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Abstract

As space becomes increasingly congested with Resident Space Objects (RSOs) in Low Earth Orbit (LEO), improving
the accuracy of orbit prediction is crucial for ensuring operational reliability, particularly for satellite tracking in
optical communication and Telemetry, Tracking, and Command (TTC) operations. This work focuses on refining
orbit prediction by leveraging machine learning techniques to enhance tracking capabilities. Traditional orbit
approximation relies on the Simplified Perturbations model (SGP4), which calculates a satellite’s position and
velocity by considering various perturbations, such as Earth’s gravitational irregularities and atmospheric drag, using
an empirical model for efficient orbit determination. However, this approach is prone to errors, as it simplifies
complex orbital dynamics. To address this limitation, this paper explores the potential of machine learning algorithms
to analyze time-dependent data, with a particular focus on systematic deviations from SGP4 predictions that are
inherently captured in historical orbit information. To achieve this, we create a set of data consisting of time-series
satellite position data sets of LEO Objects from past Two-Line Elements (TLEs) as well as orbital messages derived
form Global Navigation Satellite System (GNSS) observations and Laser Ranging Data. These data sets are used to
train various machine learning models specialized in time series data, such as Long-Short-Term Memory (LSTM)
networks to evaluate their potential for improving the robustness and accuracy of orbit forecasting. Finally, the
performance of the machine learning model is evaluated by comparing its predictions with those from the traditional
SGP4 model. In the future, we will be assessing prediction accuracy and analyze Radial, In-Track, and Cross-Track
(RIC) errors to ensure the new model’s effectiveness using measurements from Optical Ground Stations at DLR.



Introduction

The rapid growth of Resident Space Objects (RSOs) in
Low Earth Orbit (LEO) has transformed orbital safety
into a critical challenge for space operations. With over
42,000 trackable objects currently cataloged and mil-
lions of smaller debris fragments, the risk of catastrophic
collisions has increased significantly [1, 2]. Accurate
orbit prediction is a key factor towards ensuring safe
satellite operations. Even minor errors in predicting
a satellite’s trajectory can lead to mission failures due
to collisions or the mission ending early due to costly
avoidance maneuvers. Following up on this, satellite
collisions have occurred due to inaccuracies in predic-
tion data and false alarms [3]. This paper addresses this
challenge by proposing a hybrid approach that combines
traditional orbital perturbation models with a machine
learning (ML) approach to refine orbit prediction accu-
racy, focusing on LEO being the orbital regime charac-
terized by high object density and collision risk.

Current orbit prediction relies on the Simplified
General Perturbations Model 4 (SGP4), especially for
smaller Satellites like CubeSats. It is a framework that
approximates satellite motion by accounting for per-
turbations such as Earth’s gravitational field and atmo-
spheric drag [4]. While SGP4 remains the industry stan-
dard for processing Two-Line Element (TLE) data, its
propagation accuracy degrades significantly over time.
Studies show that TLE-derived predictions become un-
reliable after less than 7 days, rendering them unsuitable
for long-term operational planning [5]. This limitation
stems from SGP4’s reliance on simplified physical mod-
els and its inability to capture systematic errors arising
from un-modeled perturbations, such as variations in at-
mospheric density or spacecraft-specific characteristics
(e.g. mass, geometry, and reflectivity).

Compounding these challenges, traditional methods
like the Extended Kalman Filter (EKF) struggle to com-
bine real-time observational data with a dynamic model.
While EKF excels in short-term accuracy, its perfor-
mance relies on the quality of the initial state estimates
and its sensitivity to uncertainties in environmental con-
ditions (e.g. solar activity affecting atmospheric drag)
[6]. For LEO objects, where atmospheric drag domi-
nates perturbations, these uncertainties are increased by
the empirical nature of drag models, which often fail
to generalize across varying spacecraft geometries and
orientations [7].

Recent advances in ML, particularly recurrent neural

networks (RNNs) and their Long Short-Term Memory
(LSTM) variants, offer a promising alternative to address
these limitations. Unlike traditional methods, ML mod-
els are able to learn complex and non-linear relationships
directly from historical data, capturing systematic devi-
ations in SGP4 predictions that arise from un-modeled
dynamics. By training on time-series data sets derived
from openly accessible TLEs, CPFs created by the In-
ternational Laser Ranging Service Catalogue (ILRS)
using Laser Ranging Data and orbital messages in the
Consolidated Prediction Format (CPFs) provided by
the German Space Operation Centre (GSOC), LSTMs
can identify patterns without modeling potentially un-
known parameters such as the shape of RSOs, maneuver
epochs/duration and orientation of the spacecraft. [8, 9]

Conservative forces (e.g. Earth’s gravitation) and
Non-Conservative forces alike (e.g. solar radiation) in-
fluence the RSOs and their respective orbits. This work
explores the possibility that ML-enhanced orbit predic-
tion can learn to model the orbit propagation because
most of these dependencies are inherently contained in
the RSOs’ historical data. Specifically, we investigate
whether training LSTMs or similar structures on histori-
cal orbital data from the past 230 to 900 TLEs can yield
more accurate 14-day predictions than traditional ap-
proaches. This time frame aligns with operational needs
for collision avoidance and mission planning, where
even small improvements in accuracy can reduce false
alarms and unnecessary maneuvers. Results show the
potential of the proposed ML approach to improve the
publicly available TLE catalogue accuracy. Improve-
ments are achieved in all position directions with the
In-Track-direction being the hardest to model. The qual-
ity of the results depend on the number of training points
used as well as the area to mass ratio of the satellites
tested.

Proposed Framework

The following section reviews past and on-going ma-
chine learning applications in orbit determination and
propagation, positioning the proposed hybrid SGP4-ML
framework within the state-of-the-art. Then, the imple-
mented machine learning approach is explained and the
model structure specifically designed for LEO propaga-
tion is presented.



Background

Previous work has integrated machine learning into satel-
lite orbit determination, each addressing limitations of
the traditional approach. Peng and Bai (2019) imple-
mented a support vector machine (SVM) framework that
learned residuals between SGP4 predictions and actual
trajectories using TLE data from the North American
Aerospace Defense Command (NORAD) and laser rang-
ing observations from the International Laser Ranging
Service (ILRS). Their study covered eleven satellites
across LEO, MEOQ, and sun-synchronous orbits (SSO),
demonstrating consistent reduction in position and ve-
locity errors. Improvements are especially apparent after
one day of the TLE generation. However, the validation
methodology exhibited limitations when TLE-derived
state errors were close to zero, as the performance metric
became unstable in these regimes. [10]

Nor’asnilawati et al. (2021) explored LSTM net-
works in combination with SGP4 for orbit propagation
using NORAD TLE catalog data combined with real-
time optical observations from the Malaysia Space Cen-
tre. Their implementation showed measurable improve-
ment in three-to-seven-days predictions compared to
standalone SGP4. The study notably highlighted the
challenge of atmospheric drag modeling in LEO as well
as the frequent change in illumination conditions for
every revolution. [5]

Mortlock et al. investigated the Simultaneous Track-
ing and Navigation (STAN) framework. Their approach
employs an EKF that dynamically switches between two
operational modes. The first being standard tracking us-
ing Global Navigation Satellite System signals while it
is available. When GNSS signals become unavailable,
inter-satellite links from other LEO satellites are utilized
as pseudo-observables to estimate the state vector. This
system is enhanced by incorporating a neural network
to correct propagation errors during periods with no
GNSS signal. However, the implementation remained
constrained by the quality of initial state estimates from
the EKF. [11]

Machine Learning Enhanced Orbit Propa-
gation

Orbit prediction is challenging due to the complexity
of non-conservative forces acting on the RSOs. Forces
such as atmospheric drag and solar radiation pressure un-
dergo high variability which can be caused by spacecraft-
specific properties (e.g. area-to-mass ratio and orienta-

tion of the spacecraft) and rapidly changing environmen-
tal conditions (e.g. atmospheric density fluctuations, so-
lar activity). Traditional propagators like SGP4 simplify
these dynamics through empirical approximations, in-
troducing systematic errors that accumulate with longer
propagation spans [4]. The approach of this work ad-
dresses this by embedding machine learning as an error-
correction layer within existing operational workflows,
avoiding disruptive changes to established prediction
pipelines.

With the hypothesis that a low-dimensional prob-
lem can be handled easier by the model, our algorithm
trains ML models to forecast residual errors between
SGP4/TLE-propagated states and true trajectories rather
than predicting absolute orbital states. The hypothesis is
that systematic error patterns (e.g. drag-induced along-
track decay) are easier to learn by an algorithm than
raw orbital dynamics. The model uses errors as input to
then predict the error of the next time step. The machine
learning error is given by the model, and the state calcu-
lated from it ideally lies between the true state and the
TLE state. The following equations are used to calculate
the inputs for the proposed ML-model:

I)ZXtrue(t)_XTLE(t;t_l) €))

The true error eqy.(#) marks the target for the ML-
model. It is computed by subtracting x g (t;7 — 1) — the
TLE propagated state at time ¢ propagated from time
t — 1 — from Xne (¢) — the true state at time 7 being the
orbital data provided by ILRS or GSOC.
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In the equations above, x marks the 6-dimensional
state vector containing x-,y-,z- positions and velocities
of the spacecraft in those directions. Equation 2 de-
fines the machine learning error as the difference be-
tween the corrected state by the model Xy, and the
TLE-propagated state XTpg. Substituting X7r g using the
true error definition yields Equation 3, expressing the
ML error in terms of the states Xue and Xy, and error
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Equation 4 shows the fundamental principle of the
framework. When the ML model successfully approxi-
mates the true error, the corrected state lies closer to the
actual trajectory than the original TLE prediction.

Model Structure

The model architecture employs a version of recur-
rent neural networks (RNNs), with LSTM and Gated-
Recurrent-Unit (GRU) variants selected for their abil-
ity to capture time-dependencies in orbital propagation.
LSTMs mitigate vanishing gradients through three adap-
tive gates regulating the internal information flow. The
Forget Gate determines which prior error states (e.g.
historical drag signatures) to discard. For orbital data,
this gate learns to suppress outdated information like
atmospheric density estimates when orbital conditions
change. The Input Gate controls the incorporation of
new error observations. The Output Gate filters the cell
state to produce the hidden state, which encodes persis-
tent error patterns like drag cycles. GRUs merge LSTM
functionality into two gates for computational efficiency.
GRUs make use of the Update Gate which blends prior
states (history of the error pattern) and candidate states
(proposed state from new input), where the reset gate
controls relevance of historical errors. [12]
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Figure 1: Scheme of an LSTM Cell [13]

Four configurations are implemented in Python us-
ing Tensorflows high-level API "Keras". The first two
configurations involve an LSTM/GRU input layer fol-
lowed by an LSTM/GRU hidden layer with a Dense
output layer with the input vector being a 14-Day error
sequence.

The other two configurations include a TimeDis-
tributed layer as opposed to the previous Dense output

layer which applies an identical Dense layer indepen-
dently to each time step (e.g. predicting errors at 7+1,
t+2, ..., t+5 simultaneously). This preserves the tem-
poral structure and adds the model’s ability to preserve
time-dependent information for each time point sepa-
rately. All models are using ELU or tanh activation
in hidden layers with minor performance differences
between the two. The loss function is considered a hy-
perparameter with either the Normalized Root Mean
Squared Error (NRMSE), Mean Absolute Error, or Hu-
ber loss as hybrid alternative. NRMSE punishes outliers
severely and equally across the different magnitudes of
input values. MAE is more robust towards outliers and
gives each error the same significance depending on its
value. Huber-Loss tries to combine both ideas, by being
quadratic for low values near the chase value and linear
for large values.

Machine Learning Approach

Signal Processing

Input sequences comprise consistency error vectors from
the previous 14 data points, derived by comparing TLE-
propagated states with measured orbital data messages
applicable to Equation 2. Each error vector includes po-
sition and velocity deviations in the Radial-, In-Track-,
Cross-Track-coordinate system (RIC). Additionally, the
input includes B* drag coefficient deviations present in
the TLE-Data representing atmospheric drag changes
and the time gaps between the data points, as they vary
between TLE epochs. All input variables are standard-
ized to zero mean and unit variance to ensure numerical
stability and equal learning importance during training.

For validation, we analyze four LEO satellites
tracked by the ILRS and 10 satellites provided by GSOC.
Ground truth references (ILRS laser ranging, GSOC
CPFs) are sampled at 60—180 second intervals; when
comparing to TLEs, the nearest ground truth epoch is se-
lected to minimize interpolation errors. Training and test
sets were constructed chronologically to simulate real-
world operational conditions where future orbits repre-
sent unknown variables. Peng and Bai experimented
with alternating training and testing data on the time
scale with the conclusion that a linear approach per-
forms just as well [10].

Early tests showed that different model architectures
increase the prediction accuracy of different parameters.
For that reason, six independent models are trained with



Training Data Points Validation Data Points Test Data Points Available TLEs

Ajisai 2674 434 434 624
Lares 4228 700 700 982
BeaconC 1974 322 322 552
Starlette 2688 448 448 634
#1 8400 1400 1386 868

#2 5068 840 840 576

#3 2352 392 378 307

#4 3346 546 546 402

#5 9380 1554 1554 982

#6 2030 336 336 266

#7 1862 308 308 231

#8 2268 378 364 298

#9 2310 378 378 302
#10 3948 658 658 439

Table 1: Table of the used satellites and available TLEs and the corresponding data points; numbered satellites are

anonymous

one for each output dimension (x, y, z position and ve-
locity residuals). Each model learns the temporal gap
between epochs to predict forward propagation states,
while improving consistency errors using the 14 most
recent backward-propagated error vectors.

Table 1 shows the available data of each satellite that
is investigated. The number of data points result from
the number of TLEs and true states available with the ra-
tios between training, validation and testing respectively.
GSOC provided RSOs #8 and #9 emitted erroneous
signals during coordinate conversion that could not be
resolved during the frame of this work. For that reason,
those data are omitted for performance evaluation.

Parameter Study

Following Peng and Bai [10], we adopted the position
mean loss (PML) as prediction improvement metric:

_ Zn |etrue,var - eML,var|

Py (var) = 3

where ey 1S the true error and ey is the ML-
predicted error. While PML quantifies relative improve-
ment over TLE propagation, it fails to capture prediction
uncertainty as it reports only mean improvement without
confidence intervals. For the hyperparameter optimiza-
tion, a complete search rather than traditional grid search

x*100%  (5)
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is implemented to ensure comprehensive exploration of
the parameter space. This approach evaluates all pos-
sible combinations within defined ranges, eliminating
the risk of missing optimal configurations that might fall
between grid points.

All input features undergo column-wise standardiza-
tion to a normal distribution (4 = 0, ¢ = 1), calculated
independently for each feature column. This approach
preserves the physical dimension of error components,
ensuring that inherently larger-magnitude errors main-
tain proportionally greater influence in the loss calcula-
tion compared to smaller errors.

Three loss functions are evaluated as explained in
subsection "Model Structure". This configuration en-
ables direct comparison of loss functions and their indi-
vidual impacts on prediction accuracy for radial, in-track,
and cross-track error components.

Performance

This section presents a comprehensive assessment of the
proposed machine learning orbit propagation framework
across all 12 RSOs. The evaluation methodology em-
ploys CPF data as the true state reference, with each
TLE propagated forward to predict the subsequent 14
data points. This approach enables quantification of
error reduction across radial, in-track, and cross-track



components, as well as their corresponding velocity er-
Tors.

The GRU architecture demonstrated better predic-
tion accuracy compared to LSTM with less computa-
tional time. Among loss functions, Huber and NRMSE
outperformed MAE, indicating that controlled penal-
ization of outliers better suits the non-Gaussian error
distributions present in orbital information.

Figures 2 (a) to 2 (f) show the performance of
Beacon-C, representative of a successful implementation
of the proposed ML algorithm. The position and veloc-
ity error evolution demonstrates major improvements
across all components.

Each graph presents prediction duration in time
points along the horizontal axis against the error mag-
nitude expressed in meters (m) for position components
and meters per second (meter/second) for velocity com-
ponents on the vertical axis. Time points have non-
uniform gaps as a time point is the epoch of an available
TLE that also has a true state in close time proximity.
The data representation depicts the mean error as a cen-
tral dot with standard deviation visualized through error
bars surrounding it, with a slight offset between error
types for better visibility. Error bars in red represent the
true error representing baseline performance, blue indi-
cates the residual error remaining after ML correction
has been applied, and green represents the ML-predicted
error.

The results demonstrate consistent error reduction
across all components albeit with varying magnitudes.
The in-track position error proves most challenging to
model. This may be because it is dominant in LEO
due to atmospheric drag effects or because it has a high
correlation with the error in the radial direction. Nev-
ertheless, the residual absolute error after 14 prediction
steps remains several kilometers lower than the original
TLE-error. Systematic error patterns are effectively cap-
tured not only in position but also in all three velocity
components, reducing propagated velocity errors in the
RIC-frame.

Table 2 shows the performance analysis with a signif-
icant variability across satellites, with area-to-mass ratio
emerging as a potential correlating factor. Satellites with
higher area-to-mass ratios demonstrate reduced model
capacity in capturing atmospheric drag effects, particu-
larly evident in in-track error prediction where the cor-
relation between PML improvement and area-to-mass
ratio (o = 0,652) suggests insufficient drag modeling.
This indicates potential value in incorporating area-to-

mass ratio as an input parameter during training. The
models struggle to correct the velocity error in the ra-
dial and cross-track direction which indicates that input
features lack sufficient information in that regard.

Figure 3 depicts a case where the model demon-
strates limited predictive capability, achieving an error
reduction with a PML value of 87. This sub-optimal
performance may be an indicator for inadequate rep-
resentation of the satellite’s area-to-mass ratio in the
feature set or insufficient temporal resolution between
observational data points. These limitations will be the
focus of future works.
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Figure 3: In-Track error e, of RSO #10 showing
insufficient improvements through the PML metric

Smaller absolute values of original velocity errors
may further limit PML improvement potential as the
baseline magnitude is already low. Additionally, satel-
lite maneuvers likely degrade prediction accuracy during
and following maneuver periods. Future implementa-
tions could benefit from excluding maneuver-affected
TLE:s.

Preliminary analysis indicates that a training data
set size beyond 200 TLEs yields diminishing returns,
although expanded testing is needed to validate this find-
ing.

Conclusion

This study demonstrates that machine learning tech-
niques can enhance LEO satellite orbit prediction by
modeling TLE propagation errors across twelve Resi-
dent Space Objects. The results reveal consistent error
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Figure 2: Beacon-C error components in RIC frame
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reduction across all six RIC-frame parameters for
satellites with a small area-to-mass ratio. However, per-
formance varies considerably across the investigated
parameters, with cross-track position errors proving es-
pecially challenging for satellites with higher area-to-
mass ratios, while radial and cross-track velocity errors
remain difficult to predict across all RSOs.

A critical limitation of the current TLE framework
is its implicit assumption of zero initial error, treating
propagated states as ground truth when in reality they
contain systematic biases that accumulate over time. In-
corporating satellite-specific area-to-mass ratio as an
explicit input parameter could improve ML-enhanced
atmospheric drag modeling.

The proposed ML approach offers a practical path-
way to enhance the operational TLE catalog by extend-
ing prediction validity periods and reducing position
uncertainties. For objects without continuous orbit de-
termination processes, a more reliable conjunction as-
sessment and maneuver planning can be implemented
with minimal infrastructure changes.

Our approach enables more accurate orbit predic-
tions for satellites that lack frequent tracking or GNSS-
based orbit determination. This enhanced prediction ca-
pability is particularly valuable for ground-based track-
ing systems, which can leverage the improved orbital
knowledge to maintain continuous observation of space
objects between sparse catalog updates. Future work
will focus on validating the improvement of the detec-
tion accuracy through real telescope observations and
developing adaptive models that account for significant
variations in illumination conditions and atmospheric
drag profiles across different orbital regimes. Addition-
ally, investigating the impact of area-to-mass ratio and
time gaps between data points may yield further im-
provements in prediction quality.
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Satellite Denomination | PML Radial | PML In-Track | PML Cross-Track | PML Radial Vel. | PML In-Track Vel. | PML Cross-Track Vel. AMR
Ajisai 65,89 96,74 28,5 98,6 61,54 168,66* 0,0058
Lares 25,95 69,07 32,8 59,08 24,6 92,88 0,00027

Beacon-C 34,68 47,65 24,70 43,24 33,04 43,64 -

Starlette 112,43%* 61,46 26,47 62,67 93,03 59,37 0,00096
#1 52,65 79,12 97,25 83,19 70,93 100,07%* 0,0068
#2 35,87 93,35 89,63 88,37 51,96 86,84 0,001837
#3 54,10 99,23 75,98 172,18* 55,83 90,79 0,005573
#4 51,97 102,24 79,9 99 57,36 94,79 0,017699
#5 77,24 101,18%* 102,72%* 90,36 100,66* 101,3* 0,009926
#6 108,70%* 74,49 107,05%* 90,36 94,6 99,06 0,002175
#7 34,70 91,28 96,98 86,98 43,59 102,48* 0,002191
#10 47,26 87,23 85,82 89,8 50,1 104,37* 0,004966

Table 2: Performance of all investigated Satellites, GSOC provided satellites are anonymized. Columns represent the respective error of each variable
with the last column being the area-to-mass ratio of the RSO




