input. 
Similarly, other signal quality metrics could be utilized. In the post-processing phase, the number of 
detected satellites could be used to weigh the raw measurements. This is based on the presumption 
that the more satellites are detected, the more accurate the position estimate is on average. 

The beam ID-based position method has several advantages for sustainability. First, it uses measure-
ments that do not require precise timing or accurate measurements of the signal strengths. Therefore, 
the required technology at the user segment is expected to be affordable, which promotes social sus-
tainability. Second, the method does not require dedicated satellites to work. This should reduce 
costs further and save both energy and natural resources. Third, due to the high signal strengths 
of the LEO satellites and the simple binary measurements (the beam is either detected or not) the 
method is expected to be tolerant against interference and jamming, especially when fused with 
the IMU sensor that itself is tolerant to interference as a passive sensor. Hence, the method could 
guarantee uninterrupted positioning services also in confict areas. This has several consequences to 
sustainable development through the uninterrupted operation of numerous autonomous systems that 
will promote sustainable development in the future. 
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7 CONCLUSIONS 

Precision positioning lies at the core foundation of navigation-based services and location-aware 
applications, which in turn affects the performance of many smart operations of Industry 4.0, such 
as: smart logistics and IoT. Depending on: 1) the complexity of the environment, 2) the targeted user 
segments, 3) the expected outcomes, and 4) the technology required; precise positioning systems can 
be developed in various confgurations, sizes, and shapes. 

This article-compilation dissertation was aimed to study the topic of achieving precise positioning 
estimations that can be held as reliable solutions for smart logistics, both indoors and outdoors. The 
thesis was poised and focused on the following aspects: 1) building a precise IPS, 2) enhance the 
current outdoor positioning estimations to be more precise, and 3) develop a new outdoor positioning 
method that can be reliably used as a back-up to the primary outdoor positioning technology. 

7.1 Main fndings 

In summary, the main fndings of this doctoral thesis are listed as follows: 

1. UWB systems are suitable low-cost solutions for precise indoor positioning in complex in-
dustrial environments. 

2. Although UWB can be implemented as a standalone IPS, fusing UWB with other assisting 
technologies (e.g. inertial sensors) can yield more precision and accuracy. 

3. The achieved precise fusion-based UWB positioning estimations for dense indoor environ-
ments had a mean accuracy (MAE) of 4.7 cm, an RMSE of 5.5 cm, and a p95% of 9.6 cm, 
aided by IMU sensors and state-space estimation techniques. 

4. GNSS technologies are the most suitable systems for precise outdoor positioning, however, 
they require continuous enhancements based on the environment of operation. 

5. Our enhancements in outdoor vehicular positioning for commercial-grade GNSS receivers in 
smartphones led to an average accuracy (MAE) of up to 2.29 m, using multisensor fusion, 
state-space estimation, and machine learning techniques. 

6. These results were validated as achieving a Bronze medal rankings in the GNSS positioning 
estimations at an international competition held by Google in 2022. 

7. LEO-PNT is a recently emerging research topic that investigates developing new positioning 
systems from LEO satellite technologies. 

8. A new backup positioning methodology can be developed using LEO satellite mega constel-
lations that are equipped with massive or non-massive MIMO capabilities. 

9. The LEO-MIMO positioning method can be entirely passive, which will save signifcant 
resources on the receiver-end devices. 

10. The simulation experiments showed that our proposed fusion-based LEO beam-based posi-
tioning methodology achieved an average accuracy (MAE) of 9.15 m, an RMSE of 11.94 m, 
and a p95% of 19.07 m, outperforming GNSS in some scenarios. 

11. The method was found to be reliable even when using only raw, unprocessed LEO satellite 
measurements and/or multisensor fusion with IMU. 
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7.2 Scientifc contributions 

The main scientifc contributions of the dissertation based on the stated fndings are as follows: 

1) A comprehensive literature review focused on UWB positioning systems, the
review that is currently trending among the interested researchers. 

The literature review conducted in publication [P1] and discussed in Chapter 3 gathered all the state-
of-the-art aspects and discussions around UWB indoor positioning technologies. We spent more 
than 12 months collecting the most recent studies and implementations of UWB-related positioning 
systems for indoor environments over the preceding fve years. This review was designed not only as 
a step-by-step tutorial for UWB enthusiasts and beginners but also as a reliable academic reference 
for UWB experts. 

2) The development of a precise low-cost IPS that provides accurate naviga-
tion solutions to mobile robots and movable assets in dense industrial environ-
ments. 

A major contribution explained in publications [P2]–[P4] and discussed in Chapter 4 was achiev-
ing centimeter-level accuracy in dense industrial environments, allowing for precise and real-time 
localization of movable assets. Our approach utilized low-cost technology components to provide 
affordable positioning solutions for industry and academia. Additionally, we developed a sustainable 
embedded system to fetch and store positioning estimations from the UWB system, as well as RSS-
based systems such as Wi-Fi and BLE. During the development of a precise indoor UWB system, 
we tested the feasibility of a Wi-Fi RSS positioning system, which was found to be imprecise and 
inaccurate. Therefore, we recommend the adoption of a fusion-based Wi-Fi RTT approach, and/or a 
fusion-based BLE positioning system. 

3) The enhancement of GNSS vehicular positioning estimations for commer-
cial-grade receivers in smart phones. 

Our GNSS contribution, explained in publications [P5]–[P6] and discussed in Chapter 5, aimed to 
enhance outdoor vehicular positioning estimations for a variety of smartphone models. Through ap-
propriate algorithmic treatments and multisensor fusion techniques, our solution was able to improve 
positioning accuracy, achieving a Bronze ranking among precise GNSS solutions in the Google 
Decimeter Challenge 2022. 

4) Another comprehensive literature review focused on LEO satellite position-
ing systems and LEO-PNT recent research. 

The literature review conducted in publications [P7]–[P8] and discussed in Chapter 6 highlighted 
the potential of LEO satellite technologies in providing future outdoor positioning solutions. Ad-
ditionally, the brief review in publication [P7] introduced our new LEO-PNT methodology, which 
harnesses the capabilities of MIMO beamforming to provide an assisting positioning solution for 
outdoor navigation. The review in publication [P8] is currently trending among researchers and 
enthusiasts interested in LEO-PNT. 
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5) Coining a new LEO-based positioning methodology that exploits and com-
bines the advantages of LEO satellites and massive MIMO antenna beamform-
ing to achieve precise outdoor positioning estimations using passive signals of 
opportunity. 

Our LEO-PNT contribution, found in publications [P9]–[P10] and discussed in Chapter 6, involved 
investigating, testing, and validating the proposed beam ID-based method that utilizes LEO satellite 
technologies and massive MIMO capabilities. The method was thoroughly studied and verifed in 
terms of feasibility, effectiveness, and effciency, and was found to be viable under the prescribed 
conditions and confgurations. The proposed method was submitted by the University of Vaasa as 
an international patent application on 12/5/2023, and was approved in August 2024. 

7.3 Novelties 

Our novel proposals in this dissertation can be divided into two categories: 

• A) Results-wise 

• B) Methodological 

For category A, we managed to achieve the most accurate positioning results in the respective envi-
ronments and setups. Two of these result groups can be regarded as novel: 

1. UWB Indoor Positioning: Achieving accuracy below 10 centimeters in dense, complicated 
indoor environments. 

2. LEO-MIMO Outdoor Positioning: Despite being entirely passive, this method outper-
formed GNSS results in certain conditions and scenarios. 

We believe that both results are scarce in the available literature. 

For category B, our proposed LEO-MIMO positioning methodology is believed to be novel. To 
the best of our knowledge, the utilization of MIMO capabilities in the context of developing outdoor 
positioning from LEO satellite constellations to achieve precise positioning estimations, as described 
in Chapter 6, has not been attempted in the available research literature. The anticipated advantages 
of the proposed LEO-MIMO method are not only substantial but also signifcant and disruptive to the 
feld of positioning systems, as long as the recommended implementation guidelines are followed. 

7.4 Limitations 

Although most research limitations were addressed as described throughout this thesis, some in-
evitable limitations were still encountered. They are listed as follows: 

• The scalability issue of UWB systems arises from their low transmission power, resulting 
in a short range for UWB anchors. The solution involves adding more UWB cells to cover 
larger areas, which increases resource costs and system complexity. 
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• Integrating multisensor fusion systems can be quite challenging for real-time applications 
operating at the nanosecond level. The processing time delays imposed by multiple sensors 
can lead to further delays as the multisensor scheme becomes more complex. 

• Tree-lined roads and highways impose signifcant shadowing and multipath effects on GNSS 
signals, which are major concerns for the precision, accuracy, and reliability of autonomous 
driving vehicles. 

• The orbiting speeds of LEO satellites must be harnessed and predicted with high precision, 
as they can cause signifcant positioning errors for future LEO-based navigation systems. 

• As an established futuristic fact, micro LEO satellite constellations will inadequately serve 
the functionality of LEO-based positioning systems. In contrast, mega constellations can 
signifcantly enhance the performance metrics of LEO-PNT systems. 

• LEO satellites that lack MIMO capabilities cannot be considered for our proposed LEO-
MIMO positioning methodology. However, they can still be used in application domains that 
require approximate kilometer-level positioning accuracy. 

• MIMO-equipped LEO satellites should be confgured to produce massive MIMO beams to 
enhance positioning accuracy and precision, thereby increasing reliability and integrity. 

• The structure of future LEO satellite receivers in handheld devices should accommodate the 
necessary resources to process massive amounts of MIMO beams simultaneously. 

7.5 Future research 

For future research, we recommend and plan to carry out the following investigations to fortify and 
maximize the scientifc contributions based on this thesis, as listed below: 

1. Testing FGO optimization with UWB multisensor fusion schemes, as many recent studies 
conclude that FGO algorithms exhibit higher performance indicators in fusion-based sys-
tems. 

2. For human resource tracking in dense indoor environments, we recommend opting to fusion-
based Wi-Fi RTT and/or BLE positioning systems. Since the precision requirements are not 
very strict, UWB becomes an overqualifed solution in such case. 

3. Applying map matching along with deep learning techniques for GNSS vehicular positioning 
is believed to yield more precise positioning estimates. 

4. Consider the power RSS levels of LEO satellite signals and incorporate this information into 
the beam ID-based positioning method. This approach is expected to maximize the resultant 
precision and accuracy. 

5. Preserve more resources by optimizing the simulated number of LEO satellites in the sky, 
reconfguring the number of MIMO beams per LEO constellation, and customizing the beam 
radii and spacing based on the new number of LEO satellites. 
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Särkkä, S. (2013). Bayesian fltering and smoothing. Cambridge University Press. 

Takasu, T., & Yasuda, A. (2009). Development of the low-cost rtk-gps receiver 
with an open source program package rtklib. In The international symposium on 
gps/gnss, jeju, korea. 

Tan, Z., Qin, H., Cong, L., & Zhao, C. (2020). Positioning using iridium satellite 
signals of opportunity in weak signal environment. Electronics, 9(1). 

Tang, X. (2020). Research on Smart Logistics Model Based on 
Internet of Things Technology. IEEE Access, 8, 151150–151159. 
https://doi.org/10.1109/access.2020.3016330 

Tao, Y., & Zhao, L. (2018, nov). A Novel System for WiFi Radio Map Automatic 
Adaptation and Indoor Positioning. IEEE Transactions on Vehicular Technology, 
67(11), 10683–10692. https://doi.org/10.1109/tvt.2018.2867065 

Teunissen, P. J., & Montenbruck, O. (2017). Springer handbook of global navi-
gation satellite systems (Vol. XXXI). Springer. Retrieved from https://link.springer 
.com/book/10.1007/978-3-319-42928-1 

Thrun, S., Fox, D., Burgard, W., & Dellaert, F. (2001, may). Robust Monte Carlo 
localization for mobile robots. Artifcial Intelligence, 128(1-2), 99–141. 

Tian, Q., Wang, K. I.-K., & Salcic, Z. (2019a, oct). Human Body Shadowing Effect 
on UWB-Based Ranging System for Pedestrian Tracking. IEEE Transactions on 
Instrumentation and Measurement, 68(10). 

Tian, Q., Wang, K. I.-K., & Salcic, Z. (2019b, may). A Low-Cost INS and UWB 
Fusion Pedestrian Tracking System. IEEE Sensors Journal, 19(10), 3733–3740. 

Tian, Q., Wang, K. I.-K., & Salcic, Z. (2020, apr). An INS and UWB Fusion 
Approach With Adaptive Ranging Error Mitigation for Pedestrian Tracking. IEEE 
Sensors Journal, 20(8), 4372–4381. https://doi.org/10.1109/JSEN.2020.2964287 

Tim, E. (2021). Batch processing rtklib solutions with rnx2rtkp and python. 

https://link.springer.com/book/10.1007/978-3-319-42928-1
https://link.springer.com/book/10.1007/978-3-319-42928-1
https://doi.org/10.1109/JSEN.2020.2964287
https://doi.org/10.1109/tvt.2018.2867065
https://doi.org/10.1109/access.2020.3016330
https://doi.org/10.1109/access.2019.2961701
https://doi.org/10.3390/rs11020171


114 Acta Wasaensia 

Retrieved from https://rtklibexplorer.wordpress.com/2022/01/05/batch-processing 
-rtklib-solutions-with-rnx2rtkp-and-python/ 

Ullah, I., Shen, Y., Su, X., Esposito, C., & Choi, C. (2020). A Localization Based on 
Unscented Kalman Filter and Particle Filter Localization Algorithms. IEEE Access, 
8, 2233–2246. 

Vemula, M., Bugallo, M. F., & Djuric, P. M. (2007, dec). Performance Comparison 
of Gaussian-Based Filters Using Information Measures. IEEE Signal Processing 
Letters, 14(12), 1020–1023. 

Wang, Y., & Li, X. (2017). The imu/uwb fusion positioning algorithm based 
on a particle flter. ISPRS International Journal of Geo-Information, 6(8). 
https://doi.org/10.3390/ijgi6080235 

Watson, R. M., & Gross, J. N. (2018). Evaluation of kinematic precise point po-
sitioning convergence with an incremental graph optimizer. In Ieee/ion position, 
location and navigation symposium (plans) (p. 589–596). 

Wen, W., Pfeifer, T., Bai, X., & Hsu, L.-T. (2021). Factor graph optimization for 
GNSS/INS integration: A comparison with the extended Kalman flter. NAVIGA-
TION, 68(2), 315–331. 

Wertz, J., for Space Technology (U.S.), N. C., & (U.S.), N. R. L. (2001). Mission 
geometry: Orbit and constellation design and management : Spacecraft orbit and 
attitude systems. Microcosm Press. 

Wilzeck, A., Guirao, M. P., & Dimitrov, E. (2018). White Paper on UWB Technol-
ogy and Regulation. wiseSense GmbH. 

Woo, S., Jeong, S., Mok, E., Xia, L., Choi, C., Pyeon, M., & Heo, J. (2011). Ap-
plication of wif-based indoor positioning system for labor tracking at construction 
sites: A case study in guangzhou mtr. Automation in Construction, 20(1), 3-13. 
https://doi.org/10.1016/j.autcon.2010.07.009 

Wu, W., Shen, L., Zhao, Z., Li, M., & Huang, G. Q. (2022). Industrial 
iot and long short-term memory network enabled genetic indoor tracking for 
factory logistics. IEEE Transactions on Industrial Informatics, PP(99), 1–1. 
https://doi.org/10.1109/tii.2022.3146598 

Yin, Z., Jiang, X., Yang, Z., Zhao, N., & Chen, Y. (2019, mar). WUB-IP: A 
High-Precision UWB Positioning Scheme for Indoor Multiuser Applications. IEEE 
Systems Journal, 13(1), 279–288. https://doi.org/10.1109/jsyst.2017.2766690 

You, L., Li, K.-X., Wang, J., Gao, X., Xia, X.-G., & Otterstenx, B. (2020). Leo 
satellite communications with massive mimo. In Icc 2020 - 2020 ieee international 

https://rtklibexplorer.wordpress.com/2022/01/05/batch-processing-rtklib-solutions-with-rnx2rtkp-and-python/
https://rtklibexplorer.wordpress.com/2022/01/05/batch-processing-rtklib-solutions-with-rnx2rtkp-and-python/
https://doi.org/10.1109/jsyst.2017.2766690
https://doi.org/10.1109/tii.2022.3146598
https://doi.org/10.1016/j.autcon.2010.07.009
https://doi.org/10.3390/ijgi6080235


Acta Wasaensia 115 

conference on communications (icc) (p. 1-6). 

Youssef, M., Mah, M., & Agrawala, A. (2007, September). Challenges: Device-free 
passive localization for wireless environments. In Proceedings of the 13th annual 
ACM international conference on Mobile computing and networking (pp. 222–229). 
New York, NY, USA: Association for Computing Machinery. 

Zhang, N. (2018). Smart Logistics Path for Cyber-Physical Sys-
tems With Internet of Things. IEEE Access, 6, 70808–70819. 
https://doi.org/10.1109/access.2018.2879966 

Zhang, Y., Tan, X., & Zhao, C. (2020, dec). UWB/INS Integrated Pedestrian Po-
sitioning for Robust Indoor Environments. IEEE Sensors Journal, 20(23), 14401– 
14409. 

Zhang, Y., Wu, Y., Liu, A., Xia, X., Pan, T., & Liu, X. (2021). Deep learning-based 
channel prediction for leo satellite massive mimo communication system. IEEE 
Wireless Communications Letters, 10(8), 1835-1839. 

Zhu, L., Spachos, P., Pensini, E., & Plataniotis, K. N. (2021). Deep learning and 
machine vision for food processing: A survey. Current Research in Food Science, 
4, 233-249. https://doi.org/10.1016/j.crfs.2021.03.009 

Zhu, N., Marais, J., Bétaille, D., & Berbineau, M. (2018). Gnss position integrity 
in urban environments: A review of literature. IEEE Transactions on Intelligent 
Transportation Systems, 19(9), 2762-2778. 

Zou, Z. (2011). Impulse Radio UWB for the Internet-of-Things: A Study on 
UHF/UWB Hybrid Solution (Doctoral dissertation, KTH School of Information and 
Communication Technology). Retrieved from https://www.semanticscholar.org/ 
paper/Impulse-Radio-UWB-for-the-Internet-of-Things-%3A-A-on-Zou/ 
8920dd049f0b31b2aed23f253cc511dccfd5ac28 
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ABSTRACT Logistics is an important driver for the competitiveness of industries and material supply.
The development of smart logistics, powered by precise positioning and communication technologies can
significantly improve the efficiency of logistics. The emerging technology of ultra-wideband (UWB) pre-
cision positioning has attracted significant attention throughout the previous decade owing to its promising
capabilities over other radio frequency-based indoor localisation systems. In addition, UWB is characterised
by large bandwidth and data rate, short message length, low transmission power and high penetration capa-
bility, which are all favourable for indoor positioning applications. However, UWB localisation technology
faces several challenges that are somewhat similar to other technologies, such as mitigating errors that
originate from non-line-of-sight (NLOS) situations and tackling signal interference in dense environments,
and when required to operate in extreme conditions. This paper reviews the most recent advances made
in UWB positioning systems over the last five years, with a focus on high-ranking articles. In addition to
going through more conventional solutions to UWB challenges, modern solutions, which involve the use
of machine learning and sensor data fusion, are discussed. We highlight the most promising findings of the
recently implemented and foreseen UWB positioning systems by providing a summary of each reviewed
article. Additionally, we address a major challenge that faces the UWB positioning technology: NLOS
situations, focusing on some proposed remedies such as multi-sensor fusion and machine learning. As
an application, this study introduces how UWB technology promotes smart logistics by offering indoor
positioning to improve efficiencies in the delivery of goods from the source to the customer. Furthermore,
it demonstrates the benefits of UWB technology for accurate positioning and tracking of both stationary and
moving items, and machinery in an indoor logistics environment.

INDEX TERMS Ultra-wideband (UWB), indoor positioning systems (IPS), smart logistics, navigation and
localisation, machine learning, sensor fusion.

I. INTRODUCTION
In recent years, the importance of indoor positioning sys-
tems (IPS) has been significantly increasing due to the rapid
development and popularization of smart devices and tech-
nologies. The extensively used technology for positioning is
the global navigation satellite systems (GNSSs) that provide
reliable outdoor positioning information. However, due to the

The associate editor coordinating the review of this manuscript and

approving it for publication was Peng-Yong Kong .

rather weak signals, their performance in the indoor environ-
ment is not sufficient. In addition, indoor surroundings are
usually complex and varying in nature due to transferable
obstacles that cause variation of signal and noise levels [1].
In such situations, substantial research and development
of indoor positioning systems are required with alterna-
tive wireless technologies such as Wi-Fi [2], geomagnetic
field [3], Bluetooth low energy (BLE) [4], dead-reckoning
technique [5], ultra-wideband (UWB), and radio signal
tags [6].
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Precise location information of people and assets is a cru-
cial element for Internet of Things (IoT) and smart logis-
tics applications [7]. The various IPS technologies have
been widely adopted by researchers and industrial compa-
nies during the past decade due to their broad spectrum of
applications, including smart logistics [8], tracking medi-
cal equipment in healthcare centres [9], tracking individuals
in crowded venues [10], ship-building and offshore indus-
try [11], and construction industry [12].

There are numerous indoor localisation technologies with
diverse properties. They are often distinguished by posi-
tioning accuracy, system robustness, computational power
and cost. When compared to indoor positioning technolo-
gies using narrowband signals, such as Bluetooth and Wi-Fi,
UWB has many advantages [10], [13].

An UWB signal contains different frequency components
due to its wide bandwidth, which increases its probability of
penetrating obstacles. In addition, because of its low power
spectral density, UWB does not interfere with most other
radio systems. Because of its short pulse duration, UWB
yields high ranging accuracy and good performance under
multipath conditions.

Several technologies have been proposed for obtaining
a tracking solution in indoor logistics. The selection of an
appropriate technology mainly depends on the required pre-
cision, number of assets that need to be tracked and speed of
the moving assets. Compared to other available technologies,
UWB can provide low-cost accurate positioning within few
centimetres accuracy; hence, it is frequently used in industrial
environments such as smart factory [14], smart logistics [15],
[16], warehouse management [17], vehicle localisation [18],
robot positioning [19], and smart city [20]. UWB enables
simultaneous real-time tracking of objects and provides their
localisation despite indoor obstructions due to the advantage
of working under non-line-of-sight (NLOS) conditions [21],
[22]. UWB technology enables an efficient combination of
accuracy, scalability and reliability, which are very crucial in
the applications of indoor logistics, such as tracking people
and assets, and controlling the automated guided vehicles
(AGVs) [23], [24].

Numerous survey articles were presented throughout the
past decade with a focus on addressing UWB as an IPS.
For example, in 2016, Alarifi et.al. [10] published their
comprehensive survey paper that presented UWB-IPS tech-
nology with new taxonomies as well as analysing the
strengths, weaknesses, opportunities, and threats (SWOT) to
form a widely acknowledged state-of-the-art review. Similar
approach to Alarifi, was presented by Mazhar et.al. [25] in
2017. Another survey article that was focused on IPSs in gen-
eral and UWB in particular was Yassin et.al. [26], in which
the authors presented a detailed review about the structure and
challenges of UWB-IPS compared to other IPS technologies.
More surveys are tacitly cited throughout the article and
discussed in the relevant sections.

This paper highlights the advances achieved in the realm of
UWB localisation during the past half-decade, with a focus

on the most recently published literature found from IEEE
Xplore, Google Scholar and Crossref platforms. The search
termswere limited to ‘‘UltraWideband’’ AND ‘‘Positioning’’
OR ‘‘Localisation’’ within the last five years. In addition to
the newness of the articles, their selection criteria were based
on impact, relevance, higher ranking in the Finnish national
system [27], novelty and citation score. However, some older
articles were also included due to their importance and the
unchanged scientific principles that they describe.

Note that the addressing of UWB throughout this arti-
cle is intended to review UWB as an IPS rather than a
communication system. Hence, we focus on presenting the
recent momentum of UWB technology from an IPS design
perspective.

Throughout the article, a particular focus was given on
applying the UWB technology to deploy indoor positioning
in smart logistics systems. For smart logistics, indoor posi-
tioning plays an essential role by tracking resources, materials
and employees in real-time. This location-based indoor nav-
igation enables logistics providers with asset tracking with
reduced search times, process automation and optimisation,
increased efficiency and safety for employees [17], [28].
In the case of assets tracking, indoor positioning offers real-
time seamless tracking of goods, pallets, vehicles and mon-
itoring of goods’ conditions, such as temperature, humidity
and dew points. For process automation and optimisation, IPS
supports automation through precise geo-based task assign-
ments. By providing precise positioning, IPS provides added
safety and security in logistics sites with access authorisa-
tions and ensures faster evacuation of employees in case of
emergencies [23], [24].

The main contribution of this article is to present the
most recent advances in the fast-developing UWB precise
positioning technology with a focus on smart logistics appli-
cations that can embrace the technology to achieve better
system enhancements and optimisations. The availability
of new UWB chips at affordable prices has catalyzed the
development of new algorithms for new application areas,
including machine learning, sensor fusion and collaborative
positioning. This article dissects the topic thoroughly down
to the basic concepts of localisation and algorithms besides
keeping a compact style of summarizing the literature to help
researchers and industrial firms copewith the recent advances
in UWB technology and its foreseen future.

In addition, a major objective of this review is to pro-
vide the researchers, practitioners of smart logistics and
related fields with a starting point to understand the poten-
tial and limitations of UWB indoor navigation. To the best
of our knowledge, other existing reviews have not adopted
a similar approach. This article explains the fundamentals
of positioning techniques and algorithms not only at the
detailed mathematical and algorithmic level but also at the
conceptual level. Commercially available equipment is pre-
sented, as well. Moreover, numerous articles are summarized
in several application-specific tables to easily compare the
methods and algorithms in the selected application areas.
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Consequently, also readers who do not have previous knowl-
edge of positioning techniques can utilize this article to obtain
the basic knowledge of UWB positioning and its use in smart
logistics.

The rest of the article is organized as follows: Section II
contains a brief review of existing IPSs and presents the role
of IPSs in smart logistics. Section III discusses the advantages
and challenges of UWB, licensing and regulations, signal
attributes, system architecture, and commercial applications.

Section IV explains the observables and positioning tech-
nologies used with UWB. Section V discusses position-
ing algorithms, such as least-squares methods, closed-form
solutions and various kinds of Bayesian filters. In addition,
NLOS identification and mitigation methods are explained.
Recent advances in UWB positioning literature is stated in
Section VI, whereas advances in sensor fusion techniques
are elaborated in Section VII. As the last few years have
witnessed a surge on the literature on the adoption of artificial
intelligence (AI) solutions, various machine learning (ML)
approaches for UWB are discussed in Section VIII. A final
discussion on indoor positioning is stated in Section IX,
while, the paper is concluded in Section X.

II. INDOOR POSITIONING SYSTEMS
An IPS is a real-time system that uniformly calculates the
location of an agent or object, moving or stationary, inside
buildings [10], [29]–[31]. An IPS has facilitated numerous
navigation applications that require continuous knowledge
of the indoor locations of people and objects. It provides
assisted navigation for limited-sight and vision-impaired peo-
ple, tracking of visitors in heavily crowded venues, such
as airports and malls, and automated guidance in tourist
attractions. Industrial applications use IPSs to ensure precise
navigation of industrial robots and accurate positioning of
personnel, tools and equipment. Medical applications include
monitoring of patients in hospitals and healthcare centres,
localisation of crucial medical equipment and enabling navi-
gation for medical robotic assistants [10].

Outdoor positioning has been made feasible owing
to GNSSs, such as Global Positioning System (GPS),
Galileo, GLONASS and stand-alone cellular positioning sys-
tems [31], [32]. However, these systems perform poorly in
indoor venues due to the satellite signal deterioration caused
by signal attenuation, shadowing and multipath fading
imposed by indoor concrete and metallic structures [26],
[32]–[34]. Thus, accurate indoor positioning techniques have
been proposed to address the deep fading of conventional
positioning methods. In addition, hybrid approaches have
been proposed to combine multiple indoor and outdoor
positioning techniques to mitigate errors and provide more
accurate and robust navigation. Numerous indoor position-
ing techniques can provide positioning accuracy of only
a few centimetres as stated in [10], [26], [30]. However,
combining multiple indoor positioning techniques requires
scrutinised studies to allocate suitable resources for each
method and identify the optimal combination as the resource

requirements vary from method to method. The optimisation
objectives and constraints may concern the energy budget,
RF bandwidth budget, infrastructure costs, number of ben-
eficiaries (users) and active time budget.

A. SMART LOGISTICS AND MANUFACTURING
Nowadays, smart logistics is considered a fundamental pillar
of Industry 4.0. It enables companies to orchestrate several
critical activities, such as demand forecasting, sales plan-
ning and inventory management [35], [36]. Smart logistics
or ‘Logistics 4.0’ promotes the acceleration of all logistics
processes through planning and controlling with smart tools,
technologies and methods. The use of smart technologies
helps to gather the necessary information to monitor and con-
trol the material flow and for many other purposes. Through
intelligent positioning technologies, tools and equipment,
global supply and logistics chains are becoming increasingly
efficient and effective [37]. Such positioning technologies
significantly contribute to end-to-end visibility, improvement
in product routing as well as control and replenishment
of inventories and mobile assets [38]. A generic supply
and logistics chain is displayed in Figure 1, which is
divided into inbound and outbound supply and logistics
chains.

Smart logistics is considered a fairly complex phenomenon
that can be easily applied in geographically dispersed areas
for tracking raw materials of the highest quality but lowest
cost. Such a phenomenon is generally characterised by the
use of new technologies, such as IoT, 5G, sensors, radio fre-
quency identification (RFID) tags, smart products, actuators
and intelligent machines [38], [39]. It has the ability, relia-
bility, traceability and authenticity of the information, which
are useful to establish intelligent contractual relationships
among the stakeholders of the supply chains.Moreover, smart
logistics includes considerable potential for improving the
logistics process through the application of communication
and information technologies at all levels of the value chain.
Figure 2 displays the fundamental elements and functional-
ities of the smart supply and logistics chain, showing that it
starts from the supplier and eventually moves forward till the
end customer through smart transportation, manufacturing,
smart warehousing and smart delivery stages.

Figure 2 also shows that, at each stage in the smart supply
and logistics chain, several activities are orchestrated. For
instance, at the transportation stage, activities such as trace-
ability of items, location tracking and real-time routing are
orchestrated and monitored for smoother operations. Track-
ing logistics items is an essential issue in today’s supply chain
and inventory management. In addition, finding items both
in indoor and outdoor environments is most critical in any
supply chain and logistics management [40]. Due to the trend
towards autonomous systems, most logistic systems today are
operated without the direct involvement of the workforce to
control them. In such a changing environment, smart logistics
can be helpful to deliver items through various available
precise positioning technologies [41], [42].
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FIGURE 1. Various stakeholders and the flow of material, assets and information in a generic supply and logistics chain.

FIGURE 2. Fundamental elements and functionalities of smart supply and logistics chain.

Although several technologies are available to provide
outdoor positioning towards logistics items, most of them
are not suitable for indoor positioning. In indoor environ-
ments, such as warehouses and factory floors, precision posi-
tioning of components, parts and products can be achieved
through available technologies, such as UWB, Wi-Fi, 5G,
3D imaging, sensors and imaging radio signals [25], [43],
[44]. The application of such technologies helps to track
indoor logistics items, which can help in minimising the
time required to locate items and avoid delays due to the
wrong location. A precision positioning technique enables the
automatic delivery of goods by using uncrewed intelligent
vehicles and aerial vehicles (UAVs) to designated locations
while reducing environmental influences.

B. INDOOR POSITIONING SYSTEMS IN SMART LOGISTICS
AND MANUFACTURING
Due to the recent advancements in indoor positioning tech-
nologies, a growing interest has emerged to utilize location

data in logistics and manufacturing. Location data of assets
and materials can be used to improve the efficiency, safety
and security of manufacturing operations. Real-time tracking
of machines and materials yields new possibilities to improve
the production processes and follow the material flows. The
authors of [45] divided logistics units into six identification
layers: (0) raw material (items), (1) package, (2) transport
unit, (3) unit load (pallet), (4) container and (5) transportation
unit (e.g. truck, ship and train). GNSSs are typically used
for tracking containers and transport equipment (two highest
layers). However, the smaller cargo units (layers 1-3) are
typically handled indoors, which can be tracked using indoor
positioning technologies, such as UWB. However, UWB is
still a relatively expensive and power-consuming technology,
and RFID is a better technology to track the materials and
lowest level packages and items.

Real-time location tracking is increasingly attracting
global logistics companies due to the need for visibility. Espe-
cially, the application of IPSs in logistics and manufacturing
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has increased recently [46]. In the case of an indoor environ-
ment, such as a warehouse, an IPS contributes to tasks such
as minimising the time spent to look for the right pallet, opti-
mising routes and preventing accidents. In the case of smart
logistics, companies generally use RFID technology, which
can track the inventory and identify goods [42], [47], [48].
However, the limited power source of RFID tags minimises
their operational range to a couple of metres. Therefore, they
are mainly used for identification rather than positioning
purposes. Similarly, Bluetooth and Wi-Fi are also used for
indoor positioning, but their operating ranges are no more
than 3-5 m [49]. To obtain accurate positioning of logistics
items, companies are nowadays exploring UWB-based posi-
tioning systems, which enable real-time positioning of goods,
assets and people with an accuracy level of 5 to 30 cm.
It can provide out-of-the-box localisation with higher rang-
ing accuracy than Wi-Fi or Bluetooth or other active radio
solutions [50], [51].

In the case of autonomous robots operating in indoor envi-
ronments (e.g. warehouses), accurate positioning is essential
for navigation. While GNSS-based localisation is unreliable
in indoor environments, localisation by UWB technology can
accelerate the adoption and ubiquity of distributed robotics
systems. Nowadays, UWB-based technology is commonly
used in indoor robotic applications from home cleaning
to warehouse transportation, including the rapidly emerg-
ing autonomous last-mile delivery solutions [46]. In the
case of intelligent manufacturing, it is essential to track the
parts along the production chain to take the right decisions.
Real-time tracking of both stationary and moving parts in
the production floor ensures safer operation with a reduced
lead time [52], [53]. In addition to parts, it is also essen-
tial to track workers’ movement on the production floor
to enhance operational flexibility. For smart manufacturing,
UWB-based location technology is suitable because of its
inherent accuracy and reliability [15], [54]. It is considered
as the most optimal and accurate approach to ensure indoor
localisation [55]. By providing indoor localisation and track-
ing solutions for vehicles, people and goods, UWB technol-
ogy promotes increased transparency, safety and productivity
in internal logistics on the factory floors [55].

C. PERFORMANCE METRICS OF INDOOR POSITIONING
SYSTEMS
The performance of localisation technologies can be assessed
using a pyramid-like scheme with system accuracy as the
baseline, integrity as the second metric, continuity as the
third, and availability as the peak paramount [56]. System
accuracy is the degree of conformance of the estimated posi-
tioning values to the ground truth. The integrity of localisation
systems, as defined by [56], is the trustworthiness of the
information provided by the navigation engine. Continuity is
the probability of the system to maintain the desired service
level within the operation period, while availability is the per-
centage of time in which the navigation engine is up-running
for positioning and can be used by its intended users.

Accuracy of the estimated position is one of the most
important performance metrics for indoor positioning sys-
tems. Accuracy is often reported as the error distance between
the estimated and actual locations, while a location precision
is reported in percentages of position information, which is
within the distance of accuracy. The most commonly used
metrics of accuracy and location precision are the root mean
square error (RMSE), the mean absolute error (MAE), the
distance root mean square error and circular error probability.

The accuracy of the location estimate depends on the accu-
racy of individual measurements and the mutual geometry of
the tag and anchors. In the time of arrival (TOA) and time
difference of arrival (TDOA) methods, the accuracy of the
position is expressed as the product of a geometric factor and
a range measurement error factor.

In addition to the above mentioned metrics, there are other
performance metrics presented in the literature, such as scal-
ability, cost and privacy [10]. The scalability of IPS describes
how many tags the system can support per time unit per geo-
graphic area. The cost measures the physical limitations and
requirements associated with the implementation of a partic-
ular technology in terms of technical and financial resources.
Money, power consumption and hardware dimensions are
examples of cost metrics. Privacy is a concern in network-
centric systems, where the location estimation takes place in
the server. In the self-positioning model the device estimates
its own position, and no one else may know where the device
is. Coverage was mentioned as an important parameter [10];
however it can also be considered a property of IPS rather
than a performance metric.

D. INDOOR POSITIONING TECHNOLOGIES
IPSs can use various signal technologies, such as
radio frequency, infrared, ultrasonic, inertial, optical and
electromagnetic [10], [57]. In addition, the positioning sys-
tem commonly estimates the location of the target device by
fusing measurements of two or more signal technologies. The
indoor positioning applications have various requirements
in terms of the performance metrics. Thus, the technology
should be carefully chosen to satisfy these requirements [10].
For example, the navigation systems of AGVs might require
highly accurate and reliable position estimates, but the power
consumption or price of the sensor mounted in an AGV is
not critical. In contrast, low price and power consumption are
required from the tags used to locate people and assets in a
warehouse, but the accuracy of the position estimate is less
critical than that in AGV applications.

Laser triangulation is commonly used in the indoor naviga-
tion of AGVs [58]. The laser positioning system uses a laser
scanner mounted on top of the vehicle. The laser scans the
mirrors mounted at the known locations in the area and mea-
sures the angles between the vehicle and device. The vehicle’s
position is estimated using triangulation with centimetre-
level accuracy. Another commonly used approach for AGV
navigation is to use light detection and ranging (LiDAR)
and inertial motion unit (IMU) measurements [59] or
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TABLE 1. Summary of RF-based signal technologies for local positioning
systems.

image-based (visual) localisation [60] together with simul-
taneous localisation and mapping (SLAM) algorithms.

However, the laser and vision-based technologies are rela-
tively expensive, and their energy consumption is too high
for the tags required in the applications to locate people,
materials and assets. In such applications, radio frequency-
based signal technologies are commonly used for positioning.
An RF signal is used for positioning for the same reasons as
it is used for communication. The most important advantages
of RF signals are that they can penetrate obstacles and have a
wide communication bandwidth. RF-based IPSs use RFID,
UWB, wireless local area network (WLAN), Bluetooth or
cellular network signals for location estimation [10]. The
position can be estimated from the signals of these systems
by using proximity information, trilateration, triangulation
or location fingerprinting methods. The properties of these
systems are summarised in Table 1.

In the case of RFID, the proximity method is gener-
ally used. Location fingerprinting, which provides a room-
level or couple of metres accuracy, is commonly used with
WLAN [61] and Bluetooth [62] received signal strength indi-
cator (RSSI) measurements. RSSI describes only the average
attenuation of the signal in the communication channel. More
accurate and stable results may be achieved using channel
state information (CSI), such as channel impulse response
(CIR), which contains more information than a single RSSI
value [63]. Some researchers used an antenna array in a
Wi-Fi network to estimate CSI, thus, enhancing the accu-
racy and stability of the fingerprinting positioning system
to a few meters [64], [65]. A WLAN signal can also be
used for trilateration using the Wi-Fi round trip time (RTT)
measurements, referred to as 802.11mc [66]. In Bluetooth
direction finding (DF), the target’s position is estimated using
the triangulation method with the angle of arrival or departure
measurements of Bluetooth signals. According to the authors

TABLE 2. Different communication band usage scenarios and their
terminology.

of [67], Bluetooth DF can achieve accurate measurements if
not severely affected bymultipath interference. Future 5GNR
mmWave technology is expected to provide centimetre-level
positioning accuracy and one degree orientation accuracy for
the device when the TOA, TDOA and angle of arrival (AOA)
are used [68].

UWB is well suited for many positioning applications.
In the case of UWB, the position can be estimated with
centimetre-level accuracy using triangulation or trilateration
positioning methods or both, as discussed in subsequent
chapters.

III. UWB POSITIONING
UWB is a wireless short-range radio technology whose
communication channel propagates information over a wide
spectrum by modulating either a carrier-based waveform or
a carrier-less baseband signal in the form of short-width
pulses [69]. According to the Federal Communication Com-
mission (FCC) and the International Telecommunication
Union (ITU)-R, UWB possesses a spectrum that occupies a
bandwidth greater than 20% of the central frequency or has a
bandwidth of at least 500 MHz. A UWB RF signal occupies
the ultra 500 MHz bandwidth, which facilitates the trans-
mission of large data sizes upon the consumption of lesser
energy than other technologies [10], [31], [70]. To differenti-
ate among narrowband (NB), wideband (WB) and UWB, the
FCC classification scheme adopts fractional bandwidth cal-
culation, BF which is a dimensionless frequency-independent
indicator, calculated using Equation (1) as follows: [70], [71]

BF = 2
(
fh − fl
fh + fl

)
(1)

where fh, fl are the higher and lower frequency bands of the
signal, respectively. Hence, the band type is determined using
the data shown in Table 2 [70].

In 2002, the FCC described UWB technology as an
emerging promising technology that holds great advances for
various applications [72], such as imaging systems, ground-
penetrating radars (GPRs), wall-imaging systems, medical
systems, surveillance systems, vehicular radar systems, com-
munications and measurements systems [73]. UWB can
transmit high data rates using tiny pulses of the spectrum
spread over wider frequency bands with low PSD, which pro-
vides the signal higher penetration capability than most RF
waves. Moreover, some types of UWB signals (e.g. impulse
radio UWB) do not require sinusoidal carrier waves, which
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in turn reduces the power required for transmission. The
combined advantages of a UWB signal makes it a prominent
candidate for real-time applications, such as 1) tracking and
navigation, 2) sensor network communications, 3) ranging
and imaging, and 4) extremely high-data-rate short-range
communication (e.g. wireless UWB).

Recently, UWB has been widely adopted in personal area
networks (PANs), precise indoor positioning, indoor track-
ing and navigation systems. UWB positioning relies on the
unique radio frequency characteristics associated with UWB
technology to provide accurate estimates for indoor locations
based on the TOA, AOA and TDOA of the signal. The UWB
positioning signal takes the form of a low-power short-pulse
transmission with large bandwidth [10], [31], [70], making it
robust, precise and secure.

A. ADVANTAGES AND CHALLENGES OF UWB COMPARED
TO OTHER INDOOR POSITIONING TECHNOLOGIES
1) ADVANTAGES
UWB was first commissioned by the FCC for public use
in 2002. Earlier, it was utilized solely by the US military
for classified applications [13]. The structure of a UWB
signal comprises the transmission of short pulses within large
bandwidth ranges between 3.1 and 10.6 GHz, which yields
UWB superiority over NB signals. Owing to the large band-
width and short duty cycle, UWB possesses a larger capacity
and higher data rate, which make it a suitable candidate for
RF-based IPS implementation. Moreover, UWB lies in the
unlicensed spectrum, which can be used by anyone without
prior notification. Additionally, the pulse nature of the UWB
signal increases its penetration capability. Therefore, UWB
tags on mobile targets do not require a direct line of sight
(LOS) with its anchors.

However, some scenarios found in dense environments
might have negative effects on the UWB signal, causing
multipath deterioration and interference with neighbouring
frequencies in the spectrum [10]. In addition, the low trans-
mission power can be ineffective in large-sized indoor spaces,
as it disallows the signal from travelling to longer distances
due to path loss attenuation. Hence, additional UWB anchors
are required, which increases costs and complexity [13].

UWB offers numerous benefits over narrowband signals,
which widens the range of affected applications. First, UWB
is an unlicensed free spectrum that can be used without
prior licensing. The UWB spectrum was made free for
commercial use in 2002, but before that, it was restricted
to military operators, mainly the Department of Defense,
for classified applications [13]. UWB has a larger band-
width than other positioning techniques, ranging from 3.1 to
10.6 GHz [73], [74], which provides it with the superiority in
many aspects. For example, based on Shannon’s law, the large
UWB bandwidth provides large capacity for an RF signal,
which implies a high data rate transmission that can support
real-time applications, such as instant video streaming [13],
[73]. Owing to their large bandwidth, UWB communication

FIGURE 3. Comparison between the attributes of UWB and other various
positioning technologies (the dimensions of the shapes are only
indicative).

systems are highly robust, operating at higher data rates
(110 Mbps) than other RF technologies, making it the highest
data rate achieved so far in the precise positioning realm.
Another benefit of the large bandwidth is the UWB system’s
capability of performing in low signal-to-noise-ratio (SNR)
communication channels [13], which provides immunity
against multipath degradation. The high level of multipath
resolution is mainly attributed to the nature of pulse-based
RF communication, which occupies the entire bandwidth for
each pulse, unlike other carrier-based communications [75],
UWB systems do not require a clear LOS, but the UWB
communication is perfectly possible under NLOS conditions.
However, in positioning applications, NLOS situations might
produce erroneous sensor readings, which can disturb the
position estimation. Additionally, the short-pulse low-power
nature of UWB signals is a major advantage of UWB,making
it a suitable candidate for indoor positioning applications,
as demonstrated in Figure 3 [26], [76].

Additionally, the UWB signal transmits at low average
power due to the short-pulse nature of transmission, submerg-
ing it within the noise floor(-40 dBm/MHz), which helps
in saving transmitter energy, enhancing the battery life and
bestowing resistance against jamming and interception.

2) CHALLENGES
Although UWB technology offers numerous benefits for
indoor positioning applications, the technology faces several
challenges and drawbacks that affect its performance.

UWB technology is known for its coexistence with other
RF systems, but this is not always true. The technical report
published by the US National Institute of Standards and
Technologies [77] stated that UWB can cause interference
to existing nearby RF systems and vice versa. Examples
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of the potentially affected RF technologies are the GPS,
3G and WiMAX communication systems [10], [77] due to
the misconfiguration of wireless transceiver devices. Many
countries have imposed regulations to mitigate the possible
interference, which are covered in the following sections.

The low power transmission of UWB is considered an
advantage, yet it limits the overall power consumption for
the transmitter and receiver. For example, the low-power
UWB signal can either travel short distances at a high data
rate or long distances at a low data rate [78]; hence, the
range of the UWB anchor will be limited. This can only be
compensated by using more UWB anchors, which limits the
scalability [51], [79] and increases the system complexity and
computational load, thus compromising the system accuracy
and robustness. Additionally, the processing of wide-band
signal usually leads to high power consumption [80]. The
high power consumption can be mitigated using a multiband
approach in which the signal is split into sub-bands. The
sub-band processing method will be briefly discussed in
subsection III-C3.

Another advantage that creates a challenging situation is
the short pulse nature of UWB signals. The coding of short
width pulses requires longer synchronisation times, limiting
the data capacity. Moreover, the short-width pulses increase
the number of multipath components [77], which also com-
promises the overall system performance. Researchers have
proposed a solution for this issue by devising special schemes
and protocols to avoid repeated synchronisation [77]. In addi-
tion, the authors of [81] proposed the use of multiple-
input multiple-output systems to mitigate the effect of short
communications. One last disadvantage of UWB is its lim-
ited usage outdoors. According to various countries’ regu-
lations, fixed UWB transmitters operating outdoors are not
allowed [82], [83], refer to subsection III-B for more details.

B. UWB LICENSING AND REGULATIONS
The UWB bandwidth license is free for indoor applications,
yet the regulations for UWB devices are country- or region-
specific to define the technical requirements and certifica-
tion procedures for legal and safe operation [84], and more
importantly, to minimise the potential interference to licensed
services [69]. These regulations comprise the boundaries and
safety limits of the operating frequency, power levels, emis-
sions, energy disruptions, service times and antenna loca-
tions. For example, the regulations for UWB devices in the
United States are published by FCC in 2002 under the ‘‘Code
of Federal Regulations Part 15, subpart F’’ [82], while those
in the EU region are issued by the Harmonised European
Standard in 2016 (the process started in 2006) under the radio
equipment directive ‘‘ETSI EN 302 065 – 1 to 5’’ [83].

Additionally, these official UWB regulations distinguish
between the different types and usages of UWB devices, and
each type and usage has its own regulation. For example,
the FCC has set specific rules for each category of UWB
devices and their respective application, such as indoor UWB
systems, handheld UWB devices, GPRs and wall imaging

systems, surveillance and transportation systems (e.g. UWB
on-board aircrafts and UWB installed on rail vehicles) [69].

According to the FCC, the bandwidth of the UWB systems
belonging to the indoor and the handheld categories must be
kept between 3100 MHz and 10,600 MHz [82]. The indoor
UWB systems may not be used outdoors, and they must be
designed so that they are capable of operating only indoors.
The emissions from UWB devices may not be intentionally
directed outside of a building to perform an outside function.
Also, the use of outdoor mounted antennas is prohibited. The
device may only transmit when sending information to an
associated receiver.

An UWB device belonging to the handheld category must
be relatively small. These devices are primarily kept in hand
while being operated, and they do not employ a fixed infras-
tructure [82]. Antennas may be mounted only on the hand-
held UWB device. The use of antennas mounted on outdoor
infrastructure is prohibited.

Part 1 of the EU regulation ’’ETSI EN 302 065’’ contains
requirements for generic UWB applications, and it applies to
fixed (indoor only), mobile or portable applications [83]. The
UWB transmitter conforming to that document may not be
installed at a fixed outdoor location, for use in flying models,
aircraft and other forms of aviation. Allowed operation fre-
quency band is from 3.1 to 4.8 GHz and from 6.0 to 9.0 GHz.

Requirements for UWB location tracking are defined in
Part 2 of the EU regulation ’’ETSI EN 302 065’’. This
document covers three types of UWB location tracking sys-
tem, of which two are applicable for smart logistics applica-
tions [85]:
• LT1 systems: These systems, operating in the 6 GHz
to 9 GHz region, are intended for general location track-
ing of people and objects. They operate on an unlicensed
basis. The transmitting terminals in these systems are
mobile (indoors or outdoors), or fixed (indoors only).
Fixed outdoor LT1 transmitters are not permitted.

• LT2 systems: These systems, operating in the 3.1 GHz
to 4.8 GHz region, are intended for person and object
tracking and industrial applications at well-defined loca-
tions. The transmitting terminals in these systems may
be located indoors or outdoors, and may be fixed or
mobile. They operate at fixed sites and may be subject
to registration and authorization.

The regulation documents contain additional points
describing the operation peak powers and tabulated emission
limits for UWB devices, which vary regionally (e.g. US and
EU). Both the ETSI and the FCC regulations allow the use
of UWB indoor location tracking, which is very important
formany industrial and smart logistics applications. However,
the unlicensed outdoor use of UWB is limited to handheld or
mobile devices. Because the FCC or LT1 of ETSI do not allow
fixed outdoor transmitters, development of UWB outdoor
positioning systems becomes difficult. Without transmitting
anchors, it is not possible to use TW-TOA and multilatera-
tion for position determination. In addition, TDOA scheme
with wireless clock synchronization is inapplicable, since
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the anchors must transmit synchronization messages to each
other. Thus, the only possible way to implement outdoor
UWB location system, operating under the provision of FCC
or ETSI LT1, is to use TDOA approach with a wired clock
synchronization. However, implementing the wired clock
synchronization is complex and expensive.

LT2 of ETSI allows the fixed outdoor transmitters in the
EU, but the LT2 systems are subject to registration and
authorization. In addition, local coordination with possible
interference victims has to be performed, and the possible
permission would be granted only to a specific site [85].
Currently, developing an UWB-based positioning system for
outdoor environment is very difficult.

In June 2020, the fine-ranging alliance (FiRa), the largest
UWB consortium, was founded to pave the way for the
widespread adoption of UWB-driven applications. Some
well-known company members of the FiRa alliance are NXP,
Samsung, Qorvo, Qualcomm, Cisco, Apple and BOSCH.
The FiRa consortium is committed to providing seamless
user experience through secured fine ranging and positioning
capabilities of interoperable UWB technologies [86].

C. UWB SIGNAL ATTRIBUTES
The earliest attempt of UWB standardisation within IEEE
standards was made by the WiMedia alliance workgroup in
IEEE 802.15.3a-2003. This workgroup was responsible for
standardising the physical and medium access control (MAC)
layers of UWB indoor signals for wireless PANs. The detailed
technical aspects of a UWB signal are described in the cur-
rently, active UWB standard (802.15.4z-2020), which was
developed by the ‘‘LAN/MAN Standards Committee’’ of the
IEEE Computer Society [87]. UWB signals can be generated
using different techniques, the most popular of which is the
impulse radio (IR) method. However, there are several other
methods that can be adopted in UWB systems. The authors
of [69] classified the types of UWB signals into the following
six categories:

1) IMPULSE RADIO ULTRA WIDEBAND (IR-UWB)
The IR-UWB modulates the baseband signal through short
pulses (order of nanosecond duration each), which have a low
duty cycle to transfer information. The frequency spectrum
characteristics of IR-UWB can be controlled by varying the
pulse shape, phase, amplitude and duration to formulate the
spectrum envelope of the signal. IR-UWB can be carrier-
based, which requires an external high-frequency sinusoidal
carrier signal and a mixer, or carrier-less, which can oper-
ate without a local oscillator (LO) in the transceivers, only
using the baseband signal. The IR-UWB is typically the most
adopted system and is standardised in the IEEE 802.15.4z
UWB standard.

2) DIRECT SEQUENCE ULTRA WIDEBAND (DS-UWB)
Direct sequence spread spectrum (DSS) version of the
IR-UWB forms the DS-UWB, which treats the signal by
a pseudorandom number (PN) code before the amplitude

modulation of a train of short pulses. The new bandwidth of
the transmitted signal is affected by a spread code, which is
typically much higher than the symbol rate at which the chip
interval is longer than the pulse width.

3) MULTIBAND ULTRA WIDEBAND (MB-UWB)
The orthogonal frequency division multiplexing (OFDM)
version of the IR-UWB can be considered to form the
MB-UWB, in which the total bandwidth is divided into multi-
ple frequency sub-bands (minimum500MHz each) to occupy
the spectrum efficiently. The MB-OFDM approach utilizes
the quadrature phase-shift keying (QPSK) modulation with
128 subcarriers and five-band groups containing two or three
bands each (14 sub-bands in total). The MB-OFDM recently
received approval from ISO/IEC and ETSI.

4) FREQUENCY HOPPING ULTRA WIDEBAND (FH-UWB)
It is a non-conventional carrier-based method in which the
transmission occurs through fixed frequency hops over a
broad bandwidth and using variant frequency carriers. The
hopping sequence is determined by a spreading code or a PN
sequence set by the user in which a narrow-band transmission
occurs periodically, which can be smaller than (fast hopping),
greater than (slow hopping) or equal to the symbol rate.
The total spectrum bandwidth is determined by the range of
hopping frequencies and not the symbol rate.

5) STEPPED FREQUENCY HOPPING ULTRA WIDEBAND
(SFH-UWB)
SFH-UWB is a particular case of FH-UWB, in which the
hopping frequencies are selected by the spreading code to
form linearly increasing discrete steps until the desired band-
width is achieved. Then, the hopping frequency is reset to the
starting sequence, and the process is repeated.

6) SWEPT FREQUENCY ULTRA WIDEBAND (SF-UWB)
SF-UWB is also known as ‘Chirp signalling’. It is the
frequency variation of the FH-UWB, in which the carrier fre-
quencies of the UWB waveform are generated by a voltage-
controlled oscillator using a continuous variable speed. The
symbols are modulated on the slope (chirp) using M-ary
modulation and then sent sequentially or superimposed.

D. ARCHITECTURE OF UWB POSITIONING SYSTEM
A typical UWB indoor positioning system includes fixed
UWB sensors (anchors), mobile UWB targets (tags), location
server and system interface. The location server stores and
processes the sensors data, and the system interface (e.g.
smartphone, computer or tablet) is for viewing the positioning
results, as illustrated in Figure 4. Planar, two-dimensional
positioning requires at least three anchors to solve the coordi-
nate equations of the tag, while three-dimensional positioning
requires at least four anchors.

Additional optional units can be added to the previous
structure to obtain a real-time location system (RTLS).
For example, the location server is optional in small-scale
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FIGURE 4. Elements of UWB positioning system. User with a tag or mobile
phone is located through UWB anchors. The location server can determine
the position and provide an API for accessing the location information.

systems but crucial in large-scale systems. There are addi-
tional front-end and back-end units for complex indoor envi-
ronments, such as navigation framework, network gateways,
user interface and facilities for IoT integration or other
accompanying multi-sensor technologies.

The process of UWB precise positioning commences with
relative positioning between the anchors. A single initia-
tor anchor is specified as a reference point or origin (0,0).
An auto-positioning feature, such as Decawave’s (Qorvo)
RTLS application, measures the relative distance between all
anchors and thus positions them in the coordinate system.
A block diagram depicting an example of a complete process
of UWB precise positioning is illustrated in Figure 5.

After fixing the coordinate system, the UWB system starts
ranging the mobile UWB tag(s) within the indoor environ-
ment before sending the measured raw data to the position-
ing framework for additional processing. The positioning
algorithm, which is pre-specified by the user, uses the raw
measurements and a kinematic model to carry out position
estimation. Precise position can be achieved by using the
UWB system when the ranging method and the positioning
algorithm are appropriate to the application and the properties
of the environment.

Many applications in various environments require specific
NLOS mitigation methods to improve the performance. This
article focuses on two NLOS mitigation approaches, multi-
sensor fusion and ML algorithms. Both approaches are dis-
cussed in detail in section VIII.

In the multi-sensor fusion approach, additional accompa-
nying IPS technology is used to aid the UWB system with

a fusion algorithm that fuses data obtained from all sensors
based on their weights and shares.

In contrast, theML approach is designed using large offline
data to train a learning algorithm to identify the outlier mea-
surements caused by the NLOS conditions. This approach has
its performance metrics as ML algorithms are assessed from
the training and testing accuracies. Nevertheless, the overall
efficiency of the system is determined by the combined met-
rics of each phase, in addition to the degree of relevance of
the final positioning results to the ground truth.

E. COMMERCIAL PRODUCTS
The growing demand for location-based services in an indoor
environment has increased the size of the UWB market dur-
ing recent years. In addition, the recent advances in UWB
technology have provided opportunities for new commercial
applications.

The major manufacturers providing UWB chips for open
markets are Qorvo and NXP. Qorvo entered the UWBmarket
by acquiring the Irish semiconductor company Decawave in
January 2020 [88]. Decawave has been one of the major
providers of UWB technology during the past 15 years,
along with some other companies, such as Ubisense and
BeSpoon [89]. Decawave’s UWB technology has been
very popular and its chips have been used extensively in
research [16], [90]–[93] and commercial IPS [94]–[97].

NXP launched its UWB precision chips in February 2020.
Currently, NXP provides Trimension UWB modules for IoT,
industrial, mobile and automotive market segments [98]. Tri-
mension UWBmodules can be used, for example, like tags or
anchors in IPS systems, in mobile devices and in secure car
access applications.

One of the most important markets for UWB is mobile
phones. In 2019, Apple launched iPhones having an UWB
chip called U1 [99]. Samsung released its first high-end
mobile phones with UWB technology in 2020. Samsung was
one of the founders of the FiRa consortium together with
NXP and some other companies [100]. UWB technology
provides new opportunities for mobile phone use cases, such
as secure access control, location-based services and device-
to-device communications. To support third-party application
development, Apple has released its ‘‘nearby interaction’’
framework for developers and chipset manufacturers building
UWB-based applications [101].

The automotive industry is developing UWB applications
for secure access control and localisation. For example,
Bosch’s Perfectly Keyless key management system utilizes
UWB in mobile phones for secure access control [102]. The
vehicle access and start are controlled via a digital key on a
mobile phone and the precise localisation of the phone.

IV. UWB POSITIONING TECHNIQUES
The positioning can be based on either multilateration or
multiangulation techniques. When using multiangulation, the
position of the unknown tag can be determined from known
anchors geometrically by observing the angles of the received
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FIGURE 5. Suggested building blocks of the UWB precise positioning process, based on the surveyed UWB literature.

signal either in anchors or in tags. When using multilatera-
tion, the ranges between the anchors and tags are obtained by
measuring the time of flight (TOF) and multiplying it by the
speed of light or by applying a channel attenuation model to
the received signal strength (RSS) observations.

In general, the following four active strategies are used for
estimating the TOF needed for multilateration:
• TOA: TOAof the signal ismeasured and subtracted from
the known transmission time. The arrival timestamps are
obtained by either using a precise clock (synchronous
TOA) or by solving them together with the tag position
by using at least N+1 anchors, where N is the number of
spatial dimensions. The latter method is used in GNSS
systems and is known as the pseudorange method. The
clock synchronisation accuracy of the sub-nanosecond
range is not feasible for moving targets [103], [104],
and therefore, the pseudorange method is typically
used.

• RTT: The RTT of signal propagation between two
objects is measured, and the processing time is reduced
to obtain double ToF. This method is also called two-
way ranging (TWR) or two-way TOA (TW-TOA). The
measurement is repeated between a tag and at least N
anchors. This method is sometimes called asynchronous
TOA. [105]

• Time of transmission (TOT): The arrival time of the
signal sent by a tag is observed by at a minimum of N+1
anchors, and the TOT is solved together with the position
of the tag.

• TDOA: The signal sent by the tag is received by at
least N+1 anchors, which calculate the time differences
of arrival times, avoiding the need for absolute time
synchronisation in a tag.

The positioning techniques used with UWB are (1) TOA
or TW-TOA; (2) AOA; (3) received signal strength (RSS);
(4) TDOA and (5) a hybrid algorithm [10], [104]. The typical
UWB system estimates position using a two-step procedure.
In the first step, observables related to an unknown position
of the tag and known positions of the anchors are determined.
Among these, TOA, TDOA, AOA and RSS are given as
examples [25], [26]. From these measurements, the RSS is
considered the least suitable for use with UWB because its
accuracy in an NLOS and a multipath environment is lower
than that of time-based methods [104]. In the second step,
the position of the tag can be computed using estimation
methods such as least-squares (LS) method, Kalman filters
(e.g. EKF and UKF) and particle filter (PF). In addition to
the previous methods, some recent literature has adopted the
AI approach through supervised learning to account for the
position estimation in which the raw UWB data are com-
pared with a trained ML model (e.g. support vector machine
(SVM)) for predicting the unknown position of the target
node [106]. Selecting a suitable positioning technique is vital
to the whole precise positioning process as it affects the over-
all accuracy and defines the system complexity, and hence,
the resources’ total costs [76]. In this section, we summarise
the most widely adopted techniques in the literature, high-
lighting their methodology, pros and cons.

A. ANGLE OF ARRIVAL
The position of an object can be estimated from the AOA
or the angle of departure (AOD) of the signal. Each angle
measurement defines a line between the base station and a
mobile device. The object’s location is determined from the
intersection of these lines, as illustrated in Figure 6 a.
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FIGURE 6. Ranging and angulation techniques. a) AOA, b) TOA, TWR and RSS and c) TDOA. In AoA, TOA and TDOA techniques, the tag position is
determined from the intersection of the lines, circles and hyperbolas, respectively.

In theAOAmethod, the tag transmits a signal using a single
antenna, and the anchor (base station) receives the signal with
multiple antennas arranged in an array. The signal direction
is determined from different propagation delays of the signal
between multiple antennas of the receiver antenna array and
the single transmitter antenna.

In the AODmethod, there is a single antenna at the receiver
and multiple antennas arranged in an array at the transmitter.
Usually, the anchor (beacon) transmits the signal, and the tag
receives it. The signal direction is determined from different
propagation delays of the signal betweenmultiple antennas of
the transmitter antenna array and the single receiving antenna.

The advantage of the AOA (or AOD) observable is that
there is no need to time-synchronise the anchor clocks. How-
ever, the antennas have to be precisely calibrated to the
correct orientation. The AOA can be measured with various
techniques, but currently, antenna arrays are mostly used in
positioning systems.

There is a significant advantage of using a UWB signal
over a narrow band signal in phase difference-based AOA
estimation. Due to the short duration of the pulse, the UWB
receiver can separate the direct signal from the reflected
signal better than the receiver of the NB signal [92].

In UWB-based systems, the AOA measurements are often
used together with TOA or TDOA measurements [92]. For
instance, the authors of [107] proposed an AOA estimation
method for a UWB positioning system using a lower-cost
single-anchor system. A centimetre-level UWB position-
ing system was proposed by [108] using a mono-station
TOA/AOA positioning method. In addition, the cell phone
applications of Samsung and NXP use both the TOA and
AOA observables [109]. The Ubisense positioning system
uses both AOA and TDOA measurements, but according
to [89], this system is less accurate than theDecawave system,
which uses the TOA observable only.

Authors of [110] have developed a TDoA-Based posi-
tioning system using a single hotspot. This hotspot consists
of anchors placed very close to each other. The tag to be
localised is around the hotspot. The system estimates the

range and AOA between the hotspot and the tag. According
to the authors, the error in AOA estimate is less than 3 degrees
when the target is in 15 m distance. The error in the estimated
range may be 4 m.

B. TIME OF ARRIVAL
Most of the UWB-based positioning systems use the concept
of TOA ranging to determine the user position. This concept
is based on measuring the time taken for an RF signal trans-
mitted by an emitter to reach a receiver. The time interval, due
to signal propagation delay is multiplied by the speed of light
to obtain the distance between the emitter and the receiver.

The TOA technique exploits trilateration to determine the
position of the mobile users based on the range from the
mobile unit to at least three (3D) anchors at known locations.

In the TOA method, the position is estimated by intersect-
ing circles (2D) or spheres (3D) with radius ri and centre
(x i, yi, zi), as illustrated in Figure 6 b. The radius of the circle
r i is obtained from the propagation delay of the signal. Point
(x i, yi, zi) is the known location of the anchor.

The 3D location of the object (xu, yu, zu) can be derived
from the set of nonlinear equations as in Equation (2):

ρi =

√
(xi − xu)2 + (yi − yu)2 + (zi − zu)2 (2)

where i ranges from 1 to 3 and references the base stations
at known locations, (x i, yi, zi) denote the i-th base station
coordinates in three dimensions and r i is the range measured
from the i-th base station.

The TOA method illustrated above requires the anchors
and tags to be accurately synchronised. To avoid the syn-
chronisation requirement, the TWRmethod can be employed
to measure the signal propagation delay. The range between
two devices is determined through the two-way exchange of
a message and by measuring its arrival time. This method is
also known as two-way time-of-arrival (TWR-TOA) or RTT.

The simplest version of the two-way ranging cancels the
effect of the clock offset between the terminals, but the
clock drifts of the terminals can still cause significant error
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FIGURE 7. Double-sided two-way ranging method to estimate signal
flight time cancelling the effects of clock offset and drift.

in the signal flight time estimate. The error caused by the
clock drift can be eliminated by making the two-way ranging
measurement transaction two times [111]. This method called
as double-sided two-way ranging is illustrated in Figure 7,
and the TOF of the ranging message is expressed as in
Equation (3):

τf =
1
4
(τRTT1 − τd1 + τRTT2 − τd2) (3)

where τRTT1 is the RTTmeasured by the tag, and τRTT2 is that
measured by the anchor. The terms τd1 and τd2 are the reply
times of the anchor and the tag, respectively. τRTT1 and τd2 are
measured using the tag oscillator, and both measurements are
biased by the oscillator offset of the tag. Similarly, τRTT2 and
τd1 are biased by the oscillator offset of the anchor. Double-
sided TWR cancels these oscillator offsets.

C. TIME DIFFERENCE OF ARRIVAL
One method to obtain the signal propagation delay is the
TDOA method, which measures the difference in the arrival
times of two signals. The anchor clocks must be precisely
synchronised, but the tags do not need to be synchronised.
The tag position is obtained from the intersection of multiple
hyperbolas (Figure 6 c).
The distance difference between the tag and the

anchor where the signal arrives first, is expressed as in
Equation (4): [112]

ri,1 = cdi,1 = ri − r1

=

√
(xi − xu)2 + (yi − yu)2 + (zi − zu)2

−

√
(x1 − xu)2 + (y1 − yu)2 + (z1 − zu)2 (4)

where c is the speed of light, r i,1 is the distance difference
between the first and the ith anchor, r1 is the distance between
the first anchor and the tag and di,1 is the measured TDOA
between the first and the ith anchor. Equation (4) defines a
set of nonlinear hyperbolic equationswhose solution provides
the 3D coordinates of the tag.

In principle, the TDoA approach can be implemented in
two ways, called as unilateral and multilateral techniques
[113], [114]. In the unilateral system, the anchors transmit
a signal and the tags measure the TDOA from the received
signals. Also, the anchors transmit a signal with different time
delays to avoid a signal collision. The unilateral technique has
some advantages, such as infinite scalability in the number of
tags [115]. As in GNSS, in the unilateral TDOA system the
location privacy is preserved, since the position is estimated
in the tag. However, in the unilateral architecture the design of
the tag is complex and it has high energy consumption [114].

Because of the drawbacks of unilateral approach, most
of the UWB-based systems using the TDOA scheme are
based on multilateral technique. In multilateral approach the
tag sends one message, often called a blink, and the arrival
time is then measured by multiple anchors with respect to a
common time reference. These arrival times are then sent to a
master node or server, which computes the TDOA estimates
by subtracting the arrival time of the pivot anchor from those
of the other anchors. Thus, the number of TDOA estimates is
one less than the number of arrival time measurements.

Even though the multilateral approach is less scalable than
unilateral approach, it can still support many more tags than
the TW-TOA system. In the multilateral TDOA architecture
a tag needs to send only one message per range measure-
ment, while in the TW-TOA scheme, several messages are
required [51]. Scheduling techniques are needed to avoid
packet collisions in the TW-TOA approach, limiting the
number of supported tags. In the TDOA approach, the tags
need not to be aware of the anchors, which makes message
scheduling easier than in TW-TOA. The authors of [51] inves-
tigated the scalability of UWB-based indoor positioning for
TDOA and TW-TOA approaches with different MAC pro-
tocol combinations. In the mathematical model proposed by
the authors, when using a TDOA approach and time division
multiple access (TDMA), more than 6000 tags per second can
be supported in a single domain shell. The drawback of the
TDOA method is that the anchors have to be accurately syn-
chronised. Because the radio signal propagates at the speed
of light, 1 ns time offset in the anchor clock would introduce
a 30 cm error in the estimated range. Decawave DWM1001
achieves measurement accuracy within 10 cm in the TOA
mode, which is equal to 333 ps accuracy in the propagation
delay measurement. The synchronisation accuracy must be
even better to achieve similar accuracy in the TDOA mode.

The anchors of the UWB-based positioning system can be
synchronised either throughwires or wirelessly. In wired time
synchronisation, the clocks of all anchors are synchronised by
means of wires or fibres. In wireless time synchronisation,
each anchor has its own clock running independently of
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the clocks of the other anchors. The time estimates of the
different anchors are synchronised to the common time by
sending synchronisation messages.

A time synchronisation mechanism for the TDOA-based
UWB positioning system was investigated in [116]. The
authors developed a test setup to measure the time synchroni-
sation errors of wired and wireless approaches. The standard
deviation of the wireless synchronisationwas 400 ps, whereas
that of the wired synchronisation was 133 ps. However, the
time synchronisation of the anchors might be challenging.
Wired clock synchronisation or more stable clocks makes the
positioning system complex and expensive. Wireless clock
synchronisation techniques lower the range estimation accu-
racy when unstable clocks are used. Many commercial UWB
applications, such as Eliko [97] and Exafore [95], use the
TW-TOA approach. Some UWB systems, such as Sewio [96]
and Pozyx [94], support both the TDOA and TW-TOA
schemes. According to Pozyx, the TW-TOAmethod provides
more accurate position estimates, while TDOA is better suited
for large-scale applications, which need multiple tags to be
supported.

D. RECEIVED SIGNAL STRENGTH
The measurement of RSS is straightforward and is per-
formed in most radio receivers. RSS decreases as the
receiver–transmitter distance increases. This phenomenon
can be used to estimate the location of a mobile device
from the RSSmeasurements either by trilateration or location
fingerprinting.

Radio signal attenuation is not only affected by the dis-
tance between the transmitter and receiver but also by mul-
tipath interference and any obstruction on the signal path.
Thus, indoor positioning systems seldom compute the object
position by using geometric range estimates derived from
RSS. Instead, RSS-based indoor positioning systems use
location fingerprinting more often. RSS is seldom used with
UWB, because using the RSS observable does not completely
exploit the benefit of UWB signals [117].

E. PASSIVE POSITIONING
In addition to previous active positioning techniques, loca-
tion can also be determined by passively monitoring the
communication of the UWB network [118] or by special
arrangement; where a tag listens passively to the positioning
messages sent by the anchors simultaneously [115]. Passive
monitoring is not as accurate as active positioning, and the
simultaneous positioning message method requires special
hardware. Another passive UWB positioning strategy is to
use UWB anchors as radars. In this case, the round trip
time of the signal sent from the anchor and reflected from
the target is measured [93], [119], [120]. Both magnitude
and phase of the channel state can be used, in addition to
signal reflections from walls. This method is called device-
free positioning since it does not require any UWB specific
hardware in the target. Passive and device-free methods are
still under research. They are not as precise as the active

methods and are more sensitive to environmental changes and
variation. Thus, they are not discussed further in this review.

V. UWB POSITIONING ALGORITHMS
The position can be estimated from TOA and TDOA observ-
ables by using various methods. When the position is esti-
mated using measurements of a single time epoch, it is called
static positioning, where the previous or future measurements
are not accounted. The most common approach to solve the
nonlinear system of equations of TOA and TDOA is to use
the iterative LS method. Alternatively, the position can be
estimated using closed-form solutions or methods based on
likelihoods or probability.

Static positioning is not an optimal solution in most sit-
uations, as it does not account for the dynamic state model
of the target. In many cases, a Kalman filter and PF provide
a better position estimate, as they use the time series of the
measurements for computing the current state estimate.

A. ITERATIVE LEAST SQUARES AND CLOSED-FORM
SOLUTIONS
The overdetermined and nonlinear system of equations can be
solved using the Gauss-Newton algorithm. As the linearisa-
tion of this algorithm is based on Taylor-series expansion, it is
also called the Taylor algorithm. In this algorithm, the user’s
position is determined using an iterative process starting from
an approximate position.

The true distance between the anchor i and the tag is as
described in Equation (5):

ri =
√
(xi − xu)2 + (yi − yu)2 + (zi − zu)2 (5)

where (xi, yi, zi) is the position of the i-th anchor
and (xu, yu, zu) is the position of the tag. If (xv, yv, zv) is the
initial approximate position, let xu = xv + δx , yu = yv + δy
and zu = zv + δz. By linearising Equation (5) using Taylor-
series expansion and omitting the second-order and higher
terms as in Equations (6)–(10) we have: [121]

Hδ = b (6)

where

b =

r1 − rv1r2 − rv2
r3 − rv3

 , H =

ax1 ay1 az1
ax2 ay2 az2
ax3 ay3 az3

 , (7)

δ = [δxu, δyu, δzu]T (8)

axi =
xi − xv
rvi

, ayi =
yi − yv
rvi

, azi =
zi − zv
rvi

(9)

and

rvi =
√
(xi − xv)2 + (yi − yv)2 + (zi − zv)2 (10)

The LS solution to the position estimation problem is
obtained from Equation (11): [121]

δ = (HTH)−1HTb (11)

The position of the object (xu, yu, zu) is calculated using an
iterative process. In the beginning, the approximated position,

44426 VOLUME 10, 2022



Acta Wasaensia 131 

M. Elsanhoury et al.: Precision Positioning for Smart Logistics Using UWB Technology-Based Indoor Navigation: A Review

(xv, yv, zv) is set to an initial value. Next, the direction cosine
matrix H and the predicted-minus-observed range vector b
are computed. Then, the unknown displacement vector δ is
calculated using Equation 8. The iteration process is repeated
until the length of the displacement vector does not decrease
any further.

The ordinary LS method described above assumes that
the error variance in each measurement is the same. The
method of weighted LS (WLS) can be used when the error
variances of the measurements are not constant.WLSmethod
weights observations by the reciprocal of the error variance
wi = 1/σ 2

i for that observation.
The weight matrix is calculated using Equation (12):

W =


ω1 0 0 0
0 ω2 0 0
...

...
. . .

...

0 0 . . . ωL

 (12)

The WLS solution is obtained from Equation (13):

1x = (HTWH)−1HTW1p (13)

In addition to the Taylor-series method, several closed-
form solution methods have been proposed to solve the set
of TOA or TDOA equations. Caffery [122] presented a geo-
metrical interpretation in which straight, rather than circular,
lines of positions were used to determine the target device’s
position. This method is called the linear lines of position
(LLOP) method [121], [123] or simply LS method [112]; it
does not use linearisation. Another well-known closed-form
solution is the Chan algorithm, which estimates the target
position from TDOA equations [124].

Many authors have preferred closed-form solutions over
the Taylor method [122], [124]. The Taylor-series method
has been criticised as it converges towards a local minimum
if the initial guess is not close enough to the true posi-
tion. However, in a GNSS, for example, the Taylor-series
method seldom converges towards the minima. The authors
of [112] compared the LLOP, Chan algorithm and Taylor-
series method and found that the Taylor algorithm provides
the best positioning accuracy. A fusion algorithm combining
both the Chan and Taylor algorithms can improve the posi-
tioning accuracy in the presence of NLOS errors [125].

B. BAYESIAN FILTERS
Recursive Bayesian state estimation, or Bayes filter is an
abstract concept for tracking object’s position in kinematic
case, by combining a dynamic state model with observations.
Bayesian filters recursively update the posterior belief to the
current state as in Equation (14):

Bel(xk ) = p(xk | y0..k−1), (14)

where xk is the current state and yk are the observations.
Practical implementations require the definition of

dynamic and perceptual models and representation of beliefs.
Depending on the implementation, the properties of Bayes

filters are different [126]. Some most common implementa-
tions are different variations of Kalman Filters, Particle Filter
and factor graph optimisation, which are described in the
following subsections.

C. KALMAN FILTERS
The Kalman filter algorithm is a recursive estimation method
used for predicting the new optimal states in linear state-space
systems considering additive white Gaussian noise [127]. The
algorithm is based on using a priori knowledge to estimate the
posterior states, calculate the Kalman gain and measurement
residual caused by the mismatch error and then calculate the
new state and covariance vectors and use them as input to the
next iteration [127]–[131].

1) EXTENDED KALMAN FILTER
The extended Kalman filter (EKF) is an adapted version of
the ordinary linear Kalman filter to estimate states in non-
linear dynamic systems [132]. A discrete-time Kalman filter
follows two steps: 1) prediction step, where the next state of
the system is predicted given the previous measurements fed
to the system, and 2) update step, where the current state of
the system is estimated given the measurement performed at
the active time step [131], [133]. Then, the Kalman filter algo-
rithm is used to satisfy the equations of state-space estimation
in Equations (15) as follows:

xk = f (xk−1, k − 1)+ qk−1
yk = h(xk , k)+ rk (15)

whereas xk and yk are the state and measurement vectors of
the system at time step k and qk−1 and rk are the process
and measurement noises at time step k-1, where qk−1 ∼
N (0,Qk−1) and rk ∼ N (0,Rk ), f (.) and h(.) are the nonlinear
functions of model dynamics and measurement, respectively.

In EKF, the state transition matrix F and measurement
matrix H in the linear Kalman filter are replaced by the
nonlinear state transition function f (.) and nonlinearmeasure-
ment function h(.), respectively, to map the algorithm through
Gaussian distribution to work under nonlinear conditions.
The complete Kalman algorithm for nonlinear systems is
demonstrated in Table 3, which is adapted from [131].

Whereas mk̄ and Pk̄ are the predicted mean and covariance
of the state, respectively, at time step k before checking the
measurement, and mk and Pk are the estimated mean and
covariance of the state at the time step k after checking the
measurement. yk is the measurements vector of the system at
the time step k. Sk is the measurement prediction covariance
at the time step k. Kk is the filter gain (i.e. the prediction
correction coefficient at the time step k). f (.) and h(.) are the
nonlinear functions of model dynamics and measurements.

2) UNSCENTED KALMAN FILTER
Unlike EKF, the unscented Kalman filter (UKF) employs
the sigma-point Gaussian transformation to map the non-
linear state transition function of the system and tends to
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TABLE 3. EKF algorithm for nonlinear systems, adapted from [131].

linearise it through the so-called unscented transform [131],
[134], [135]. In other words, while the EKF approxima-
tion relies only on one point (the mean), UKF uses more
than one point, including the distribution mean. UKF selects
additional weighted points (called sigma points) plus the
mean for more accurate transformation. This procedure is
called the unscented transform. Thus, UKF sometimes out-
performs EKF in severely nonlinear systems, whereas EKF
performs well in systems with modest nonlinearity [136]. In
an ideal case, both EKF and UKF can be used to solve the
spatial positioning equation when Newtonian equations of
motion are used to form the state transition function and
the measurements from motion sensor (e.g. inertial unit,
gyroscope or accelerometer) are being filtered. However,
various recently proposed approaches use measurements
obtained from various sensors to input as the state-transition
matrix. The authors in [137]–[139] implemented a fusion
positioning method, whereas the state-transition function
originates from inertial navigation sensors, such as the iner-
tial measurement unit (IMU) or inertial navigation system
(INS), while the measurement function is obtained from
UWB sensors. The two streams are fed to EKF/UKF for
optimal positioning. The procedures vary from method to
method. In some cases EKF is used with multiple anchor
readings and a single-observation anchor, whereas another
method involves the use of EKF and UKF as a cascaded
system to obtain the input parameters of the second fil-
ter from the outputs of the first filter. The results showed
that the fused UWB, along with the inertial sensor data
exhibited improved overall positioning accuracy and system
robustness.

Kalman filters also perform well when they coexist with
PFs, as in [136], where the authors developed a framework
comprising three filters (EKF, UKF and PF) with detailed
evaluative metrics. The results showed that the developed
structure could be used for numerous purposes besides posi-
tioning improvements, such as target tracking and robot local-
isation. Numerous realisations that involve the use of Kalman
algorithms and their variations have been proposed in [22],
[34], [51], [136], [140]–[151].

D. PARTICLE FILTERS
Particle Filter (PF) is another realization of Bayes filters for
position estimation. PF is a popular choice for positioning
because it can be used for solving the DSS shown in Equa-
tion (15) without assuming that the dynamic or perceptual
models are linear and that the noise is Gaussian. However,
it is also possible to implement a PF which assumes Gaus-
sian posterior distribution if a lighter but more restricted
version is needed [152]. The reasons for using PF are that the
conditions of linearity and Gaussian noise do not hold very
often, and linearisation is only possible if the model is well
known [152], [153].

PF estimates the posterior belief Bel(xk ) of DSM through
a sequential Monte Carlo (SMC) algorithm. The SMC is
similar algorithm shown in Table (3), without resorting to
linearisation nor Gaussian noise assumption. The posterior
distribution can be anything representable by discrete sam-
ples (particles). Increasing the number of particles makes it
possible to describe more complex distributions, but it also
increases the computational cost of the method.

The algorithm is simple to implement, consisting of the
following steps:

1) Initialisation: N particles are initialised according to
the a priori knowledge described as probability distri-
bution p(xk−1). This distribution can be any suitable
empirical distribution which can be presented with
particles, or uniform distribution, if more informative
distribution is not available.

2) Estimation loop

a) Predict: All particles are moved based on the
current DSM by sampling new particles, x ik , i ∈
[1,N ], from the distribution obtained by con-
volving the a priori distribution with the process
model:

∫
p(xk |xk−1, uk )p(xk−1)dxk−1. The pro-

cess model includes also possible inputs, uk , and
process noise.

b) Update: The weights of particles are updated
according to the belief of the observations, wik =
p(yk |x ik ) assuming that the particle, x ik , represents
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the correct location. Finally the weights are nor-
malized so that their sum is 1.

c) Resample: New set of particles is generated by
sampling the existing set of particles using their
weights so that particles with higher weights are
selected more probably than the others.

d) Estimate:The position estimate is obtained as a
weighted average of the posterior distribution rep-
resented by particle locations and weights.

In NLOS conditions, the probability distribution of the
position can be multimodal [154], and De Angelis et al.
showed that ranging, which is based on RTT measurements
can be affected by non-Gaussian noise even in LOS situa-
tions [143]. Therefore, PF can be more competitive in some
realistic indoor environment than LS or EKF.

Many researchers have compared the performance of PFs
with classical solutions for UWB-based indoor positioning.
Usually, the performance is evaluated by examining the RMS
error [155] or more often with the cumulative density func-
tion (CDF) of the positioning error in one to three dimen-
sions [143], [148], [156]. These benchmarks show that, in
many cases, a PF provides more accurate positioning results
than classical methods, but in some cases, spurious errors
are also detected when applying a PF (e.g. in the case of a
kidnapped robot) [157]

It is also claimed that, instead of using the RMS error, com-
paring the whole posterior distributions of algorithms is more
affective [152]. For example, the posterior distribution pro-
vided by a standard PF was assumed to be the most accurate
and was compared with the Gaussian posterior distributions
provided by EKF, UKF and GPF through Kullback-Leibler
divergence and χ2 information metrics. In this benchmark,
the GPF was found to be more accurate in location track-
ing than EKF or UKF but incurred higher computational
cost [152].

In addition to the increased computational cost, the prob-
lems identified in applying PF are sample degeneracy and
impoverishment caused by the reduction in particle diver-
sity [158]. A PF might also perform poorly in the kidnapped
robot case when the robot is suddenly transferred to another
location without allowing it to make measurements during
the transfer. In this case, there might not be any particle near
the actual position of the robot, and the robot might take a
long time to find its new location. Counterintuitively, a PF
does not also perform well when the measurement noise is
too little [159], which is precisely the case in the controlled
UWBpositioning system.However, manymethods have been
proposed to overcome these problems. For example, dual MC
localisation is a solution for too accurate sensor readings,
and the kidnapped robot case can be solved by uniform
particle augmentation [159]. Some other improvements are
evolved distribution sampling methods [160], particle reset-
ting approach [155], [161] or replacing PF with adapted FIR
filter [157]. Zhu et al. improved the accuracy of a PF in UWB
positioning by using a pre-build error distribution map [162].

At the cost of pre-computation, they gained increased 2D
positioning accuracy.

It is relatively easy to fuse information from many sources
into the PF estimations to compensate for NLOS issues, for
example. Many researchers have fused INS sensors [91],
[148], [156], mixing an EKF as a pre-processor of PF infor-
mation [148]. The PF positioning algorithm can also include
other models, such as UWB uncertainty model [91] or a
model to predict the UWB signal obstruction caused by a
pedestrian’s own body [163]. The authors in [164] showed
that the inclusion of digital maps into the PF model improved
the positioning accuracy. The positioning of the anchor itself
can be included in the PF-based positioning system [156].

E. FACTOR GRAPH OPTIMISATION
Factor Graph Optimisation (FGO) is a relatively new
positioning algorithm among Bayesian filters. Some earlier
publications from 2012 propose using FGO for multipath
mitigation of GNSS positioning [165] and for multi-sensor
fusion of GPS, IMU and stereo vision [166]. FGO models
previous states as nodes and measurements as factors. Like
KF and PF, FGO assumes Gaussian noise and utilizes the
Bayesian filtering principle for solving the position estima-
tion. The differences are that the FGO does not assume the
Markov condition, but it uses information from previous
states in addition to utilizing the latest state only. FGO solves
the position by optimising the factor graph model with an
iterative solver, therefore requiring more resources than KF
or PF. However, it is still solvable in real-time, for example,
by combining expectation-maximization and nonlinear opti-
misation methods [167], [168].

Even though FGO shares the unimodal Gaussian model
with EKF, it can be more reliable in urban canyon envi-
ronments for GNSS positioning cases [169]. Recently
FGO has raised plenty of interest in positioning research,
and it has been also applied to indoor navigation,
including UWB positioning [167] and tight coupling of
UWB and INS [170]. Besides, FGO can be useful in
indoor positioning where multipath propagation causes
channel impairments or in complex multi-sensor fusion
situations.

F. PARTICLE SWARM OPTIMISATION
Particle Swarm Optimisation (PSO) algorithm belongs to
the family of swarm intelligence, which also includes, for
example, artificial Bee colony (ABC), Ant colony (AC) and
Firefly algorithms. PSO was originally presented by Eberhart
and Kennedy [171], [172]. PSO is an iterative global search
technique that imitates the social behaviour of the swarm of
birds. The algorithm is initialized with a random population
of candidate solutions from a D-dimensional search space.
Each candidate solution has a position and a velocity, and it
is thus described as in Equation (16):

(xi, vi) = ([xi,1, xi,2, . . . , xi,D]T , [vi,1, vi,2, . . . vi,D]T ) (16)
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The quality of a solution represented by each particle is
estimated by evaluating the loss function L(xi). The position
of the best solution found by a particular particle is stored
as the best local solution, Pi,best, and the position of the best
solution among all particles is stored as global best Gbest.

In each simulation step, the velocity and the position of
each particle are updated according to the formula (17): [126]{

vk+1i = wvki + c1ξ (Pi,best − x
k
i )+ c2η(Gbest − xki )

xk+1i = xki + rv
k
i ,

(17)

where w is the weight coefficient corresponding to the inertia
of the particle, c1 and c2 are respectively the self cognition
and social knowledge coefficients determining how much
the model utilizes local knowledge vs. swarm knowledge.
Stochasticity to the model is provided by selecting random
variables ξ and η from range [0..1]. Position updating ratio is
constrained by a constant factor r .

Some examples of using variations of PSO in positioning
are: the use of ensembles of particle swarms to enhance the
robustness and accuracy of UWB positioning [173], [174],
and [175]. Being a global search strategy, PSO can be use-
ful in finding the global minimum from the search space,
but since the UWB positioning problem is often unimodal,
simpler optimisation methods are usually more effective.
However, in NLOS conditions, for example, the probability
of the position can be multimodal [154], then, the global
optimisation strategies can be superior in a similar way to PF.

G. NLOS IDENTIFICATION AND MITIGATION
In addition to using PF and PSO algorithms, the robustness
of positioning in NLOS conditions can also be increased by
specific NLOS identification and mitigation strategies.

Although UWB has several advantages in indoor position-
ing, it can still suffer from errors caused by NLOS conditions.
In an NLOS condition, only the reflected signal is received,
while the direct path signal is missing, as shown in Figure 8.
The use of reflected signals can cause a significant bias to
the position estimate. Various methods have been developed
to reduce the inaccuracies imposed by an NLOS condition
in UWB-based positioning. The authors in [176] categorised
these methods as NLOS identification and NLOS error mit-
igation techniques. The signal can be identified as an NLOS
signal, for example, by analysing the channel statistics param-
eters, such as mean delay, excess delay, amplitude and SNR.
When the faulty observable is identified, it can be excluded
from further analysis to improve the positioning accuracy.

Various methods can be used for mitigating NLOS errors,
such as outlier detection, PFs, ML and weighted least squares
(WLS). The authors in [177] proposed an NLOS identifi-
cation technique based on multipath channel statistics, such
as the kurtosis, the mean excess delay spread and the RMS
delay spread. A likelihood ratio test was conducted for LOS
and NLOS identification. Smaller weights were assigned to
the measurements, which were likely biased. The authors
analysed the WLS method, which deployed the likelihood

FIGURE 8. NLOS and LOS situations in UWB positioning system. The
anchors in the left and right upper corners do not have a LOS connection
to the tag, but the signal is received only through reflections, and
therefore, the flight time is longer than expected, and the distance
estimate fails. The anchors in the lower corners receive the LOS signal
first.

functions obtained from the multipath components of the
received signal. Recently, ML has been extensively applied
for NLOS identification and error mitigation, which is pre-
sented in Section VIII-A.

A commercial solution was coined by Decawave (Qorvo)
in [178] for systems that contain the DW1000 chips. This
embedded resolution comprises the use of additional registers
to assign a level of confidence to the received timestamps.
Afterwards, it post-processes accumulators to allow the iden-
tification of a falsely detected first path, hence, identifying
NLOS situations.

VI. RECENT ADVANCES IN UWB POSITIONING
LITERATURE
The main contribution of this paper is that it summarises the
most recent advances in UWB positioning literature that have
spanned the previous five years; hence, we provide a compact
summary, as shown in Tables 4–9. The tables categorise
each article concerning the publication year, ranging methods
used, applied algorithms, whether they use the fusion-based
technique and field of application, as well as a summarised
description explaining the rationale, methodology and find-
ings for each article. In addition, several other articles are
summarised as in-text review outside the table, which can be
found in the relevant sections.

VII. ADVANCES IN SENSOR FUSION TECHNIQUES
Sensor fusion is a computational procedure to combine the
measurements from multiple sources such that the output
information after fusion is maximized [179].
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TABLE 4. Summary of UWB literature: General methodology development.
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TABLE 5. Summary of UWB literature: NLOS mitigation and integration with fingerprinting.

TABLE 6. Summary of UWB literature: IoT.

As sensor technology becomes more sophisticated (and
owing to its erroneous nature), multi-sensor fusion has been
trending recently. The reliance on multiple measurement
devices in positioning applications can result in fewer uncer-
tainties, and greater reliability and accuracy than depending
on a single measurement sensor [180]. Numerous tracking
systems can be fused with a UWB system to produce more
accurate and reliable estimations. Common examples of these
systems are GNSSs, inertial navigation systems (INSs), dead
reckoning (DR), visual map matching (VMM) and computer
vision. The optimal positioning estimations that result from

fusing multiple positioning methods follow a unified frame-
work, which is illustrated in Figure 9.

GNSSs (e.g. GPS, GLONASS and Galileo) provide
satellite-based positioning estimations for outdoor environ-
ments within an acceptable error range. However, the signal
suffers from multiple degradation factors, such as multipath
fading, path loss and shadowing, which reduce its applicabil-
ity in indoor positioning applications [147], [181].

INSs are highly reliable positioning systems, as they are
not influenced by external factors. However, they accumulate
significant errors over time [182], [183]. The main role of
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TABLE 7. Summary of UWB literature: Autonomous systems.

FIGURE 9. Fusion-based positioning framework, adapted from [179],
[180].

UWB precise positioning technology is to refine INS errors
by tightening the position estimate to the absolute coordinate
system, while an INS provides more accurate delta position

updates in the short term, making the integrated INS/UWB
system more accurate and robust [26], [76]. An IMU differs
from an INS as it is not an integrated dynamic system as an
INS. However, IMU units are the main building block of an
INS [184]. IMUs can still be used independently in fusion-
based localisation endeavours, but INSs have recently been
widely adopted in positioning systems.

A. SENSOR FUSION POSITIONING IN TRANSPORTATION
APPLICATIONS
As cooperative positioning is a crucial element in intelligent
transportation systems (ITSs), the authors in [185] developed
a cooperative scheme supported by vehicle-to-infrastructure
(V2I) communications as a prototype implementation of an
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TABLE 8. Summary of UWB literature: Industrial applications.

TABLE 9. Summary of UWB literature: Pedestrian positioning.

ITS. This method comprises a tightly coupled sensor-fused
GPS/UWB/INS algorithm built upon an error detection unit,

in addition to a robust Kalman filter. The UWB compo-
nent acts as a refining agent for noisy GPS measurements.
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The results showed that the fusion of UWB with GPS/INS
improved the overall positioning accuracy of the vehicles
down to a sub-metre level with an added pseudo-range gross
error in different scenarios (the highest positioning error was
0.78 m) and, thus, increased the system reliability.

In ITSs, various low-cost positioning systems can be fused
to improve the overall accuracy and reliability, as demon-
strated in [147]. The authors used a federated Kalman filter
(FKF) to combine GNSS, UWB, DR and visual map match-
ing (VMM) in one framework, which the authors called an
‘intelligent positioning strategy’. VMM is a common method
in GNSS positioning, which uses pre-stored maps to correct
the fusion error. Three input sources to VMM were prop-
agated: (i) result of GNSS/UWB/DR fusion, (ii) captured
images from a vehicle camera and (iii) pre-stored visual
map repository, sampled by frame and pose. The integrated
GNSS/UWB/DR/VMM strategy was tested in a simulation
environment and a real-vehicle test platform on a university
campus. The results of both tests showed that the framework
improved the accuracy (MAE 0.9 m) and system reliability.

Intelligent logistics (also known as smart logistics) have
recently adopted AGV robots which possess key transporta-
tion capabilities to maximise the efficiency of logistics traf-
fic. The authors in [139] developed an INS/UWB integrated
approach along with an interactive multiple model (IMM)
algorithm that involves dual Kalman filters in both LOS and
NLOS situations by combining their probabilities through a
Markov chain transform. The INS and UWB position errors
were fused, and the error covariance was updated using
another Kalman filter, which compared the INS measure-
ments against the UWB estimated values. Finally, the Kalman
filter yielded the estimated position as the output and pro-
ceeded to the weighted fusion step. The results showed that
the proposed INS/UWB-IMM method reduced the influence
of a LOS/NLOS mixed situation; the average localisation
error obtained was 0.2 m.

B. FUSION-BASED POSITIONING IN INDOOR
APPLICATIONS
Fusion-based indoor positioning has recently gained
significant attention due to advances made in wireless sensor
networks, enhancements achieved in positioning technolo-
gies and its optimisation capabilities [180]. Another tightly
coupled technique was presented by [186], where the authors
used an INS/UWB sensor fusion approach to address the
problem of accumulated errors in inertial navigation sys-
tems, which can localise and track indoor mobile robots in
real-time. A 2D kinematic model of a mobile robot was
developed for positioning and tracking, in addition to an
autoregressive algorithm, to accommodate a third-order error
equation for the gyroscope and accelerometer. In addition,
an IAKF algorithm was developed, and a covariance match-
ing method was used to identify the estimated position
outliers. The results showed that IAKF outperformed the
KF algorithm, and the error of the INS/UWB integrated

FIGURE 10. Structure of the federated Kalman filters.

system was improved to 0.24 m, which is an accept-
able level for the practical requirements of the system
model.

The concept of an FKF filter in multi-sensor data fusion
has been implemented as a group of sub-filters correspond-
ing to each sensor measurement in addition to the master
combining filter, which regularly fuses sensor data to achieve
optimal estimations [187], [188]. The concept of federal fil-
ters is illustrated in Figure 10. The authors of [189] adopted
a federated extended finite impulse response (EFIR) filter
as the sub-filter to fuse INS/UWB measurements between
the reference nodes and target tag. Another EFIR was used
as the master filter to achieve optimal position estima-
tion based on the sub-filter outputs to mitigate the INS
error.

The results obtained from [189] showed that the EFIR
sub-filter approach was more accurate (RMSE = 0.45 m)
and robust than the normal FEKF. In [190], the same authors
introduced the problem of missing UWB measurements and
proposed the combination of an INS augmented by a predic-
tive unbiased finite impulse response (PUFIR) filter. The per-
formance of the proposed method was compared with those
of the other three filters: the Kalman filter, an ordinary UFIR
and a PKF. Although the ordinary UFIR filter performed the
worst, the PUFIR filter yielded a smaller RMSE (0.5 m) and
more robustness than the Kalman filter and yielded reliable
navigation accuracy (maximum error = 2.28 m) amid tempo-
rary missing UWB range measurements.

The authors of [183] addressed the multipath effect dur-
ing NLOS situations on a UWB signal in dense, compli-
cated environments for the indoor navigation of autonomous
robots. The authors introduced an adaptive filter called Sage-
Husa fuzzy adaptive filter (SHFAF) for outlier detection.
Such filters assume that the noise is time-varying, especially
in an NLOS situation, in contrast to Kalman filters, which
assume time-invariant noise. In a SHFAF, noise covariance
is estimated by adjusting the innovation weight adaptively,
which results in more accurate estimations (88.2% of the
time, the positioning error is less than 0.2 m) and enhanced
robustness, as demonstrated by the simulation and experi-
mental results.
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C. FUSION-BASED POSITIONING IN EXTREME
CONDITIONS
GNSS signal is not available in underground mines, and
all positioning systems in those conditions are prone to
signal deterioration and multipath effects. Being quite tol-
erant against multipath propagation, UWB positioning has
been used in Coal mine robots (CMRs) for precise under-
ground positioning to function in excavation, mining and
security control rescue tasks. The authors of [34] developed
an IMU/UWB-based localisation system to equip CMRs
with reliable Estimations, which can mitigate the navigation
uncertainties in underground tunnels. The UWB measure-
ments were propagated into an EKF. Subsequently, its output
was federated with IMU measurements through an ESKF
to realise six-degree-of-freedom state estimations. The esti-
mates were compared with LiDAR odometry methods. The
simulations and small-scale experiments exhibited improved
robustness but slightly decreased positioning accuracy for the
proposed fusion method ESKF-UWB over EKF-UWB. The
authors attributed these results to two reasons: (i) the EKF
method did not comprise orientation errors, or (ii) the crawler
robot suffered movement vibrations, generating additional
IMU noise. This implementation is yet to be investigated on
a larger scale.

The strap-down inertial navigation system (SINS) is com-
monly employed in Chinese coal mines to measure the
position and attitude of a shearer on rails; however, it suffers
from the accumulation of error drifts over time. Hence, the
authors of [191] proposed an integrated SINS/UWB system
through a multimodel intelligent fault-tolerant algorithm to
refine the positioning errors by switching between a tightly
coupled model and a decision tree model based on the
working state of UWBanchors. The switchingwas performed
by assessing the ability of all anchor nodes to accurately
measure the range between each stationary node and the
mobile node. Afterwards, the determined UWB epochs,
along with SINS estimations were fed to a Kalman filter
to obtain the final position and speed. The results showed
that the tightly coupled model could accurately localise
the shearer amid partial node failure. In contrast, the deci-
sion tree model could produce accurate positioning during
total node failure situations. The maximum SINS/UWB
multimodel method error was 0.93 m, accumulated
in 327 s.

VIII. ADVANCES IN MACHINE LEARNING APPROACHES
IN PRECISION POSITIONING
The multilateration techniques directly estimate the position
of an agent using distance observables with a direct signal
propagation model. The reliability of the estimation can be
increased using a dynamic state model, which in addition to
current observations, uses the previous positions in estima-
tions as well through Bayesian statistics (e.g. Kalman- and
PF-based solutions). These are the most common methods
and are particularly functional inside a controlled positioning

infrastructure. While plain multilateration and dynamic state
models have been the most common methods for positioning
estimation, more advanced MLmodels have become increas-
ingly popular due to their increased calculation capacity and
advances in ML methods. They are used for positioning in
situations in which simple models do not work efficiently
(e.g. due to heavy nonlinearities, abruptly changing condi-
tions, heterogeneous information sources, skewed noise dis-
tribution or non-convexity). Typical reasons for using ML are
to increase robustness, allow adaptation to changes, imple-
ment a collaborative or model-free positioning system, use
heterogeneous information sources or select the most useful
features for positioning. These methods allow the use of ad
hoc observations not originally intended for positioning, such
as optical images and RSSs from Wi-Fi base stations. Often
traditional positioning algorithms are supplemented with ML
methods.

ML methods have been found helpful in many use cases,
some of which are listed in the following subsections. More-
over, a summary that describes the properties, strategies and
purposes of the reviewed ML algorithms is presented in
Table 10.

A. RESOLVING NLOS UNCERTAINTY
UWB systems that are augmented by ML approaches play
an important role in resolving NLOS situations. For instance,
the basic ML algorithms, such as a naïve Bayesian filter and
gradient descent algorithms were adopted by [213] and [206],
respectively, to address NLOS conditions by recognising
measurement outliers, hence improving the overall accu-
racy. Using large datasets, the authors of [106] proposed
a radar system augmented by a multiclass support vec-
tor machine algorithm to localise and identify targets by
specifying the location within the building rooms, which
reduced the uncertainty associated with NLOS. A simi-
lar approach with a novel NLOS identification algorithm
based on an import vector machine (IVM) algorithm,
along with a feature selection strategy was proposed
by [198].

The suitable performance of neural network deep-learning
approaches have also been rising in dominance in the most
recent UWB literature (in a span of the past three years).
In [196], the use of a multilayer perceptron, with transfer
learning and convolutional neural networks (CNNs) as NLOS
classifiers, not only enhanced the overall training accuracy
from 44% to 98% but also achieved faster training times than
those achieved using CNNs alone in an unmeasured envi-
ronment. Another neural network approach was presented
in [195], where the authors employed a long short-termmem-
ory (LSTM) algorithm for predicting the user position based
on the received TOA measurements. This LSTM approach
resulted in a 7 cm accuracy, which outperformed several other
techniques, including the recurrent neural network (RNN)
method. The ML methods can be used to increase the robust-
ness of the well-known model-based traditional methods,
such as Kalman filter [214].
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TABLE 10. Summary of machine learning methods used for positioning.

B. ADAPTIVE POSITIONING
The parameters of the prediction models can be tuned or
changed according to the change in the operating conditions
detected by ML models, for example, when an agent moves
from outdoors to indoors or the detection of NLOS situations.
Some researchers have been able to improve the positioning
accuracy by using various dynamic-state models simultane-
ously and selecting the most suitable model according to the
conditions detected by the MLmodel [215]. Neural networks
and reinforced learning methods allow even more flexible
adaptation to the changing environment [216].

C. COLLABORATIVE POSITIONING
Collaborative positioning means that agents share informa-
tion with each other while performing positioning. The solu-
tion does not necessarily conform to the preconditions of the
static or dynamic state model-based methods, as the noise
distribution might be skewed, and the problem might be non-
convex. Therefore, traditional optimisation methods might
not find the global optimum.

Hoang et.al. studied collaborative positioning of vehi-
cles using onboard GNSS, IMU, odometer and UWB
for inter-vehicle distance measurement. They formed an
ad hoc communication network using the ITS-G5 stan-
dard for collaborative positioning [217]. The data fusion
was performed using Bayesian frameworks with EKF
and PF for pre-processing and data fusion, and they
noticed that the PF outperformed the EKF. The experi-
mental result showed that collaborative positioning using

vehicle-to-vehicle communication could secure accurate
positioning during GNSS outage in some cases [217].

The noise in DGNSS observables is not Gaussian, and
the collaborative positioning problem is not convex. There-
fore, the ML approach was used to create a cognitive PF
for positioning for industrial IoT purposes [218]. They also
noticed that if the noise probability distribution of the sen-
sor data can be properly estimated and used in particle
weight computation, the positioning accuracy can be further
improved.

Infrastructure-free multi-robot localisation using UWB
and PF [219]–[221], including functionality for system auto-
calibration [105], has been extensively studied. Both relative
position and orientation of robots can be obtained by attach-
ing several UWB requesters and responders in robots and
measuring ranges using TW-TOA [222].

D. MODEL-FREE POSITIONING
In many cases, ML is used for solving problems without
pre-defined models, which can be particularly useful when
using ad hoc information for positioning. Inside positioning
infrastructure, model-based methods are often more efficient
than model-free methods. ML learns the model of the prob-
lem domain by itself based on the optimal information gain.
In addition to positioning itself, ML can also be used for
studying the problem and revealing the hidden dependen-
cies between variables. For example, Wi-Fi fingerprint-based
positioning is implemented withML [223]. Nonlinear ensem-
ble regression methods, such as random regression trees and
deep learning, can be efficient in this domain [224], [225].
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E. DEVELOPMENTS IN MISCELLANEOUS APPLICATIONS
With the rapid development of ML approaches in various
sectors, there is a growing need to investigate and analyse
ML suitability for localisation applications. In the case of
location-based services, ML is growing in popularity as it
can produce accurate positioning information for naviga-
tional purposes. An ML approach can support the achieve-
ment of better positioning performance both outdoors and
indoors [226]. This positioning system allows real-time track-
ing and tracing of goods and enables the optimisation of
logistics processes in many application areas [227]. In an
indoor warehouse scenario, an ML algorithm allowed, for the
first time, a monocular optical positioning application [227].

The authors of [228] proposed a visible light positioning
(VLP) algorithm, which is based on ML and works to mea-
sure the relative distance between the receiving and transmit-
ting ends of the camera. The combination of VLP systems and
dual-function ML algorithms enables an increase in position-
ing accuracy by reducing the negative effect and eliminating
low-intensity reflective signals [229]. In this approach, the
position is determined by a proposed triangulation algorithm.
The authors of [230] proposed an automated visual position-
ing system using deep learning, which aids to correctly place
a workpiece on a fixture. This approach requires template
matching across the image in which the template is compared
with the local pixels.

ML methods are also used in fingerprint-based algorithms
to enhance the precision and robustness of indoor positioning.
The advancement of fingerprint localisation technology is a
promising method for indoor positioning in various applica-
tions [231]. The authors of [232] developed a fingerprint-
based localisation method, which is combined with ML
and a heterogeneous feature fusion model. Another promis-
ing positioning method is smartphone-based indoor track-
ing, exploiting opportunistic sensing and machine learning
techniques, e.g. SLAM. The SLAM method offers a new
intelligent filtering approach to maintain good positioning
performance [233].

F. SUMMARY
The research interest towards ML methods in positioning has
been continuously increasing during the last five years [234].
ML facilitates the use of more data sources for position-
ing and development of collaborative positioning schemes,
which are too complex for traditional methods. ML plays an
important role in developing future location-based services
by seamlessly usingmany available positioning infrastructure
and other information sources [234].

IX. DISCUSSION
As UWB is a relatively new standard, the maturity in chip
production is rapidly increasing. New accurate and affordable
UWB hardware has been recently introduced by Decawave
and NXP for industrial applications, and UWB chips are
included in recent phonemodels and other consumer products

by the biggest mobile phone manufacturers. This develop-
ment hasmadeUWBan attractive technology for indoor posi-
tioning purposes. Recent UWB positioning systems support
decimetre-level accuracy and 60 m distance [105].

Most of the positioning algorithms used with UWB are
the same, which have been used for positioning for decades,
including multilateration, LS solution, Kalman filtering and
particle filtering, but the increased popularity and lowering
prices of UWB positioning are also attracting new application
areas, solutions and algorithms. While traditional approaches
are still optimal for the standard multilateration problem,
different ML methods have been proposed to cover special
situations, such as the use of heterogeneous data, detection of
outliers, mitigation of NLOS situations and automatic adapta-
tion to changing conditions. Automatically calibrated multi-
robot positioning systems with collaborative positioning and
pose estimation methods have been proposed to assist in con-
trolling industrial robots, drones or cars [159], [235]. Multi-
sensor fusion has been studied for increasing the reliability
and availability of the positioning service andMLmethods to
allow seamless roaming between positioning systems and the
use of signals of opportunity together with actual positioning
observables. Similarly, collaborative positioning can increase
the positioning reliability under difficult conditions.

The recent literature in UWB positioning for smart logis-
tics contains adaptation of UWB positioning to many new
application areas and increasing the flexibility and reliability
using new algorithms.

In the future, low-earth orbit (LEO) satellites can be used to
provide an additional mode for both outdoor, and indoor nav-
igation [236]. We intend to implement our proposed position-
ing system (mobile App), which involves the use of GNSSs,
inertial sensors and UWB for smart logistics applications and
researching the possibility of using LEO-based positioning
observables fused with other available information.

X. CONCLUSION
Due to its versatility, accuracy and robustness, UWB technol-
ogy is considered an efficient and reliable localisationmethod
for implementing smart logistics. The wide adoption of UWB
in location-based services confirms its ability to make an
effective compromise among the cost, resource budget and
precision. This paper summarises the most recent studies
that have adopted UWB in sensitive applications that require
high precision positioning in which UWB has successfully
reduced the localisation error to a few centimetres. UWB
advances for location provision are foreseen to grow as the
adoption of this technology in mass-market devices increases
via standards and related developments. UWB will likely not
only be providing location solutions for special industrial
applications but also consumer devices in the future. More-
over, this paper presents a compact review that focuses on
using multi-sensor fusion-based systems in specific applica-
tions. We highlight the use of inertial sensors, remote sensing
devices, visual sensors and other RF-based navigational sen-
sors to achieve seamless navigation under various conditions.
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Additionally, we present a higher perspective on the algo-
rithms used for either single-sensor systems or multi-sensor
fusion systems, such as Kalman filter, LS, PF, federated filter
structure andMLmethods.We have designed the architecture
of this article to be a compact tutorial for researchers seeking
an overall view on UWB positioning technology, aiming to
make it a landmark article on the literature track of UWB.
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Indoor Asset Tracking in Dense Industrial
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Abstract
Location based services are becoming abundant and more reliable in today’s world thanks to the
technological advancements achieved in the fields of positioning, navigation, and timing. Indoor asset
tracking is an essential element of smart automation, warehousing, and manufacturing in industrial
environments. Accurate indoor positioning systems (IPSs) exist with heavy financial costs depending
on the degree of integrity required, consequently, numerous wireless based systems can be regarded
as economical solutions. However, wireless positioning technologies suffer deep channel impairments
especially in dense indoor venues that comprise various metallic and concrete structures. In this article,
we showcase our work-in-progress research that studies a dense industrial environment in the context
of indoor asset tracking. We experiment three potential wireless technologies: Ultra wideband (UWB),
Bluetooth low energy (BLE) and Wi-Fi, to render a comparative assessment. Using a Multi-sensor fusion
approach, we tend to complement the flaws in one technology with the merits of another, aided by
physical quantity sensors like inertial motion units (IMUs). Moreover, we developed a machine learning
optimization model to improve the results of the fusion based positioning scheme. The results are to be
verified against millimeter-accurate reference measurements, then a seamless positioning scheme for
indoor asset tracking can be achieved.

Keywords
Asset tracking, indoor navigation, wireless technologies.

1. Introduction

Modern technologies have transformed human life to new frontiers from individual and in-
dustrial perspectives. They facilitated what deemed to be inapplicable implementations from
previous decades. Nowadays, new smart systems emerge on annual basis creating new oppor-
tunities for manufacturing, warehousing, and logistics.
Prior to the era of internet of things (IoT), indoor positioning and navigation became an

important and vital element for Industry 4.0. Indoor positioning systems (IPSs) have seen a
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technological leap and been extensively developed since the commence of the new millennium.
Moreover, asset tracking in industrial environments for people, robots, and equipment is highly
dependent on reliable indoor positioning systems. Accurate and reliable IPSs come at huge
initial and operating costs, consequently, other economical integrated solution have been sought.
Radio frequency based technologies are promising solutions that compromise between the cost
burden and performance metrics owing to their numerous advantages.
Wireless radio technologies such as ultra-wideband (UWB), Bluetooth low energy (BLE),

and Wi-Fi were investigated and adopted by many industrial firms and research institutions
[1]. The capabilities of wireless signals allow obstacle penetration in industrial venues, besides
providing robust positioning estimations at acceptable levels of accuracy for real-time appli-
cations. However, wireless radio-based technologies suffer various channel impairments (e.g.
multipath fading and interference), especially in dense environmental conditions which impose
fluctuations in their performance as IPSs [2].

In this article, we present our work-in-progress research activities to cover a dense industrial
environment (Technobothnia laboratory) in Vaasa, Finland. We aim to devise a reliable indoor
positioning system that can support asset tracking of people, equipment, and mobile robots
within the given industrial laboratory. Such venue is regularly used by universities, research
institutes, regional and local corporations, and others on daily basis. Hence, a seamless posi-
tioning system will facilitate and automate numerous processes that benefit many lab visiting
segments.
The rest of article is organized as follows: Section 2 describes the role of asset tracking in

today’s and future applications. Section 3 highlights the most important aspects around indoor
positioning technologies, and introduces the potential ones to be adopted in the given context.
Section 4 states the merits of utilizing Multi-sensor fusion approach to combine several IPS
technologies. Section 5 focus on the role of machine learning algorithms in improving the
overall IPS performance metrics. And then the Conclusions section followed by the references
section.

2. Asset tracking in industrial venues

As the world approaches the fourth industrial revolution to enter the reign of internet of things
(IoT) and everythings (IoE), smart manufacturing and warehousing become mainly dependent
on asset tracking. Asset tracking in modern technology era is considered a backbone for smart
logistics, smart delivery, smart shipping, and automated manufacturing. Industrial operators
strive to keep real-time track of human resources, and robotic equipment especially inside
large industrial environments. Challenging as it sounds, reliable asset tracking systems usually
require higher levels of sophistication to guarantee the integrity and trustworthiness of the
system. Eventually, a reliable asset tracking system could be developed at higher financial costs,
in addition to compromising other performance metrics e.g. robustness, availability, scalability,
and integrity.
In this article, we investigate some potential wireless technologies that could be adopted as

asset tracking systems in the industrial complex of Technobothnia laboratory, Vaasa, Finland.
Such dense industrial venue contain large-sized metallic structures comprising wall, tables,
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Figure 1: Technobothnia laboratory, a dense industrial environment situated in Vaasa, Finland.

chairs, machines, and tools, besides other materials as concrete walls, wooden structures, etc.
as shown in Figure 1.

3. Indoor positioning technologies

Indoor positioning and navigation are essential factors for asset tracking in industrial venues.
Prior to building reliable indoor navigation systems, a reliable positioning technology should be
identified, investigated and assessed. There exist numerous types of IPSs such as: light-based
systems e.g. LASERs, RADAR based systems, ultrasound-based systems e.g. collision avoidance
sensors, radio frequency based systems e.g. RFID, ZigBee, Wi-Fi, UWB, BLE, etc. All IPS
technologies variate in terms of performance and feasibility, there is no single solution that fits
all applications simultaneously, rather, IPS technology adoption is application-wise dependent.

For asset tracking, it is mainly concerned with personnel and robots. The tracking of humans
should not necessarily be precise (sub-meter level of accuracy), rather, it is acceptable to get
1–3 meters error as fingerprinting technologies usually provide. However, for mobile robots
and movable equipment, precise positioning is very important for real-time tracking due to
the sophisticated responsibilities that are carried out by those machines. In this article, we
investigate three potential wireless technologies that are fitting with the given environment.
We selected UWB as precision positioning technology for robot tracking, in addition to BLE
and Wi-Fi for human resources tracking.

3.1. Ultra wideband

UWB emerged as a precise positioning technology that can provide robust sub-meter accuracy
suitable for real-time applications and personal area networks (PANs). It is a short range



154 Acta Wasaensia 

Anchor 3

Anchor 2

Anchor 3

Anchor 2

Anchor 1

Anchor 1

Anchor 3

Anchor 2

Anchor 1

A B C

Figure 2: Positioning techniques. a) AoA, b) ToA and RSS and c) TDoA. In AoA, ToA and TDoA
techniques, the user position (blue dot) is estimated from the intersection of the lines, circles and
hyperbolas, respectively.

communication system with relatively short pulses that can enhance the signal penetration
ability into light obstructions [1]. Moreover, UWB has a very large bandwidth (that is the reason
for the term ”ultra wide”) spanning 3.1–10.6 GHz which provide higher capacity and data rates.
The power consumption of UWB is relatively lower than most IPS technologies, which leverage
the system with longer battery life and less electrical burden [2, 1].

UWB indoor positioning system comprise the use of anchors and tags transceivers, a minimum
of three anchors and one tag is required for positioning [2, 1] in order to solve the positioning
equations (three unknowns). A positioning technique should be defined and embedded in the
system to perform the positioning process. Most commonly used techniques are: angle of
arrival (AoA), time of arrival (ToA), time difference of arrival (TDoA), and the received signal
strength (RSS) [3, 4]. The working principle differs depending on the positioning technique
being used, eventually the positioning solution is obtained after applying selected estimation
algorithms based on the formed geometrical shapes between all active anchors and the user tag,
as shown in Figure 2.
In UWB, there exist numerous implementations of the mentioned positioning techniques

such as: AoA, ToA and TDoA, however, the most commonly used techniques is the ToA. An
approximated equation for 2D positioning estimation based on ToA is presented in Equations 1,
as follows:

𝑑𝑖 = √(𝑥𝑖 − 𝑥𝑘)2 + (𝑦𝑖 − 𝑦𝑘)2 (1)

Where 𝑑𝑖 is the measured direct distance between anchor 𝑖 and the user tag, 𝑥𝑖 and 𝑦𝑖 are the
Cartesian coordinates of the fixed anchor 𝑖, and 𝑥𝑘 and 𝑦𝑘 are the Cartesian coordinates of the
estimated user tag x-y position at a given time instant 𝑘, where 𝑖 = 0, 1, 2, 3, ....

Some commercial manufacturers develop all techniques in a single UWB chip. Depending on
the system vendor and the given environment, UWB range for coverage could reach up to 30
meters, and the positioning accuracy can be within 2–50 centimeters in many cases [1].
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3.2. Bluetooth low energy

BLE positioning technology was recently adopted by many IPS vendors for indoor applications
e.g. smart homes, and smart logistics. BLE radio frequency system operates in the 2.4 GHz band,
with close proximity to the Wi-Fi frequency standards. Moreover, BLE positioning is known
with providing less power consumption, and more positioning accuracy in most cases [5].

Similar to UWB, BLE positioning system consists of Bluetooth anchors which in this case are
called ”beacons”, in addition to a BLE user tag. However, BLE positioning is most commonly
known to be dependent on RSS measurements to infer RSSI (RSS index), which is used to solve
the final positioning solution. Translating RSSI into metric distance can be achieved via many
approximating formulas, one of the commonly used formula is Equation 2, as follows [5]:

𝐵𝑘 = 𝐵0 + 10𝛼𝑙𝑜𝑔(𝑑𝑘) + 𝑋𝜎 (2)

Where 𝐵𝑘 is the measured RSSI at a given 𝑘 time instant, 𝐵0 is the measured RSSI at the
reference distance (one meter), 𝛼 is the medium path loss exponent, 𝑑𝑘 is the estimated distance
in meter for a given 𝑘 time instant, and 𝑋𝜎 is a random variable with standard deviation 𝜎 that
represents a white zero-mean Gaussian noise.

The typical range of BLE technology is estimated to be between 0–25 meters, some researchers
stated that BLE range could reach up to 100 meters depending on the density of the covered
environment, and the positioning accuracy is within 1–3 meters in most cases [6]

3.3. Wi-Fi

Wi-Fi positioning is -by far- the most widely adopted IPS technology worldwide. Starting from
an opportunistic approach, Wi-Fi access points which were primarily installed in indoor venues
for Internet coverage, have been used for indoor positioning using RSS information. Later,
new Wi-Fi access points were introduced as the old devices were upgraded and leveraged with
positioning engines that analyze the sensed wireless signal attributes to provide fingerprinting
solutions [7].
Similar to BLE, the working principle of Wi-Fi based positioning is centered around the

RSS/RSSI information received from mobile devices and their MAC addresses, then, the posi-
tioning algorithms (e.g. Equation 2) provide the most-likely user position estimation [5]. The
typical range of Wi-Fi positioning systems depends on the ranges of the utilized access points,
also the typical positioning accuracy can be within 1–10 meters depending on the density of
the given environment [5].

3.4. Inertial motion systems

Tracking assets in industrial venues requires additional degrees of confidence which can be
obtained from retrieving more information about the moving object or person. Consequently,
the use of inertial motion units (IMUs) became an effective factor in asset tracking for the extra
information layer they provide. IMU sensors are physical-quantity instruments that measure
the line and angular accelerations, Euler angles to infer the heading direction, and magnetism
due to 3D Cartesian axes.
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From a dead reckoning (DR) perspective, IMU lies at the foundation backbone of DR based
positioning systems e.g. pedestrian dead reckoning (PDR). In modern IPS technologies, IMUs
are most commonly used as an assisting technology to the primary IPS being used, that is, a
Multi-sensor fusion approach.

4. Multi-sensor fusion techniques

Multi-sensor fusion is a computational procedure to fuse data from multiple sources in order
to enrich the end-result information [8]. The concept of combining multiple IPS technologies
has attracted the attention of IPS designers in order to improve the positioning resolution. As
every IPS technology has its own merits and drawbacks, Multi-sensor fusion based positioning
can be a key solution to minimize the overall IPSs errors. A single IPS technology could be
complemented by additional IPS technologies either by loose or tight coupling schemes [9, 10].

Loose coupling integration scheme is obtained by combining themeasurements of two ormore
IPS technologies such that no certain data source is affecting or influencing the measurements
from other sources being integrated. Moreover, loose coupling is not dependent on sequencing,
hence, any order of data measurements are accepted.

On the contrary, tight coupling scheme comprise the integration of two or more IPS technolo-
gies such that some data values are affected and influenced by other data sources being fused.
Thus, tight coupling requires proper sequencing of data measurements i.e. place information
into suitable order.
An example on loose coupling algorithm that fuses the measurements of UWB and IMU

technologies is shown in Equation 3:

y = [ 𝑑𝑖 = √(𝑝
𝑥
𝑖 − 𝑠𝑥𝑖 )2 + (𝑝𝑦𝑖 − 𝑠𝑦𝑖 )2

𝜙𝑖 = arctan2(𝑝𝑦𝑖 − 𝑠𝑦𝑖 /𝑝
𝑥
𝑖 − 𝑠𝑥𝑖 )

] + [𝑛1𝑛2
] (3)

Where y is the state-space measurement vector, 𝑑𝑖 is the hypotenuse distance from the user
to the measuring device, 𝑝𝑥𝑖 and 𝑝𝑦𝑖 denote the positioning states in x-y coordinates at time
instant 𝑖, 𝑠𝑥𝑖 and 𝑠

𝑦
𝑖 denote the measured slant distances from UWB sensors in x-y coordinates at

time instant 𝑖, 𝜙𝑖 is the measured heading angle from IMU sensor at time instant 𝑖, 𝑛1 and 𝑛2 are
the Gaussian noise figures associated with both sensors respectively.
Then, the loosely coupled algorithm (UWB/IMU) proceeds to calculate the predicted state-

space estimation of the Multi-sensor fusion solution using the discretized Euler-Maruyama
Equation 4 as follows:

[
𝑝𝑥𝑖+1
𝑝𝑦𝑖+1
𝜙𝑖+1

] = [
𝑝𝑥𝑖
𝑝𝑦𝑖
𝜙𝑖
] + [

𝑣𝑖 𝑐𝑜𝑠(𝜙𝑖)Δ𝑡
𝑣𝑖 𝑠𝑖𝑛(𝜙𝑖)Δ𝑡

𝜔𝑖Δ𝑡
] + [

𝑒1
𝑒2
𝑒3
] (4)

Where 𝑝𝑥𝑖+1 and 𝑝𝑦𝑖+1 are future predictions of the next x-y position, 𝜙𝑖+1 is the prediction for
the next heading (orientation) angle, 𝑣𝑖 is the line velocity of the moving object, Δ𝑡 is the given
time step, 𝜔𝑖 denotes the measured angular velocity by IMU, and 𝑒1 𝑒2 𝑒3 are the normalized
Gaussian noise vector per each state space estimation respectively.
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The main advantage of Multi-sensor fusion approach is to resolve the drawbacks of each
IPS technology by integrating with other assisting technologies, also combat the effect of data
outliers that are usually caused by systematic errors or non-line-of-sight (NLOS) conditions.
Another prominent solution that has been widely adopted to optimize IPS performance in NLOS
situations is by using machine learning algorithms.

5. Machine learning optimizations

Outliers are those data points that are significantly different from the rest of the dataset.
Inconsistency in data entry or erroneous observations can result in outliers in a dataset. Outliers
are usually referred to as abnormal observations which can cause skews in the data distribution.

Although outliers are usually considered erroneous data, they may also carry some important
information. Therefore, the outlier detection techniques should cope with the outliers instead
of just removing them.
Outlier detection approaches can be classified based on the machine learning algorithms

being used. These classifications include clustering-based approaches, classification-based ap-
proaches, dimension-reduction-based approaches, and hybrid approaches that combine multiple
technologies together [11].
In this paper, we would implement these four classification approaches, then analyze and

compare the results in the context of the improvement of the accuracy of indoor positioning.
The planned steps to render the machine learning-based optimization task in our study, are

provided as follows:

• Defining the outlier: The data point that is unusual and differs significantly from other
data points.

• Outlier detection: We will implement a machine learning model to find whether the
training data is polluted by outliers.

• Novelty detection: Investigate if a new unseen observation is an outlier or not. Here, the
training data may or may not be polluted with outliers and we are interested in finding
whether a new unseen observation is an outlier or not. If that observation is an outlier,
we refer to it as a novelty.

• Anomaly detection: We will combine both outlier detection and novelty detection.

All the models used would be trained with a percent of the observed data, then the trained
models would be evaluated using the whole (100 % of the) dataset instead of only the remaining
percent of the test dataset. This is essential because our task is aimed at differentiating the
outlier and normal data from the whole dataset, not just part of it.

The results of the outlier detection process will be evaluated using assessment metrics such
as precision, recall, F1 score, and accuracy. Furthermore, we will also evaluate the results by
plotting the receiver operating character curve (ROC).

Initial evaluation of the UWB dataset collected can be seen to have very distorted data points
compared to the Omron robot data points used as the ground truth. From investigation, we
discovered that the data collection synchronization could cause this significant offset in the
data points between the UWB and Omron robot. Applying smoothing with the Savitzky-Golay
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filter is used to eliminate noise in the UWB signal and improve the smoothness of a signal trend
as seen in Figure 3. The filter is used to calculate a polynomial fit of each window based on
polynomial degree and window size. Several window sizes were implemented as seen in Table
1. Figure 3 shows the data point route for a window size of 53.

Figure 3: Indoor route in Technobothnia laboratory (Savitzky-Golay filter with a window size of 53).

The error was seen to be significant as a result of the unsynchronized data collection even
after applying the Savitzky-Golay filter as seen in Table 1.

Table 1
Mean Square Error (MSE) measurement offset between the UWB route and the Omron ground truth
route.

UWB route Savitzky-Golay Smoothed UWB route Linear regression
window size 53 window size 63 window size 93 offset predictor

30.3541 30.3420 30.3390 30.3171 0.5253

Applying a Linear regression (LR) model to the dataset to predict the offset can help improve
the error measurement. The LR model was trained on the Omron [x,y] and UWB [x,y] positions
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and the offsets between the Omron and UWB data points [diff X and diff Y] were used as the
target. The resultant mean square error (MSE) for the LR models is 0.52527 as seen in Table 1.
The initial results look promising and we plan to implement a synchronized data collection

procedure to reduce the initial offset before applying outlier detection and offset prediction ML
models to improve the position estimation of the proposed indoor positioning system.

6. Integrity of indoor navigation systems

Indoor navigation systems and IPSs need to be assessed against certain performance metrics
to guarantee the best quality of service and ensure security against hazardous situations. The
integrity of IPSs can be described as the degree of trustworthiness that can be allocated to the
received information from a given navigational system [12].

System accuracy is often perceived as the most important metric in IPSs, however, integrity
culminates all other performance metrics such as: accuracy, availability, and continuity. Accu-
racy is the degree of matching of the estimated positioning results to the given ground truth data.
And, availability is the up-time duration in which the IPS could be usable. While, continuity is
the ability of an IPS to maintain the designed service level during the up-time [8].
In our implementations, we devised a Multi-sensor fusion plan to maintain all previously

defined metrics, that is, to achieve an IPS with a high integrity score. In a challenging environ-
ment as the given industrial laboratory, keeping the system accuracy, availability and continuity
within the desired service levels is very important as it is also very challenging. Furthermore,
the hardware part of the ongoing implementation is being backed up with numerous software
remedies that comprise minimized cost functions, data cleaning formulas, estimation algorithms,
and machine learning optimizations.

7. Conclusions

Seamless indoor navigation is a very crucial element for various smart applications and use
cases (e.g. smart logistics and IoT) in industrial and civilian sectors. The designing of integrated
IPSs in industrial premises requires some sophisticated modelling for the dense environment
in which the IPS is expected to operate. In this article, we briefed the reader about our work-
in-progress research to develop an integrated IPS to be used by humans and mobile robots for
reliable asset tracking in industrial venues. In addition to the selected potential IPS technologies,
we also provided an overall view about our algorithmic toolbox to maintain high degrees of
performance and maximize the system integrity.
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Abstract—Indoor positioning systems (IPSs) are the founda-
tions for all indoor location-based services and applications. In
this article, we present a precise and robust IPS using ultra
wide-band (UWB) technology fused with an inertial measurement
unit (IMU). Both technologies are integrated to account for the
non-line-of-sight (NLOS) problems arising in a dense challenging
environment found within an industrial laboratory in Finland.
Besides the conventional estimation techniques e.g. extended
Kalman filter (EKF), we employ the Rauch-Tung-Striebel (RTS)
smoothing algorithm in addition to a multivariate regression-
based offset compensation method to improve the overall po-
sitioning accuracy of the system. The recommended number
of distributed UWB anchors versus the coverage area is also
discussed and tested in this article. The experiments were held
by a patrolling mobile robot with millimeter accuracy, which
acted as a ground truth reference to all used algorithms. The
positioning estimation results showed a superior performance
by the proposed method (UWB/IMU EKF-RTS-LR) with mean
accuracy of 4.7 cm, and 9.6 cm for more than 95% of the time.

Index Terms—indoor positioning system (IPS), mobile robots,
ultra-wideband (UWB), sensor fusion, inertial motion unit (IMU)

I. INTRODUCTION

Indoor positioning systems (IPSs) play an important role
in Industry 4.0 and Internet of Things (IoT) applications.
They are the backbone of all indoor navigational and location-
based applications found in e.g. smart logistics, asset tracking,
smart manufacturing, healthcare applications, smart delivery,
etc [1], [2]. However, IPSs face many challenges from various
aspects. Primarily, a reliable IPS should achieve an acceptable
level in performance metrics such as accuracy, availability,
continuity, and integrity [3]. That is why, a reliable IPS
usually imposes heavy costs for meeting all metrics to suffi-
cient degrees, especially for certain sensitive applications such

as smart manufacturing (e.g. forgery and 3D printing), and
healthcare location-based equipment. Moreover, IPSs suffer
from discontinuities especially the wireless-based technologies
that are highly affected by the impairments of the propagation
channel in addition to the blockage and signal denial in some
environments, a problem that is very common in the IPS
domain.
Fortunately, recent researches affirm that low-cost reliable

positioning is feasible by employing one or more assisting
resources to aid the primary IPS technology [4]. Thus, a
reliable IPS is not necessarily dependent on a single tech-
nology, rather, multiple technologies could be fused together
to complement the desired performance metrics and achieve
reliable positioning estimations.
Sensor fusion is an integration of two or more technologies

via computational methodologies that are bound by fusion
algorithms such that the output information is maximized
[5]. By nature, sensors are prone to systematic errors, biases,
and drifts, consequently, sensor fusion methods help in the
mitigation of errors as much as possible.
Within the campus of our research institute, the University

of Vaasa, lies the reputable industrial venue of Technobothnia,
a modern laboratory that serves a minimum of five universities
in addition to numerous corporations in the region. This
industrial venue consists of several laboratories for all kinds
of technical sciences e.g. industrial robotics, smart operations,
mobile robots, chemistry labs, heavy-duty 3D printing ma-
chines, telecommunications equipment, etc. The visiting traffic
is high, hence, an indoor positioning system will be very
beneficial to both human operators and robot assets inside
the lab. However, the allocated resources are limited to low-
cost IPS systems that are based on wireless technologies
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e.g. ultra wide-band (UWB), Wi-Fi, Bluetooth low energy
(BLE). An UWB system and an inertial measurement unit
(IMU) are selected as the elements of the precise IPS in
Technobothnia, with UWB as the primary technology, and
IMU as the assisting sensor fusion unit. For later use, Wi-
Fi and BLE were considered for future IPSs that shall track
assets within 2-3 meters of accuracy.
The fusion of UWB/IMU is abundant in recent IPS litera-

ture. Ali et.al. showed that the UWB-IMU combination with
adaptive Kalman Filter can be used for precision pedestrian
positioning even in occasional non line of sight (NLOS)
situations [6]. Additional smoothing methods have been shown
to improve the precision of the UWB/IMU fusion based
positioning in some cases [7]. UWB/IMU positioning can be
also fused with many other sensors, such as cellular phone
signals, to increase the positioning accuracy and robustness
[8]. With fault-tolerant additions, the UWB/IMU combination
can be used in demanding mission-critical environments such
as coal mines [9], [10]. A more detailed literature review about
fusion-based positioning (focusing on UWB/IMU integration)
is presented in [2].
The rest of article is organized as follows: Section II

describes the main objectives of this research, and the es-
sential embedded elements (software and hardware) to build
the IPS system. Section III explains more aspects about the
methodology, devices configurations, and the overall setup
of the environment. Section IV discusses the output results
and provides technical interpretations, evaluations, and com-
mentaries on the applied performance metrics. Followed by
a ”Conclusion” section to highlight the achievements and
potential future work.

II. FUSION TECHNIQUE

The main objective in this study, is to achieve a reliable
IPS with the most possible degree of precision positioning
for mobile robots inside the industrial laboratory of Tech-
nobothnia, situated in Vaasa - Finland. Since the environment
is dense and challenging, the solution had to be through
the multisensor fusion technique to keep the overall cost
under the budget limits allocated for the IPS. As described
in [2], a low-cost system can be built from a single precise
wireless technology such as UWB then fused with an assisting
technology, that is, IMU to correct the biased, missing, and
null values caused by NLOS conditions especially in dense
environments. Thus, a loosely-coupled UWB/IMU integrated
scheme was implemented as a precise IPS for mobile robots
in the selected venue. A floor plan of the experiment area at
Technobothnia laboratory is illustrated in Figure 1.

A. Positioning sensors

A Decawave laboratory kit MDEK1001 [11] was utilized
to build the UWB positioning system inside our industrial
laboratory environment, Technobothnia. Our setup for the
MDEK1001 system consisted of one movable tag, and 6
evenly distributed anchors to cover the experimental area of
28x15 squared meters evenly, an additional seventh anchor

Robot area

(11.17, 9.31)

(1.54, 2.08)

(0.0,0.0)

(-9.22, 9.31)

(11.17, 2.08)
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(-5.57, 5.70)

Robot trajectory

Robot trajectory

Robot trajectory

Robot trajectory

Fig. 1. Floor plan of Technobothnia laboratory with the planned robot
trajectory. The highlighted location (yellow) is reserved for the tentative
seventh UWB anchor. Battery-like block refers to the robot’s docking station.

(DAA2) was inserted at some point to investigate the perfor-
mance of 6 Vs 7 anchors and the effect of adding more anchors
to the setup, which will be discussed in the results sections.
The default settings of the Decawave kit are programmed to
provide raw distance measurements between the moving tag
and a maximum of four anchors (constrains from Decawave)
based on the time of arrival (ToA) two-way ranging (TWR)
technique, in addition to providing the final EKF estimates of
the tag position [11].

Besides, an inertial measurement unit (IMU) sensor Xsens
MTi-630 was used to obtain the inertial data of the mov-
able robot such as: orientation, rate of turn, acceleration,
and magnetism. The IMU sensor provided another layer of
information about the movement of the robot inside the dense
environment, thus, accounting for the NLOS situations and
helping in inferring the missing data to improve the output
fusion-based positioning estimations.

Both UWB and IMU sensors were placed onboard an
autonomous mobile robot developed by OMRON (as shown
in Figure 2), which possesses numerous positioning sensors
such as: LASERs, ultrasound, RADARs, IMU, and LiDARs.
The positioning data obtained from the OMRON robot had
a millimeter accuracy with a confidence score of more than
90% most of the time (as stated by the built-in robot controller
system), hence, it acted as the reference ground truth to our
UWB/IMU fusion system.

As shown in Figure 1, a dense industrial environment com-
prising robots, metallic structures, and concrete materials was
selected to test our hypothetical approach for precise indoor
fusion-based positioning. The co-ordinal locations of the six
UWB anchors are evenly distributed around the venue (area:
28x15 square meters), the seventh UWB anchor highlighted
in yellow, was inserted to check the sufficiency of using 6 Vs
7 anchors. The planned robot trajectory was selected to be a
multi-modal route i.e. mixed paths of clear and obscured lines
of sight (LOS) between the user tag and the fixed anchors, to
test the reliability of the system in complex conditions.
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Fig. 2. Embedded elements of the designed IPS showing UWB anchors and tag (Decawave), IMU sensor (XSENS), the fusion software (laptop), and the
mobile robot (OMRON). The red dots refer to the locations of fixed UWB anchors, including an additional spot for the tentative seventh anchor.

B. Algorithms

A set of algorithms was selected and applied to sensor
readings locally (per sensor) and globally (fusion) in order
to achieve more accurate positioning estimations.
1) Dead Reckoning (DR): is widely used in positioning and

navigation applications even before the invention of modern
localization systems, nowadays the most well-known imple-
mentation of DR is the pedestrian dead reckoning (PDR)
algorithm which is employed in numerous location-based
applications. In this method, we utilized the DR algorithm
to fix the blank and null values arriving from UWB sensor
readings by incorporating the previous non-null values and the
heading angle into the DR estimation of the current missing
epoch, as illustrated in Equations (1).

Dk =
√
(pxk−2 − pxk−1)

2 + (pyk−2 − pyk−1)
2

ϕk = arctan2

(
pyk−2 − pyk−1

pxk−2 − pxk−1

)

pxk = pxk−1 +Dk cos(ϕk)

pyk = pyk−1 +Dk sin(ϕk)

(1)

where pxk and pyk are the x-y positions at time instant k, Dk

and ϕk are the calculated Euclidean distance and the heading
angle from the previous two x-y positions, respectively.
2) Extended Kalman Filter (EKF): is a nonlinear state-

space estimation algorithm that is typically used for 2-D and
3-D positioning estimations. In Decawave UWB devices, the
system already contains a built-in EKF module that outputs
the final filtered data after processing raw ToA measurements
from anchors. However, UWB readings are fluctuating around
a mean value, which requires further filtration. To this aim,
the output positioning values from the Decawave system are
fused with the data from the IMU sensor to mitigate the
residuals via another layer of EKF Fusion algorithm that
combines both information. EKF algorithm proceeds with two
steps: the prediction step where the prior state mean and
covariance are predicted before checking the measurements
vector, and the update step in which the posterior state mean
and covariance are updated after checking the measurements

vector. The complete set of formulas employed for the fusion
is shown in Equations (2) [12].

m−
k = f(mk−1, k − 1)

P−
k = Fx Pk−1Fx

T +Qk−1

Vk = yk − h(m−
k , k)

Sk = Hx P−
k Hx

T +Rk

Kk = P−
k Hx

T S−1
k

mk = m−
k +KkVk

Pk = P−
k −KkSkK

T
k

(2)

where mk̄ and Pk̄ are the prior state predicted mean and
covariance at time instant k, respectively, mk and Pk are
the posterior state estimated mean and covariance. yk is
the measurements vector at time instant k, and Sk is the
measurement prediction covariance. Kk is the filter gain, f(.)
and h(.) are the dynamic nonlinear functions of the state-space
model and the measurements model, respectively.
For the EKF fusion filter, the state-space vector xk com-

prises the x-y positions, velocities, and accelerations (i.e. 2-D
Wiener dynamic model). While, the measurements vector yk

includes the x-y positions inbound from Decawave devices,
the x-y accelerations and the heading angles inbound from
the IMU sensor.
3) Rauch-Tung-Striebel (RTS) Smoother: is a Bayesian

recursive filter that smoothens the linearized state-space es-
timates by considering the maximum likelihood of the prob-
ability density function (mean and covariance), which are
smoothed retroactively [12], [13].
The prior and posterior states estimates X̂k|k−1, X̂k|k and

their covariances P̂k|k − 1, P̂k|k which were obtained from
the EKF fusion filter are fed to the RTS smoother to calculate
the smoothed state estimates X̂k|n, and covariance P̂k|n. The
RTS smoother formulas are described in Equations (3) [12],
[13].

X̂k|n = X̂k|k + Ck(X̂k+1|n − X̂k+1|k)
Pk|n = Pk|k + Ck(X̂k+1|n − X̂k+1|k)× CT

k

(3)
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where Ck = Pk|kFT
k+1P

−1
k+1|k, and Xk|k is the a-posterior

state estimate of time instant k and Xk+1|k is the a-prior
state estimate of time instant k + 1 which also applies to the
covariance.
4) Linear Regression (LR) Model: is a statistical method

that is used for predictive analysis. It is one of the most
common types of supervised machine learning algorithms
used to compute the linear relationship between the dependent
variable(s) and one or more independent features [14]. Gen-
erally, the linear regression function is represented as seen in
Equation (4).

Y = m+X × b (4)

In the hypothesis function for multivariate linear regression,
we assumed that the independent features are the Cartesian [x,
y] values of the OMRON robot and UWB respectively, which
are represented by X in Equation (4). And, the respective
offsets between the OMRON robot (which provides the ground
truth data) and UWB represented by Y in Equation (4), is the
dependent variable. Assuming there is a linear relationship
between X and Y then the offsets can be predicted using
Equation (5):

yi = m+

n∑

j=1

xi,jβj + ϵ (5)

where i = 1, 2 . . . n, and yi ∈ Y is the dependent variable,
xi,j ∈ X are the independent variables (multiple inputs, j =
1, 2 . . .m), and ϵ is the prediction error.
The model gets the best regression fit by finding the best m

and βj values where m is the intercept and βj is the coefficient
of xi,j . The mean squared error (MSE) is used as the cost
(loss) function L, in order to compute the error, which is the
difference between the predicted value ŷ and the true value
y. The loss function L(Θ) can be written as in Equation (6):

L(Θ) =
1

n

n∑

i=1

(ŷi − yi)
2 (6)

A flowchart describing the sequence of utilizing all the
above-mentioned algorithms is shown in Figure 3.

UWB data

No

YesNull 

values

Dead 

reckoning

Fusion EKF
IMU data

RTS 

smoother

Linear
regression

Estimated

positions

Fig. 3. Sequence of utilized algorithms.

III. EXPERIMENTAL SETUP

To set the scene for testing our hypothetical UWB/IMU
fusion positioning system in the selected venue, a complete
customized embedded system was built that comprises the
essential software and hardware peripherals. Then, the devices
and the targeted environment were setup for experimentation.

A. Hardware and software

The hardware part consists of a distributed set of six UWB
anchors (Decawave) with fixed positions around the coverage
area, the IMU sensor (XSENS) mounted on the mobile robot,
and the robot itself (OMRON), as shown in Figure 2.
The software part comprises numerous code files that record

and communicate real-time data to a storage server. Every
sensor point (UWB, IMU, and robot) has a dedicated software
scanner that collects the desired tensors of data with the
appropriate settings for their units. Afterward, the scanner
passes them over to the NodeRed server via web sockets,
eventually, they are stored in a local web server which is
managed by our institute (i.e. the user), as illustrated in Figure
4.
The Wi-Fi and BLE scanners are already developed but

reserved for future use, the focus of this article is centered
around UWB/IMU fusion.

Wi-Fi / BLE Scanner

Timestamp (unixtime)

SSID

MAC-address

rssi

Channel

Scan nearby networks
(OS based command)

Output scan data to console

Send data to NodeRed -server

IMU Scanner (XSENS)

Timestamp (unixtime)

PRDID: Pitch, Roll & Heading

PSONCMS: Quaternion,
Acceleration,
Rate of Turn,
Magnetic Field &
Temperature

Send data to NodeRed -server

Output scan data to console

Read data via COM-port

UWB Scanner
Timestamp (unixtime)

Anchors & Their Positions

TAGs distance to anchors

Estimated position of TAG

Time to estimate position
in microseconds (le_us)

Send data to NodeRed -server

Output scan data to console

Read data from TAG
via COM-port

Robot Scanner
Timestamp (unixtime)

X, Y & Z -coordinates

LocalizationScore

Read data via TCP

Output data to console

Send data to NodeRed -server

NodeRed -server
Collect data via
WebSockets
Send data via
WebSockets
Organize data into
JSON
Store received data
locally to a file (backup)

WebSockets

Web-server
Receive data via
websockets

Display received data

Save data to database /
file
Serve files as a
download

WebSockets

User

Any internet
capable device (e.g.

smart phone,
laptop, etc.)

Fig. 4. Block diagram showing the scheme of sensors data collection.

B. Calibration and configuration

All sides of the coverage area including the locations of the
fixed UWB anchors were laser-metered using a highly accurate
LASER ranger, the measurements were repeated several times
till they were sufficiently verified (i.e. standard deviation was
≤ 0.01 m). The sensors of the robot were calibrated with
localization accuracy exceeding 90% score (as stated by the
built-in robot positioning system called ”Mobile Runner”), in
addition to surveying a new high-detail map of the surrounding
environment with updated furniture positions. UWB and IMU
sensors were calibrated and configured to produce the appro-
priate units and positioning output, furthermore, the origin
points of all sensors were aligned into a single origin point
explicitly marked on the laboratory floor and programmed into
sensor configurations. All sensors (UWB, IMU, and robot)
were configured to a sample rate of 10 Hz (Ts = 0.1 second).

C. Route design

On the robot’s software controller (Mobile Runner), specific
routes were designed to allow the robot to patrol the coverage
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area in various situations: 1) clear LOS with the robot, 2) poor
LOS, 3) visibility through concrete and metal structures, and
4) with the fewest number of anchors (three) visible to the
robot. Consequently, six UWB anchor locations were selected
to provide evenly distributed coverage to the robot, a seventh
location was reserved for a feasibility test.
With all concerns addressed and systems configured, the

environment became ready for testing.

IV. RESULTS AND DISCUSSION

As shown in Figure 5, a dedicated graph for every step (i.e.
raw UWB measurements, EKF fusion, RTS smoothing, and
LR filtration) is rendered to analyze and assess the proposed
method for both configurations scenarios (6 Vs 7 anchors).
In addition, a cumulative distribution function (CDF) curve
per algorithm is sketched to investigate the performance of
the system for longer periods. Moreover, Tables I and II
show the mean absolute error (MAE), root mean square error
(RMSE), and the 95% percentile values for all algorithms in
both scenarios.

TABLE I
POSITIONING ERRORS [METERS] WHEN 6 UWB ANCHORS ARE USED

UWB +Fusion +RTS +LR
MAE 0.240 0.259 0.232 0.078
RMSE 0.417 0.445 0.389 0.088
p95% 0.278 0.243 0.267 0.141

TABLE II
POSITIONING ERRORS [METERS] WHEN 7 UWB ANCHORS ARE USED

UWB +Fusion +RTS +LR
MAE 0.221 0.235 0.218 0.047
RMSE 0.323 0.344 0.319 0.055
p95% 0.413 0.340 0.386 0.096

From Figure 5, it is noticeable that the unprocessed UWB
measurements are having moderate accuracy with noticeable
errors around the start and the stop positions which both
have maximum fluctuations in the data, especially from the
6-anchors configuration. Meanwhile, the EKF fusion-based
positioning algorithm is performing slightly poorer than the
raw UWB data, this remark is also fortified by checking the
CDF in the below subplot where the EKF fusion algorithm
is found to be the least accurate on the long term without
receiving assistance from the RTS smoother algorithm. Con-
sequently, higher accuracy is achieved by backing the EKF
fusion algorithm with RTS smoother algorithm, which yielded
significantly higher accuracy than the performance of the EKF
fusion algorithm, while having slightly higher accuracy than
the raw UWB measurements, as also asserted by the numerical
values of MAE, RMSE, and p95% in Table I.
The model of LR algorithm was previously trained using

positioning data recorded by the OMRON robot from the same
environment (but different dataset values), and been used as
a training data for the algorithm to both scenarios. Hence,

the best positioning accuracy for the 6-anchor configuration is
achieved by smoothing the output of the EKF-RTS algorithm
with LR algorithm, the procedure that not only helped in
improving the performance of the IPS but also achieved
significantly precise positioning results as seen from both
Figure 5 and Table I. LR filtration step yielded the best
positioning accuracy in the 6-anchor configuration data with
MAE = 7.8 cm, and RMSE = 8.8 cm compared to the second
best records of 23.2 cm (RTS MAE), and 38.9 cm (RTS
RMSE), respectively. Furthermore, the long term performance
of the UWB/IMU EKF-RTS-LR algorithm is the highest ever
in the 6-anchors configuration, by achieving 95% percentile
value of 14.1 cm (could have been better if the stationary
fluctuations were mitigated) and the most steep curve in the
CDF plot, meaning that the LR smoothed solution is the best
candidate for continuous accurate navigation services with
relatively high standards for an IPS in this dense environment.

On the other hand, the positioning results from the 7-
anchor configuration are found to be more promising in most
performance metrics as the positioning errors from all methods
are more improved than the 6-anchor configuration. Firstly, the
EKF fusion continue to perform slightly poorer than the raw
UWB measurements and all other algorithms, as seen from the
2nd and 4th subplots of Figure 5, and the values from Table II.
Similar to the 6-anchor configuration, the RTS smoothed EKF
fusion results are coping with the raw UWB measurements
most of the time, but outperform them in few occasions, that
is why the CDF curve, MAE, RMSE, and p95% values of
both algorithms are nearly identical.

Finally, the ultimate method that comprises UWB/IMU
EKF-RTS-LR possesses the best performance metrics in the
7-anchor configuration too, which was an expected behaviour
from the algorithm. The LR filtration step had leveraged the
overall methodology to achieve MAE = 4.7 cm, and RMSE
= 5.5 cm only, which is -by far- the most precise positioning
accuracy ever achieved in the Technobothnia lab environment.
The second most precise results were -again- from the RTS
smoother of MAE = 21.8 cm, and RMSE = 31.9 cm. In
addition, the long term performance of the UWB/IMU EKF-
RTS-LR algorithm in the 7-anchors configuration is found to
be also the highest with p95% = 9.6 cm and the steepest CDF
plot among all other algorithms.

In summary, the LR smoothed EKF-RTS fusion algorithm
can help to achieve the most precise positioning estimations
inside Technobothnia laboratory, since it has demonstrated sig-
nificantly better MAE, RMSE, and p95% values than all other
algorithms, meaning that it does not only have the capability
to achieve the most accurate positioning but will also score
acceptable levels of continuity, availability and integrity. Thus,
the recommended configuration is to cover the given region
with 7 UWB anchors aided by the UWB/IMU EKF-RTS-
LR algorithm to achieve precise positioning estimations for
a mobile robot activity in dense industrial environments as
Technobothnia lab, Finland.
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Fig. 5. Plots showing the final positioning results from all utilized algorithms in both configuration scenarios (6 Vs 7 anchors). The lower subplots show the
corresponding CDF curves for all algorithms in every scenario.

V. CONCLUSIONS

Precise indoor positioning systems are crucial for indoor
mobile robot operations especially in dense industrial envi-
ronments. In this article, we demonstrated our realization of
the proposed IPS to provide precise positioning estimations
for indoor activities. Through the loosely-coupled multisensor
fusion scheme of UWB/IMU technologies and the use of
EKF/RTS/LR smoothing algorithms, our method has achieved
a positioning accuracy of 9.6 cm across 95% of the time, that
is a mean absolute error of 4.7 cm (RMSE = 5.5 cm), using
seven UWB anchors to cover a robot operation area of 28x15
square meters in a dense challenging environment. For future
work, we aim at investigating more aspects to improve the IPS
performance in addition to test RSS-based positioning systems
(Wi-Fi and BLE) in the same environment.
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ABSTRACT
Reliable positioning systems are key drivers for location-based services in smart logistics and internet of things (IoT) applications
amid the era of Industry 4.0. They are the foundation blocks upon which navigation applications are built for all client segments
ranging from public individuals to industrial firms. This research article investigates the existing wireless radio technologies
from a low-cost opportunistic perspective to provide precise positioning for dense indoor scenarios. In indoor scenarios, it is a
rule of thumb that modern humans spend more than 90% of their time inside buildings, and yet, only a few indoor positioning
systems are: less available, more expensive, more disruptable, and/or less accurate. One major reason is that the current indoor
positioning technologies are compromising the system performance with other essential metrics such as the overall cost. For
instance, the most accurate (millimeter level) indoor positioning technology -so far- is the LASER technology, however, it is
massively expensive. On the other hand, some of the existing low-cost positioning technologies for indoor venues are less
accurate, besides having other performance drawbacks. One prominent solution for dense indoor situations is Ultra-wideband
(UWB) technology, as it provides a positive trade-off between operational costs and system performance. UWB has recently
emerged to deliver precise indoor positioning solutions within a centimeter level of accuracy while being a reliable low-cost
technology. It is foreseen that UWB will be embedded inside many smartphone models in the near future, some phone
manufacturers have already started adopting UWB-chips in 2019 such as Apple and Samsung. Moreover, the FiRa consortium
was established by giant founding companies such as Cisco, Google, Samsung, BOSCH, Apple, and Qualcomm, to promote
UWB as an indoor positioning technology. Quoting from the FiRa website as follows “UWB is the most effective available
technology for delivering accurate ranging and positioning in challenging real-world environments, allowing devices to add
real-time spatial context and enabling new user experiences”. Previously in 2021, we conducted a thorough review study on
UWB, in which we concluded that UWB is an industrial-friendly technology that can provide higher rates of accuracy while
maintaining continuous service levels at low costs. In a well-established industrial laboratory in the Ostrobothnia region,
Technobothnia, we performed technical experiments to deliver precise UWB positioning for individuals and mobile assets such
as autonomous robots. Aided by sensitive inertial motion units (IMUs), the results showed that the UWB precision positioning
in a dense challenging environment (i.e. Technobothnia) has been achieved to mean absolute error of 3.7 centimeters accuracy,
and a Wi-Fi positioning accuracy of 4.5 meters. Our future objective is to further improve the positioning accuracy and
reliability to facilitate autonomous operations by mobile robots in the lab. Later, our system will be made open to the public use
e.g. for students, visitors, and staff as beneficiaries. Besides UWB technology, there are some additional opportunistic methods
that are less accurate (ultra-meter(s) accuracy) however, can be assisted with other multisensor technologies to achieve reliable
positioning solutions. The methods that are being investigated are Bluetooth low energy (BLE) and Wi-Fi positioning. The idea
is based on the signal-of-opportunity (SOP) paradigm, in which the positioning solution is rendered by measuring one of the
radio signal properties, that is, the received signal strength indicator (RSSI). By integrating with IMU sensors, the multisensor
combinations BLE/IMU and WiFi/IMU can result in meter-level accuracy, which can be regarded as reliable positioning for
certain indoor applications. Moreover, the use of both techniques is foreseen to be sufficient for laboratory mobile activities, as
their typical multisensor positioning accuracy can range between 1.5 to 3 meters. The main objective of our proposed method
is to refine the achieved positioning accuracy from the multisensor system using a series of algorithmic remedies. First, the
positioning solutions are filtered via Bayesian filters to remove the noisy effects and DC offsets. Then, the multisensor scheme
is selected as either loose or tight coupling to integrate the IMU readings with the radio-based RSSI estimations and overcome
the non-line-of-sight (NLOS) effects. Afterward, the fused solution is treated with recursive Kalman smoothers to further refine
the positioning traces, and remove sharpness and stationary effects. The final (optional) step is to apply some machine learning
algorithms to adapt navigation routes to the real surroundings based on the collected training data. As a ground truth for all
systems and also as training data, an accurate mobile robot is used to bear all sensors together during the experiments. The
robot is equipped with LiDARs, ultrasounds, radars, and LASERs that can achieve millimeter accuracy, hence, the data recorded
by its sensors are treated as ground truth as well as training data. We also developed an embedded system that synchronizes
all data pools together coming from different sensors (UWB – WiFi – BLE – IMU) in the same time frame. In summary,
this article studies the indoor navigation opportunities created by existing radio positioning technologies that are tailored for
industrial use cases, using multisensor fusion methods for both precise and fingerprinting techniques. A special focus was given
to UWB technology as it will be abundant in the near future by embedding smartphones, home appliances, and body wearables
with commercial-grade UWB chips, which was already started in 2019. Additionally, we focused on the Wi-Fi based IPS for
mobile assets (e.g. robots and humans) that are not necessarily requiring to have precise positioning, few meters of accuracy are
becoming sufficient. The existing infrastructure in Technobothnia is currently being customized to embed BLE hardware into
the designed IPS, however, the software part has been already implemented. Those RSSI-based indoor positioning methods are
becoming trending in large indoor venues (e.g. airports, malls, and train stations) as well as being adopted by major positioning
corporations. Consequently, we studied some algorithmic optimization techniques to transform both fingerprinting methods into
more accurate reliable techniques. As future research, our proposed methods can be further adapted to be applied for real-time
applications, and ensuring that all technologies (including BLE) are functional and up running.

Keywords: Radio technologies, indoor positioning, dense environments, mobile robots, industrial applications.
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I. INTRODUCTION
Indoor positioning systems (IPSs) are crucial for Industry 4.0 and Internet of Things (IoT) applications. Several indoor location-
based services are dependent on IPSs such in: asset tracking, smart manufacturing and logistics, and so forth [1, 2]. IPSs exist
with numerous advantages, yet they face many challenges from multiple sources. In principle, an IPS is assessed for reliability
by achieving acceptable levels of performance in the following metrics: accuracy, availability, continuity, and integrity [3]. For
this reason, a reliable IPS incur significant costs to compromise all metrics down to sufficient degrees, especially when the
application has a high level of sensitivity and low tolerance to errors e.g. healthcare, military, and sophisticated applications.
It is abundant that wireless-based IPSs may suffer from signal discontinuities (also known as non-line-of-sight (NLOS)) as the
wireless electromagnetic waves are highly prone to channel impairments while propagating in free air, besides the blockage and
signal denial in some dense environments.

In addition to the conclusive results from our previous studies found in [2], new researches also support the feasibility of
designing a reliable low-cost IPS by integrating multiple technologies together to combat the effect of NLOS situations [4].
Thus, a reliable IPS is not necessarily dependent on a single technology, rather, multiple technologies could be fused together
(i.e. multisensor) to realize the desired performance and get better positioning estimations. Multisensor fusion is the integration
of two or more technologies using computational paradigms that are implemented by fusion algorithms such that the combined
(fused) information is enhanced [5]. Sensors are by-default prone to systematic errors and biases, consequently, multisensor
fusion techniques could play an important role in mitigation of errors to the possible minimal.

To this aim, we implemented the essential elements of our proposed IPS inside a real dense environment located on the campus
of our research institute (University of Vaasa, Finland), called Technobothnia laboratory. It is a modern laboratory that serves
many universities and corporations in the region, as shown in Figure 1. Technobothnia hosts significant visiting traffic owing to
the laboratories within, which support various kinds of technical sciences. Consequently, an indoor positioning system will be
very beneficial to the movable assets (i.e. humans and robots) who are operating inside the lab.

Figure 1: An indoor aerial view of Technobothnia laboratory, situated in Vaasa, Finland.

Nevertheless, the available resources for positioning inside the lab tend to low-cost IPSs that are based on wireless technologies
e.g. ultra wide-band (UWB), Wi-Fi, Bluetooth low energy (BLE). An UWB system and an inertial measurement unit (IMU) are
selected as the elements of the precise IPS in Technobothnia, with UWB as the primary technology, and IMU as the assisting
sensor fusion unit. Then, Wi-Fi and BLE in addition to an IMU unit were considered for the less accurate (fingerprinting) IPSs
that shall track assets within a couple of meters as accuracy. The foundation of UWB and Wi-Fi were implemented successfully
to Technobothnia while the BLE hardware infrastructure is still under development to the date of writing those lines. That is,
UWB to track assets (e.g. robots and/or humans) within sub-meter level of accuracy, while Wi-Fi to position assets within
ultra-meter level of accuracy (i.e. suitable for humans not robots).

The rest of article is organized as follows: Section II states the main approach of this research in addition to the building blocks
of the intended IPS systems from software and hardware perspectives. Section III highlights the realized technical actions to
obtain the planned IPS e.g. methodology, devices configurations, and the overall setup of the environment. Section IV discusses
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the output results and provides some technical interpretations, evaluations, and comments regarding the applied methodologies.
The article finalizes with a "Conclusion" section to summarize the results and the achieved IPS performance.

II. DESIGN OF THE FUSION-BASED IPSS
In this section, we describe the whole design aspects of building both UWB andWi-Fi indoor positioning systems. As described
in the introduction, it is the main objective in this research to build two dedicated IPSs that ensure the most possible degree
of precision positioning for movable assets (robots using UWB, and humans using Wi-Fi) inside our industrial laboratory of
Technobothnia, Finland.

1. Outlines
The dense challenging environment in Technobothnia required a multisensor fusion technique to achieve better accuracy and
also keep the overall budget (e.g. costs and time) under the allocated limits for building those IPSs. A low-cost system can be
built from a single precise wireless technology such as UWB then fused with an assisting technology [2]. Hence, an IMU could
be employed to correct the biased, missing, and null values caused by NLOS conditions especially in dense environments.

To this aim, a loosely-coupled UWB/IMU integrated scheme was implemented as a precise IPS for mobile robots in the
selected venue, and another loosely-coupled scheme Wi-Fi/IMU for localizing humans. A floor plan of the experiment area at
Technobothnia laboratory is illustrated in Figure 2.

Figure 2: Snapshot from the robot’s internal software system showing the floor plan of the whole laboratory building (Technobothnia) after
calibrating the map several times. The dense area in the top left-hand corner is our lab area where most technical operations take place.

2. Positioning devices
The testing setup involved patrolling the environment by an autonomous robot whose accuracy is millimeter level, thus can
be considered as a source of ground truth data. All other sensors such as: UWB, IMU, and received signal strength indicator
(RSSI) scanners (for Wi-Fi and BLE) were mounted on the patrolling robot to get the same route information as the robot.

a). UWB IPS
For UWB, a Decawave laboratory kit MDEK1001 [6] was adopted to represent the UWB IPS inside our industrial laboratory
environment, Technobothnia. However, for Wi-Fi IPS we had to interface with the access point devices opportunistically,
meaning that we have utilized the existing infrastructure (that was developed by our institute’s IT department) by recording



Acta Wasaensia 173 

the essential information of the distributed router access points in the area such as: MAC addresses, received signal strength
indicator (RSSI), and LASER-measuring their locations to be included in our reference coordinate system (all devices were
given the same unified axes and origin point).

In addition, an inertial measurement unit (IMU) sensor Xsens MTi-630 was employed to obtain the inertial data of the user (i.e.
the robot) such as: orientation, rate of turn, acceleration, and magnetism. The introduction of IMU sensor provided another
layer of information regarding the movement of the robot inside the dense environment. Therefore, IMU helped in accounting
for the NLOS situations and inferring the missing data to improve the final positioning estimations.

Our setup for the UWB system consisted of one movable tag (the user), and six evenly distributed anchors to cover the
experimental area of 28x15 squared meters evenly, an additional seventh anchor was added to clear the ambiguities of that dense
area. The default settings of the Decawave kit are factory-programmed to provide raw distance measurements between the
moving tag and a maximum of four anchors (constrains from Decawave) based on the time of arrival (ToA) two-way ranging
(TWR) technique, in addition to providing the EKF estimation of the tag position [6].

Both UWB and IMU sensors were placed onboard an autonomous mobile robot developed by OMRON. The robot has several
positioning sensors of LASERs, ultrasound, RADARs, IMU, and LiDARs which yield a millimeter accuracy therefore it acted
as the reference ground truth to both UWB/IMU and Wi-Fi/IMU fusion systems.

b). Wi-Fi IPS
As mentioned earlier that the Wi-Fi IPS was approached opportunistically. There were six router access points that cover the
operation area, we referred to them as: R0, R1, R2, R3, R4, R5. We decided to build mathematical models for every router
solely, therefore, several RSSI measurements were taken at reference distance of 1m, 3m, 5m, and 10m, those distances were
measured using a LASER- ranger. We assumed logarithmic path-loss models to find the relation between the RSSI and the
distances from the router. The used formula is found in Equation 1, as follows [7]:

Bk = B0 + 10αlog(dk) +Xσ (1)

Where Bk is the measured RSSI at a given k time instant, B0 is the measured RSSI at the reference distance (one meter), α is
the medium path loss exponent, dk is the estimated distance in meter for a given k time instant, and Xσ is a random variable
with standard deviation σ that represents a white zero-mean Gaussian noise.

The results of curve-fitting the logarithmic path-loss models provided the values of the characteristic variables (α, B0) of every
router, as shown in Figure 3.
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Figure 3: Curve-fitted characteristic path-loss curves of all access points [R0 – R5].
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From the curves in Figure 3, it is clear that some routers (especially R0, R4, R5) are having constant RSSI values over several
displacements, which means that the RSSI does not change over distance in some cases. This is an important concern in this
method, and it is a natural result to being offered some shallow information about the access points. A better approach was to get
localization-compatible router brands whose characteristic RSSI vs distance curves are following typical logarithmic relations.

III. EXPERIMENTAL SETUP
In this section, we showcase the prepared setup from software and hardware perspectives that was used for performing robot
experiments inside our laboratory.

1. IPS system level design
In order to test our proposed fusion-based IPS systems of UWB/IMU and Wi-Fi/IMU, we deployed a customized embedded
system that holds the essential software and hardware elements to carry out the experiments in the selected environment.

The hardware part consists of a distributed set of seven UWB anchors (Decawave) with fixed positions around the coverage area,
the IMU sensor (XSENS) mounted on the mobile robot, the laptop recorder was equipped with UWB data logger and RSSI
scanner, and the robot itself (OMRON).

The software part was developed using Python and JavaScript to record and communicate real-time data from-to a storage
web server. We built the system to bear multiple positioning sensors in the same venue e.g.: robots sensors, UWB anchors,
Wi-Fi access points, Bluetooth (future use), and inertial sensors. All sensor points are attached to their corresponding software
scanner(s) that records the desired data observables using the appropriate unit settings. Then, all scanners pass the information
to the NodeRed server via web sockets, to be stored in a local storage that is interfaced by our team (i.e. the user).

It is worth noting that the BLE software scanner is already developed and up-running but at the moment it has been reserved for
future use, as the hardware infrastructure is currently under development. Therefore, the focus of this article will be centered
around UWB/IMU and Wi-Fi/IMU fusions.

2. Calibration and configuration
We calibrated the robot’s sensors as well as the UWB, IMU and Wi-Fi devices. For the robot, we created a new topology map
for the environment and all its furniture, barriers and structures, which was uploaded to the robot’s internal storage to mark the
boundaries of the experimentation area. IMU sensor was factory-calibrated already. Then for UWB, we calibrated the Decawave
anchors to know its covariance error and set the physical coordinates of anchors’ locations by the aid of a LASER meter ranger.
Same with Wi-Fi access points, we primarily wanted to interface them from system level (by the aid of our IT department),
however, we had to work with Wi-Fi access from an opportunistic approach (i.e. deal with them as electromagnetic-wave
emitter devices) whose RSSI and MAC information are known. Furthermore, the origin points of all sensors were aligned into
a single origin point (0, 0) explicitly marked on the laboratory floor and programmed into sensor configurations. All calibration
measurements were taken and recorded several times to ensure maximum stability and accuracy, and devices were configured
to 10 Hertz sample rate.

3. Data flow and algorithms
The flow of data was designed to pass from sensor devices to internal data storage called Node-Red via web sockets made
specifically to log all sensor data in real-time. Figure 4 illustrates the journey of sensors data in the system to achieve final
positioning estimations.

Having all time series data after the web socket reception, the data was fetched to undergo pre-processing and pipe-lining
phases. For the Wi-Fi data, the pre-processing step was very complicated since the routers information were interleaved by our
IT department for security reasons, thus we had to find out the right MAC addresses information associated with each router,
which were not the same as the manufacturer’s.

Afterwards, each sensor data that conclude the pre-processing step were referred to a set of additional refining algorithms. In
UWB, we replaced the null values by the aid of dead reckoning (DR) algorithm, then propagate the outputs to extended Kalman
filter (EKF) fusion, Rauch-Tung-Striebel (RTS) smoother, and linear regression (LR) algorithms. The same sequence applies
for Wi-Fi except that the treated Wi-Fi RSSI values are primarily passed through path-loss model in order to be later consumed
by a bootstrap Particle filter (PF). Then, the PF estimates the Euclidean distances between the moving user and the fixed Wi-Fi
access points with known locations.
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Figure 4: Data flow of measurements and the utilized algorithms to achieve positioning estimations.

4. Route design
On the robot’s software controller (Mobile Runner), routes were programmed to allow the robot patrolling the coverage area
in mixed situations: 1) clear LOS between the robot and the wireless devices, 2) poor LOS, 3) visibility through concrete and
metal structures, and 4) with the fewest number of devices (i.e. three) visible to the robot. The locations of the first six UWB
anchors were selected to provide evenly distributed coverage to the robot (e.g. rectangular shape), then a seventh anchor was
inserted in the most dense space inside the environment to provide more visibility to the moving robot (UWB tag and RSSI
scanners).

IV. RESULTS AND DISCUSSION
After holding several lab experiments in Technobothnia using the described experimental setup and settings, some very promising
results emerged from UWB IPS, and some other concerning results emerged from Wi-Fi.

Firstly, UWB plot results are shown in Figure 5. As seen from the figure, the performance of the latest algorithm (LR-
UWB/IMU) in the UWB IPS is truly unmatched. As found from the numerical results shown in Table 1, the positioning
accuracy of UWB IPS has been achieved between 3.7 – 4.5 centimeters.
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Figure 5: Results of UWB positioning before and after applying Linear Regression algorithm.

On the other hand, the results from Wi-Fi IPS shown in Figure 6 graphically, and Table 2 numerically were clearly erroneous,
which was very much expected for various reasons. Only minor improvements occurred before applying the LR algorithm,
this means that the performance of machine learning algorithms is a very prominent non-model candidate for reliable indoor
positioning.

The sources of Wi-Fi IPS errors could be due to: 1) inconsistent path-loss readings that may be originated from 2) incompatible
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Table 1: Positioning errors [in meters] of UWB IPS.

UWB Kalman Filter UWB/IMU Fusion UWB/IMU +RTS UWB/IMU/RTS +LR
MAE 0.170 0.196 0.169 0.037
RMSE 0.241 0.270 0.240 0.045
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Figure 6: Results of Wi-Fi positioning before and after applying Linear Regression algorithm.

routers for positioning applications, or 3) erroneous software scanner which holds the RSSI values for too long time before
refreshing to new readings, 4) the extremely dense environment makes it super-challenging for Wi-Fi positioning in particular.
Again, mitigating nearly 30% of the error using LR algorithm is another evidence that machine learning algorithms could be
employed as standalone positioning techniques, provided that a proper training process was made.

1. Summary
To summarize what have been achieved in this study, a cumulative distribution function plot was sketched for both UWB IPS
and Wi-Fi IPS to note the difference between all utilized methodologies and algorithms from a very high perspective, as shown
in Figure 7.
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Figure 7: Cumulative distribution function plots for both UWB and Wi-Fi IPSs.

Both red curves in the two plots are having the most steep slope amongst their counterparts, meaning that the LR-smoothed
fusion method can yield the best and most accurate results even in dense industrial situations, which is a very fitting solution
to combating NLOS conditions. The method is proven to be reliable for both IPSs (UWB and Wi-Fi) to facilitate technical
operations with precise location information using UWB/IMU, and ensure an acceptable level of performance for human
resources tracking using Wi-Fi/IMU, which could be further improved in the future.
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Table 2: Positioning errors [in meters] of Wi-Fi IPS.

Wi-Fi Particle Filter Wi-Fi/IMU Fusion Wi-Fi/IMU +RTS Wi-Fi/IMU/RTS +LR
MAE 6.862 6.863 6.854 4.515
RMSE 8.304 8.318 8.308 5.812

V. CONCLUSION
Indoor positioning systems are very crucial for navigational and location-aware applications. Building dedicated IPSs in dense
industrial environment requires thorough and meticulous investigations to find the appropriate solution for mitigating NLOS
effects and achieve reliable positioning estimations. In this article, we illustrated our work in designing two IPSs, precise UWB
IPS for tracking indoor mobile robots, and Wi-Fi IPS to localize human resources inside a complex laboratory environment in
Finland. Both loosely coupled IPSs with the aid of an IMU sensor have yielded the best positioning results amongst all other
techniques, the highest accuracy achieved by UWB was ranging between 3.7 – 4.5 centimeters, while for Wi-Fi it was ranging
between 4.5 – 5.8 meters. For future work, we aim to add a BLE IPS which has been already partially implemented in the lab
environment, while investigating more improvement techniques to the existing Wi-Fi IPS.
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ABSTRACT
During the past few decades, the presence of global navigation satellite systems (GNSSs) such as GPS, GLONASS, Beidou
and Galileo has facilitated positioning, navigation and timing (PNT) for various outdoor applications. With the rapid increase
in the number of orbiting satellites per GNSS, enhancements in the satellite-based augmentation systems (SBASs) such as
EGNOS and WAAS, as well as commissioning new GNSS constellations, the PNT capabilities are maximized to reach new
frontiers. Additionally, the recent developments in precise point positioning (PPP) and real time kinematic (RTK) algorithms
have provided more feasibility to carrier-phase precision positioning solutions up to the third-dimensional localization. With the
rapid growth of internet of things (IoT) applications, seamless navigation becomes very crucial for numerous PNT dependent
applications especially in sensitive fields such as safety and industrial applications. Throughout the years, GNSSs have
maintained sufficiently acceptable performance in PNT, in RTK and PPP applications however GNSS experienced major
challenges in some complicated signal environments. In many scenarios, GNSS signal suffers deterioration due to multipath
fading and attenuation in densely obscured environments that comprise stout obstructions. Recently, there has been a growing
demand e.g. in the autonomous-things domain in adopting reliable systems that accurately estimate position, velocity and
time (PVT) observables. Such demand in many applications also facilitates the retrieval of information about the six degrees
of freedom (6-DOF - x, y, z, roll, pitch, and heading) movements of the target anchors. Numerous modern applications are
regarded as beneficiaries of precise PNT solutions such as the unmanned aerial vehicles (UAV), the automatic guided vehicles
(AGV) and the intelligent transportation system (ITS). Hence, multi-sensor fusion technology has become very vital in seamless
navigation systems owing to its complementary capabilities to GNSSs. Fusion-based positioning in multi-sensor technology
comprises the use of multiple sensors measurements for further refinement in addition to the primary GNSS, which results in
high precision and less erroneous localization. Inertial navigation systems (INSs) and their inertial measurement units (IMUs)
are the most commonly used technologies for augmenting GNSS in multi-sensor integrated systems. In this article, we survey
the most recent literature on multi-sensor GNSS technology for seamless navigation. We provide an overall perspective for the
advantages, the challenges and the recent developments of the fusion-based GNSS navigation realm as well as analyze the gap
between scientific advances and commercial offerings. INS/GNSS and IMU/GNSS systems have proven to be very reliable
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in GNSS-denied environments where satellite signal degradation is at its peak, that is why both integrated systems are very
abundant in the relevant literature. In addition, the light detection and ranging (LiDAR) systems are widely adopted in the
literature for its capability to provide 6-DOF to mobile vehicles and autonomous robots. LiDARs are very accurate systems
however they are not suitable for low-cost positioning due to the expensive initial costs. Moreover, several other techniques
from the radio frequency (RF) spectrum are utilized as multi-sensor systems such as cellular networks, WiFi, ultra-wideband
(UWB) and Bluetooth. The cellular-based systems are very suitable for outdoor navigation applications while WiFi-based,
UWB-based and Bluetooth-based systems are efficient in indoor positioning systems (IPS). However, to achieve reliable PVT
estimations in multi-sensor GNSS navigation, optimal algorithms should be developed to mitigate the estimation errors resulting
from non-line-of-sight (NLOS) GNSS situations. Examples of the most commonly used algorithms for trilateration-based
positioning are Kalman filters, weighted least square (WLS), particle filters (PF) and many other hybrid algorithms by mixing
one or more algorithms together. In this paper, the reviewed articles under study and comparison are presented by highlighting
their motivation, the methodology of implementation, the modelling utilized and the performed experiments. Then they are
assessed with respect to the published results focusing on achieved accuracy, robustness and overall implementation cost-benefits
as performance metrics. Our summarizing survey assesses the most promising, highly ranked and recent articles that comprise
insights into the future of GNSS technology with multi-sensor fusion technique.

I. INTRODUCTION
Global navigation satellite systems (GNSSs) is a key element for location-based services (LBS) that are playing an important
role in today’s smart cities and the futuristic internet-of-things (IoT) applications. With the quantitative and diversative growth
of GNSSs constellations, the positioning, navigation and timing (PNT) capabilities were strengthened to new frontiers.

Seamless navigation is mostly demanded in various application where system integrity and reliability are paramount. Conven-
tional GNSS stand-alone methodologies may fail to provide the required seamless navigation thus the researchers developed
additional techniques to assist GNSSs, some are illustrated in figure 1.

The integrity of GNSS navigation systems, as defined by [1], is the trustworthiness of the information provided by the navigation
engine. Additionally, the performance of GNSSs can be assessed using a pyramid-like scheme with system accuracy as the
baseline, integrity as the second metric, continuity as the third, and availability as the peak paramount. System accuracy is the
degree of conformance of the estimated positioning values to the ground truth. Continuity is the probability of the system to
maintain the desired service level within the operation period while availability is the percentage of time in which the navigation
system is usable.

GNSS performs well in non-urban environments mainly due to the user visibility from numerous satellites (more than four)
in addition to the satellite-based augmentation system (SBAS) which ensures GNSS integrity, corrections and redundancy.
While in urban environments, satellites visibility becomes a challenge hence, additional measures are required to maintain
seamless navigation. The two major factors of signal impairments that contribute to the overall error in GNSSs are the multipath
components and the non-line-of-sight (NLOS) occurrences. The multipath effects are mitigated via various techniques found in
figure 1. Moreover, there exist few methods to combat or compensate the NLOS situations, the most highlighted method among
them that provides the best compromise is the use of multi-sensor fusion technologies.

Multi-sensor fusion technology is becoming abundant in the navigation literature due to its many advantages. The use of
multiple sensors for navigation can increase the positioning accuracy by mitigating the errors arouse from sensors thus increases
the reliability of the system. Moreover, in some cases, multi-sensor fusion implementations can be presented as low-cost
system in sensitive applications that require precision by utilizing low-cost multi-sensors however that can be on the account of
computational complexity.

In this article, we survey the recent literature on seamless GNSS navigation in the context of multi-sensor fusion technique. After
the introductory section, in section II, we provide brief descriptions about the principles of multi-sensor fusion, highlighting the
structure of the fusion process, the commonly used sensors and algorithms. In section III, we present the most recent advances
in the multi-sensor GNSS literature in a span of the previous five years focusing on the implementations in autonomous driving,
pedestrian tracking and GNSS-denied situations. The selection criteria of articles were based on impact, relevance, higher
ranking in the Finnish national system [2], novelty and citations score. Nevertheless, some older articles were also included in
this review due to their importance and unchanged scientific principles.

II. MULTI-SENSOR FUSION APPROACH
Sensor fusion is a computational procedure to combine the measurements frommultiple sources such that the output information
after fusion is maximized. The sensor fusion technique is adopted in dynamic systems that require more precision and accuracy
due to its capability of mitigating measurements errors which combat environmental impairments, an example is illustrated in
figure 2. Moreover, the use of multi-sensors that complements each other (e.g. position and attitude) yields the best possible
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Figure 1: Approaches for multipath mitigation in GNSSs (adapted from [1])

results for PNT- based applications.

As sensor technology becomes more sophisticated (and its erroneous nature), multi-sensor fusion has been trending in recent
years. In general, the reliance on multiple measurement devices in positioning applications will result in fewer uncertainties
and greater reliability and accuracy than depending on a single measurement sensor [3].

The multi-sensors integration architecture may follow three schemes: loosely coupled (LC), tightly coupled (TC) and ultra-
tightly coupled (UTC) as described in [4–6]. The LC system is the simplest architecture that provides good redundancy based
on the duplicated measurements but requires good satellites visibility (four at least). The TC system can maintain navigation
even when satellites visibility is poor (fewer than four) besides having better accuracy and immunity to jamming consequently
the TC is widely adopted. In the UTC system, the GNSS receiver tracking loop is aided by a replicated software-defined radio
(SDR) receiver that correlates and smooths the error between the received signal and the locally generated one.

1. Structure of the multi-sensor fusion approach
Numerous tracking systems can be fused with GNSSs to provide more accurate and reliable estimations. Common examples
of these systems are radars, inertial navigation systems (INSs), inertial measurement units (IMUs), dead reckoning (DR) and
computer vision (e.g. cameras). The optimal positioning estimations that result from fusing multiple positioning methods
follow a unified framework, which is described in figure 3.
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Figure 3: Fusion-based positioning framework (adapted from [3]).
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Figure 2: Illustration depicting the elements of multi-sensor system in intelligent vehicles.

In figure 3, the multi-sensor fusion framework comprise N sensors and same number of algorithms in which the PNT solution
is obtained by solving local sensor data with the respective local algorithm. After that, a master fusion algorithm that comprise
the weights vector of each sensor is responsible for fusing all input data to achieve the most optimal solution of the overall
fusion-based system.

2. Fusion algorithms
Multi-sensor fusion of multiple technologies requires special algorithms to combine (fuse) all sensors data and produce the
unified output estimations. Most commonly used algorithms capable of dealing with redundancy and overdetermined systems
are Kalman filters, least squares algorithms and particle filter. Additionally, the algorithmic federation concept is recently
trending throughout the recent literature. In this section, we provide a brief overall view about the most common algorithms.

a). Kalman filters
The Kalman filter algorithm is an iterative recursive estimation method to predict the new optimal states in linear state-space
systems considering additive white Gaussian noise [7]. The algorithm is based on utilizing the priori knowledge to estimate the
posterior states, calculate the Kalman gain and the measurements residual due to the mismatch error then calculate the new state
and covariance vectors and use them as input to the next iteration [8–10]. The difference between all types of Kalman filters is
showed in figure 4.

Extended Kalman filter (EKF) is an adapted version of the ordinary linear Kalman filter to estimate states in nonlinear
dynamic systems [11]. A discrete-time Kalman filter has two steps: 1) prediction step, where the next state of the system
is predicted given the previous measurements fed to the system, and 2) update step, where the current state of the system is
estimated given the measurement at the active time step [10, 12].

In EKF, the state transition matrix and the measurement matrix in the linear Kalman filter are replaced by the nonlinear state
transition function f(.) and nonlinear measurement function h(.) respectively in order to map the algorithm through Gaussian
distribution to work in nonlinear conditions.

Unscented Kalman filter (UKF) Unlike EKF, the Unscented Kalman filter (UKF) employs the sigma-point Gaussian trans-
formation to map the nonlinear state transition function of the system and tend to linearize it through the so called the unscented
transform [10, 13, 14]. In other words, the UKF uses more than one point including the distribution mean, while EKF approxi-
mation relies only on one point, the mean. UKF selects additional weighted points (called sigma points) plus the mean for more
accurate transformation. This procedure is called the unscented transform. As a result, UKF sometimes outperforms EKF in
severely nonlinear systems, while EKF performs well in systems with modest nonlinearity [15]. There are other sigma-point
Kalman filters which are widely adopted such as Cubature Kalman filter (CKF) and Gauss-Hermite Kalman filter (GHKF).
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Figure 4: Illustration depicting a comparison between the different types of Kalman filter (adapted from [10]).

b). Particle filters
The position of an observer can be estimated using the discrete state-space model (DSS). In general case the process and
measurement functions f(.) and h(.) can be nonlinear and process and measurement noise distributions, q, and, r, non-
Gaussian noise sources. The problem of finding a position xk can be seen as a filtering problem for estimating the posterior
probability p(xk|yk), which is often assumed to be Gaussian.

A closed form solution can be found only if DSS is linear and q and r are zero mean Gaussian noise sources. In practice these
conditions do not hold very often. If the system function is well known, it can be linearized near an operating point and then
linear methods be applied [16, 17]. EKF solves a Gaussian posterior estimation by linearization and UKF by using unscented
transformation however the standard Particle Filter (PF) provides non-Gaussian posterior estimation iteratively by means of
Sequential Monte Carlo (SMC) algorithm. A Gaussian variation of PF (GPF) solves Gaussian posterior distribution using
SMC [16].

c). Federated filtering
The federated filtering concept first described by [18] in which the observations of subsystems are estimated locally as first step,
then sent for general fusion using a master fusing filter [19]. Kalman filters are widely adopted as fusion filters especially the
federated Kalman filtering (FKF) and the federated extended Kalman filter (FEKF) for multiple sensors, as illustrated in figure 5.

Kalman algorithms are the most commonly used filters for federation; ordinary Kalman filter for linear systems, extended (EKF)
and unscented(UKF) Kalman filters for nonlinear systems [20].

The algorithmic behavior of FKF follows the state-space matrix equations of: [21]

Xk+1 = ΦkXk + Uk + Wk (1)
Zk+1 = Hk+1Xk+1 + Vk+1 (2)

where Xk+1 andZk+1 are the iterative global state vector and globalmeasurements vector of the systemat time step k+1, Φk andHk+1are
the diagonal state transition matrix and the observation matrix respectively. Uk is the global input matrix,Wk and Vk+1 are the
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Figure 5: Structure of the federated Kalman filter (FKF).

Gaussian process and measurements noises respectively at time step k and k+1 with covariances Qk and Rk+1.

To obtain the Kalman gain, error residuals (innovation), final estimations for the optimal states and the optimal covariance, the
FKF algorithm proceeds with the matrix-form sequence in two steps, as illustrated in table 1.

Moreover, the federated filtering principle can be applied to particle filter (FPF) as in [20, 22, 23] for nonlinear non-Gaussian
estimations.

3. Types of commonly used multi-sensors
a). Inertial sensors
Inertial navigation sensors (INSs) are very reliable positioning systems, as they are not influenced by external factors. However,
they accumulate significant errors over time [24, 25]. The main role of the primary positioning technology (e.g. GNSS) is to
refine INS errors by tightening the position estimate to the absolute coordinate system while INS provides more accurate delta
position updates in a short term.

An inertial measurement unit (IMU) differs from INS, as it is not an integrated dynamic system as an INS. However, IMU units
are the main building block of INSs [26]. IMUs can still be utilized independently in fusion-based localization endeavors, but
INSs have been widely adopted in positioning systems in the recent literature.

Globally, GNSS/INS fusion is a very common implementation due to the numerous advantages of this integration over utilizing
each system solely [19]. As described in [4], both systems have complementary data to provide, GNSS estimates the PVT

Table 1: FKF algorithm for nonlinear multi-sensor fusion.

0 Initialization for k = 0 set X̂0, P
−
0 , Q0, R0

1 Prediction step Prior estimate of the state: X−
k+1 = ΦkXk + Uk

Prior estimate of the covariance: P−
k+1 = ΦkPkΦk

T + Qk

2 Update step

Measurement residual update: vk+1 = Zk+1 −Hk+1Xk+1

Measurement covariance update: Sk+1 = Hk+1 P
−
k+1 Hk+1

T + Rk+1

Kalman gain calculation: Kk+1 = P−
k+1 Hk+1

T S−1
k+1

Updating the posterior state: Xk+1 = X−
k+1 + Kk+1vk+1

Updating the posterior covariance: Pk+1 = P−
k+1 −Kk+1Sk+1K

T
k+1

Return to step 1, repeat until k iterations are consumed.
Output Estimated state vector: X̂F
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measurements while INS provide the detailed information about the attitude which yield a 6-DOF system. Both systems
can be utilized for mutual calibration hence reducing overall error components. The data rate of INS is higher than GNSS
which produces better resolution for navigation in addition to exploiting previous features to achieve seamless navigation in
GNSS-denied conditions. Consequently, the GNSS/INS multi-sensor fusion is suitable for aerial, terrestrial and extraterrestrial
navigation on Earth and in Space.

b). Remote sensing
Remote sensing is the process of mapping the target environment by sending pilot signals and analysing the physical characteris-
tics of the received signals. The pilot signals can be with different wavelengths, frequencies and types. Radars (Radio Detection
and Ranging) is one type of remote sensing systems that utilizes low frequency RF signals as pilots, then detects the range of
targets by analysing the frequency of the rebounded fraction of the signal. LiDAR (Light Detection and Ranging) is another type
of remote sensors that employs high frequency light lasers in the same manner as Radars. Moreover, special types of Cameras
can be considered as remote sensing systems when their functionalities are to map the topography of the surroundings, observe
the heat maps of territories and so on. Other types of remote sensing can be acoustic like sonar systems, and can be ultra/infra
sonic systems depending on the target application.

Radars and LiDARs are very common types of localization techniques that can be standalone systems and also can be used in
multi-sensor fusion systems.

III. ADVANCES OF MULTI-SENSOR FUSION
In this section, we present a survey from the most recent literature that focus on the GNSS multi-sensor fusion approach. We
highlight the implemented technologies within various applications. As the categorization of the multi-sensor literature is
challenging, we present the in-text literature advances as application-based categorization while a summarized tabulation of
references is presented from the perspective of quantity, integration and sensor types. The tabulated summary of sources is
found in table 2.

Table 2: Summary of surveyed literature.

Dual integration Triple integration Quadruple and Quintuple integrations

GNSS/Inertial sensing
[27], [28], [29], [5], [30], [31], [6],
[32], [33],

GNSS/Remote sensing
[34], [35], [36]

GNSS/Inertial sensing/Remote sensing
[36], [20], [37]

GNSS/Inertial sensing/Visual
[38], [39], [40], [41],

GNSS/Inertial sensing/DR
[42]

GNSS/Inertial sensing/Remote sensing/Visual
[43], [44], [45]

1. Autonomous Driving and Intelligent Transportation Systems (ITS)
The authors of [36] validated an effective calibrationmethod for the 6-DOF autonomous SLAMvehicles using LIDAR/GPS/IMU
technique. The LIDAR error components originated from the deviations of point cloud measurements due to vehicle movement
hence calibration became paramount. The GPS/IMU and LIDAR coordinate systems are matched by processing the time
synchronization frames of LIDAR point cloud and corrected by the pose from GPS/IMU frame. The measurements of pitch
and roll angles in addition to the Z-axis translation had transformed the 3-D positioning problem into 2-D problem. The ground
truth data was used to solve the set of linear equations originated from sensors fusion thus obtain the optimal solution. The tests
were held in a real vehicle by comparing the 3-D reconstruction results before and after the proposed calibration method. The
verification results after calibration showed clearer views and more resolution than the views before calibration that were thicker
in contours and more ambiguous.

In [38], the authors utilized triple fusion system GNSS/INS and optical velocity sensors (OVS) in addition to adaptive fault-
tolerant fault detection and processing (FDP) algorithm to provide a continuous navigation information. The measurements
of GNSS were judged against ground truth data to identify the observation outliers and biases that cross a preset threshold.
Outliers were discarded and the biases were fed to the adaptive FDP (with varying covariance) for correction. The comparison
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was conducted at three scenarios: clear skies, semi clear skies and totally unclear skies. Moreover, the validation was set
to compare between tightly-coupled (TC) and loosely-coupled (LC) triple-fusion GNSS/INS/OVS. The results based on real
experiment showed that the TC integration was more accurate the LC integration hence the method was concluded to be suitable
for continuous accurate navigation.

Another LC dual-integration method INS/GPS is described in [27], in which the authors utilized an EKF algorithm as a master
fusion filter. The conducted simulations on datasets showed that the proposed method achieved better accuracy for attitude,
velocity and time also ensured reliability and continuation.

Similar LC approach was developed by [6] using EKF and linear KF estimations to improve the overall accuracy, which was
validated via MATLAB simulations.

The authors of [39] proposed a triple-fusion method comprising IMU/GNSS and map matching to integrate the location
information of micro-electromechanical systems (MEMs) with commercial road maps. The method was developed to mitigate
the uncertainty associated with GNSS positioning hence overcome the problem of lane-detection by providing more accurate
location. From algorithmic perspective, the authors used the LC-EKF as the main fusing algorithm also used as a standalone
local filter for the tracking step. Additionally, the hidden Markov (HMM) and LS algorithms were used to estimate the vehicle
lane by map matching the input road maps using buffered records of the vehicle’s poses. Based on real-time experiments in the
open-sky scenario, the results showed that the proposed lane determination method achieved 97.14% success rate in detecting
the correct lanes.

An UTC architecture was developed by [5] to implement a GNSS/INS integrated system for the navigation of autonomous
ground vehicles. The authors compared the performances of the LC-GNSS vector tracking with the GNSS consumer-grade
tracking of a smart phone in extreme scenarios. The RTK positioning results validated that the availability of the UTC method
was better than other methods but the accuracy should be further improved.

Another UTC architecture is utilized by [31] to combat the nonlinearity introduced by the INS/GPS integration using the
unscented particle filter (UPF). The nonlinear measurement equation was formulated using the second-order Taylor expansion
of the pseudoranges while the UPF was employed for the dynamic state estimations. Results showed that the proposed method
with UPF outperformed the same approach when Kalman filter is used.

Environmental disturbances (e.g. vibrations) can cause error drifts in the attitude measurements hence the issue was stud-
ied by [30] using micro electromechanical inertial sensors (MEMS-IMU) and GPS. The authors developed a dual-fusion
GPS/MEMS-IMU system with EKF as fusion filter to study the effect of vibrations on attitude. The efficacy and reliability of
the proposed method were validated as shown by the results.

Dynamic positioning in urban environments is challenging where GNSS satellites can experience frequent blockages, their
carrier-phase reliability decrease or become insufficient in number of usable satellites. Hence, the authors of [28] proposed a TC
integration of GNSS/INS sensors to mitigate the error divergence and improve the overall positioning accuracy in complex urban
environments. The authors utilized a linear combination of triple-frequency GNSS, proposed an ambiguity fixed observation
algorithm to compensate on and round the blocked epochs, and used the nonlinear Cubature Kalman filter (CKF) as the master
fusion algorithm. In addition to utilizing two local Kalman filters for the ambiguity resolution and the inertial fusion with GNSS.
A test vehicle was used to verify the proposed method. The results of testing several scenarios showed improved accuracies for
minimal and maximal number of visible satellites (4 and 11 satellites) ranging from 4.1cm to 67cm for vertical and horizontal
directions.

Similar approach (GPS/IMU) was utilized in [29] to mitigate the accumulated errors in IMU caused by the absence of GPS
signal. The authors used the vehicle kinematics model (VKM) along with a Kalman filter for the fusion. High efficiency and
high precision of the proposed method were validated through simulations.

2. Military Applications
The authors of [41] constructed a hardware-in-the-loop (HIL) simulation to test GNSS/MEMS-IMU system that is fused with
fiber optic gyroscope (FOG) resulting in a compound navigation system (CPNS). The proposed GNSS/MIMU/FOG method is
aimed at improving the navigation accuracy of smart ammunitions by calibrating theMEMS gyroscope and GPS lag values. The
HIL simulations showed that the proposed CPNS had effectively improved the navigation accuracy and significantly reduced
the fusion error.

3. Atmospheric Navigation in Space
Fusion-based navigation can solve complex problems for re-usable space crafts during re-entry by enhancing the accuracy of
the on-board inertial system, as described in [40]. The authors proposed a triple-integration method INS/Star-tracker/GPS in
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which the INS measurements aided both GPS and the star tracker systems to correct the misalignment errors within a unified
coordinal frame. Additionally, an EKF algorithm is used as a universal fusing filter to combine all the output estimations after
being updated. The simulation results exhibited noticeable improvements in positioning accuracy, orientation accuracy, and
overall efficiency.

4. Fusion with Radar systems
To achieve reliable object detection results for remote sensing, GNSS observables can be fused with radar systems to fine-tune
the error drifts as in [34]. The authors proposed a theoretical GNSS/SAR approach using omnidirectional GNSS antenna
operating at L1 frequency band, C/A code receiver and limited range field of view (FOV). The conducted experiment showed
a probability of 0.1% as false alarm while the probability of detection was 95%, the FOV was restricted to 2 Km although
theoretically the method should be able to detect objects from 5-8 Km away.

A quintuple-fusion system IMU/GNSS/Radar/Camera/LIDARwas proposed by [44] to provide precise environmental perception
capabilities for automated-driving vehicles. The method used a 6-DOF kinematic model to produce PVT estimations which
were corrected by the GNSS observations via LC error-state EKF algorithm. The observable measurements of radar, camera
and LIDAR enhanced the overall perception of the surrounding environment using an outlier detection of optically impaired
data. The conducted results showed that the redundancy of sensor data improved the robustness and the overall accuracy for
2-D and 3-D scenarios. Moreover, the scalability and precision were validated.

5. Pedestrian Tracking
A likelihood detection method was utilized in [20] using FPF approach for tracking in nonlinear non-Gaussian environment.
The proposed method was a triple fusion system JIDS/SINS/GPS augmented by FPF algorithm as global fusion filter and local
PFs for the three subsystems. After simulating the system, the results showed a high detection rate, low detection time and lower
directional RMS values which achieved an improved performance of the fusion-fault tolerance.

6. Unmanned Aerial Vehicles (UAVs)
Ultra Wideband (UWB) is a wireless short-range radio-technology in which its communication channel propagates information
over wide spectrum by modulating either a carrier-based waveform or carrier-less baseband signal in the form of short-width
pulses [46].

The authors of [36], proposed a high-precision prototype for UAV traffic management (UTM) system. Besides the GPS, the
authors utilized a novel method comprising an impulse radio (IR) calibrated UWB (Decawave) in addition to LoRa module.
The implemented cost function of the proposed method GPS/UWB had reduced the GPS positioning error from 4.03 to 1.73
cm.

In [45], the authors designed a fusion positioning algorithm of GNSS/UWB/DR/VMM with a federated Kalman filter (FKF).
Both the simulation and the results from real vehicle testing showed that the proposed intelligent vehicle localization accuracy
was improved (MAE < 0.88 m). The positioning accuracy could be improved adaptive information distribution coefficient was
established based on the FKF.

IV. CONCLUSION
Seamless navigation is a very crucial element for many PNT-dependent applications and future IoT implementations. GNSS
standalone systems are providing acceptable level of integrity to many technologies especially in open-sky environments.
Yet, they are not suitable for precise positioning and seamless navigation due to numerous factors such as: multipath fading,
attenuation in dense environments, and signal obstruction in GNSS-denied conditions and urban environments. Multi-sensor
fusion technologies are very promising candidates to mitigate positioning errors since they utilize additional navigational
sensors that aid GNSSs in providing continuous navigation hence maintain integrity and the desired service level. Numerous
applications are beneficiaries of precise multi-sensor fusion systems such as: autonomous self-driving vehicles, UAVs, mobile
robots and smart machines. The capabilities of integrated GNSS fusion-based systems are maximized by the added multiple
sensors hence meet the requirements of the beneficiary applications. In this survey, we presented a short review of the most
recent literature that focus on the developing of dedicated multi-sensor systems in specific applications. We highlighted the
use of inertial sensors, remote sensing devices, visual-based sensors, and RF-based navigational sensors to achieve seamless
navigation for various scenarios. Moreover, we presented an overall view on the algorithmic implementations of multi-sensor
fusion systems such as: Kalman filters, particle filters, and federal filters. We constructed the architecture of this article to be
a short supporting tutorial for researchers seeking higher perspective on the GNSS multi-sensor fusion topic. In the future, we
intend to design, implement, and develop our proposed fusion-based system that comprise GNSS, inertial sensors, UWB and
low-earth orbit satellites (LEO) for seamless navigation.
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ABSTRACT
This paper describes our solution for the Google smartphone decimeter challenge (GSDC), which was held from May to August
2022. The GSDC is a competition for improving positioning accuracy of smartphones. The global navigation satellite system
(GNSS) data from smartphones have lower signal levels and higher noise in GNSS observations compared to commercial GNSS
receivers. Therefore, it is difficult to directly apply the existing GNSS high-precision positioning methods like precise point
positioning (PPP) and real-time kinematic (RTK). The smartphones used to collect the raw GNSS data have multi-constellation,
dual-frequency GNSS receivers, and Inertial Measurement Unit (IMU) sensors. Multi-sensor fusion technology has become
very prominent for seamless navigation systems due to its complementary capabilities to GNSS positioning. In this work,
we developed a machine learning (ML) based adaptive positioning approach to estimate the positions of the smartphone by
utilizing post-processed kinematic (PPK) precise positioning techniques to process the GNSS datasets. The ML model is used
to predict the driving paths (highways, tree-lined streets, or downtown areas). Depending on the predicted driving path, PPK
technique uses the carrier phase to compute the user position using differential corrections from known GNSS base stations.
We then use of the Rauch–Tung–Striebel (RTS) smoother, which consists of a forward pass Kalman Filter (KF) and a backward
recursion smoother to achieve a loosely coupled integration of GNSS and IMU measurements for positioning estimation of the
smartphone. We refer to this method as LC-GNSS/IMU/ML using ML based adaptive positioning (MAP) real-time kinematic
(RTK) post-processing algorithm (MAP RTK). This method is validated using reference data from GNSS survey-grade receivers
provided with the training datasets. The final validation of this proposed method is done on Kaggle.com, the host of the GSDC
competition. Using the proposed method, we estimated the location of the smartphone and tackled the competition. The final
public score was 2.61 m, while the final private score was 2.29 m.

Keywords - Adaptive positioning; Machine Learning; Kalman Filter; Rauch–Tung–Striebel smoother; Inertial Measurement
Units; Global Navigation Satellite Systems; Post-processed kinematic; Smartphones

I. INTRODUCTION
Multi-constellation global navigation satellite systems (GNSS) provide benefits such as the availability of more visible satellites
that can be used to improve user positioning performance [1]. This is useful in challenging environments where GNSS signals
could be partially or totally blocked and are affected by multi-path reflections, for example, in urban areas or places with dense
foliage, this becomes very useful. Accuracy greater than 100 meters in the worst non-line-of-sight condition can improve to
between 5 meters and sub-meter depending on the technique used for data collection and the receiver used (survey-grade or
low-cost receivers). In 2016, the Android operating system released an application program interface to access raw GNSS
measurement data from GNSS installed in smartphones [2]. As a result, high-precision positioning at the decimeter and
centimeter levels on smartphones has attracted much attention [3, 4]. There have been growing interests in the use of low-cost
receivers and GNSS chipsets on smartphones for positioning applications. However, they do not provide very precise accuracy
as the high grade (survey-grade receivers), especially due to antenna constraints. Differential correction, a data collection
technique, can be used to remove errors in GNSS data created by selective availability, ionospheric delay, tropospheric delay,
and ephemeris errors. There are other factors that lead to error in positioning, such as multi-path propagation which causes
ranging measurement errors [5]. Other factors (less correctable) that create an error in GNSS data include the large distance
between the rover and the base station (about 10 mm degradation with every kilometer away from the base station when
differential correction is considered), low SNR (signal to noise ratio), and low satellite elevation [5].

GNSS provides raw signals, which the GNSS chipsets in smartphones use to compute a position. Code phase utilization is one
processing technique that gathers data via a C/A (coarse acquisition) code receiver, which uses the information contained in the
satellite signals (aka the pseudo-random code) to calculate positions. After differential correction, this processing technique
can result in 1-5 meter accuracy. Carrier phase utilization is another processing technique that gathers data via a carrier
phase receiver, which uses the radio signal (aka carrier signal) to calculate positions. The carrier signal, which has a much
higher frequency than the pseudo-random code, is more accurate than using the pseudo-random code alone. After differential
correction, this processing technique can result in sub-meter accuracy depending on the GNSS receiver. The data used in this
paper is from the Google smartphone decimeter challenge (GSDC). In GSDC, each dataset includes raw GNSS measurements
collected in the US San Francisco Bay and other areas by several Android smartphone devices, together with the ground truth
trajectories collected by high-grade GNSS and inertial navigation unit (IMU) integration system for reference.

Another point of interest is how machine learning (ML) can be used to improve the positioning of smartphones. ML is a very
powerful tool in processing time-series data, as it can be applied in learning time-dependent patterns across multiple models.
It is useful in analyzing hidden and unknown patterns and information in GNSS data. GNSS is a source of affordable big data
useful for ML exploitation. Also, data storage and the growth of less expensive and more powerful processing capabilities have
propelled the growth of ML [6]. The aim of using ML is not to generate an explicit formula for the distribution of the data;
however, it is used to train an algorithm to detect the relationships between the features of a data set, directly from the data.

In this paper, we describe our solution used in this competition in which there were over 571 teams from all over the world
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working on high-precision positioning of smartphones.

II. STRATEGY
Real-time kinematic (RTK)-GNSS technique, which is usually used for high-precision positioning, is difficult to implement in
smartphones due to limitations of their antennas. This is because it is difficult to solve the integer ambiguities in the carrier
phase measurements using smartphone antenna. Even in an open-sky environment with an accuracy of 3 m it is still difficult
to reach decimeter level since there is a lot of noise and outliers in the observations. Therefore, a robust position estimation
method is needed. In our work, we still attempt to make use of RTK-GNSS technique or in our case, post-processed kinematic
(PPK) positioning techniques to process the GNSS datasets. A ML model is used to predict the driving paths (highways,
tree-lined streets, or downtown areas) for adaptive positioning using PPK. In the PPK technique, the carrier phase is used to
compute the user position making use of differential corrections. We then implement loosely coupled integration of GNSS
and IMU measurements for position estimation, using Kalman filter (KF) algorithm and Rauch–Tung–Striebel (RTS) smoother.
The initial results show improvements in the positioning accuracy. GNSS low-cost receivers often have limited channels and
computational resources, therefore, the complexity of the algorithm had to be kept modest. Further validations will be performed
to ensure the integrity of the proposed loosely coupled GNSS/IMU/ML (LC-GNSS/IMU/ML) method.

The steps or approach taken are as follows:

1. Data Analysis and Preparation

2. ML based prediction of driving path

3. PPK precise positioning techniques to process the GNSS datasets

4. GNSS/IMU integration making use of KF/RTS-based method

III. DATA ANALYSIS AND PREPARATION
The performance of smartphones satellite observation indicates that they cannot track satellites stably, also they can only observe
a small number of satellites continuously with dual-frequency signals. Furthermore, the quality of the satellites observed by
smartphones generally have a low carrier-to-noise ratio (C/NR) [7]. Multipath is another factor that significantly impaired
the positioning accuracy of smartphones. Therefore, we first analyze the GNSS data of smartphones provided by GSDC to
understand the observation quality of GNSS data.

At the ION GNSS+ 2022, Google released a total of 206 traces in the challenge, whose collection process is described in a
paper published in the proceedings of ION GNSS+ 2020 [2]. The data were released twice, first the training data and next
was the test data. The training datasets consisted of GnssLogger files, RINEX observation files, ground truth files, and device
IMU/GNSS data files (GNSS intermediate values derived from raw GNSS measurements, provided for convenience). The test
datasets include the same types of data and follow the same convention as the training dataset, except for the ground truth data
that are not provided. The results of test datasets will be used as the prediction of the expected ground truth and will be evaluated
using the unreleased ground truth. In both the training and test datasets, the derived values can be used to compute a corrected
pseudorange which is a closer approximation to the geometric range from the phone to the satellite.

The driving paths of the provided GNSS data can be classified into three main categories: highways, tree-lined streets, or
downtown areas. The train dataset ground truth track is shown in Figure 1. These pools of GNSS and IMU datasets collected
from smartphones can be useful in developing high precision GNSS positioning using the accompanied high accuracy ground
truth from high-grade GNSS receivers. Table 1 shows an overview of the weighted least square (WLS) positioning results,
provided by the competition organizer for three categories of driving environments. The smartphone observed pseudorange
is much noisier compared to commercial GNSS receiver, and GNSS code positioning using only pseudorange has limited
positioning accuracy.
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Figure 1: Driving trajectories included in training and some test data provided by GSDC.

The driving trajectories or paths are from the training data reference positions (ground truth) of the training data. Some new
driving paths were included in the test data that are not present in the training data.

Table 1: Horizontal positioning error of the WLS baseline position in each driving path

Path Highway Tree-lined Street Semi-Downtown
WLS baseline score 4.3134 [m] 8.2553 [m] 8.0413 [m]

IV. RELATED RESEARCHES
Precise point positioning using carrier phase measurements has been actively studied in the GNSS field. In [8] precise point
positioning using carrier phase measurements with graph optimization is implemented and compared with Kalman filter based
implementation. The use of RTK position estimation combined with IMU and other sensors have been studied [9, 10]. These
papers showed an improvement in positioning accuracy compared to least-squares-based positioning. GNSS position estimation
is highly dependent on the environment where the GNSS receiver is operating (open sky or urban canoys). In [3], the area of
data collection was considered during position estimation. This paper is unique because it uses ML to predict the driving path
of the data for an adaptive RTK position estimation. The Rauch–Tung–Striebel (RTS) smoother is used to achieve a loosely
coupled integration of the GNSS carrier-phase and IMU measurements for positioning estimation in the smartphone.
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V. PROPOSED METHOD
1. ML based Adaptive processing
Machine learning (ML) is applied to improve the positioning estimation of the KF/RTS-based GNSS/IMU integration using the
ground truth data provided with GSDC training datasets. These ground truth data were collected using high-end survey-grade
GNSS receivers. The driving paths of the provided GNSS data can be classified into three categories: highways (open sky)
with line-of-sight (LOS), tree-lined streets, and downtown areas with multi-path/Non-LOS (NLOS). The training dataset is used
to train the ML model to predict the driving paths. Different approaches has to be used in different areas. Especially in the
downtown area where multipath signals caused by reflections and diffractions can significantly degrade the GNSS observations.
Based on the predicted driving path, different PPK configurations are used to process the data for improved solutions. Parameters
such as elevation angle of the satellite, C/NR, etc are considered based on the predicted driving path. This is done because
GNSS measurements are easily disturbed by external influence such as multi-path which can be experienced in tree-lined streets,
and downtown areas.

2. PPK precise positioning techniques
Real-time kinematic positioning (RTK) is the application of surveying to correct for common errors in current satellite navigation
(GNSS) systems. It uses carrier phase measurements and the information content of the signal and relies reference station or
interpolated virtual station to provide real-time corrections, which can give up to centimetre-level accuracy. In our case we use
the post-process kinematic (PPK) for position estimation since the data is not collected in real-time. After the prediction of the
driving path using the ML model, the data are then processed using PPK precise positioning techniques. The way the data is
processed depends on the predicted driving path. First, we convert each phone GNSSLogger raw data file into a RINEX file
that can then be processed with RTKLIBS programs [11]. RTKPOST [11] was first used to get an understanding of a couple
of datasets and the right configurations to used to get a good PPK solution. Afterward, we batch process all of the data sets
to get the position estimation. In the PPK technique, carrier phase data is used to compute the user position. The use of PPK
requires differential correction, therefore some base observation were used to download raw observation data for the appropriate
dates and times from some nearby CORS stations using NOAA National Geodetic Survey website. The SLAC, P222, and
VDCY stations are used because they were reasonably close to all of the data collection rides. The satellite broadcast navigation
data (BRDM files) for each data set was also downloaded from the International GNSS Service website including the clock
navigation data, and satellite precise orbits [12]. These are used during the post-processing of the GNSS data.

3. Hardware clock bias
In GSDC dataset there are a couple of data sets that have corrupted carrier phase measurements. The initial RTKLIB solutions
for these datasets are quite poor and are typicaly worse compared to the included Google baseline solutions which uses the WLS
for pseudo-range measurements. These data sets can be identified by the HardwareClockDiscontinuityCount field in the raw
Androiod log files [13]. If the final value in this field is larger than the initial value, then the carrier phase measurements will be
corrupted by the clock discontinuities. The log files of the datasets are scanned using an algorithm to identify any with greater
than one discontinuity[12]. The solutions for the listed dataset use the robust WLS solution in place of the poor RTK solutions
[14].

4. GNSS/IMU integration using RTS smoothing algorithm
The Inertial Measurement Unit (IMU) is frequently used in robotics, vehicles, and, of course, in mobile phones. An IMU
is usually made up of an accelerometer, gyroscope, and magnetometer. Tactical grade IMU is fully calibrated compared to
low-cost ones which come with some factory calibrations stored in the IMU registers. The calibration only covers the scaling
factors of each axes. The accelerometer measures the acceleration of a movement, the gyroscope measures the angular speed of
the sensor, and the magnetometer measures the Earth’s local magnetic field direction and magnitude.

Sensor fusion also referred to as data fusion, information fusion, or multi-sensor data fusion is used in the fusion of data from
the accelerometer, magnetometer, and gyroscope. The fusion is performed to obtain position estimates and mitigate overall
errors. Kalman filter is used for IMU and data fusion whereas numerical integration is required to obtain the position estimates.
Basically, accelerometer values are fed to a dynamic model where they were numerically time-integrated twice to get the
position, with the discretization and linearization (approximation) phases. The angular velocities measured from the gyroscope
can be integrated with respect to time used to obtain the pitch and roll angles, which are later employed in the dynamic model
to serve in the general state vector as fine-tuning values for the IMU localization.
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Figure 2: The flow diagram of MAP RTK post-processing algorithm.

GNSS measurements are easily disturbed by external influence such as multipath but the integration of GNSS with IMU is
beneficial as the advantages and disadvantages of GNSS and IMU complement each other to enable accurate measurements in
challenging areas. They are three types of IMU and GNSS integration namely, loosely coupled, tightly coupled, and ultra-tight
coupled integration [15]. In this research we used the loosely coupled integration with KF/RTS, to integrate GPS and IMU in
one system. We use the acceleration measured by IMU for inertial navigation calculation to get the data of position. We use them
together with the information of GNSS for integration. The result is used as a prior observation of Kalman filtering while the
covariance matrix and state transition matrix gained from forward Kalman filtering process is used for the reverse RTS smooth
to the state estimate. The Rauch–Tung–Striebel (RTS) smoother, consists of a forward pass Kalman Filter (KF) and a backward
recursion smoother to achieve the loosely coupled integration of GNSS and IMU measurements for positioning estimation in
the smartphone. The forward classical Kalman filter is used to estimate the state of each moment, while the backward filter
is to obtain more accurate state estimate on the basis of forward filter [16]. The flow diagram of MAP RTK post-processing
algorithm is shown in Figure 2.

The state vector of the Kalman filter comprises both GNSS (longitute, latitude) and IMU (accelerometer) epochs, as follows in
equation 1:

x = [px vx ax py vy ay]
T (1)

where px, py are the (longitude, latitude) positions gained from GNSS. vx, vy are the non-measured speeds, and ax, ay are the
IMU accelerations, respectively. Hence, the measurements are px, py and ax, ay . This makes the attributes of Kalman filter as
follows in equation 2:

H =



1 0 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0
0 0 0 0 0 1


 (2)

The Newtonian equations of motion for predicting the iterative position, velocity and acceleration are:

xk+1 = xk +∆tẋk +
∆t2

2
ẍk +

∆t3

6

...
x k

ẋk+1 = ẋk +∆tẍk +
∆t2

2

...
x k

ẍk+1 = ẍk +∆t.
...
x k

Where ∆t is the time step, the state transition F matrix becomes:

F =




1 ∆t ∆t2

2 0 0 0
0 1 ∆t 0 0 0
0 0 1 0 0 0

0 0 0 1 ∆t ∆t2

2
0 0 0 0 1 ∆t
0 0 0 0 0 1




(3)
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The Kalman algorithm proceeds as follows:
xk+1 = Fkxk +Qk

yk = Hkxk +Rk
(4)

where Qk, Rk are the process and measurements covariance matrices, and xk+1 and yk are the new states update and the
generated measurements update, respectively.

These filtered a-priori and a-posteriori state estimates X̂k|k − 1, X̂k|k and the covariances P̂k|k − 1, P̂k|k are saved for use in
the backwards pass (for retrodiction). The smoothed state estimates X̂k|n, and covariances P̂k|n are computed for the backward
pass. The below recursive equations are used starting from the last time step and proceeding backwards in time [17].

X̂k|n = X̂k|k + Ck(X̂k+1|n − X̂k+1|k) (5)

Pk|n = Pk|k + Ck(X̂k+1|n − X̂k+1|k)× CT
k (6)

where Ck = Pk|kFT
k+1P

−1
k+1|k

Xk|k is the a-posteriori state estimate of timestep k and Xk+1|k is the a-priori state estimate of timestep k + 1 which also
applies to the covariance.

VI. EXPERIMENTS

(a) Highway (b) Tree-lined Street

(c) Downtown

Figure 3: Comparison of positioning error between the WLS baseline and proposed method for each driving paths
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The proposed method was evaluated using reference locations provided with the training dataset. In our studies, we made use
of the carrier phase information of the data. The results of our model compared to the WLS solutions provided for the GSDC
with respect to the ground truth is shown below. We can see an improvement in the estimated position for the respective driving
paths as shown in Figure 3.

VII. RESULTS
We estimated the location of the smartphone and made evaluation of our method on the Kaggle platform. In our studies, we
used the carrier phase information of the data. As a starting point, using GNSS only solution, initial results using our ML
adaptive PPK positioning techniques on the 36 GSDC test datasets gave an accuracy of 2.62 meters for the public score on
Kaggle platform. After the loosely coupled integration of the IMU sensor with GNSS navigation solutions, the score became
2.29 meters. From this result, we have shown that the proposed method (LC-GNSS/IMU/ML using MAP RTK) can be used to
improve the position estimation of smartphones with relatively high accuracy.

VIII. CONCLUSION
Global Navigation Satellite System (GNSS) provides raw signals, which the GNSS chipsets in smartphones use to compute a
position. The positioning accuracy provided by mobile phones is about 3-5 meters of positioning accuracy. This may be useful in
some applications but in many cases, this can create a “jumpy” experience for many mobility applications relying on localization.
In this paper, we employ a new LC-GNSS/IMU/ML method which makes use of the MAP RTK post-processing algorithm to
process carrier-phase information, IMU sensors to improve the position estimates of smartphones. The results obtained show
improvements in the positioning accuracy. Using the proposed method, we estimated the location of the smartphone and tackled
the competition. The final public score was 2.61 m, while the final private score was 2.29 m. GNSS low-cost receivers and
smartphones often have limited channels and computational resources, therefore, the complexity of the algorithm had to be kept
modest. Further validations will be performed to ensure the integrity of the proposed method. In the future, we will look into
factor graph and robust outlier detection for improvement of our solution.
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Abstract—Capital expenditures and indoor challenges are two
of the main obstacles towards equal-access positioning services
worldwide. Global Navigation Satellite Systems (GNSS) are
not well functioning indoors and in some outdoor challenging
scenarios, such dense forest canopies, or hilly terrains rich in
vegetation, due, for example, to multipaths and low carrier-
to-noise ratios. Terrestrial solutions can be nowadays used to
complement GNSS, but they are typically costly to deploy with
high coverage and do not offer equal access, for example in some
low-revenue countries, in regions forbidding wireless 5G access
due to health concerns, or in areas hard to reach with terrestrial
infrastructure, such as deep jungle, desert areas with sandy
dunes, or deep valleys/deep canyons. As many Low Earth Orbit
(LEO) mega-constellations are emerging and their satellites are
significantly closer to Earth than GNSS satellites, solutions based
on LEO could complement GNSS. LEO-based communications
are expected to be widespread in the next decade, and they will
offer a global and-easy-to-access infrastructure, with the main
costs to the end user coming from the receiver equipment. It is
our assumption that future wireless receivers will support the
integration of terrestrial and satellite infrastructure, and thus,
the LEO-based positioning tasks could be mainly implemented
as software adds-on on existing future receivers. Nevertheless, a
closer proximity to Earth does not automatically mean stronger
received signals or acceptable positioning accuracy, especially
when the carrier frequencies of the new LEO signals are
higher than those in GNSS. In here, we present a feasibility
study of LEO-based equal-access localization, by looking at the
current opportunities, benefits, and challenges of LEO mega-
constellations used as signals of opportunities (SoO). We show
that there is an unharnessed-yet potential of future LEO mega-
constellations for equal-access localization, although several chal-
lenges are still to be overcome.

I. INTRODUCTION

Position, Navigation, and Timing (PNT) services are mainly
offered by GNSS with signals broadcast by satellites in
Medium Earth Orbits (MEO). GNSS offer continuous, global,
and free-of-charge positioning outdoors, with accuracies rang-
ing from few meters to sub-meter levels. Despite being a
successful technology for many applications, GNSS share
some weaknesses, including the followings: i) accurate in-
door localization solutions are not currently available due to
weak-signal reception; ii) performance is poor in dense-urban
canyons, areas with tunnels and areas dense foliage/trees, due
to heavy multipath reflections and attenuation; iii) launching
new MEO satellites for improved navigation capabilities has
a long time-to-market and an expensive development cycle.

Our paper offers a feasibility study of the potential usage
of LEO satellites mega-constellations for equal-access local-
ization, by summarizing the opportunities provided by LEO

signals, the unsolved challenges, as well as solutions to address
these challenges. An illustrative scenario is also included, to
compare LEO and MEO indoor coverage in terms of received
Carrier-to-Noise ratio (C/N0) and Geometric Dilution of
Precision (GDOP), which are two known and widely used
metrics in navigation community [1], [2].

II. LANDSCAPE OF LEO MEGA CONSTELLATIONS

Current LEO satellite constellations are meant for three
main applications: i) enhanced mobile broadband applications
(e.g., Starlink, Kuiper, OneWeb, ...); ii) Internet of Things
applications and narrow-band communications (e.g., Astrocast,
Myriota, ...); and iii) Earth Observation and surveillance ap-
plications (e.g., ICEYE, Satellogic, ...). Typically, LEO mega-
constellations - with thousands of satellites each - are focusing
on the first category, while the other two categories rely on
few hundreds of satellites per constellation.

The future sky will support tens of thousands of LEO satel-
lites [3], where one of its main benefits for positioning will
be an increased visibility of satellites on Earth. While none of
the above-mentioned constellations are specifically designed
with positioning targets in mind, their wireless signals can be
used as SoO for computing the PNT solution. SoO is a well-
established concept for using wireless signal for something
else than its initial purpose [4]. However, it has not been
thoroughly investigated in the context of LEO positioning.

SoO 
Hybridization

PVT Solution

Examples of LEO Mega-Constellations: 
Starlink (blue), Kuiper (red) and OneWeb 

(yelow)

Oportunities:
- Low cost
- High number of satellites
- Stronger signal powers compared to MEO          
- Global coverage

SoO 
Hybridization

PVT Solution

Examples of LEO Mega-Constellations: 
Starlink (blue), Kuiper (red) and OneWeb 

(yelow)

Oportunities:
- Low cost
- High number of satellites
- Stronger signal powers compared to MEO          
- Global coverage

Fig. 1: Concept of LEO mega-constellations potential as SoO.
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An illustrative block diagram of LEO constellations as SoO
is shown in Fig. 1, with three of the existing LEO mega-
constellations plotted as examples. The captured signals can be
processed via a SoO-hybridization unit, operating with time,
Doppler, or time-Doppler measurements. If the LEO satellite
position is known, the PNT solution can be then formed
via multilateration, in a similar manner as GNSS operations.
Additional synchronization tasks might be necessary when
LEO signals are not synchronized between them.

One can think about LEO SoO in three dimensions: i) time
domain, harnessing the various LEO waveforms, transmitted at
various frequencies/bandwidths; ii) angle/spatial domain; iii)
Doppler/frequency domain, exploiting the high orbital speeds
of the LEO satellites and the rich frequency spectrum. Most
LEO satellites will be equipped with multi-antenna arrays,
enabling beamforming [3] and spatio-temporal ’fingerprints’
of antenna beams [5]. E.g., most signals coming from LEO
constellations operate in Ku, K, or Ka frequency bands,
namely at 12-40 GHz, where path losses are about 10-
30 dB higher compared to L-band MEO GNSS. Higher carrier
frequencies also increase the path losses, due atmospheric
attenuation. Nevertheless, LEO satellites are functioning in
orbits between 10 and 115 times closer to the Earth, which
makes the overall path losses to be with up with 30 dB smaller
than for a MEO signal operating at the same frequency. Thus,
the opposite path-loss effects of higher carrier frequencies but
closer proximity to Earth need careful investigation.

Another potential benefit of LEO as SoO for positioning
is related to the capital expenditures (capex) to invest in a
new positioning system. Such capex costs are three-fold: the
infrastructure costs, usually the highest among the three parts,
the receiver/user equipment costs, and the service/maintenance
cost. Assuming that the existing infrastructures can be used at
little/no cost, then LEO signals would have a clear cost advan-
tage over other terrestrial localization solutions,e.g., relying on
WiFi, Ultra-Wide Band (UWB), Bluetooth Low Energy (BLE),
or cellular/5G-based positioning which require dense or ultra-
dense infrastructure for a reasonable coverage. A thorough
survey of existing indoor positioning techniques can be found
in [6], yet all the methods surveyed rely on available indoor
infrastructure, such as WiFi/BLE access points or some other
form of Internet access.

In order to enable the access equality and to cover also
regions with limited resources and lack of terrestrial wireless
infrastructure, the use of signals coming from satellites offer-
ing global coverage is a very promising solution. In particular,
5G-based positioning would require significant investments in
5G infrastructure relying on dense and ultra-dense networks
for good coverage especially with mm-wave signals. LEO
mega constellations are, at the same time able to offer global
coverage as well as shifting the burden of infrastructure
costs from the end user to the system manufacturer, since
the user will only require a receiver compatible with the
considered frequency bands. LEO business models are still in
the definition phase, with many proposals shifting the main
revenue sources from customers/end-users to the investors.
The main remaining costs for a LEO-based positioning would
come from the receiver costs, where receiver processing should

include the PNT computation based on one or several LEO
mega-constellation signals. Receiver aspects in LEO-based
positioning are further addressed in Section III.

Several challenges are still to be overcome towards the
full potential of LEO as SoO. First, we address scenarios
by comparing MEO and LEO capabilities in Section III and
we detail the design aspects in the receiver processing part,
with a focus also on the innovative concept of Multiple
Input Multiple Output (MIMO) beamforming for positioning.
Then we discuss the opportunities, challenges, and possible
solutions for LEO-based indoor navigation (Section IV).

III. EXAMPLE SCENARIOS AND DESIGN CONSIDERATIONS

In order to analyze the LEO potential as SoO, several
aspects need to be tackled. Few of these aspects are ad-
dressed in the next sub-sections, namely: i) an analysis of
performance metrics in terms of C/N0, number of visible
satellites, and satellite geometry under a realistic indoor Non
Line of Sight (NLOS) scenario; ii) a discussion on the receiver-
design aspects in LEO-based signal processing; and iii) a brief
description of the innovative concept of massive MIMO-based
processing for positioning.

A. LEO potential - a case study

This sub-section presents a comparison of LEO and MEO-
based performance metrics in terms of positioning. Two per-
formance metrics were selected for this purpose: the indoor
received C/N0 and GDOP [1]. We used Starlink, Oneweb, and
Kuiper as representatives of LEO constellations, operating at
12-20 GHz (Ku/K bands), and Galileo and GPS as representa-
tive of MEO constellations, operating at 1.575 GHz (L-band).
In addition, the average number of visible satellites per Earth
point and per constellation is also shown. The considered MEO
GNSS constellations are at about 20000-23000 km altitude,
while the LEO constellations are at altitudes of about 600 km,
1200 km and 300-600 km for Kuiper, Oneweb and Starlink,
respectively. The C/N0 is a well known metric in navigation
community, referring at the signal-to-noise ratio in the desired
bandwidth and thus measured in dB-Hz units; it basically
measures how well a signal could be acquired and further
processed indoors; the higher C/N0, the better the acquisition.
GDOP is a measure of how good the geometry of the satellites
position is and readers can find its detailed definition for
example in [1]; the smaller the GDOP, the better the geometry,
and thus the better the positioning accuracy.

Fig. 2 gives a comparative example of the average C/N0 in
indoor and outdoor scenarios at 104 random user Earth loca-
tions for LEO/MEO signals. The path-loss simulator was based
on the QuaDRiGa framework [7], which includes antenna-gain
modeling, atmospheric delays, and multipath propagation. The
constellation-orbit simulator relies on the MATLAB Satellite-
Communications toolbox. The considered scenario is a dense
urban scenario, with NLOS propagation. For comparative
purposes, also the results for an outdoor scenario are shown.
Each scenario consist on ten NLOS components. The scenario
layout contains buildings up to 60 m height. The indoor
receiver is considered to be at 10 m inside a building. The
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three selected LEO mega-constellations in Fig. 2 use Ku/K
frequency bands (12−20 GHz), while GNSS constellations use
L band (1.575 GHz). It is to be noted that some of the future
LEO systems will use even higher carrier frequencies, moving
towards the mmWave ranges. In Fig. 2, the LEO power recep-
tion is higher compared with MEO, showing better potential
than GNSS for indoor reception. In this analysis, the Effective
Isotropic Radiated Powers (EIRPs) for each satellite in the
constellations were set to 59 dBm, 59 dBm,69.5 dBm,65 dBm
and 69.1 dBm for Galileo, GPS, Kuiper, Oneweb, and Starlink,
respectively. Outdoors, LEO C/N0 levels are between 32-
43 dBHz (Starlink has the highest C/N0 due to the its lower
orbital altitude, followed closely by Kuiper), while the C/N0s
for the considered MEO constellations are about 25-27 dBHz.
Indoors, the gap between LEO and MEO C/N0 is slightly
lower than outdoors, but still noticeable: the received C/N0

is about 17 dBHz and 16-19 dBHz for LEO and MEO,
respectively. Therefore LEO constellations show a gain of
up to 18 dB outdoors and up to 5 dB indoors. Fig. 2 also
shows the mean number of satellites in view #Sat for each
one of the selected constellations indoors (those satellites
with a higher or equal elevation to 10◦ from the specific
user position and with a received power higher than the
receiver sensitivity set to −150 dBm, which is a typical PNT
receiver sensitivity). No specific antenna pattern was taken into
account, as information about antenna patterns on-board LEO
satellites is currently not available in public domain, but we
have adopted a mathematical model of elevation-based angle-
of-service for the beamforming part. For MEO constellations,
the average number of satellites in view indoors is about 2,
while for LEO this number is considerably bigger, showing
a better coverage and excellent potential for multilateration
(i.e., combining signals from multiple satellites to form a PNT
solution): about 73, 694, and 344 for Kuiper, Oneweb and
Starlink, respectively. In the constellation simulations we used
the total planned number of satellites for each LEO mega-
constellations, which are 7774, 47844, and 34408 for Kuiper,
Oneweb and Starlink, respectively.

CN0 Constellation Comparison
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Fig. 2: Illustrative example of C/N0 indoors for LEO vs MEO
constellations.

Fig. 3 shows the GDOP comparison in the case of joint
processing of multiple constellations: the comparison is be-
tween a combination of three LEO constellations (upper plot in

Fig. 3) and a combination of four MEO constellations (bottom
plot in Fig. 3). The total number of satellites on sky for the
current four MEO constellations (Galileo, Glonass, GPS, and
Beidou) is 111 and the total number of satellites expected to be
launched on sky in the next five years for the three considered
LEO constellations (OneWeb, Kuiper, and Starlink) is 44732.
The results in Fig. 3 show that joint processing of LEO signals
is able to achieve a GDOP-level significantly lower than 1,
and on average 2.5 times lower than MEO. Additionally, we
have also calculated the average number of satellites per Earth
point: by combining only three LEO mega-constellations, one
can get an average number of satellites in view of 2658
satellites, while the average number for the combined four
GNSS systems is 35. The significant amount of visible future
LEO satellites per Earth point can be a rich source of novel
positioning methods, besides the traditional code and Doppler
positioning, e.g., via Machine Learning (ML) based on beam
patterns, as addressed in sub-section III-C.
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Fig. 3: GDOP for combined MEO GNSS (GPS, Galileo,
BeiDou, and Glonass, upper plot) and LEO (Kuiper, Oneweb,
and Starlink, lower plot).

B. Receiver processing

One of the main issues in the receiver design for oppor-
tunistic navigation using LEO satellites is the absence of user
positioning parameters in the transmitted signal. Instead of
relying on such a broadcast, as it is the case with MEO GNSS,
additional sources are used to obtain missing positioning
information. If the Doppler shift of the LEO satellite carrier
signal is to be used for positioning, the receiver’s positioning
computation algorithm needs to be designed in a different
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manner than MEO GNSS receivers, to measure, combine,
and process the Doppler shifts of all LEO visible satellites.
Such receiver algorithm would also need to account for the
unknown clock drift between the satellite clock and receiver
clock, as well as for the unknown position and velocity of each
visible satellite. Common solutions are to obtain the satellite’s
state from the Two Line Element (TLE) files, likely to be
available in open access, but the satellite position accuracy
via TLE is typically poor and solutions to overcome this
error source are needed. Furthermore, additional sensors such
as altimeters or inertial navigation sensors may provide user
altitude information. The computation of position and clock
drift may be done, e.g., by using extended Kalman filter [8].

External information may be integrated within a LEO re-
ceiver if a Software Defined Radio (SDR) is used. This is
part of the appeal of opportunistic navigation, because the
components may be Commercial-off-the-shelf (COTS). As
shown in previous sub-section, LEO signals tend to have a
greater C/N0 and a better GDOP than MEO signals and these
are appealing features to support LEO-based opportunistic
navigation at the receiver end. Further details may be found
in [8], [2] and references therein. The higher-frequencies LEO
constellations will require better performing electronics in
order to handle the faster changing signal. This typically comes
at a higher cost. Moreover, larger bandwidth is available at
higher carrier frequency bands compared to GNSS L-band.
A larger bandwidth requires more complex and more costly
band-pass filters at the receiver front-end. Alternatively, sub-
band or filter-bank-based processing can be studied. The larger
bandwidth in LEO may be an advantage if information of
the signal characteristics are known and thus it could be
exploited for navigation, as wider bandwidths ensure higher
accuracies in time-based positioning. Multiple frequencies will
also provide challenges for antenna design.

C. Massive MIMO for LEO-based positioning

The implementation of Massive MIMO (mMIMO) in LEO
satellites has not started yet as the topic is still under research
[9], [10]. However, the introduction of mMIMO beamforming
can leverage LEO satellites not only for the regular satellite-
Earth communications but also as SoO for positioning. The
concept of mMIMO is implemented by the usage of multiple
antenna arrays (1000 or more antenna elements), separated
by a distance equivalent to half the wavelength, instead of
utilizing single antenna systems, hence exploiting the multi-
paths. This setup has numerous advantages which can enhance
the LEO-based localization. The use of spatially multiplexed
antennas improves the uplink and downlink throughputs, as
it increases the capacity, quality of service, and the data
rate of the channel link [9]. One of the main advantages
of the beamforming is the extension of the coverage area
on Earth per each LEO satellite by using space-time block
coding which maximizes the number of user terminals, as
shown in Fig. 4. This beamforming concept can be additionally
used in the context of positioning, in order to derive certain
patterns of beams that are visible only in a certain point of
the Earth at a certain time. By combining ML algorithms

with such beamforming information, one could also create
beamforming-based positioning, a new concept that remains
to be investigated. Additionally, the use of numerous antennas
in beamforming helps in focusing the energy, thus it improves
the efficiency and decreases the susceptibility to jamming and
interference.

As a potential challenge, the mMIMO use in LEO satellites
comes at higher costs, as they require advanced resources for
the signal processing both at the transmitter and the receiver
side, in order to be able to solve complex algorithms in
the software segment of the system. In addition, complex
electronic components are needed at satellite side to control
the massive number of antennas in the hardware segment.
Consequently, the power budget of mMIMO receivers can
be limited due to the large power demand of mMIMO ML
processing. This imposes technical limitations and additional
costs on the consumer-level receiver devices which could be
overcome at long-term with the advent of zero-energy devices
(i.e., devices that harness the energy from the environment and
interfering signals and are able to self recharge the batteries).

LEO satellite

Earth
mMIMO

UTs

Beamforming

Superposition

Fig. 4: Principle of mMIMO-beamforming use in LEO satel-
lites.

IV. CHALLENGES, OPPORTUNITIES, AND SOLUTIONS
TOWARDS EQUAL ACCESS TO SEAMLESS PNT SERVICES

Seamless PNT services refer to location-based services
relying on both indoor and outdoor localization. While GNSS
can solve the outdoor access in most areas nowadays, some
challenging outdoor scenarios such as regions with heavy
vegetation and/or hilly terrains, as well as indoor scenarios still
need equal-access positioning services. Challenges towards
such an equality of access are, for example, the cost or diffi-
culty of building adequate and dense-enough terrestrial infras-
tructure, the desire to preserve a natural habitat or a greenfield
untouched by infrastructure, and the scenarios where current
GNSS solutions fail to offer a robust enough positioning, due
to various types of intentional or unintentional interference. In
terms of positioning, the main differences between indoors and
outdoors are: i) lower received signal strengths indoors due to
wall absorption, signal scattering, and multipath propagation;
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ii) multipath-rich environments and absence of Line of Sight
(LOS) propagation; and iii) fast-changing propagation scenar-
ios due to people movements, doors closing and opening,
changes in furniture, etc. A significant limitation towards
equal access to location-based services is the access to in-
frastructure, such as WiFi/BLE/UWB/cellular access points, or
other infrastructure. Infrastructure-less positioning solutions,
such as magnetic-field based positioning, can carry a hidden
cost of creating and maintaining training databases, as such
methods typically rely on offline data collection for training
ML algorithms. The alternative could be the use of universally
accessible signals, such as those coming from satellite systems
with wide Earth coverage. Both MEO GNSS and LEO mega
constellations have currently excellent coverage outdoors [1]
and even higher coverage is expected in the next 5-10 years
with the future LEO constellations.

When focusing on indoor location-based services, secu-
rity of the solution is of utmost importance. MEO GNSS
is currently addressing security features through dedicated
authenticated signals, e.g., through the Galileo Open Service
Navigation Message Authentication (OSNMA). LEO systems
support also various authentication mechanisms, such as phys-
ical layer security [11], [12] or through the use of ML [13],
which are promising also in the context of positioning.

An additional challenge is the tradeoff between the number
of satellites and achieved coverage, as it takes several LEO
satellites on orbit to match the footprint of one MEO satellite.
This challenge is easily overcome by the huge total number
of LEO satellites to be launched on sky in the next few
years [1]. Another challenge is that smaller satellites and
cheaper transmitters in LEO systems result in less stable
clocks, higher clock inaccuracies, higher phase noises and
I/Q imbalances, and higher non-linearities of the components
than in MEO, which pose additional constraints on the LEO-
based PNT. Nevertheless, such hardware inaccuracies enable
physical-layer-based authentication, such as Radio Frequency
fingerprinting (RFF) [12] or ML algorithms [13] that use
the hardware imperfections of each satellite transmitter as a
modality to identify if a transmitter is genuine or not.

A summary of challenges, opportunities, and solutions are
listed in Table I.

V. LEO MEGA-CONSTELLATIONS AND BUSINESS MODELS

The emergence of LEO mega-constellations are making
satellite connectivity 2.0 successful. Large LEO-based satellite
internet constellations need careful cost planning to ensure
long-term viability - including low-cost spacecraft manu-
facturing, launch, ground and user equipment. The mega-
constellations show signs of truly transforming both the
business-to-consumer and business-to-business communica-
tions markets, reaching both the hard-to-reach consumers
as well as the masses and related services. The worldwide
pandemic has also significantly increased the demand for
internet connectivity, strengthening the economic viability of
satellite internet via LEO.

The positioning market is already forecast to grow dramat-
ically according to various market reports, such as those pro-
vided by ReportLinker/MarketandMarket reports from 2019−

2020. Ubiquitous localization as side products of the con-
nectivity service offered by the mega-constellations would
likely cause an even larger increase in innovation from
developers/start-ups, driving the market further. The strength
of LEO constellations providing PNT is that the service
can be designed to meet the specific needs of the markets,
providing a market-driven solution rather than retrofitting
legacy systems [14]. As a weakness, [14] mentions that such
a business case can then likely not be closed, due to the
fact that a dedicated system will be very expensive and thus
economically less attractive. However, a hosted payload on the
mega-constellations that are already planned to be launched is
a very promising approach.

VI. SUMMARIZING DISCUSSIONS AND CONCLUSIONS

Modern LEO mega constellations can bring performance
and energy efficiency to a next level if re-purposed for the
indoor positioning as SoO, by exploiting, code, Doppler,
and beam-based measurements from space. The high number
of LEO satellites and their proximity to Earth, as well as
easier support for authentication/security signals are features
in favour of LEO, but their use of large carrier frequencies
(e.g., 12 MHz or higher) can act as deterrents by introducing
additional path losses and indoor penetration losses. A big
advantage of LEO mega constellations as SoO for localization
lies in their potential zero-cost worldwide equal access to
signals from space, which would remove the need of a specific
indoor infrastructure and would rely on tailored SDRs. The
target performance criteria for positioning should be framed as
a multi-dimensional problem of reaching accurate positioning,
high coverage, and high energy efficiency, while still preserv-
ing the original communications targets for which LEO mega-
constellations were launched (e.g., high throughput and low
latency in communications) as well as ensuring full security
and privacy to the end users. If some of the future LEO mega-
constellations will also host GNSS transceivers on-board,
additional hybrid LEO-GNSS solutions could be envisaged,
with on-board GNSS transceivers offering synchronization
information, clock bias corrections, as well as assisted data,
such as atmospheric corrections. Data fusion and hybridization
solutions can rely on classical algorithms such as Kalman and
particle filtering or can make use of the advances in ML field
and remain a topic of future investigation. Robust and accurate
positioning using LEO mega-constellations can leverage new
approaches compared to the traditional trilateration, especially
when combining code-Doppler measurements. To cope with
less stable clocks and challenges in precisely locating the
satellites, mathematical and computational methods tradition-
ally applied in other contexts could be extended to find fast,
accurate, and robust solutions for the multilateration problem.
The multi-beamforming capacity of future LEO satellites also
offer the promise of fingerprinting-based positioning, where
combinations of beams from various satellites will carry a
unique imprint on Earth and could be identified through
ML algorithms. Studies regarding the requirements on the
beam width limits to ensure the best location fingerprinting
capabilities are currently missing from the existing literature
and remain the topic of future investigations.
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Opportunities Challenges Solutions

Lower cost to build and launch than MEO
satellites

Current orbital planes/orbit altitudes not
optimized for PNT

A combination of Doppler, angle, RFF &
code-based positioning could harness best the
capabilities of LEO SoO. With the advent
of future wireless devices supporting the
integration of terrestrial and satellite signals at
the receiver side, additional localization tasks
could be implemented as software adds-ons.
Waveform specificity of LEO signals could be
circumvented via non-time-based localization
solutions.

Large number of satellites from various
LEO mega-constellations

LEO constellations are not typically
synchronized or built to be inter-operable;
code-based positioning approaches may be
challenging

Hybridizing Doppler-based and angle-
based positioning from all available
constellations; on-board GNSS receivers
to help synchronization issues between LEO
satellites; co-design of LEO services for
increased interoperability

High dynamics and higher satellite
speeds may enable better Doppler-based
positioning than MEO satellites

Ephemeris broadcast to meet the positioning
targets may be hindered by proprietary
restrictions; Doppler/carrier-phase ambiguities
must be solved

Blind Doppler estimation and multi-system
positioning to deal with ambiguities and
incomplete information; simultaneous
transmitter-receiver location through
geometrical modeling

Global coverage, increased visibility
Minimum four satellites per Earth position
must be visible; global coverage so far has
been optimized for single-satellite visibility for
communication purposes only

Combining the signals coming from various
mega-constellations

Potentially lower path losses than with
MEO satellites due to closer proximity to
Earth

Indoor additional losses need careful
modeling/mitigation

Beamforming/multi-antenna LEO capabilities
could be used for enhanced multipath
mitigation

Rich transmitter-hardware features due to
imperfections of the transmitter payload
chain (power amplifiers, mixers, etc.)
to serve as authentication/security features

Time-based positioning methods are more
challenging if clock inaccuracies are high

Doppler/angle-based positioning to compensate
for time-based estimation inaccuracies or
replace completely the timing-based estimates
for low-cost receivers supporting only certain
waveforms

Narrowband modulations to enable lower-
energy receiver processing, e.g., due to
faster acquisition times, and better link
budgets than the wideband modulations
used in MEO GNSS

Time-based positioning accuracy increases
with higher available bandwidth; narrowband
modulations may not reach high time-delay
estimation accuracy

Time/code-based positioning complemented
with angle/Doppler-based positioning, by
taking advantage of high satellite speeds
and rich beamforming structures; ML-based
positioning can also be envisaged with the rich
spatial data from LEO

Possibility of introducing authentication
and encryption signals, unconstrained by
legacy MEO signals

Authorized access may be limited by the LEO
service provider

Physical layer authentication mechanisms such
as RFF/ML may complement the signals with
authorized use

TABLE I: Opportunities, challenges, and solutions for LEO mega-constellations as future SoO for equal-access localization.

In conclusions, LEO mega-constellation carry a yet-to-be-
explored potential for equal-access indoor navigation, espe-
cially in remote/un-populated areas with indoor dwellings and
factories, where current indoor-positioning solutions are not
affordable. Thousands of LEO satellites belonging to various
mega constellations will span over the Earth within the next
few years, offering worldwide wireless signals at low-to-
moderate costs to the end users equipped with a LEO receiver.
The main capex costs of the ground and sky infrastructure are
to be covered by the LEO-systems manufacturers, and their
main revenue source is likely to come from communication-
based services, such as mobile broadband or IoT applications.
At the same time, a niche research domain, is the use of
such LEO signals as SoO for indoor positioning, where low-
to-moderate cost receivers can be designed to capture LEO
signals on various nearby carrier frequencies and apply code,

Doppler, angle, and beam-based positioning algorithms to
locate the users indoors.
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ABSTRACT More and more satellites are populating the sky nowadays in the Low Earth orbits (LEO). Most
of the targeted applications are related to broadband and narrowband communications, Earth observation,
synthetic aperture radar, and internet-of-Things (IoT) connectivity. In addition to these targeted applications,
there is yet-to-be-harnessed potential for LEO and positioning, navigation, and timing (PNT) systems,
or what is nowadays referred to as LEO-PNT. No commercial LEO-PNT solutions currently exist and there
is no unified research on LEO-PNT concepts. Our survey aims to fill the gaps in knowledge regarding what
a LEO-PNT system entails, its technical design steps and challenges, what physical layer parameters are
viable solutions, what tools can be used for a LEO-PNT design (e.g., optimisation steps, hardware and
software simulators, etc.), the existing models of wireless channels for satellite-to-ground and ground-
to-satellite propagation, and the commercial prospects of a future LEO-PNT system. A comprehensive
and multidisciplinary survey is provided by a team of authors with complementary expertise in wireless
communications, signal processing, navigation and tracking, physics, machine learning, Earth observation,
remote sensing, digital economy, and business models.

INDEX TERMS Constellation design, low earth orbit positioning, navigation and timing, LEO business
models, receiver optimisation, satellite-to-ground channel models.

I. INTRODUCTION AND MOTIVATION
Investments within the space industry have shifted in the past
decade from the Medium Earth Orbit (MEO) satellite-based
constellations and applications to Low Earth Orbit (LEO)
satellite-based ones. Several LEO systems currently offer

The associate editor coordinating the review of this manuscript and

approving it for publication was Kegen Yu .

a wide range of services, ranging from broadband connec-
tivity (e.g., Iridium, OneWeb, and Starlink) and Internet of
Things (IoT) applications (e.g., Hiber, Myriota, etc.) to Earth
observation and synthetic aperture radar (EO-SAR) applica-
tions (e.g., Iceye, HawkEye, etc.). LEO-based signals have
already created a paradigm shift in the field of communi-
cation and sensing applications. There is now a worldwide
research effort towards a similar paradigm shift in positioning
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applications, i.e., the LEO positioning, navigation, and timing
(LEO-PNT) concept [1]–[4].

Traditional satellite-based positioning systems rely on
MEO [5] and Geostationary Earth Orbit (GEO) satellite
systems, such as the US Navstar GPS (Global Position-
ing System), the European Galileo, the Russian GLONASS
(Globalnaya Navigazionnaya Sputnikovaya Sistema), and
the Chinese Beidou, as well as on augmented satellite sys-
tems [6], [7] such as the European Geostationary Naviga-
tion Overlay Service (EGNOS) in Europe, the GPS-Aided
Geo-Augmented Navigation system (GAGAN) in India,
or the Wide Area Augmentation System (WAAS)/Canadian
WAAS (CWAAS) in the North American continent. Strictly
speaking, MEO orbits start at around 2,000 km above sea
level and range up to 35,786 km, while GEO orbits are
placed at exactly 35,786 km above sea level. However,
all satellite-based navigation systems from MEO and GEO
nowadays have orbits at least 19,100 km above sea level,
which makes their signals reach Earth with a high attenuation
due to inherent distance-based path losses during the satellite-
to-ground wireless signal propagation.

The first LEO satellites were launched more than 50 years
ago and it was only in the 1980s that Iridium [8] was launched
as a global system for low-latency narrowband communica-
tions. Later on, LEO-based broadband constellations, such
as OneWeb, Starlink, and Kuiper [9] emerged and aimed
to offer high-capacity wireless connectivity globally, espe-
cially in remote areas that are hard to access via a terrestrial
infrastructure.

In the past few years, LEO potential in the context of posi-
tioning and localization has also started to be investigated,
and the LEO-PNT concept has emerged. There are three
approaches to the use of LEO constellations for positioning:

1) SoO approach: LEO signals as signals of opportunity
(SoO). No specific positioning signals are transmitted
and the burden of the PNT engine is at the receiver end.
Measurements such as angle of arrival (AOA), received
signal strength (RSS), or Doppler shifts can be used.

2) Modified-payload approach: modification of the
LEO transmitter payload to support positioning sig-
nalling. Global navigation satellite system GNSS)
receivers can also be installed onboard the satellites
and GNSS-like signals can be rebroadcast in other
frequency bands. This can be seen as a ’’piggybacking’’
solution to LEO signal payloads.

3) New LEO-PNT approach: Novel LEO-PNT systems
with optimised design parameters for positioning and
navigation targets (e.g., [10]).

Our paper addresses several aspects of implementing a
LEO-PNT system. The main goal is to find the viable instru-
ments and techniques to be used, possible gains in compari-
son to classic GNSS, and the overall capability of LEO-PNT
systems depending on distinct positioning approaches. Our
main contributions are:
• Comprehensive survey of LEO-based positioning sys-
tems, methods, and algorithms;

• Unified view of the various signal design considerations;
• Overviewing the parameters of existing and planned
LEO constellations;

• Literature review on the various satellite-to-ground and
ground-to-satellite channel effects and channel models;

• Presenting state-of-the-art positioning algorithms that
can be tailored for LEO-PNT systems;

• Review of the main simulation tools for LEO-based
positioning and sensing;

• Perspective on future commercial endeavours in
LEO-based services.

Table 1 provides an overview of related surveys in the
existing literature and how they compare with the work in
our survey. Three manners of addressing a certain topic were
identified: i) those who give a full picture of the topic in
a self-contained manner; ii) those who partially address a
certain topic and are not self-contained; and iii) those who do
not address a particular topic but still have relevant material
related to other LEO research topics.

As shown in Table 1 our work differs from previous lit-
erature by offering a comprehensive view of the three LEO
segments (space, ground, and user) as well as of the com-
mercial perspective on LEO-PNT solutions. The next sections
comprise first an overview of solutions existing at each of the
four segments. Each section ends with a summary of relevant
features in the context of the three LEO-PNT approaches
(SoO, modified payload, and new LEO-PNT). For the sake
of clarity, signal design was treated as a separate section even
if it belongs to the space segment.

II. SIGNAL DESIGN CONSIDERATIONS
This section gives a comprehensive overview of the signal
design aspects of LEO signals. We discuss the methodology
for choosing carrier frequencies and bandwidths and review
the possiblemodulation and channel codingmethods. Finally,
we address the questions of multiple access (i.e., how dif-
ferent LEO satellites are sharing the wireless channel) and
beam forming (i.e., multi-element antenna arrays onboard the
satellites and signals sent in directional beams towards the
target users).

A. CARRIER FREQUENCY AND BANDWIDTH CHOICES
The frequencies used for satellite communications, naviga-
tion, and sensing or Earth-Observation (EO) applications are
generally chosen from those that are favourable in terms of
power efficiency, minimal propagation distortions and attenu-
ation (e.g., minimal path losses), and reduced noise and inter-
ference (e.g., low amount of interference to existing wireless
systems sharing the same frequency bands). In addition, the
frequency regulations of the International Telecommunica-
tion Union’s Radiocommunication Bureau (ITU-R) and of
individual nations must be obeyed. These conditions force
the operation into the frequency regions with best trade-
offs. Table 2 shows a summary of the main frequency bands
currently used in satellite communications, as well as the
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TABLE 1. Related surveys on LEO and the literature, and comparison with our survey.

TABLE 2. Frequency bands for satellite constellations with typical usage.

encountered trade-offs. In addition to LEO satellite orbits,
GEO and MEO orbits are also included. Table 2 summarises
the IEEE band designation, frequency range, typical usage,
examples of constellations that use those frequencies, and the
typical orbits (LEO, MEO, or GEO) whose satellite signals
are using those frequency bands.

Figure 1 shows the frequency bands listed in Table 2 in
terms of the trade-offs in antenna size, spectrum bandwidth,

FIGURE 1. Frequency bands with respect to antenna size, spectrum size,
throughput, atmospheric fading and usage.

throughput, atmospheric fading, and band usage. There is
a clear trade-off between most of these parameters. For
instance, maximum theoretical throughput is achieved with
higher carrier frequencies due to their ability to support better
multiple-antenna-array processing and larger antenna arrays.
But then again, the atmospheric attenuation and other path
losses are stronger at higher carrier frequencies, and thus the
ranges/coverage areas are smaller.

According to Figure 1, there is no clear winner in terms of
the frequency band to use in a specific LEO satellite-based
application. So the final selection must take into account
the regulatory aspects, as well as the cost (e.g., of antenna
design). Most LEO systems operate in Ku and Ka bands,
and the emerging LEO systems tend to move into higher
frequency (Q/V bands). While the carrier frequency of the
current LEO systems is mainly used for SoO positioning,
new LEO-PNT systems can benefit from carrier frequencies
above 5 GHz. Although it may be necessary to keep the
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frequency below 12 GHz (C and X bands) to keep path losses
at moderate levels, the 5 GHz spectrum would provide less
inter-system interference because it is less used.

SoO and modified-payload approaches rely on bandwidths
used for communications, widely varying between narrow
bandwidths, such as 30 kHz for Blacksky Global, and ultra
high bandwidths, such as 100 MHz for Kuiper, 250 MHz for
OneWeb, 40− 400 MHz for Iceye, and 600 MHz for Capella
Space.

In code- or code/Doppler-based positioning, the time-based
estimation accuracy is known to be proportional to the signal
bandwidth. The higher the bandwidth, the more accurate
the timing estimation. Therefore, bandwidths of the order of
10 to 100 MHz are recommended. The tradeoff is between
the positioning accuracy, the receiver complexity, and the
contiguous spectrum availability. If only Doppler-based mea-
surements are used, lower bandwidths are enough to transmit
the navigation data. In GNSS systems, bandwidths of up to
1 MHz are recommended. The higher end is suitable for code
division multiple access or orthogonal frequency division
multiple access, and the lower ends (few tens of kHz) are
suitable for time- or frequency- division multiple access.

B. MODULATION CHOICES
Themodulation schemes should take into account the purpose
of the satellite system, facing a main tradeoff between cost
and performance. Throughputs are important in broadband
communication. However, in particular to positioning, relia-
bility of the transmissions is more important than maximum
achievable throughput, so that high and ultra-high data rates
are not needed. For instance, GNSS L1 rate is 50 bits per
second andGalileo E1 rate is 250 symbols per second. Hence,
low-order modulation methods, along with low-rate channel
codes with high error-correction capabilities, are preferable
over higher-order modulation schemes with high-rate for-
ward error correction (FEC) codes [26]. When a LEO system
has the dual purpose of communication and positioning, the
criteria for the best modulation and coding should include
both positioning and communication metrics (e.g., reliability,
throughput, spectral and energy efficiency).

The vast majority of the available or planned LEO systems
rely on digital modulations. For this reason, we overview
the available digital modulations and do not focus on ana-
log ones. Tables 3 and 4 list the main available modulation
techniques for LEO signals, grouped into linear (Table 3)
and non-linear modulation (Table 4), respectively. Advan-
tages and disadvantages are discussed for each modulation
family, and examples of LEO constellations employing some
modulations are also given. In some cases, the same system
(e.g., Starlink, Oneweb) appears as an example under several
modulation types; this means that a certain system can use
more than one modulation type.

In linear-modulation techniques, such as those listed in
Table 3, the principle of superposition applies, meaning that
linear superposition of inputs is seen as linear superposition
of outputs; also, if the input is scaled by a certain factor,

FIGURE 2. Performance of various modulations considering time and
frequency measurements.

the output of the modulator is scaled by exactly the same
factor. Non-linear modulation techniques do not fulfil this
superposition principle. They usually have a lower spectral
efficiency than linear modulation techniques, but they may
have a slightly better robustness to Doppler error.

Most LEO constellations use low-order linear BPSK or
QPSK modulations (e.g., Globalstar Iridium Next, OneWeb,
RapidEye). A few medium and small-sized constellations
also use nonlinear low order modulations, such as GMSK
(e.g., Myriota). A few mega-constellations aiming at ultra
broadband communications have opted for high-order mod-
ulations, such as M-QAM with M up to 64 in Starlink and
64-APSK for Telesat.

Figure 2 shows the performance of 11 different linear
and non-linear modulations listed in Table 3 and Table 4
in a scenario with multipath. We clearly observe that any
of the considered modulation performs equally well with
both time and frequency measurements. Phase (e.g., BPSK,
QPSK, or CPM) modulations typically behave better mea-
suring the delay, while frequency modulations (e.g., MFSK,
GMSK) typically behave better with frequent measurements.
Although the low-order BPSK/QPSK or GMSKmodulations
seem more appropriate for LEO-PNT, the BPSK modula-
tion is more suitable for time-based positioning due to its
linearity and simplicity, while GMSK is more suitable for
Doppler-based positioning as it is more robust to Doppler
errors.

C. CHANNEL-CODING CHOICES
Channel coding is employed to protect wireless signals
against channel errors. It relies on redundancies added to
the signal, and therefore it increases the transmitted symbol
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TABLE 3. Summary of linear modulation techniques and their applicability to LEO signals.

TABLE 4. Summary of nonlinear modulation techniques and their applicability to LEO signals.

rate; in other words, the spectral efficiency decreases. Con-
sequently, higher-order channel codes are more wasteful of
bandwidth resources, while offering better protection against
channel errors compared to lower-order channel codes.
Table 5 lists the main available channel-coding techniques,

compares them in terms of advantages and disadvantages,
and lists some examples used in current and planned LEO
systems.

A numerical comparison of four main channel coding tech-
niques, namely convolutional, Turbo, LDPC, and polar codes
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FIGURE 3. Comparison of various channel-coding techniques for a
BPSK-modulated signal.

was provided in [47] with BPSK modulations. It was shown
that the best performance at low signal-to-noise ratios is
achieved with simple convolutional codes, while Turbo cod-
ing gives the best performance at moderate and high signal-
to-noise ratios. Following the approach in [47], we have also
selected five channel-coding types from Table 5, and com-
pared them in Fig. 3 for a BPSK-modulated signal of 20MHz
bandwidth and 10 GHz carrier frequency. The uncoded bit
error rate is also shown as a benchmark. The best performance
is achieved with Turbo, convolutional, and LDPC channel
coding. The convolutional coding offers the lowest decoding
delay and lowest complexity among the three, followed by
Turbo coding.

Based on Table 5, the numerical analysis from [47], and our
numerical results, convolutional coding seems more suitable
for LEO-PNT systems targeting low complexity and delay-
sensitive receivers. On the other hand, turbo coding is advis-
able for high-grade delays-tolerant receivers.

D. MULTIPLE-ACCESS CHOICES
Three types of measurements can be used for positioning
purposes: Doppler, pseudorange, and carrier phase. If the
carrier phase is used, the signal must be continuous [48]. For
this reason, multiple access methodologies such as time divi-
sion multiple access (TDMA) are not applicable for satellite
positioning because transmissions are split into different time
slots and the transmissions are not continuous.

If the transmitted signal is continuous, a delay lock
loop (DLL) and a frequency lock loop (FLL) can be used
to obtain the pseudorange and Doppler-shift measurements,
respectively [49]. On the contrary, if the signal is not con-
tinuous, open loop estimation techniques must be used. Nei-
ther space division multiple access (SDMA) nor polarisation
division multiple access (PDMA) are applicable because a
receiver should get transmissions from at least four satellites
to calculate the 3D position. SDMA by itself cannot provide
more than a single satellite or, otherwise the signal transmis-
sions would interfere with each other. PDMA is only able to
provide two satellite transmissions at a time using two differ-
ent polarizations (i.e., horizontal and vertical). Therefore, the
only options are frequency division multiple access (FDMA),

code division multiple access (CDMA), and orthogonal fre-
quency division multiple access (OFDMA).

FDMA and OFDMA are more sensitive to Doppler shifts,
which, combined with the fact that LEO constellations suffer
more Doppler shifts than those at higher altitudes, makes
FDMA and OFDMA not advisable if positioning is based on
Doppler/frequency measurements.

E. BEAMFORMING ASPECTS
Beamforming via LEO satellites is typically needed to
increase the satellite footprint or Earth coverage area. In order
to serve as many users/devices on Earth as possible with
sufficient quality of service, multiple input, multiple out-
put (MIMO) approaches have been proposed to be used
both onboard LEO satellites and on user devices [50], [51].
Various antenna array structures have been proposed, such as
interlaced triangular lattice antenna arrays [52] or multi-beam
phased arrays [53], [54]. The current general understanding
is that a large number of beams will be supported at the
satellite side, the ground station side, or both. This enables
beam-based multiplexing and possibly beam-based position-
ing, a concept not yet investigated, but listed as a potential
future research direction in [55].

F. SUMMARY OF SIGNAL-DESIGN CONSIDERATIONS
We contemplate four main topics for signal design consider-
ation: modulation, channel coding, multiple access scheme,
and beamforming. The outcome is that the modulation
scheme of a dedicated LEO-PNT system will not need to
support high rates of data. For this reason, low-order mod-
ulations are the most promising for PNT purposes, but so
far there is no clear preference for linear or non-linear ones.
Non-linear modulations are more robust to Doppler shifts,
but additional research is needed to fully understand the
trade-offs betweenmodulation complexity of implementation
and its robustness to various channel impairments. The same
applies to channel coding. The chosen channel coding scheme
will need to achieve an acceptable trade-off between compu-
tational and spectral efficiency, where low-complexity chan-
nel coding solutions (e.g. convolutional coding) will most
likely be enough for reaching LEO-PNT targets. The most
likely candidates for multiple access schemes are CDMA
and OFDMA, although further analysis is needed to be able
to choose among them. The sensitivity of OFDMA with
respect to Doppler shifts is a critical aspect and one that may
make CDMA techniques more suitable than OFDMA tech-
niques for dedicated LEO-PNT system. Finally, the future
PNT-system can benefit from the latest advances in MIMO,
increasing even further the performance of the system and
enabling novel positioning solutions such as fingerprinting
based on beam patterns.

Table 6 summarises the signal design considerations when
comparing distinct positioning approaches. The most flexi-
ble, but also the most costly, is the new LEO-PNT approach,
designed from scratch only with navigation targets in mind.
The most rigid, but the least expensive, is the SoO approach,
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TABLE 5. Main coding techniques and their suitability for LEO signals.

where existing LEO signals is used without any dedicated
design at the transmitter side. The middle-ground solution
is the modified-payload approach, where the navigation pay-
load is added on-board of LEO satellites with some parame-
ters, such as the multiple access and beamforming, dictated
or limited by the initial design of the satellites.

III. SPACE SEGMENT
The space segment is composed of a constellation of satel-
lites transmitting RF signals to users. The main elements
of interest to materialise the space segment are the satellite

platform, onboard instruments, and constellation design. This
section provides details about these elements, including
viable options of instruments and techniques to be consid-
ered in the upcoming LEO-PNT systems. Additionally, orbit
optimisation and cost estimation are discussed with particular
interest to the navigation systems.

A. PLATFORM AND ONBOARD INSTRUMENTS
In the following subsections, we present considerations about
the satellite platform and the navigation payload. To analyse
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TABLE 6. Recommended choices for three alternatives of a LEO-PNT.
Some (e.g., new LEO-PNT) have much more flexibility than others in
setting the signal parameters.

the navigation payload, we selected onboard antenna and
clocks since they have the strongest impact on the cost and
accuracy of a LEO-PNT system.

1) PLATFORM CONSIDERATIONS
Satellite platforms are the structures in which the payload and
all scientific instruments are mounted. Basic subsystems of a
small satellite platform include command and data handling
(CDH), attitude and orbit control system (AOCS), electric
power system (EPS), thermal control system (TCS), mechan-
ical structure (STR), and telemetry, tracking, and command
(TTC) [56], [57]. These subsystems are briefly described
in [18], [20], [56], [58]–[60] and [61].

The efficiency and quality of the subsystems mainly
depend on the weight the platform can carry. Despite heavier
platforms have great benefits, they usually require dedicated
launches for injecting the satellite’s mass into the required
orbit. These dedicated launches slow down the whole mis-
sion implementation and, foremost, increases considerably
the total cost of the mission. Dedicated launches can cost
over e10 million Euros. On the other hand, smaller satellites
can be carried as a secondary payload, providing significant
cost reduction. According to the metrics provided by [62] at
the moment this work is conducted, the launch of microsat
platforms with 6U is about e300,000, being 1U equals to
10 × 10 × 10 cm. To demonstrate the importance of the
launch, and indirectly the platform mass, to the total cost
of a satellite mission, [62] shows a rough approximation of
total cost = 3.5(launch cost).

As demonstrated later in this section, dedicated LEO-PNT
systems will require the materialisation of hundreds of satel-
lites. In this scenario, small satellites seems to be the most
feasible option for dedicated systems. We therefore present
Table 7 as themain possible options of platforms in upcoming
LEO-PNT systems. Amajor drawback of these small satellite
platforms, however, is the power consumption. There are
intrinsic limitations in the small satellites since they can-
not support high consumption power requirements. Hence,
dedicated studies are necessary to define the best platform
given the power consumption requirements of the payload.
Onboard clocks and antenna can be considered as the main
equipment to increase the payload size and power consump-
tion. The next subsections, therefore, present a discussion of
possible clock and antenna options for LEO-PNT systems.

2) ANTENNA DESIGN
The satellite antenna is highly influenced by the following
criteria [63]: the frequency band used during the transmis-
sions (L-band, C-band, Ku-band, etc.), the maximum radiated
power, power consumption, the size of the satellite, and the
desired coverage per satellite. Classical GNSS systems based
on MEO satellite use patch and quadrifilar helix antennas.
However, this may not be an option for the upcoming LEO
satellites. To indicate a few possible options, we present the
most frequently used antenna types for space applications in
LEO heights.

• Wire Antennas comprise monopoles, dipoles, helical
antennas, and Yagi–Uda arrays [63]. These antennas
are kept folded and are deployed after launching, since
they are typically placed externally. Wire antennas are
especially common for high frequency (HF), very HF
(VHF), and ultra HF (UHF) applications, where the
wavelength is longer. These antennas are easy to build
and provide good radiation efficiency within a relatively
small volume at a contained price.

• Reflector Antennas offer high gain, high directivity,
and good resolution, but they come with increased
mechanical complexity. These antennas are external and
deployed after launching. Reflector antennas are typ-
ically used with C-, X-, Ku-, and Ka/K-bands [11],
[63]. Moreover, they can be used in multi-band and
multi-beam applications. The main drawbacks of these
antennas are that are typically bulky (especially at low
frequency) and heavy, which make difficult to integrate
in small-sized satellites [11]. To partially solve this
issue, inflatable reflector antennas were proposed by the
authors in [64]. These antennas are folded during launch
and deployed after reaching orbit.

• Reflectarray Antenna is a planar array of reflective
elements illuminated by a feed [65]. Since their structure
is flat, they can be easily integrated in small satellites.
These antenna types, given their contained size, are
typically used for high frequency band applications (e.g.,
C-band and above).
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TABLE 7. Small satellite platforms [59], [61].

• Membrane Antennas are thin, fabric-based antennas,
which can fold during launch and can fit into small
satellites [66].Membrane antennas are typically used for
frequencies ranging from UHF to K-band [67].

• Horn Antenna is a rectangular or, more commonly, cir-
cular piece of a waveguide [68], broader at the open end.
Horn antennas are especially useful at high frequency
bands, from K-band onwards [66], but can also be used
at lower frequency bands.

• Patch Antennas are one of the most used antennas
because they are easy to fabricate, have a low profile and
low cost, and are easy to integrate [69]. Patch antennas
are typically used in S- C- and X-bands, providing a
typical gain ranging from 4.8 to 30.5 dBi [11].

3) CLOCK ON BOARD
Space-based navigation systems rely on stable atomic clocks
to define a space-time reference frame. They serve applica-
tions worldwide since space systems allow the synchronisa-
tion of electronic devices in the ground over large regions.
A major challenge is the need for stable and continuous
frequencies. In the case of GNSS, if the clock time is not suf-
ficiently stable, or if its frequency drifts are unpredictable, the
pseudoranges accumulate significant errors. Assuming that a
1 m precision is needed in the pseudorange measurements,
3 ns timing uncertainty is required for signals travelling at
the speed of light. Maintaining 3 ns timing uncertainty for
one day requires a frequency stability of [3ns/86400s]=3.5×
10−14, which is achievable with atomic clocks but not with
other kinds of clocks [16]. A detailed analysis of several clock
performances is provided by [70].

MEO satellite-based navigation clocks aremade by passive
hydrogen maser and rubidium atomic frequency standards,
which rely upon lamps and magnetic state selectors. Consid-
erable research has shown the benefits of replacing discharge
lamps for optical pumping and laser-driving systems; how-
ever, these state-of-the-art clocks remain on the ground [16].
Alternative proposals have been made to use more stable
atomic clocks in future space missions. As shown by [71],
two-way lasers, ormicrowave links, could be used to synchro-
nise highly stable clocks in space. Indeed, lasers have higher
spectral purity and brightness than lamps, and enable atomic
clocks with better stability and accuracy, but at the expense of
complexity, reliability, and cost. Additionally, optical atomic
clocks can achieve better stability and accuracy, but they are

much more complex and are not currently robust enough
for navigation systems. The future optical atomic clocks are
likely to find their way into space navigation missions.

The atomic clocks used nowadays as references for
PNT applications are too large and consume too much
power for use in small LEO payloads. To overcome
this issue, recent advances in Photonics and micro-
electromechanical systems (MEMS) have shown the pos-
sibility of creating low-power and small-volume atomic
clocks. Zhang et al. [72], for instance, developed a low-
power, miniaturized atomic clock system with a cesium gas
cell by using laser and advanced complementary metal-oxide
semiconductor (CMOS) circuits. The prototype achieved a
long-term Allan deviation of 2.2× 10−12 (105s) stability and
a short-term Allan deviation below 8.4× 10−11 (1s) stability.

Another solution to the high volume and power consump-
tion of stable atomic clocks is to adapt heterogeneous clock
systems and exploit the reference time from a GNSS receiver
onboard a LEO satellite. In this regard, Van Buren et al. [73]
designed an architecture that uses a single-crystal oscillator,
one or more chip scale atomic clocks (CSACs), and a space-
borne GPS receiver. This heterogeneous group of oscillators
is combined in order to discipline the crystal oscillator and
obtain overall system stability for timeframes ranging from
less than a second to several days.

In addition to the natural presence of noises and instabil-
ities, clocks in orbit experience relativistic frequency shifts.
The relativistic effects need to be considered since the fre-
quency of a clock tick on a satellite differ from those of
a clock on the ground, mainly because satellite clocks are
movingmuch faster than clocks on the ground, and they expe-
rience a much lower gravitational force. A formulation often
used to consider the relativity in precise GNSS positioning is:

τ = −2(r · v)/c2 (1)

where r and v are the satellite position and velocity vec-
tors, respectively. As discussed by [74], the approximations
conducted to derive equation (1) are nearly negligible at the
altitude of a GNSS satellite orbit; however, a more appro-
priate formulation can provide markedly better results at the
LEO satellite altitudes. The numerical integrations proposed
in [74] better consider the Earth’s gravitational potential.
Despite the heavier implementation requirements, the numer-
ical integration of the periodic relativistic effects may take the
place of equation (1) in LEO-PNT navigation systems.

B. CONSTELLATION DESIGN
Constellations are composed of multiple satellites deployed
in various orbital planes to accomplish the requisite cov-
erage for a common application. The orbital planes within
the constellation are separated by the right ascension angles
relative to a reference plane, and are deployed based on
orbital parameters. The orbital parameters include altitude,
inclination, eccentricity, number of orbital planes, and num-
ber of satellites per plane. Figure 4 highlights the principal
parameters for a constellation design.
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FIGURE 4. Coverage geometry and orbital parameters: ε is the elevation
angle of the viewing cone of the satellite, h is the satellite altitude, RE is
the Earth’s radius, and θ is the central angle of coverage. Semi-major axis
a, eccentricity e, inclination i , argument of perigee ω, right ascension of
the ascending node (RAAN) �, and mean anomaly M are the orbital
parameters [75], [76].

To define the best design for a specific application,
the orbital parameters need to be optimised accordingly to the
mission requirements. In dedicated LEO-PNT systems, the
constellation design keeping a continuous 4-fold with global
coverage (minimum of 4 satellites in view at any time and
location) is the main requirement. The minimum number of
satellites required for a 4-fold global coverage can be found
as [75]:

Nminsv =
4K

1− cos (θ)
(2)

where K = 1, 2, . . . is the k-th fold coverage desired in the
constellation (K = 4 in our analysis).

The minimum number of orbital planes to achieve global
coverage is computed as [77], [78]:

NminPlane =
360
2θ

(3)

where θ corresponds to the cap angle (in degrees).
Finally, the minimum orbit inclination to satisfy full global

coverage can be computed as [79]:

imin = max(8max − θ, 0), (4)

where imin is the minimum inclination angle (in degrees),
8max is defined as max(|φl |, φu), with φl and φu being the
minimum and maximum latitudes comprising the desired
coverage area, respectively.

Figure 5 shows simulations of the minimum number of
satellites to achieve 4-fold coverage, as well as the minimum
number of orbital planes and orbit inclination to achieve
global coverage. Assuming an orbit altitude of 600 km, for
instance, we can extract from Figure 5 that the minimum
required number of satellites is 400, the minimum number
of orbital planes is 10, and the minimum inclination is 75◦.
We can observe that the number of satellites and planes
decreases as the altitude increase, i.e., higher altitudes pro-
vide better coverage. Nevertheless, the distribution shows
an asymptotic pattern, in which no relevant improvements

FIGURE 5. Minimum number of satellites in orbit for 4-fold coverage,
minimum number of orbital planes, and minimum inclination for full
global coverage as a function of orbit altitude.

in the number of satellites and planes are obtained above
1000 km. Therefore, altitudes around 500-1000 km are rea-
sonable regions to deploy the LEO satellite, which also keep
a reasonable balance between path losses and drag forces due
to the Earth’s attraction, as shown in Figure 6.

In addition to the orbital parameters, the constellation
design also comprises a topology selection with the primary
objective to maximise efficiency while minimising overall
system costs [80]. Figure 7 shows visual examples of con-
stellations with distinct topology and at different altitudes,
inclinations, and number of orbital planes. The Walker delta
is usually the preferred topology by GNSS systems since
they keep a symmetric coverage by the user in the ground.
However, other options do exist, as presented in the following
( [81] and [75]):
• Street of Coverage: Street-of-coverage (SoC) constella-
tions consist of satellites in orbital planes with the same
altitude and inclination. The coverage is determined by
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FIGURE 6. Typical path loss and drag force experienced by a satellite
orbiting at different altitudes. Transmitted effective isotropic radiated
power is set to 69dBm.

the number of satellites, the phase distribution within
the plane, and the plane separations. The distribution of
orbital planes in SoC is nonsymmetric [75], [76].

• Draim Constellation: Draim constellations employ
elliptical orbital planes with the same period and incli-
nation. In this configuration, a broad range of orbital
parameters can be used, providing wider constellation
design options. Compared to constellations with circular
or near-circular orbits, elliptical orbits require fewer
satellites for coverage.

• Flower Constellation: Flower constellations are
defined in a rotating frame of reference [82]. Most
flower configurations are symmetric, with satellites
having the same semi-major axis, eccentricity, incli-
nation, and argument of perigee. The distribution in
orbits is acquired through variations in mean anomaly
and RAAN. Flower constellation configurations exist
in 2D [83] and 3D lattice flower [84] and in 2D and
3D necklace flower [85], [86]. Flower constellations
are more complicated to implement, but provide better
coverage.

Despite many LEO constellations use the Walker pattern,
geodetic positioning is a secondary application in the current
LEO constellations. Today’s LEO constellations are mainly
used as SoO, hence there are no navigation requirements to
the constellation design. A few options of already developed
constellations typically used in SoO positioning are shown
in Table 8. These LEO constellations, including Globalstar,
Orbcomm, Iridium, and Iridium NEXT, were first developed
for communications; however, as shown later in Section VI,
they have found great applicability in SoO positioning.

C. SUMMARY OF SPACE SEGMENT CONSIDERATIONS
We have discussed aspects such as antenna type, clock on
board, and available satellite platforms. In this regard, the
most likely antenna type to be used will be influenced by the
operating carrier frequency. For low or relatively low carrier
frequencies (e.g., VHF, UHF, L-band, S-band), larger antenna
types will be needed. Antenna types in these bands are typi-
cally wire, patch, and slot antennas. On the contrary, at higher
frequency bands (e.g., Ku-band, K/Ka-band) reflectors and
reflect-arrays antennas are typically used. Since antenna sizes

TABLE 8. Fully-deployed LEO Constellations with Global Coverage [25],
[58], [88]–[91].

and weights rather vary, dedicated studies are required to
define the proper platform type depending on the wanted
carrier frequency.

As for satellite clocks, instrument size and power con-
sumption by highly stable atomic clocks are the biggest
challenges. Recent advances show the possibility of creating
miniaturized atomic clock systems with a cesium gas cell
and advanced CMOS circuits. Another prominent solution
guides us in the direction of exploiting the time reference of
GNSS receivers onboard a LEO satellite. In this way, it is
possible to synchronise a heterogeneous group of oscillators
and obtain overall clock stability. Despite these efforts, state-
of-the-art optical pumping and laser-driving clock systems
are still on the ground, so that atomic clocks using lamps
and magnetic state selectors are still the only ones used for
time reference in PNT applications. The relativistic effects
on the clocks also need special attention since the formula-
tions used today for GNSS positioning require non-negligible
approximations. In this regard, we observed in the literature
that numerical integration considering Earth’s gravitational
potential provides remarkable improvements for the altitudes
of LEO satellites.

Regarding the constellation design, our investigation has
shown that Walker delta seems to be the most straightforward
choice for the constellation topology, despite other options
do exist. In addition, we have observed that several options
of constellation parameters can be adopted to optimise a
dedicated LEO-PNT system. Table 9 summarises the con-
stellation parameters computed based on our simulations.
We mainly highlight the results obtained for the dedicated
LEO-PNT systems, which needs to keep a continuous 4-fold
with global coverage. From Table 9, we notice that around
400 satellites are necessary for new LEO-PNT systems. With
this number of satellites on mind, and knowing that the total
mission cost is equal to 3.5 times the launch cost for a six-year
lifetime, we can conclude thate1 billion is a realistic mission
cost to implement a dedicated LEO-PNT system, which is a
significant reduction when compared to MEO-PNT systems.
Galileo, for instance, had an estimated cost of e10 billion.

IV. GROUND SEGMENT
The ground segment deals with the maintenance tasks of the
satellite system. It involves ground-stations to perform the
precise orbit determination, ephemeris computation, clock
corrections estimation, and periodic updates of the satellite
messages and other parameters. This section discusses the
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FIGURE 7. Visualization of constellations created with SaVi [87]: A. Walker constellation with 8 orbital planes and 6 satellites per plane at a 53-degree
inclination. B. Walker star constellation with 6 polar orbital planes having 11 satellites per plane. C. MEO Constellation satellites distributed evenly in the
orbital plane D. Draim constellation of 4 satellites.

main aspects of the ground segment that may differ from
those in classical GNSS.

A. GROUND STATIONS OPTIMISATION
The ground segment is composed by ground stations strategi-
cally located worldwide to track, monitor, and communicate
with the satellite system. Unlike MEO or GEO systems, LEO
orbit and clock determinations can be made independently
of ground stations since LEO satellites can carry spaceborne
GNSS receivers. However, few studies focus on optimisation
of the LEOground segment. The ground stations optimisation
primarily deals with the determination of the optimal number
and placement of ground stations to obtain the best perfor-
mance at monitoring, management, and control of satellites.
Since this issue is not specific to LEO satellite systems from
an optimisation point of view, we review studies based on
MEO and GEO satellite systems.

Some of the most common metrics and techniques for
obtaining the best location for a ground station are sum-
marised in Table 10. The example studies share similarities
in their metrics and evaluations. As main metrics the opti-
misation, [92] considers signal availability level, number of
visible satellites, geometric dilution of precision (GDOP),
scintillation fade depth, ionospheric delay, and rainfall atten-
uation. In case of [93], ground station network optimisation
is studied with particular interest in the effect of rain atten-
uation on system availability. The key factors identified in
the optimisation problem include satellite availability, ground
station switching strategies and the number of ground stations
on the network. Additionally, the work in [94] has defined
the ‘quadruple coverage’ as the main metric, i.e., at least four
ground stations are observed by the same satellite.

Due to the inherent gains of LEO satellites, metrics that
depend on the geometry and signal-to-noise ratios may
become the primary options for ground stations optimisation
in LEO-PNT systems. The approaches proposed by [49],
[95], and [92] are highlighted here due to the GDOP and
satellite visibility dependency. Other common metrics, such
as cost estimations, coverage, and atmospheric delays, are
also often discussed, but they rarely share common models in
different studies, and are therefore not considered as options.

TABLE 9. Orbital altitude, total number of planes, total number of
satellites and orbit altitude to keep requirements of LEO-PNT systems.

B. PRECISE ORBIT DETERMINATION
The traditional satellite orbit determination for LEO is con-
ducted with ground stations and onboard receivers of the
Doppler Orbitography and Radio-positioning Integrated by
Satellite (DORIS) instrument system. An antenna mounted
on the satellite points towards Earth to receive radio signals
from the ground stations. The frequency shift caused by the
Doppler effect is used to determine the distance between
the ground stations and LEO satellites. A major product
of the DORIS observations is the precise orbit determination
with particular reference to altimetry and remote sensing.

Another relevant technology for precise orbit determina-
tion is satellite laser ranging (SLR). Despite the original
application of SLR instruments being the derivation of geode-
tic parameters, they have great capabilities for precise orbit
determination due to the high precision of the range mea-
surements. In SLR, ground stations are continuously emitting
laser pulses in the optical spectrum, and the LEO satellites are
equipped with retro-reflectors to reflect the laser pulse. The
basic observation is twice the laser time of flight between
the ground station and a satellite. Due to the highly precise
measurements, SLR is one of the main means of external
validation of precise orbit determination (POD).

After the first assessment of space-borne GPS receivers
onboard the Topex/Poseidon mission [98], GNSS became a
well-established tracking system to provide LEO position,
velocity, and time. The LEO orbit determination can be sim-
ply obtained by GNSS with single point positioning (SPP),
where the solution relies on GNSS broadcast ephemerides
and single-frequency pseudorange observations. As an
advantage, the GNSS measurements observed on board the

83982 VOLUME 10, 2022



222 Acta Wasaensia 

F. S. Prol et al.: PNT Through LEO Satellites: A Survey on Current Status, Challenges, and Opportunities

TABLE 10. Examples of metrics used in ground segment optimisation problems.

satellite are sufficient for the LEO orbit determination. How-
ever, the precision of a few metres in dynamic solutions can
pose a crucial issue to LEO-PNT navigation systems. A more
sophisticated solution often incorporates precise GNSS prod-
ucts, carrier phase measurements, and dual-frequency data.
The basic measurements are the zero-difference or double-
difference observations. Zero-difference observation refers
to the raw phase and pseudorange observations, as in pre-
cise point positioning (PPP). Double-difference approaches,
on the other hand, use double-difference GNSS observations
between the LEO satellite and ground stations or other
LEO satellites. Following the continuous progress of GNSS
technologies, the satellite-borne GNSS technique based on
zero- or double-differences has gradually become the primary
method of precise orbit determination for many satellite
missions.

Most LEO missions carry out POD solutions offline, after
downloading GNSS measurements and auxiliary data by the
processing center on the ground. This latency depends on
the time required for the downlink process and the time
required to generate precise GNSS orbit and clock products.
For a LEO-based navigation system that relies on spaceborne
GNSS receivers, the latency of this downlink transmission
and GNSS products generation can add a crucial burden to
the real-time users, so that the LEO positioning technique
must be selected according to the particular application of
the satellite mission. A high-accuracy solution is based on
hybrid systems utilising both GNSS and non-GNSS data.
These hybrid solutions combine the best of both techniques,
but they increase the time latency. On the other hand, a tech-
nique that has gained attention in recent years [99] is the
use of precise GNSS algorithms with broadcast ephemerides.
The GNSS-POD with broadcast ephemerides allows precise
positioning without the need for complementary ground-to-
space links, thus reducing the latency issue.

Among the positioning techniques to determine the
satellite orbit, three typical solutions are: 1) kinematic,
2) dynamic, and 3) reduced-dynamic. The kinematic
approach relies purely on geometrical determinations of the
3D coordinates. The LEO position is obtained epoch by
epoch with no motion constraints. The main products are
the coordinates, ambiguities, and receiver clocks. In the
dynamic solution, the satellite orbit is constrained to a force
model described by an equation of motion. The dynamic

determinations are therefore governed by physical laws to
represent a time-dependent orbit in which the quality depends
on the gravitational and non-gravitational force models.
The reduced-dynamic technique combines the kinematic and
dynamic techniques by introducing a stochastic process in the
representation of the trajectory. The residual of the estima-
tions is adjusted within the orbit determination to help the
compensation of remaining force model deficiencies [100].
Most often, empirical accelerations are included in the system
in the radial, along-track, and cross-track (RAC) directions.

Table 11 provides an overview of the main POD options to
be considered by the ground segment of a LEO-PNT system.
It provides the type of input data (DORIS, SLR, or GNSS) as
well as the positioning strategy, obtained solutions and overall
accuracy level.

C. EPHEMERIDES
Defining the ephemerides that satisfy accuracy requirements
for geodetic positioning is one of the most critical prereq-
uisites of a LEO-PNT system. In SoO approaches, two-line
elements (TLEs) are typically used to list a set of orbital ele-
ments and describe the LEO orbit with roughly approxima-
tions. In case of dedicated LEO-PNT systems, more accurate
orbital descriptions are required.

Broadcast ephemeris models have been developed mainly
for MEO and GEO satellites. Dedicated MEO-PNT systems
typically uses ephemeris models based on Keplerian orbital
elements [108]. They are broadcast to the user as legacy
messages embedded in the system signal and can describe
MEO satellites with an approximated user range error of
0.5 m [109]. This performance relies on the model fit errors,
orbit determination and propagation errors.

Unlike MEO and GEO, the LEO satellites are much closer
to the Earth. Therefore, they are affected to a greater extent
by gravity and atmospheric drag forces. The legacy broad-
cast ephemeris models are therefore not capable of describ-
ing these complex orbital dynamics. Meng et al. [110], for
instance, developed a broadcast model that takes into account
the Keplerian elements being singular in some cases due to
small eccentricities of the LEO orbits. The best results with
this method were obtained using 22 Keplerian parameters in
contrast to 16 in the legacy messages. The use of 16 parame-
ters provided a user range error of around 4 to 18 m in LEO
satellites at 800 km, while more coefficients could improve
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the accuracy to the cm-level. In addition, the legacy messages
of MEO orbit are described by arcs of two hours length.
However, the authors in [110]–[112] have found reasonable
accuracy only when describing LEO orbits with 20 to 30 min
arc lengths.

Despite broadcast ephemeris are the most traditional way
to compute the satellite orbit in navigation systems, the best
efforts allow the provision of more precise products. The
International GNSS Service (IGS) analysis centers provide
ephemeris in the form of GNSS precise products. They allow
precise orbit determination for the level of a few centimeters
in near real time. Similar approaches can be conducted for
LEO satellites, which may be relevant for applications requir-
ing precise geodetic solutions. Current MEO GNSS satellites
distribute precise orbital coordinates with a time resolution
of 15 minutes. The best time step to distribute LEO precise
products to users is not yet fully known.

D. SUMMARY OF GROUND SEGMENT CONSIDERATIONS
The most common metrics for obtaining the best location
for a ground station were identified as signal availability
level, number of visible satellites, GDOP, scintillation fade
depth, ionospheric delay, and signal attenuation. Due to the
proximity and speed of LEO satellites, metrics that depend
on geometry and signal-to-noise ratios have been highlighted
as the options with the best benefits in LEO-PNT systems.

There is no clear standard of how the ground segment
should perform the POD of LEO satellites. A clear trend
however is observed for techniques using onboard GNSS
receivers. The most straightforward GNSS solution tends
to use reduced-dynamic model, least-squares solvers, dual
frequency signals with zero-difference phase and code obser-
vations. This can allow a 5 cm-level accuracy, which is a
reasonable accuracy to develop broadcast ephemeris models.

In SoO approaches, TLE is the main ephemeris used for
the orbit description, which are known to provide rough
approximations of the satellites. In dedicated LEO-PNT
approaches, more accurate models are required. However,
instead of the broadcast ephemeris used in classical GNSS
systems, the most recent advances show the necessity of
dedicated ephemeris models. A viable option is to adapt the
Keplerian-based ephemeris model used in GPS to incorporate
more complex orbital dynamics. To this end, 22 Keplerian
parameters with 20 to 30 min arc lengths can provide rea-
sonable results in LEO satellites, in contrast to 16 parameters
with 2 hours arc lengths of the legacy broadcast messages.
Another option is to distribute precise products like IGS,
so no Keplerian elements are broadcast. In such cases, more
accurate solutions are expected, but the best time step to
distribute the LEO coordinates is not yet fully known.

V. CHANNEL EFFECTS
Various channel effects can produce signal reflection, loss,
refraction, diffraction, and polarisation shifts in LEO satel-
lites. We summarise in this section the main channel effects

that require different mitigation approaches from those used
in classic GNSS.

A. PHASE WIND-UP EFFECT
Because of the electromagnetic nature of circularly polarised
waves, antenna rotation on the transmitter or receiver side
causes a phase variation. This phase variation, known as a
phase wind-up, is reflected as a direct variation in the range
measurements provided by the carrier phase. An antenna
rotation of 360◦ generates an apparent range increase by a
wavelength in the carrier phase. The impact of phase wind-up
over GNSS L1 measurements refers to an error of about
0.19 m, so that phase wind-up must be corrected in pre-
cise solutions. At higher frequencies, the phase wind-up is
smaller and, depending on the chosen frequency, can even be
neglected for certain applications. The impact of neglecting
the phase wind-up in precise positioning of LEO satellites
using GNSS as transmitter has been pointed out in [113]; but
to our knowledge, there is no discussion related to the phase
wind-up originated by LEO satellite rotations, when the LEO
satellites are the signal transmitter. In principle, faster panel
rotations are expected for LEO satellites, resulting from the
higher orbital speed.

B. IONOSPHERIC EFFECTS
The Earth’s ionosphere is composed of positive ions and
free electrons formed in the atmosphere [114], mainly by the
ionization of neutral gases due to solar radiation. The number
of electrically charged particles is large enough to cause
refraction over several bands of RF signals. The ionosphere
refers to the region between 50 to ∼2,000 km above the
Earth’s surface. Above the ionosphere, the electron density
is low but still high enough to cause a significant refraction
of the RF signals crossing a large portion of this layer, which
is known as the plasmasphere.

Typical PNT receivers are designed to measure the prop-
agation time of an RF signal. As the RF signal propagates
through the ionosphere, it bends due to refraction effects,
resulting in a longer time for the receiver to track the signal.
This time delay is commonly referred as the ionospheric
delay.

Since the ionosphere is a dispersive medium [115], [116],
the RF signal propagates with distinct phase and group veloc-
ities. The refractive index is therefore applicable in two dis-
tinct formulations to represent the ionospheric delay over the
RF signal (in metres):

Ig =
40.3
f 2

∫ r

s
neds Ip = −

40.3
f 2

∫ r

s
neds (5)

with Ig and Ip being the ionospheric group and phase delay,
ne the electron density, f the signal frequency, and

∫ r
s ds the

geometric distance between the receiver r and satellite s.
As shown in equation (5), the ionospheric delay is pro-

portional to the electron density and inversely proportional
to the signal frequency. Higher frequencies are less affected
by the ionospheric refractivity. In case of GPS L1 frequency,
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TABLE 11. Survey of the LEO POD studies, including the POD method, accuracy and solution.

for instance, the ionosphere can cause errors up to 15 m in the
zenith direction [117]. The consideration of the ionospheric
delay is therefore crucial for accurate positioning.

Several ionospheric models have been developed in the
past decades to properly describe electron density for
PNT applications with single-frequency systems. Tradi-
tional ionospheric models for real-time PNT applications
are the Klobuchar model [118], currently used in GPS, the
NeQuick [119], used by Galileo, and the BeiDou global
broadcast ionospheric delay correction model [120]. Addi-
tionally, since 1998, the IGS is providing global ionospheric
maps (GIMs) for more precise applications [121]. To date, the
precision of the ionospheric delay estimation from the IGS
remains around 1-2 metres [122]. The ionospheric delay pro-
vided by two-dimensional GIMs is counted from the ground
up to the GNSS satellite height of around 20,000 km. Due to
the topside ionosphere and plasmasphere, which represents
10% - 60% of the total ionospheric delay [123], the GIMs
are not directly applicable in LEO-PNT systems. On these
systems, the ionospheric delay will only affect the region up
to the LEO orbit height and, hence, dedicated ionospheric
models are necessary for single-frequency solutions.

In the case of sub-metre requirements, the use of isolated
ionospheric models may not be sufficient. In such cases,
PNT technology is more suitable if developed with two or
more frequencies. Then, by means of a linear combination
of the phase (or group) delays between the frequencies, it is

possible to eliminate the first-order effects of the ionosphere.
The first-order effect refers to approximately 99% of the
refractivity [124]. The remaining effects of higher order
can reach tens of centimetres. In GNSS applications, the
higher-order effects can be eliminated by 3D ionospheric
models to less than a few millimetres [124], so that similar
ionospheric models can be adapted for use in the LEO-PNT
technologies.

Diffractive effects pose a greater challenge to PNT tech-
nologies than ionospheric delays. As the signal’s plane waves
cross the ionosphere, small-scale irregularities in the electron
density scatter the signal and result in rapid fluctuations of
both phase and amplitude [125]. Interference patterns are then
observed on the ground, inducing uncertainties in tracking
loops due to multiple signal paths. The main effects observed
on a receiver are associated with fading events, cycle slips,
and loss of lock. Summing up all the challenges, the PNT
system can completely fail to provide continuous opera-
tion during intense ionospheric scintillation, which occurs
mainly at low and high latitudes during high solar activity.
There are several studies on characterisation and mitigation
of ionospheric scintillation in GNSS positioning (see [126]
and references therein), but scintillation is still a limiting
factor for sub-decimetre applications or for truly continuous
operation. Any GNSS user at tropical or high-latitudes is
particularly vulnerable to a positioning disruption during high
solar activity.
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The dependence of RF signals on ionospheric scintillation
can be represented by [127]:

σ Laφ =
fLb
fLa
σ Lbφ SLa4 =

(
fLb
fLa

)1.5

SLb4 (6)

where σφ and S4 stand for the phase and amplitude, respec-
tively, of most common scintillation indexes, and La and Lb
represent two L-band signals following the rule fLa > fLb.

Building on equation (6), we can understand that the higher
the frequency, the lower the expected scintillation impact over
the RF signals. This rule was validated in [128], showing
that lower GPS frequencies (L2 and L5) suffer more intense
scintillation than L1. Moreover, according to equation (6),
for 2 GHz LEO-PNT system the effects of ionospheric scintil-
lation are reduced by approximately 20% to 30% in compari-
son to GPS L1. For this reason, there is a great opportunity for
the upcoming LEO-PNT systems to mitigate the ionospheric
scintillations by increasing the signal frequency.

C. TROPOSPHERIC EFFECTS
The troposphere, often described as the neutral part of the
Earth’s atmosphere, is the closest atmospheric layer to the
Earth’s surface. The troposphere is stratified up to an altitude
of about 50 km, where the refractive index is always greater
than one. In consequence, tropospheric delays are expected
in signals emitted by satellites on low Earth orbits. Variations
in tropospheric delay depend on temperature, atmospheric
pressure, humidity, and water vapor. This delay also depends
on the receiver’s geographic location as well as the satellite
elevation angle relative to the receiver.

In terms of LEO-PNT systems, identical empirical mod-
els currently used in GNSS can be used for frequencies
below 15 GHz. A possible gain is related to decorrelation
of the troposphere during the estimation process. Indeed, the
line of sight changes much faster for LEO transmitters than
MEO ones. This geometric gain may greatly impact the time
required to estimate the wet part of the tropospheric delay.
Past studies [129], [130] have already observed the benefits
of using LEO satellites to improve the PNT convergence time,
but no studies have been developed so far to assess the time
gain in the troposphere estimation.

D. TERRESTRIAL EFFECTS
LEO constellations can offer higher signal power than MEO.
Nonetheless, signal quality and power are reduced by mul-
tipath effects when non-line-of-sight (NLoS) propagation
dominates. Outdoor multipath may be dealt with in a similar
way to classic GNSS systems. However, given the possibility
of indoor positioning, we discuss the transmission of RF sig-
nals into buildings and introduce satellite-to-indoor channel
models developed in this environment.

Unlike the reception of GNSS signals outdoors, where
the line of sight (LoS) propagation dominates the commu-
nications between satellites and end user, indoor reception
includes additional local interactions of materials and signals
on spatial scales ranging from just a few metres to hundreds

FIGURE 8. Two LEO satellites (altitude 600 km), one at nadir and the
other near the horizon relative to a single receiver location on the ground.
In this situation, the increased free space attenuation is approximately
13dB taking these two distances into consideration.

of metres. The smaller spatial scales allow direct experi-
mentation with a building’s system response to excitation by
externally applied electromagnetic radiation. The use of the
channel impulse response method has been central to several
measurement and modelling activities [132], [133].

Results from observation and analysis activities have
demonstrated that:

1) Indoor received signals vary as a function of the
azimuthal and polar/altitude angles associated with the
transmitter/receiver geometry [134], see Figure 8, and
building materials (Figure 9).

2) Signal-level fluctuations can be as high as 30 dB over
periods of several hundred milliseconds within various
locations in a single room [135].

3) There is ‘‘diffuse’’ multipath activity with contribu-
tions of 20 to 35 wave fronts and associated delays up
to 100 ns relative to the LoS signal [136].

4) Multipath delays indoors are smaller than those
observed from the outdoor environment.

As shown in Figure 10, electromagnetic waves from LEO
antennas travel a few hundred kilometres along the LoS.
Waves may hit the different objects on earth (buildings, trees,
cars, etc.) and propagate into different directions due to scat-
tering, diffraction, and reflections. Furthermore, waves can
penetrate the building roof or walls, resulting in losses that
depend on the construction material (Figure 9). In general,
wave propagation indoors will be mainly in the form of
multipath, and the impulse response of multipath wireless
channels can be modelled as [137]:

h (t; τ) =
∑
i

αi (t) e−jθi(t)δ ((t − τi (t))) (7)

The summation is performed over the waves’ path compo-
nents. Each path has its specific gain αi, angle θi, and delay τi.
Due to the associated uncertainty, it is convenient to consider
the parameters of the channel impulse response as random
processes. The signal strength usually decreases inversely
with the distance between the transmitter and receiver (in
free space, the power gain obeys an inverse square law).
However, due to the multipath environment, it could easily
be shown that the power attenuation with distance can be
higher than 2, and is usually between 3 and 5 or even more.
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FIGURE 9. RF signal attenuation caused by absorption characteristics of
common building materials (as a function of wavelength, GHz). [131].

In some exceptional indoor scenarios, the power-law factor
may be less than 2; this is known as the waveguide effect, but
a power-law factor of 3 to 4 is more common in indoor appli-
cations. In a real environment, the channel model depends on
a vast number of factors. Hence, it is infeasible to find an
accurate deterministic model that could be used to express
the general channel model, and therefore it is more realistic
to use a stochastic model to express the multipath channel
uncertainties. The models best known for this purpose are the
Rician, Rayleigh, and Nakagami-m channel models.

The Rician channel model is used for a strong LoS beam
beside multipath components, as shown in Figure 10. When
the LEO satellite is on a small horizontal angle, the electro-
magnetic wave might propagate indoors with a strong LoS
path through the windows. On the other hand, the Rayleigh
channel is a useful model in a rich multipath environment
without a dominant LoS path. The Nakagami-m channel is
a scalable model that is capable of modelling a wide class
of fading channel conditions, and it fits the empirical data
well [138].

Generally speaking, the received signal power can be mod-
elled with

Pr =
Grtση
dα

Pt (8)

where Pr and Pt are the received and transmitted power
respectively, Grt is the multiplication of transmitter and
receiver antenna gains, d is the distance between the trans-
mitter and receiver, and σ is the shadowing losses. Shadow-
ing can be modelled as a random process with log-normal

FIGURE 10. Conceptual depiction of LoS and NLoS signals propagating
from LEO satellites to an indoor environment.

distribution, but passed through a narrow band linear filter.
Shadowing represents slow losses such as those caused by
entering buildings or being behind a big object. On the other
hand, η represents a small-scale fading (i.e., fast-changing
received signal characteristic due to small changes in the
receiver location). The small-scale factor generally results
from multipath. It can be modelled as the square of a random
process (Rayleigh, Rician, or Nakagami-m) passed through
a linear filter representing the Doppler filter (i.e., it creates
the duration period of the time correlation due to the Doppler
spread), and α is the exponent factor of the distance power
decay.

E. SUMMARY OF CHANNEL EFFECTS CONSIDERATIONS
Wefirst identified that faster antenna rotations are expected in
LEO satellites than inMEO orbits. As a result, phase wind-up
effects will likely produce fast artificial range variations,
which can bemitigated by the adoption of lower wavelengths.
We also find that most ionospheric models for GNSS posi-
tioning do account the ionospheric delay from the ground up
to approximately 20,200 km. There is a large region between
approximately 800 and 20,200 km of the extra ionospheric
content in such models, which requires dedicated ionospheric
models for single-frequency systems. Another point is that
ionospheric scintillation has been one of the main barriers
to achieving sub-decimeter accuracy for precise GNSS posi-
tioning. Therefore, there is a great opportunity for upcoming
LEO-PNT systems to mitigate ionospheric scintillation by
increasing signal frequency. New LEO-PNT systems can also
provide a significant means for mitigating the tropospheric
effects. Due to the faster speed of LEO compared to MEO
satellites, the spatial-temporal decorrelation of the tropo-
spheric delay estimation is better achieved as the line of sight
geometry changes faster. LEO-PNT systems can also pro-
vide several benefits for indoor positioning. Given the close
proximity to the Earth, LEO signals are received indoors at
a higher power. But the carrier frequency plays an important
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TABLE 12. Impact of channel effects over a LEO-PNT system using SoO,
modified payload, or new LEO-PNT.

role, since higher frequency bands suffer from a higher atten-
uation, especially indoors. The trade-offs between higher path
losses due to increased carrier frequencies and smaller path
losses due to close proximity to Earth need to be carefully
investigated.

Table 12 summarises the current general understanding
of the impact of signal channel effects in the case of SoO,
modified payloads or new dedicated signals.

VI. USER SEGMENT
The user segment consists of RF receivers and antennas that
receive PNT signals, process the measurements, and provide
solutions. From a wide range of users, this section focuses on
the PNT user segment.

A. RECEIVER CONSIDERATIONS
A general navigation receiver architecture, comprises a radio
front-end and components for processing base band signals
and navigation data. Initial signal reception and conversion
into a digitized sample is performed in the radio front-end.
The remaining components of the radio front-end amplify the
signal above the noise, and downconvert it to an intermediate
frequency (IF). The analog to digital converter and signal
processing chain completes the receiver. To form a general
understanding of LEO-PNT receivers, this section is sepa-
rated into two parts: receiver design for 1) a LEO system that
is dedicated to PNT, and 2) a Doppler measurement-based
system.

1) DEDICATED SYSTEMS
A dedicated LEO-PNT system contains navigation parame-
ters embedded in the RF signal. The receiver is responsible
for decoding the navigation messages in a customized device.
Dedicated LEO-PNT systems do not yet exist globally, but
there are aspirations in this direction. Satelles [139] and Xona
Space System [140] are two examples of companies that
serve as guides to the necessary assumptions for a dedicated
LEO-PNT user receiver. Receiver assumptions are concerned
with signal design, as decoding a signal is a user receiver’s
task. A reasonable option is to follow the design of a GNSS
signal since we can benefit from the vast expertise in this
field. A dedicated signal such as this is composed of a

minimum of two frequencies and three layers. As previously
mentioned, two frequencies allow for ionospheric correc-
tions. Three layers refer to the carrier wave, code and data
modulations superimposed on it.

Accuracy is the key advantage of a dedicated system over
an opportunistic one. Xona Space Systems plans to use this
to their advantage and develop a LEO-PNT service, called
Xona Pulsar, for the high-reliability sector of autonomous
vehicles. Three aspects determine the accuracy gain of a ded-
icated LEO-PNT signal compared with an exclusive carrier
positioning method: the code gain, the transmitted data, such
as ephemeris, and the timing reference:

1) Code refers to known modulation onto the carrier wave
identifying the specific transmitting satellite. A local
replica of this signal is reproduced in the user receiver
for correlation between the two signals. Acquisition
and tracking of weaker signals are enabled by correla-
tion. This is known as code gain. Such higher acquisi-
tion sensitivity benefits pseudorange measurements in
a weak signal environment. An example of this is the
satellite time and location (STL) service by Satelles.
STL is hosted on Iridium satellites, and its signifi-
cance lies in the adjustments to the transmitted signal.
The beginning of the STL transmission is marked by
the STL burst. Performing correlation with this burst
enables even weaker signals to be detected within the
user receiver [139]. In a 13-floor building, the STL code
gain results in a C/N0 between 35 and 55 dB-Hz, com-
pared to GNSS in an unobstructed environment [141].
The STL burst is the functional equivalent of PRN code
in GNSS.

2) Data refers to the information transmitted in the signal.
In the case of GNSS, this is the navigation message,
or ephemeris. A dedicated LEO-PNT system would
also need to transmit such navigational information
to perform precision positioning measurements. The
navigation parameters need to be adjusted specifically
to the LEO environment, with likely additions of new
parameters. The user receiver must then be adjusted to
the respective symbol duration and pass on the param-
eters to the navigation filter.

3) Pseudorange measurements rely on high-precision
timing and frequency information. GNSS satellites
contain highly accurate, and expensive atomic clocks
for their timing broadcasts. A GNSS receiver can be
used to provide an external timing reference. However,
if the LEO-PNT system is to be independent of GNSS,
and no atomic clock timing broadcasts are available,
other timing references are needed. Satelles compared
temperature compensated crystal oscillators (TCXOs),
oven-controlled crystal oscillators (OCXOs), and a
rubidium disciplined clock [139]. It was concluded that
OCXOs result in a better timing output than TCXOs,
and rubidium clocks perform best out of the three.
A compact rubidium clock was shown to achieve sub-
500 ns maximum time interval error (MTIE). That is
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the maximum error within a seven-day time interval
without further ground corrections. An OCXO with
ground-station-issued corrections obtained sub-100 ns.
Ultimately, user receiver precision requirements deter-
mine whether a rubidium clock is necessary or a
cheaper OCXO will suffice.

There is a significant change in LoS for a LEO satellite near
the horizon compared to its zenith position. The shortest LoS
is between the satellite’s zenith position and the user receiver.
Thus, the least path loss and highest received signal power are
obtained for a LoS satellite. This might be considered in the
user receiver as a setting in the SDR of high angles in the
elevation mask [142].

2) DOPPLER LEO-PNT
In Doppler LEO-PNT systems, COTS components are fre-
quently used in combination with signals of opportunity
(SoO). Thus, an additional element for frequency downcon-
version may be required when using K-band frequencies.
In addition to downconversion, the most significant differ-
ences between LEO-PNT and GNSS are in the positioning
framework, assumptions concerning navigation parameters,
and the implementation of the acquisition and tracking loops.
There is no need to use correlators, as SoO contains no
code signal to be replicated and matched in a user receiver.
An ephemeris message is not decoded either. Furthermore,
the most suitable receiver architecture is based on the require-
ments of the user environment.

The final positioning solution is obtained by a navigation
filter. Extended Kalman filters (EKFs) are common, and
they are explored further in Section VI-C, along with other
positioning solutions. However, it is necessary to knowwhich
navigation information is missing to substitute it accordingly.
This is done by adjusting the acquisition and tracking loops,
as well as using additional measurement components, such as
altimeters. Tracking loops in Doppler positioning generally
lay out of the PLL [143], or they are implemented based on a
Kalman filter [144], [145]. The former type of tracking loop
is commonly used in combination with a known signal struc-
ture. The latter type may be adjusted to also track customized
navigation observable based on signals of publicly unknown
structure [144].

A positioning framework based solely on Doppler mea-
surements is presented by [146]. The state of the user receiver
is determined by three spatial components, three velocity
components, clock offset, and clock drift. Thus, the user
receiver requires eight processing channels to perform eight
simultaneous carrier Doppler shift measurements. A carrier
Doppler shift measurement accuracy of 0.01m s−1 in terms
of equivalent range-rate accuracy needs to be achieved to
obtain positioning solutions comparable to GNSS [146].
However, timing accuracy is still stated to be the most chal-
lenging aspect.

Due to the lack of ephemeris data in the Doppler posi-
tioning method, the satellite’s status is generally obtained

by feeding the receiver and navigation filter by public TLE
files [145]. The vertical resolution of Doppler measurements
is poor, but the accuracy can be improved with altime-
ters [144]. Another common addition is an inertial measure-
ment unit (IMU) or an inertial navigation system (INS) [1].
These may also be used for velocity measurements of a
dynamic user receiver.

Propagation errors caused by the ionosphere and tropo-
sphere are typically neglected for simplicity. The order of
magnitude of these errors is significantly smaller than the
velocity errors of TLE files, but the effects are noticeable in
the positioning accuracy.

Further errors are introduced by receiver and transmitter
clocks. Appropriate models for their behaviour are, therefore,
necessary. A common simplifiedmethod is usingwhite Gaus-
sian noise errors with constant clock drift with known vari-
ance. The timing or frequency reference used in the receiver
determines the accuracy of the actual clock state. Timing
accuracy on the order of milliseconds is realistic [146], mak-
ing this the critical accuracy aspect for receiver consider-
ations using Doppler positioning. However, if the satellite
has access to precise atomic clock timing and sends frequent
updates, it is possible to ease the accuracy requirements in the
user receiver clock [147].

Another consideration is the number of tracking and
processing channels. Using multiple constellation signals,
it might be favourable to implement several independent
channels requiring multiple user radio front-ends. The band-
width is dependent on the respective signal frequency too.
The Doppler shift of a LEO signal varies significantly during
an overhead pass, such that a broad bandwidth commonly
needs to be sampled [144]. Devices that collect the samples
and perform such post-processing are shown in [1] and [144].

The user environment determines the priorities in the
receiver architecture. Aweak signal environment may require
a focus on acquisition sensitivity through targeted improve-
ments to the acquisition loop [148].Moreover, a LEO receiver
may be used to aid a GNSS receiver’s acquisition search
space [149]. Both of these approaches likely focus on pro-
cessing low frequencies, such as L-band or lower, as they are
less attenuated by obstructions compared to high frequencies,
such as K-bands [146]. The advantage of K-band frequencies
lies in the signal transmissions of LEO mega-constellations.
Their vast numbers of satellites may be able to provide con-
sistent global signal availability. To benefit from this, a user
receiver may require additional downconversion in the radio
front-end [144].

Table 13 summarises Doppler-LEO-PNT receiver con-
figurations with simulated and experimental user position-
ing results. Common to all of them is a customised SDR
approach. The simulated accuracy results outperform the
real-scenario user positioning partially because of simplified
conditions of the simulations. More satellites are assumed
to be available for measurements, and more precise knowl-
edge of satellite states is presumed. Initial experiments with
multiple Starlink satellites support a trend towards higher
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accuracy. The best user positioning performance, with an
accuracy around 7.7m, is obtained using six Starlink satel-
lites, an altimeter, and a customised SDR setup [144].

B. PNT TECHNIQUES
There are several techniques to obtain PNT solutions after
the received data is processed. SoO techniques are mostly
applied using single receiver stations with configurations and
accuracy levels already mentioned in Table 13. This section
focuses on dedicated LEO-PNT approaches. For the sake of
simplicity, we categorise the distinct PNT techniques into two
types: using one or multiple receiver stations.

1) PNT TECHNIQUES WITH ONE RECEIVER STATION
Single-receiver PNT techniques have received increased
attention due to their simplicity for users, who need only one
receiver. Two popular techniques used in GNSS are single
point positioning (SPP) and precise point positioning (PPP).

SPP is the basicGNSSmode. It is based on single-frequency
pseudorange observations, broadcast ephemeris, and simple
correction models for the ionosphere and troposphere. This
is the usual method for civil GNSS applications, reaching an
accuracy of a few metres. Santerre et al. [152], for instance,
achieved an accuracy of 5 to 20 meters in a challenging urban
environment. LEO-PNT systems aiming for similar accuracy
with SPP require a dedicated signal for the generation of
pseudoranges, in addition to a dedicated broadcast ephemeris
and embedded ionospheric model.

The main drivers for PPP are the carrier phase measure-
ments, aided by precise models to describe satellite orbit,
clocks, troposphere, ionosphere, and terrestrial effects. Since
the carrier phase has an accuracy of a few millimetres, the
PPP accuracy depends on external models, which encom-
pass orbital errors, clock errors, channel effects, receiver
errors, and terrestrial effects. For GNSS, real-time and
post-processed products are continuously provided to prop-
erly mitigate these systematic errors. Such products are gen-
erated through the best efforts of an international community
sharing open data processed by a series of institutes that
maintains global and regional GNSS networks. The compu-
tations to produce relevant products are coordinated by the
IGS analysis centers. PPP can achieve an accuracy of a few
centimetres. To provide this robust position solution with
PPP, a LEO-PNT system needs to provide similar precise
products, which calls for worldwide cooperation.

SPP and PPP can be applied using distinct measurement
combinations to benefit from the internal signal proprieties.
PPP approaches solely using single-frequency (SF) measure-
ments may provide metric solutions [153]. For more accu-
rate PPP, SF combinations often help the solver, despite the
existence of cm-level SF-PPP when using robust ionospheric
models [122]. In dual-frequency (DF) systems, cm-level PPP
solutions are possible using a mix of linear combinations in
the estimation process [154], such as ionospheric-free, wide-
lane, narrow-lane and Geometry-free combinations.

Usually, standalone GPS allows a stable PPP solution
after 30 to 60 minutes. LEO-PNT technologies, however,
can improve real-time PPP and convergence time by several
minutes when aided by GNSS [129], [130]. In the most recent
LEO-PNT simulations [129], [130], PPP convergence time
dramatically shortened to about 6 minutes when using only
LEO satellites. Even faster, 3 minute convergence time was
feasible when using a LEO constellation-augmented by clas-
sic GNSS. All solutions were in the cm-level, demonstrating
the great benefits of LEO satellites to PPP techniques.

2) PNT TECHNIQUES WITH MULTIPLE RECEIVER STATIONS
PNT techniques with multiple receiver stations often require
one or a few base stations with known coordinates for the
determination of unknown coordinates of the target receiver
stations (rover stations). There are two major methods:
1) computing differential corrections or 2) forming measure-
ment combinations relative to a base station.

1) differential positioning: point positioning is first per-
formed for the base station to compute corrections.
Then, another point positioning is applied to the rover
station. The rover’s point positioning is improved by
the corrections computed for the base station, reaching
an accuracy that depends on how far they are apart.
Assuming that the rover is close enough to the base,
similar errors are expected between the stations. This is
called differential GNSS (DGNSS) and it is applied in
GNSS to obtain dm-level accuracy [155], [156] without
the need of external precise models and products. The
technique can be further improved with the virtual
reference station (VRS) concept [157].

2) relative positioning: the main idea is to transform
measurements of the distance between transmitter and
receiver into distances between the base and rover
stations, the so-called baselines. Relative position-
ing offers advantages over single-receiver PNT tech-
niques. The baselines are formed using measurement
combinations of single-difference (SD) and double-
difference (DD) to eliminate several errors intrinsic to
the measurements. The basic assumption is that two
receivers are simultaneously observing the same satel-
lites. By subtracting the corresponding pseudorange
(or phase) measurements between the receivers and/or
satellites, clock errors, atmospheric effects, phase
wind-up and the initial non-integer part of the phase
bias are eliminated/mitigated. The DD combination is
the most preferable observable in GNSS positioning
techniques aiming to solve phase biases. It benefits
from noise and error mitigation of the original mea-
surements, being themain driver of several state-of-the-
art GNSS software solutions, such as BERNESE [158],
which provides millimetre-level solutions.

To our knowledge, there are no simulations to assess the
performance of PNT techniques with multiple receivers for
the upcoming LEO-PNT systems. However, we expect that
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TABLE 13. Survey of user receivers in Doppler positioning. Ephemeris is obtained via TLEs in all references, except [150]. The accuracy is stated in the
user positioning root mean square error (RMSE).

satellite clocks can be eliminated in the DD formation, so that
a looser design can be defined in the space segment. As a
counterpart, the user needs at least two receivers in the field
campaigns. Therefore, higher costs are expected on the user
side. To mitigate user cost, the ground segment must be
implemented with several reference stations to serve as base
stations with known coordinates, which is already the case
for GNSS. The maintenance of the DGNSS or DD receiver
networks is a responsibility of national and international
institutes. They maintain continuously operating reference
stations (CORS) by combining the efforts of hundreds of
government, academic, and private organizations. The cost to
implement a similar worldwide service, while a great imped-
iment to applying strategies similar to GNSS and obtaining
the most precise PNT solutions, is still doable.

C. PNT ESTIMATORS
Even though LEO satellites have the potential for comple-
mentary PNT services, the current LEO satellites are not
optimal for PNT. They can be smaller and of lower quality
than MEO satellites. The lack of actual LEO-PNT satellites
favours using SoO in addition to navigation signals. Some
obstacles can be mitigated with more advanced estimation
algorithms to select and fuse LEO signals and additional
information. This subsection reviews the estimation and opti-
misation algorithms for LEO PNT: LS, Kalman Filters (KF),
Particle Filters (PF), Factor Graphs (FG) and Particle Swarm
Optimisation (PSO).

1) LEAST SQUARES
The LS method is simple, computationally efficient, and
therefore useful for LEO satellite positioning problems.
Because the LS solution is not robust against erroneous data,
it is crucial to detect and remove incorrect observations before
using them. The standard method in the GNSS domain is the
receiver autonomous integrity monitoring (RAIM) algorithm.
In LEO positioning, some more advanced techniques have
been developed. For example, an unsupervised clustering

method for removing NLOS signals was used before solving
the terminal position with LS [159].

2) KALMAN FILTER
Many Doppler-based LEO positioning solutions have been
developed based on KF reaching close to 10 m accu-
racy [144], [145], [176]. They often combine Doppler obser-
vations of SoO with IMU values [177].
• Extended Kalman Filter (EKF): Kalman algorithm
is an iterative recursive filtering method for predicting
optimal states in linear state-space systems consider-
ing additive white Gaussian noise [164]. The algorithm
proceeds by utilising prior knowledge to estimate the
posterior states, calculate the Kalman gain, and deter-
mine the residual error due to the mismatch between the
generated ground truth and the measurements. Then the
new state mean and covariance vectors are calculated
and fed to the next iteration [165]–[167]. An extended
Kalman filter is a non-linearly approximated version
of the ordinary linear Kalman filter to estimate states
in nonlinear dynamic systems [168], as illustrated in
Figure 11. In EKF, the state transition and the mea-
surement matrices from the linear Kalman filter are
replaced by non-linear state transition functions f (.)
and non-linear measurement function h(.), respectively,
to map the algorithm through Gaussian distribution to
work in non-linear conditions.

• Unscented Kalman filter (UKF): UKF employs the
sigma point transformation to model the non-linear state
transition function of the system and linearize it via the
unscented transform [167], [169]. The UKF algorithm
utilises additional points besides the distribution mean,
while EKF approximation relies only on one point, the
mean. UKF selects these weighted points (i.e., the sigma
points) plus the mean for better mapping the non-linear
space. This procedure is called the unscented transform.
There are other sigma point Kalman filters, such as
Cubature (CKF).
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TABLE 14. Positioning estimators summary.

FIGURE 11. Illustration depicting EKF approximation for non-linear
systems, adapted from [178].

3) PARTICLE FILTER (PF)
PF models the posterior distribution of the location with a
swarm of discrete samples, known as particles. The particle
cloud can represent many kinds of distributions, and the noise
models related to observations and dynamic state model can
also be arbitrary [179]. The basic implementations of PF have
certain limitations, but there are many advanced versions,
described for example by Elfring et.al [171]. PF has been used
for LEO carrier tracking [180] and RADAR-based object
tracking applications [181]. The flexible noise model makes
the PF applicable to LEO positioning problems.

4) FACTOR GRAPH (FG)
Factor graph is one of the newest Bayesian filtering methods.
Unlike with a Kalman filter, all past states can be used to
calculate themaximumposterior probability iteratively. In the
FGO model, the joint distribution is factorised as multipli-
cation of marginal distributions, which can be represented
graphically as a factor graph. The previous navigation and
sensor calibration states are represented as nodes, and the

edges are the sensor observations represented as factors. The
iterative solution utilising previous states and observations
improves the accuracy and robustness of the position estimate
at the cost of additional computational resources. Real-time
solution is still possible if the sampling frequency is not too
high [173], [182]. Some early publications have found FG
useful in mitigating multipath effects [183] and for sensor
fusion combining GPS, IMU, and stereo vision [184]. Even
though there are few examples using FG for LEO satellite
navigation, the flexibility and additional accuracy of FGs
make them potentially attractive. Since FGs are often used
in simultaneous location and mapping (SLAM) applications,
they are particularly suitable for simultaneous tracking and
navigation (STAN), where the uncertain orbit of LEO satellite
is refined while carrying out positioning.

5) GLOBAL OPTIMISATION METHODS
Particle swarm optimisation (PSO), originally introduced
in [185] and [174], is a global optimisation strategy, i.e.,
it strives for finding the global optimum in possibly non-
linear, non-convex search space. PSO can be used for solv-
ing the static positioning problem when local optima can
cause problems; otherwise, iterative LS is more efficient.
The PSO method as such cannot utilise the dynamic model,
but it is sometimes combined with dynamic methods such
as PF [175]. PSO has been applied in the LEO navigation
domain to satellite selection [186] and faulty signal avoid-
ance [187].

6) SENSOR FUSION
Fusion-based positioning methods combine the measure-
ments of multiple sensors to further refine the PNT solution,
maximising the information content, mitigating the sources
of errors and thus reaching higher precision [178]. The main
steps of sensor fusion are described in Figure 12, where
data from a group of sensors are locally processed using
their corresponding solvers (algorithms), then the output
is weighed and later combined with other sensors (fused)
globally using the proper fusion scheme to produce the final
optimal solution.

Sensor fusion as a computational procedure can take the
architecture of three distinct fusion schemes: a) loosely
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FIGURE 12. Sensor fusion framework, adapted from [178], [188].

coupled (LC), b) tightly coupled (TC), and c) ultra tightly
coupled (UTC). As stated by [189], in GNSS, LC is the
simplest type among the three architectures that provides the
essential redundancy based on the duplicated information in
situations of good visibility (four satellites) to achieve high
accuracy. TC is widely adopted because it provides better
accuracy and is less susceptible to jamming, in addition to
maintaining navigation in situations of poor visibility (fewer
than four satellites). While in UTC, the tracking loop of
GNSSs is assisted with an accompanying SDR loop that
matches and smooths between the locally generated signal
and the actual received signal.

LEO satellites have great potential to benefit from sen-
sor fusion with other technologies to leverage PNT-based
applications. The fusion of LEO positioning data with other
assisting positioning technologies would exploit the link bud-
gets of existing LEO constellations to provide PNT data
at no additional cost or complication to onboard hardware
technology. As the conceptual proposal released by [190]
states, it is possible to get low-cost PNT solutions using
the existing broadband LEO satellites in orbit, such as the
Starlink constellation, by fusion with GNSS. The authors
concluded that the resources of the Starlink constellation,
which already enable coverage to most of the world’s pop-
ulation (< 60◦ latitude), could be reallocated to consume
0.8% of downlink capacity, 0.36% of energy capacity, and
a negligible percentage of uplink capacity to sacrifice an
increase of approximately 0.1 dB in maximum pointing loss.

Another concept is the STAN framework [191]. It is a
LEO-based method in a realistic simulation environment to
localise an unmanned aerial vehicle (UAV) where GNSS
signal is denied, by interfacing with the Globalstar, Irid-
ium, Orbcomm, and Starlink constellations. Unlike GNSS,
which periodically send information about their clock off-
sets and current location, the STAN framework tracks the
LEO satellite states by exploiting their signals to determine
their pseudoranges and Doppler measurements, then feeds
the drawn data to the vehicle’s onboard inertial navigation

sensors (INS). The optimal fusion estimation is then per-
formed via EKF to localise the UAV. Simulation results
showed an absolute error of 9.9 m and an RMSE of 10.5 m
with Globalstar, Iridium, and Orbcomm, while with Starlink
the LEO/INS method achieved an error of 9.8 m and RMSE
of 10.1 m.

The introduction of massive multiple-input multiple-
output (mMIMO) concept into LEO-PNT is recently dis-
cussed by [55], [192], [193]. The concept comprises the use
of massive arrays of beamforming antennas hence exploiting
the multipath. This setup has numerous advantages which
can enhance the LEO-based localization, especially in the
inevitable events of superposition where the UT is spotted by
multiple beamformed loops. In addition, mMIMO is capable
of extending the coverage area on Earth per each LEO satel-
lite by adopting space-time block coding which maximizes
the number of beneficiary UTs.

D. SUMMARY OF USER SEGMENT CONSIDERATIONS
We have found potential in the development of PNT receivers
as the whole LEO-based positioning sector is developing
at a fast pace. However, there is still a distinction between
high versus low accuracy. Signals of opportunity receivers
require lower complexity than dedicated LEO-PNT solu-
tions, at the cost of providing lower positioning performance,
as their main tasks are offering good communication and
sensing performance, rather than good positioning perfor-
mance. Dedicated LEO-PNT systems, on the other hand, are
more accurate, but limited in providing only PNT (and possi-
bly sensing) applications. The accuracy discrepancy is getting
smaller as more commercial efforts are filling this market
and providing better satellite visibility and higher coverage
on Earth. However, the best way to compete with GNSS
technology is still uncertain, but is leaning towards working
in cooperation with it rather than as a competitive solution.
The PPP solution appears to be the most benefited among
the GNSS techniques, but simulations are still required to
assess the LEO-PNT systems when using multiple ground
stations. Regarding estimators, LC is the simplest type of
sensor fusion that provides the necessary redundancy based
on the duplicated information, while TC is less susceptible
to jamming and tolerates poor coverage better. The STAN
methods may be beneficial for LEO PNT when the orbits are
not as accurate as in the case of GNSS.

VII. SIMULATION EXAMPLES
Several simulator manufacturers offer LEO satellite simula-
tion options. This section provides an overview of the main
hardware and software simulators.

A. HARDWARE SIMULATORS
The hardware-based LEO simulators are a prime exam-
ple of tools to facilitate LEO-PNT development. They are
space segment-based, which means that they can simulate
GNSS measurements of receivers onboard LEO satellites.
Ground segment-based simulators using LEO satellites as
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transmitters, on the other hand, are rare according to the
authors’ knowledge.

• Spirent simulator: Spirent simulators are commonly
used to simulate GNSS signals from various constella-
tions and receiver configurations. Although most sim-
ulators are designed primarily for MEO-based GNSS
signal generation considering the receiver on the ground,
the Spirent GSS9000 series can simulate receivers
onboard LEO satellites by describing the LEO trajectory
with high dynamic motion and ultra-low latency. For
example, GSS9000 can simulate relative velocities of
120 km/s, including one or two versatile RF outputs.
The user can use both RF outputs at the same time:
one to generate available GNSS signals, and the other
to generate novel PNT signals replaying in-phase &
quadrature (IQ) data in conjunction with the GNSS
simulator.

• LabSat SatGen: even though SatGen is a software
simulator, it requires a LabSat device to play the sim-
ulated data as RF signals. SatGen software enables
users to generate IQ data depending on their trajectory,
which can be replayed on the Labsat GNSS simulator.
Researchers can utilize SatGen to build a scenario that
simulates extremely high dynamic situations, allow-
ing them to test receiver performance onboard LEO
satellites.

B. SOFTWARE SIMULATORS
Various commercial or open-access software simulators
currently exist for LEO modelling at different architec-
tural levels, but none of the current ones are provid-
ing a full-chain solution, to the best of the authors’
knowledge. According to the segment in the propagation
chain, we can divide these software simulators into several
subsections:

1) SPACE-SEGMENT SIMULATORS
• MATLAB: for modelling the satellite orbits and 3D
coordinates motion, we can use the MATLAB Satellite
Communications Toolbox (introduced in release 2020a).
This toolbox contains useful functions to model and
propagate satellite orbits and constellations, visualise
the propagated orbits, and analyse line-of-sight access
between satellites and ground stations. For propagating
the orbits, different perturbation models can be used:
two-body (assumes the Earth is a sphere and no pertur-
bations besides gravity), SGP4 (taking into considera-
tion Earth oblateness and atmospheric drag) and SDP4
(which, besides the perturbations considered by SGP4,
additionally includes solar and lunar gravity). MATLAB
Satellite Communications Toolbox model both 3D posi-
tion and velocity, which is useful for Doppler-based
measurements.

• poliastro: poliastro is an open source Python library
that allows the simulation of astrodynamics and orbital

mechanics, with a focus on ease of use, speed, and quick
visualisation. Several useful functions can be utilised to
perform the computation of classical orbital elements,
numerical orbit propagation, and orbital manoeuvres.
The orbit propagation can be computed considering a
two-body force, gravitational effects due to Earth oblate-
ness, atmospheric drag, and several propagators, such as
the Cowell numerical integration.

• STK: System Tool Kit (STK) by Analytical Graphics
is a software simulation tool for analysing land, sea,
air, and space assets within a high-fidelity environment
model and time-dynamic three-dimensional simulation.
It enables the modelling, analysis, and interaction of
mission objects and targets. STK is widely used in
aerospace applications for the analysis of satellites,
orbits, and space environment. It supports multiple satel-
lite and constellation missions. Additionally, it enables
access calculations for ground stations and areas of
interest. STK provides real-time 2D and 3D visuali-
sation from the land, sea, air, and space components
using high-resolution terrain, imagery, and RF environ-
ment. Advanced modules include satellite subsystem
modelling, space environment effects, and conjunction
analysis [194].

• GMAT: The General Mission Analysis Tool (GMAT)
is a free and open source software application devel-
oped by NASA in collaboration with public and private
contributors, as well as industry. It is a multi-mission
space mission design, optimisation, and navigation soft-
ware package that supports missions ranging from
low Earth orbit to lunar, libration points, and deep
space. It contains orbit propagators, spacecraft mod-
els, and thruster models. It facilitates analysis by gen-
erating reports and plots. The GMAT tool is widely
used to support missions, educate students, and conduct
outreach [195], [196].

• SaVoir: SaVoir by Taitus Software is a multi-satellite
swath planner initially developed for the European
Space Agency to aid in rapidly evaluating acquisition
opportunities with a satellite and sensor combination
across any region of interest. This application displays
Earth and other celestial bodies in 2D and 3D, as well as
a vast number of images of the Earth’s surface with cur-
rent or expected clouds. The initial set of orbits andmod-
els for major remote sensing satellites and constellations
that has already been integrated can be updated online.
Multiple earth orbiting satellites can be simulated in near
real time [197]–[199].

• Savi: SaVi is a cross-platform, open source software
program for analysis and visualisation of satellite con-
stellations. Satellite orbits can be created and analysed in
two and three dimensions. The software enables the user
to monitor satellite coverage for Earth-orbiting satel-
lites. The software includes a variety of existing satellite
constellations, including Iridium, Globalstar, GPS, and
Galileo. [87], [198].
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2) WIRELESS CHANNEL SIMULATORS
• QuaDRiGa: One option for modelling a realistic wire-
less channel is by using the QuaDRiGa [200], [201]
framework. QuaDRiGa is a MATLAB-based software
developed by Fraunhofer HHI that enables modelling
wireless channels by generating realistic radio chan-
nel impulse responses for system-level simulations.
It is very flexible, allowing different simulation lay-
outs by modifying some variables. QuaDRiGa offers
a wide operating range (carrier frequencies comprised
between 0.5 GHz and 100 GHz) for the simulations.
In addition, QuaDriga offers the possibility to mod-
ify the transmitter and receiver position, orientation,
and movement profile (with specific focus on satellite
orbit propagation). Additionally the antenna type to be
used in both receiver and transmitter can be selected
among a few options, or or a customised. The specific
channel models for satellite application are downlink
oriented [202]. QuaDRiGa framework contains the fol-
lowing ready-to-use downlink specific channel scenar-
ios: rural, sub-urban, urban, dense urban, and as LoS and
NLoS propagation conditions. Each of these scenarios
contains specific features (e.g., number of multipath and
scattering object’s size) according to its nature.

3) GROUND- AND USER-SEGMENT SIMULATORS
The authors are not aware of any commercial or open
source simulators in the existing literature to simulate
LEO-PNT dedicated or opportunistic signals; however,
some works have recently developed their own tech-
niques: [27], [130], [203], [204].

VIII. COMMERCIAL PERSPECTIVES
To form an understanding of commercial endeavours for the
upcoming LEO-PNT systems, business model typology can
be used. They help to understand the whole ecosystem where
the firms work and how they create value for other firms as
well as end users. The business model can be applied, includ-
ing four components [205]. The first component is ‘‘prod-
uct/service’’, that refers to how a firm is using LEO-PNT-
enabled technologies to provide new services. As an exam-
ple, the US start-up company Satelles provides PNT-based
services complementary to the GNSS to allow better perfor-
mance quality and operational resilience. Their services can
be used to increase safeguarding time stamps in trading or
using satellite time and location (STL) when GNSS signals
are disrupted or manipulated. The second component,‘‘value
network’’, refers to the key actors (firms, authorities, cus-
tomers, partners, etc.) enabling LEO-PNT services. Satelles
has several partners in their value network that together
enable the implementation of the services. These partners
include solution providers and original equipment manufac-
turers incorporating STL technology. The third component,
‘‘value delivery’’, demonstrates how value is delivered to and
between various actors in the value network. In the case of

Satelles, the value is delivered through partners to end users,
such as data centers and teleoperators. The fourth component,
‘‘revenue model’’, shows how the value that a firm offers
to end users, customers, and partners, can generate financial
income. The Satelles’ revenue model is based on the services
they provide for customers and end users.

As accurate PNT is a key requirement for a variety of
markets and industries, upstream and downstream firms are
currently launched or planned, such as Satelles, Future Nav-
igation, and Xona Space Systems [19]. The upstream market
in the new space industry is typically considered to include
hardware manufacturing firms, whereas the downstream seg-
ment typically includes data analytic service providers [206].
Based on these two segments, the overall GNSS market is
rapidly evolving. Currently, the business models for PNT
services largely depend on the existing GNSS systems. Since
LEO-PNT system developments are moving at a fast pace,
new business models for both start-ups and established firms
in upstream as well as downstream markets are expected in
the near future.

IX. CONCLUSION
In this survey, several requirements to build a new LEO-PNT
system have been analysed. An extensive literature review has
shown considerations to implement the signal design, space
segment, ground segment, and user segment. Advantages
and drawbacks of various instruments and techniques were
discussed in order to detect possible options to materialise
LEO-based navigation systems. Our investigation has not led
to a clear recommendation of preferable options in every
single aspect of the LEO-PNT system since there are very
few works that have provided simulations in the current liter-
ature. Future simulations are therefore required to define opti-
mal signal designs, constellations, atmospheric models, and
PNT techniques. Nevertheless, dedicated LEO-PNT systems,
as adopted by Xona Space Systems, are a viable option to
bring relevant gains to the current PNT solutions and lead to
innovative business models for both start-ups and established
companies.

We have also analysed relevantmaterial of the current stage
and future direction in LEO-PNT systems. The rapid evolu-
tion in the space segment has led to a significant reduction
of cost in the launch, deployment and maintenance of small
satellites. At the same time, the literature review over simu-
lation results have shown that GNSS technologies, which are
now exclusively based on MEO and GEO satellites, can be
improved by LEO satellites in terms of geometry and signal
reception power. These are important measures for improving
urban and indoors navigation, setting LEO-PNT as a possible
solution to solve current challenges in the field of navigation,
positioning and timing.
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A Novel Beam-Based Positioning Paradigm Via
Opportunistic Signal of Future Massive MIMO

LEO Satellite Constellations
Mahmoud Elsanhoury, Janne Koljonen, Mohammed Elmusrati, and Heidi Kuusniemi

Abstract—Mega constellations of low Earth orbit satellites
are expected to communicate through massive multiple-input
multiple-output (mMIMO) channels. This paper proposes a novel
positioning paradigm that utilizes the mMIMO communication
as signal-of-opportunity. By identifying beams during the signal-
ing phase of transmission and by having open access satellite
information datasets, the receiver will become capable of solving
its position geometrically. We investigated the method’s accuracy
in simulation, and the first results encourage to study the topic
further. In the subsequent research, theoretical studies, more
accurate simulation models, and more sophisticated positioning
algorithms are to be studied in order to enrich this new
localization methodology.

Index Terms—LEO satellites, massive MIMO, beamforming,
5G signals, positioning and navigation, GNSS.

I. INTRODUCTION

Earth’s sky is getting occupied by numerous low Earth orbit
(LEO) satellites forming mega constellations that are expected
to be several tens of thousands in population by 2030. Major
corporations are to provide broadband internet connection to
uncovered or signal-denied areas, and navigation applications
for civilian and military uses. Signal-of-opportunity (SoO
or SOP) aspects of LEO satellite links have emerged as a
new research track that aims at exploiting the huge overhead
satellite-Earth communications traffic to provide navigational
and positioning solutions [1].
In this article, a new positioning paradigm is proposed. The

method relies on identifying massive multiple-input multiple-
output (mMIMO) beams amid the signaling phase of com-
munication. The identifiers of the detected beams are used to
solve position of the user terminal (UT) based on the satellite-
to-Earth geometry of the beams. The proposed positioning
method is not dependent on accurate received signal strength
(RSS) values, nor time corrections, or other measurements.
Therefore, it has potential to provide world-wide robust and
low-cost positioning services. Originally, the proposed method
was briefly discussed in our previous article [2]. To our best
knowledge, the method is novel and it has not been discussed
earlier in the scientific literature.
This introduction continues by briefly reviewing the state-

of-the-art (SOTA) of the LEO–mMIMO and LEO–PNT
(positioning-navigation-timing) topics, so that it is possible to
understand and evaluate the proposed positioning method and
its value in academic and practical terms. Section II discusses
the foundations of the proposed beam-based positioning con-
cept. Section III introduces the simulation setup. Section IV

presents the results. In section V, we discuss the results as
for the prospects to implement the method. Finally, Section
VI concludes the article and suggests future research topics to
support the development of the proposed paradigm.
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Fig. 1. Schematic of satellite beam footprints illuminating the area of a
receiver. The beam colors indicate unique identifiers, which in this illustration
is composed of two digits: the first is the satellite ID, and the second is the
beam ID.

A. MIMO beamforming for positioning

LEO satellites are to be equipped with mMIMO antennas,
which consist of over 1,000 elements. As discussed in Ferre et
al. [2], mMIMO shall bring significant advantages to both LEO
satellite link and SoO-based positioning. As for the satellite-
Earth communications link, mMIMO provides higher channel
capacity, increases the number of user terminals (UTs), and
improves the uplink and downlink (UL/DL) throughput.
As illustrated in Figure 1, the satellite beamforming loops

are to be given unique identifiers (IDs) in the DL super-frames.
Hence, the UT can identify a beam once it is located within
its footprint. The beam IDs can be used as tokens to fetch
the satellite ephemeris (timestamped position in orbit), satellite
orientation, and mMIMO beam pattern information either from
the satellite vehicle (SV) itself or from external databases
available for positioning applications. Subsequently, the beams
footprint (coverage area) on Earth can be estimated. An
algorithm how to solve the position of the UT is introduction
in Section II-D in more detail.
Achieving LEO–PNT can have two approaches, either via

SoO or by designing new LEO constellations with a dedicated
PNT capability. Our proposed LEO beam-based positioning

979-8-3503-8078-1/24/$31.00 ©2024 IEEE 1
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concept is compatible with both approaches provided that the
SVs are equipped with mMIMO beamforming elements and
having open access to particular satellite information datasets.
Unlike GNSSs, the proposed method can cope with poor
geometrical dilution of precision (GDOP) situations where all
satellites are nearly overhead.

B. SOTA in LEO–mMIMO
Palacios et al. [3], [4] addressed a hybrid beamforming ap-

proach to simulate mMIMO beamforming codebook for LEO
DL communications.The hypothetical mega LEO constellation
consisted of 4,399 SVs placed at 1,300 km in altitude and
having 83 orbital planes inclined at 53◦. The SVs had 60×72
mMIMO antenna elements. The beam footprints were rendered
as a circular-shaped lattice, where each beam spanned a radius
of 66 km.
You et al. [5] proposed a fusion-based mMIMO algorithm

to efficiently schedule UT groups. Statistical channel state
information (sCSI) was used to maximize the UL/DL through-
put. Another adoption of CSI to implement LEO–mMIMO via
deep learning is presented in [6].
Caus et al. [7] proposed a resource sharing beamforming

scheme for LEO satellites placed at 600 km in altitude.
The channel capacity was increased by generating narrow
directed beamforming loops towards the UTs with 24×24
antenna elements. Hence, a minimal inter-user interference
was achieved also both the signal-to-noise ratio (SNR) and
signal-interference-to-noise ratio (SINR) were enhanced by
repeating the beamformer patterns.

C. SOTA in LEO–PNT
Global navigation satellite systems (GNSS) are an estab-

lished method for outdoor precision positioning. However,
GNSSs operate at high altitudes ranging from approximately
20000 to 24000 km above the Earth’s surface, which results
in higher signal degradation and path losses, compared to
LEO satellites. Therefore, GNSS positioning performs poorly
in indoor venues. Because GNSS signals are highly prone to
alteration, GNSS positioning is vulnerable to jamming and
spoofing [8].
Because LEO satellites orbit at much lower altitudes (below

2000 km) than the GNSS satellites, their signals have less
degradation and better penetration capabilities. Those merits
led to the emergence of a recent research track that discusses
the adoption of LEO satellites in PNT applications [1].
Sabbagh et al. [9] tested a hypothesis based on pseudoranges

obtained from carrier phase observables via a single LEO–UT
system. Extended Kalman filter (EKF) algorithm was used to
filter the two-line element (TLE) data of both satellites, which
led to bestowing a localization ability on the receiver’s end.
Khalife et al. [10] devised a receiver design and a framework

for LEO–PNT using Doppler frequency measurements of two
existing LEO satellites. The proposed framework was able to
localize the UT with a root-mean-square error of 360 meters
during 60 seconds of convergence time.
For a comprehensive literature review dedicated for the

LEO–PNT topic see Prol et al. [1].

II. PROPOSED POSITIONING METHOD

This section states the foundations upon which the future
implementation of the positioning concept and the research
simulation environments will be built. The main objective in
this article is to investigate the suitability of mMIMO beam-
forming loops to be regarded as geographical pointers. The
identification of those pointers, in addition to the geographical
definition of the beam footprints on Earth’s surface, grant UTs
the ability to estimate their positions. The estimation of the UT
position is then an optimization task with respect to the vector
of the detected beam IDs.
The proposed positioning method requires two types of

information datasets: 1) The static datasets provide fixed
information about LEO satellites, e.g., the onboard antenna
attributes, the beam patterns, and the beam identifiers. 2)
The dynamic datasets deliver time-stamped information on the
location of the satellites and their beams. The detail level of
the information on the beams and their footprints on Earth can
vary. The minimum requirement is to know the locations of
the beam centers (on Earth) for a given time instant. In this
study, we assume additionally that the beam radii are known.
When a UT receives signaling (or handshake) from LEO

satellites, it decodes the received frames to find the beam
identifiers. With the IDs the UT retrieves the satellite datasets.
Based on the geo-location information of the detected beam
footprints, the UT is able to multilaterate its own position.
More accurate position estimates can be achieved by excluding
the undetected footprints as explained in Section II-D.

A. Satellite-to-Earth geometry

The transmitted beam pattern and the geometry between
the satellite and the UT infer – to large extent – the projected
shapes of beam footprints. As the positioning concept relies
heavily on the information on the beam footprints, essential
geometrical and geographical parameters are illustrated in
Figure 2. They are, e.g., the elevation angle, the satellite orbital
inclination plane, the beams patterns, and the attributes of the
beam conic shape.
The orbital inclination angle and the altitude (see Figure 2a)

are the primary attributes to determine the coverage area of a
satellite. When it comes to satellite constellations, the objective
is to optimize both aspects so that satellites maintain a constant
occupation over the regions of interest (ROI). The transmitted
pattern and the elevation angle control the shape of the
projected beam footprints (see Figure 2b). The instantaneous
orientation of the satellite and Earth’s topology also affects the
footprint shape, among other factors. Beamforming parameters
and attributes of antennas determine the transmitted pattern,
which also can be designed in the form of fixed or steerable
circular footprints [3], [4].
The locations of beam footprints can be predicted once

the transmitted patterns and the instantaneous values of the
satellite-to-Earth geometry are known. However, the compu-
tational complexity increases depending on the required detail
level of the footprints and the number of variables involved.
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Fig. 2. Illustration depicting the satellite-to-Earth geometry. (a) Satellite orbital plane inclination with respect to Earth’s axis. (b) The satellite mesh coverage
in terms of interlocked mMIMO beam footprints. (c) mMIMO beam geometry is approximated to a conic shape when received on Earth’s surface.

Therefore, assuming fixed pattern and identical beam shapes
would ease the computational burden.

B. Transmitter technical aspects

Each LEO satellite within a constellation should be
equipped with a minimum of 1024 or more antenna ele-
ments in order to achieve a mMIMO status. However, in the
conducted preliminary simulations we limited the maximum
number of beams per a satellite to 8 × 8 for computational
simplicity. Optimally, the transmitted pattern would be fine-
tuned to serve the UTs in the desired ROI. This can be
achieved by designing the mMIMO codebook and the RF link
budget to produce reliable RSS and SNR levels on Earth’s
surface.
In practice, the skies will bear numerous corporate-owned

satellite constellations, implying that interoperability is not
guaranteed. Fortunately, the proposed concept can perform
without interoperability as long as the satellite information
datasets are kept open access. Corporations can withhold
the payload dataframes (e.g. broadband data) from non-
subscribers, while allowing any receiver to access the beam
IDs during the signaling phase. This will lead to the es-
tablishment of positioning systems that utilize most of LEO
constellations.
As for the coverage aspects, an optimum LEO satellite

constellation to cover the planet was proposed in [1]: a
minimum of 400 SVs placed at 600 km in altitude, and a
minimum of 10 orbital planes inclined at no less than 72◦.
The same altitude was prescribed in [7] to design a beam
pattern that has interlocked footprints. The number of major
beams produced by a single SV will depend on the adopted
scheme of beamforming. According to the reviewed literature
[3], [11], [12], the hybrid beamforming scheme is promising
in providing control over the beam pattern.

C. Channel model and user segment

Realistic channel models for mMIMO hybrid beamforming
communications were presented in [3], [4], [10], [11], whereas
in this paper, we assume a perfect wireless channel (i.e. has
the highest signal to noise ratio) for simplicity. In addition,

the user segment (receiver end) is assumed to be non-MIMO
receiver (non-directed receiver pattern) throughout the article.
The most important issue for UT is the ability to read

signals from many LEO satellites and fetch the beam IDs
simultaneously. Then, UTs can either use embedded resources
or cloud services for positioning. If embedded resources
suffice, positioning would be totally passive i.e. UTs would
not consume energy for uplink. Each incident satellite beam
will have its own broadcast channel with specific allocated
frequency and code. Thus, when the signal is decoded by
the receiver, the beam ID will be retrieved solely and not
necessarily decoding the whole signal frame. That will save
much processing time and battery power for handheld UT
devices. However, in some cases when the processing power
in some UT devices is restrained, the decode-able number of
beams could be limited to certain thresholds in order to avoid
overruns (i.e. decode n beams only).

D. Positioning algorithm

The positioning algorithm is based on: 1) the information on
the boundaries of the individual beam footprints, 2) operations
of mathematical set, and 3) computation of the center of
gravity (CoG) of an area.
The beam footprints form sets of coordinates. The inter-

section of the sets that represent the detected beams yields
the region, inside which the receiver must be located (i.e., the
100% confidence set), simply because the receiver has been
able to detect those beams in the first place. By subtracting
sets that represent the adjacent undetected beams from the
intersection set, the size of the confidence set can be decreased.
Figure 3 demonstrates the basic principles of the positioning
algorithm and its two variants: ALG. A utilizes only the
detected beams, while ALG. B uses subtraction to enhance
the position estimates.
A reasonable presumption is that the receiver can be at any

point inside the confidence set with an equal probability. In
that case, the CoG of the confidence set can be regarded as
an optimal point estimate since it minimizes the sum of the
squared errors.
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ALG. A and ALG. B can be defined mathematically as in
Equations 1 and 2, where the integration is done over the entire
areas of intersection IA(t) and IB(t), respectively.

CoGA = ALG.A(t) =

∫∫
x∈IA(t)

xdx
∫∫

x∈IA(t)
dx

(1)

CoGB = ALG.B(t) =

∫∫
x∈IB(t)

xdx
∫∫

x∈IB(t)
dx

(2)

III. SIMULATION EXPERIMENTS

The objectives of the simulation are: 1) to estimate the
distribution of the positioning error for an arbitrary time
instant, 2) to find the relationship between the error metrics
and the number of detected beams, and 3) to compare ALGs.
A and B in terms of positioning accuracy.
The experiments are based on the following simplifying

assumptions: 1) All satellite beam patterns and 2) all beam
footprints are mutually identical, 3) the beam footprints are
circular in shape, and 4) the beams are detected either with
100% or 0% probabilities in cases of being illuminated or not
illuminated by the beam, respectively.
Each satellite has a regular 8× 8 grid of beams. Note that

increasing the number of beams above this limit does not
incur any effect on the positioning error distributions in this
simulation settings. The beam radius is 50 km, and the beam
centers are separated by 75 km (i.e. 1.5x the radius).
Figure 3 shows a sample of the combined beam pattern

with 10 satellites and how the UT position is solved in case
of ALGs. A and B. Note how the beam boundaries divide
the region into numerous sub-regions (i.e. confidence sets)
that vary in size and shape. The positioning error distribution
differs depending on the location of sub-region, time instant,
and the varying shape of the combined beam pattern. Hence,
a large sample size is needed in order to obtain a reliable
estimate of the error distribution.
The fundamental steps to obtain a single positioning error

sample are as follows: 1) Obtain a randomized combined beam
pattern. 2a) Compare the 2D Euclidean distances between
the UT and the beam centers (d) to the beam radius (R).
If d ≤ R, mark the respective beam as detected. 2b) In
case of ALG. B, mark beams, for which R < d < 3R, as
undetected, 3) Describe the borders of the detected beams
as coordinate vectors (we used 1,000 points per beam). 4a)
Find the intersection area (i.e. confidence set) of the detected
beams. 4b) In case of ALG. B, apply the following steps i–ii
iteratively for all undetected beams: i) Compute the minimum
distance dmin from the current confidence set to the beam
center. ii) If dmin < R, update the current confidence set by
subtracting the undetected beam. 5) Compute the CoG of the
confidence set. We implemented the simulation in MATLAB
using the polyshape library to describe the borders of the
beam footprints.
Finally, the estimation of the positioning error distribution

is done by obtaining N = 500 samples of positioning
errors while randomly rotating the satellites and shifting

their positions above the UT. The actual number of detected
beams is recorded for each sample, because it varies from
sample to sample. From the error distribution, three evaluation
metrics are computed: maximum error, root-mean-square error
(RMSE), and mean absolute error (MAE).

IV. SIMULATION RESULTS

The results show that ALG. B enables error reduction by
over 40% in comparison to ALG. A, when the number of
detected beams (D) grows larger than 15. With fewer beams,
the advantage diminishes but is still significant. With 50
satellites overhead the UT, D = 73.4, on average. The error
metrics for ALG. B were: max. error = 2.5 km, RMSE = 0.52
km, and MAE = 0.41 km. These values can be compared to
the beam radius (50 km). Hence, the average error around
1% and the maximum error below 5% of the beam radius
demonstrate the potential of the proposed positioning concept
and algorithm. With 100 satellites, the respective figures are:
D = 146.9, max. error = 1.90 km, RMSE = 0.273, and MAE
= 0.22 km.
The results also show that the RMSE and MAE are pro-

portional to 1/D, for both ALGs. A and B. Conceptually,
the explanation is as follows: having other factors fixed, 1/D
is proportional to the average distance between the adjacent
beams, which correlates to the average distance from UT
to the nearest beam boundaries, which in turn correlates to
the positioning error. As a conclusion, positioning errors can
be effectively decreased further by increasing the number of
satellites and illuminating beams .

V. DISCUSSION

The novel beam-based positioning method is simple in
design and uses LEO signals that have higher SNR/RSS in
comparison to GNSS signals. These issues bring immediate
benefits. The UTs are not required to perform high-precision
measurements, which should, together with the SoO nature,
yield lower costs. The new paradigm is potentially more toler-
ant against path losses and interference than GNSS due to the
privileged wireless communications attributes e.g. proximity
to Earth, higher SNR, etc. In addition, it performs well in
poor GDOP profiles unlike GNSSs that require perfect GDOP
to function properly.
Positioning accuracy is naturally a key metric in any

location-based technology. According to the simulation results
position errors around MAE = 0.7 km are to be reached
with the following settings: 44,000 mMIMO LEO satellites,
each having a 8 × 8 beam pattern with an average radius of
50 km per beam. As Earth area is 510,100,000 km2, each
point on Earth would be illuminated by 30 satellites and 43.4
beams, on average. In practice, corporate-owned constellations
are optimised to serve the most-populated regions, hence,
positioning errors around 100–200 m could be achieved in
some areas. At the same time, reliable positioning services
with reasonable accuracy can be provided world wide, even
in the GNSS-denied regions.

4
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Fig. 3. (a) The resultant footprint pattern of the detected beams with
10 satellites overhead the receiver (black triangle) located at (0, 0). The
confidence set (gray area in this case is IA(t)) and the estimated UT position
(green triangle) obtained by ALG. A. (b) Confidence set IB(t) and estimated
UT position by ALG. B. Red arcs are those undetected beams that were
subtracted from the confidence set.

With more sophisticated positioning algorithms that utilize
RSS measurements and sequential position estimates, and with
hybrid positioning methods, even better accuracy levels are
possible. Already the first simulation results assert that the
beam-based positioning method is worthy of further pursuit.
Provided that the essential satellite information datasets

are kept as open access, the positioning systems can utilize
most of the LEO constellations for the best possible accuracy.
Positioning services could be run, for instance, by private
operators that collect the satellite information datasets and pro-
vide positioning solutions as cloud services or as stand-alone
software. We estimate that the concept could be harnessed to
commercial use in less than 10 years from now.

VI. CONCLUSION

LEO satellites are to be equipped with mMIMO in the
near future. Introducing the beam-based positioning paradigm
marks the advent of a new research topic that is concerned
with exploiting 5G beamforming features of LEO satellites’

communications to infer UT position in Earth’s coordinates.
Considering the passive SoO nature of the proposed method,
the simulation results (MAE = 0.22 km with 100 satellites)
are considered very promising, as positioning is possible even
in poor GDOP situations. Furthermore, the proposed method
does not require high-accuracy measurements at the receiver
side, thus reducing costs and sensitivity to interference. As
future work, more sophisticated simulation environment will
be built to model mMIMO beamforming components, the
communication channel, and various sources of noise and
interference. In addition, LEO satellite orbits and realistic
mega constellations will be modelled. Additional positioning
algorithms will be developed and analyzed for enhanced
accuracy and reliability.
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MIMO Beam ID-Based Positioning Method With
Low Earth Orbit Satellite Mega-Constellations
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Abstract—Satellite-based positioning methods provided the
world with reliable location information coverage that led to var-
ious navigation applications and services. While existing global
navigation satellite systems (GNSS) offer high-precision outdoor
positioning, they are prone to interception, spoofing and jamming,
which are concerning vulnerabilities. The menace of GNSS
jamming is escalating, posing substantial risks to various critical
systems reliant on precise positioning, such as in-flight navigation
and health systems. New positioning methods dependent on low
Earth orbit (LEO) satellites have been trending recently under
positioning, navigation, and timing (PNT) research topic. As
LEO satellites are orbiting at lower altitudes and are massive
in numbers, they are foreseen to have less signal degradation,
higher service availability and improved signal reception on
Earth. In this article, we propose a new satellite-based posi-
tioning method using the multiple-input multiple-output (MIMO)
beamforming antennas installed onboard upcoming LEO satellite
constellations. Our proposed positioning technology serves as
both a supplement and a potential substitute in the event of
severe intentional jamming, offering enhanced resilience and
reliability. The core idea is to use the received satellite beam
identifiers as geographical pointers that enable the users to
infer their position on Earth using LEO satellite ephemeris and
the beam pattern shape with no complicated timing required.
The article evaluates this novel beam-based positioning method
through simulation setups, realistic LEO constellation data, and
probabilistic positioning models. Also, discussing its feasibility
and potential implications, emphasizing on the dynamics of
space-based positioning and navigation. The obtained results are
encouraging and satisfactory, especially with real scenarios that
have been achieved by fusing the LEO satellite positioning data
with the inertial motion data of a moving vehicle, resulting in a
mean absolute error of 9.15 meters, and a 95-percentile error of
19.07 meters.

Index Terms—MIMO, LEO-PNT, beamforming, LEO satel-
lites, navigation, positioning, GNSS.

I. INTRODUCTION

THE skies of Earth are experiencing growing congestion
with low Earth orbit (LEO) satellites, forming mega

constellations expected to exceed tens of thousands within a
few years. Significant cost reductions in LEO satellite design
and rocket launches have prompted major corporations to plan
the deployment of thousands of satellites into orbit to establish
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a sustainable presence in the skies and new space economy
to emerge. These LEO satellites are primarily developed
to extend broadband internet coverage to rural and signal-
deprived areas while also supporting navigation applications
for general purposes. A new avenue of research, known as the
Signal-of-Opportunity (SoO or SOP), seeks to leverage the
substantial satellite-Earth communications traffic from LEO
satellites to provide navigational and positioning solutions.
Existing global navigation satellite systems (GNSSs), such

as GPS, GLONASS, Beidou and Galileo, are widely uti-
lized for high-precision outdoor positioning across various
consumer segments. They offer global coverage in the most
densely populated regions on Earth and exhibit excellent avail-
ability and interoperability, often collaborating with space-
based augmentation systems (SBAS) like WAAS and EGNOS.
However, GNSS systems operate at much higher altitudes,
ranging from medium Earth orbits (MEO) to geostationary
Earth orbits (GEO), situated between 2,000 to 35,000 kilo-
meters above sea level. These elevated altitudes result in
greater signal degradation due to various factors, first and
foremost suffering from atmospheric effects. Additionally, the
high altitudes limit the signal ability to penetrate indoor spaces
due to substantial shadowing effects caused by obstructions.
Furthermore, GNSS signals are susceptible to manipulation,
making them vulnerable to jamming and spoofing. Therefore,
exploring new satellite-based methods to address these GNSS
limitations through SoO positioning is a worthwhile endeavor.
In recent years, there has been a noticeable surge in interest

surrounding LEO-PNT methods [1], largely driven by the
number of LEO satellites in our skies. The primary objective
of LEO-PNT is to complement existing GNSS by providing
enhanced navigation capabilities in challenging scenarios. This
includes autonomous navigation, urban environments, areas
with dense forest canopies, and even indoor spaces. Most
LEO-PNT techniques typically rely on the deployment of
dedicated LEO satellite missions, which can be a costly and
resource-intensive endeavor. However, a notable exception to
this paradigm is the emergence of multiple-input multiple-
output (MIMO) beam ID-based methods. These innovative
techniques enable opportunistic utilization of data transmit-
ted by any available LEO satellite, enhancing, not only the
sustainability of space-based exploitation, but also fostering a
more adaptive approach to LEO-PNT.
In this article, we evaluate and discuss the feasibility of

the novel beam-based positioning method from multiple-input
multiple-output (MIMO) antennas onboard LEO satellites. The
innovation lies within utilizing the beamforming loops incident
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from MIMO-equipped LEO satellites to provide location infor-
mation for user terminals (UT) on Earth. The beam identifiers
(ID) and the satellite-to-Earth geometry information are used
to obtain estimates of the user position amid the signaling
phase of the wireless communications link between the space
segment and the user segment. The proposed positioning
method does not rely on received signal strength (RSS),
time offsets, or other measurements, and it is expected to be
quite insensitive to many signals degradation and alterations.
Therefore, it has potential to provide a world-wide robust and
low-cost positioning services that are sufficiently accurate for
many purposes. However, the concept does not yet provide
timing information.

The rest of paper is organized as follows: in Section II,
we glance over the state-of-the-art and recent trends in both
LEO–PNT and massive MIMO (mMIMO) topics, in order to
address our bridging idea that combines both aspects. Section
III discusses the elements of the proposed beam ID-based
positioning concept from technical realization perspective.
Section IV shows how the concept has been implemented and
evaluated in a simulation test-bed from feasibility point of
view. Section V highlights the experimental setup and the gen-
erated LEO satellite constellations data. Section VI contains
the rendered results (plots and numerical assessments) using
definitive performance metrics and studying the asymptotic
behaviour of error. In Section VII, we discuss and comment
on the results as for the prospects to implement the concept in
the future. Finally, Section VIII summarizes the findings and
foresees future work.

II. RESEARCH FOUNDATIONS

In this section, we briefly introduce the basics and the
advancements of the two main pillar topics of our proposed po-
sitioning method: 1) recent LEO-PNT positioning paradigms,
and 2) the use of mMIMO in LEO satellites and how they can
be exploited for outdoor positioning. In addition, we state the
potential advantages and challenges of the proposed concept.

A. On LEO-PNT methods

Dedicated LEO-PNT systems often provide with the highest
accuracy among LEO-PNT methods. They require on-board
instruments dedicated to providing positioning signals from
LEO satellites. Ground users are capable to retrieve GNSS-
like observations (pseudoranges and carrier phases) and apply
typical GNSS positioning strategies, such as precise point po-
sitioning (PPP) [2], [3]. Remarkable efforts have been made to
develop dedicated LEO-PNT systems by Xona Space System
[4], the European Space Agency (ESA) [5], CENTISPACETM

[6], and the indoor navigation from CubeSat technology (IN-
CUBATE) project [7].

Opportunistic methods do not involve the transmission of
specific PNT messages to users. Consequently, users have no
access to precise information regarding satellite orbits and
timing, often relying on simplified ephemeris data such as two-
line elements (TLE) [8]–[10]. The most common observation
is the Doppler shift, providing similar capabilities to the
Transit mission [11], which was one of the earliest operational

satellite-based navigation systems. Presently, numerous studies
delve into the potential of opportunistic techniques involving
Doppler shifts. The overall accuracy achieved through these
methods typically vary within the range of 7 meters to 1000
meters [12], depending on factors including the estimation pro-
cedure employed, the environmental conditions surrounding
the receiver, and the extent of satellite constellation coverage.
The method presented in this work can be applied by both

dedicated and opportunistic LEO-PNT systems. As discussed
in our preliminary study [13], the satellite beamforming loops
are given unique identifiers (IDs) in the DL super-frames. The
beam IDs are used as tokens to fetch the satellite ephemeris
(time stamped position in orbit), satellite orientation, and
mMIMO beam pattern information from the satellite vehicle
(SV). Subsequently, the beams’ footprints (coverage area)
on Earth are estimated, providing a way to perform user
trilateration. This positioning method is not dependent on
accurate RSS values, time corrections, or other measurements,
but it requires dense satellite constellations.

B. MIMO antennas in LEO satellites
The introduction of MIMO and mMIMO antennas in LEO

satellites are under deployment. Currently, only few to none of
the existing satellite constellations are MIMO-capable, but it
is expected that one to many of future LEO constellations are
to be equipped with such technology in the following years.
Numerous research efforts have been put into this topic due
to the merits that it offers, including better throughput, higher
capacity, and enhanced quality of service [14].
mMIMO differs from MIMO in terms of the number of

onboard antenna elements. mMIMO is implemented by em-
ploying 1024 or more antenna elements that are separated by
a distance equivalent to half the wavelength [14]. From an
opportunistic perspective, both MIMO and mMIMO signals
can be exploited to provide location information based on
the beamforming loop identifiers (IDs). When the number of
beams increases as in mMIMO, the positioning resolution is
expected to be improved.
The congregation of beams from many satellites generates

a combined beam footprint that comprises numerous intersec-
tions of beams even for a single satellite vehicle. The more
satellites there are illuminating the location of the UT and the
smaller the beams are in radius; the smaller the intersections
are and the more accurate the positioning estimate is. In each
intersection, a particular combination of beam IDs can be
detected. By knowing the trajectory and the beam footprint
patterns of LEO satellites the vector of beam IDs can be
used as the key to extract the position estimates from the
time-stamped geo-location information of the beam footprints
whenever detected by the UT.
The number of major beams (loops) produced by a single

satellite vehicle will depend on the adopted scheme of beam-
forming in the mMIMO system. Based on the reviewed litera-
ture [15]–[17], the hybrid beamforming scheme can provide a
control over the beam pattern by exploiting the advantages of
both analog and digital beamforming schemes. In the method,
the mMIMO array is divided into sub-arrays, where each sub-
array is connected to an RF chain in order to produce one
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Fig. 1. Block diagram depicting the hybrid beamforming scheme of mMIMO.

steerable main beam whose radius is also controllable. For
the hybrid beamforming scheme presented in Figure 1, the
number of the major beams is proportional to the number of
the allocated RF chains.

C. Potential Advantages

Our novel beam ID-based positioning method provides
numerous advantages to the realm of location-based services,
research, and applications. Due to its simple system layout and
utilization of opportunistic LEO signals, the beam ID-based
method is expected to gain popularity across user segments
whenever the technical base requirements are met.

The beam ID-based method offers better Signal-to-Noise
Ratio (SNR) or RSS compared to signals from GNSS due to
the closer proximity of LEO satellites to Earth. Moreover, it
refrains UTs to use any kind of high-sensitive receivers as they
will be passively receiving beam IDs (only) without the need
for going through the data payloads. This SoO approach can
lead to significant reductions in overall costs by diminishing
the financial burden associated with sophisticated equipment
as in conventional positioning systems.

Additionally, the beam ID-based approach is resilient to-
wards signal degradation due to path losses and interference.
Because the positioning estimation does not require perfect
line of sight, it does not require signal reception at certain
circumstances. The methodology’s performance maintains its
robustness even under adverse conditions, ensuring the con-
tinual availability of positioning data. Besides, the system
can have good performance in scenarios characterized by
unfavorable Geometric Dilution of Precision (GDOP) profiles,
something that is not achievable with GNSS.

D. Challenges

Intrinsic concerns are expected to challenge the beam ID-
based positioning method and impair its operation. For ex-
ample, the realization of hybrid MIMO beamforming onboard
LEO satellites is already complicated due to large amount of
antenna elements required to be planted on small-sized LEO
satellites, something that may also limit the vehicle’s power
budget. With optimal designs and suitable telecommunications
solutions, the mMIMO link budget can be adjusted to provide
the minimum acceptable level of beam coverage to the regions
of interest on Earth.
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Infer all beam
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algorithm(s)
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Fig. 2. Stages of the beam ID-based positioning method.

Besides, LEO satellites are not owned by a single entity,
rather, several tens of governments and corporations, which
shall jeopardize the interoperability between LEO constella-
tions. Hence, entities who own the mMIMO-equipped LEO
satellites should follow with the prescribed technical aspects
for their constellation beam footprints in order to be capable
of performing positioning estimations.
Sharing accurate LEO constellation ephemeris and their

fixed beam footprint patterns also remains as a major concern,
because technical data sharing is not an appealing matter for
most private satellite operators. However, it can be granted
with the appropriate measures to be taken, also with the
expected revenue streams from the corresponding customer
segments who are targeted with such a positioning service.
To resolve this issue, new independent vendor entities may
emerge to bind all LEO constellation operators together in
order to handle data sharing and manage the execution and
delivery of this positioning service between the users and the
operators.

III. TECHNICAL CONSIDERATIONS

Prior to constructing the simulation model, we aim to
provide a comprehensive overview of the technical aspects of
the LEO-mMIMO beam ID-based positioning method. This
involves offering a detailed perspective of both the spatial and
user segments. Figure 2 summarizes the entire positioning pro-
cess using beam IDs from mMIMO-equipped LEO satellites.

A. Beam ID-based positioning method

As described in Section II, the proposed positioning process
is based on the congregation of beams from LEO satellites
resulting in inevitable geometrical intersections between all
beam patterns that are being received, which leads to solving
the positioning estimation problem via geometry algorithms.
For the method to be efficient and viable, the beam patterns

of LEO satellites should have fixed shapes (known to the users
or the positioning engine) and intersect other beams within the
same pattern, like an overlapping mesh shape. Then, whenever
the UT receives LEO-mMIMO satellite communications, it
should be able to extract each beam’s unique ID. The IDs
serve as tokens to fetch more information about the transmit-
ting satellite vehicle, LEO constellation, shape of the beam
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A) Considering detected beams only B) Considering all beams (undetected as well)
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Fig. 3. Two positioning algorithm variants to utilize the information of the
beam footprints: (left) ALG. A: The intersection of the footprints of detected
beams determines the area where the receiver can be located. (right) ALG.
B: Considering the nearby undetected beams, the bounds for the location
estimation can be decreased by subtracting the footprints of the undetected
beams from the intersection of ALG. A.

footprint pattern, timestamped location of the satellite vehicle,
and expected beam footprint geographic trajectory on Earth’s
surface. Eventually, by receiving just one beam ID only from
one LEO satellite, the UT can still infer information about its
location on Earth with errors (kilometers) equivalent to the
radius of the received beam footprint.

B. Positioning algorithms

Upon receiving a LEO satellite signal with a decoded
beam ID, the UT starts to search the available open-access
databases for the satellite vehicle carrying this beam, and its
live location. The same procedure is done with every other
beam ID received by the UT. In the end, the UT shall combine
all gathered information from all the received beam IDs in
order to pinpoint its position on Earth’s coordinates. The
chosen way of integrating the positioning information is by
assuming that the UT lies at the center of gravity (CoG) of
the intersection area of all the detected beams. This is what
we call the ”A” algorithm or ”ALG. A”.

By knowing the whole beam patterns of all received LEO
satellites, the information about the absent undetected beams
can be included in the calculations to omit their geographical
footprints from the beam pattern. This leads to a smaller region
of intersection than the region resulted from ALG. A and better
mean accuracy. Figure 3 describes both ALG. A and ALG. B
with graphical illustration.

ALGs A and B can be defined using mathematical sets and
set operations, also known as morphology in image processing.
LetD(t) and U(t) be the sets of detected and undetected beam
IDs, respectively, for time instant t. Moreover, let c(i, t) be
a function that returns the East North (E-N) coordinates of
the center of the beam footprint of beam i at time instant t.
Similarly, R(i, t) returns the radius of the beam. Mathematical
set Ai(t), which includes all locations x (in E-N coordinates)
inside the beam footprint of beam i, can be represented as in
Equation 1.

Ai(t) = {x |∥ x− c(i, t) ∥< R(i, t)} (1)

Now, intersection I(t) of all Ai(t) of the detected beams is
a set of E-N coordinates, i.e., an area, where the UT must be
located. The intersection is determined by Equation 2.

I(t) =
⋂

i∈D(t)

Ai(t) (2)

If the UT was outside the intersection area, it would not
detect all the beams in D(t). On the other hand, the UT can
be anywhere in I(t), and without any additional information
(e.g., signal strength or information of the undetected beams)
each location x in I(t) is equally probable. Therefore, the
ideal point estimate for the position of the UT is the CoG of
the intersection with uniform mass density. This is the ALG.
A, as defined in Equation 3.

ALG.A(t) =

∫∫
x∈I(t)

xdx
∫∫

x∈I(t)
dx

(3)

where integration is done over the entire area of intersection.
The locations of the undetected beams are utilized to shrink

the area of possible UT locations. The footprints of the
undetected beams can be subtracted from intersection I(t)
used for Alg. A. The shrunk intersection IB(t) can be obtained
by subtracting the union of the undetected beams from the
intersection of the detected beams, as given in Equation 4.

IB(t) = I(t)−
⋃

i∈U(t)

Ai(t) (4)

Finally, the CoG of set IB(t) is the output of ALG. B, as
given in Equation 5.

ALG.B(t) =

∫∫
x∈IB(t)

xdx
∫∫

x∈IB(t)
dx

(5)

C. Post-processing algorithms

The positioning techniques carried out by the beam ID-
based positioning from LEO satellites (e.g. ALG. A, ALG.
B) are not sufficiently accurate or reliable for positioning
applications. Hence, post-processing algorithms are to be used
for more precise positioning results.
The rough estimations carried out by ALG B, are imported

to a set of algorithms to further refine the final positioning
estimations. Some processing steps are done at the local level
(per data source e.g. either LEO or IMU) and the global
level (sensor data fusion of both LEO/IMU). This strategic
approach was undertaken with the primary goal of enhancing
the accuracy of positioning estimations, ensuring that the final
estimates are more precise and reliable. A bank of algorithms
is used to overcome this issue.
1) Dead Reckoning (DR): in cases of communication loss

or data interruptions (due to sensor drifts, signal attenuation
or NLOS), the dead reckoning (DR) algorithm can be em-
ployed to fill the null posterior state based on non-null prior
information. DR is widely used in positioning and navigation
applications even before the advent of contemporary local-
ization systems. Equations (6) illustrate DR in mathematical
notation.
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Dk =
√

(pxk−2 − pxk−1)
2 + (pyk−2 − pyk−1)

2

ϕk = arctan2

(
pyk−2 − pyk−1

pxk−2 − pxk−1

)

pxk = pxk−1 +Dk cos(ϕk)

pyk = pyk−1 +Dk sin(ϕk)

(6)

where k is the time instant, pxk and pyk are the x-y positions,Dk

and ϕk are the evaluated Euclidean distance and the heading
angle, respectively.
2) Extended Kalman Filter (EKF): is a nonlinear state-

space estimation technique commonly employed for 2-D and
3-D positioning estimations through conducting two steps:
the state prediction step, and the state update step. EKF
mathematical procedures [18] are presented in Equations (7).

m−
k = f(mk−1, k − 1)

P−
k = Fx Pk−1Fx

T +Qk−1

Vk = yk − h(m−
k , k)

Sk = Hx P−
k Hx

T +Rk

Kk = P−
k Hx

T S−1
k

mk = m−
k +KkVk

Pk = P−
k −KkSkK

T
k

(7)

where mk̄ and Pk̄ are the iterative predicted state mean and
covariance, respectively, mk and Pk are the posterior state
estimated mean and covariance, respectively. yk is the input
measurements vector, and Sk is the measurement prediction
covariance. Kk is the filter gain, f(.) and h(.) are the system
dynamic functions of the state-space model and the measure-
ments model, respectively. In case of LEO/IMU multi-sensor
fusion, the state-space vector xk comprises the predicted x-
y positions, velocities, and accelerations (i.e. a 2-D Wiener
dynamic model), while the measurements vector yk includes
the measurements from LEO satellites (ALG. B). However, the
rest of motion kinematics (accelerations and heading angles)
are inbound from the IMU sensor, as shown in Equations (8).

xk = Fkxk +Qk

yk = Hkxk +Rk

(8)

3) Rauch-Tung-Striebel (RTS) Smoother: is a Bayesian re-
cursive filter that enhances the linearized state-space estimates
by retrospectively smoothing the probability density function’s
maximum likelihood (mean and covariance) [18], [19]. The
prior and posterior state estimates X̂k|k − 1, X̂k|k and their
covariances P̂k|k − 1, P̂k|k, which were obtained from the
previous filtering (e.g. EKF filtering) are fed to the RTS
smoother to calculate the smoothed state estimates X̂k|n and
covariance P̂k|n. The RTS smoother formulas from [18], [19]
are described in Equations (9).

X̂k|n = X̂k|k + Ck(X̂k+1|n − X̂k+1|k)
Pk|n = Pk|k + Ck(X̂k+1|n − X̂k+1|k)× CT

k

(9)

where Ck = Pk|kFT
k+1P

−1
k+1|k, and Xk|k is the a-posterior

state estimate of time instant k and Xk+1|k is the a priori
state estimate of time instant k + 1 which also applies to
the covariance. In summary, the sequence of algorithmic
realization starts with applying ALG. B on the received LEO
satellite beam IDs, and whenever a loss of measurements
occurs then DR is activated. Then, the output of the previous
steps is fed to a state-space filtering algorithm such as: EKF,
and, afterwards, an RTS smoother is used to refine the final
positioning estimations.

D. Evaluation metrics

To construct a valid assessment on the LEO satellite beam
ID-based positioning method, several performance metrics
are used. Having the error distributions compiled for most
scenarios, the following evaluation metrics are computed
numerically: mean absolute error (MAE), root-mean-square
error (RMSE), and the 95-percentile (p95%) positioning error.
Moreover, we sketch the route comparisons in both the x-
y coordinates (British national EPSG:27700) and the world’s
geodetic system (WGS84) of Earth coordinates, in addition to
rendering a cumulative distribution function (CDF) plots for
the real scenario (i.e. scenario 3). We believe that those metrics
will suffice to verdict the method from both the feasibility to
the operator and the beneficiary user perspectives.

IV. SIMULATION MODEL

The simulation is done in Matlab (R2022b). The objective
is to model beam ID-based positioning and its accuracy with
realistic future mega-constellations of LEO satellites. In the
simulation, both UTs and the satellites move with a temporal
resolution of 1 second. The total simulation time is 1,200
seconds, i.e., 20 minutes.
The simulation model has the following characteristics,

simplifications, and presumptions: i) There are several LEO
constellations that are launched in sequence. Thus, it is
possible to analyze how the accuracy of the positioning
method evolves as new constellations with more advanced
beamforming capabilities are introduced. ii) The positions of
the satellites relative to the UT are calculated using a local
planar coordinate system, i.e., the curvature of Earth around
the UT is neglected. iii) Each beam has a circular footprint
on Earth (more specifically, on the plane around the UT),
despite varying elevation angles. iv) If the UT is inside a beam
footprint, it recognizes the beam ID with a 100% probability.
If the UT is outside a beam footprint, it recognizes the beam
ID with a 0% probability. v) The UT can read all available
beam IDs at the same time, i.e., the satellites and the beam
footprints do not move while reading the beam IDs.

A. Modeling beam footprint patterns

A LEO satellite transmits several beams that form a regular
beam footprint pattern on Earth. For every satellite from a
satellite constellation, all beams have identical radii, R, and
the centers of the adjacent beam footprints are separated by
1.5R, i.e., the adjacent beams partially overlap. Different
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Fig. 4. Randomly selected beam footprint patterns from constellations 1-5
(see Table II for the beam pattern parameters of corresponding constellations).

constellations have different beam footprint radius. When
several satellites transmit their beams at the same time, the
beam footprint patterns overlap. A schematic example (with
a reduced number of beams for clarity) of a combined beam
footprint pattern is shown in Figure 4.

In more detail, the total beam footprint pattern is com-
puted as follows: i) Read the orbital positions (x, y, z) -
given in Earth-centered Earth-fixed (ECEF) coordinates - of
the satellites for all simulation time steps from h5 files.
ii) Set the origin of the local ENU coordinate system to
the position of the UT at simulation time t = 0. De-
note that position as: (lat0, lon0, h0). In our experiments
h0 = 0. Note that if the UT moves during a simula-
tion run, its first position is still the origin of ENU in
our setup. iii) Convert the orbital positions of the satellites
to ENU coordinates, in Matlab, as follows: [E,N,U] =
ecef2enu(x,y,z,lat0,lon0,h0,spheroid), where
spheroid = wgs84Ellipsoid (a Matlab constant). iv)
Discard beams for which U < 0, because they are not located
above the UT but below the EN-plane and even at the opposite
side of Earth. v) Determine the Earth-projections of the
satellites by setting U = 0 in ENU coordinates. vi) Place the
beam centers of the footprint patterns symmetrically around
the Earth-projection of the satellites (see a random set of beam
footprint patterns in Figure 4). vii) Finally, rotate the beam
footprint patterns in the EN-plane with a satellite-specific
random angle θ ∼ Uniform(0, 2π). The rotation is done in
homogeneous coordinates around the Earth-projection of the
satellite denoted by (Ep, Np). The new position (E2, N2) for
beam center (E1, N1), is obtained by Equation 10.



E2

N2

1


 = T



E1

N1

1


 (10)

where the transform matrix T is obtained as the product of

translation and rotation matrices in Equation 11.



1 0 Ep

0 1 Np

0 0 1


T =



cos(θ) −sin(θ) 0
sin(θ) cos(θ) 0

0 0 1






1 0 −Ep

0 1 −Np

0 0 1


 .

(11)

B. Implementation of the positioning algorithms

Fig. 5. An example from the simulation how the intersection of the detected
beams limits the possible location of the UT (black triangle). The green
triangle shows the CoG of the intersection.

Fig. 6. The same situation as in Figure 5, but the borders of the undetected
beams (red arcs) are used to further limit the possible location of the UT.

The objective of a positioning algorithm is to give an opti-
mal position estimate for the UT in the local ENU coordinates.
The proposed estimation algorithms use the following mea-
surements: i) detected beam IDs, ii) current simulation time.
In simulation, beam detection is simply solved by comparing
the beam radius Ri, for beam i, to the distance from the after-
rotation beam footprint center (Ei, Ni) to the UT location
(EUT, NUT)
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disti =
√
(Ei − EUT)2 + (Ni −NUT)2.

If disti < Ri, beam i is detected. The comparison is done
for every beam and every simulation time step. Simulation
time is an integer loop index variable.

Based on these measurements the following information is
retrieved: iii) all undetected beams that may intersect with the
intersection of the detected beams and iv) the radii of the beam
footprints. Step iii) is used to preliminary reduce the number
of beams for the computation of the morphological operations
that are computationally expensive. In simulation, the true UT
location is known a priori; hence, it is possible to compute the
distance to the UT disti. In our simulation, beams, for which
the distance to UT is larger than 3Ri are discarded.

The intersection of the beams is computed using Matlab
polyshapes, which are 2-dimensional polygonal shapes that
are defined by vectors of vertex points. The circular beams
are thus created using samples from the border of the beam
footprints. First, angles from 0 to 2π are sampled uni-
formly: rad=linspace(0, 2*pi-(2*pi/samples),
samples), where samples=1000. Second, the coordinates
of the border, denoted by Eb and Nb, are computed. For beam
i this is done by: Eb = R(i)*cos(rad) + E(i) and Nb
= R(i)*sin(rad) + N(i), where R(i) is the beam
footprint radius and E(i) and N(i) give the beam center
location. Finally, the polyshape struct of the beam footprint
is created from the border coordinates as follows: beam =
polyshape(Eb, Nb).

The intersection (IS) of the beam footprints is computed
directly and efficiently from the array of polyshapes represent-
ing the detected beams: IS = intersect(beams). The
output of ALG. A, i.e., the position estimate, is the CoG of
the intersection area of the detected beams: [CoGE,CoGN] =
centroid(IS). The intersection of several detected beams
and its CoG is demonstrated in Figure 5.

When it comes to ALG. B, undetected beams are
subtracted from the intersection as explained in Section III
and demonstrated in Figure 6. For computational efficiency,
subtraction is done iteratively and only for those undetected
beams that intersect with the current intersection (IS). The
implementation of subtracting beam i is as follows: i) Find
such a vertex of the current intersection that is the nearest
to beam center i: [vertexid,boundaryid,ind]
= nearestvertex(IS,E(i),N(i)). ii) Find
the respective E-N coordinates of the nearest vertex:
Enear = IS.Vertices(vertexid,1); Nnear =
IS.Vertices(vertexid,2). iii) Compute the Euclidian
distance from the nearest vertex to the beam center. iv)
If the distance is smaller than the radius of the respective
undetected beam, create a new polyshape and subtract it from
the current intersection to obtain a new current intersection:
IS = subtract(IS,undetectedbeam). v) Repeat
steps i-iv until no more undetected beams are available.
vi) Finally, compute the center of gravity of the residual
intersection with function centroid.

C. Satellite mega-constellations

The satellite mega-constellations were reproduced with an
in-house simulator tool, named LEO-S9 (LEO simulator with
9 modules). The LEO-S9 tool is flexible to create a variety
of space segment scenarios, including diverse dynamics and
instruments specific to LEO satellites. The main relevant
points simulated with LEO-S9 in this work included the orbit
altitude, inclination, velocity, constellation topology, and initial
design. The constellation progress with time was reproduced
considering the Cowell numerical integration, Earth’s gravity,
J2 oblateness effect, third body attractions, solar radiation,
and atmospheric drags. A walker delta topology was selected
to keep a symmetric coverage.
The simulation was built by considering the present status

and coming developments in LEO satellite missions. Table I
provides an overview of the primary missions and associated
orbit parameters that were considered in this study, and the
generation of LEO satellite constellation data.
To assess the performance of the proposed method across

various LEO coverage scenarios, simulations for 13 distinct
case scenarios were conducted, each denoted as experimental
cases 1 through 13. In the initial case, 3000 satellites were
simulated, covering a diverse combination of all identified
missions. Then, about ∼1000 additional satellites were incre-
mentally included into the simulation for each subsequent case.
Notably, experimental case 13 assumed the operation of a total
of ∼15000 LEO satellites. Meaning that every constellation
of the 13 generated scenarios is enough to cover the most
populated areas of Earth. While this may seem ambitious, it
is a foreseeable scenario in the forthcoming years. On the other
hand, the test case scenarios are numbered 1–4, to cover three
modes of motion: stationary, linear, and nonlinear motion.

TABLE I
STATUS AND ORBIT PARAMETERS OF THE CURRENT AND PLANNED LEO

CONSTELLATIONS. VALUES BASED ON [20]

Mission Altitude [km] Inclination [°] N. Sats.
OrbComm 740 - 875 45, 70, 72 47
Globalstar 1400 52 48
Iridium 625, 720 86 66
Telesat 1015, 1325 51, 98 1671
Kuiper 590 - 630 33, 42, 52 3236
OneWeb 1200 40, 55, 88 6372
Starlink 540 - 570 53, 70, 98 > 10000

The parameters of the generated LEO satellite constellations
(number of satellites, number of beams per satellite, the radii
of the beams, and the spacial separation of the beams) for mo-
tion Scenarios 1–3 are given in Table II. The adjacent beams
centers were separated by 1.5× Rbeam for all constellations,
satellites, and beams. This separation value was set in order
to impose large-sized beam intersections needed for the beam
ID-based positioning method to have sufficient overlapping
of beam congregations. Whereas, the increased overlapping
incidents from more beams shall result in better accuracy.
Based on the illustration shown in Figure 7, the coverage

area of a single LEO satellite can be evaluated from Equations
(12), and (13). Then, the coverage area is divided into smaller
beamforming loops according to Equation (14).
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TABLE II
LEO SATELLITE MEGA CONSTELLATION PARAMETERS FOR MOTION

SCENARIOS 1–3

Const. Sats. Beams/sat. Rbeam

1 3000 3× 3 200 km
2 4050 3× 3 150 km
3 5040 3× 3 140 km
4 6048 4× 4 130 km
5 7020 5× 5 120 km
6 7992 6× 6 110 km
7 9012 7× 7 100 km
8 10002 8× 8 90 km
9 11052 8× 8 80 km
10 12072 8× 8 70 km
11 13032 8× 8 60 km
12 14004 8× 8 50 km
13 15084 8× 8 40 km
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MIMO beams coverage

Fig. 7. Coverage area of a single LEO satellite with MIMO beams

First, the coverage geometry is approximated to the relation
in Equation (12) [21].

cos(θ + ϵ) =
cos(ϵ)

1 + h
RE

(12)

whereas θ is the central conic angle in radians measured
from Earth’s center, ϵ is the elevation angle of the viewing
cone of the satellite, h is the altitude of the LEO satellite, and
RE is Earth’s radius.

Considering higher and moderate elevation angles (e.g:
45◦ ≤ ϵ ≤ 135◦), therefore, the coverage area A can be
evaluated approximately from Equation (13). In which, the
shape of the LEO satellite coverage area is approximated to
be equivalent to the shape of a spherical cap [22], enclosing
θ as the central angle.

A = 2π R2
E (1− cos(θ)) (13)

where θ is the central angle, and A is the coverage area
approximated as a spherical cap shape.

Afterwards, for MIMO implementation considering Figure
7, the radii of beamforming loops can be approximately
determined from the evaluated LEO satellite coverage area
as in Equation (14).

A ≈ (2RB + (M − 1)× 1.5RB)
2 (14)

where A is the coverage area, RB is the beam radius, and
M is the squared size of MIMO (M ×M ).

V. SIMULATION EXPERIMENTS

Three use case scenarios were simulated: 1) stationary user
terminal, 2) user terminal in slow uniform linear motion,
3) user terminal moving through a pre-defined a route. For
each use case, several simulations experiments were performed
in order to evaluate the accuracy of the positioning method
and algorithms when using realistic future satellite mega-
constellations with MIMO capabilities. Each experiment con-
sisted of several simulation runs with changing parameters
depending on the objective of the experiment. A simulation
run always consisted of 1,200 time steps with a 1-second
resolution. The rotation angles of the beam footprints were
randomized for each simulation run, but kept constant during
that run.
Each simulation run generated a time series of 1,200 sec-

onds with the following data fields: true position in (E, N),
estimated position by ALG. A in (E, N), estimated position
by ALG. B in (E, N), positioning error, number of detected
beams. The parameters of the satellite constellations (number
of satellites, number of beams per satellite, the radii of the
beams, and the spacial separation of the beams) are given
in Table II. The adjacent beams centers are separated by
2×Rbeam for all constellations, satellites, and beams.

A. Variation of error metrics

The objective of the first experiment is to evaluate the
confidence intervals of the error metrics. It is done by measur-
ing the standard deviation of the error metrics while varying
the location of the user terminal. To be precise we measure
here the sensitivity of the positioning error to the location of
the user terminal. Because the simulation model is heavy to
compute, the confidence intervals are evaluated separately for
one set of simulation parameters, in contrast to repeating each
experiment several times to obtain their standard deviation
estimates individually.
The procedure is a follows: 1) Set the location of the

UT as well as the origin of the ENU coordinate system
to (latitude, longitude) = (37.773972, -122.431297), i.e., in
San Francisco, California. 2) Select and combine the first
three mega-constellations (see Table II for the constellation
parameters). 3) Run the simulation (i.e., 1,200 time steps) for
both ALGs A and B. and calculate the error metrics. 4) Move
the UT by 0.1 degrees, i.e., about 11 km, to North. 5) Repeat
25 times steps 3 and 4 . 6) Calculate the standard deviations
of MAE, RMSE, and maximum error for ALGs A and B.

B. Use case scenario 1: stationary user terminal

When the user terminal does not move, it is possible to
collect samples from the probability distribution of the true po-
sition. As LEO satellites move fast, the beam footprint pattern
changes rapidly. Therefore, sampling positions with a 1 Hz rate
is expected to give a time series without auto-correlation. If the
positioning estimates are unbiased and uncorrelated, the mean
value of the samples will converge towards the true position.
This will be investigated experimentally using convergence
time spans from 1 to 30 seconds.
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The procedure is as follows: 1) Set the location of the UT as
well as the origin of the ENU coordinate system to (latitude,
longitude) = (37.773972, -122.431297), i.e., in San Francisco,
California. 2) Select the first mega constellation. 3) Run the
simulation for ALGs A and B. 4) Filter the time series of
the estimated positions by unweighted sliding average filters
of window lengths w = 1, 2, ..., 30, and calculate the error
metrics of the filtered time series. 5) Select the next mega-
constellation and combine it with the previous ones. 6) Repeat
steps 3 to 5 until no more mega-constellations are available.

C. Use case scenario 2: slow uniform linear motion

In scenario 2, the user terminal moves with a constant speed
of 1 m/s towards North-East. The initial position is at (latitude,
longitude) = (37.773972, -122.431297), i.e., in San Francisco,
California. This scenario corresponds, e.g., to a person walking
or an autonomous vehicle driving slowly along a straight
street. As the movement is easy to predict, it is presumed
that the post-processing methods converge effectively towards
the correct location.

The procedure is similar to scenario 1, except that the
location of the user terminal is not fixed but a time series
of 1,200 values and it is not meaningful to apply a sliding
average filter to the time series of the estimated positions.

The procedure is as follows: 1) Define the location of the
UT as a time series: initial location at (latitude, longitude) =
(37.773972, -122.431297) and movement of 1 m/s to North-
East. Set the origin of the ENU coordinate system to the
initial UT location. 2) Select the first mega constellation.
3) Run the simulation for ALGs A and B. 4) Apply post-
processing methods (see Section III-C) to the time series of
the estimated positions, and calculate the error metrics of the
original and post-processed time series. 5) Select the next
mega-constellation and combine it with the previous ones.
6) Repeat steps 3 to 5 until no more mega-constellations are
available.

D. Use case scenario 3: realistic nonlinear motion

In scenario 3, the user terminal moves along the predefined
route shown in Figure 22, which is located in San Francisco,
California, as all the other experiments for good comparability.
The data is from Google GNSS competition 2022 [23]. For
this dataset we also have IMU data that can be used for sensor
fusion tests. Scenario 3 is used to evaluate our positioning
method in a use case of realistic nonlinear movement, includ-
ing periods of acceleration, deceleration, change of direction,
as well as immobility.

The procedure is as follows: 1) Define the location of the
UT as a time series using the every second sample of the first
2,400 samples, i.e. first 1,200 samples of the Google GNSS
competition 2022 data. Set the origin of the ENU coordinate
system to the initial UT location with U = 0. 2) Select the first
mega constellation. 3) Run the simulation for ALGs A and B.
4) Apply post-processing methods (see Section III-C) to the
time series of the estimated positions, and calculate the error
metrics of the original and post-processed time series. 5) Select
the next mega-constellation and combine it with the previous

ones. 6) Repeat steps 3 to 5 until all mega-constellations are
used.

E. Use case scenario 4: real nonlinear motion with mMIMO

This scenario was the repetition and reproduction of Sce-
nario 3 but with mMIMO elements equipped in LEO satellite
constellations. In which, the same LEO constellation sizes
were used (i.e. 13 constellations with the defined number of
satellites per constellation in Table II), however, the number
of beams per satellite and the radii of the beams were changed
to mMIMO beam configurations.
To this aim, several denominations of mMIMO-equipped

LEO satellite constellations were used, namely Scenarios:
4a, 4b, 4c, 4d, and 4e. Such sub-scenario configurations
were setup to study and verify the feasibility of mMIMO
beamforming for this positioning method, as demonstrated in
Tables III, IV, V, VI, and VII.

a) 8 Constellations with least mMIMO:
Scenario 4a was meant to test the least possible resources

of LEO satellites and MIMO antennas, that is, the minimum
requirements for the positioning method to function, known
by conducting several trials and errors. Consequently, the size
of LEO satellite constellations was kept at 8, which means
that the total number of LEO satellites in Scenario 4a was the
summation of all LEO satellites found in constellations 1–8
(i.e. a total of 52,164 satellites).
As discussed in [14], the least possible mMIMO config-

uration was known to contain 1,024 antenna elements, i.e.
32× 32. Hence, the mMIMO beam configuration of Scenario
4a was ranged from 32 × 32 to 46 × 46 in an ascending
order, by incrementing with a factor of 2 in each iteration. As
for the beam radii, they were approximately calculated from
Equations (12), (13), and (14), as shown in Table III.

TABLE III
LEO SATELLITE CONFIGURATIONS OF SCENARIO 4A

Const. Sats. Beams/sat. Rbeam

1 3000 32× 32 40 km
2 4050 34× 34 38 km
3 5040 36× 36 36 km
4 6048 38× 38 34 km
5 7020 40× 40 32 km
6 7992 42× 42 30 km
7 9012 44× 44 28 km
8 10002 46× 46 26 km

b) 8 Constellations with maximum mMIMO:
In Scenario 4b, the same constellation size of Scenario

4a was used again but with the maximum possible mMIMO
antennas configuration of 64 × 64. It is the size that can be
accommodated onboard a small-sized LEO satellite, also it was
the size that fitted the processing requirements of the currently
used simulator. Then, the beam radii were evaluated as shown
in Table IV.

c) 9 Constellations with least mMIMO:
Scenario 4c was designed to test the effect of incrementing

the LEO constellation size into 9 constellations, which accom-
modated a total amount of 63,216 LEO satellites. The mMIMO
beam configuration followed the same pattern of Scenario 4a,
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TABLE IV
LEO SATELLITE CONFIGURATIONS OF SCENARIO 4B

Const. Sats. Beams/sat. Rbeam

1 3000 64× 64 20 km
2 4050 64× 64 19 km
3 5040 64× 64 18 km
4 6048 64× 64 17 km
5 7020 64× 64 16 km
6 7992 64× 64 15 km
7 9012 64× 64 14 km
8 10002 64× 64 13 km

which started from 32×32 and so forth in an ascending order.
Hence the beam radii of this scenario were given in Table V.

TABLE V
LEO SATELLITE CONFIGURATIONS OF SCENARIO 4C

Const. Sats. Beams/sat. Rbeam

1 3000 32× 32 40 km
2 4050 34× 34 38 km
3 5040 36× 36 36 km
4 6048 38× 38 34 km
5 7020 40× 46 32 km
6 7992 42× 42 30 km
7 9012 44× 44 28 km
8 10002 46× 46 26 km
9 11052 48× 48 24 km

d) 11 Constellations with maximum mMIMO:
Scenario 4d employed 11 constellations, which accommo-

dated a total amount of 88,320 LEO satellites, and configured
with the maximum size of mMIMO beamforming, 64 × 64.
The beam radii were evaluated and presented in Table VI.

TABLE VI
LEO SATELLITE CONFIGURATIONS OF SCENARIO 4D

Const. Sats. Beams/sat. Rbeam

1 3000 64× 64 20 km
2 4050 64× 64 19 km
3 5040 64× 64 18 km
4 6048 64× 64 17 km
5 7020 64× 64 16 km
6 7992 64× 64 15 km
7 9012 64× 64 14 km
8 10002 64× 64 13 km
9 11052 64× 64 12 km
10 12072 64× 64 11 km
11 13032 64× 64 10 km

e) 13 Constellations with maximum mMIMO:
Scenario 4e was developed to utilize the maximum avail-

able resources of LEO satellite constellations and mMIMO
beamforming sizes. In which, the 13 constellations were used
to provide 64 × 64 beams from each of the 117,408 LEO
satellites. Hence, the beam radii were computed as given in
Table VII.

VI. RESULTS

In this section we present and evaluate the output results of
all three scenarios: the stationary position, the uniform linear
motion, and the real vehicle drive test.

TABLE VII
LEO SATELLITE CONFIGURATIONS OF SCENARIO 4E

Const. Sats. Beams/sat. Rbeam

1 3000 64× 64 20 km
2 4050 64× 64 19 km
3 5040 64× 64 18 km
4 6048 64× 64 17 km
5 7020 64× 64 16 km
6 7992 64× 64 15 km
7 9012 64× 64 14 km
8 10002 64× 64 13 km
9 11052 64× 64 12 km
10 12072 64× 64 11 km
11 13032 64× 64 10 km
12 14004 64× 64 9 km
13 15084 64× 64 8 km

Fig. 8. Error metrics in 25 locations for ALG. B. Each UT location is about
11 km from the previous one.

A. Variation of error metrics

Figure 8 shows the variation of MAE, RMSE, and maximum
error during 25 test runs for ALG. B when using the first
three mega-constellations. Table VIII gives the sample means
and standard deviations of error metrics with three and five
mega-constellations, for ALGs A and B. Table IX gives the
respective relative standard deviations in per cents. Standard
deviations estimate the sensitivity of the error metrics with
respect to the UT location. They are used to estimate the error
margins of the results. It can be concluded that the relative
standard deviation of MAE and RMSE is about 3-4% and the
relative standard deviation of the maximum error is about 10-
16%.

B. Use case scenario 1: stationary user terminal

Figures 9 and 10 show raw time series of positioning errors
(for ALGs A and B) and the number of detected beams
(identical for ALGs A and B), respectively. These demonstrate
the amount of variation when the satellites move during a time
span of 20 minutes.
Figure 11 shows how the 60 first samples of the time series

of the estimated positions are scattered around the UT. It can
also be seen that the two-dimensional mean values (CoG,
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TABLE VIII
VARIATION OF ERROR METRICS: SAMPLE MEAN ± STANDARD DEVIATION

FOR MAE, RMSE AND MAXIMUM ERROR (MAX) IN KM.

Alg. Const. MAE RMSE MAX
A 3 14.0 ± 0.52 16.8 ± 0.63 55.65 ± 5.70
A 5 4.71 ± 0.14 5.80 ± 0.18 23.67 ± 3.10
B 3 7.55 ± 0.26 9.15 ± 0.37 34.52 ± 5.49
B 5 2.38 ± 0.08 2.91 ± 0.10 12.32 ± 1.86

TABLE IX
RELATIVE STANDARD DEVIATION OF ERROR METRICS.

Alg. Const. MAE RMSE MAX
A 3 3.71% 3.74% 10.2%
A 5 2.99% 3.15% 13.1%
B 3 3.43% 4.06% 15.9%
B 5 3.23% 3.40% 15.1%

center of gravity) of the estimated positions are close to the
true position of the UT, which indicates that ALGs A and
B give unbiased position estimates. Therefore, it is possible
to use several samples and averaging to obtain more accurate
position estimates, in case of a stationary UT.

Figures 12 and 13 show how the RMS positioning error
decreases when increasing the length of the sliding averaging
filter when using 3 and 13 mega-constellations, respectively.
Based on the central limit theorem and the presumption of
independent and identically distributed position estimates, we
further assume that the reduction of the RMS error is inversely
proportional to the square-root of the window length:

RMSE ∝ 1√
w

where w = window length of sliding average filter.
To test this hypothesis we fit the inverse square-root curve to

the data with the least squares method. The visual examination
of Figures 12 and 13 reveals that the inverse square-root
law holds rather accurately when the number of satellites is
very large. Thus, the law is applicable when extrapolating
positioning errors for longer convergence periods. However,
the fitted curve underestimates the reduction of error when
the constellation size is not large, as seen in Figure 12.

The results show that ALG. B gives more accurate position
estimates than ALG. A. However, this holds only for the
average accuracy. Figure 14 shows the difference between
the accuracy of ALGs A and B as a time series, in case of
13 constellations. It demonstrates that ALG. A actually gives
quite often better position estimates. The probability that ALG.
A gives more accurate estimates than ALG. A is 24.2% in
this case. The mean difference of RMS errors between ALGs
A and B can be seen, e.g., in 13. In the future, it should
be studied if it is possible to utilize the estimates of both
algorithms, together with other information, to obtain more
accurate position estimates.

The more beams there are congested near the UT, the more
accurate positioning is, when keeping other things, such as the
size of the beams, unchanged. The number of beams that an
UT detects on average (on an arbitrary place on Earth) can
be calculated theoretically. It is the ratio of the total area of
all beam footprints of available constellations with the area of

Fig. 9. Positioning error vs. time with 13 constellations.

Fig. 10. Number of detected beams vs. time with 13 constellations.

Earth (510,100,000 km2). Figure 15 compares the theoretical
and simulated values of the number of detected beams. It can
be seen that the average value of simulation is well aligned
with the theoretical value. It also shows how the number
of detected beams increases when adding new constellations
to the simulation, according to our mega-constellation model
given in Section V.
Finally, Figures 16 and 17 show position error vs. number of

constellations when using single measurements and averaging
over 30 seconds, respectively. With all 13 constellations that
have totally 117,408 satellites and about 5,908,000 beams,
when UT detects on average 215 beams, MAE is about 0.29
km, RMSE is about 0.35 km, and maximum error is about 1.6
km. When averaging 30 measurements, MAE = 0.057 km,
RMSE = 0.064 km, and maximum error = 0.152 km.

C. Use case scenario 2: slow uniform linear motion

The results of scenario 2 as found in Figure 18 and Table X
show very fluctuating raw position estimates in comparison to
the straight imaginary route that resembles a person walking
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Fig. 11. Scattering of the position estimates (N=60) when having 13
constellations.
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Fig. 12. Convergence of RMS error when having 3 constellations.

in a uniform speed of 1 m/s. Fortunately, the EKF filtering has
reduced the positioning error by approximately 80%, and the
RTS smoother has further eliminated around 73% of the EKF
output error to achieve an overall accuracy of 16.69 meters
as MAE. The 95-percentile value of 993 meters is large, but
it is mostly due to the first output samples of the filters.
According to Figures 18 and 19, the position estimations
gradually converge towards the true location of the UT. It is
unclear why the EKF outputs fluctuate heavily. Notably, during
our investigations we found that a simple sliding average filter
(window length, w = 100) outperforms EKF in smoothing the
outputs of ALG. B estimations. Thus, it signifies the potential
to improve the accuracy in the future.

D. Use case scenario 3: realistic nonlinear motion

The results of scenario 3 are very promising and satisfactory
to a large extent, as shown in Figures 20, 21, 22, 23, 24, and
Table XI.

0 5 10 15 20 25 30

Window length (seconds)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

R
M

S
 e

rr
o
r 

(k
m

)

ALG. A

ALG. B

fitted

fitted

Fig. 13. Convergence of RMS error when having 13 constellations.
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Fig. 14. Difference of position errors between ALGs A and B when having
13 mega-constellations. ALG. B gives more accurate estimates on average.

Primarily, it is clear from trajectory Figures 20 and 22
that the combined EKF-RTS fusion-smoother back-to-back
algorithm (using ALG. B) is the most accurate method that
is closely following with the ground truth and GNSS with
minimal errors. Hence, the applied elementary positioning
algorithms after receiving beam IDs (i.e. ALG. A and ALG.
B) are not sufficient for conducting a reliable satellite-based
positioning on their own, rather, they constantly require a set
of post-processing algorithm, similar to every other positioning
technologies e.g. in GNSS.
The numerical positioning error values in Table XI and

TABLE X
ERROR EVALUATION OF LINEAR MOTION (SCENARIO 2).

Method Const. MAE [m] RMSE [m] p95% [m]
ALG. A 13 508.49 685.91 1179.1
ALG. B 13 241.61 334.28 588.10
EKF 13 47.25 75.02 982.20

EKF-RTS 13 13.69 15.24 993.86
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Fig. 16. Positioning error (log scale) vs. number of constellations for ALG.
B. Metrics based on single measurements.

the graphical error plots illustrated in Figures 21 and 23 are
confirming the same finding; that the EKF-RTS method out-
performs all other algorithms used in this simulation. The CDF
curves in Figure 24 imply that the final LEO/IMU positioning
estimations are very close to the performance of GNSS in
terms of accuracy and precision. However, Figure 23 shows
that the best performance of LEO/IMU that can bring it closer
to GNSS performance is only achievable using the maximum
possible numbers of satellites and constellations, which are
already 13 constellations carrying more than 100,000 satellites.

In fact, the simulation of scenario 3 confirms the early
hypothesis in this study; that is the necessity of receiving
the maximum available interconnected LEO satellite beams in
order to improve the final positioning estimations. The number
of received beams in scenario 3 fluctuated between 172 and
247 beams, with average number of detected beams = 214.
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Fig. 17. Positioning error (log scale) vs. number of constellations for ALG.
B. Metrics based on filtering with w = 13.
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Fig. 18. Scenario 2: EKF and RTS positioning estimations of a uniform linear
motion using ALG. B.

E. Use case scenario 4: realistic nonlinear motion with
mMIMO

Tables XII and XIII show the numerical error results of
Scenario 4 (a–e). Figures 25, 26, and 27 demonstrate the error
behaviour of all Scenario 4 denominations in addition to the
rendered route test of Scenario 4E and its conjugate Scenario
4E*.
In Table XII, the positioning errors of all sub-scenarios were

investigated using MAE, RMSE and p95% metrics to assess
the fusion based methods of LEO/IMU EKF-RTS. The best
result was found to be Scenario 4E.
While in Table XIII, the same metrics were used to assess

utilizing the raw unprocessed non-fused ALG. B measure-
ments. However in the conjugate version of Scenario 4E (i.e.
Scenario 4E*), a simple moving average filter was used to
filter the raw ALG. B and show its effect. The best result was
found to be Scenario 4E*.
From Figures 26 and 27, clearer views of assessment can

be found, graphically. Where the fusion-based method of
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Fig. 19. EKF and RTS error convergence over time in scenario 2.
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Fig. 20. LEO/IMU fusion using EKF and EKF-RTS on ALG. B data in x-y
coordinates.
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Fig. 21. EKF and RTS error convergence over time in scenario 3.

TABLE XI
ERROR EVALUATION OF LEO/IMU METHODS VS. GNSS

Method Const. MAE [m] RMSE [m] p95% [m]
ALG. A 13 498.16 683.49 1179.5
ALG. B 13 231.59 317.95 520.06

LEO/IMU EKF 13 104.80 132.00 203.35
LEO/IMU EKF-RTS 13 66.31 83.98 142.39

GNSS only N/A 26.63 36.42 56.60

Scenario 4E already closely matched the accuracy of the raw
measurements of Scenario 4E*, and both scenarios outper-
formed GNSS accuracy.

TABLE XII
ERROR EVALUATION OF MMIMO IMU FUSION VS. GNSS IN SCENARIO 4

Method Const. MIMO MAE [m] RMSE [m] p95% [m]
a) LEO/IMU EKF-RTS 8 322 → 462 22.63 29.70 50.84
b) LEO/IMU EKF-RTS 8 64× 64 17.65 23.05 36.47
c) LEO/IMU EKF-RTS 9 322 → 482 16.86 22.41 32.78
d) LEO/IMU EKF-RTS 11 64× 64 11.84 15.46 26.60
e) LEO/IMU EKF-RTS 13 64× 64 9.90 12.71 20.97

GNSS only N/A N/A 26.63 36.42 56.60

TABLE XIII
ERROR EVALUATION OF RAW MMIMO DATA VS. GNSS IN SCENARIO 4

Method Const. MIMO MAE [m] RMSE [m] p95% [m]
a) Raw ALG. B data 8 322 → 462 45.84 62.56 101.98
b) Raw ALG. B data 8 64× 64 37.17 51.50 82.33
c) Raw ALG. B data 9 322 → 482 36.05 48.97 76.28
d) Raw ALG. B data 11 64× 64 23.59 32.45 53.20
e) Raw ALG. B data 13 64× 64 19.27 25.74 44.32
e*) Smoothed ALG. B 13 64× 64 9.15 11.94 19.07

GNSS only N/A N/A 26.63 36.42 56.60

VII. DISCUSSION

The beam ID-based method is based on mega-constellations
of LEO satellites with mMIMO capabilities. The accuracy of
the single measurements (or raw ALGs. A or B) is in the
order of kilometers when having a few thousands of satellites.
When the number of satellites exceeds a hundred thousand,
positioning errors of a few hundreds of meters can be achieved.
Positioning with such errors can be used as back-up method,
e.g., in aviation and seafaring. However, our experiments
showed that by the integration of several measurements or
by the fusion of the raw measurements with IMU sensors, the
positioning accuracy can be improved significantly. MAE as
small as 14 meters was recorded for a slow uniform linear
motion scenario 2 when using 13 mega-constellations. With
advanced post-processing algorithms, an accuracy closer to
GNSS systems is possible. In scenario 3, with a realistic
nonlinear motion, the RMSEs for LEO/IMU EKF-RTS and
for GNSS were approximately 84 m and 36 m, respectively,
and MAEs were approximately 66 m and 27 m, respectively.
Meaning that the beam ID-based positioning method is a
promising candidate even for nonlinear dynamic motion of
vehicles.
Finally, the results of Scenario 4 were quite interesting and

promising since all its denominations were performing better
than GNSS in the event of implementing LEO/IMU fusion.
The effect of introducing mMIMO can be seen through the
error shift from Figure 24 to Figure 25, where the enhancement
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Fig. 22. Map trajectory of smoothed LEO/IMU, GNSS, and ground truth in California, USA. The dataset is a courtesy of Google decimeter challenge 2022.
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Fig. 23. Positioning errors (log scale) of LEO/IMU EKF-RTS and GNSS vs.
number of LEO satellite constellations used.
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Fig. 25. Positioning errors of mMIMO methods Vs. Time

in accuracy was significantly proven. By increasing the size of
LEO satellite constellations to be mega and the size of MIMO
beamforming loops to be massive, the positioning accuracy
can be significantly enhanced to a precise accurate level of
performance. The fusion-based positioning schemes are still
effective with LEO satellites, however, even in the event of no
multisensor fusion integration, the proposed method can still
perform quite well with raw measurements.
There are possibilities to further improve the accuracy of the

beam ID-based positioning method. Presuming that the signal
strength of the beam footprints decreases from the center
towards the border in a predictable way it could be measured
and used as an additional weighed input. Similarly, other signal
quality metrics could be utilized. In the post-processing phase,
the number of detected satellites could be used to weigh the
raw measurements. This is based on the presumption that the
more satellites are detected, the more accurate the position
estimate is on average.
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Fig. 26. Cumulative distribution functions of mMIMO methods Vs. GNSS

The beam ID-based position method has several advan-
tages for sustainability. First, it uses measurements that do
not require precise timing or accurate measurements of the
signal strengths. Therefore, the required technology at the user
segment is expected to be affordable, which promotes social
sustainability. Second, the method does not require dedicated
satellites to work. This should reduce costs further and save
both energy and natural resources. Third, due to the high
signal strengths of the LEO satellites and the simple binary
measurements (beam is either detected or not) the method
is expected to be tolerant other interference and jamming,
especially when fused with the IMU sensor that itself is
tolerant to interference as a passive sensor. Hence, the method
could guarantee uninterrupted positioning services also in
conflict areas. This has several consequences to sustainable
development through the uninterrupted operation of numerous
autonomous systems that will promote sustainable develop-
ment in the future.

VIII. CONCLUSION

Massive MIMO antenna arrays are expected to equip LEO
satellites due to their numerous advantages from the perspec-
tives of telecommunication and positioning technologies. In
this article, we presented our novel beam ID-based positioning
method that uses the identifications of mMIMO beamforming
loops that are incident from LEO satellite constellations.
Through known geolocations of the beam footprint patterns
and light-weight algorithmic treatment, the location of the user
terminal on Earth’s surface can be determined, even by receiv-
ing beam(s) from one LEO satellite only in case of extreme
conditions. We also developed an algorithm that utilizes the
absent undetected beams for improved accuracy. The quality of
positioning is substantially improved by increasing the number
of LEO satellites in the skies, which in turn increases the
amount of received beams. A detailed simulation environment
was designed to comprise realistic LEO satellite constella-
tion data and real-world navigation datasets. The conducted
simulations showed a satisfactory level of performance for

the fusion scheme that integrated LEO satellites data and
IMU measurements. With the help of EKF-RTS filters, the
LEO/IMU fusion technique has achieved the best positioning
estimations that came closer to the performance of GNSS in
terms of accuracy and precision. The MAE of the LEO/IMU
EKF-RTS method is evaluated at 9.15 meters, while the 95-
percentile error in the long term was 19.07 meters. In the
simulation, owing to the demanding computing power needs,
we capped the number of MIMO beamforming loops per a
satellite at 8×8 for Scenarios 1–3. Nevertheless, we explored
larger antenna configurations in Scenario 4 such as 64×64,
yielded more positioning accuracy as MAE = 9.15 meters
and p95% = 19.07 meters, which is technically feasible in
the next generation of LEO satellites. As a future work, more
refinements and model sophistication can be added to the sim-
ulation environment to improve the performance and integrity
of the method. In addition, more research on positioning and
post-processing algorithms is needed in order to reduce the
number of LEO satellites required for conducting accurate UT
positioning. In fact, the method has many potential benefits as
for sustainability and commercialization, those aspects should
be addressed, verified and quantified in future studies.
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