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Increasing textile production is associated with an environmental burden which can be decreased with an
improved recycling system by digitalization. The collection of textiles is done with so-called curbside bins. Sensor
technologies support dynamic-informed decisions during route planning, helping predict waste accumulation in
bins, which is often irregular and diffcult to predict. Therefore, dynamic route-optimization decreases the costs

Smart bin . . . .
Internet of things of textile collection and its environmental load.
Arduino The existing research on the optimization of waste collection is not based on real-world data and is not carried

out in the context of textile waste. The lack of real-world data can be attributed to the limited availability of tools
for long-term data collection. Consequently, a system for data collection with Fexible, low-cost, and open-source
tools is developed. The viability and reliability of such tools are tested in practice to collect real-world data. This
research demonstrates how smart bins solution for textile waste collection can be linked to a dynamic route-
optimization system to improve overall system performance.

The developed Arduino-based low-cost sensors collected actual data in Finnish outdoor conditions for over
twelve months. The viability of the smart waste collection system was complemented with a case study evalu-
ating the collection cost of the conventional and dynamic scheme of discarded textiles. The results of this study
show how a sensor-enhanced dynamic collection system reduced the cost 7.4% compared with the conventional
one. We demonstrate a time effciency of —7.3% and that a reduction of 10.2% in CO2 emissions is achievable
only considering the presented case study.

1. Introduction people in need. An increase in textile collection increases the amount of

good quality textiles to be collected. Accompanied with effective sort-

The textile industry is constantly growing, leading to the increased of
environmental burden associated with the production process and waste
management. The sector is responsible for climate change impact since
it contributes about 1 ton of CO, out of 19.8 tons of total CO, in the
atmosphere (Akhtar et al., 2017a, 2017b). The cost of recycling directly
affects the price of the recycled fbers. Normally the price of regenerated
Tbers is 30% higher than the native fber (Yan, 2019). Therefore, a
decrease in collection costs can play a signifcant role in making recy-
cling more proftable and in reducing overall costs.

In general, the benefts of circular economy can be evaluated with
three indicators as economic, environmental, and social dimensions
(Calzolari et al., 2022). The improved textile collection can also beneft

ing, this refects the quality and the prices of textiles in secondhand
stores as well as the quality of donated textiles. Similarly, the growth of
the recycling business with a larger amount of collected textiles in-
creases the need for workforce. Moreover, the social benefts of
decreasing environmental burden are clear.

Consumer behavior is one of the key factors affecting the environ-
mental beneft obtained from recycling (Nenckova et al., 2020). Statis-
tics indicate that only 25% of the total amount of textiles is recycled
(Koch and Domina, 1999). It presents a challenge and opportunity for
improvement. A study showed that people will take pro-environmental
actions if there is a convenient way to do so (Koch and Domina, 1999).
As for textiles, curbside drop-off system is widely employed
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(Lounais-Suomen Jatehuolto Oy, 2020; Watson et al., 2018). Hence,
travel distance between home and the drop-off site should be perceived
short (Ramayah et al., 2012).

The irregular accumulation of waste in different bins causes a high
variation in bin fullness. This variation, accompanied by some season-
ality, leads to ineffciently high emptying frequency to avoid overfow of
the bins (Seifert and Messing, 2006). Consequently, there is a need for
monitoring the textile collection bins. Without monitoring the textile
collection bins are emptied regularly which has numerous drawbacks.
The use of smart bins can improve waste collection and prevent the
overfow of the bins (Arebey et al., 2012; Goutam Mukherjee et al.,
2021). The effciency of supply chains in textile collection plays a sig-
nifcant role in reassuring high collection rates of discarded textiles.
Advanced technologies such as Internet of Things (1oT) and Artifcial
Intelligence (Al) can offer new opportunities to increase effciency (Koot
et al., 2021).

In general, 10T can play an important role in making world greener,
safer, and more effcient (Li et al., 2021). Artifcial Intelligence has been
used to forecast waste accumulation and optimize waste bin locations
and bin sizes (Bakhshi and Ahmed, 2018). The use of Al can decrease
collection costs due to optimized route distance, number of collection
vehicles, and employees (Hannan et al., 2018). For companies, the costs
of 10T technology plays an essential role, and the economic and
ecological value of the sensor information needs to be known (Ben-Daya
et al., 2019). Moreover, the use of 10T and collected data can improve
consumer awareness and thus motivate them to recycle (Concari et al.,
2022).

In this regard, this paper presents a technical solution and a proof-of-
concept study of implementing a novel system for household waste
textile collection.

2. Literature and prior works

Optimization of waste collection with digital technologies has been
covered in various scientifc publications. For example, an loT-Enabled
waste management system based on battery operated Raspberry Pi’s
(RP) with ultrasonic distance sensors was tested with 38 bins for ten
days % (Bakhshi and Ahmed, 2018). The sensors were connected to
public Wi-Fi hotspots which limits the usability of the sensors to specifc
locations. Further, the use of RP as platforms resulted a high-power
consumption of sensors and required battery changes in every two
days. The sensor data was used with route optimization, and the results
showed an improvement of 18-63.4% in overall effciency. The average
time savings of the collection period were 16 min per day which cor-
responds an 18% decrease. Also, the driven collection distance
decreased by approximately 26%, with a fuel effciency drop of 46%.

The optimization of waste collection has been proposed in several
other scientifc publications, and the results are promising. For example,
the study with integrated GA with GIS for collection routing showed
decreases of 8% in the operating distance, 28% in travel time, and 3% in
fuel consumption (Amal et al., 2018). When MLR and ANN models were
used to predict the required collection frequency, a 10% decrease in the
frequency was observed (Ferreira et al., 2017). In a similar study, a 19%
better performance in sustainability and environment load was achieved
(Montecinos et al., 2018). Moreover, a simulated optimization of bin
collection with genetic algorithms resulted a 15% improvement in waste
collection cost savings (Fujdiak et al., 2016).

Despite the existing literature, the benefts of smart bins with route
optimization still seems a valid question. Especially in the context of
textile recycling, as any scientifc research on the topic was not found.
The environments and use cases for smart bins are various. For example,
textile collection is often done with fever bins than traditional waste
collection. Further, textile waste generation can be more diffcult to
predict as it is affected how consumers empty their closets. Moreover,
there is a lack of study regarding the trends of the Flling rates of textile
waste bins, including the effect of seasonality of people’s behavior in
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disposing of clothes. Consequently, a research gap (i) is found: what is the
reduction in costs by using loT/route optimization approach for the textile
collection.

Further, a recent extensive literature survey of smart waste man-
aging systems states that there are many theoretical works on this topic,
but a lack of pilot projects with a detailed analysis of the results of the
implementation of such systems (Sosunova and Porras, 2022). Similarly,
in the context of IoT and Al in supply chains, it was also stated that more
real industry cases going beyond toy-examples are required to validate
the benefts (Koot et al., 2021). Consequently, a research gap (ii) is
found: real-world data is rarely used in research regarding the optimization
of solid waste collection.

The lack of real-world data in research can be attributed to the
reason that there is a lack of viable sensors for long-term data collection
for research projects. This sets challenging requirements because out-
door conditions vary greatly throughout the year, and the sensors should
be operable without mains power and maintenance for several months.
Further, the measured data should be collected wirelessly from various
bin locations.

More support for this hypothesis is found with a literature review of
56 most relevant publications in IEEE database related to search words
“loT bin”. These 56 papers were screened by employing ATLAS. ti
software by tagging the interesting parts with codes that were used for
analysis. More detailed results of the literature review are presented in
the table in appendix 1. From the review, it was observed that most of
the research projects are adopting Arduino compatible development
platforms as Arduinos and ESP’s. The low entry barrier, fexibility, and
low costs of these tools are the main reasons for their popularity. The
Fexibility comes from standardized hardware and software interfaces
and from the hardware that can be easily reprogrammed for different
use cases. Low cost in this context means prices of no more than tens of
euros. In this paper, such tools will be further called as Fexible low-cost
tools or fexible low-cost hardware when explicitly referring to hard-
ware tools.

The results of the review correspond to the ¥ndings that fexible low-
cost tools can be used to develop new loT solutions, although more proof
of their reliability is needed to be seriously taken (Martikkala et al.,
2021a, 2021b). According to the literature review, it is evident that
these tools are widely used in research in the context of smart bins.
However, as stated, the reliability for long-term data collection seems to
be an issue. Issues such as a need to improve power effciency and extend
the system to ascertain the design capability of advanced waste collec-
tion systems are specifed (Bakhshi and Ahmed, 2018). Similarly, the
power optimization of the developed sensors was stated as a challenge
(Nirde et al., 2017). The rapid developments in the area and the
thoughtful combination of tools can create solutions that fulfll the re-
guirements. However, their viability should be proven. Consequently, a
research gap (iii) is found: the viability of Fexible low-cost tools needs to be
proven/improved.

From the surveyed publications, only fve papers were adopting
wireless technologies such as LoRa, NB-loT, and Sigfox, which are
suitable for long-range and low-power wireless communications. Such
technologies are crucial for long-term data collection from bins spread
over large areas. Similarly, most of the proposed implementations were
adopting sensors such as HC-SR04 ultrasonic distance sensors that are
not waterproof, which is likely an issue for long-term outdoor use.
Further, the use of hardware platforms with high power consumption is
a clear obstacle for a battery-operated wireless sensor. In general, 10T is
characterized by low resources in terms of both computation and energy
capacity (Atzori et al., 2010), which has not been the case in many of the
developed sensor systems in the literature Consequently, it is acknowl-
edged that if these shortcomings are found in the proposed sensors, they
should not be considered suitable for long-term data collection. Finally,
the four most relevant developed sensor systems for long-term data
collection found in the review are described in more detail.

Garbage Zero (Garb0) is a wireless sensor for outdoor garbage bins
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and aims at developing a power effcient loT-based real-time solid waste
monitoring solution (Chavan et al., 2021). The module is based on an
ARM cortex STM STM32L083cz microcontroller and deploys ultrasonic,
temperature/humidity and GPS sensors. It uses LoRa for wireless com-
munications with 1-year battery life and is enclosed in IP67 compliant
enclosure. The used ultrasonic sensor Maxbotix MB7137 is IP67 proof
and better quality than the sensors used in most projects, which is re-
Tected in its high price.

Trash Bin Level Measurement Unit (TBLMU) is a fullness monitoring
sensor built on a specifcally designed circuit board (Ramson et al.,
2021). The module is based on Atmel ATmega 2560 microcontroller and
deploys ultrasonic and GPS sensors. It uses LoRa for wireless commu-
nications, is enclosed in IP67 compliant enclosure, and has extended
battery life with a solar panel, which is suffcient to recharge the battery.
The used MB1010 LV-Maxsonar-EZ1. It is a low-cost, high-performance,
and stable ultrasonic range detector with quality beam features, but it is
not waterproof, which somewhat neglects the benefts of IP67 enclosure.
The cost for the parts for the TBLMU sensor is 161.85 usd. Further, the
expertise and work for tailored electronics requires skillful resources.

Another smart bin sensor node for fullness monitoring was built on
specifcally designed circuit board (Mustapha et al., 2021). The module
is based on a PIC18F2550 microcontroller and deploys ultrasonic,
temperature/humidity, and GPS sensors. It uses GSM/GPRS for wireless
communications and is enclosed in a plastic enclosure. The battery life is
not evaluated, but it is mentioned that solar panels could be used in the
future. The used HC-SR04 ultrasonic distance sensor is popular among
hobbyists, but as the sensor itself if not waterproof, it is not suitable for
real world outdoor applications.

Further, a smart bin sensor node for fullness monitoring with a
tailored design was proposed (Addabbo et al., 2019). The sensor node is
based on ATMega328 P microcontroller and deploys ultrasonic, tem-
perature, and tilt sensors. The wireless connections are enabled by a
Libelium SX1272 LoRa module. The complete electronic circuitry is
enclosed inside an IP65 ABS plastic enclosure with a hole for the ul-
trasonic sensor. The theoretical battery life of the sensor was estimated
to be up to 500 days with a measuring frequency of 1 h. The system was
successfully tested with four sensors for about three months.

In conclusion, the literature review shows the lack of viable sensors
for long-term data collection. The four most prominent sensor modules
are yet considered expensive, or are not waterproof, or not fexible, i.e.,
require somewhat complicated electronic circuit design and higher-level
embedded system programming. These can be insurmountable obstacles
for researchers with limited resources. The number of Arduino-based
sensors in the research indicates the easiness and affordability of the
tools. Correct tools can bolster the research where the actual novelty
comes from the collected data or system development, not from the
development of tools such as electronics. l.e., to allow researchers to
focus on research and scholarship rather than on the development of
tools (Lee et al., 2018). This need for effective development and testing
of new loT solutions has been pointed out in several scientifc publica-
tions and (Lee et al., 2018; Martikkala et al., 2021a, 2021b). From that
perspective, the question is more about the usability of the tools.
Therefore, the development and testing of a feasible sensor is proposed
to provide results for research gaps (ii) and (iii).

The remainder of the paper is organized as follows. Section 3 pro-
vides the research methodology and background for system develop-
ment and route optimization analysis. Section 4 presents the results
obtained from the work and discusses the implications and proposes
future improvements. Section 5 concludes the paper and summarizes the
results.

3. Material and methods
This work adopts the DIKW (Data, Information, Knowledge, and

Wisdom) pyramid. In the DIKW pyramid, each level is defned in terms
of the level below it, eventually leading to wisdom. The idea of three
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cornerstones as models, tools, and techniques is adopted (Lobov, 2018).
These are defned in Fig. 1. The tools are the base for building the so-
lution. Further, the techniques are used as instructions towards a solu-
tion, such as which tools to use to create the models. Finally, leading to a
solution using low-cost data collection, analysis, and simulations
resulting a comparison that shows the benefts of smart textile
collection.

The DIKW methodology is in line with the research gaps: (i) what is
the reduction in costs by using loT/route optimization approach for the
textile collection, (ii) real-world data is rarely used in research regarding
the optimization of solid waste collection, (iii) the viability of Fexible,
low-cost tools needs to be proven/improved. These gaps are illustrated
in Fig. 2, followed by methods to Fll the gaps. The hypothesis that a lack
of suitable sensors for data collection results the lack of real-world data
implementations in optimization of solid waste collection is an interim
result to Fll the gap. This hypothesis is supported with evidence from a
literature review.

According to research gap (ii) real-world pilots are requested to
complement research in smart waste management. However, a full real-
world pilot implementation is outside the scope of this work. The ben-
efts of smart bins with route optimization are evaluated with simula-
tions based on the real world. Further, this work qualifes a set of viable
tools for long-term data collection for future research on the topic. l.e.,
the proposed system could be extended beyond proof-of-concept with
more extensive installations.

As described, the methodology includes a two-step approach. First, a
smart bin 10T system is developed, which consists of fullness sensors,
databases, and visualizations to offer a better test setting. Using such
tools also supports the envisioned wider potential of affordable 10T by
developing the system utilizing low-cost and open-source IoT hardware
and software. Secondly, the benefts of the smart bins with route opti-
mization are investigated with a simulated case study that is based on
the collected real-world data. The results will present and discuss the
environmental and economic sustainability potential.

3.1. The smart bin loT system

Following the outlined methodology, the smart 10T system is
developed. The system is based on low-cost and open-source tools. It
covers the sensor development, as well as tools for interoperability be-
tween the different parts of 10T system architecture. Communication is
the most crucial part in loT (Atzori et al., 2010). Therefore, the sensor
development is started from defning a suitable hardware platform from
the perspective of wireless data transfers. Consequently, the sensors are
based on low-cost Heltec CubeCell development boards with LoRa
communication capabilities, shown in Fig. 4. The detailed bill of mate-
rials for the sensor and the costs are shown later in Table 1. The CubeCell
boards can be easily programmed with Arduino IDE and used with a
large variety of compatible sensors. Finally, the power consumption
(—12 pW) in hibernation is low, which makes them especially suitable
for the case.

The distance sensors drain power only when measuring as they are
powered via controllable Vext pins of the CubeCell. The selected laser
sensor is adopting 12C bus for communications, whereas the ultrasonic
sensor can be connected to any digital 170 pin to calculate the distance
based on the time between the trigger and echoed signal. Further, the
electronics are installed inside a waterproof enclosure with sealed holes
for the waterproof sensors.

The architecture of the smart bin monitoring system is shown in
Fig. 3. The local low-cost InfuxDB database on RP may not be reliable
enough to store data for long periods; therefore, a Google Firestore cloud
database is used as a backup. Further, the collected data is presented in
real-time with an open-source Grafana visualization tool run on RP. The
data collection is done with the Heltec CubeCell based sensors connected
to a nationwide LoRaWAN network provided by a Finnish transmission
network operator Digita. However, it is possible to set up a LoRaWAN



A. Martikkala et al.

-RXUQDO RI (QYLURQPHQWDO ODQDJHPHQW

Fig. 1. DIKW pyramid in three cornerstones.

Fig. 2. Research gaps to results.

Table 1

The cost of single sensor module.
Item Cost [eur]
Heltec CubeCell LoRa development board 10
Laser sensor - TOF200F VL53L0X 11
Battery holder for 2 AA batteries 0.81
Enclosure, IP67 7
Total cost [eur] 28.81

network with own gateways by adopting The Things Network, a
crowdsourced, open, and decentralized LoRaWAN network. The LoR-
aWAN network provider Digita uses ThingPark platform for managing
the sensors and the sensor data destinations. The data from the system is
sent in a specifc JSON format that is not supported by InfuxDB or
Google Firestore. Therefore, a middleware (Martikkala et al., 2021a,
2021b) is adopted to parse the data and support the APIs of InfuxDB and
Firestore. In the future, a real-time route optimization could be con-
nected to the system by adopting either one of the databases.

3.2. Case study with ODL software

The benefts of route optimization are estimated by a case study
based on the real locations of the bins and generated data. The case
study compares two different collection schemes named as fxed and
dynamic. In the fxed scheme, the textile bins are emptied with fxed
scheduled trips, whereas in the dynamic scheme, the collection is done
based on the fullness of the bins.

Route optimization can improve the collection by reducing operating
time and fuel consumption, resulting more cost-effective and environ-
mentally friendly routes (Exposito-Marquez et al., 2019). The two
schemes are compared using open-source Open Door Logistics (ODL)
software. It adopts Graphopper routing library and uses contraction
hierarchies to optimize routes. Inputs such as geocode location, waste
quantity in each bin, service time, capacity/time constraint are used.
The results will show the optimized collection, including travel time,
service time, distance, and cumulative waste quantity in each case. The
costs are calculated separately by adopting the exported results from
ODL. The following formulas are used for the calculations.

Fig. 3. Technical architecture of the smart bin monitoring system.



A. Martikkala et al.

-RXUQDO RI (QYLURQPHQWDO ODQDJHPHQW

Fig. 4. The clothes collection bin with vertical and horizontal sensors installed, the CubeCell based laser distance sensor, and a Raspberry Pi based local server.

3.2.1. Amount of waste transported per km

The collection times are Fxed for the conventional scheme, whereas
the dynamic scheme may have more or fewer trips depending on the
Flling rate of the bins. This situation could lead to different amounts of
waste being collected within the timeframe. Therefore, the amount of
waste transported per km (myy,) is used to compare effciency between
these two collection schemes as shown by equation (1). Where my; and
diot are total waste collected (kg) and distance (km) traveled within the
period of observation, respectively.

-— @

In addition to myn,, physical parameters as waste overfow, total time,
and average flling rate are compared between these two collection
schemes. Waste overfow (kg) indicates the total excess waste the bin
cannot contain on the collection day. The reusability or recyclability of
textile waste depends on its quality. Moisture and mold can occur in
textile waste even when it is stored inside a metal container. Total time
(hours) shows the time required to collect and transport textile waste,
whereas average Tlling rate refers to the average occupancy of the bins
on the collection day.

3.2.2. Collection cost in total

The collection cost is used as an economic parameter to compare
conventional and dynamic collection schemes. For a fair comparison,
the economic implication per kg waste (Cyg) is used, as shown by
equation (2).

_ + + + N @

Where my,; and UR are total waste (kg) and total usage rate of bin (kg)
within 4 weeks period, respectively. The total costs consist of different
components as vehicle cost, bin cost, fuel cost, labor cost, and sensor cost
(when applicable).

3.2.3. Vehicle cost

Vehicle cost consists of capital costs, insurance, and maintenance
costs. The insurance and maintenance costs are defned as 7% and 1.4%
of capital cost, respectively (Martinez-Sanchez et al., 2015). Equation
(3) calculates the annualized capital cost (A).

= (3

Where P, r, and | refer to the vehicle purchase cost, interest rate, and
a vehicle’s lifetime, respectively (Sgrensen et al., 2004). The annualized
amount is converted for a 4-week observation period.

3.2.4. Bin cost

Bin cost is estimated by calculating the investment cost of purchasing
a textile waste metal container. Equation (4) is used to calculate bin cost
(Bingost). Here Cpin, Lspin, and nyin represent the price of a bin, bins’

lifespan, and the number of bins, respectively.
= @)

3.2.5. Fuel cost

Fuel consumption cost consists of idle and travel fuel. The former
occurs when the vehicle stops to empty the bin or to transfer the textile
waste at the transfer station. The latter is caused by the collection and
transportation of the textile waste. To estimate the cost of fuel con-
sumption, equation (5) is used.

=( : + : ): 5)
Where FCige and FCyave are fuel consumption while the truck is idle
(liter/hour) and traveling (liter/km), respectively. Whereas idle time;
travel distance; and Cgiese indicate the time when the truck idling (hour),

the distance when the truck travels (km), and the price of diesel (€/liter),
respectively.

3.2.6. Labor cost

The average of labor wage is estimated to be 25 €/hour, with two
workers in charge whenever the waste is collected. Equation (6) shows
how to calculate labor cost where wage; time; and n represent the
driver’s wage (€/hour), the total time spent (hours), and the number of
workers, respectively.

= : : (6)

3.2.7. Sensor cost

Sensor costs consist of the investment cost, installation cost and
maintenance cost. It is assumed that annual maintenance cost is 7% of
capital cost and installation time is 20 min, and labor cost for installation
is 25 €/hour. Equation (7) shows the estimation of sensor cost
(Sensorcost). Here Ceensor is the sum of capital and installation costs and
total maintenance costs. Lsgnsor @and n are the sensor lifespan and number
of bins, respectively.

=— @)

3.2.8. Sensitivity analysis

Perturbation analysis is applied to investigate the effect of modifying
the inputs with regards to the results. Cost-related input parameters are
tested by adjusting their value by 10% one at a time while maintaining
all other parameters the same as the baseline values. These parameters
include vehicle cost, labor cost, bin cost, fuel cost, and sensor cost. The
results obtained from perturbation analysis are applied to calculate the
sensitivity ratio (SR) using equation (8). SR indicates the ratio of two
relative changes involving the relative change in the input parameter
and results (Bisinella et al., 2016).
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4. Results and discussion

First, a novel system for textile collection bin monitoring and data
collection is developed. The system is based on low-cost and open-source
tools, is relatively easy to implement, has suitable wireless connections,
and is maintenance-free without mains power. The development of
suitable sensors for long-term data collection often requires too many
resources and therefore becomes impractical for most researchers.
Further, the available commercial sensors are usually designed to be
used with some specifc system and are sold as a service with a complete
10T platform. Such tools do not support research projects where Fexible
case-specifc tools are needed.

Secondly, the economic assessment of route optimization between
conventional and dynamic collection of textile waste is presented by a
case study. Conventional collection implements a Fxed schedule of the
collecting feet, whereas dynamic collection employs level sensors to
provide real-time information regarding bins’ Flling rate to adjust the
collection schedule. The case study aims to provide information
regarding the potential of using smart bin sensors and route optimiza-
tion from an economic and environmental perspective.

4.1. Development and utilization of open loT to monitor waste collection

Three different types of sensors shown in Fig. 4 were tested on the
Feld: 1) a vertical ultrasonic sensor, 2) a vertical laser sensor, and 3) a
horizontal single-limit laser sensor. The vertical sensors are attached
over the textile waste to measure the height of the pile. Correspondingly,
the horizontal laser sensor on the door is used to verify the results of the
vertical sensors. The tests showed that the ultrasonic sensor was unre-
liable with soft textiles inside the bin. However, the vertical laser sensor
was found to be viable. Consequently, vertical laser sensors were
installed inside four textile collection bins to collect fullness data. These
four bins are located in Seindjoki (a city in western Finland), where one
is a movable collection bin, and rest three are bigger stationary bins.

The bin monitoring relied on the low-cost CubeCell based laser
sensors and the RP server shown in Fig. 4. Nonetheless, the data was
successfully collected during a six-month test period from January to
July. However, the continued tests showed that the sensors can run
without a battery change for over twelve months. The sensor inside the
movable bin also collected data for six months, but the bin was not used
during the collection period. All in all, during the test period, valuable
data was collected with three sensors for six months.

The collected data was transformed into fullness percentages and
turned into a cumulative format by considering the increments in the bin
fullness. The variations under 5% (corresponds 6 cm in distance) were
dismissed from the data as measuring errors. The described manipula-
tion was conducted on the successfully collected data from the collection
bins. Fig. 5 presents the resulted cumulative accumulation of the textile
from three bins from January to July. In the cumulative format, 1 unit
(as 100% fullness) represents a full bin. Therefore, a simple calculation
from the six-month period with a cumulation of 25 units suggests that
the bin should be emptied at least 50 times per year.

The fact that sensors have been running continuously with two AA
batteries for so long is convincing as they were used in outdoor condi-
tions during the Finnish summer temperatures of +-30 °C as well as in the
cold winter temperatures below —20 °C. This supports the fndings that
the trends indicate that open hardware manufacturers are putting more
emphasis on reliability and even on industrial use (Martikkala et al.,
2021a, 2021b). The results undoubtedly increase confdence in the
low-cost and open-source solutions based on affordable development
platforms. Heltec CubeCell with low-cost sensors has been proven to be
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Fig. 5. Cumulative accumulation of textiles derived from the collected
sensor data.

quite a reliable combination for long-range wireless 10T data collection
implementations. The system can be considered affordable as the soft-
ware tools used are open source or free, whereas the hardware cost of
Raspberry Pi is around 50 eur, and the cost of a single sensor is under
29eur. The detailed costs of the sensor module are presented in Table 1.

In conclusion, Frstly, this result offers a solution for the interim
research gap, i.e., a lack of viable tools for data collection, as well as
makes its part in showing the usability/reliability of low-cost 10T de-
vices. Most of the developed sensors according to the literature review in
scientifc publications are not viable. l.e., cannot run without mains
power for several months or they lack long-range wireless connectivity
or are too expensive, etc. This paper proposed a system that overcomes
the limitations.

The collected fullness data is converted into textile weight by
considering the size of the collection bin and the weight of the textile.
However, the textiles are piling and are not packed tightly inside the
waste bin. Further, as the textiles are dropped from one side of the bin,
the total free volume of the bin cannot be assumed to be fully utilized.
Consequently, we use the textile density of used clothes 133.5kg/m3 and
the volume of 0.24m3, which is the same as standard wastebin (Envi-
ronmental Protection Agency, 2006, 2016). This corresponds to the
effective volume in practice. Hereby 1 unit (full bin) in the bin fullness
corresponds to 32 kg of textiles. Further, according to the data, the
average Flling rate from the bin is 4,3 kg of textile per day. This means
that on average, it will take 7.4 days for the bin to get full.

4.2. Route optimization for enhanced economic and environmental
performance

Route optimization is used to demonstrate the potential of using lIoT
for collection bins. The performance of dynamic and conventional
collection is evaluated based on physical and economic indicators in
relation to the deployment made in Seingjoki area in Finland. The goal is
to calculate the reduction in cost by using loT/route optimization
approach for the textile collection. It considers all the costs related to the
textile collection as well as the costs of the smart bin system.

4.3. Cost calculation

4.3.1. Case study: Seindjoki smart textile collection

This research simulates dynamic and conventional textile waste
collection in a case study to illustrate the potential differences that
occurred due to using waste bin fullness sensors. The illustrative case is
from Seingjoki, a city with a population of 64,000 and land area of 1432
km? located in Southern Ostrobothnia province. The real locations of ten
textile collection bins are used. Six of the bins are located around the city
center, and the other four are in the outskirt area. Each bin has a ca-
pacity of 240 L (0,24m3), which equals 32 kg.



A. Martikkala et al.

According to the collected real-world data the Flling rates seem to be
quite linear. Further, it was calculated that on average, it takes 7.4 days
for the bin to get full. Hence, this study assumed that the conventional
collection would collect the textile waste once a week. The Flling rate of
the bins is estimated twice a day for total 28 days by generating random
number that follows the pattern of the data shown by the sensor. Since
the variability was found among the three sample bins and in each bin
from month to month, we replicated it in our case study by differing the
Flling rate pattern of the bins. Six bins that are located around the city
center were assumed to be fully occupied or even overfow by the end of
day seven, whereas the other four bins will be Flled for about half of the
total capacity.

In the conventional scheme, the truck will collect the textile waste
from each bin by the end of day seven, regardless of the bin occupancy
(some may be overfow or underutilized). For the dynamic collection, it
was assumed that the actual Flling rate is reported twice a day, in the
morning and evening. At the evening report, the bins with a Flling rate
of around 90% will be marked for the next morning collection. The
collection route will be determined in the morning before collection by
additionally considering other bins that reach at least 80% flling rate to
make the route more effcient. Service times in each bin and transfer
station were ten and 20 min, respectively. The illustrative case was
simulated for four weeks in both conventional and dynamic collections.

4.3.2. Route optimization

The Fndings showed that the conventional scheme resulted a longer
collection distance compared to the dynamic scheme. The conventional
scheme had four trips during the observation period and used the same
routes for each trip. It resulted 40 stops at the bins and four stops at the
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transfer station. The dynamic scheme resulted six trips shown in Fig. 6,
where each trip collected textile from different bins. Within this scheme,
there were 31 stops at bins and six stops at the transfer station. Since
each trip emptied different bins, the routes became dynamic and were
optimized each time the collection was performed.

Moreover, dynamic collection resulted improved loading rate of the
collection truck compared to conventional. It also increased the waste
transported per distance from 1.47 kg/km to 1.65 kg/km for the con-
ventional and dynamic schemes, respectively. Operating time, including
the travel time and service time was similarly decreased in the dynamic
scheme. The conventional scheme’s service and travel time were around
8 h and 10.8 h, respectively. In dynamic collection, there were six trips
within the four weeks where each collection involved different bins. The
number of bins emptied in each trip of dynamic collection was ranging
between 2 and 4 bins. It resulted a service time around 7.2 h and a travel
time for about 9 h.

Table 2 displays the summary of route optimization in both con-
ventional and dynamic collection within four weeks. The percentual
change from conventional collection to dynamic collection is calculated.
However, these two schemes are not fully comparable as different
guantities of textiles were collected in each scheme. Therefore, the dif-
ference percentages for the number of trips, distance, time, and fuel
consumption are normalized with respect to the weight of the textile
collected.

The average flling rate was calculated using the Flling rate of the
bins when the collection occurs. Whenever the bin is overfowed, the
average Flling rate is assumed to be 100% since it should not exceed the
maximum occupancy of the bin. Conventional scheme showed lower
occupancy rate since we assumed that some bins have slower Flling rates

Fig. 6. Optimized route of dynamic collection: a. Trip 1, b. Trip 2, c. Trip 3, d. Trip 4, e. Trip 5, f. Trip 6.
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Table 2
Summary of results of conventional and dynamic collection.
Item Unit Conventional Dynamic Difference
%
Number of trips 4 6 +61.32% *
Total distance Km 675.2 557.5 —11.20% *
Total time Hours 18.8 16.2 —7.33% *
Fuel consumption Liter 268.3 224 —10.21% *
Waste quantity Kg 989.4 920 7%
Waste transported per Kg/ 1.47 1.65 +12%
distance km
Waste overfow Kg 10.6 2.3 —78%
Average flling rate of the % 75 92 +22.67%
bin

* The difference per kilogram of textile collected.

and conventional scheme will still collect the textile regardless the bin
occupancy. Whereas dynamic scheme had a threshold value for bin
occupancy so that the collection would target the bins that were almost
full. As a side effect, this was also found to reduce the bin overfow.
Further, the decrease in fuel consumption is directly related to the
decrease in CO2 emissions (Ghahramani and Pilla, 2021). Consequently,
the decrease in CO2 emissions is shown to be 10.2%.

4.3.3. Cost analysis

The total collection costs within four weeks for conventional and
dynamic collection were around 1575.5 € and 1361 €, respectively.
These values were translated into 1.61 €/kg and 1.51 €/kg for conven-
tional and dynamic collection, respectively. Fig. 7 shows the cost items
of both collection schemes. Both schemes showed that labor wage
contributed highest to the total cost for about 59%, followed by fuel cost
and vehicle cost around 22% and 17%, respectively. For the dynamic
collection, adding sensor and its software did not increase the cost
signifcantly, where its contribution to the total cost was around 1.1%.
In conclusion, with smart bins and route-optimization the cost of
collected textile waste per kg is reduced by 7.4%.

4.3.4. Sensitivity analysis

The most sensitive parameters were investigated by calculating
sensitivity ratio (SR). Each parameter was increased by 10% while
holding the rest constant. If SR shows value of 2.5, it implies that a 10%
increase in a particular parameter will increase the cost by 25%. Fig. 7
shows SR of Fve parameters against the collection cost.

There was only a slight difference between dynamic and conven-
tional collection as seen in Fig. 7. Moreover, the patterns obtained in
both collection schemes were comparable. The SRs for both schemes
were ranging around 0.01-0.59. The most sensitive parameter was labor
cost where a 10% of it will result around 5.9% increase in the total cost
in conventional and dynamic collection. For conventional scheme, the
least sensitive parameter was bin cost in which a 10% increase of bin
cost would drive up the cost for about 0.2%. Meanwhile, sensor cost was
found to be the least sensitive parameter in dynamic collection, where
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the increase in its price would make the total cost increase around 0.1%.
Conducting an assessment of the most critical parameters is important to
deal with uncertainties caused by price Fuctuation of different items.

4.3.5. Comparison with previous studies

The comparison of previous work in Table 3 shows quite a lot of
variation in the results. For a comparison, a decrease of 15% in costs
(Fujdiak et al., 2016) and 47.77% decrease in fuel costs (Akhtar et al.,
2017a, 2017b) were calculated. However, a shown decrease only in fuel
cost does not include the other costs as sensors and labor. The decrease
of 7.5% in cost according to this study is substantially less than in the
referenced studies. Nonetheless, the other studies were showing the
benefts of route optimization in the collection of municipal waste rather
than textile waste.

Moreover, the decrease in cost is affected by the use case, i.e., the
number of bins, topography/roads, and the rate of waste accumulation,
etc. This means that the results in the literature of different methods
used for the optimization of waste collection are not directly compara-
ble. Ideally, one could compare mentioned route optimization methods
by taking each method and applying it in different setups tried by the
other methods. However, the value and contribution of this paper is not
in direct comparison of methods but highlighting the possibilities and
performance for route optimization with smart bins. The thorough
comparison between different approaches can be a research topic itself
and a part of a future work.

5. Conclusions

Following outlined methodology (Fig. 1) and research gaps (Fig. 2),
the paper presented an 10T solution (Fig. 3) deployed to the curbside
textile collection bins. For this, corresponding tools, models, and tech-
niques were developed and integrated to support the target application
of smart collection for textile. Waste collection is typically based on a
Txed schedule to collect waste from the bins. Such practice has draw-
backs as the waste generation is irregular and diffcult to predict. This
study investigated the benefts of a smart bin IoT system combined with
a dynamic collection scheme for textile waste collection. Real-world
data and long-term real-world implementations are rarely present in
research regarding the optimization of solid waste collection. It was
found that Arduino and Raspberry Pi are largely used for data collection
due to their low-entry barrier, fexibility, and low cost. However, the
majority of the developed sensors are not suitable for long-term bin
fullness monitoring, which could be the reason behind the gap.

Therefore, Fexible low-cost tools were used to develop a viable
monitoring system. The developed sensors are based on Arduino-
compatible Heltec CubeCell development boards and laser distance
sensors inside an IP67 enclosure. Here the total cost of one sensor stayed
under 29eur. The reliability and power consumption of the sensors were
convincing as the sensors stayed operational for over a year and survived
through the cold winter and warm summer temperatures in Finland. The
result strengthens the credibility and possibilities of low-cost and open-

Fig. 7. Cost items for conventional and dynamic scheme and Sensitivity ratio of input parameters to the costs.
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Table 3
Comparison of results with previous studies.
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Authors Distance Time Fuel Emissions Costs Overall effciency
Bakhshi and Ahmed (2018) up to —26% up to —18% up to —46% —18 to —63.4%
Amal et al. (2018) —8% —28% —3%

Fujdiak et al. (2016) —15%

(Akhtar et al., 2017a, 2017b) —36.8% —50% —44.68% —47.77% (fuel) on average —36.78%
Castillo et al. (2021) —11.49% to —25.9% —17.60% to —29.41%

Our work -11.2% —7.33% —10.2% —10.2% —7.4%

source tools in data collection and 10T system development. The
collected data showed the textile generation with the bins to be quite
linear. Further, according to the data, the average flling rate from the
bin is 4,3 kg of textile per day. This equals to that on average it will take
7.4 days for the bin to get full.

The economic and environmental feasibility of the level sensor
implementation is demonstrated through a case study with real textile
bin locations and data generated based on real-world sensor data. Two
different collection schemes, named conventional and dynamic were
simulated, and the results were compared. Most of the studies in the area
are focusing on the reduction in operating hours, distance, and fuel
consumption. For better decision-making, such physical indicators must
be converted into monetary indicators. This work showed that dynamic
collection had shorter travel distances and fewer stops, which translated
into reduced operating time, fuel consumption, and cost. Most impor-
tantly, the four-week observation showed that the collection cost per kg
of waste for the dynamic scheme was around 7.4% lower than for the
conventional one. Similarly, the CO2 emissions were observed to be
reduced by 10.2%.

According to the results, the monetary benefts of dynamic route
optimization for textile recycling businesses are clear. In a fully opera-
tional smart waste collection system, the additional costs of level sensors
are insignifcant compared to the other costs related to the textile
collection. Moreover, there is an indirect beneft as the overfow of the
bins is less likely to occur. Further, improved effciency in the textile
collection makes it more proftable and can increase the share of textiles
being recycled. It is known that the convenience of recycling affects the
behavior of people. With smart waste collection, the utilization of a
larger number of bins could be proftable, which would also bring the
collection closer to people. Future research could investigate if the dy-
namic collection makes it possible to increase the number of bins and get
even more beneft from the optimization. l.e., what would be the
optimal number of bins with conventional and dynamic waste
collection.

Further, for future work, a more extensive installation of sensors is
proposed. A comparative study adopting a fully operational smart waste
collection system with real-time route optimization would confrm the
results of the simulations. The employment of such a system for research
would now be easier as the affordable tools proposed in this paper were
proven to be reliable. Also, for deeper understanding, the different ap-
proaches for route optimization should be tested in various environ-
ments. Moreover, the proposed loT system for data collection could be
effortlessly applied to other use cases, possibly with other types of
sensors attached. Such work would strengthen the results of the reli-
ability of the Fexible low-cost tools for loT.
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