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Abstract
Maintaining a catalog of Resident Space Objects involves a wide range of activities, exploiting measurement
processing to estimate and update orbits, in an effort to achieve a comprehensive picture of the Near-Earth
environment status in terms of human-made objects. The first step required to update a cataloged orbit is to
correctly associate it with new observations. This task is particularly hampered by the growing presence of active
satellites that are capable of maneuvering. Nonetheless, a large part of them perform routine maneuvers to
preserve their orbit, defining very regular patterns. Given the significant quantity of past orbital and maneuvering
data about tracked objects as the main by-product of catalog maintenance, the main focus of this work is to
effectively exploit them by training Machine Learning models. The objective is to infer the probability of a target
maneuver within a specific time horizon, using a Long Short-Term Memory Recurrent Neural Network, spe-
cialized in processing time sequences. Two distinct maneuver detection modules are developed and tested on real
LEO object data to, respectively, extend a target’s control history and predict how likely a maneuver will happen
in the immediate future.

Keywords Long Short-Term Memory � Maneuver detection � Data-driven classification � Space Surveillance and
Tracking

1 Introduction

As Near-Earth space becomes progressively more accessible and used for both commercial services and scientific
missions, a newfound interest in its monitoring and modeling has spread to improve safety in space operations. In
this framework, Space Traffic Management plays a key role, tracking the evolving population of Resident Space
Objects (RSO) and contributing to a comprehensive picture of its status, namely Space Situational Awareness [1].
The main reason behind this effort consists in avoiding catastrophic collisions and fragmentations that would
impair any further human activity in the Near-Earth environment. A significant part of this discipline focuses on
intricate pipelines of measurement processing aimed at building and maintaining an RSO catalog by continuously
updating target orbits. Several international agencies keep some of these catalogs publicly available, often
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employing standard data types such as Two-Line Elements (TLE) as a baseline to promote sharing and infor-
mation exchange. Some popular examples are Celestrak1 and the Space-Track website.2

Once a new observation is acquired and properly processed, the first problem to face is understanding whether
it belongs to a known, cataloged object or to a target that has never been observed before. In order to do so, an
association test is set up between a new observation and a set of candidate targets. This process, called track-to-
orbit correlation, is usually based on metrics for which a correlation hypothesis is accepted or discarded. As a
consequence, selecting the right quantity to formulate a score is fundamental to the process’s robustness. Tra-
ditional correlation metrics are defined via statistical distances between distributions in a common space, often
being the measurement one (such as the squared Mahalanobis distance-based correlation index reported in [2]).

By using this kind of approach, active objects are not specifically taken into account, neglecting the possibility
of a maneuver happening between the last available orbital information of a target and the observation epoch.
When operational objects are included in the analysis, in fact, maneuver detection becomes a key task to embed in
a Space Surveillance and Tracking (SST) pipeline. Its outcome often provides crucial context on cataloged
objects, resulting in increased robustness of the correlation phase. Most techniques built around track-to-orbit
correlation aim at testing the hypothesis that the target has performed a maneuver in the time span between its last
available state and an incoming observation, ranking them according to the cheapest hypothetical maneuver. In
order to constrain the problem as much as possible, some strong assumptions are usually made on the control
policy, supposed low thrust [3, 4] or impulsive energy optimal [5]. In this way, optimal control problems can be
solved between well-defined boundary conditions and the resulting cost can be used as an alternative correlation
metric.

An easily forgotten additional source of information in this phase is the history of each correlation candidate,
including its orbit and pattern of life, if available. Exploiting past data of a known RSO helps in providing
contextual information on its maneuvering probability within a specific time frame, given a maneuvering pattern.
There are several works focusing on a statistical analysis performed on orbital data histories to look for events that
can be related to maneuvers. Some of them leverage traditional statistics-based techniques and Keplerian
osculating elements associated with orbit shape and orientation to retrieve a metric, usually chosen as a deviation
of the Keplerian element of interest from a local curve fit, or its time derivative, and perform a thresholding
process [6, 7]. The main limitation of these approaches resides in the case-dependent tuning of the threshold used
to distinguish the target events from the background, requiring constant monitoring. The method developed in [8]
tries to mitigate this shortcoming via automatic policies for threshold update. This problem seems to be partially
solved by adopting Machine Learning algorithms exploiting a great deal of cataloged information about known
RSOs and intrinsically encoding their maneuver-related variations and patterns to classify new orbital data
samples. Both unsupervised learning [9, 10], involving clustering linked to the variation magnitude of the
monitored parameters, and supervised techniques spanning from basic Support Vector Machine and Random
Forest algorithms [11, 12] to Convolutional [13, 14] and Recurrent Neural Networks (RNN) [15], have been
investigated showing promising results, especially when RNNs prediction capability is combined with a detection
or classification step to understand whether a maneuver has to be expected within a target time horizon. This work
stems from this last research path, exploiting Long Short-Term Memory (LSTM) neural networks, specifically
designed to process sequential data and to effectively map their time dependence, to investigate their detection
capabilities and how they can be turned into a reliable maneuver prediction tool. This is accomplished by
designing two distinct models: the former aims at augmenting an already available maneuver history with new,
accurately labeled, data as they are progressively published, while the latter focuses on a more real-time appli-
cation consisting in inferring how likely a maneuver will happen in a time horizon spanning from the latest
available RSO orbital information and the immediate future. The target maneuvers considered for the reported
methods are limited to the typical ones performed by Low Earth Orbit (LEO) objects, mostly aimed at orbit

1 https://celestrak.org, last accessed: 2024-05-28.
2 https://www.space-track.org, last accessed: 2024-05-28.
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raising and plane preservation. This specific choice is due to the restrained set of publicly available maneuvering
histories, basically consisting in the International Laser Ranging System (ILRS) database.3

The structure of the paper is the following: Sect. 2 delves into the mathematical background and methods
utilized to shape the technique. Therefore, Sect. 3 outlines the approach, detailing the pre-processing pipeline
followed to generate the datasets used to train the mentioned maneuver detection models, with a particular focus
on the structure design choices made to build effective networks. Section 4 thoroughly describes the method’s
testing procedure, assessing its performance through the typical metrics used for classification tasks. Finally,
Sect. 5 summarizes and discusses the findings, highlighting the existing limitations of the technique and elab-
orating on the current efforts to overcome them.

2 Data and model description

This section describes the theoretical content behind the orbital data format at the base of the maneuver detection
models’ training process, how spacecraft maneuvers affect a target trajectory, and how this effect can be spotted
thanks to a convenient set of coordinates. Besides, some notions about the kind of sequential neural network
architecture employed to encode the RSO trajectory evolution are also dealt with, to give a comprehensive
overview of the concepts used to devise the method.

2.1 Orbital data and propagation

The TLE is a data format that encompasses orbital elements and information pertaining to an RSO at a specific
moment in time. It is the most publicly available data format and, despite its poor accuracy and the constraints
related to the method they are derived from, it is by far the most widely used.

A typical TLE is composed of two 69-character lines of data, which can be processed to derive the RSO’s
mean orbital parameters generated in the geocentric coordinate system True Equator Mean Equinox (TEME). A
piece of additional information is also provided by this file format, namely B� (BSTAR). It can be defined as an
adjusted value of the ballistic coefficient B using the reference atmospheric density value, denoted as q0 at one
Earth radius RE:

B� ¼ RE q0
2B

ð1Þ

This quantity is not physical and usually includes every contribution that is not properly modeled by the
dynamics.

As reported in [16], TLE files stem from an Orbit Determination (OD) process that exploits observations,
coming from sensors of different nature and belonging to a known RSO, that are usually collected several times a
day. In this way, the target orbit contained in the catalog is updated. This procedure must rely on a specific
propagator and a dynamical model choice to propagate a reference state, representing the latest orbital infor-
mation on the object, to the observation epochs. The one chosen for most catalog maintenance activities is the
Simplified General Perturbations-4 (SGP4) [17, 18]. This means that whenever TLEs are used to retrieve any
orbital state information, this represents the optimal and most consistent choice to propagate it, constraining the
operators to stick with its limitations. The involved dynamical model together with the dependency on both
observation and OD process quality causes this kind of orbital data to feature inconsistent accuracy, also affected
by the limited number of digits available. Moreover, since no uncertainty information is usually provided when
published, there is little that can be done to try and quantify it. A valid alternative to this widely available file

3 https://ilrs.gsfc.nasa.gov/, last accessed: 2024-02-09.
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format is represented by the Orbital Mean Message (OMM), developed by the Consultative Committee for Space
Data Systems (CCSDS) [19], which can provide the same information as a TLE without any limitation on its
digits. Moreover, even if covariance information can be easily included, it is not provided in most publicly
available data.

Focusing on the maneuver detection task, not only the quality but also the sampling frequency of TLEs is a
factor to take into account. If orbital data are published often enough, high-frequency contributions to the target
dynamics start to show, causing maneuver-related peaks usually characterizing orbital parameter trends to sink
into high-amplitude oscillations. On the other hand, if states are provided with lower frequency, an averaged
version of the target orbital parameters trend may be the only information available, consequently smoothing out
maneuvering peaks.

2.2 Maneuvers and orbital parameters

TLE files are thus used to extract the target orbit history and evolution, embedding both the ballistic dynamics,
with its major orbital perturbations, and external contributions that cannot be properly modeled without having a
deeper knowledge of the object at hand. Maneuvers are the perfect example of the latter, as well as the main
reason why traditional propagation could benefit some data-driven assistance. Active control can be usually
detected by looking at the evolution of some specific Keplerian elements of the target. They can be grouped into
two categories: the shape-related ones, being semi-major axis a and eccentricity e, and the ones affecting the
orientation of the orbit, both in plane (anomaly of the pericenter x) and out of plane (inclination i and right
ascension of the ascending node X). According to the kind of maneuvers performed, some or all of them could
present peaks or sudden trend variations standing out from the usual behavior: orbit-raising maneuvers mostly
affect a, plane-preserving maneuvers can be detected by looking at i and X. An example of both kinds of control

Fig. 1 Semi-major axis
trend as a function of time,
reported in days from Jan-
uary 1st, 2020, is reported
in (a) showing a correlation
between recorded past
maneuvers and sudden
positive variations. The
same can be noticed in (b),
where the inclination trend
for the same time span
highlights peaks in inclina-
tion corresponding to the
only orientation-changing
maneuvers
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actions is reported in Fig. 1, showing the semi-major axis and inclination trend variations correlated with real past
maneuvers performed by Sentinel-3B in 2020. The maneuver events reported in the figure are taken from the
ILRS website just as the information used to build the labels and to train the models shown in this paper.

Specifically for maneuver detection purposes, a combination of these parameters can also be adopted to better
highlight these variations, using angular momentum h norm and direction, or specific orbital energy E. Alter-
native coordinate systems can be employed as well according to the peculiar operational objectives of a target
maneuver. A clear example is represented by station-keeping maneuver detection in the geosynchronous orbital
regime [20, 21], where active control focuses on keeping the target within specific ranges of geographic longitude
and latitude.

2.3 Recurrent neural networks

Whenever a meaningful amount of structured data is available, and their features and distribution are too intricate
to model, Machine Learning becomes a convenient option, offering a wide range of techniques to retrieve
underlying patterns and information. Most of them rely on an optimization phase, usually referred to as training,
in which the parameters of a model are adjusted to fit the available data as much as possible. Once this optimal
tuning is accomplished, given that the dataset is representative enough of the underlying distribution, the model
can infer information about never-seen data from the same distribution. In particular, this work focuses on the
application of Neural Networks (NN), a specific kind of method consisting in building a modular function in
terms of neurons and layers, to fit a data distribution. Even if the two basic tasks that NN accomplish are
regression and classification, a wider range of complex activities can be derived from them, including object
detection [22] and semantic segmentation [23] when dealing with Computer Vision, or anomaly detection [24]
and error prediction [25] as far as Sequential Models are concerned. A neuron represents the basic unit of a neural
network, embedding a linear combination of a given input with weightsW and biases b, being the parameters that
are updated throughout the training process, and a nonlinear modulation of the output via an activation function
gðWxþ bÞ aimed at transmitting the information to the following unit. Neurons are usually stacked in layers of
different sizes and roles, each one embedding features at different scales and detail level. Stacking layers together
allows for better coverage of the data distribution nonlinear features at the expense of higher structural intricacy
and computational resources needed to train such a model. This kind of complex model flows into the category of
deep learning, one of the current state-of-the-art data-driven techniques. To exploit the sequential structure of the
data composing the orbital history of a target, the choice narrows down to the Recurrent Neural Network (RNN)
category, capable of embedding a sense of time sequentiality when processing an input sample [26]. This kind of
supervised NN is based on an array of cells exploited to transmit knowledge about the history within the input
sequence through a hidden state h. The output of a generic cell yt as well as its hidden state ht is then affected by
both the current input value xt through the weights Wy;x and Wh;x and ht�1, derived from the past time step, via
Wy;h and Wh;h as follows:

yt ¼ fyðWy;xxt þWy;hht�1 þ byÞ ð2Þ

ht ¼ fhðWh;xxt þWh;hht�1 þ bhÞ ð3Þ

where by and bh are the biases.
The working principle of a generic multiple-input multiple-output RNN is displayed in Fig. 2.
A known limitation of traditional RNNs is that they are not able to encode long-term time dependencies due to

errors used to build the loss function vanishing when they are back-propagated over a certain number of time
steps. As information about them is progressively lost, the associated training times get increasingly longer. One
of the most popular solutions to this issue consists of the Long Short-Term Memory cells, an alternative building
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block to design an RNN, enabling the preservation of both long- and short-term contributions to the current time
step by using specialized gates (with their own weights and biases) and a memory cell c to filter and modulate the
information according to its source and distance in time [27]. The LSTM cell internal structure is composed of 3
gates with different roles, interacting with each other: the input gate it, taking information from the previous
hidden state ht�1 and current input xt, the output gate ot, with a similar structure but independent weight and bias
terms, and the forget gate f t, modulating information according to hidden state distance in time:

it ¼ riðWi;xxt þWi;hht�1 þ biÞ ð4Þ

ot ¼ roðWo;xxt þWo;hht�1 þ boÞ ð5Þ

f t ¼ rf ðWf ;xxt þWf ;hht�1 þ bf Þ ð6Þ

where r are sigmoid activation functions, ranging between 0 and 1, expressed as:

r ¼ 1

1þ e�x
ð7Þ

and the b terms are biases. The above gates define how h and c propagate through time. The long- and short-term
memory contributions are defined as follows:

cSt�1 ¼ tanhðWsct�1 þ bsÞ ð8Þ

cLt�1 ¼ ct�1 � cSt�1 ð9Þ

while the candidate memory cell for the current time step is:

~ct ¼ tanhðWc;xxt þWc;hht�1 þ bcÞ ð10Þ

where tanh is the hyperbolic tangent activation function:

Fig. 2 Architecture
scheme of a stacked RNN
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tanhðxÞ ¼ e2x � 1

e2x þ 1
ð11Þ

The current memory cell and hidden state are then computed by using the gates in Eqs. 4 to 6:

ct ¼ f tct�1 þ it~ct ð12Þ

ht ¼ ot tanhðctÞ ð13Þ

The general structure of an LSTM cell is shown in Fig. 3.

3 Data-driven maneuver detection

The topic of this section consists in the explanation of the two methods developed to detect maneuvers performed
by an active RSO, given its history and a sequence of past ones. The whole pipeline is analyzed in both cases,
from dataset generation to the training phase setup.

3.1 Dataset generation and pre-processing

As with every Machine Learning application, the first step is to build a dataset to train the network to achieve its
designed task. In this case, the raw materials are TLEs and maneuver histories in the form of a sequence of time
windows composed of an initial and final date in Coordinated Universal Time (UTC). The task to be accom-
plished is the same for both models, and they mostly share the same kind of input, so the processing to generate
them is detailed as a common first step while the slight differences will be highlighted throughout the pipeline.
The description is structured following the flow reported in the block diagram displayed in Fig. 4, reporting the
overall process.

In order to properly exploit the advantages of an LSTM-based RNN, the sample fed to the network shall be a
time sequence of elements; thus, the first step consists in processing the whole series of TLEs (block I1 of the
diagram) to build a sample of fixed size. The coordinates system chosen to translate TLE data can be different
according to the task: while Cartesian states can help with the task of state prediction due to their strongly
periodic trends, the models developed in the case at hand are based on Keplerian elements (extracted as part of
block P1), showing more pronounced maneuvering peaks in some of them, as already stated in Sect. 2.2.
Considering the specific two-body application of the method, the more general Cartesian coordinates advantages,
such as their lack of singularities and capability to describe the system regardless of its dynamics, are traded for
the capability to highlight control actions. The structure of the arrays composing the fixed-size input sequence
represents the major difference between the two maneuver detection algorithms. The first, called Netoff , is based

Fig. 3 Architecture
scheme of an LSTM cell
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on an array of elements augmented with their variation between consecutive epochs (tk; tkþ1 for a generic k-th
sample), similar to the one reported in [15]. This implies that, given a time span composed of TLEs from 1 to d,
complete knowledge of TLEs from 1 to d þ 1 is required to properly define the input structure. As a consequence,
this version of the model is suitable for offline use only, since no information about a hypothetical d þ 1 TLE
would be available if the previous d TLEs were the latest ones available for a specific active RSO. No maneuver
prediction in the immediate future could thus be performed. Conversely, the latter algorithm, called Neton, does
not rely on any variation across time, enabling the detection of maneuvering events from the latest orbital state
onwards, with no requirements on the knowledge of future TLEs.

The whole orbital history of the target is then represented as a ð10� �NÞ time series in the first case (excluding
TLE B� and true anomaly h due to its marginal role in this specific application), with

eikep;D ¼ ai; dai; ei; dei; ii; dii;Xi; dXi;xi; dxi
� �

ð14Þ

being its i-th element and �N being the size of the original sequence. As for the second model, the basic unit
shaping the ð5� �NÞ original sequence is composed of the only Keplerian elements (excluding again the true
anomaly h):

eikep ¼ ai; ei; ii;Xi;xi
� �

ð15Þ

The following step consists in discarding inaccurate TLEs by keeping only the ones being more than half the
orbital period apart from each other. As stated in [8], they are usually two consecutive outcomes of the same orbit
determination process, and the second one in chronological order represents a correction of the first one. Once this
step is performed, every sample belonging to the satellite Launch and Early Orbit Phase (LEOP) and/or to its End
Of Life (EOL) is filtered out as well, as they represent the boundaries of the operational life targeted by the
proposed method (block P2).

As highlighted in [28], LSTM-based neural networks usually make the strong assumption of dealing with
uniformly sampled data so, as far as a sparse and irregularly sampled dataset is concerned, this assumption
becomes an intrinsic source of error if ignored. A common workaround to this issue consists in resampling the
original time series and turning it into a hybrid dataset (as shown in block P3). Consequently, a uniform time grid

Fig. 4 Workflow diagram
representing the data pre-
processing pipeline used to
generate the dataset for the
maneuver detection task
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has been defined with a time step equal to 21,600 s (0.25 days), using Piece-wise Cubic Hermite Interpolating
Polynomials (PCHIP [29]), particularly effective in preserving the shape of the original data as much as possible,
to generate a C1 resampled signal. This method is preferred to an approach based on propagation, meaning using
SGP4 due to the TLEs composing the dataset, that would imply two main drawbacks due to sensitivity to the time
grid density: the former is linked to higher-frequency contributions of the two-body perturbed dynamics showing
up, with their magnitude causing active control-related spikes to sink in artificial oscillations; the latter instead lies
in how the original orbital information is deleted or replaced by synthetic samples due to the initial state selected
for propagation (usually the closest to the desired time label). Moreover, PCHIP interpolation is particularly
consistent with the very nature of the NN, since it does not necessarily learn the physics and the dynamics used to
propagate a state to a given epoch, but it just tries to predict what the next orbit determination process outcome,
namely the TLE state, will be.

In order to reduce the intrinsic noise of the sequence and to restrain the influence of the outliers on the network
training process, a smoothing step is added to the pipeline exploiting Savitzky–Golay polynomial filters [30] with
a window dimension small enough not to lose local features (block P4 of the chart). In this case, 5 consecutive
samples have been chosen and a polynomial of degree 2 has been used to fit them.

Once the uniform orbital history covering the whole target’s lifespan is obtained (block IO2), it is scanned via a
sliding window algorithm, usually referred to as temporalization (reported in block P9), where window size d and
stride s are hyperparameters, to obtain a sequence of constant length.

The samples belonging to the processed version of the two datasets take the following shape:

Eoff ;i ¼

ai1 ai2 ::: aik ::: aid

dai1 dai2 ::: daik ::: daid

xi
1 xi

2 ::: xi
k ::: xi

d

dxi
1 dxi

2 ::: dxi
k ::: dxi

d

ii1 ii2 ::: iik ::: iid

dii1 dii2 ::: diik ::: diid

Xi
1 Xi

2 ::: Xi
k ::: Xi

d

dXi
1 dXi

2 ::: dXi
k ::: dXi

d

2

666666666666666664

3

777777777777777775

Eon;i ¼

ai1 ai2 ::: aik ::: aid

ei1 ei2 ::: eik ::: eid

ii1 ii2 ::: iik ::: iid

Xi
1 Xi

2 ::: Xi
k ::: Xi

d

xi
1 xi

2 ::: xi
k ::: xi

d

2

666666664

3

777777775

ð16Þ

where i ¼ 1; :::;N and N is the new size of the dataset, which can be computed with a simple rule as a function of
window size d, stride s, and the original number of samples �N:

N ¼
�N � d þ 1

s
ð17Þ

The same temporalization process is applied to the labels corresponding to each sample. They are defined as one-
hot vectors (block IO1) to distinguish between the positive and negative categories involved in the binary
classification task, being ‘‘maneuver happening’’ or ‘‘no maneuver happening’’ in this case. The process to define
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the dynamical states involved in an active control arc consists in scanning each couple of consecutive samples
from both original states sequences, reported in Eqs. 13 and 14, and comparing their timestamps in terms of UTC
epochs, with the time spans reported in the maneuver histories from ILRS data (extracted in block P6 of the
chart). In order to label a sample k, a loop over the list of past maneuvers is designed to look for intersections
between the selected time window tTLE;k; tTLE;kþ1

� �
and any m-th control event time window tm;start; tm;stop

� �

(block P7 of the diagram). Figure 5 shows the 3 possible intersection outcomes, leading to a positive label 1 to be
assigned to sample k. Using this logic, the value assigned to each sample refers to its immediate future behavior.
Shifting this to an operative scenario, it translates to assessing if the time spanning from the latest TLE of a
cataloged RSO to the next, not yet recorded one contains a maneuver.

One last step is mandatory to shape the specific maneuver detection application into a classification problem.
As a matter of fact, when comparing satellite routine maneuvering frequency with the one related to the TLE
generation process, maneuvers can be considered ‘‘rare’’ events. Taking Sentinel-3A dataset as an example, on
average only 1 in every 152 samples is involved in a maneuver (according to the mentioned logic), so a clear case
of class imbalance is embedded in the problem. One way to address this issue is relying on class weights and
treating samples differently during the whole training process according to the kind of class they are associated
with (block P8). In order to define the two weights in this case, the majority and minority classes have to be
identified. Being w1 and w0 the weights assigned, respectively, to the positive and negative class, they are
computed through the following formula, implemented in the sci-kit learn library from the work in [31]:

wc ¼
ns
nc fc

ð18Þ

where ns is the number of samples, nc represents the number of classes, and fc is a vector containing the
occurrence of each class as its elements. The operation used to obtain the resulting class weight vector wc is thus
performed element-wise for each class contained in fc.

Furthermore, due to the kind of sequential NN involved, class weights have to be turned into sample weights
(block IO3), so that the samples composing each input sequence can be weighted accordingly when plugging
them into the corresponding loss function term. The sample weight is then shaped as the label assigned to a
generic sample i, mirroring the disposition of the two classes. For the sake of clarity, given the i-th one-hot vector:

oi ¼ 0; 1; ::: 0; ::: 1½ � ð19Þ

The corresponding weight mask will be:

Fig. 5 Algorithm designed
for the labeling process of
the orbital state sequence to
perform classification. The
green window represents
the time spanning between
the two consecutive TLEs
of the couple k, while the
red one covers the firing arc
associated with the maneu-
ver m. The 3 reported
timelines show the cases in
which a positive label is
assigned to the k-th state
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wi ¼ w1; w0; :::w1; :::; w0½ � ð20Þ

Once this mask and weights setup is performed, the whole dataset can be split into training, validation, and test
sets (as reported in block P10 of the chart). In this case, 70% of the samples are devoted to the training process,
20% to the validation, while the remaining 10% is used for the testing phase.

The last fundamental step to obtain a suitable dataset for a NN is data scaling, so that the model can work with
values with limited span, usually between 0 and 1 or within a symmetric interval around 0. For this specific
application, a standard scaler has been used to normalize the inputs with the following process (block P11):

ei;scaled ¼
ei � le
re

ð21Þ

where ei is a generic i-th sample component, normalized over its mean le and standard deviation re. An important
remark for this algorithm is that the statistics for each component of a sample are computed just by using the
training set, not to include information that should not be available in an operational scenario. This can make the
difference if the distribution is subject to abrupt enough changes between training and test set samples, since the
dimensionalization of the outputs, being the inverse transform of Eq. 20, is based on the only information
contained in the training set.

The target selected to generate the results reported in the paper is Sentinel-3A, a LEO active satellite,
considered a representative sample of the small population of objects provided with a maneuver history in the
ILRS public database. As for all of its past TLE orbital data, they have been instead downloaded from Space-
Track website.

Fig. 6 Network structure
used to accomplish the
maneuver detection task
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3.2 Neural network structure

The maneuver detection task is based on the analysis of a fixed-size sequence of orbital parameters (and their
variations over a time step) to output a one-hot vector of the same size representing the classification of each
element belonging to the sequence. To achieve that, downstream to an iterative procedure to tune the network
layers and parameters, an optimal structure has been found to be the one reported in Fig. 6, leveraging several
tweaks and improvements in the standard LSTM cell described in Sect. 2.3. The first one is the concept of
Bidirectional LSTM cells, introduced in [32], consisting in enabling a traditional cell, able to just learn the
temporal patterns in a forward direction—going from past to future, to learn the other way around too. This is
possible by adding a mirror RNN layer to the traditional LSTM one, doubling the corresponding parameters.
While the original input sequence is passed unchanged to the first layer, its flipped version is fed to the mirror one
so that the time pattern is learned symmetrically. This is proved to outperform traditional LSTM-based NN in
speech recognition tasks [33]. The second adjustment consists in reversing the order of the input fed to the first
layer of the network which, as detailed in [34], is proved to improve the training performance by establishing
short-term dependencies between consecutive elements of a sample. This modification is expected to improve
performance during back-propagation, when the initial input features, usually mitigated by consecutive gates
between LSTM cells, are moved to the end of the sequence, preserving upstream information. An additional
peculiar characteristic is referred to with the term ‘‘unrestricted’’ in the diagram, meaning that the entire output
time sequence of an LSTM layer is given as input to the following one. A ‘‘restricted’’ layer instead provides the
output corresponding to the only final time step. The former is used for the first two layers to transmit inter-
mediate features to every LSTM cell of the following layers. The reason behind this resides in the encoder logic
used to achieve element-wise classification, leading to the stack of two time-distributed layers of fully connected
neurons. The time-distributed shell to these two dense layers allows the network to perform the same operations
of a single dense layer to each temporal slice of the mentioned unrestricted input, providing the desired type of
classification via sigmoid activation function (defined as in Eq. 7).

The expected input size for Netoff model is 10� TSð Þ, where TS stands again for the number of fixed time
steps. The neurons used to encode the 5 Keplerian elements and the jumps between consecutive epochs in the first
LSTM-based layer are 8, decreasing in size with the following one, with an expected output size of 6� TSð Þ. The
two time-distributed dense layers scale it down even more, with sizes 4� TSð Þ and 1� TSð Þ, finally giving a
scalar score for each epoch comprised in the input time window. The only modification applied to the online
model Neton is a different input layer size of 5� TSð Þ, excluding Keplerian element variations in time.

3.3 Training setup

Concerning the training phase, given the kind of task at hand, the Binary Cross-Entropy (BCE) loss function is
chosen as the one to optimize. Due to the imbalance between the maneuvering and non-maneuvering classes, the
sample weights described in the previous section are integrated into the loss function formulation, leading to a
weighted version of BCE. The weighted loss function for a generic sample k is then defined as:

LBCE;wðykÞ ¼ �
XN

i¼1

w1 yi;k logðpðyi;kÞÞ þ w0 ð1� yi;kÞ logð1� pðyi;kÞÞ
� �

ð22Þ

where N is the number of samples, pðyi;kÞ represents the probability of the positive class (corresponding to a
maneuvering sample) referring to the element i of sample k, w1 being the corresponding weight used to rescale it,
while the negative probability one is modulated using the weight w0.

The choice for the optimization algorithm lies on ADAM, representing the state of the art in terms of Gradient
Descent-based techniques for NNs, as implemented in Keras library following the work in [35]. The batch size is

123 Neural Computing and Applications

https://doi.org/10.1007/s00521-025-11177-7

https://doi.org/10.1007/s00521-025-11177-7


selected as equal to 1 in order to maximize the potential to find a meaningful minimum, investing more
processing time in the training session to update the model weights with each single sample (adopting a pure
Stochastic Gradient Descent). The number of epochs for each training session is set to an initial value of 50, but
this represents an additional hyperparameter through which the model performance can be tuned. An early
stopping policy is foreseen too, in order to prevent useless iterations in case the loss function value does not
change enough between an arbitrary number of consecutive iterations, in this case set to 5.

Due to the kind of task, the loss function value does not give enough information about how the training is
proceeding, so diverse metrics are monitored across the iterations. The ones chosen for the case at hand are binary
accuracy (A), precision (P), and recall (R), being the same ones used to assess the model performance during
testing with never-before-seen data. They are all defined in their standard version as:

A ¼ TPþ TN

TPþ TNþ FPþ FN

P ¼ TP

TPþ FP

R ¼ TP

TPþ FN

ð23Þ

where TP stands for true positives, FP is the false positives, while TN and FN are true and false negatives.
Accuracy is the most straightforward metric, showing how many correct predictions the model was able to make;
precision hints at how many of the detected positives are real while recall represents the sensitivity of the model,
quantifying how many of the real positives were detected.

As a consequence of the problem’s class imbalance, their weighted version has to be used as well in order to
make non-maneuvering samples, being the strong majority, weigh less than maneuvering ones. They can be
formulated as follows:

Aw ¼ w1 TPþ w0 TN

w1 ðTPþ FNÞ þ w0 ðTNþ FPÞ

Pw ¼ w1 TP

w1 TPþ w0 FP

Rw ¼ w1 TP

w1 TPþ w1 FN

ð24Þ

where, according to this definition, Rw coincides with the vanilla version R. A level of confidence equal to 99% is
set to establish the minimum score threshold for which an element composing a sample is considered a true
positive. A high value of confidence allows for more robustness to false positives, decreasing the sensitivity of the
method, and corresponding to lower R. The lower the threshold is set the higher the risk of false positives will be,
with a consequent decrease in P. The output score provided by the last layer sigmoid activation function (made
binary by the above-mentioned thresholding process) can be considered as a reference value to compute a
maneuvering probability value between 0 and 1. This alternative approach could prove useful in conditioning
further sources of information to combine them into a comprehensive index.

As already stated in Sect. 3.1, the model is trained with Sentinel-3A data, consisting of 5404 samples (from
February 16th 2016, 20:59:45.170 to July 11th 2023, 03:23:06.021). The PCHIP-resampled sequence of its
Keplerian parameters is reported in Fig. 7.
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4 Results

The testing phase for a standard classification task mainly consists in assessing how precise and sensitive the
trained model is to data that it has never seen before. In the specific case of binary classification, such as the
maneuver detection algorithm developed for this work, the metrics to take into account are the already mentioned
weighted accuracy, precision, and recall (as defined in Eq. 23).

A total of two testing scenarios are detailed in this section, the only difference between them being the amount
of information given to the network as input. The former is fed with a set of 5 orbital parameters together with the
corresponding jumps between consecutive samples, as showcased in Eq. 13. The models included in this scenario
are designed for stand-alone usage, enabling a swift labeling process of new TLE data belonging to a single
cataloged object. As for the latter, the input consists of the only 5 orbital parameters involved in the definition of
Eq. 14, without any jump, in order to mimic operational conditions, in which there is no information about the
jump between the very last element and a future unknown one.

4.1 Offline maneuver detection model

The first testing session focuses on the model trained via Keplerian elements and their variations. For the
maneuver detection task, the only resampling technique that is considered viable is the PCHIP interpolation. The
trends for each Keplerian element downstream to the resampling process are displayed in Fig. 7, preserving the
parameter trends shape with respect to the original state sequence. The campaign is organized as a sensitivity
analysis to the model’s input size d (resulting in the time steps TS in the network structure), spanning between 32
and 512 consecutive samples to understand how to trade off between network complexity, meaning number of
parameters and past information provided, and inference performance. The outcome of the 5 training sessions
performed on Sentinel-3A data is reported in Table 1.

From the values reported in the table, it is easy to notice the ascending trend in performance as the input size
increases. This suggests that long-term connections between the samples composing a single input sequence are
effectively modeled by the NN, helping it discern true positives among different features contained in the element

Fig. 7 Sentinel-3A Keplerian elements after the PCHIP-based resampling step are represented as a function of time in ET,
showing how the shape of the original sequence is preserved while granting a denser time grid
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trends. In order to better visualize true positives, true negatives, false positives, and false negatives, the confusion
matrices for each model are reported in Fig. 8.

Besides, a representation of the detections on the semi-major axis a trend corresponding to the best-performing
model (512 input size) is displayed in Fig. 9, to visually understand what the models are actually computing.

4.2 Online maneuver detection model

The second bench test consists in assessing the performance of the mentioned 5 models trained with the same
Sentinel-3A data history in terms of Keplerian parameters, resampled with PCHIP interpolation. This time though
the variations between consecutive samples are excluded from the input. The input sizes, ranging again from 32 to
512 elements, are included in a sensitivity analysis leading to the figures listed in Table 2.

The tests confirm once again that increasing the amount of prior information embedded in the input sequence
helps the network build long-term connections, allowing it to better detect the peaks associated with routine
maneuvers. As a consequence, the scores increase with the highest number of samples (512). Comparing the
outcomes with the previous stand-alone version of the algorithm, they exhibit drops of some percentage points,
given that fewer encoded features are available in this case, providing nonetheless satisfactory results for the
application.

The proportion between true positives, true negatives, false positives, and false negatives are reported once
again in the form of confusion matrices for each of the trained models in Fig. 10.

4.3 Generalization capabilities

An additional testing campaign is conducted to assess generalization capabilities in the online maneuver detection
model Neton, considered the operational one in case maneuvers must be detected in newly published TLEs. The
presented LSTM-based models are in fact designed to infer from data describing the orbit and maneuvering
history of a single target, resulting in several training sessions for the method to work on multiple cataloged
objects. This object-tailored approach is deemed the best under the assumption of no processing power or storage
limitation constraining the training phase of the algorithm. The mentioned analysis is thus used to understand
whether the model performance is preserved when data coming from satellites that are different from Sentinel-3A
are used to train a fixed LSTM-based architecture. For this purpose, 3 additional space objects from the ILRS

Table 1 Weighted binary
accuracy Aw, precision Pw,
and recall Rw values for
input sizes from 32 to 512
samples, on Sentinel-3A
satellite test set. In this
case, the samples are com-
posed of both Keplerian
elements and their varia-
tions in time

Input size 32

Aw Pw Rw

99:87% 90:11% 89:90%

Input size 64

Aw Pw Rw

99:95% 95:83% 97:15%

Input size 128

Aw Pw Rw

99:98% 98:63% 98:63%

Input size 256

Aw Pw Rw

99:99% 99:43% 99:38%

Input size 512

Aw Pw Rw

99:99% 99:41% 99:53%
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database are selected, spanning different levels of similarity to the baseline: Sentinel-3B, Jason-3, and Haiyang-
2A. In order to understand how significant the generalization of the model is, it is deemed important to underline
their similarities and differences from Sentinel-3A. While Sentinel-3B [36] and Haiyang-2A [37] feature very
similar mission profiles, consisting of sun-synchronous orbits, at around 800 and 970 km altitude, respectively,
and both around 98� inclination, Jason-3 follows a non-sun-synchronous orbit at about 1300 km altitude and 66�

inclination [38]. As for their maneuver patterns, the average velocity expenses DV (stored in the database together
with maneuvering epochs) are similar among Sentinel-3A, Sentinel-3B and Jason-3 (rounghly 0.60 m/s, 0.65 m/s,
and 0.44 m/s, respectively), while Haiyang-2A performs cheaper maneuvers (averaging around 0.0064 m/s). In
general, the control actions are aimed at orbit raising and plane preservation, and their effect in terms of jumps in
orbital parameters can be detected given the accuracy level of the TLE data used for each of the selected targets,
regardless of the DV magnitude involved.

Fig. 8 Plots show the per-
formance of every model of
the offline version of the
algorithm, with varying
input size (from 32 to 512
samples) and trained on
Sentinel-3A data, in terms
of confusion matrices,
showing the TP, TN, FP,
and FN cases
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The test is performed by training the 512-sample version of Neton using data from the mentioned targets, pre-
processed following the pipeline reported in Sect. 3.1, and assessing the models’ weighted accuracy, precision
and recall. The scores for each target are displayed in Fig. 11, while the corresponding numerical values are
reported in Table 3.

The similarity in terms of scores proves that the model manages to generalize to objects belonging to the same
orbital regime as the baseline with drops in performance that are considered reasonable for the application. This is
mostly due to the fact that the selected targets feature similar maneuvering patterns and orbital history, allowing
for a single network design to effectively learn correlation between specific features in the time sequence and the
presence of a maneuver. This behavior of course changes when moving to higher orbital regimes like MEO or
GEO, where TLE accuracy may not be enough to make low-magnitude station-keeping maneuvers show as peaks
in Keplerian elements. In this case, shifting to a more effective coordinate system (e.g., geographic coordinates
for GEO space objects as reported in [14]) could highlight recurrent and observable patterns for the network.

4.4 Processing time

As widely known, the processing times associated with a neural network-based algorithm are unevenly dis-
tributed between training and inference. The former phase is the most demanding in terms of computational

Fig. 9 A subset of the
ground-truth maneuvers (in
green) together with the
ones predicted by the best-
performing offline model
(in red) is reported in the
semi-major axis as a func-
tion of time in ET. The
graph shows a false posi-
tive case as well, repre-
sented as a red band not
intersecting with any green

Table 2 Weighted binary
accuracy Aw, precision Pw,
and recall Rw values for
input sizes from 32 to 512
samples, on Sentinel-3A
satellite test set. In this
case, the samples are com-
posed of Keplerian ele-
ments only

Input size 32

Aw Pw Rw

99:43% 54:17% 64:08%

Input size 64

Aw Pw Rw

99:90% 94:45% 89:28%

Input size 128

Aw Pw Rw

99:88% 90:23% 92:18%

Input size 256

Aw Pw Rw

99:98% 98:30% 98:03%

Input size 512

Aw Pw Rw

99:99% 98:21% 99:52%
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Fig. 10 Performance of
every model of the online
version of the algorithm,
with varying input size
(from 32 to 512 samples)
and trained on Sentinel-3A
data, in terms of confusion
matrices, showing the TP,
TN, FP, and FN cases

Fig. 11 A histogram show-
ing the comparison in
model performance on
Sentinel-3A, Sentinel-3B,
Jason-3 and Haiyang-2A
data, showing weighted
accuracy, precision and
recall of the 512-sample
online maneuver detection
model
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power, due to the involved loss optimization process generally running over large datasets. As for the inference
phase, it usually exploits trained models, with weights that are simply loaded beforehand, resulting in swift
prediction capabilities. This can be confirmed by analyzing the processing times associated with each of the
models described in this work. The runs are carried out on a Windows machine featuring an Intel Core i7-10700,
16 GB RAM and no dedicated GPU.

The training times related to Netoff and Neton are, respectively:

• 61 s/epoch and 62 s/epoch for an input size of 32 samples, with 9.596e�1 ms and 5.982e�1 ms as
corresponding inference times;

• 106 s/epoch and 106 s/epoch for an input size of 64 samples, with 1.104 ms and 1.076e ms as corresponding
inference times;

• 191 s/epoch and 194 s/epoch for an input size of 128 samples, with 1.346 ms and 1.346 ms as corresponding
inference times;

• 381 s/epoch and 378 s/epoch for an input size of 256 samples, with 1.863 ms and 1.857 ms as corresponding
inference times;

• 753 s/epoch and 756 s/epoch for an input size of 512 samples, with 2.980 ms and 2.861 ms as corresponding
inference times.

These results show how time performance strongly depends on the number of weights operations involved in both
training (ranging from around 20 min to several hours) and inference, implying that larger input sizes (both in
terms of time steps and features involved) mean higher processing times.

5 Conclusions

This work shows how sequential models represent a suitable method to exploit a target pattern of life, in terms of
orbital and maneuver history, in order to detect new maneuvers that comply with the satellite’s operational
routine. Through the specific labeling logic employed to pre-process raw data, the probability of a maneuver
happening in the immediate future can be inferred by spilling the score coming out of the last layer of the
network, as the output of the mentioned sigmoid function. This kind of information could assist model-based
methods, leveraging the strong assumption of optimal policy, in understanding how far the optimal solution is
from the usual behavior of the target. This same value, processed via a thresholding process, is used to categorize
orbital data as well, as extensively shown in this paper. There are still limitations to the pipeline reported in this
paper. The main one lies in the scarce amount of publicly available labeled data. They are currently limited to
LEO targets with very similar orbits, restraining the testing of the networks’ generalization capabilities to a single
orbital regime. This is the reason why the offline version of the maneuver detection model (Netoff) was conceived:
assisting the maneuver labeling process, in terms of involved time windows, in a way to extend already existing
datasets. An additional aspect to take into account is the fact that the approach relies on an RSO-specific
architecture, requiring an offline training session for each target of interest. This is proved not to be necessary for
multiple LEO objects in [15], but it is still considered to fit as baseline solution when no training time constraints
have to be complied with.

Table 3 Numerical values
for each weighted metric
used to assess model per-
formance on the selected
space objects, using the
512-sample online maneu-
ver detection model

Aw Pw Rw

Sentinel-3A 99:99% 98:21% 99:52%

Sentinel-3B 99:98% 99:05% 99:51%

Jason-3 99:99% 99:80% 99:22%

Haiyang-2A 99:93% 97:66% 92:60%
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Ongoing developments are focusing on increasing the level of data pre-processing to improve models’ gen-
eralization capabilities, currently limited to the object or set of objects involved in the training: even in case
multiple similar satellites are used to build the training set, the detection performance drops in case orbital data
from a new target are used. Moreover, the models presented are just tested against maneuvers that affect a or
E enough to stand out from TLE-derived trends, such as the case of orbit-raising maneuvers performed in LEO.

Different strategies can be adopted to address these shortcomings. A possible one that is investigated consists
of an autoencoder, trained as the backbone of the NN architecture shown in the current method, in order to
identify a latent space tailored to this specific classification task. An alternative could be instead acting on the
training process, using transfer learning to retrieve the subset of model weights tuned on the general features of an
orbital data sequence and then specialize the remaining ones to focus on a target of interest.
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