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ABSTRACT

Accurate orbit prediction plays a significant role in many space geodesy applications, including space situational awareness,
orbital maneuvers, and satellite navigation in real-time scenarios. The traditional orbit prediction approach includes analytical
and numerical algorithms to accurately propagate the satellites’ state and associated uncertainties. However, these methods are
based on limited dynamic models and may have limitations in accurately capturing the complex dynamics of satellite motion.
With the rapid growth in computing power and the development of advanced machine learning (ML) and deep learning (DL)
algorithms, there has been growing interest in leveraging ML algorithms to enhance orbit prediction accuracy. In this study, we
investigate the potential of using different ML algorithms for the orbit prediction of low Earth orbit (LEO) satellites. We also
extend our analysis to medium Earth orbit (MEO) satellites. LEO Swarm-A satellite’s precise orbit products and MEO GNSS
satellites’ final ephemeris products are used. The datasets are pre-processed and used in training various ML models. The ML
models are then used to estimate the position and velocity of the LEO and MEO satellites. The accuracy of both LEO Swarm-A
satellite and MEO GNSS satellites’ using various ML models are compared and discussed. Overall, the standalone ML-based
method holds significant promise for improving orbit prediction accuracy and reliability for SWARM-A satellite and GNSS
satellites, ultimately enhancing the performance and efficiency of space-based applications and services.

Keywords - Orbit prediction; Low-Earth-Orbit; Medium-Earth Orbit; Global Navigation Satellite Systems; Machine Learning;
Ephemeris

I. INTRODUCTION

Highly accurate orbit prediction is indispensable for a wide range of applications in space geodesy [1]. With the advancements in
ground-based and space-based technology, near-real-time and real-time services have been developed requiring high-accuracy
orbit prediction. Mission design, orbit determination, payload data analysis, satellite navigation and positioning, and other
applications such as real-time navigation, atmospheric monitoring, and precise point positioning require a high-precision
satellite orbit prediction [2], [3], [4], [5], [6].

The traditional method for satellite orbit prediction relies on physics-based models, which include solving the differential
equations of motion using either analytical or numerical methods. The numerical method involves integrating the equations of
motion to predict the satellite orbit [7]. The main advantage of using the numerical method is that the orbit prediction is highly
accurate compared to other methods, being suitable for complex scenarios but computationally demanding. On the other hand,
the analytical method provides the position and velocity of the satellite at any point in time [8]. It is a commonly used method
for orbit prediction and is computationally efficient. However, the disadvantage of the analytical method is the challenge to
derive higher-order solutions, leading to less accuracy in predicting the satellite orbit compared to the numerical methods. In
addition, a combination method known as the semi-analytical method involves complex perturbation effects, which are then
transferred by the analytical method [9]. Although faster computational results can be obtained compared to the numerical
method, a trade-off between accuracy and agility should be analyzed.

Various analytical and numerical method propagators are used to propagate the state of the satellites and its associated
uncertainties [10]. Multiple sources of perturbing forces such as Earth’s non-uniform gravitational field, solar radiation
pressure, and attraction of the sun and moon are taken into account to various extents [11]. The simplified general perturbations
(SGP4) algorithm is an analytical propagator which uses the two-line element (TLE) files to generate the ephemeris. TLE
includes a set of mean orbital elements that defines position and velocity of the satellite at a reference epoch without needing
to calculate each intervening state [12]. Higher order terms are omitted in SGP4 due to the intricacy of the equations of
motion of orbital mechanics. Therefore, with analytical methods purely based on limited dynamic models, it is not suitable
for all positioning, navigation and timing (PNT) applications requiring high accuracy [11]. On the other hand, high-precision
orbit propagators (HPOP) are numerical propagators incorporating detailed force models, taking into account the higher-order
terms that are omitted by SGP4. Though the numerical integration technique yield orbit predictions accurate to within meters,
it requires the computation of the object’s state vector for each time step increment. Thus, numerical methods require large
quantities of accurate data and computation capabilities, which are often not existing for many satellites. [13] Therefore, it is
challenging to establish an accurate physics-based model using analytical and numerical methods and predict the satellite orbit
with high accuracy.

Considering the rapid growth in computing power, advanced machine learning (ML) algorithms can be used for predicting
the LEO and MEO satellites’ orbit. ML offers new modeling strategies for orbit prediction methods. ML models learn the
underlying pattern based on a large amount of data and predict future events [14]. This data-driven approach enables ML
models to capture dynamic and unstable environments, handle nonlinear relationships, and improve accuracy by identifying
correlations that are difficult to model using the conventional techniques. The ML approach has been beneficial in a wide range
of applications [15, 16] and especially in the aerospace field [17, 18, 19, 20].

In this paper, we aim to apply ML techniques for the orbital accuracy of LEO satellites. A simple yet efficient method for
modeling the relationship between input variables are provided by utilizing ML model. Based on the training of various ML



models using historical satellite orbit data, we develop a predictive model capable of estimating the positions and velocities of
the LEO satellite, thereby reducing the root-mean-square error (RMSE) of orbit predictions. Therefore, the primary objective is
to assess the feasibility and efficacy of utilizing different ML techniques for orbit predictions of LEO satellites and improving the
prediction accuracy quantified by RMSE. To evaluate the robustness and versatility of our proposed method using different ML
models, we also extend our analysis to MEO satellites and highlight any potential differences between LEO and MEO satellite
predictions. We implemented various ML algorithms such as KNeighbors Regressor (KNR), Random Forests Regressor (RFR),
linear regression (LR), and polynomial regression (PR), and aimed to demonstrate the effectiveness of different ML models and
compare their performances.

The remaining parts of this article are organized as follows. In Section II, the related works are presented with respect to the
orbit prediction carried out using various approaches. Section III presents the strategy used in this research work to assess the
ML models for orbit prediction of LEO and MEO satellites. In Section IV, detailed information on the data preprocessing and
preparation is provided. Section V discusses the ML models implemented to improve the orbit prediction accuracy, while section
VI presents the results and evaluation of the ML models for both the LEO and MEO satellites. In Section VII, conclusions are
summarized, and future research are suggested.

II. RELATED WORKS

From the existing studies, different approaches have been implemented to improve the orbit prediction accuracy. In [13], the
authors proposed a batch least-squares method, in which differential corrections are applied to objects in the two-line element
(TLE) catalog. Using a high-precision numerical propagator, the orbit is fitted to the state vectors obtained from consecutive
TLEs. The predicted range error increases at a typical rate of 100 m per day. In [5], the authors proposed a method to improve
the computational efficiency of numerical propagators for orbit propagation of Molniya satellite while maintaining the required
accuracy levels. It aimed towards optimal balance between accuracy and computation by adjusting the number of geopotential
spherical harmonics retained during integration, thereby ensuring that the numerical propagator achieves the required accuracy
with minimum computational cost. In [21], the authors utilized an analytical orbit model to analyze the precision of orbit
prediction for MEO and LEO satellites. The orbit prediction was validated using a high precision laser ephemeris and obtained
an accuracy of several hundred meters in a 1-day orbit prediction and not more than 10 km in 7 days. In addition to the
traditional methods, [22] introduced a novel approach in orbital modeling by utilizing data-driven techniques to forecast the
orbital parameters. Using historical orbital data, the novel predictor system upon training constructs new TLEs near the desired
prediction time. The initial results using a simple predictor system demonstrate comparable or better accuracy than traditional
SGP4, particularly when predicting two weeks beyond the available data.

In [23], the authors discuss the Earth rotation parameters (ERPs) predicted by different services to analyze their impact on
ultra-rapid ephemeris prediction of GNSS. A real-time correction method is proposed to reduce the impact of the ERPs on
GNSS ultra-rapid orbit prediction products. Experimental results demonstrated significant accuracy improvements when using
the proposed correction method. In [24], the authors introduced an error analysis approach based on historical data and the
periodic characteristics of the orbit prediction error. The error fitting is carried out by introducing the Poisson series. In [25], two
methods aimed to overcome the challenges caused by the memory and computing time required for orbit prediction procedures
by providing an analytical representation of numerical orbits.

Based on ML approaches, the three most common types that have been studied include supervised learning, reinforcement
learning, and unsupervised learning [15]. In [26], the authors discuss challenges in achieving accurate orbit prediction due to
limited information about space object’s trajectories and operating environments. It highlights the shortcomings of physics-
based models and the lack of accuracy in TLE-based prediction techniques. The approach for orbit prediction makes use of
ML techniques, particularly curve fitting and Long Short-Term Memory (LSTM) models trained using TLE data. In [27],
a novel hybrid model was implemented combining the SGP4 with two ML estimators, the autoencoder and random forest.
This approach aims to reduce errors in SGP4 propagators caused by incomplete perturbation forces and low-order of series
expansions. The applied ML estimators model enabled the correction of the time-series nature of error patterns, resulting in
more accurate orbit predictions. The hybrid model, tested on three satellite objects with corresponding TLE data, achieved a
20-30% improvement in orbit prediction accuracy over a 30-day period. In [28], orbit prediction on GNSS constellations in the
medium Earth orbit (MEO) using different ML and DL algorithms was analyzed for improving the accuracy of the ultra-rapid
products from IGS. Utilizing Long Short-Term Memory and Gated Recurrent Unit, an average improvement of 40% in 3D RMS
was obtained within the 24-hour prediction interval of the ultra-rapid products.

In [29], the Support Vector Machine (SVM) was used to improve the satellite orbit prediction accuracy making use of two
publicly available data to validate the proposed ML approach, namely the TLE catalog and the International Laser Ranging
Service (ILRS) catalog. In most cases, the results showed that the designed dataset structure and SVM model can improve
the orbit prediction accuracy with good performance. Further, in [30], three machine learning approaches are investigated to
improve the orbit prediction accuracy in a simulation environment, namely SVM, artificial neural network (ANN), and Gaussian



processes (GP). ANN showed better approximation capability compared to SVM and GP.

In addition to the aforementioned studies, numerous other research focused on enhancing the precision of orbital propagation
models through the application of ML techniques [31, 32, 33]. These investigations have demonstrated that ML methods can
predict accurately while maintaining the orbit propagation model using historical data with limited resources. Nevertheless,
each of the techniques have its own strengths and limitations based on factors such as data types, sizes, and dataset behavior.

ML has also been extensively used for the orbit determination and orbit prediction of LEO satellites. LEO satellites have the
potential to deliver several benefits over MEO satellites in terms of PNT, as well as location-enabled communications [34]. In
[11], a hybrid analytical-ML framework was developed for improved LEO satellite orbit prediction. It includes three stages as
follows: 1) initial estimation of LEO satellite’s states with SGP4-propagated TLE data and subsequently estimating with extended
Kalman filter (EKF) during satellite visibility; 2) utilization of a nonlinear autoregressive with exogenous inputs (NARX) neural
network for orbit propagation when the satellite is not in view; and 3) estimation of the terrestrial receiver position using
ML-predicted satellite ephemeris and carrier phase measurements. Experimental results demonstrated a significant reduction in
ML-predicted ephemeris error by nearly 90% compared to SGP4 propagation. In [35], ML is used for predicting LEO satellites
in a simultaneous tracking and navigation (STAN) framework. In this work, a time delay neural network (TDNN) is developed,
which is shown to improve the LEO satellite tracking performance over an extended Kalman filter (EKF). The EKF-STAN
achieved 3D position RMSE of 71 m and 26 m for the two LEO Orbcomm satellites, while the proposed EKF-TDNN-STAN
framework achieved 3D position RMSE of 6 m and 26 m, respectively. In [36], the paper employed HPOP in conjunction
with decoded Orbcomm satellite ephemeris messages to train a neural-network (NN) model capable of estimating the satellite’s
position with meter-level precision in a short time period.

These existing studies implemented various approaches to improve the orbit prediction accuracy. Traditional methods have been
employed to predict the satellite orbits with varying degrees of accuracy. Subsequently, ML approach has shown capability
compared to the dynamic models. Furthermore, existing studies also implemented a hybrid approach which combines ML and
traditional methods, demonstrating significant improvements in the orbit prediction accuracy. However, there remains value in
further exploring standalone ML-based method for orbit prediction. In this paper, we utilize various ML models and assess the
accuracy of each of the models in predicting the LEO and MEO GNSS satellites. The decision to employ a standalone ML-based
method is purely based on the need to provide a simplified and accessible alternative to traditional or hybrid methods while
maintaining predicted accuracy. By focusing solely on the ML-based method, this approach aims to alleviate the intricacies
associated with traditional and hybrid methodologies, thus facilitating simplified implementation and interpretation. Therefore,
while various approaches have demonstrated notable success, the use of ML-based method provide an additional means of
addressing orbit prediction challenges with simplicity, efficiency and interpretability. The models will be trained using the
precise ephemeris data obtained from the European Space Agency’s Swarm Data Access [37] for LEO satellites and from the
office of Geomatics of the National Geospatial-Intelligence Agency (NGA) [38] for MEO GPS satellites.

III. STRATEGY

Orbit prediction involves the estimation of future state of motion of an object based on the orbit determined in past observations.
Applications of orbit prediction include satellite navigation, orbital maneuvers, and space situational awareness. A set of
approximate equations of motion is used to describe the motion of the object. The degree of approximation varies depending
on the intended use of orbital information. However, a better orbit prediction can be made with highly accurate dynamic models
[39].

In this work, the primary orbit prediction strategy involves implementing ML-based algorithms to estimate the LEO SWARM-A
satellite and MEO GPS satellites’ orbit. The accuracy of ML models are evaluated in terms of RMSE. By using different ML
models such as KNR, RFR, LR and PR models, we aim to demonstrate that a standalone ML-based approach can yield high
accuracy in orbit prediction.

The steps involved in orbit prediction are as follows:
1. Data preprocessing and preparation;
2. Proposed ML-based prediction method;
3. Performance comparison of the ML models;

4. Evaluation of the implemented ML models.

IV. DATA PREPROCESSING AND PREPARATION

With respect to LEO, the data used to train the model are the SWARM-A satellite precise ephemeris data in the SP3 format.
SWARME-A is one of the three satellites in the ESA’s SWARM constellation, operating in a circular near-polar orbit at an altitude



of 460 km [40]. The ephemeris data includes time of observation, position, velocity, and satellite clock parameters. In this study,
we used the time series of dynamic position and velocity of the SWARM-A satellite in the International Terrestrial Reference
Frame (ITRF) related to the center of mass. The sampling period is 10 seconds, i.e., the positions and velocities are observed
for every 10 seconds. The ephemeris data from 02/10/2023 to 31/01/2024 are collected from the ESA portal [37].

In MEO, the data used to train the model is the GNSS satellites’ final ephemeris data provided by the International GNSS service
(IGS) in the SP3 format. The GNSS satellites” here refers only to the 32 GPS satellites orbiting in different orbital planes. The
ephemeris data includes time of observation, position, velocity, and satellite clock parameters. Time series of dynamic position
and velocity of GPS satellites were used in the analysis. The sampling period is 5 minutes, i.e., the position and velocity of all
32 GPS satellites are measured every 5 minutes. Data from GPS week 2086 to 2251 were collected from the NGA portal for
the analysis [38].

The initial step in the data processing pipeline involves defining the number of days of data to be used by the ML models. We
consider different number of days of data such as 1, 3, 10, 30 and 50 days for the analysis of the ML models. In case of MEO,
the algorithm processes only one single GPS satellite at a time, so we include GPS PRN number in the processing pipeline.
The next step involves reading the time, position and velocity data for SWARM-A satellite or a single GPS satellite. In order to
ensure that the data are in a consistent and appropriate coordinate system, the function not only retrieves the necessary satellite
tracking data but also converts the time-series position and velocity data from ITRF to the Geocentric Celestial Reference System
(GCRS). Following the coordinate transformation, Lagrange interpolation is used to improve the temporal resolution of the
data. A polynomial is generated by using the interpolation technique that passes over a group of measured data points and takes
certain values randomly, providing a denser and more continuous dataset. For SWARM-A satellite, considering the 10-second
sampling interval, 24 hours consist of 8639 actual data points of position and velocity. Upon interpolation process, there are a
total of 86390 points as shown in figure 1 for step size of 1 s. In other words, there is an actual data point or interpolated data
point for every one second. Similarly, for step size 3, there is an actual data point or interpolated point for every three seconds.
The step size defines the prediction time of the satellites. In this analysis, for SWARM-A satellite, different prediction time
intervals such as 1, 3, 5, 7, 9 and 10 seconds are also considered in addition to the number of days of data used by the model.
The red-colored dots are the actual data points obtained from SP3 files at a certain sampling time (seconds), while black-colored
dots indicate the interpolated points, providing denser data points upon interpolation process as seen in the figure 1.
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Figure 1: Interpolating points between the observed data points for LEO SWARM-A satellite data using Lagrange interpolation method.

For each GPS satellite, considering a 5-min sampling interval, there are a total of 288 data points in 24 hours. Upon interpolation
process, a single satellite selected with 288 data points in 24 hours will have a total of 86100 points for step size of 1 as shown
in figure 2. There are 299 interpolated points between every 5-min sampling interval when the step size is 1. Similarly, there
are 29 interpolated points between every 5-min sampling interval for a step size of 10. In this analysis, for GPS satellites, the
prediction time interval of 10, 20, 30, 40, 50 and 60 seconds were considered in addition to the number of days of data used.
Figure 2 shows how the interpolation process works, displaying the actual data for every 5-minutes (300 seconds) with red color
and interpolated points with black color.
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Figure 2: Interpolating points between the observed data points for a single GPS satellite using Lagrange interpolation method.

After the completion of the interpolation process, the dataset now contains the observed data points and interpolated points.
Based on this dataset, our developed algorithm is processed to generate the input features and labels to train the ML models.
The input features are the historical positions Pz, Py, Pz and velocities Vx, Vy, V z of the SWARM-A and GPS satellites.

For *" timestamp, the position and velocity are given as follows: Pz;, Py;, Pz and Va;, Vy,;, Vz;

Similarly, the position and velocity for the next timestamp, i.e., the next data point is given by: Px;y1, Py;+1, Pziy1
and Vi1, Vyirr, Vi

The labels are the true position offsets and velocity offsets computed based on the positions and velocities value. True position off-
set, y,, is given by the difference between the current position data (Pz;, Py;, Pz;) and next positiondata (Px; 41, Pyi+1, PZzi+1),
given as follows:

Yp = Cp — Np 1)

where y, is the true position offsets, C), is the current position and N, is the true next position.

Similarly, the true velocity offset, y,, is given by the difference between the current velocity data (V;, Vy;, Vz;) and next
velocity data point (Vx;11, Vyit1, Vzit1), given as follows:

Yv = CU - N, 2
where y, is the true velocity offsets, C,, is the current velocity and NN, is the true next velocity.
The true position and velocity offsets calculated as shown in the equations 1 and 2 using the positions and velocities value will
be used as the reference data to validate the different ML models. In general, the true offsets are represented using the following

equation.
y=C—-N 3)

where y is the true offset which can be either a positive or negative value, C'is the current position or velocity, N is the true next
position or velocity.



Equation 3 can be rearranged as follows:

N=C-y “4)

where NV is the true next position or velocity, C'is the current position or velocity and y is the true position or velocity offset.

Following the generation of the input features and labels, the dataset is now divided into training (70%) and test (30%) subsets.
Training the ML model with training data enables the model to learn the underlying pattern from the historical positions and
velocities obtained. The predictive performance of the model is then evaluated using the test data. This comprehensive data
preparation approach ensures that the ML model is trained using a high-quality dataset.

V. PROPOSED METHOD
1. ML-based Prediction Method

ML models are utilized to estimate the satellite orbits using precise ephemeris data. We implemented different ML models,
namely the KNR model, RFR model, LR model and PR model. The models are trained using the input features generated as
discussed in the section IV. The trained model then predicts the position and velocity offsets based on the test data fed into
the trained model. Similar to equation 3, the predicted position and velocity offsets, in general, are given using the following
equation.

j=C-N 5)
where g is the predicted offset, C is the current position or velocity, N is the estimated position or velocity.

From the predicted offsets for the position or velocity, the estimated position or velocity is obtained by rearranging the equation
5:

N=C-y (6)

where N is the estimated position or velocity, C' is the current position or velocity and 3 is the predicted position or velocity
offset from the ML model.

The loss function used for evaluating the performance of different ML models is the root-mean-square error (RMSE). RMSE
is a common metric used in ML and statistics to measure the accuracy of a predictive model due to its ability to quantify
the average magnitude of the prediction error. By minimizing the RMSE, we aim to ensure that the predicted positions and
velocities correspond with actual positions and velocities, thereby improving the accuracy of the orbit predictions.

The RMSE is given by the following equation:

1 — .
RMSE = 72 N; — N;)2 7
S ni:l( ) ()

where n is the number of observations, NV; represents the true values and N; is the predicted values.

The various ML models implemented are as follows:

a). KNR Model

The KNR model is a versatile and widely used non-parametric algorithm that predicts the dependent variable, given by y based
on the average of the nearest neighbors in the input space [41]. The model captures the non-linear relationships by considering
the structure of the data. The general formula for the KNR model is given by:

k
> ®)
1=1

CQ)
I
T =



where the target variables are the predicted position and velocity offsets, given by ¢. k represents the number of nearest neighbors
considered in the regression and y; are the target variable value or the outputs of the nearest neighbors. From the predicted
position and velocity offsets based on the KNR model, using equation 6, the positions and velocities can be estimated.

b). RFR Model

The RFR model is a commonly used model due to its ability to work well with a large and diverse dataset. An ensemble learning
method that combines multiple decision trees is used to make predictions. Based on the prediction of the individual trees, the
model captures the non-linear relationships in the data. [42] The general formula for the RFR model is given by:

1 T
i=m7> filz) ©)
t=1

where the target variables are the predicted position and velocity offsets, given by g. T represents the number of decision trees
considered in the regression, and f;(x) are the prediction or outputs of the ¢ decision tree for the input . From the predicted
position and velocity offsets based on the RFR model, using equation 6, the positions and velocities can be estimated.

c). LR Model

The LR model is one of the most widely used modeling technique due to its simplicity and interpretability [43]. It describes the
relationship between a dependent variable, y, and one or more independent variables, X. The general formula for LR model is
given by:

y=0X+e (10)

The input features are the historical positions and velocities of the satellite, given by X and the target variables are the predicted
position and velocity offsets, given by y. (3 represents the coefficients and e is the error term. From the predicted position and
velocity offsets based on the LR model, using equation 6, the positions and velocities can be estimated.

d). PR Model

The PR model is a regression algorithm that models the relationship between a dependent variable, y, and one or more
independent variables, X as n'" degree polynomial [44]. The PR model is implemented as the data is non-linear in nature. The
general formula for PR model is given by:

y = Bo+ Bz + Boa® + B3z’ + - + Bpr" + € (11)

The input features are the historical positions and velocities of the satellite, and the target variables are the predicted position and
velocity offsets given by y. In the PR model, the input features are transformed into polynomial features of required degree (2,
3, ... n) and then modeled using a linear model. The model then fits a polynomial function to the data, allowing for non-linear
relationships to be captured. Sy, 51, B2, ...B, represents the coefficients of the polynomial term, and € is the error term. From the
predicted position and velocity offsets based on the PR model, using equation 6, the positions and velocities can be estimated.

VI. RESULTS

A comprehensive evaluation of different ML models for estimating the orbits of LEO SWARM-A were conducted and extended
the proposed method to MEO GPS satellites. We assess the efficacy of ML models in predicting the satellite orbits, compare
the performance of each model, identify their strengths and limitations, and enhance the orbit prediction accuracy. Therefore,
this section presents the performance comparison of ML models, evaluation of each ML models implemented, and discussion
to interpret the findings and highlight the implications.

1. Performance Comparison of ML Models

As stated in section IV, we define the number of days of data to be used by the ML models such as 1, 3, 10, 30 and 50 days.
For clarity and focus, we present and discuss the performance comparison of the ML models that showed the best performance



when using a certain number of days of data. In this case, the ML models obtained best and reliable results when using 3-days
of data. Therefore, we highlight the performance comparison of ML models using 3-days of data. The performance of the
models were assessed using the RMSE as the primary evaluation metric.

Figure 3 shows that PR model demonstrated significant performance overall compared to KNR, RFR and LR model for both
position RMSE (m) and velocity RMSE (m/s) of LEO SWARM-A satellite. In position RMSE (left), PR model obtained the
lowest RMSE for different prediction intervals, followed by LR model. Since the KNR and RFR models obtained high position
RMSE, the LR model position RMSE is not visible in the plot, which is as close as to PR model results. In case of velocity
RMSE (right), PR model obtained lowest RMSE compared to the KNR, RFR and LR models. Additionally, the position and
velocity RMSE analysis shows that RFR model collectively performed better when compared with KNR model. Overall, PR

model exhibited best RMSE, indicating superior performance in estimating the position and velocity of the LEO SWARM-A
satellite.
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Figure 3: LEO SWARM-A satellite position RMSE (left) and velocity RMSE (right) of implemented ML Models for different prediction
time intervals.

Similarly, different ML models were evaluated for estimating the position and velocity of MEO GPS satellites based on the
prediction of position and velocity offsets. Figure 4 shows that PR model demonstrated significant performance overall compared
to KNR, RFR and LR model for both position RMSE (m) and velocity RMSE (m/s) of GPS satellite PRN-14. Overall, PR

model exhibited lowest RMSE, indicating superior performance in estimating the position and velocity of the MEO GPS satellite
PRN-14.

140 0.02

0.018

"
o]
S

0.016

=
5]
s

o014

(m/:

E
[
o
2
N

80

e
2
2

60

Position RMSE (m)

a0 0.006

Velocity RMS!
o
]
@

0.004

0.002 R

o . o = . o . 0 & -4 . . .
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Prediction time (seconds) Prediction time (seconds)
—e—Linear Regression +—Polynomial Regression ——Linear Regression +—Polynomial Regression
Kneighbors Regression Random Forests Regression Kneighbors Regression Random Forests Regression

Figure 4: MEO GPS satellite position RMSE (left) and velocity RMSE (right) of implemented ML models for different prediction time
intervals.

2. Evaluation of ML Models

In the evaluation of ML models, we present the results of various ML models used in estimating the position and velocity of the
LEO SWARM-A satellite. Though we extended our analysis to MEO GPS satellites to evaluate the robustness and versatility
of our proposed method, only the best RMSE results obtained by different ML models for MEO GPS satellite is presented as



table in the discussion of results section VI.3. Therefore, this section presents the results of various ML models implemented
for LEO SWARM-A satellite.

a). KNeighbors Regressor (KNR) Model

KNR model is a regression technique that works by averaging the target values of K-nearest neighbors in the feature space to
make prediction. In the KNR model, the total number of neighbors denoted by K, as stated in section V.1 a), can significantly
influence the performance of the model. KNR model with K = 2 is considered to be the optimal parameter, yielding to position
RMSE of 11.652 m and velocity RMSE of 0.01173 m/s when prediction time is one second and uses three days of data. When
K =1, the model offers better accuracy, but it overfits, has high variance and does not generalize to new datasets. When K
is higher, the model was unable to learn the patterns in the data, which resulted in a highly biased model and yielded higher
RMSE. Upon cross validation, using K = 2 yielded the best score, indicating that the model predicts the offsets with better
accuracy. Therefore, using K = 2 provided an optimal balance between the bias and variance.
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Figure 5: LEO position RMSE (left) and velocity RMSE (right) using KNR Model for different prediction time intervals and according to
different days of data used.

Figure 5 shows the position and velocity RMSE obtained by KNR model for different prediction time intervals and according
to the number of days of data used. Though best position and velocity RMSE results were achieved using one day of data, the
KNR model is considered to be reliable when using three days of data, obtaining a better position and velocity RMSE. RMSE
increases when the prediction time increase and amount of data used by the model increase. In general, deep learning models
perform better when large amount of data is fed to the model. However, position and velocity RMSE for KNR model increased
when more number of days of data were used, as seen in figure 5. Overall, the evaluation of KNR model shows that highest
RMSE values are obtained for predicting the position and velocity offsets.

b). Random Forests Regressor (RFR) Model

RFR model is a supervised learning algorithm which operates by building a multitude of decision trees and outputs a mean
prediction of the individual trees. In the RFR model, total number of decision trees denoted by 7" as stated in V.1b), can
significantly influence the accuracy, bias, variance and overall performance of the model. In general, more number of decision
trees (n_estimators) will lead to improved accuracy, as the forest averages the prediction of the individual trees. However, at
a certain point, with more number of trees, the improvement becomes negligible and computational costs increases. Thus, the
RFR model with number of trees, T = 100 is considered to be the optimal number of estimators, yielding to position RMSE of
11.45 m and velocity RMSE of 0.0134 m/s when prediction time is one second and uses three days of data. With few number
of trees, i.e., when T < 100, the model was unable to learn the patterns in the data, which lead to high variance and causes
the model to overfit. Upon cross validation, when T is higher, i.e., T > 100, the model yielded the best scores. However, the
improvement becomes negligible and increased the computational costs. Therefore, T = 100 is considered to be the optimal
parameter in predicting the position and velocity offsets via cross validation, providing a balance between the accuracy and
computational costs. In addition, feature scaling and hyperparameter tuning are done during the cross-validation to ensure an
effective process for optimizing the model performance.

Figure 6 shows the position and velocity RMSE obtained by RFR model for different prediction time intervals and according to
the number of days of data used as stated in section IV. Though best position and velocity RMSE results were achieved using
one day of data, the RFR model is considered to be more reliable when using three days of data, obtaining a better position
and velocity RMSE. Similar to the KNR model, position and velocity RMSE increases when the prediction time and days of
data used increase, as seen in figure 6. Overall, the evaluation of RFR model shows that higher RMSE values are achieved in
predicting the position and velocity offsets.
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Figure 6: LEO position RMSE (left) and velocity RMSE (right) using RFR Model for different prediction time intervals and according to
different days of data used.

c). Linear Regression (LR) Model

LR model is one of the simplest and most interpretable ML model implemented for estimating the position and velocity of the
satellites. The simplicity of the LR model lies in its straightforward approach. LR model achieved position RMSE of 0.00077
m and velocity RMSE of 0.00155 m/s for prediction time of one second when using one day of data. Though best position and
velocity RMSE results were achieved using one day of data, the LR model is considered to be reliable and robust when using
three days of data, obtaining a better position and velocity RMSE. Figure 7 shows the position and velocity RMSE obtained by
LR model for different prediction time intervals and according to the number of days of data used. Similar to the KNR and RFR
models, position and velocity RMSE increases when the prediction time and days of data used increase. Overall, the evaluation
of LR model shows that lower RMSE values are achieved in predicting the position and velocity offsets, significantly better
when compared to the KNR and RFR models.
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Figure 7: LEO position RMSE (left) and velocity RMSE (right) using LR Model for different prediction time intervals and according to
different days of data used.

d). Polynomial Regression (PR) Model

In addition to the KNR, RFR and LR models, we have also implemented the PR model. PR model, by utilizing polynomial
features of required degree, the model improved over the LR model by capturing nonlinear relationships in the data. As stated
in the section V, PR model with degree 3, that is, third-degree polynomial regression was implemented to predict the position
and velocity offsets. PR model performed better when using degree-3 with position RMSE of 0.00007 m and velocity RMSE
of 0.00014 m/s for LEO SWARM-A satellite when using three days of data and the prediction time is one second. Higher or
lower polynomial degrees resulted in increased RMSE, indicating overfitting or underfitting respectively.

Figure 8 shows the position and velocity RMSE obtained by PR model for different prediction time intervals and according to
the number of days of data used. Unlike the other ML models, the best position and velocity RMSE results were not achieved
when using one day of data. Instead, PR model achieved best RMSE when using three days of data. This indicates why RMSE
results obtained using three days of data were considered to be reliable when best RMSE was obtained using one day of data



0.06 0.012

.
.

0.05 0.01
7
P
0.08 / 0.008
- )/ 7
E // =
= / £
g 0.03 :// & 0008
o g =
o -9
0.02 s 0.004
/

0.01 0.002

12 0 2 4 6 8 10 12
Prediction time (s) Prediction time (s)

——1Day —+—3Days — 10 Days 30 Days —+50Days —e—1Day ——3Days —e—10Days 30 Days —e—50 Days

Figure 8: LEO position RMSE (left) and velocity RMSE (right) using PR Model for different prediction time intervals and according to
different days of data used.

by other models. In addition, position and velocity RMSE using the PR model increases when prediction time and days of data
used increase, similar to other models, as seen in the figure 8. Overall, PR model is more robust, reliable and efficient when
using three days of data. The evaluation of PR model shows that lowest RMSE values are achieved in predicting the position
and velocity offsets. PR model significantly outperformed all the other ML models such as KNR, RFR, and LR models.

In addition to the RMSE, since PR model outperformed other ML models, the difference plot for position (top) and velocity
(bottom) are illustrated in figure 9. The position difference is the difference between the true position values and estimated
positions values with respect to time in hours. Similarly, the velocity difference is the difference between the true velocity
values and the estimated velocity values. The estimated position and velocity values are obtained using equation 6 based on the
predicted position and velocity offsets by the PR model. The x-axis in figure 9 shows the date and hours of the test data. In
this case, when using three days of data, first 70% of the data were used as the training data and last 30% of the data were used
as test data. Therefore, the x-axis illustrates that test data from 04/10/2023 03:00 hour to 05/10/2023 00:00 hour were used in
estimating the position and velocity values and their difference to actual values are plotted.
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Figure 9: Differences of the true positions and velocities to that of estimated positions and velocities for SWARM-A satellite test data points.

3. Discussion of Results

From the results, a comprehensive evaluation of different ML models for estimating the position and velocity of LEO SWARM-
A satellite and GPS satellites, based on the prediction of the offsets, reveal distinct and significant performance in terms of



accuracy, measured using RMSE. The performance of KNR model can be significantly influenced by the total number of
neighbors, given by K. An optimal K value is determined by using cross validation for the optimized performance of KNR
model. The analysis shows that K = 2 provided an optimal balance between the bias and variance. KNR model yielded
higher RMSE overall compared to the other ML models despite optimizing the model performance using cross validation.
The implementation of RFR model performed slightly better than KNR model. The performance of the RFR model can be
influenced by the 7" value, i.e., the total number of trees. The best optimal 7" value is determined using a grid search with cross
validation. In addition, feature scaling and hyperparameter tuning were done to optimize the performance of the model. The
analysis shows that 7' = 100 provided an optimal balance, yielding to better RMSE. However, the RMSE values were higher
than LR and PR models. LR model performed better for estimating the position and velocity of the LEO SWARM-A and GPS
satellites, as evidenced from the RMSE provided in Table 1. A significantly lower RMSE was obtained when compared to the
RFR and KNR models. In PR model, a third degree polynomial includes the original input features as well as their squared
terms and cubic terms. The analysis shows that best RMSE results are obtained when using a third degree polynomial for LEO
SWARM-A satellite. In case of MEO GPS satellite, second degree polynomial yielded the best RMSE results. The model
demonstrated an outstanding performance compared to the other ML models due to incorporating higher-order terms, thereby
effectively capturing the non-linear dynamics present in the satellite orbits.

Overall, PR model introduces adaptability by allowing the model to fit the data more accurately compared to LR model. The
adaptability of the model leads to significant outperformance with lower RMSE when the underlying relationship between
variables is non-linear. Though the RFR model is a powerful algorithm for capturing non-linear relationships, the model may
find it difficult to capture certain non-linear relationships that a polynomial model capture directly. The non-linearity of the
satellite orbit data used in this study might be better approximated without overfitting by a third degree polynomial than by an
ensemble RFR model. On the other hand, KNR model is a local approximation method, making predictions on the nearest
data points. While PR model uses a global approximation, fitting a polynomial equation to the entire dataset leading to better
generalization for non-linear trends. In conclusion, for both LEO and MEO satellites, PR model outperformed other ML models
such as KNR, RFR and LR models due to its ability to effectively model the non-linear characteristics in the satellite data with
an optimal degree of complexity as determined by cross validation.

The study provides a comprehensive analysis of different ML models used in estimating the position and velocity of the satellites.
The research focused on providing a simplified and alternative approach based on standalone ML-based method compared to
traditional or hybrid methods. The models were trained and tested using real-world data, ensuring that the results are applicable
to actual satellites. The study implemented ML models, considering also the computational costs and robustness of the models.
Thus, it provides a balanced assessment of the trade-offs associated with selecting a model by evaluating both accuracy and
computational costs. On the other hand, the study did not extensively address the computational costs involved in implementing
ML models such as RFR and KNR models. The performance of the ML models might vary significantly when applied to
different satellites in the LEO. The study mainly implemented ML models for short-term predictions of few seconds, which
may be a limitation with respect to MEO as it requires accurate long-term predictions to ensure the reliability of PNT services.
However, short term predictions are crucial in the context of LEO satellites.

In this study, different ML models were analyzed for different number of days of data (1, 3, 10, 30 and 50 days) and prediction
time (1, 3, 5, 7, 9 and 10 seconds for LEO; 10, 20, 30, 40, 50 and 60 seconds for GPS) and evaluated using RMSE. The table 1
summarizes the performance of ML models which obtained best RMSE results.

Table 1: Best RMSE results obtained by different ML models for LEO SWARM-A and MEO GPS Satellite PRN-14.

LEO SWARM-A Satellite
Number of Days Used ML Method Prediction Time (s) | Position_RMSE (m) | Velocity_RMSE (m/s)
3 KNeighbors Regression 1 11.65206606 0.011731784
3 Random Forests Regression 1 11.45781611 0.013498317
3 Linear Regression 1 0.000841591 0.001683116
3 Polynomial Regression 1 7.23E-05 0.000144123
MEO GPS Satellite PRN-14
Number of Days Used ML Method Prediction Time (s) | Position_RMSE (m) | Velocity_RMSE (m/s)
3 KNeighbors Regression 10 12.9881978 0.001578546
3 Random Forests Regression 10 11.48159881 0.001818075
3 Linear Regression 10 0.001323894 0.000265484
3 Polynomial Regression 10 9.71E-05 3.35E-06




VII. CONCLUSION AND FUTURE WORK

This study aimed to evaluate the feasibility and effectiveness of using various machine learning models to predict the orbits
of low Earth orbit (LEO) satellites, with a focus on improving prediction accuracy as measured by RMSE. Additionally, we
extended our analysis to medium Earth orbit (MEO) GPS satellites to identify any potential differences in prediction accuracy
between LEO and MEO satellites.

The study utilized different ML models, such as KNeighbors regressor (KNR), Random Forests regressor (RFR), linear regression
(LR) and polynomial regression (PR). Despite the availability of more complex models, such as KNR and RFR, the polynomial
regression model outperformed all the other ML models implemented, highlighting the significance of model selection for a
certain application. This is evident from the primary evaluation metric, RMSE, used in assessing the performance of the ML
models. Overall, a significantly lower RMSE was obtained by using PR, followed by LR, while higher RMSE were obtained
using RFR and KNR models.

Furthermore, the estimation of position and velocity of the LEO SWARM-A and MEO GPS satellite was carried out based on
the offset predictions. The ML models predicted the offsets for different time intervals such as 1, 3, 5, 7, 9 and 10 seconds in
case of LEO satellite, while for MEO satellites, the prediction time intervals are 10, 20, 30, 40, 50 and 60 seconds. The study,
therefore, highlights the critical importance of ML-based precise short-term predictions in LEO satellites, due to the satellites
orbiting at high speed and dynamic space environment.

In future work, we will explore more advanced machine learning models for long-term orbit predictions and further enhance the
orbit prediction accuracy. Additionally, investigation on the influence of other features such as atmospheric drag, solar position
and satellite acceleration on the model performance will be assessed. In summary, this study contributes to the significance
of standalone ML-based technique in estimating the position and velocity of especially the LEO satellite at millimeter levels,
ultimately enhancing the performance and efficiency of space-based applications and services.
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