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Abstract – Satellite trajectory prediction is essen-
tial for space situational awareness and orbit determina-
tion. However, a purely data-driven model is unable to
accurately predict a satellite trajectory in highly nonlinear
orbital environments. To overcome these limitations, we
propose a hybrid approach that integrates a physics-
informed neural network (PINN) with long short-term
memory (LSTM) networks to enhance satellite trajectory
prediction. The proposed LSTM-PINN model incorpo-
rates physics-based constraints into the learning process,
thereby improving predictive accuracy and generalization.
To evaluate the effectiveness of the proposed approach, we
conducted an analysis by using real satellite trajectory data
sets and compared its performance with a stand-alone
LSTMmodel, as well as a traditional higher order Runge–
Kutta (RK89) numerical propagator. The proposed hybrid
model achieved a 34.4% reduction in position mean square
error and an 18.1% reduction in mean absolute error, dem-
onstrating enhanced long-term generalization relative to
the baseline LSTM model. Overall, results demonstrate
that the proposed model effectively captures the temporal
dependencies of satellite motion, while offering a practical
balance between accuracy and computational complexity.

1. Introduction

The problem of determining the orbit of a space
object with limited measurements has attracted significant
interest in many applications, because it is a crucial chal-
lenge in various space missions [1]. Various analytical and
numerical propagators are used to propagate the state of sat-
ellites and the associated uncertainties [2]. The simplified
general perturbation (SGP4) algorithm is the standard ana-
lytical propagator, which uses freely available two-line ele-
ment (TLE) files to generate satellite ephemeris [3]. To
maintain the computational efficiency, SGP4 omits higher
order perturbation terms, because the full complexity of
orbital mechanics equations makes inclusion impractical for
routine propagation. In contrast, high-precision orbit propa-
gators are numerical propagators that incorporate detailed
force models, accounting for the higher order terms omitted

by SGP4 [4]. Although the numerical integration technique
yields accurate orbit predictions within a few meters, it
requires computation of the object’s state vector for each
time-step increment. This results in significant computa-
tional overhead, especially over long propagation periods.
Therefore, it is challenging to establish an accurate physics-
based model using analytical and numerical methods and to
predict satellite orbit with high accuracy and lower com-
plexity. In this context, advanced machine learning (ML)
algorithms have emerged as promising alternatives for pre-
dicting the orbits of low Earth and medium Earth orbit sat-
ellites [5].

The application of ML in orbit prediction has been
an active area of research over the past decade, and consid-
erable research effort has been devoted to this [6]. The
study in [7, 8] used a support vector machine (SVM) algo-
rithm to enhance the accuracy of satellite orbit prediction
by leveraging two publicly available data sets, the TLE cat-
alog and the International Laser Ranging Service catalog, to
validate the proposed ML approach. In addition to SVMs,
other supervised ML models such as Gaussian processes
(GPs) [9] and artificial neural networks (ANNs) [10] have
also been used to improve orbit prediction accuracy in spe-
cific use cases. However, a key limitation of these
approaches lies in the inability to effectively process
sequential information. In many orbit prediction scenarios,
particularly when learning to correct propagated states or
forecasting future trajectories on the basis of past behavior,
the data inherently follow a time series structure. Although
static ML models such as SVMs, GPs, and ANNs can map
input–output relationships, they do not capture temporal
dependencies across consecutive orbit states. In contrast,
models that are designed to learn from sequential data, such
as recurrent neural networks (RNNs), are better suited for
orbit prediction tasks where patterns unfold over time [11].

Among these RNNs, the long short-term memory
(LSTM) network is particularly effective due to its abil-
ity to retain relevant information across long sequences
and filter out noise or less relevant variations in the data
[12]. Recent works [11, 13] have demonstrated the
applicability of such networks in sequential estimation
tasks, and similar architectures, such as gated recurrent
units, Grid-LSTM, and long short-term transformers,
are also being actively explored. However, conventional
ML approaches primarily focus on learning system non-
linearities from data without incorporating the funda-
mental governing physics. This can lead to models that
lack physical interpretability and may struggle with
generalization beyond the training data set. Recently,
there has been growing interest in hybrid approaches
that incorporate physical modeling into neural networks,
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enabling the learning process to remain consistent with
known physics [14, 15]. In a relevant study, [16] proposed
a hybrid orbit determination approach, using LSTMmodels
alongside Kalman filters to address the challenges posed by
continuous spacecraft maneuvers.

In this study, we propose a hybrid framework
that integrates LSTM model with physics-aware neural
networks to enhance the orbit determination accuracy.
By combining the predictive capabilities of LSTM
with the physical consistency of physics-informed
neural networks (PINNs), our approach leverages both
data-driven learning and fundamental physical laws,
thereby ensuring improved generalization and reliabil-
ity in dynamic orbital environments. Furthermore, a
recent study has shown that combining PINNs with
traditional ML models improves generalization and
robustness, especially in tasks driven by physical laws,
supporting the motivation behind our hybrid LSTM-
PINN approach [17]. To assess its effectiveness, we
benchmark the proposed model against both a stand-
alone LSTM and a traditional numerical propagator imple-
mented in the General Mission Analysis Tool (GMAT;
R2022a, accessed on 17 February, 2025) [18].

The remainder of this article is structured as fol-
lows: Section 2 describes the data preparation process
for training and validation, and Section 3 provides a
detailed overview of the proposed methodology. The
results are discussed in Section 4, and the conclusions
are presented in the final section of the article.

2. Data Preparation

The original data sets used in this study were
obtained from the International Data Analytics Olympiad
competition, provided by the Russian Astronomical Sci-
ence Centre [19]. The data set consists of the position (x,
y, z) and velocity (vx; vy; vz) coordinates for 600 satellites
measured in kilometers and kilometers per second,
respectively. The data sets were recorded at regular inter-
vals during January 2014. To effectively structure the
training and evaluation process, we divided the data set
as follows:

1) The 24 days of data are allocated for train-
ing the network, allowing the model to learn
orbital patterns and dynamical behaviors.

2) The 4 days of data are reserved for valida-
tion, enabling performance assessment and
hyper parameter tuning.

3) The remaining 3 days of data are used for test-
ing and making predictions, evaluating the mod-
el’s generalization capability on unseen data.

Figure 1 provides an illustration of this partitioning
approach. To maintain clarity and interpretability, we
focused on satellite ID¼ 0 to present the results from a
data set of 600 satellites, which allowed for a detailed anal-
ysis of how well the model captured and predicted the tra-
jectory of a particular satellite over time. However, the
proposed approach that is discussed in next section can be
generalized to all satellites in the data set.

3. Proposed Methodology

Several preprocessing steps were applied to prepare
the data for training the neural network (NN). First, the
timestamp data were converted into a numerical format for
proper time series modeling. Second, the position and
velocity coordinates were normalized for stable training of
the NN. Finally, the raw time series data were converted
into overlapping sequences of 20 time steps (input win-
dow) for LSTM processing. In this study, we proposed a
hybrid approach that integrates LSTM networks with
PINNs to improve satellite trajectory prediction. The com-
plete architecture of the proposed LSTM-PINN framework
is shown in Figure 2. The input to the LSTM model con-
sisted of sequential satellite state vectors, including the
position (x, y, z) and velocity (vx; vy; vz) coordinates. The
proposed model architecture consists of an input layer that
receives sequences of past satellite states, followed by two
LSTM layers of 64 units each, using a tanh activation
function to capture nonlinearity [20]. A fully connected
dense layer maps the extracted features to a six-dimen-
sional output, representing the predicted state variables for
the next time step. The model was trained by using the
mean-squared-error (MSE) loss function, which minimizes
the difference between the predicted and true state vectors.
To incorporate physical constraints, we defined a residual
loss function on the basis of the motion equations of the

Figure 1. Data set partitioning strategy, with 24 days for training,
4 days for validation, and 3 days for prediction.

Figure 2. Architecture of the proposed LSTM-PINN network.
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satellite; (1) presents the derivation of the acceleration
components resulting from the gravitational force acting
on a satellite

ax ¼ � �x
r3

; ay ¼ � �y
r3

; az ¼ � �z
r3

(1)

where � is the gravitational constant and r is the radial
distance of the satellite from the center of the Earth.
Equations defining the residuals (R) for orbital motion
are formulated in (2) and (3):

dx
dt

� vx ¼ 0;
dy
dt

� vy ¼ 0;
dz
dt

� vz ¼ 0 (2)

dvx
dt

� ax ¼ 0;
dvy
dt

� ay ¼ 0;
dvz
dt

� az ¼ 0 (3)

The total loss function consists of two compo-
nents where the supervised learning loss (LSTM com-
ponent) is given by (4)

Ldata ¼ 1

N

XN
i¼ 1

kbyi � yik2 (4)

and physics loss (PINN residual constraint) is given by (5)

Lphysics ¼ 1

N

XN
i¼ 1

X
j

kRjðxi; vi; aiÞk2 (5)

where Rj denotes the residual equation for each compo-
nent. Results and performance metrics of the proposed
approach are analyzed in Section 4.

4. Results

Performance evaluation of the proposed LSTM-
PINN model was carried out on satellite ID ¼ 0, drawn
from a broader set of 600 satellites. Figure 3 shows that
after a rapid reduction, both training and validation

losses become nearly identical around epoch 10 and
remain stable, suggesting effective model convergence.
Furthermore, the model’s predictions were compared
with a baseline LSTM model to assess the impact of
physics-informed constraints on the predictive accuracy
and determine whether incorporating orbital dynamics
improved the generalization capability of the NN. In
addition to comparing the LSTM-PINN model with a
baseline LSTM network, we also evaluate its perfor-
mance against a high order Runge–Kutta (RK89)
numerical propagator implemented in the GMAT soft-
ware [18]. This comparison benchmarks the proposed
model against a high-fidelity numerical propagator,
because the commonly used semianalytical SGP4 can-
not be used due to missing TLE inputs in the data set,
allowing for a more meaningful assessment of predic-
tion accuracy under realistic orbital dynamics.

Figure 4 presents the normalized position (Figure 4a)
and velocity (Figure 4b) errors over a 72 h prediction

Figure 3. Training and validation loss for hybrid LSTM-PINN model.

Figure 4. Normalized error comparison over a 72 h prediction win-
dow for satellite ID ¼ 0. (a) Normalized position error and (b) nor-
malized velocity error.
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window for satellite ID ¼ 0, comparing the performance
of the LSTM, LSTM-PINN, and GMAT numerical prop-
agator. As observed, the proposed LSTM-PINN consis-
tently achieves lower error across the entire time window
in both position and velocity, indicating improved predic-
tive accuracy. The baseline LSTM also performs well,
though it exhibits slightly greater fluctuations in the error
profile, particularly in velocity. Although GMAT’s
RK89 integrator is known for its high numerical
accuracy, it shows the largest error in this case. This
discrepancy can be attributed to two main factors.
First, although the reference data set is said to be high
fidelity, it does not specify which physical models
were used, such as third-body effects or atmospheric
drag, making it difficult to ensure a fair, one-to-one
comparison. Second, we had to interpolate GMAT’s
output to align with the timestamps in the data set.
Even a small timing mismatch, such as 1 s, can intro-
duce several kilometers of position error. In addition,
the GMAT simulations were performed using a 60 s
integration step to match the data set’s temporal reso-
lution and keep computational demands reasonable.
Although a smaller time step could lead to better
accuracy, that would also increase complexity and
runtime, reinforcing the trade-off between precision
and efficiency in numerical propagation. In our analy-
sis, reducing the step size from 60 s to 1 s led to a
runtime increase of more than 135 times. These chal-
lenges point to an important trade-off between the
numerical accuracy of classical propagators and the
practical constraints of working with real-world data
sets.

Furthermore, three performance metrics, Mean
Square Error (MSE), mean absolute error (MAE), and the
coefficient of determination (R2) were selected to analyze
the results. Table 1 presents a comparative analysis of
LSTM, LSTM-PINN, and the GMAT propagator in terms
of position and velocity errors, as well as the overall good-
ness of fit. The LSTM-PINN model outperformed the
stand-alone LSTM across position-related metrics, with a
34.1% reduction in position MSE and an 18.1% decrease
in position MAE. Meanwhile, velocity metrics show a
modest improvement, with MSE reduced by 9% and
MAE by 7%. The GMAT model exhibits the highest
errors among the three. As discussed earlier, the unexpect-
edly high GMAT error arises due to uncertainty in the ref-
erence data set’s modeling assumptions, the interpolation
required to align timestamps, and the 60 s integration step

used in simulations. Consistently, the R2 score improves
from 0.9910 for LSTM to 0.9948 for the LSTM-PINN,
confirming the benefit of incorporating physics-based
constraints.

In addition to the numerical metrics, Figure 5
offers a three-dimensional visualization of the true
orbit (black) alongside trajectories predicted by the
LSTM (blue dashed), LSTM-PINN (green dotted),
and GMAT (red dash–dot) models. The hybrid model
clearly outperforms both the baseline LSTM and
GMAT predictions, closely aligning with the true tra-
jectory. Although the data set lacks satellite-specific
metadata, it exhibits sufficient variability in orbital
dynamics to support effective model training and
generalization. The final section summarizes the key
findings and outlines potential directions for future
research in this domain.

5. Conclusions

This study addressed the challenge of improving
satellite trajectory estimation in nonlinear orbital envi-
ronments. We proposed a hybrid LSTM-PINN model
that integrates temporal learning with physical consis-
tency. The results showed that the hybrid approach
reduces position MSE by 34.4% and MAE by 18.1%,
with moderate improvements in velocity accuracy as
well. These improvements highlight the effectiveness
of incorporating physical models in data-driven frame-
works, particularly in scenarios with limited data or
computational constraints, such as onboard prediction
for autonomous satellite navigation. However, the
model’s performance can be sensitive to the weighting
of physical constraints during training. Also, the avail-
ability and quality of ground truth data sets remain a
limiting factor. Future work should explore adaptive
constraint tuning and extend validation to diverse
orbital regimes and resident space object characteris-
tics. Overall, this hybrid approach offers a promising
direction for robust and accurate orbit prediction,
bridging the gap between classical physics-based
methods and modern ML techniques.

Table 1. Performance metrics of proposed LSTM-PINN compared
with LSTM and GMAT propagator.

Metric LSTM LSTM-PINN GMAT

Position MSE (3 10�4) 2.945 1.932 7.676

Position MAE (3 10�2) 1.614 1.321 2.640

Velocity MSE (3 10�4) 1.944 1.769 9.346

Velocity MAE (3 10�2) 1.254 1.166 2.982
R2 score 0.9910 0.9948 0.9927

Figure 5. Comparison of three-dimensional orbital trajectories for
satellite ID ¼ 0.

4 URSI RADIO SCIENCE LETTERS, VOL. 7, 2025



6. Acknowledgments

This article and related research was conducted
during and with the support of the Italian National Inter-
University PhD program in Space Science and Technology.
We sincerely thank the Russian Astronomical Science
Centre and the organizers of the International Data Analysis
Olympiad for providing the data set used in this research.

7. References

1. H. Shou, “Orbit Propagation and Determination of Low
Earth Orbit Satellites,” International Journal of Antennas
and Propagation, 2014, 1, May 2014, p. 903026.

2. B. Schutz, B. Tapley, and G. H. Born, Statistical Orbit
Determination. Amsterdam, Elsevier, 2004.

3. D. A. Vallado and P. J. Cefola, “Two-Line Element Sets—
Practice and Use,” 63rd International Astronautical Con-
gress, Naples, Italy, October 1–5, 2012, pp. 1-14.

4. D. A. Vallado, Fundamentals of Astrodynamics and Appli-
cations. Dordrecht, The Netherlands, Kluwer Academic
Publishers, 2001.

5. G. Jadala, G. N. Meedinti, and R. Delhibabu, “Satellite Orbit
Prediction Using a Machine Learning Approach,”Workshops
at the 5th International Conference on Applied Informatics,
Arequipa, Peru, October 27–29, 2022, pp. 28-46.

6. F. Caldas and C. Soares, “Machine Learning in Orbit Esti-
mation: A Survey,” Acta Astronautica, 220, July 2024, pp.
97-107.

7. H. Peng and X. Bai, “Improving Orbit Prediction Accu-
racy Through Supervised Machine Learning,” Advances
in Space Research, 61, 10, May 2018, pp. 2628-2646.

8. H. Peng and X. Bai, “Machine Learning Approach to
Improve Satellite Orbit Prediction Accuracy Using Pub-
licly Available Data,” The Journal of the Astronautical
Sciences, 67, 2, June 2020, pp. 762-793.

9. H. Peng and X. Bai, “Fusion of a Machine Learning
Approach and Classical Orbit Predictions,” Acta Astro-
nautica, 184, July 2021, pp. 222-240.

10. H. Peng and X. Bai, “Artificial Neural Network-Based
Machine Learning Approach to Improve Orbit Prediction
Accuracy,” Journal of Spacecraft and Rockets, 55, 5,
June 2018, pp. 1248-1260.

11. W. Hong, M. Chen, P. Gao, and D. Hong, “Medium- and
Long-Term Orbit Prediction of Satellite Based on
LSTNet,” 2023 15th International Conference on Com-
puter and Automation Engineering, Sydney, Australia,
March 3–5, 2023, pp. 534-540.

12. N. F. M. Azmi, and S. S. Yuhaniz, “An Adaptation of Deep
Learning Technique in Orbit Propagation Model Using Long
Short-Term Memory,” 2021 International Conference on
Electrical, Communication, and Computer Engineering,
Kuala Lumpur, Malaysia, June 12–13, 2021, pp. 1-6.

13. K. Greff, R. K. Srivastava, J. Koutník, B. R. Steunebrink,
and J. Schmidhuber, “LSTM: A Search Space Odyssey,”
IEEE Transactions on Neural Networks and Learning
Systems, 28, 10, October 2017, pp. 2222-2232.

14. A. Scorsoglio, A. D’Ambrosio, L. Ghilardi, R. Furfaro, and
V. Reddy, “Physics-Informed Orbit Determination for Cislu-
nar Space Applications,” Advanced Maui Optical and Space
Surveillance Technologies Conference, Maui, Hawaii, Sep-
tember 19–22, 2023, p. 1.

15. A. Scorsoglio, L. Ghilardi, and R. Furfaro, “A Physic-
Informed Neural Network Approach to Orbit Determina-
tion,” The Journal of the Astronautical Sciences, 70, 4,
August 2023, p. 25.

16. X. Zhou, T. Qin, M. Ji, and D. Qiao, “A LSTM Assisted
Orbit Determination Algorithm for Spacecraft Executing
Continuous Maneuver,” Acta Astronautica, 204, March
2023, pp. 568-582.

17. Y. Li, Q. Sun, J. Wei, and C. Huang, “An Improved PINN
Algorithm for Shallow Water Equations Driven by Deep
Learning,” Symmetry, 16, 10, October 2024, p. 1376.

18. NASA Goddard Space Flight Center, “GMAT: General Mis-
sion Analysis Tool,” https://software.nasa.gov/software/GSC-
19097-1. (Accessed 7 June 2025).

19. IDAO 2020 Organizers and Russian Astronomical Sci-
ence Centre, “Original Owner of Datasets (IDAO 2020),”
https://disk.yandex.ru/d/0zYx00gSraxZ3w (Accessed 5
January 2025).

20. S. R. Dubey, S. K. Singh, and B. B. Chaudhuri, “Activa-
tion Functions in Deep Learning: A Comprehensive Sur-
vey and Benchmark,” Neurocomputing, 503, September
2022, pp. 92-108.

URSI RADIO SCIENCE LETTERS, VOL. 7, 2025 5

https://software.nasa.gov/software/GSC-19097-1
https://software.nasa.gov/software/GSC-19097-1
https://disk.yandex.ru/d/0zYx00gSraxZ3w

