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Abstract

High-precision onboard orbit propagation, often unavailable due to high demands of
onboard resources, is crucial for autonomous optical link pointing and acquisition in
large-scale low Earth orbit satellite constellations. For such large-scale constellations, an
advantageous feature for efficient and accurate orbit propagation is the correlation or
similarity in the orbit perturbations experienced by multiple satellites. Yet, this correlation
has not been fully utilized in existing orbit propagation methods. In this work, we propose
a cross-referential orbit propagation framework that leverages multiple historical
reference arcs from other satellites within the same constellation to improve prediction
accuracy and reliability. The framework achieves error reduction comparable to that of
ensemble learning by aggregating the predictions from a single lightweight model under
varying reference inputs, thereby preserving a simple and compact model architecture.
To ensure the generalizability of this compact model, we further introduce a network
architecture termed the Compressive Decoder for Orbit Propagation (CDOP). The CDOP
predicts low-dimensional representations of the propagated orbits, from which the full
time series are subsequently decoded. By incorporating modules from pre-trained
compressive autoencoders, the CDOP mitigates overfitting while maintaining a low
inference cost. The proposed method is validated on simulated Walker constellations with
different geometries. The results demonstrate an average 24 h position error of
approximately 200 m, with an inference cost 30 times lower than that of a reduced-
dynamic numerical propagator. The framework is computationally lightweight,
generalizes well across different initial conditions, and is well suited for onboard
deployment in autonomous optical link acquisition.

Keywords: orbit propagation; large-scale constellation; onboard autonomy; neural
network; compressive autoencoder

1. Introduction

In recent years, large-scale low Earth orbit (LEO) satellite constellations have been
developed rapidly. To date, more than ten thousand Starlink satellites have been launched
and deployed. Chinese initiatives, including the G60 and GW constellations, are also
entering the race to build constellations comprising over ten thousand satellites. Driven
by the sheer scale and complexity of these systems, the autonomous operation of LEO
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mega constellations has become an urgent requirement. The onboard capability for
accurate orbit propagation is a key enabler of autonomous constellation operation and
serves as the foundation for the dynamic planning and acquisition of optical inter-satellite
links. For onboard autonomous optical link management with dynamic adjustability,
satellites must frequently propagate their own orbits and those of other satellites using
relatively limited computational resources, while the accuracy of orbit propagation
critically affects the efficiency of the link acquisition process. A study [1] on the impact of
pointing error on link acquisition time shows that the average acquisition time for optical
inter-satellite links scales quadratically with the orbit propagation error. Specifically,
when the initial pointing error is reduced from kilometers to hundreds of meters, the
expected single-link acquisition time can decrease from 8 min to 48 s.

Due to intensive computational requirements, most LEO constellations adopt a
ground-based framework for optical link planning and acquisition, where the ground
facilities provide virtually unrestricted computational resources. Under this framework,
a centralized system calculates the link acquisition windows and schedules mission plans
in advance. These commands are subsequently uploaded to satellites for execution via a
telemetry, tracking and command (TT & C) link at appropriate times. As a result, not only
does the burden on the ground TT & C resources increase with the growth of a
constellation, but the link topology is also unable to adjust dynamically in response to
satellite status and traffic demands.

To enable the autonomous and dynamic management of optical inter-satellite links,
this work aims to develop a resource-efficient, on-board deployable orbit propagation
method. Traditionally, orbit propagation (OP) methods fall into two categories: analytical
propagators and numerical integrators. The former offers low computational cost but
suffers from limited precision due to its consideration of only simplified perturbation
terms; the latter achieves high precision but imposes a greater computational burden.
With the advancement of machine learning and increased readiness for onboard
deployment of machine learning models [2—4], data-driven and hybrid orbit propagation
methods have garnered widespread attention for their potential to achieve both high
precision and computational efficiency.

Classical fitting and machine learning methods, such as Poisson series fitting and
support vector machines, have been adopted to refine the accuracy of orbit propagation
for more than a decade. Early researchers [5-8] proposed two-step analytical-statistical
hybrid extrapolation methods, which employed traditional data fitting techniques to
compensate for errors generated by analytical orbit extrapolation, effectively reducing
extrapolation errors. Subsequently, Peng et al. conducted a series of studies on similar
problems using various machine learning methods. Employing support vector machines
(SVMs) [9-11], Gaussian processes [12] and one-hidden-layer artificial neural networks
(ANNSs) [13], they trained models on historical orbit data prior to the start of extrapolation
to predict and correct errors in analytical orbit extrapolation. They also presented detailed
comparative analyses of the results obtained by these methods [14,15].

Recently, deep learning based on artificial neural networks has evolved rapidly,
showing impressive capability, and has been widely applied to spacecraft guidance and
control [16-18]. Particularly for orbit propagation, following the same principle of
combining analytical estimations with data-driven corrections, Li et al. [19] considered a
scenario in which orbit measurement data are acquired from a single ground station. They
adopted a boosting tree algorithm to learn and correct the analytical orbit extrapolation
errors of three LEO satellites. The correction achieved a reduction of over 50% in the original
errors, outperforming the SVM method. The same group later [20] utilized two models—a
gradient boosting decision tree (GBDT) and a fully connected network —to learn and correct
the orbit extrapolation errors of five LEO and medium Earth orbit (MEO) satellites,
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achieving an error reduction of over 75% for 14-day predictions. Curzi et al. [21] employed
a long short-term memory (LSTM) network to correct the orbit extrapolation errors of four
LEO satellites, reducing the SGP4 extrapolation error by an average of 45%. Zhang et al. [22]
also applied an LSTM network to learn and predict the orbit data of the Ajisai satellite, with
the corrected prediction accuracy reaching the order of 500 m per day. Huang et al. [23]
combined XGBoost with an extended Kalman filter and trained separate models for
different orbits to improve the orbit prediction error, achieving a 7-day position error of a
few tens of kilometers and a 1-day error on the kilometer level. Li et al. [24] constructed a
neural network model integrating an attention mechanism, CNN, BiLSTM, and XGBoost to
learn and predict the orbit data of two satellites, Saral and TerraSAR-X. The prediction
accuracy of this model was significantly improved compared with that of simpler models,
such as LSTM and GRU.

The previous works mentioned above demonstrate the advantage of data-driven
hybrid methods for improving OP accuracy while maintaining relatively low
computational costs. In particular, ensemble learning methods, such as boosting trees,
show significant performance improvements by aggregating predictions from diverse
models, benefiting from the “wisdom of the crowd.” While a single model might produce
a large error or get stuck in a bad local minimum, a group of models is statistically more
likely to converge on the correct prediction and cancel out individual noise. However, the
downside of ensemble learning shares the same origin: multiple models are more complex
and require more memory. Although improving accuracy is the primary goal for
developing our onboard orbit propagation model, the complexity and memory
requirements of the model must also be taken into consideration in engineering practice.

In this work, to fully leverage the reliability and performance enhancements of
ensemble learning while keeping the model structure simple, we propose a cross-
referential OP framework. In this framework, to propagate the orbit of one satellite in a
constellation, ephemerides of several other satellites in the same constellation are taken as
direct references (Figure 1). Unlike the approach in ref. [20], which trains the model on
historical ephemerides and then applies the learned knowledge to other satellites, our
framework explicitly incorporates several historical arcs from across the constellation as
reference inputs. These references yield multiple independent estimates of the future
orbit; the resulting residual errors are subsequently corrected by a neural network,
following standard practice in the field. Compared to the common practice in which
neural network models base corrections on a single estimation (usually SGP4 generated),
our cross-referential workflow offers the capability of enhancing reliability and improving
accuracy by incorporating multiple reference arcs. Instead of aggregating predictions
from different models, the proposed framework aggregates predictions from the same
model with different auxiliary inputs, thereby reducing the overall complexity while
achieving a similar reduction in error variance. To ensure the generalizability of a single
model with moderate complexity within the cross-referential framework, we propose a
compressive decoder architecture. Rather than providing predictions one step at a time as
in traditional sliding window frameworks, the proposed architecture learns to map the
initial states to highly compressed feature vectors and then outputs the entire time series
via decoding. The compressive feature extraction of the output time series facilitates the
establishment of a more generalizable mapping that is less prone to overfitting.
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Figure 1. Cross-referential orbits in a Walker constellation. The yellow line represents the orbit of
the satellite that needs to be propagated; the green line represents one of the orbits that serves as a
reference, with a very similar ground track to the orbit that needs to be propagated. (a) The
constellation viewed in an ECI frame. (b,c) Schematic plot of argument of latitude and RAAN of the
reference and propagated arcs, respectively. Note that they correspond to different times and, thus,
different RAANSs. (d) Ground tracks 1.8 days prior to the start time of the OP. (e) Ground tracks at
the start time of the OP.

2. Methods

For LEO constellations, the orbits of individual satellites are designed to satisfy
specific geometric relationships. In a Walker constellation, for instance, the nominal
values of the semimajor axis, eccentricity, and inclination are identical for all satellites,
while the right ascension of the ascending node (RAAN) and argument of latitude are
evenly spaced. Consequently, for the trajectory (specifically, the ground track) of any
given satellite during any period of interest, many other satellites in the same constellation
will exhibit closely matching ground tracks during adjacent time intervals. For example,
within a 48 h window, more than ten satellites in a Walker constellation of 400 satellites
will traverse ground tracks that lie within 2° of latitude of those of any reference satellite.
These satellites experience similar higher-order gravitational perturbations as well as
closely related third-body and tidal perturbations. Therefore, when propagating the orbit
of a single satellite, knowledge of prior ephemerides with similar tracks can serve as
valuable referential information. Such references can be particularly effective in
suppressing uncertainty when predictions derived from multiple reference orbits are
combined. Motivated by this observation, we developed our orbit propagation method as
described below.

We denote the satellite of interest whose orbit is to be propagated as S, the start
time of the propagation as tél) , one of the reference satellites as S, and the
corresponding start time of the reference arc as téo). For the application of autonomous
optical link acquisition, short- to medium-term orbit propagation is of interest; thus, we
propagate forward S® for T = 24 h. The workflow of the orbit propagation process in
the context of autonomous optical link acquisition is illustrated in Figure 2. The start time
of the propagation tél) corresponds to the most recent epoch available in the onboard
historical ephemerides. First, according to the longitude l(l)(tél)) and the argument of
latitude u(l)(tél)) of SM at tél), we search the historical ephemeris for suitable S O]
such that the longitude l(o)(t((,o)) is close to l(l)(t((,l)), and the arguments of latitude are
the same, with the start time of the reference arc t((,o) being within 2448 h before tél). If
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S® is ascending, S should be also ascending and vice versa. Thus, during the next 24
h starting from t{”, the ground tracks of S® should be close to each other. Then, we
analytically transform the reference ephemeris data of S(® to get a coarse-grained
estimation for the orbit prediction of S, Next, a neural network based on a compressive
decoder is introduced, taking the initial state of S O with the space weather indices and
auxiliary information about the reference arc used as inputs to make corrections to the
coarse-grained estimation, giving one high-precision orbit prediction. Finally, multiple
predictions are repeatedly given by the same previous steps but using different reference
satellites S(®, and the averaged prediction is taken as the final result of the propagation.
In the following subsections we discuss, in detail, each step of our method.

Regularly acquire historical ephemerides of
constellation satellites, including S @, from
uploads or intersatellite links.

l

Need for link-establishment with S emerges.
Initiate orbit propagation workflow for S,
v

Take the most recent ephemeris of SMavailable
onboard as the initial state for the propagation.

Retrieve appropriate ephemerides stored
onboard to serve as reference orbits.

Perform analytical transformation on the
reference orbit to obtain a coarse estimation.

Neural network model gives corrections to the
coarse estimate.

Aggregate multiple propagations using different
reference orbits

Output final propagation for S,

Figure 2. Flowchart of proposed cross-referential orbit propagation framework for autonomous

optical link acquisition with S,

2.1. Analytical Transformation for Coarse-Grained Estimation

Although a reference arc is chosen in such a way that its ground track is close to the
ground track of the to-be-propagated arc, in inertial frames the two arcs are very different
since they correspond to different time periods (See Figure 1a). Thus, it is not yet clear
how the reference arc can give rise to a useful estimation for the orbit propagation problem
of interest. In this subsection we introduce the transformation that converts the orbital
elements of S into a coarse-grained estimation of the predicted orbit elements of S™.

First, the osculating elements of S at every time step, téo) <t® < téo) + T, and the

e

osculating elements of S™ at the initial time are converted to a simplified L. The Liu-

type mean elements use the following definition [25]:
a(t) = a(t) + Ao,(t), )

where we have omitted the superscript (0), standing for “reference arc”, for clarity. o
represents one of the six non-singular osculating elements, a,i,Q,§,n,and 4, and & is the
corresponding mean element. ¢, and A are defined by
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E=ecosw, (2)
n =—esinw, 3)
Al=w+M. 4)

As per convention, a represents semimajor axis; e represents eccentricity; i
represents inclination; Q represents RAAN; w represents argument of perigee; M
represents mean anomaly. For near-circular orbits in LEO constellations, short-period
correction terms Acs to mean elements are given by

3/,R? =
Aag = — ]226_13 sin?Tcos 24, ®)
3J,R? =
Aig = — {}2526 costsinicos24, ©)
3J,R? =
AQg = — izaze cosisin 24, @)
3]2R§ 5. 27 1
A = — 252 (1—Zsm L)cosl ®)
7],R? =
— ]2_26 sin®Tcos 31,
8a
3/,R? 7 27)sin A
AUS:_ZELZ (1—Zsm L)Sln/l )
7.R? -
+ 832 sin®Tsin 31,
3]2R§( 5 2—) 7
_ 2 . . 10
A 132 1 > sin“1 sin 24 (10)

In Equation (1) and Equations (5)—(10) above, the conversion from mean elements to
osculating elements is explicitly defined. Note that the conversion is local in time in this
definition; i.e., the osculating elements at time t can be obtained using only the
knowledge of the “mean” elements at time ¢t and vice versa. Reversely, to efficiently
convert the osculating elements back into mean elements, it suffices to iteratively
substitute the osculating elements into the right-hand side of Equations (5)-(10) twice.
This gives Ao; with a position error within a few meters for LEO orbits, which is well
tolerable for our goal regarding propagation accuracy.

We denote the mean elements of S(® obtained by converting the historical
ephemeris as a0 (t@), with the subscript “a” standing for “actual”. Next, starting from
the mean elements at t\” and t{”, S© and S® are propagated analytically
considering only the J2 perturbations for t’ <t® <t + T, respectively, giving
6](20 )(t©®) and 5](21 )(t™). The J2 propagator we use is from [25].

_ _ 3J,R?
Q1) = Qty) +— JoRe i cost (t —to), (11)
2a2(1 — e(t)?)?
ngz () = &(to) Cos(a(t - to)) +7(to) Sin(a(t - to)) ) (12)
7j2(£) = 7i(to) cos(a(t — to)) — E(to) sin(a(t - t,)), (13)

2
32Revk - (Esinz T— 1) (t — to), (14)

N £
Ao () = Alto) + \/; - &(t)?)?
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3J2REVE
2a’/2(1-é(ty)?)?
geocentric gravitational constant. Using the actual historical mean elements of the

and ap,(t) = a(ty), 1(t) =1(ty). Here, a = (gsinzi—Z) and u is the

reference arc G. (t®) and the J2-propagated mean elements &3’ (t®) and G5’ (t™),

we construct the estimated mean elements for S at each time step as
—(1 — =(0 —(0 —(1
5.0 (t) = 37 (1) = 53" (1) + 55, (1) (15)

for t@ — tél) =t©@ — t((,o) < T. The angular wrapping in this work is handled by taking
rem(o + 4m, 2m) every time an angular orbit element o is updated by addition or
subtraction. The coarse-grained estimation is obtained essentially by first extracting from
the reference arc the differences between the actual historical mean elements, which
contain the effects of all perturbations, and the J2-propagated mean elements. These
element-wise differences are then added to the J2-propagated mean elements of the
satellite of interest. Performing the correction in the mean-element domain avoids explicit
rotation and ensures smoothness. For example, to inherit the change in RAAN due to the
higher-order non-spherical Earth gravity, the mean RAAN differences between the actual
and J2-propagated orbits of the reference satellite can be simply added to the J2-
propagated mean RAAN of the satellite of interest. If, instead, this is done in terms of state
vectors r and v, explicit rotations of the differences dr and v will be involved since the
initial RAAN of the reference and the to-be-propagated arcs are very different (c.f. Figure
1).

Subsequently, the estimated mean elements gV are further transformed into state

vectors in earth-centered inertial (ECI) coordinates. This is done by first converting M

into osculating elements ae(l) using Equations (5)-(10), and then into state vectors

I, gc; and v, g¢; using standard transformations.

2.2. Neural Network Model for Error Correction

Data-driven OP models are advantageous due to both their precision and
computational workload, while analytical and numerical models have to make trade-offs
between the two. However, their limited generalizability may hinder the application of
data-driven OP methods in realistic scenarios. Technically, models based on traditional
sliding window frameworks, which learn to predict only one time step based on the entire
historical curves of every inference call, learn the statistics better than the orbital
dynamics. A model with full orbital dynamics should be able to propagate future steps
based on the initial condition involving only the start time. Therefore, traditional sliding
window-based models, without amplifying errors [14], are typically less generalizable
compared to models that capture the dynamics. We aim to develop a model that is capable
of making accurate predictions for various initial states within a constellation without re-
training, and that works consistently over an extended start time of propagation. To this
end, we propose an innovative architecture based on the decoder modules of pre-trained
compressive autoencoders for the orbital data, hence termed Compressive Decoder for
Orbit Propagation (CDOP).

A key finding enabling the CDOP is that the arbitrary tracks of satellites within an
LEO constellation, in the form of a time series of the differences between the actual and
the coarsely estimated positions, as introduced in the previous subsection, can all be
encoded and compressively represented by very few latent features using a single
encoder, while introducing negligible reconstruction errors (in orders of tens of meters,
see Figure 3). Although compressive autoencoders have been widely used in audio and
image compression tasks [26-30], and also in compression of financial and biomedical
time series [31-33], their application to orbital data with quantified reconstruction errors
has not been discussed, and this compressibility is not self-evident. As a result of the
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condensation in dimensions, the mapping that links the relatively arbitrary (within the
constellation) initial states and the latent features representing the predicted orbits can be
well learned and established. In contrast to a traditional sliding window framework
(Figure 4), the CDOP takes only the initial step and auxiliary information about the
reference arc as the input, and outputs the entire predicted time series in one inference.

s 4 Art truth Ar¢ reconstruction
—— Arrtruth Ary reconstruction
6 T
E —— Arp truth Arp reconstruction
~ 4
9
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0.10 A s
= along-track radial cross-track
2 ]
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Figure 3. Argry reconstructed by the compressive autoencoder. Upper panel: Absolute values of

true and reconstructed Argry. Lower panel: Differences between true and reconstructed values.

(a) predict

.

t

sliding window
(b)

compress )
predict

decompress

t
Sat 1

Figure 4. Schematic diagrams of (a) a traditional sliding window framework, where the time series
inputs (yellow) are mapped to the outputs (green) one step at a time; (b) CDOP framework, where
the most important input, the initial condition at the first step, is mapped to a low-dimensional

latent vector and then decompressed to get the entire output series.

2.2.1. Dataset

We first create the dataset for training and validating our model. After training, our
CDOP model should be able to make 24 h predictions about the corrections to the
analytical estimations discussed previously, for arbitrary OP tasks arising from satellites
within a chosen LEO constellation and within an extended time period, e.g., a year.
Because our method involves at least two satellites within an LEO constellation, and in
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the current stage it is hard to get enough real-life ephemerides of LEO large-scale
constellations with known maneuver schedules, we use a numerical high-precision orbit
propagator (HPOP) [34] to generate simulated ephemerides for the dataset in our
demonstration. Nevertheless, future real-life ephemerides could be used to train the
model following the same methodology in practical applications. For now, our model
takes the HPOP-generated orbits with measured or forecasted space weather as the
ground truth. Thus, when applying the current model to real-life scenarios, the residue
error to a real orbit will be a combination of the residue error reported in this paper and
the error inherited from the HPOP/atmospheric model. Naturally, the more precise the
HPOP/atmospheric model used to generate the training dataset is, the lower the combined
error will be. Our focus here is to reduce the error relative to the high-precision numerical
model, whose computation cost is much higher than that of our hybrid model. The HPOP
model we use in this study employs a GGMO03C gravity model to the 70th degree and 70th
order; a JPL-DE440 model with sun, moon and all the planets included; an NRLMSISE-00
atmospheric density model; a conical shadow model for solar radiation pressure; and
takes into account the solid Earth tides and ocean tides but no general relativity effects,
giving rise to position errors within tens of meters per day [34].

The dataset consists of inputs of the model and the corresponding output labels. For
the inputs, in addition to the initial orbital elements, the initial time and space weather
indices (we postpone the detailed discussion about the selection of these non-series inputs
to the next paragraph and Section 3.2) and three auxiliary time series for improving
precision are also included: the J2 mean semimajor axis of the reference arc a};’), the ]2
mean argument of latitude of the reference arc a,(;’) and the geodetic height of the
reference arc h(®. For the output labels, the analytically estimated r,z, for each time
step discussed in Section 2.1 is subtracted from the ground truth r, z¢; obtained using the
HPOP model introduced above, giving the correction Arg¢; in the ECI frame. To better
characterize the time evolution of Ar and decouple the phase (i.e., argument of latitude)
error from oscillations in the components of Arg;; due to the orbital period, we transform
Arg; into the radial, along-track, cross-track (RTN) frames to get Argry, which is chosen
as the output label for our dataset. For simplicity, the transformation to the RTN frame is
done by constructing rotation matrices based on the analytically estimated osculating

ORI
& g

. 1 .
elements i and ug ), instead of Topcr and Ve ger.

Now, we discuss further the input features. The initial times téo) and t((,l) in the

®
0o

the AP indices and F10.7 indices, are selected. More importantly, the initial orbital

modified Julian date (MJD) and the (forecasted) space weather indices of t;”’, including
elements or state vectors of S(® and S™ should be the main input features of the model.
Nevertheless, there are a variety of equivalent representations that are mutually
convertible, including osculating elements, mean elements, state vectors in earth-fixed
frame, state vectors in inertial frame, etc. Although the choice of proper input features can
be made intuitively, this choice often lacks definite criterion. For example, the state vectors
in an earth-centered earth-fixed (ECEF) frame may reflect better the effects of non-
spherical gravitation perturbations, while the state vectors in inertial frames are more
conventional orbital dynamics representations, since no inertial forces are introduced. To
resolve this ambiguity, we adopt a data-driven input feature selection method [35]. This
gives the measurable importance of each input feature in making predictions. Specifically,
we start from taking all redundant representations as input features to construct and train
the model to convergence. Then, a variational dropout layer is added after the input layer.
Meanwhile, the following term is added to the loss function:

LDropout =L+AY;P,

https://doi.org/10.3390/aerospace13070598
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where 1 = 0.001 is a weight factor and L is the original loss function (see Section 2.2.3).
P; is the keep probability of the ith input feature, and it is the trainable parameter of the
variational dropout layer. The modified model is trained again with all the original
parameters fixed and P; being the only trainable parameter. This adaptively gives the
importance (to be precise, the unimportance) of each input feature, signified by the
probability the feature can be shut down while not significantly degrading the
performance of the model. Based on this knowledge, a modified model with only the
important input features will be constructed again and trained to validate the selection.

2.2.2. Model Architecture

Our CDOP model comprises the following modules (Figure 5): input and embedding
layers for the non-series inputs, encoders for the time series inputs, a feed-forward
network that maps the inputs to the bottleneck latent features, regression layers
transforming the bottleneck latent features into pre-decode features, and finally the
decoders.

concat

output
» series 1

| | LSTM dlst.rlbuted
reshape linear

output
» series 2

output decoders

Training stage 2,3 & Inferencing

embedding deesilr 3
ecoder 1 encoder 3 decoder 3

encoder 2 ecoder 2 encoder 4 decoder 4
encoder 2 decoder 4

feed
forward

Figure 5. (a) Architecture of the CDOP model. The bottleneck layer is highlighted in red. (b)
Structure of autoencoders and the correspondences among the encoders and decoders in the CDOP

model.

The input encoders and output decoders are first trained in unsupervised learning
processes, where autoencoders based on LSTM layers are constructed for each type of
input and output time series. Since there will be two auxiliary input time series and two
output time series, we correspondingly construct four autoencoders. The schematic
structure of each autoencoder is shown in Figure 5b. We group c_l](g) and ﬁ](g) as one set
of two-channel input series, and the geodetic height h(®) as the second input series. For
the outputs, the radial and normal position error Arz and Ary are grouped into a two-
channel output series, with the track error Ar; being another output series. The four sets
of series correspond to the four autoencoders trained individually. After these
autoencoders are trained to convergence, only the encoders for the input series and the
decoders for the output series are taken as part of the CDOP model, while the decoders
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for the input series will not be used again after this point. This allows us to optimize the
computational workloads during inferencing by balancing the complexity between the
encoders and the decoders when designing the autoencoders. For the output decoders,
since their capability to accurately reconstruct the time series strongly affects the final OP
precision, the corresponding autoencoders cannot be oversimplified models with very
few parameters. Nevertheless, a high-fidelity reconstruction can be achieved by
combining strong encoders with small decoders. By integrating the lightweight pre-
trained decoder into the CDOP model while leaving the encoder out, precise OP with a
low inferencing computational cost is made possible. For the input encoders, since they
only need to extract the features rather than recover all the details in the input time series,
small-parameter networks that correctly capture the trends and oscillation patterns can be
safely used. In brief, the pre-training of the autoencoders keeps the CDOP model
lightweight and accurate at the same time.

The bottleneck layer in the CDOP architecture, as highlighted in red in Figure 5a,
helps prevent overfitting. Suppose, instead, that we have two fully connected networks,
each connecting the post-input encoder layers directly to the two output decoders,
respectively. Then, effectively, the prediction of Ar; and the prediction of Arp and Ary
are decoupled. It is easier for the training to converge but also easier to overfit each output
time series because of the decoupling. The bottleneck structure, in comparison, postpones
the “branching” until the very last layer, so that the bottleneck latent features have to
compose a fused representation of Arg, Ary and Ary, and the main representation—
transformational fitting happens only in the last branched regression layers. In short, the
bottleneck structure helps the network to learn a mapping that better reflects the dynamics
and is less prone to overfitting.

2.2.3. Training

The training is three-staged: First, the encoders and decoders are completed to form
autoencoders, which are trained individually in unsupervised learning. Then, the CDOP
model is trained in supervised learning, with the parameters of the encoders and decoders
loaded and fixed. Since the encoders and decoders are well trained in the first stage of
unsupervised learning and can encode/decode time series quite accurately to/from low-
dimensional latent representations, their parameters are fixed in this stage in order to
avoid unnecessary updates at the beginning of the supervised learning. Finally, all the
parameters in the CDOP model are set as trainable and the model is fine-tuned.

In all three training stages, we use an Adam optimizer with the learning rate being
5x10°. In the first unsupervised training stage, the loss function is simply the MSE loss
between the input time series and the output time series. The batch size is 8, and the
maximum number of epochs is set to 1000. In the next two training stages, L1
regularization is used to sparsify the parameters of the feed-forward and regression
modulus that connect the post-encode features to the pre-decode features. The loss
function is

L= LMSE + KLLl’

where Lysg is the MSE loss between the output time series and the labels, and L;; is the
sum of the absolute values of all parameters in the feed-forward and regression modulus.
The weight factor k is initially 1 x 10 and is multiplied by 0.99 after every 100 training
epochs. The batch size is set to 32, and the maximum number of epochs is set to 10,000.

3. Results and Discussion

To demonstrate our method, we consider an LEO Walker constellation. The initial
orbital elements of S©® and S™ are set according to Table 1. When constructing the
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dataset for our neural network model, the initial RAAN of the reference arc Q(* and the
initial argument of latitude of the reference arc #(® are randomly generated, whereas

(1)_,(0)
S (D e 5(0)(4(0) 2 _() (DY —
QW (t,") are randomly chosen within 0 (¢;”) + 360° x ooy 27 and aW(t") =

a©@(£{”), in order for $© to actually be a valid reference for S@, i.e., to actually share a
similar ground track with S®. Here, 0.99727 is one sidereal day in units of mean solar
days. The initial time tSO) is randomly taken from the interval 00:00:00 1 January 2023 to
00:00:00 1 January 2024. tél) is any time 24 to 48 h after tgo)‘ The step size of the time
series is 60 s, and each time series contains 1440 steps, i.e., lasts 24 h.

Table 1. Orbital elements of satellites in the datasets.

Initial Orbital Element Range of Values

a(to) 6937.225 + 0.2 km
e(ty) <1074
1(to) 43.0025 + 0.0025°

Q(ty), @(to), u(ty) [0°, 360°)

We create a dataset containing 86,500 randomly generated pairs of S(® and S®
orbital data, divided into a training set with 80,000 pairs, a valid set with 6000 pairs and a
test set with 500 pairs. In addition to the dataset containing randomly generated reference
arcs as discussed above, we construct five extra test sets by simulating five Walker
constellations. Each extra set contains four OP tasks within the constellation, and each OP
task will utilize five different referential arcs extracted from the historical ephemerides of
the Walker constellation. We design the CDOP model following the guiding principles
discussed previously, and the working architecture is tabulated in Table 2. Note that the
decoders for the inputs and the encoders for the outputs are only for the first stage of
unsupervised learning.

Table 2. Model parameters of the CDOP model and the autoencoders.

Module Layers Hyperparameters
_(0) convld out_channels =4, kernel_size = 3, stride =3
encoder for @;," and ) . e
_0) LSTM hidden_size = 64, num_layers = 2, bidirectional = True
u .
J2 linear out_features =16
convld out_channels =4, kernel_size = 3, stride =3
encoder for h(® LSTM hidden_size = 32, num_layers = 2, bidirectional = True
linear out_features =16

feed forward

regression layer and
decoder for Ary

regression layer and
decoder for Arg and
Ary

decoder * for d]((z)) and

—=(0)
U,

decoder * for h(®

[linear, ReLU] x 6
[linear, ReLU] x 2
linear
LSTM

out_features =[192, 192, 128, 64, 64, 32]

out_features =[16, 8]

out_features =4 x 1440

hidden_size = 8, num_layers = 1, bidirectional = False

[linear, ReL.U] x 2, linear out_features = [8, 4, 1]

[linear, ReLU] x 2
linear
LSTM

out_features = [24, 16]
out_features =4 x 1440
hidden_size = 12, num_layers = 1, bidirectional = False

[linear, ReL.U] x 2, linear out_features = [12, 12, 2]

ReLlU, linear
LSTM

out_features =4 x 1440
hidden_size = 16, num_layers = 1, bidirectional = False

[linear, ReL.U] x 2, linear out_features = [8, 8, 2]

ReLU, linear out_features =4 x 1440

LSTM hidden_size = 8, num_layers = 1, bidirectional = False
li ReL
meat, 8e U out_features =[8, 1]

linear
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encoder * for Ary

encoder * for Argz and
Ary

convld out_channels = 2, kernel_size = 3, stride =3

LSTM hidden_size = 64, num_layers = 2, bidirectional = True
linear out_features=8
convld out_channels =2, kernel_size = 3, stride =3

LSTM hidden_size = 64, num_layers = 2, bidirectional = True
linear out_features =16

* Modulus used only in stage 1 of training.

3.1. Performance

We first test the accuracy of our model taking into account only one reference arc for
each OP task on the randomly generated test set containing 500 data entries, which is
generated using the same procedure as for the training and valid sets but never used
during training. The 24 h residual position error on average (RMSE) is 254 m, 81 m and 29
m for the along-the-track, radial and cross-track components for this test set, and the
overall absolute position error is 268 m on average (RMSE). A histogram showing the
distribution of each component of the residue error is shown in Figure 6. In 94.4% of cases
(close to 20), the overall residue error is less than 500 m, and in 76.6% of cases the error is
less than 300 m. In Figure 7 we show a typical time series of the components of the residue
error for the 24 h OP, taking a randomly chosen test sample. In comparison, we also show
the analytically estimated raw error before using the CDOP model for fine correction. The
along-track error is reduced significantly, from 10 km to 400 m, for this sample.

250 4 —— Absolute
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Radial
200 1 —— Cross-track
g 150 A
=
(o]
]
100 A
50 A
|
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[
0 e A

00 02 04 06 0.8 1.0
24-hour position error (km)

Figure 6. Distribution of the residue errors on the test set with 500 data entries.

Next, we examine the capability of our model taking into account multiple reference
arcs for each OP task on the five extra test sets. For each extra test set, a Walker
constellation with a distinct geometry is simulated. For example, in the first extra set, a
400/20/3 Walker constellation is considered. The geometries of the rest of the four extra
sets are 375/15/9, 391/23/12, 350/25/11, and 240/30/5, respectively. In each of the simulated
Walker constellations, we randomly pick four OP tasks and extract several (five per OP
task) historical ephemerides within the same constellation as the reference arcs. Thus, each
extra test set contains four to-be-propagated (S M)y arcs and 4 x 5 reference (S) arcs. The
scenario time, 1 January 2024 to 4 January 2024, is set to be non-overlapping with that of
the training set to better test the generalizability of the model. In Table 3, we list the orbital
plane indices p and the in-plane phase indices n of the four to-be-propagated and 20
reference satellites in the first extra test set. Correspondingly, in Figure 8 we show, for
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each OP task in the first extra test set, the five slightly different predictions due to the five
different reference arcs. Similar results for the other four extra test sets are shown in
Appendix A. An advantage of our cross-referential framework is that, for each OP task,
several reference arcs from different S combinations can suppress the statistical
fluctuations in individual predictions and further reduce the residue error. This is shown
by the thick blue line in Figure 8 and Figures in Appendix A for each extra test set (Figures
Al, A3, A5 and A7).
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Figure 7. A 24 h time series of the analytical estimation error and the final residue error on a
randomly chosen test sample. The latter is significantly reduced compared to the former for the

along-track and cross-track components.

Table 3. Parameters of the satellites in the 1st extra test set.

p n to
OP task 1 S® 7 11 23:44:56 2 January 2024
10 18 04:08:00 1 January 2024
11 3 05:19:02 1 January 2024
OP task 1 S 12 8 06:30:00 1 January 2024
13 13 07:41:18 1 January 2024
2 2 18:15:04 1 January 2024
OP task 2 SW 8 15 18:43:45 2 January 2024
16 7 04:57:30 1 January 2024
17 12 06:08:39 1 January 2024
OP task 2 S 18 17 07:19:30 1 January 2024
19 2 08:30:51 1 January 2024
5 16 15:32:48 1 January 2024
OP task 3 MW 8 20 01:19:35 3 January 2024
10 2 04:32:00 1 January 2024
11 7 05:43:03 1 January 2024
OP task 3 S© 12 12 06:54:06 1 January 2024
13 17 08:05:05 1 January 2024
14 2 09:16:17 1 January 2024
OP task 4 SW 7 16 19:40:28 2 January 2024
OP task 4 S© 14 3 04:43:30 1 January 2024
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Figure 8. Residue position errors on the 1st extra test set. In each panel, the residue error curves
derived from 5 individual reference arcs and another residue error curve derived from averaging
over the 5 individual predictions (thick blue) are shown. The average curves show the improved

accuracy of the combined prediction.

The maximum residue position error of the 5 x 4 x 5 individual predictions in all the
extra test sets reaches 821 m/24 h, and the RMS residue position error is 319 m/24 h, as
shown in Table 4. Nevertheless, after we take the arithmetic average over each component
of the five predictions, which result from five different reference arcs, to make a combined
prediction in each of the 5 x 4 OP tasks, the maximum absolute residue position error is
reduced to 332 m/24 h, and the RMS absolute residue position error is reduced to 206 m/24
h. The latter is 35% smaller than the RMS error of all individual predictions. Theoretically,
one would expect a reduction by a factor of 2.236 in the RMS error when averaging over
five predictions, if these predictions were independent. Since the predictions are for the
same OP task, they are surely not independent. Nevertheless, the 35% (1.5-fold) error
reduction achieved by aggregating five predictions from different reference arcs is still
significant. The accuracy of our model is advantageous when compared with a
straightforward sequence-to-sequence LSTM model, as shown in Appendix B.

Table 4. The 24 h maximum residue position errors for individual/combined predictions on the 5

extra test sets.

Max RMSE MAE
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Individual Along track 450 m 246 m 227 m
predictions Radial 820 m 244 m 204 m
(100 samples) Cross track 165 m 54 m 50 m
Absolute 821 m 319 m 293 m

. Along track 296 m 191 m 182 m
s::g::i‘j:s Radial 208 m 136 m 131 m
(20 samples) Cross track 65 m 45 m 43 m
Absolute 322m 206 m 199 m

So far, we have assumed that the reference arcs are of high precision (accessed
through regular ground uploads). In the case that high-precision historical ephemerides
are unavailable when an OP task is initiated, the GNSS telemetry data stored onboard
other satellites in the constellation can be shared via inter-satellite links and serve as
references. Motivated by this scenario, we examine the performance of the model using
“noisy” reference arcs. The input reference arcs in the five extra test sets are added with
Gaussian noise of position standard deviation ¢, = 3 m and velocity standard deviation
oy = 0.04 m/s at every time step, corresponding to typical GNSS accuracy in LEO orbits.
The errors of the individual and combined predictions resulting from these noisy
reference arcs in the first extra test set are shown in Figure 9. Similar results for the other
four extra test sets are shown in Figure in Appendix A for each extra test set (Figures A2,
A4, A6 and A8). In Table 5, the statistics for the residue position errors using the noisy
inputs are shown. The maximum residue position error and the RMS residue position
error for the combined predictions mildly increase to 477 m and 283 m, respectively.
Although the residue errors increase as GNSS errors in the input reference arcs are
introduced, the proposed OP method still works, with a consistent accuracy within 500
m/24 h.

From Figures 8 and 9 and Appendix A, one can see that the five individual
predictions using different reference arcs for the same OP task are correlated. Specifically,
the position errors often share similar peak-and-valley patterns. This correlation, in
principle, may enable detection of accidental mistakes in reference arc inputs, e.g.,
wrongly selected or missing reference arcs. However, since the number of reference arcs
used in one OP task is few (five in our case), common statistical methods can hardly be
applied. The ability of the model to perform this error detection remains an open question
for us to investigate in the future.

Table 5. The 24 h maximum residue position errors for the individual/combined predictions using

noisy reference arcs on the 5 extra test sets.

Max RMSE MAE
Along track 881 m 347 m 305 m

Individual
I;:(Ii‘i,:i(t:lil;:ls Radial 1433 m 410 m 335m
:’1 00 samples) Cross track 132 m 56 m 53 m
SampIes)  Absolute 1439 m 493 m 443 m
. Along track 463 m 244 m 222 m
Cm;‘}”:,’jd Radial 344 m 194 m 184 m
gg ;nl ln S) Cross track 71 m 46 m 44 m
Samples)  Absolute 477 m 283 m 272 m
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Figure 9. Residue position errors of individual (thin) and combined (thick blue) predictions using

noisy reference arcs on the 1st extra test set.

Our CDOP model has 443,151 parameters and 45,764 zero parameters due to the L1
regularization. The inference computational cost of the model is 0.868 MFLOPs. It takes a
single core of a 2.30 GHz CPU 20 ms (averaged over 100 runs) to finish one prediction. By
comparison, a reduced dynamic integration-based numerical method (see Appendix C),
purposely optimized for onboard application, takes 3.5 s to propagate 24 h under the same
test environment. This numerical method achieves an accuracy of 200 m/24 h for the
position error, which is of the same order as our CDOP method when averaged over five
predictions. As another benchmark, the MATLAB HPOP [34] (using MATLAB R2023a)
takes 53.8 s to propagate 24 h (N_Step = 1440) under its default setting and the same test
environment. Therefore, our method is more than 30 times faster than the integration-
based numerical method.

Regarding the data exchange and onboard storage requirements imposed by the
cross-referential workflow, each reference arc, including epoch time, 24 h state vectors
and geodetic coordinates, comprises 42 kB data. For a constellation (or a sub-shell of a
mega constellation) with 1000 satellites, the overall historical reference ephemerides take
up 42 MB per day. This can be easily handled by the onboard storage (typically hundreds
of GBs), ground TT &C links (typically 10 Mbps) and inter-satellite links (more than a

hundred Mbps for RF links).

3.2. Input Feature Analysis

In this subsection, we discuss the results of the non-series input feature selection for
our CDOP model. The original redundant non-series input contains 73 features, as listed
in Table 6. Here, t, is in a modified Julian date and t, — floor(t,) —is the hour-min-sec
corresponding to t, in UTC. The space weather indices include 3 h AP indices at various
time before t,, as well as daily and 81-day F10.7 indices.
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Table 6. Non-series input features of the CDOP model.

Input Features Indices Removed
Features

t{® 1
t(()o) - ﬂoor(t(()o)) 2
t& —t® 3
t&Y — floor(t$™) 4
space weather indices at t(()o) 5-13
space weather indices at ¢, 14-22
position and velocity of S in ECEF at ¢ 23-25, 35-37 7
position and velocity of S® in ECEF at t" 26-28, 38-40 7
position and velocity of S in ECI at t{* 29-31,4143 1, 1,
position and velocity of S® in ECI at t(()l) 32-34,44-46 1, 13, vy
Keplerian mean elements of S© at ¢” 47-52 a®, @©®
Keplerian mean elements of S® at ¢V 53-58 a®, v
longitude and latitude of S at t(()o) 59-60 latitude
longitude, latitude and geodetic height of S at t(()l) 61-63 latitude
differences between state vectors of S(® at t(()o) and rotated (based on difference in 64-69
RAAN)) state vectors of S® at ¢{" in ECI
period of the mean motion of S 70
period of the analytically estimated mean motion of S™ 71
difference between osculating and mean semimajor axis of S© at téo) 72
difference between osculating and mean semimajor axis of S at tél) 73

We use the dropout feature selection method, as discussed in Section 2.2.1, to identify
those input features that can be excluded while not affecting the accuracy significantly; in
other words, those that are unimportant. The keep probability P;, signifying the
importance of each input feature, rated from 0 to 1, is shown in Figure 10. Out of the
original 73 input features, 14 features have keep probabilities less than 0.15, which we
highlight in red color. The physical meanings of these unimportant features are listed in
the rightmost column of Table 6. We see that the unimportant features are indeed
redundant representations of the initial states of S©® and S®. For example, the z-
component of the position vector, latitude and argument of latitude (the sum of argument
of perigee and true anomaly) all provide almost the same information; thus, only the last
one of the three is labeled important and kept. Nevertheless, we also note that the model
benefits from some redundant representations. For example, the keep probabilities for
both the velocity in the ECEF frame and the Keplerian mean elements are high, resulting
in more input features kept than in a minimum irreducible set, allowing the model to
achieve better accuracy.

https://doi.org/10.3390/aerospace13070598



Aerospace 2026, 13, 598

19 of 30

1.0 p—
I Important
Less important
B Removed

0.8 1

0.6

Importance

0.2

0.0- . —
0 10 20 30 40 50 60 70

Feature Index
Figure 10. Keep probability of all 73 input features. Red bars correspond to keep probability less
than 0.15, corresponding to removed input features in updated CDOP model.

After removing the 14 least important input features as listed in Table 6 and Figure
10, we construct and train our final CDOP model using the same hyperparameters as in
Table 2. This model, with less redundant input features, achieves slightly improved
accuracy, with the maximum residual error being 200 m/24 h on the first extra test set
(Figure 11).
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Figure 11. Residue position errors (combined predictions averaged over 5 inferences) for the model

with truncated input features on the 1st extra test set.

Finally, we test the performance of our model under the condition where the space
weather deviates dramatically from the forecasted space weather used in the training. We
take the magnetic storm event that occurred on 23-24 April 2023 as the test playground.
On these dates, the AP indices exceeded 100, and we turn off (set to zero) all the space
weather-related inputs (index 5-22) of our model to make a prediction. The resulting
residue error curve is shown in Figure 12. Since the space weather indices are quite
important input features, as shown in Figure 10, we expect that there will be a significant
degradation in accuracy once these inputs are turned off. Indeed, the residue error rises
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from 200 m to 800 m. Nevertheless, for the first few hours the prediction with the space
weather indices turned off is quite accurate, and since HPOP can give daily position errors
of up to a few kilometers for LEO satellites affected by magnetic storms, the result here
hints that our cross-referential method may still be advantageous. In principle, the
reference arc has already captured the influence due to the anomalous atmospheric drag
while the correct space weather indices are yet unavailable in explicit forms, and our
method can incorporate this influence into the prediction. This potential is a direction for
us to further investigate in the future.
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Figure 12. Comparison of residue error between predictions with space weather-related inputs

turned off/on in the presence of magnetic storms.

4. Conclusions

In this work, we introduce a hybrid analytical data-driven orbital propagation
method featuring a cross-referential workflow for autonomous optical link acquisition in
large-scale satellite constellations. The proposed method aims to improve accuracy and
reliability by taking into account multiple reference orbits when making predictions, and
to enhance generalizability by a compressive decoder architecture. The main conclusions
are drawn as follows:

(1) An analytical transformation considering only the J2 perturbation is sufficient to
convert historical ephemerides of satellites in a large-scale constellation into
references for OP tasks of other satellites in the same constellation. Further
corrections can be made upon this transformed orbit by our neural network model
to obtain accurate final propagations.

(2) The position errors of the coarse-grained estimations, obtained from the previous
analytical transformation, can be compressed into very low-dimensional latent
feature vectors by autoencoders. In our demonstration, an arbitrary 1440-step (24 h)
3-dimensional position error time series in the LEO Walker constellation can be
represented by a 24-dimensional latent vector. This significant reduction in
dimensions further enables a mapping that better captures the orbital dynamics and
has less overfitting to be established.

(3) By aggregating multiple individual predictions using different reference arcs, the
statistical fluctuations in individual predictions are suppressed and the residue error
of the combined prediction is significantly reduced. The proposed cross-referential
OP method can achieve 200 m/24 h accuracy on average while being consistently
reliable for the different initial conditions spanning a year. Moreover, the proposed
method is lightweight in memory and computational cost, and is 30 times faster than
the integration-based numerical method. The overall performance of the proposed
method is satisfactory for onboard autonomous link acquisition application.
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Abbreviations

The following abbreviations are used in this manuscript:

or Orbit propagation

CDOrP Compressive decoder for orbit propagation
LEO Low Earth orbit

MEO Medium Earth orbit

SGP4 Simplified general perturbations 4

HPOP High-precision orbit propagator
LSTM Long short-term memory
BiLSTM  Bidirectional long short-term memory

SVM Support vector machine
CNN Convolutional neural network
GRU Gate recurrent unit

GBDT Gradient-boosting decision tree
XGBoost  Extreme gradient boosting

ECI Earth-centered inertial
ECEF Earth centered Earth fixed
RTN Radial, transverse, normal
RMSE Root mean squared error
MAE Mean absolute error

SW Space weather

TT &C Telemetry, tracking and command

Appendix A. Results for Extra Test Sets 2-5

In this appendix we show, for the second to fifth extra test sets, the (random) choice
of reference and propagated satellites in Tables A1-A4, and the residue errors of the

predictions.

Table A1l. Parameters of the satellites in the 2nd extra test set from a 375/15/9 Walker constellation.

p n )
OP task 1 M 9 18 00:27:35 4 January 2024
7 12 21:43:43 2 January 2024
6 12 20:11:08 2 January 2024
OP task 1 S© 3 13 15:28:02 2 January 2024
2 13 13:55:14 2 January 2024
14 5 09:11:39 2 January 2024
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OP task 2 sM 9 8 12:44:24 3 January 2024
2 4 02:06:18 2 January 2024
1 4 00:33:09 2 January 2024
OP task 2 S© 14 21 21:22:46 1 January 2024
13 21 19:49:45 1 January 2024
12 21 18:16:41 1 January 2024
OP task 3 SM 4 20 02:12:06 4 January 2024
8 15:32:31 2 January 2024
8 13:59:46 2 January 2024
OP task 3 S© 9 9 10:49:21 2 January 2024
9
9

09:16:27 2 January 2024
07:43:21 2 January 2024
OP task 4 SW 13 19 07:21:39 3 January 2024
10 14 03:02:56 2 January 2024
9 14 01:29:19 2 January 2024
6 15 20:45:26 1 January 2024
5 15 19:12:13 1 January 2024
4 15 17:38:59 1 January 2024
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Figure A1. Residue position errors of individual (thin) and combined (thick blue) predictions using

precise reference arcs on the 2nd extra test set.
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Figure A2. Residue position errors of individual (thin) and combined (thick blue) predictions using

noisy reference arcs on the 2nd extra test set.

Table A2. Parameters of the satellites in the 3rd extra test set from a 391/23/12 Walker constellation.

p n to
OP task 1 S® 11 9 15:45:24 3 January 2024
22 12 03:53:10 2 January 2024
21 7 02:51:20 2 January 2024
OP task 1 S 20 1 01:51:27 2 January 2024
19 12 00:50:34 2 January 2024
18 7 23:47:21 1 January 2024
OP task 2 SM 13 5 06:54:58 3 January 2024
6 13 00:11:58 2 January 2024
1 3 19:00:08 1 January 2024
OP task 2 S© 22 14 16:56:59 1 January 2024
20 3 14:52:06 1 January 2024
18 9 12:50:01 1 January 2024
OP task 3 SM 19 11 13:23:42 3 January 2024
11 14 05:38:38 2 January 2024
9 3 03:34:09 2 January 2024
OP task 3 S 8 14 02:36:48 2 January 2024
7 9 01:29:58 2 January 2024
6 3 00:30:22 2 January 2024
OP task 4 SW 10 15 10:32:43 3 January 2024
21 1 22:37:50 1 January 2024
o 20 12 21:37:31 1 January 2024
OP task 4 5@ 19 7 20:34:42 1 January 2024
18 1 19:36:13 1 January 2024
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Figure A3. Residue position errors of individual (thin) and combined (thick blue) predictions using

precise reference arcs on the 3rd extra test set.
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Figure A4. Residue position errors of individual (thin) and combined (thick blue) predictions using

noisy reference arcs on the 3rd extra test set.

Table A3. Parameters of the satellites in the 4th extra test set from a 350/25/11 Walker constellation.

p n to
OP task 1 s® 19 1 07:01:31 4 January 2024
12 3 00:49:25 3 January 2024
11 12 23:54:00 2 January 2024
OP task 1 S 9 1 22:05:45 2 January 2024
8 10 21:04:05 2 January 2024
7 4 20:11:21 2 January 2024
OP task 2 S 3 11 23:05:38 2 January 2024
24 3 19:48:16 1 January 2024
23 12 18:49:07 1 January 2024
OP task2 S© 22 7 17:51:47 1 January 2024
19 5 15:02:55 1 January 2024
16 3 12:14:43 1 January 2024
OP task 3 SM 13 9 03:10:10 3 January 2024
8 8 22:53:58 1 January 2024
5 6 20:02:51 1 January 2024
OP task 3 §( 4 1 19:05:33 1 January 2024
1 13 16:16:30 1 January 2024
22 9 12:30:11 1 January 2024
OP task 4 ™ 4 1 06:55:12 3 January 2024
18 13 20:56:14 1 January 2024
19 4 21:56:19 1 January 2024
OP task 4 S© 15 11 18:09:11 1 January 2024
14 6 17:10:39 1 January 2024
12 9 15:18:57 1 January 2024
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Figure A5. Residue position errors of individual (thin) and combined (thick blue) predictions using

precise reference arcs on the 4th extra test set.
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Figure A6. Residue position errors of individual (thin) and combined (thick blue) predictions using

noisy reference arcs on the 4th extra test set.

Table A4. Parameters of the satellites in the 5th extra test set from a 240/30/5 Walker constellation.

P n to
OP task1 SM 8 2 09:16:46 3 January 2024
22 5 21:03:44 1 January 2024
21 1 20:18:10 1 January 2024
OP task 1 S 20 5 19:32:39 1 January 2024
1 5 04:07:35 2 January 2024
30 4 03:21:50 2 January 2024
OP task 2 M 18 6 11:09:52 3 January 2024
14 5 08:28:13 2 January 2024
13 1 07:42:24 2 January 2024
OP task 2 S© 15 1 09:13:58 2 January 2024
5 2 01:23:01 2 January 2024
6 6 02:09:06 2 January 2024
OP task 3 s® 5 8 18:05:28 3 January 2024
1 7 15:24:18 2 January 2024
22 7 08:18:53 2 January 2024
OP task 3 S 23 3 09:05:01 2 January 2024
21 3 07:32:35 2 January 2024
20 7 06:46:19 2 January 2024
OP task 4 S® 3 6 10:50:56 3 January 2024
25 8 04:59:10 2 January 2024
24 4 04:13:45 2 January 2024
OP task 4 S© 17 1 22:41:10 1 January 2024
16 5 21:55:31 1 January 2024
15 1 21:09:51 1 January 2024
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Figure A7. Residue position errors of individual (thin) and combined (thick blue) predictions using

precise reference arcs on the 5th extra test set.
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Figure A8. Residue position errors of individual (thin) and combined (thick blue) predictions using

noisy reference arcs on the 5th extra test set.
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Appendix B. Straightforward Sequence-to-Sequence LSTM Model

In this appendix, the performance of a benchmarking sequence-to-sequence LSTM
model is shown. The straightforward LSTM model takes the same inputs as our CDOP
model, i.e., a time series input with three features and a static input vector with 73 features,
and outputs the correction to the position estimation in an RTN frame. The
straightforward LSTM model first broadcasts the static input to every time step, forming
sequential inputs with 76 features. Then, two LSTM layers with hidden_size = 64 follows.
Finally, a time-distributed linear output layer is applied. The model is trained using an
Adam optimizer and MSE loss function on the same training and validation sets as our
CDOP model. The batch size is set to 32 and the learning rate is set to 0.0001. The
maximum epoch number is set to 1000.

In Table A5, we show the residue position errors of the straightforward LSTM model
for 100 individual predictions using precise reference arcs on the five extra test sets. In
Table A6, we show the residue position errors of the straightforward LSTM model for the
100 individual predictions using noisy reference arcs on the five extra test sets. All the
absolute errors are significantly larger than those of our CDOP model.

Table A5. The 24 h maximum residue position errors of the straightforward LSTM model for

individual predictions on the 5 extra test sets.

Max RMSE MAE
. . Along track 1248 m 431 m 380 m
I’;d;‘i”iuil Radial 595 m 185m 113 m
}’15’0 Szni’ lis) Cross track 113 m 47 m 43m
P Absolute 1248 m 442 m 393 m

Table A6. The 24 h maximum residue position errors of the straightforward LSTM model for

individual predictions using noisy reference arcs on the 5 extra test sets.

Max RMSE MAE

Individual Along track 1666 m 532m 452 m
predictions Radial 1089 m 360 m 282 m
(100 samples) Cross track 102 m 51 m 47 m
Absolute 1719 m 606 m 532 m

Appendix C. Reduced Dynamic Integration-Based Method

The reduced dynamic integration-based OP method we compare our model to is
based on HPOP, but uses simplified perturbation force models. Its employs an RKF78
integrator and takes into account the following perturbations:

e  Non-spherical Earth gravity: GGM03C model to the 10th degree.

e  Third-body gravity: Uses the analytical ephemerides in Standish (1992) [36], taking
into account the sun and the moon.

e  Solid tide: To the second order, using the following analytical potential:

1
BV = kafoPo(sin ") |5 Po(sin )]

22 2(2 —m)!

1
m kyB2P; 1 (sing’) [r_3 Py m(sin ¢)] cosm(A -1 —-v) (Al)

AVz,m=t0 =
. m’ . i
where k; is the Love number, and B, = —z. The primed quantities are the mass or

coordinates of the sun/moon. ¢ is the polar coordinate, and 4 is the azimuthal
coordinate. v is the lag angle.
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e  Atmospheric drag: Use the following exponential atmospheric density model:

r— U(Fo))

p = pp,(1+ F*cosy™) exp (—W

where p, isobtained from the International Standard Atmosphere (ISA) table at the
height h,, = a(1 —ep) — (1 — esin® iy sin® w,). ¢ is the oblateness of the Earth.

fr-1

*

. , P 0.1
F* = f = max h(r)=hp0+7(r—rp0)

min

~5
+
—_

=

cosp* =71, T=-
r

T = | cos g sin(as + 4,,) | = —| s cos Am + x5 5in Ay,

cos 85 cos(ag + Ap) 1 (xs €oS Ay, — Vs Sin Am>
sin & $ Zg

as and J are the solar right ascension and the solar declination, respectively.
¢  Solar radiation pressure: Use the cylindrical shadow model.

The reduced dynamic model is implemented in C++. The integration step is set to 20
s, and propagated for 1 day when comparing it with our proposed method.
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