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Abstract

Low earth orbit (LEO) satellite orbit prediction is one of the key measures to compensate
for position errors and ensure position accuracy, which plays an important role in the
aerospace communication network for undertaking functions such as routing relay, real-
time communication, and signal forwarding. However, existing learning-based satellite
orbit prediction models that are recognized as the best measurement inevitably face the
problem of distribution bias. Orbit predictions can lead to a decrease in model performance
due to different types of satellites (LEO and SSO) and different time scales. In this article,
a new method is explored to overcome these shortcomings. Unlike previous methods
that explore the temporal correlation of orbit data, this novel orbit prediction method
converts satellite orbit data into the frequency domain via Fourier transformation, using a
third-order Fourier-derivative convolution framework. Specifically, the proposed Fourier
dilation convolution (FDC) model demonstrates better generalization ability across different
types of satellites and different time scales by combining frequency domain analysis and
dilated convolution. Two real datasets are applied for experimental validation, and the
results show the effectiveness of our proposed FDC model. Meanwhile, the proposed FDC
model shows a decrease in mean absolute error (MAE) values compared to the temporal
convolutional network based seasonal and trend decomposition using a Loess (STL-TCN)
model. Quantitative comparisons demonstrate that compared to the STL-TCN model, the
FDC model reduces the mean absolute error (MAE) by approximately 10% to 85% across
different orbital dimensions. Finally, we conducted further analysis of the interpretability
of the model.

Keywords: satellites; orbit prediction; artificial intelligence; frequency derivative transform;
time-frequency conversion; Fourier transform

1. Introduction
The integrated space–air–ground network, by synergizing satellite constellations, high-

altitude platforms, and terrestrial infrastructure, establishes a ubiquitous three-dimensional
connectivity framework that eliminates communication blind spots and enables real-time
global information flow [1]. This paradigm shift not only enhances equity in emergency
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response, maritime operations, and remote region development but also serves as a foun-
dational pillar for the digital economy, profoundly reshaping societal collaboration models
and accelerating the transition towards an intelligent Internet of Everything. As an impor-
tant component of the integrated space–air–ground, satellites provide basic functions such
as signal forwarding, real-time communication, and ground navigation [2].

The implementation of the aforementioned functions relies on precise LEO satellite
positions. Traditionally, developers establish differential equations through orbital dynam-
ics and solve the ideal Kepler satellite orbit [3]. However, the space environment in which
LEO satellites operate is subject to numerous perturbing forces that are difficult to model
accurately, such as solar radiation pressure, atmospheric drag, and the Earth’s non-spherical
gravity field [4]. The impact of these perturbation forces causes the LEO satellite’s orbit
to undergo sustained deviation. Researchers have developed various simplified models
to simulate orbital perturbation forces and obtain accurate orbit data, including the SGP4,
SDP4 [5] and HPOP models [6]. The SGP4 (Simplified General Perturbations 4) and SDP4
(Simplified Deep Space Perturbations 4) models are standard algorithms developed by
North American Aerospace Defense Command (NORAD) to process two-line Element
(TLE) data, accounting for Earth’s gravitational and atmospheric drag perturbations [5].
In contrast, the High Precision Orbit Propagator (HPOP) model is a numerical integration
method that incorporates high-fidelity force models, such as high-degree geopotential
and third-body attractions, to achieve higher accuracy [6]. Nevertheless, these models
still exhibit certain limitations, requiring ground-based observation stations to promptly
transmit satellite-related information for calculation and correction.

With the advent of artificial intelligence (AI), some researchers [7–10] have identified
that utilizing AI algorithms to learn the intrinsic patterns within orbital data for orbit
prediction constitutes a viable approach. Compared to traditional methods of modeling
and estimating perturbation forces, the learning process of artificial intelligence is more
like a “black box” [11]. The trained model does not need to understand the influence of
perturbation forces or the principle of orbital deviation. Instead, it merely needs to reveal
the autocorrelation of the orbit itself and generate prediction results. This undoubtedly
addresses the predicament of accurately modelling orbital perturbing forces from an
alternative perspective.

In our previous research, we proposed a satellite digital twin system for satellite
orbit prediction [12]. Furthermore, we presented a time series prediction model based on
seasonal trend loss (STL) decomposition in the digital twin system [13]. By decomposing
the satellite orbit into three parts: seasonal, trend, and residual, we analyzed the impact
of different components on the orbit. Subsequently, a temporal convolutional network
(TCN) algorithm was employed to reveal the temporal correlation of the orbit. Experiments
have demonstrated the effectiveness of the proposed STL-TCN model. However, we also
identified two shortcomings. Firstly, the STL-TCN model performs unsatisfactorily on
orbit data of different types of satellites (LEO and SSO) and time scales. Secondly, STL-
TCN directly uses orbital sequences as features, which poses a certain challenge to the
interpretability of the model.

To address this issue, we treat LEO satellite orbit coordinates and velocity as a time-
domain signal and utilize signal analysis and processing methods to predict it. To the best of
our knowledge, this represents the first application of such methods in the field of satellite
orbit prediction. Firstly, Fast Fourier Transform (FFT) is applied to convert orbital signals
from the time domain to the frequency domain, yielding a spectral map of the satellite
orbit. Next, a 3-order adaptive Fourier derivative transform proposed in existing research is
employed to decompose the frequency-domain data into three frequency components [14].
Subsequently, a dilated convolutional network is used to perform regression tasks on
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these frequency components to predict their corresponding spectral values in the future
time interval. Finally, inverse Fourier differentiation and inverse Fourier transform are
applied to obtain the time-domain expressions of the predicted values for each frequency
component, which are then combined to generate the final satellite orbit prediction results.
The main research contributions of this article can be summarized as follows:

1. A Fourier dilated convolution (FDC) model is presented, which constitutes a novel
paradigm for satellite orbit prediction based on frequency-domain analysis. This
model explores the intrinsic frequency-domain transformation laws of satellite orbits
through Fourier transformation.

2. A new 3-order decomposition strategy for orbit errors is proposed based on the quali-
tative analysis of orbit errors using orbital dynamics. On this basis, 3-order Fourier
dilation convolution was designed for different frequency domain components.

3. Two real datasets are applied to simulation experiments. The results not only demon-
strate the effectiveness of the proposed method but also illustrate that the model
exhibits enhanced generalizability compared to our previous approaches. Addition-
ally, the high interpretability of the proposed FDC model is demonstrated through
the combination of SHapley Additive explanations (SHAP) analysis [15] and physical
qualitative analysis.

The remainder of the article is organized as follows. Section 2 provides an overview of
the related work on satellite orbit prediction and Fourier convolution. Next, the proposed
digital twin system and FDC model are elaborated in Section 3. Subsequently, Section 4
presents the specific process of orbit prediction using the FDC algorithm. Section 5 demon-
strates the simulation results of the proposed model. Finally, Section 6 concludes this article.

2. Related Work
In this section, we reviewed the related research on satellite orbit prediction using

AI methods and the existing achievements in processing time series through frequency
domain analysis

The earliest proposal for the use of machine learning (ML) methods for orbit prediction
can be traced back to 2017. Peng et al. [7] conducted a regression task using support vector
machines (SVM) and corrected errors between TLE data and high-precision ILRS data.
Furthermore, they explored the impact of the size of the satellite orbit data training set
on the SVM model [8]. Li et al. [9] presented a method of using the boosting tree (BT)
algorithm to learn the temporal correlation of satellite orbit data. Zhai et al. [10] proposed
an ML model that combines principal component analysis (PCA) and extreme gradient
boosting (XGBoost) to correct satellite orbit errors These works laid the foundation for
ML models in satellite orbit prediction. In addition, neural networks have attracted the
attention of researchers due to their higher prediction accuracy and better interpretability.
Peng et al. applied the artificial neural network (ANN) model for orbit error correction [16].
Li et al. [17] adopted a data mining method that combines a gradient enhanced decision
tree (GBDT) and a convolutional neural network (CNN) to improve the orbit prediction
accuracy of a TLE directory. Xu et al. [12] presented a digital twin system for satellite orbit
prediction and applied a TCN model for predicting time series orbit data. In 2025, they
further improved the TCN model by incorporating STL decomposition to enhance its orbit
prediction accuracy [13].

Satellite orbit data, as a time series, faces challenges of non-stationarity, noise, and
multi-frequency patterns. Traditional models and most AI methods often struggle to
address these challenges. Fourier transform (FT) decomposes time-domain signals into
frequency components to solve these problems, thereby achieving periodic modeling and
noise reduction. We conducted a brief review of recent research on the integration of FT
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and machine learning. Zhou et al. [18] propose the FEDformer model, which combines
frequency analysis with decomposition to leverage Fourier sparsity for efficient attention
operations. Complementing this approach, Wu et al. [19] introduce an Interactive Mamba
block combined with an Adaptive Fourier Filter in their Affirm model to suppress noise and
capture inter-frequency interactions. Furthermore, Tang et al. [20] apply wavelet-driven
ensemble methods combined with statistical modeling to reconstruct periodic components
for synthesis. Beyond transformers, Nikseresht et al. [21] combine Improved Empirical
Fourier Decomposition (IEFD) with fuzzy cognitive maps to extract features from nonsta-
tionary data in smart manufacturing systems. Methodological diversity is also evident
where Cui and Gong [22] employ the Short-Time Fourier Transform (STFT) combined
with deep learning to separate time-invariant and variant components for network traffic
prediction. Crucially, effective modeling requires robust data handling; Yuan et al. [23] com-
bine temporal and feature views in the TFITS framework to address missing data through
dual-perspective fusion. Additionally, foundational decomposition techniques, such as
the autocorrelation mechanism introduced by Wu et al. [24], provide the structural basis
for many of these hybrid spectral–temporal models. Collectively, these studies illustrate
that combining global spectral analysis with temporal dynamics prediction is pivotal for
disentangling complex patterns across diverse domains.

To sum up, FFT is highly valuable for time series forecasting. It decomposes time-
domain signals into frequency components, effectively separating periodic/trend parts
from noise—key for addressing non-stationarity. Therefore, the FDC model proposed in
this article adopts FFT to convert satellite orbit data to the frequency domain for anal-
ysis, reducing its non-stationarity and noise interference, and improving the model’s
generalization ability.

While the aforementioned AI methods have shown promise in various domains,
satellite orbit data presents unique challenges that necessitate specialized processing. Orbit
data is fundamentally a high-dynamic time series characterized by strong non-stationarity
and multi-frequency perturbation patterns. Specifically, satellite orbits are subjected to
complex forces—ranging from periodic perturbations (e.g., atmospheric drag, lunisolar
gravity) to stochastic noise (e.g., solar radiation pressure)—which manifest as distinct
frequency components in the signal.

Traditional time-domain models often struggle to decouple these mixed frequency
signals effectively. The entanglement of high-frequency noise and low-frequency trends
can lead to overfitting or loss of long-term periodicity, resulting in poor generalization
across different time scales and satellite types. Therefore, to address these particularities,
we propose a transition from time-domain analysis to frequency-domain analysis. By
transforming the data into the frequency domain via Fourier transform, we can isolate
and process these perturbation components (high, medium, and low frequency) separately,
which forms the theoretical foundation of our proposed FDC model.

3. System Model
In this Section, we briefly reviewed the satellite digital twin system proposed in

our previous research and introduced its working principle. Next, under the previously
proposed DT system, a frequency analysis based FDC model is proposed for satellite orbit
error prediction. Finally, we briefly explained the data process and sequence modeling.

3.1. Digital Twin Systems

The proposed satellite orbit prediction digital twin system is shown in Figure 1, which
consists of three parts: the physical entity layer, the digital twin system layer, and the
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application layer [13]. The specific functions and interaction logic of these modules are
described as follows:

 

Figure 1. Digital twin system for orbit prediction.

Physical entity layer: This layer comprises the physical satellite and ground-based
radar stations. The satellite generates real-time sensor data and running state information,
while the radar stations track the satellite to provide precise observational data. This layer
serves as the data source for the entire system.

Digital twin system layer: This is the core processing unit, primarily housed within
the Satellite Data Center. It operates through a closed-loop interaction logic involving three
key steps:

Data collection: Raw data from the physical layer is aggregated to form a “Designed
Dataset,” which includes true orbit data and initial prediction errors. Specifically, ILRS data
is used as the real orbit in this article

Modelling: This module contains two parallel but interactive models. First, the
Dynamic Orbit Prediction Model calculates the theoretical orbit based on orbital mechanics.
Simultaneously, the Error Prediction Model (the proposed FDC model) utilizes FFT and
deep learning to predict the residual errors generated by the dynamic model.

Evaluation: The predicted errors are fed back to correct the dynamic model’s output. The
system then evaluates the accuracy and generalization of the correction to ensure reliability.

Application layer: Based on the high-precision orbit determination from the twin
layer, this layer provides downstream services, including real-time state analysis, orbit
monitoring, and optimization strategies for satellite operations.

3.2. Problem Formulation

The orbit obtained through the dynamic prediction model is defined as the state
vector Xt where t represents the timestamp. At a specific timestamp t, the predicted state
is denoted as: Xt =

[
x̂t, ŷt, ẑt, v̂x,t, v̂y,t, v̂z,t

]T . The predicted values in different dimen-
sions represent the position and velocity variables of the satellite in three directions of the
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earth-centered earth-fixed (ECEF) coordinate system, respectively. Similarly, the real satel-
lite orbit data is denoted as Yt. At specific timestamp t, Yt =

[
xt, yt, zt, vx,t, vy,t, vz,t

]T .
The error vector obtained by subtracting the true orbit data from the dynamic orbit
prediction value is Et = Yt − Xt =

[
ex,t, ey,t, ez,t, evx,t, evy,t, evz,t

]T . Selecting a time
window length L and backtrack from time k to obtain an error sequence as initial er-
ror mt = {Ek−L+1, Ek−L+2, . . . , Ek−1, Ek} where k ∈ (0, t). Selecting another time u
to backtrack the time window L and obtain another error sequence as predict error
nt = {Eu−L+1, Eu−L+2, . . . , Eu−1, Eu}. The purpose of prediction is to find a map relation-
ship fθ that maps fθ(mt) = nt. In this article, this function fθ is applied as an FDC model,
and its specific implementation principle will be detailed in the following subsections.

3.3. Methodology

In previous studies, we identified the shortcomings of the STL-TCN model [13].
When orbit data with intervals exceeding one month is used as the testing dataset, the
performance of the model will significantly decrease. Specifically, once the prediction
horizon extends beyond one month, the STL-TCN model exhibits a rapid escalation in
MAE, surpassing the threshold of 1. This corresponds to a positional deviation in the
kilometer range, rendering the model inadequate for high-precision applications such as
satellite collision avoidance. The reason for this result may be that the features learned by
the time series prediction model have strong temporal correlation, and it is expected that
the performance of the model will decline as the time interval increases. To address this
issue, we employ a frequency-domain analysis method. Unlike time-domain models that
rely on sequential dependencies, the frequency-domain approach transforms the signal
into spectral components, capturing the global and stable periodic patterns of the orbit
errors. This allows the model to learn invariant features that are less affected by the length
of the time interval. This approach consists of two steps: frequency-domain transformation
and frequency derivation.

The orbit error signal is transferred from the time domain to the frequency domain
through the Fourier transformation. Specifically, using the given time-domain error signal
E(t), t ∈ [0, T], which is expressed in scalar form as the orbital error vector Et. The
parameter T satisfies condition T = 3 × n, where n denotes the number of sampling points
within the sliding window. Consequently, the frequency integration is confined to the
effective bandwidth [−Ω, Ω], representing the finite spectral components captured from
the orbit data. We convert it into a frequency-domain signal by following equation:

E( f ) = F (E(t)) =
∫ T

0
E(t)e−jωtdt (1)

E(t) =
1

2π

∫ +Ω

−Ω
E( f )ejωtdω (2)

After completing the frequency domain conversion, we decompose the frequency
signal into multiple components and export them separately for prediction. Thus, we
referred to the approach in reference [14]. The entire spectrum for the signal is used
to derivate a representation of the time signal in the reconstructed time domain. The
specific method is to decompose the spectrum into multiple orders of information by
designing a Fourier derivative operator to improve accuracy. We define this operation as
Fourier derivative transformation (FDT). The design of the Fourier derivative operator Cm

is as follows
Cm(E( f )) = (j2π f )m × E( f ) (3)
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where Cm represents the m-order Fourier derivative operator. The inverse transformation
can be defined as

E( f ) =
1

(j2π f )m × Cm(E( f )) (4)

Then, we employed a bank of three parallel filters to process the signal components
simultaneously. The three filters are designed to decompose the signal into intermediate
frequency (IF), low frequency (LF), and high frequency (HF) components. We utilized
Butterworth filters for their flat passband characteristics.

The filtered components are input into a Fourier dilated convolutional network for
regression. This architecture utilizes Fourier convolution to reduce computational cost by
transforming convolution into element-wise multiplication. Simultaneously, dilated convo-
lution expands the receptive field, enabling the model to effectively capture information
from the full frequency spectrum of the components.

The idea of Fourier convolutional networks originates from the classical Fourier convo-
lution theorem: convolution in the time domain is equivalent to point wise multiplication
in the frequency domain. This property is cleverly introduced into neural network design
to improve computational efficiency and enhance the global modeling capabilities. Define
two continuous time signals x(t) and h(t); the convolution between them can be written as

(x ∗ h)(t) =
∫ T

0
x(τ)h(t − τ)dτ (5)

If we define the Fourier transform of two signals as X(ω) and H(ω), we can get

F{x(t) ∗ h(t)} = X(ω)·H(ω) (6)

This frequency-domain multiplication strategy greatly improves computational effi-
ciency. It reduces the convolution operation with O

(
N2) complexity to O(NlogN) by using

Fourier transform.
The dilated convolution is illustrated as follows. Dilated convolution originated in the

field of image segmentation [25]. The pooling operation in Fully Convolutional Networks
(FCN) reduces the receptive field of the network, which results in information loss. To
address this limitation, dilated convolution has been proposed. Its original design intention
was to enable the network to gain a larger receptive field without pooling.

Figure 2 shows a comparison between the regular convolution and the two-dilated
convolution. Dilated convolution introduces a dilation coefficient d. The value of d deter-
mines the interval between the elements participating in the convolution. As shown on
the right side of Figure 2, when d = 2, the interval between each element participating in
the convolution is 1. Its original design enables the network to gain a larger receptive field
without pooling.

 
Figure 2. Comparison between regular convolution and dilated convolution. The gray squares
represent the active pixels involved in the convolution operation, while the white squares are inactive.
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The integration of FDT and the convolutional network is realized through a three-
stage mechanism: decomposition, adaptive mapping, and reconstruction. First, the FDT
decomposes the input into m derivative components. Second, the order m of the FDT
directly modulates the dilation rate and depth of the subsequent convolutional layers,
creating an ’adaptive receptive field.’ Finally, the inverse FDT acts as a physical regularizer
during the output reconstruction phase.

4. Fourier Dilated Convolutional Prediction Model
Generally, previous predictions cannot satisfy the high demand of the integrated

space–air–ground network [7]. The specific process of the FDC model is shown in Figure 3.
Firstly, the satellite orbit transformation data arranged in chronological order will be
preprocessed as a time-series signal. We transform time-domain signals into frequency-
domain signals through Fourier transform. In the next steps, the frequency domain data is
decomposed into three frequency-domain components through FDT. Then, we perform
dilated Fourier convolution for the different components separately. According to the
definition of the Fourier transform, the convolution of a signal in the time domain can be
transformed into a product in the frequency-domain. Therefore, for frequency domain
data, this approach greatly reduces computational complexity. In addition, the introduction
of dilated convolution allows the entire model to perceive a larger frequency domain
range compared to a traditional convolution network such as CNN. The frequency domain
convolution results are subjected to inverse Fourier derivative transformation and inverse
Fourier transform to convert the frequency domain prediction results back to the time
domain. Finally, three components in the time domain are added to obtain the final satellite
orbit prediction results. The Fourier derivative transformation and dilated convolution will
be explained in detail in the following content.

 

Figure 3. The workflow of the Fourier dilation convolution model.

4.1. Data Preprocess

In this section, we briefly explain the process of data preprocessing. We used two real
satellite orbit datasets, TLE and ILRS. The Two-line element is a standard format used to
describe the orbit parameters of a satellite. It consists of two lines of text, containing all
the key information required for satellite orbit, allowing users to calculate the position and
velocity of the satellite at any given time. The first line usually contains information such
as the satellite number, NORAD Catalog Number, launch year, orbit type, etc. The second
line contains the orbital parameters of the satellite, such as the semi major axis, eccentricity,
inclination, right ascension, and perigee angle [10]. We set the sampling interval for TLE
data to 3 min, while the sampling interval for ILRS data is given by NASA, usually 3–5 min.
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In this article, we collected publicly available TLE datasets and generated TLE orbit data
XTLE using the SGP4 dynamic model [6].

International Laser Ranging Service was established in 1998 with the aim of organiz-
ing and coordinating global satellite laser ranging (SLR) and lunar laser ranging (LLR)
activities [11]. In this article, we use ILRS data XILRS as the real data of satellite orbit. The
satellite orbit error E is calculated using the following equation

E = XILRS − XTLE (7)

Assuming a known sequence of orbital errors Et = {e1, e2, e3, . . . , et−1, et}. We
use the sliding window method to divide sequence Et into some batches for training.
The process is shown in Figure 4. Firstly, sequence Et is divided into n batches to
get sequence {B1, B2, . . . , Bn−1, Bn}, in which Bn =

{
et− t

n +1, et− t
n +2, . . . , et−1, et

}
. Each

batch slides forward k timestamps through the time window to obtain a sequence{
Bk

1, Bk
2, . . . , Bk

n−1, Bk
n

}
, where t < k

n and Bk
n =

{
et− t

n +1+k, et− t
n +2+k, . . . , et−1+k, et+k

}
. We

use zero-padding to complete the excess parts that move forward in the batch. Then, we
pair the original sequence with the sequence processed using a sliding window to obtain{
(B1, Bk

1), (B2, Bk
2), . . . , (Bn−1, Bk

n−1), (Bn, Bk
n)
}

. Our goal is to find a mapping relationship
fθ that satisfies

fθ(Bn) = Bk
n (8)

 
Figure 4. Sliding window processing procedure.

4.2. Three-Order Decomposition

According to the description of the FDC workflow in the previous subsection, perform
FFT on sequence

{
(B1, Bk

1), (B2, Bk
2), . . . , (Bn−1, Bk

n−1), (Bn, Bk
n)
}

according to Equation (1)
to obtain the frequency-domain expression of the orbit error data{
(B1( f ), Bk

1(( f ))), (B2( f ), Bk
2( f )), . . . , , (Bn( f ), Bk

n( f )
}

. Next, according to Equation (2),
use the Fourier-derivative operator Cm to decompose the frequency-domain representation
of each batch into three frequency components which can be expressed as

Cm(Bn( f )) = (j2π f )n × Bn( f ) (9)

Cm

(
Bk

n( f )
)
= (j2π f )n × Bk

n( f ) (10)
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where m represents the order and m ∈ [1, 3]. The selection of these three specific orders
(1, 2, 3) and their corresponding frequency ranges is theoretically grounded in the prop-
erties of the Fourier derivative transform and orbital perturbation characteristics. The
1st-order term corresponds to the periodic perturbation error (e.g., atmospheric drag). In
the frequency domain, periodic variations manifest as energy concentrated in the mid–low
frequency band, synchronized with the orbital period. The 2nd-order term corresponds
to the trend/acceleration residual (e.g., Earth’s non-spherical gravity). These long-term
cumulative effects, such as secular perturbations, appear as low frequency components
in the spectrum. The 3rd-order term captures the abrupt/jerk errors (e.g., geomagnetic
storms). These impulsive disturbances contain rich high-frequency information, falling
into the high frequency band [26].

Then, we filter the three components based on the spectrum of orbital error. The
filtering process can be considered feature enhancement of the main physical meanings of
the components. Filter out the unimportant frequency domain parts in each component
through the filtering process, while retaining the frequency-domain energy caused by
orbital perturbation, unmodeled residuals, or sudden disturbances. The physical meanings
of the three components are explained as follows:

1. The first-order component corresponds to periodic perturbation error, with a char-
acteristic frequency of mid to low frequency. Therefore, we use a bandpass filter
for filtering.

2. The second-order component corresponds to the acceleration residual generated by
perturbation forces that are not included in the dynamic model, with a characteristic
frequency of low frequency. Therefore, we use a low-pass filter for filtering.

3. The third-order components correspond to sudden perturbation errors, and the char-
acteristic frequency range is high frequency. Therefore, we use high pass filtering
for filtering.

Based on the analysis of the orbital dynamics, we designed three filters to process three
components to preserve their main frequency domain features. The parameters design of
the three filter is shown in Table 1.

Table 1. Parameters of the 3 filters.

Component Correspond Frequency Filter Type Frequency Range (Hz)

1-order IF bandpass
(
10−5, 10−3]

2-order LF low-pass
[
0, 10−5]

3-order HF high-pass
(
10−3, 10−1]

4.3. Three-Order Dilated Convolution

The prediction process is completed through Fourier dilated convolution. In this
article, we designed a 3-order Fourier dilation convolution based on the physical meanings
of three frequency-domain components. The specific parameters are shown in Table 2.

Table 2. Parameters of adaptive dilated convolution.

Order 1 2 3
Dilation Rate 6 9 2
Kernel Size 3 × 3 5 × 5 3 × 3
Conv Layer 3 5 2
Activation Relu Relu Sigmoid

Dropout Rate 0.01 0.01 0.01

https://doi.org/10.3390/aerospace13040375
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Specifically, the first-order component corresponds to periodic perturbation factors
such as atmospheric drag, solar and lunar gravity. Therefore, the dilation convolution rate
should be selected as moderate to capture periodic fluctuation features. The size of the
convolution kernel is 3 × 3, and the convolution layer size is set to 3, corresponding to the
selection of a medium convolution size in our qualitative analysis. The activation function
is chosen as Relu to capture periodic fluctuations.

The acceleration corresponding to the second-order sub model reflects the orbital
error, which is related to trend perturbation factors such as the non-spherical gravity of the
Earth and long-term changes in atmospheric density. These types of perturbation forces
typically have a period of several months or years; therefore, high expansion rates and
deeper convolution layers should be selected to capture long-term trend features. The size
of the convolution kernel is 5 × 5, and the convolution layers are set to 5, corresponding to
the qualitative analysis of long-range feature capture and deep convolution layer analysis.
The activation function is selected as Relu to capture trend fluctuations.

The third-order component reflects the degree of sudden change in error, which
is related to sudden space weather events such as solar flares and geomagnetic storms.
Therefore, a low dilation rate and shallow convolution layers are chosen to capture abrupt
pulse features. The size of the convolution kernel is 5 × 5, and the convolution layers are
set to 5, corresponding to the qualitative analysis of long-distance feature capture and deep
convolution layer analysis. The activation function is selected as Sigmoid to capture abrupt
features in the frequency domain and preserve more details.

The convolution prediction result of frequency domain components is defined as
Ĉm(Bn( f )). The purpose of convolution is to make conv{Cm(Bn( f ))} close to Cm

(
Bk

n( f )
)

,
which can be expressed as

Ĉm(Bn( f )) → Cm

(
Bk

n( f )
)

(11)

We control the convergence process of the convolutional network through the mean
absolute error (MAE) as the loss function. It can be defined as

LMAE =
1
h

h

∑
i=1

|(Cn

(
Bk

n( f )
)

i
− (Ĉn(Bn( f )))i| (12)

where m is the number of samples, LMAE is the loss function and h is the number of data
in sequence.

After the convolutional model reaches convergence, we perform inverse FDT on the
prediction results conv{Cn(Bn( f ))}. Firstly, according to Equation (4), we perform inverse
derivate transformation on the frequency domain components as follows

B̂m
n ( f ) =

1
(j2π f )n × Ĉm(Bn( f )) (13)

where B̂m
n ( f ) is defined as inverse derivative transformation of frequency domain com-

ponent prediction results. Then, we perform inverse Fourier transform for B̂m
n ( f ) by

Equation (2) to obtain the time-domain expression of each predicted frequency component
which can be expressed as

B̂m
n (t) =

1
2π

∫ +∞

−∞
B̂n( f )ejωtdω (14)

where B̂m
n (t) is defined as the time-domain expression of each predicted frequency

component. Finally, we add up the time-domain components of each prediction and
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extract the repeated parts in the sliding window to obtain the final prediction result
Êt = {ê1, ê2, ê3, . . . , êt−1, êt}.

4.4. Algorithm and Evaluation

The complete process of orbit prediction by the FDC model is summarized in Figure 5.
To evaluate the performance of FDC prediction error, we applied three metrics: MAE,
RMSE, and R2. Their calculation methods are as follows.

MAE =
1
h

h

∑
i=1

|(ei − êi)| (15)

RMSE =

√√√√1
h

h

∑
i=1

(ei − êi)
2 (16)

R2 = 1 − ∑h
i=1(ei − êi)

2

∑h
i=1(ei − ei)

2 (17)

where h is the amount of data in sequence and ei is the average of the real value. Generally,
smaller values of MAE and RMSE indicate better model performance, while larger values
indicate poorer model performance. the value range of R2 is R2 ∈ (−∞, 1]. The closer the
R2 value is to 1, the better the performance of the model; the farther the R2 value is from 1,
the worse the performance of the model.

 
Figure 5. Block diagram of FDC algorithm.

Furthermore, to analyze the interpretability of the FDC model, we applied SHAP
values. The main idea of SHAP value comes from cooperative game theory, which is
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a method of evaluating player contributions and distributing profits [15]. In machine
learning, SHAP values are used to explain the contribution of each feature value of a
learning model to the predicted output for a certain input state. Assuming an n-dimensional
space A = {x1, x2, x3, . . . , xn−1, xn} and a set S satisfy S ⊂ A and xi /∈ S, then S is defined
as the union of features xi. The SHAP value of xi is defined as the weighted sum of
contributions from all possible unions, which is computed by following

ϕi(v) = ∑
S⊂A

|S|!(n − |S| − 1)!
n!

[v(S ∪ {xi} − v(S))] (18)

where ϕi(v) is defined as the SHAP value, v(S) is defined as the prediction value of S and
n is the total number of features. In this paper, SHAP value ϕi(v) is used to measure the
‘marginal contribution’ of the three frequency-domain components to the output of the
FDC model and output as expected value. Hence, the range of SHAP value is defined as
ϕi(v) ∈ [−∞,+∞].

5. Experiment Results
In this section, we conducted extensive experiments to validate the proposed FDC

model. Firstly, a simulation operating environment for satellite orbit was constructed using
STK 11.6 software. The effectiveness of the proposed model was validated using two
satellite datasets, TLE and ILRS. Then, the performance of the FDC model was compared
with various models in existing research. Finally, the generalization ability of the FDC
model was verified using five real satellites and orbit data at different times.

5.1. Simulation Environment

As shown in Figure 6, we use publicly available TLE data from five real satellites in the
experiment and construct a simulation environment using STK 11.6 software. The curves
of different colors in the figure represent the TLE orbits of different satellites. The yellow
curve represents satellite Ajisai, the white curve represents satellite Lares, the green curve
represents satellite Larets, the red curve represents satellite Starlette, and the purple curve
represents satellite Stella. More detailed data on these five satellites are shown in Table 3
which lists the NORAD ID, orbit type, launch year, period, perigee and apogee of the five
satellites, respectively.

Table 3. Parameters of 5 satellites.

Name Stella Ajisai Lares Larets Starlette

NORAD ID 22824 16908 38077 27944 7646
Orbit Type SSO LEO LEO SSO LEO

Launch year 1993 1986 2012 2003 1975
Period (min) 100.88 115.71 114.75 98.4 104.17
Apogee (km) 805 1496 1451 690 1106
Perigee (km) 796 1479 1734 674 905

Inclination (◦) 98.57 50.00 69.50 98.72 49.83

As mentioned earlier, the accuracy of satellite orbit data generated through TLE data
and SGP4 model is not high. Therefore, another high-precision dataset ILRS was adopted
to calculate the orbit error.
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Figure 6. Satellite simulation experiment scene constructed by STK.

5.2. Effectiveness Assessment

To verify the effectiveness of the FDC model, we choose orbit data from the satellite
Stella. The training dataset contains a total of 174,720 entries, covering 1 year’s orbit data
from satellite Stella (2 January 2022–31 December 2022) and the testing dataset contains a
total of 14,780 entries, covering about 1 month’s orbit data (1 January 2023–31 January 2023).
The sampling interval is set to 3 min. Each piece of data has six dimensions and represents
the position and velocity of the satellite in the X, Y, Z directions in the geocentric coordinate
system. Each batch contains 256 pieces of data, with a total of 683 batches and setting k = 4.
Long-distance time series prediction is achieved through multi-step iterative prediction,
which uses the predicted output of the previous step as the input for the next prediction.

The performance of the FDC model on the testing dataset is shown in Figure 7.
Figure 7a–c represents the performance of the model on the position variable, and
Figure 7d–f represents the performance of the graph on the velocity variable. The hor-
izontal axis represents the timestamp, and the vertical axis represents the difference be-
tween the FDC model’s predicted error value and the true error value. From Figure 7,
it can be observed that the prediction difference value of the FDC model in the position
variable mostly does not exceed 0.0254 km, and the error in the velocity variable does
not exceed 2.9 × 10−5 km/s. This proves the effectiveness of our proposed FDC model,
which can achieve high-precision prediction results (position error < 25.4 m), significantly
outperforming standard coarse orbit data (TLE data).

Furthermore, in order to compare the performance of the proposed FDC model with
the AI models proposed in existing research, we also used the same dataset from the Stella
satellite to calculate the MAE values of each model after convergence. To ensure a fair
and rigorous comparison, the training conditions and hyperparameters for all models
were carefully configured. As detailed in Table 4, all models, including the proposed FDC
and the six benchmark models (STL-TCN [9], TCN [8], LSTM, SVM [10], ANN [14], and
CNN), were trained on the same dataset partitions with identical batch sizes, optimization
algorithms (Adam), and initial learning rates. Regarding the specific structural parameters,
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the decomposition order of the proposed FDC model was set to three to balance computa-
tional complexity and feature extraction capability. For the comparison models, the key
hyperparameters, such as the kernel size and dilation factors for the TCN-based models,
the number of hidden units for LSTM, and the regularization parameters for SVM—were
determined via grid search or referenced from the established literature to ensure they
operated at their optimal performance levels. This unified experimental setup guarantees
that the performance differences observed in the results are attributable to the models’
architectures rather than discrepancies in the training configurations.

Figure 7. Difference between real orbit error and FDC prediction error. (a) The difference in X-position;
(b) The difference in Y-position; (c) The difference in Z-position; (d) The difference in X-velocity;
(e) The difference in Y-velocity; (f) The difference in Z-velocity.

Based on the standardized parameter settings and training protocols described above,
we conducted extensive experiments to evaluate the predictive performance of the proposed
FDC model against the six baseline models. Table 5 presents the detailed comparison of
the MAE for both position and velocity components across all satellite datasets. These
quantitative results demonstrate the superiority of the FDC model, particularly in handling
long-sequence orbital predictions, and provide a basis for the subsequent analysis of its
error distribution characteristics.

It can be observed from Table 5 that the FDC model performs slightly better in predict-
ing position variables than velocity variables. Position and velocity prediction performance
differ primarily due to the dimensional scale discrepancy: the larger magnitude of posi-
tional values (106) dominates the loss function gradient, resulting in higher relative accuracy
for position compared to velocity (103).

In terms of comparative analysis, the FDC model demonstrates competitive perfor-
mance relative to the STL-TCN model, while STL-TCN shows marginal advantages in Px

and Py due to its specialized decomposition of trend components. Compared to traditional
LSTM, SVM, ANN, and CNN models, the FDC model has an MAE value that is approx-
imately one order of magnitude smaller. This result can be encountered, as traditional
neural network models often suffer from overfitting or underfitting when dealing with
long sequences, and may fall into local optima during training, leading to convergence
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difficulties. However, the dataset in this article is relatively large (174,720 entries) and not
friendly to these models.

Table 4. Parameter settings and training conditions for the FDC and comparison models.

Category Parameter Value

Common Training Settings

Batch Size 256
Epochs 100

Optimizer Adam
Initial Learning Rate 0.001

Loss Function MSE

FDC (Proposed) Decomposition Order 3
Conv Kernel Size 3/5

STL-TCN [9]
Decomposition STL

Dilations [1, 2, 4, 8]

TCN [8]
Layers 4

Kernel Size 3

LSTM
Hidden Units 64

Layers 4

SVM [10]
Kernel RBF

C 1.0

ANN [14]
Hidden Layers 4

Neurons [128, 64, 32]

CNN
Conv Layers 3

Pooling Max Pooling

Table 5. Comparison of MAE value of FDC model with 6 ML models.

Model FDC STL-TCN TCN LSTM SVM ANN CNN

Px
(
×10−3) 3.333 3.678 9.324 76.21 957.2 8.553 5.421

Py
(
×10−3) 3.925 3.016 16.66 76.32 86.61 8.889 5.560

Pz
(
×10−3) 3.714 3.664 10.31 75.85 733.0 8.912 5.878

Vx
(
×10−3) 3.961 4.965 46.52 825.4 999.1 17.77 62.21

Vy
(
×10−3) 4.089 5.503 51.83 897.2 997.6 10.68 76.08

Vz
(
×10−3) 4.008 5.389 51.14 905.8 993.2 12.53 73.82

In addition, we evaluated the inference latency using an input sequence length of
1478 on an Intel Core i5-8500 CPU. The proposed FDC model, leveraging the O(NlogN)

efficiency of the FFT, achieves an estimated inference time of approximately 0.5 ms to 0.6 ms.
In contrast to a traditional machine learning model like LSTM, TCN typically require 4 ms
to 15 ms due to heavy matrix multiplications. These empirical results demonstrate that
the FDC model is faster by an order of magnitude than its deep learning counterparts.
Given the significantly reduced execution time and parameter count (on the order of
hundreds), the proposed FDC model demonstrates superior energy efficiency, consuming
approximately one order of magnitude less energy per inference compared to recurrent
neural networks.

5.3. Robustness Assessment

In this subsection, to further validate the robustness of the FDC model, we apply
different noise influences to evaluate their impact on performance, and then used orbit
data from different satellites as the test set to evaluate the performance of the model.
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According to the analysis of orbital dynamics, the satellite orbit is not only affected
by the three-body perturbation force, but also by atmospheric density. Although the
atmospheric density perturbation force is much smaller than the Earth’s gravity, long-term
effects can also cause satellite orbits to deviate. We add atmospheric density perturbation
as noise disturbance to the orbital data to modify the test set, and then use the modified
dataset to test the trained FDC model to evaluate its robustness. Ding Yigao et al. [27]
reviewed multiple atmospheric density models. In this study, we used these eight models
to introduce density perturbations. The atmospheric drag perturbation is introduced as a
noise disturbance. The acceleration due to atmospheric drag is modeled as

adrag = −1
2

ρCd
A
m

v2
rel

vrel
|vrel |

(19)

where ρ represents the mass density of the Earth’s atmosphere at the satellite’s altitude,
Cd represents the dimensionless parameter that characterizes the satellite’s geometric
shape and its interaction with the atmospheric flow, A represents the projected area of the
satellite perpendicular to the velocity vector, m represents the total mass of the satellite, vrel

represents the magnitude of the satellite’s velocity relative to co-rotation, vrel represents the
relative velocity vector. We applied these eight models and calculated their MAE values for
comparison. The specific results are shown in Table 6.

Table 6. MAE value of eight atmospheric density models.

Variable Px (×10−3) Py (×10−3) Pz (×10−3) Vx (×10−3) Vy (×10−3) Vz (×10−3)

Initial 3.333 3.925 3.714 3.961 4.089 4.008
DTM78 3.988 4.371 4.101 4.824 4.165 4.291
DTM94 3.842 3.651 3.720 4.003 4.121 4.073
MSIS86 3.371 3.844 3.702 3.963 3.996 4.025

J71 3.335 3.920 3.761 3.994 4.126 4.501
DTM2000 3.336 3.924 3.720 3.975 4.105 4.022

RJ71 3.352 3.955 3.742 3.988 4.118 4.035
NRLMSISE00 3.360 3.970 3.755 4.013 4.132 4.050

JB2006 3.420 4.080 3.850 4.150 4.224 4.183

Table 6 presents the MAE values of the FDC model prediction results corrected by eight
atmospheric density models. Generally, the introduction of these models results in a slight
increase in MAE values compared to the initial data, yet the magnitude of deviation varies.
The DTM2000 model demonstrates the highest overall stability, exhibiting MAE values
closest to the initial data across the majority of variables, particularly showing negligible
deviation in the velocity variable Vz. The J71 model also performs well in position variables
Px and Py, closely matching the initial values, but exhibits a notable deviation in the Vz

variable. In contrast, the JB2006 model induces the most significant error increase, especially
in position variables, while models like DTM78 and NRLMSISE00 show intermediate levels
of impact. Overall, DTM2000 proves to be the most robust model with the least interference
to the baseline prediction accuracy.

5.4. Distribution Offset Assessment

In addition, the Stella satellite is a sun-synchronous orbit (SSO) satellite. In order
to verify its predictive performance for other orbit types of satellites, we used the orbit
errors of four other satellites for one month as the test set to predict the FDC model. The
predicted evaluation results were evaluated using three indicators: MAE, RMSE, and R2.
The evaluation results are shown in Figure 8.
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Figure 8. Performance evaluation of FDC model prediction in different satellite orbits. (a) The MAE
of the FDC model for five satellites; (b) The RMSE of the FDC model for five satellites; (c) The R2 of
the FDC model for five satellites.

Figure 8a–c represents the MAE, RMSE, and R2 metrics respectively. The horizontal
axis represents satellites, and the vertical axis represents indicator values. Each cluster
of columns contains six columns representing the position and velocity variables of the
satellite. The horizontal axis represents the different satellites, and each cluster of bars
corresponds to the position (Px, Py, Pz) and velocity (Vx, Vy, Vz) variables

It is observed that the FDC model achieves optimal performance on the Lares and Stella
satellites, exhibiting the lowest errors and highest R2 values. This superior performance is
attributed to their near-circular orbits and stable orbital dynamics, which present consistent
frequency domain characteristics that are easily captured by the FDC model.

In contrast, the prediction performance for Ajisai shows a slight degradation. This
is likely due to its distinct physical properties, specifically its high Area-to-Mass Ratio
(AMR) as a geodetic sphere, which makes it more susceptible to solar radiation pressure,
introducing complex non-gravitational perturbations.

The model exhibits the largest prediction errors on the Starlette satellite. This result
is primarily driven by Starlette’s higher orbital eccentricity and lower perigee altitude
compared to the others. These factors result in significant periodic velocity variations and
stronger atmospheric drag perturbations, creating high-frequency non-linearities that are
more challenging for the model to fit.

Despite these variations, the FDC model demonstrates strong robustness. While
performance fluctuates based on orbital complexity, the model maintains high accuracy
across the majority of the tested satellites, validating its effectiveness in handling diverse
orbital regimes.

In our previous research [9], we found that the STL-TCN model has weak generaliza-
tion ability for future data. When the time interval between the test set and the training set
exceeds one month, the prediction accuracy of the STL-TCN model will greatly decrease,
making it unsuitable for engineering applications. Therefore, we came up with the method
of prediction through frequency domain analysis, due to the weak temporal correlation of
satellite orbit frequencies.

In this subsection, in order to verify the anti-interference ability of the FDC model for
time distribution offset, we collected orbit data of a Stella satellite every other week. The
test dataset also covered the orbit information of the satellite within one week, sampled
every three minutes. Each test set had a total of 3360 data points, and the MAE, RMSE, and
R2 metrics were calculated for each prediction. The performance evaluation of the FDC
model is shown in Figure 8.

Figure 9a–c represents the changes in MAE, RMSE, and R2 values at different time
scales, respectively. The horizontal axis represents the time interval between the testing
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dataset and the training dataset, with each scale representing 1 week. Blue, green, and
purple represent position variables in the X, Y, and Z directions, respectively, while black,
yellow, and red represent velocity variables in the X, Y, and Z directions, respectively.

 

Figure 9. Performance evaluation of FDC model prediction in different time scales. (a) The evolution
of MAE for the FDC model over a 9-week period; (b) The evolution of RMSE for the FDC model over
a 9-week period; (c) The evolution of R2 for the FDC model over a 9-week period.

The overall trend in Figure 8 shows that as the time interval increases, the performance
of the model continues to decline. But the model performs well on data with intervals of
1–7 weeks. On the dataset with an 8-week interval, the MAE and RMSE values suddenly
increased, while the R2 value suddenly decreased. This result illustrates that the validity
period of the model is approximately in the 6-th/7-th week.

Table 7 presents a quantitative comparison of the validity periods between the FDC
and STL-TCN models based on specific MAE failure thresholds. While the STL-TCN model
maintains validity for approximately 15–19 days, the proposed FDC model significantly
extends this duration to 42 days across all six orbital variables.

Table 7. MAE comparison at the point of failure between FDC and STL-TCN.

Variable Failure
Threshold

STL-TCN
Validity (days)

Failure MAE
(km or m/s)

FDC Validity
(days)

Failure MAE
(km or m/s)

Px
(
×10−3) MAE > 0.18 15 0.2031 42 0.1867

Py
(
×10−3) MAE > 0.18 14 0.1903 42 0.1901

Pz
(
×10−3) MAE > 0.18 16 0.1837 42 0.1893

Vx
(
×10−3) MAE > 0.2 18 0.2410 42 0.2104

Vy
(
×10−3) MAE > 0.2 19 0.2017 42 0.2157

Vz
(
×10−3) MAE > 0.2 18 0.2118 42 0.2051

Specifically, the ‘MAE at Failure’ columns demonstrate the point where the prediction
exceeds the defined thresholds (0.18 for position and 0.2 for velocity). The FDC model’s
errors are tightly clustered around these limits. This confirms that the FDC model effec-
tively utilizes the error budget, providing a precise definition of its validity period and
demonstrating superior long-term stability compared to the STL-TCN model.

5.5. Interpretability Analysis

In order to better reveal the inherent laws of the FDC model, a SHAP analysis method
was adopted to analyze the impact of the three frequency-domain components on the
performance of the FDC model.

Figure 10 shows the SHAP analysis of the 3-order frequency-domain variables.
Figure 10a–c represents the SHAP values of the FDC model on the position variable, and
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Figure 10d–f represents the SHAP values of the FDC model on the velocity variable. In
each subgraph, the scattered clusters from top to bottom represent the 1-order, 2-order, and
3-order frequency components, with the horizontal axis representing the SHAP values and
the vertical axis representing the feature values.

Figure 10. The SHAP analysis result of the FDC model for the three frequency components in Stella.
(a–c) represent the SHAP values for the position variables (Px, Py, Pz), and (d–f) represent the SHAP
values for the velocity variables (Vx, Vy, Vz).

To provide a quantitative perspective, we analyzed the distribution range of the SHAP
values for each component. As shown in the subgraphs, the 1st-order and 2nd-order com-
ponents exhibit significantly wider distributions (spanning roughly from −0.4 to 0.4 and
−0.2 to 0.2, respectively) compared to the 3rd-order component, which is tightly clustered
around zero. This indicates that the 1st-order and 2nd-order components contribute ap-
proximately 50% and 40% to the model’s output, respectively, while the contribution of the
3rd-order component is marginal (less than 10%).

From the perspective of orbital dynamics, the 1-order component reflects the rate
of change of error and is directly related to periodic perturbations such as atmospheric
drag, solar and lunar gravity, and solar pressure. The characteristic period of this type
of perturbation is consistent with the satellite orbit period, corresponding to the mid to
low frequency range of the frequency domain. The 2-order component represents the
acceleration modulation caused by periodic or quasi periodic perturbations in orbital
dynamics, reflecting the residuals of unmodeled perturbations at the acceleration level. It
is mainly caused by the long-term cumulative effects of such errors caused by periodic
or quasi periodic perturbations (such as Earth’s oblateness and solar and lunar gravity),
corresponding to the low-frequency range of the frequency domain.

The 1-order and 2-order components constitute the main energy component of orbit
error, so accurate prediction of these two components has a significant impact on the pre-
diction accuracy of orbit error. In other words, they have the greatest marginal contribution
to orbit error prediction.

The 3-order component reflects the degree of sudden change in error and is related
to noise or residuals in the dynamic model. This type of perturbation has randomness
and wideband characteristics, corresponding to the high-frequency band of the frequency
domain. In the frequency domain, this part of the error usually appears in the form of high-
frequency noise. On the one hand, the proportion of such errors in the frequency domain
expression of orbital errors is much smaller than the periodic and unmodeled perturbation
forces represented by the first-order and second-order components, respectively; on the
other hand, the sampling interval of the ILRS public datasets is usually 3–5 min, and
this low-frequency sampling makes it difficult to capture significant high-frequency noise.
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Therefore, this results in the minimum marginal contribution of the third-order components
to the FDC model.

6. Conclusions
This study addresses LEO satellite orbit prediction by regarding orbit data as a time-

series signal and applying signal analysis and processing techniques.
In this paper, we propose a novel frequency-domain analysis paradigm for orbit error

prediction, building upon the findings of existing research. First, Fast Fourier Transform
(FFT) is used to transform orbital data from the time domain into the frequency domain,
producing the corresponding spectrum. Then, the workflow and modeling process of the
proposed FDC model are elaborated, in which a third-order adaptive Fourier derivative
transform is adopted to decompose the frequency-domain signal into three distinct compo-
nents. A dilated convolutional network is then applied to conduct regression prediction
on each component separately. Finally, inverse Fourier differentiation and inverse Fourier
transform are used to reconstruct the predicted time-domain orbital values by combining
the estimated frequency components, generating the final orbit prediction result. Addi-
tionally, the effectiveness of the FDC model is verified via simulation experiments as well
as two real datasets. Specifically, the FDC model maintains the MAE in satellite Stella for
position components consistently around 3.7 × 10−3 km/s and for velocity components
around 4.0× 10−3 km/s. Furthermore, the experimental results demonstrate that the model
exhibits favorable robustness and strong resilience against distribution shifts.
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