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Abstract—The increasing of satellite launch missions, collisions
and disintegration events of space objects, and the vast number
of near-Earth asteroids pose significant challenges to space traffic
management. Space situational awareness aims to detect, track,
classify, and characterize space objects, as well as assess space
events, playing a crucial role in space traffic management. The
application of artificial intelligence in space situational awareness
has unique advantages, especially in enhancing comprehensive
abilities such as knowledge, analysis, and decision-making. Its
outstanding abilities in transfer learning and lifelong learning can
rapidly address complex and dynamic space detection problems.
This paper reviews and analyzes the research progress of Al
in space situational awareness in the past five years, focusing
on data collection, situational awareness, and decision-making.
While discussing the advantages and limitations of technical
applications, it addresses the feasibility of applying emerging
technologies such as distributed machine learning, knowledge
graphs, and multi-agent game theory to future space situational
awareness research, considering the characteristics of space data
and new requirements. This paper points out the effectiveness and
necessity of artificial intelligence in space situational awareness,
which can provide reference for strengthening space environ-
mental understanding and promoting relevant research in space
traffic management.

Index Terms—Space situational awareness, artificial intelli-
gence, decision-making

I. INTRODUCTION

With the continuous increase of human space activities,
the number of space objects has been rapidly growing,
including artificial satellites, in-orbit spacecraft, space de-
bris, asteroids, etc. According to authoritative statistics from
the U.S. Space Surveillance Network (SSN) (released on
http://celestrak.com/), as of the end of July 2023, there were
over 57,000 cataloged space objects, of which 27,000 are
still in orbit. Additionally, billions of small space debris that
cannot be cataloged due to the lack of effective observations.
The further congestion of the space environment has led to a
dramatic increase in collision risks, posing a serious threat to
space asset security and space traffic management (STM).

Space debris is widely distributed, moves at high speeds,
and possesses significant collision energy. Only space debris
with a size of 10 cm or larger can be tracked. However,
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collisions with 10 cm debris are sufficient to completely
disable satellites, and if further cascading collisions occur,
there is a possibility of the long-term concern of the Kessler
Syndrome. Additionally, collisions with 5 cm space debris
are comparable to automobile impacts and can cause severe
damage to satellite internal components. The space community
has proposed three response measures: mitigation, remedia-
tion, and space situational awareness (SSA), but the execution
of these measures still needs improvement. Organizations like
SpaceX and OneWeb have proposed large-scale or mega-
constellation plans, aiming to deploy a large number of satel-
lites in low Earth orbit for network communication, which
will further exacerbate the congestion of space environment
[1]. Additionally, the threat of small asteroids cannot be
underestimated. With diameters of over 10 meters, they move
at ultra-high speeds and pose a serious threat to in-orbit
spacecraft and the Earth [2]. To ensure the normal operation
of spacecraft, the smooth completion of space missions, and
to mitigate the impacts caused by falling space objects, it is
essential to further strengthen the ability of SSA. This involves
utilizing and understanding the past, current, and future state
of the space environment, with the support of extensive space
surveillance data.

SSA refers to the comprehensive, precise and real-time
detection, tracking and analysis of space objects, in order
to ascertain the behavior, intent and characteristics of non-
cooperative targets that could potentially threaten in-orbit
spacecraft. First, it is necessary to utilize and integrate various
detection means including ground-based radar and optics as
well as space-based infrared and optics to effectively fuse
data from different sources to form a consistent depiction of
the space situation. Afterwards, track the targets of interest
and preliminarily determine their orbital, attitude, area-to-
mass ratio and other attributes as well as potential intent.
Finally, further coordinate multiple detection units to achieve
persistent tracking, combine the complex and dynamic space
environment and real-time situation of both parties, predict the
behavior of targets of interest, and plan the flight trajectory
of friendly spacecraft. However, due to the surge in space
objects, existing collision avoidance procedures and game
strategies will struggle to cope with the high-frequency space
collision events caused by the new environment. Against this
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background, given artificial intelligence’s (Al’s) advantages in
big data processing, pattern recognition, decision support and
other aspects, it has been regarded as the mainstream method
for next-generation SSA [3]-[5].

In conclusion, reviewing and discussing the progress of Al
applications in SSA is of great value to STM. This paper aims
to explore the key aspects of Al in SSA, how it supports
ground operators in making decisions, and to contemplate
future research directions such as data fusion, collaborative
perception, multi-agent systems, etc. It represents a forward-
looking study on the sustainable development of the future
space environment. In Figure 1, the components under review
are arranged in a logical sequence.

The rest of this paper is structured as follows: Section II
reviews the reliable data sources developed by different project
groups from the data perspective. Section III summarizes AI’s
analysis and interpretation of data from the perception per-
spective, focusing on tasks of space object detection, tracking,
classification and characterization. Section IV reviews from
the decision-making perspective the process of Al translating
perceived information into actions, including collision predic-
tion, resource scheduling, etc. Section V outlooks the research
prospects and discusses potential challenges.

II. AI FOR DATA COLLECTION

The first part of Al-driven SSA is accurately acquiring space
object data and necessary data processing. In this process, it is
difficult to obtain massive multi-source heterogeneous actual
detected data, and simulated data generated by simulators are
used for training AI models. Therefore, the data acquisition
methods and key processing technologies in data collection
are reviewed and discussed.

A. Data Acquisition

The performance of Al methods highly relies on the avail-
ability and quality of training data. So far, the major source
of SSA has been the U.S. SSN, whereby the US military
selectively publishes two-line element (TLE) data of space
objects through Space-Track.org [6], [7]. Nevertheless, the
accuracy of TLE reports is limited and varies depending on the
object’s location and orbit. This could be due to data sensitivity
and privacy considerations as space situational data contains
important national security information, and space agencies
and militaries of all countries strictly control the acquisition
and use of real data. Meanwhile, the wide range of space
objects and geopolitical influences pose tremendous challenges
for all-weather persistent monitoring. In the space domain,
it remains very difficult and expensive to obtain complete,
labeled, high-quality real data from space detection, especially
optical image data. The lack of sufficient annotated space data
limits Al research work in the field of SSA.

It is worth noting that researchers have attempted to generate
space target datasets using simulators to support dynamic
simulation tasks such as target tracking and identification.
The designed simulators need to fully consider the optical
characteristics of space targets and sensor imaging properties.

They generate realistically featured space target data by au-
tonomously controlling scene settings and target quantities,
including processes such as target modeling, environment
modeling, sensor simulation, data synthesis, calibration, and
validation. Depending on different research focuses (such as
sensor types [8], whether jitter occurs [9], image SNR [10],
[11], static or dynamic tracking [12], illumination angle),
custom simulations and generation of optical images, light
curves, and trajectory data for space targets are carried out.
To our knowledge, publicly available datasets for the 6D
spacecraft pose estimation task include the spacecraft pose
estimation dataset (SPEED) [13] and the unreal rendered
spacecraft on-orbit (URSO) dataset [14]. For space object
detection and identification tasks, the spacecraft recognition
leveraging knowledge of space environment (SPARK) dataset
is available [15]. For 3D trajectory estimation, the SPARK-
T dataset can be used, where “T” stands for trajectories
[16]. These datasets serve as valuable resources for scientific
research and development in the respective areas of space tech-
nology and pose estimation, enabling researchers to evaluate
and advance their algorithms and methods. A comparison of
this paper with examples of public space debris databases is
also presented in TABLE 1.

In addition, to improve the usability of images for down-
stream tasks and the monitoring efficiency of SSA, diffusion
models have been applied for low-light image enhancement
(LLIE) of spinning objects in space [17]. This method can
effectively restore image details and improve contrast, outper-
forming traditional methods in both subjective visual effect
and quantitative metrics. This indicates that data-driven image
enhancement methods have promising prospects for space ob-
ject image processing, but the generalizability and adaptability
of this method to space scenes need further verification.

In contrast, some researchers have paid attention to the issue
of data deception for space objects. Most satellite operators
cannot independently obtain SSA data and have to rely on a
few centralized repositories operated by major space powers.
Given the intensifying competition among nations over space
orbits, the threat of abusing such shared information to attack
is also increasing. Reference [18] first proposed defense tech-
niques against SSA deception, and then developed a machine
learning-based anomaly detection tool that enables defenders
to still detect 90%-98% of deception attempts without space
detection sensors.

B. Data Processing

Data processing refers to the process of processing, analyz-
ing and extracting useful information from space big data.
It is a prerequisite for SSA and plays a critical role in
promoting space exploration and application. Space objects
possess attributes such as extensive operational trajectories
and rapid flight velocities. Depending exclusively on an in-
dividual sensor fails to deliver effective coverage and precise
tracking across their whole trajectories [19]. Consequently,
collaborative measurement through an integrated space-ground
surveillance network is imperative, yielding observed data with
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Fig. 1. Reviewed components of Al for space situational awareness.

TABLE 1
EXAMPLES OF PUBLIC SPACE DEBRIS DATABASES

Database Owner Uses
.. Tracking and Prediction; Space Situational Awareness;
TLE US military Orbit Analysis; Satellite Catalogs
Kisantal Mate, Sharma Sum-
SPEED ant and Park Tae Ha 6D pose (spacecraft)
URSO Proenca, Pe;i;c:gF and Gao, 6D pose (spacecraft)
Musallam Mohamed Adel, 3D model and 6D pose
SPARK Ismaeil Kassem Al and (spacecraft and space debris)
Oyedotun Oyebade
Musallam Mohamed Adel,
SPARK-T Ismaeil Kassem Al and 3D trajectory estimation

Oyedotun Oyebade

qualities like multi-station, multi-temporal, massive volume,
multi-modality, and varied detection accuracy. Effective fusion
and processing of the data information obtained by each sensor
can maximize the role and capability of SSA.

As a branch of AI, multi-source information fusion aims
to integrate partial and incomplete information from differ-
ent sensors, data sources, or origins. It eliminates redun-
dancy and contradictions among sensor information, forming
more comprehensive, accurate, and reliable fusion informa-
tion, thereby enhancing the awareness and understanding of
space situations. However, multi-source information fusion
methodologies customarily necessitate accounting for factors
like information origin uncertainty and weight distribution, to
guarantee ensuing consolidation output is coherent and reli-
able. In the field of SSA, multi-source information fusion holds
significant advantages in enhancing information, expanding
spatio-temporal coverage, and supporting intelligent decision-
making.

Multi-source information fusion can be divided into three

levels: data fusion, feature fusion and decision fusion. Data
fusion involves registration, calibration and normalization of
data from different sensors such as radar, optics and infrared,
to achieve information compensation and data augmentation
between different data sources. Kalman filter-based trajectory
prediction is a typical example of data fusion [20].

Feature fusion conducts analysis after extracting features
from data sources and supports subsequent decision making.
In SSA, features can be manually extracted features such as
orbital parameters, position coordinates, area-to-mass ratio,
projected area, or automatically extracted features by artificial
neural networks (ANN) [21]. By feature fusion, fusing the
feature information extracted from different data sources can
enhance the capability of space object detection and tracking,
thereby improving the accuracy and robustness of SSA. The
research on detection of space debris founded on multi-
modal fusion used neural networks to automatically extract
deep features from RGB and depth images before fusing
them, finally deploying a classification head to actualize target
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detection. This is an end-to-end feature fusion method [22].

For decision fusion, when different sensors or algorithms
give inconsistent judgments about the same space object,
methods like the Bayesian inference [23], the DS evidence
theory [24], and ANN have been used to obtain comprehensive
and reliable conclusions, thereby enhancing the intelligence
and decision support capabilities of SSA.

Al plays a crucial role in data collection for SSA, involving
aspects such as data augmentation, data generation, fraud
detection, and multi-source information fusion. Among these,
multi-source information fusion can enhance the understand-
ing of the SSA by combining information from different
sensors. This is highly beneficial for identifying and tracking
space objects, as well as predicting space events.

III. AI FOR SITUATIONAL AWARENESS

In SSA, the second part focuses on how to collect, integrate,
analyze and understand various data and information from the
space environment, in order to gain comprehensive cognition
and understanding of space situation. Its core task is to
accurately detect and track space objects, determine important
characteristics of space objects that may pose threats to on-
orbit spacecraft such as size, shape and orbital parameters, and
then evaluate target characteristic data to support STM.

The application areas of AI methods in the situational
awareness of the space environment include monitoring, track-
ing, and identification of space objects. This subsection will
focus on the latest advancements in these tasks, particularly
the application of deep learning. The feasibility of using deep
learning for SSA was demonstrated in an industrial study
in 2020, where they proposed employing deep learning for
achieving space scene perception [25].

A. Object Detection

Object detection aims to identify and locate target objects in
space, including in-orbit satellites, manned spacecraft, rocket
stages, space debris, asteroids, etc. Object detection is a critical
part of SSA. By analyzing and processing space data, it
helps determine the target’s location, size, shape and other
relevant attributes, thereby supporting real-time monitoring
and tracking of space objects. However, space object detec-
tion still faces many challenges, influenced by factors like
complex background and occlusion, scale variation, complex
illumination and weather conditions, diversity of target types,
etc. Consequently, adaptive, robust space object detection algo-
rithms necessitate development and refinement, encompassing
data augmentation, deep learning, etc, to elevate space object
detection accuracy, efficiency, and reliability.

Numerous techniques have been engineered for space object
detection. For example, when conducting optical observation
of artificial objects (satellites, space debris) in geosynchronous
orbit, the targets can easily be overwhelmed by background
noise due to long distance, presenting weak optical signals.
Reference [26] proposed a multi-target detection technique
based on topological scanning, utilizing geometric duality to
extract approximate linear trajectories of targets from massive

clutter and noise. Topological scanning serves as a traditional
method for object detection, presenting clear benefits in spe-
cific scenarios and problems. It is particularly suitable for
complex morphologies and limited samples in tasks related to
detecting multiple classes of objects. Nevertheless, considering
constraints like processing efficiency, target restrictions, and
noise occlusion, combining with Al methods like deep learning
may achieve better performance for more complex object
detection tasks [27].

Convolutional neural networks (CNNs) are the most com-
mon in object detection tasks, owing to their effective ability
to learn image features. They can automatically ascertain
local and global image traits, boasting translation invariance
enabling localization of target positions and bounding boxes
in imagery. However, the complexity of using CNNs for space
object detection lies in: 1. Real data has varying SNR; 2.
Lack of standard simulated datasets. Among them, networks
like CSAU-Net [28] and EfficientDet-EfficientNet [22] used
blurring and noise injection for data augmentation to improve
object detection accuracy and reduce missed and false detec-
tions. Conversely, to address prospective noisy labels from
false positives in small debris detection scenarios, a new noisy
label learning paradigm called the co-correcting algorithm was
proposed, with the goal of maintaining high space debris
detection rates under high noisy label rates [29]. Moreover,
a space target detection algorithm based on saliency detection
was effective in dynamically capturing small debris in videos
with low signal-to-noise ratios, demonstrating robustness in
detecting low signal-to-noise ratio moving space debris [30].

In summary, deep learning methods, especially CNNs, have
shown great potential in object detection in complex space en-
vironments by effectively learning features. Such applications
are expected to address challenges related to SSA in orbital
spacecraft missions.

B. Object Tracking

Object tracking is a critical component in the perception
stage of SSA, aiming to accurately track and continuously
monitor the motion states of space objects, providing key
data support for subsequent analysis and decision-making.
Meanwhile, object tracking techniques need to overcome the
complexity of space environments and uncertainties in target
motions, such as weak signals under long-distance detection,
potential occlusions and crossover motions between targets.
Therefore, reviewing key technologies pertinent to object
tracking is of great importance for further research on SSA.

1) Orbit Determination: Orbit determination is the first
step, aiming to determine the orbital motion and position
of the target. Orbit determination obtains the initial orbital
parameters of the target, providing basic data for subsequent
orbit prediction and orbit tracking. The problem of orbit
determination can be seen as a regression task, crucially
utilizing multiple short-arc observation data points, mapping
to target positions and velocities across discrete time points.
The weighting distribution-regression OD (WDR-OD) method
[31] was used for orbit determination of space objects in
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geosynchronous orbit (GEO). This method outperformed the
improved Laplace method proposed in Reference [32] under
white Gaussian noise and colored noise. Moreover, support
vector machines were used to reduce position errors of space
objects after orbit determination and propagation [33].

2) Orbit Prediction: Orbit prediction is the next step after
orbit determination, aiming to predict the position, velocity
and trajectory of the target over a prospective timeframe
based on the obtained initial orbital parameters and orbital
mechanics or physics. Orbit prediction is crucial for target
tracking and orbit planning. However, existing orbit prediction
algorithms face intractability due to sparse, low-precision
observations, unknown target geometry, and simplified force
models. Leveraging machine learning techniques to ascertain
latent orbit prediction error patterns from historical data [34]-
[37] or directly deploying them for orbit forecasting can
dramatically enhance prediction precision [38]-[40]. Further,
by integrating machine learning methods with traditional orbit
prediction methods to establish a hybrid analytic-machine
learning framework, the accuracy of orbit prediction can be
greatly improved [20], [41], [42].

3) Trajectory Tracking: Trajectory tracking utilizes the
orbital information obtained from orbit determination and
prediction, combined with sensor data, to monitor and track
the target’s position and motion in real time. For space object
tracking scenarios restricted to angular data, multistage version
of the expectation-maximization (EM) algorithm was utilized
for probabilistic data association and orbit parameter estima-
tion [43]. In the collaborative tracking of uncooperative targets
by multiple satellites, researchers have validated the accuracy
of applying particle swarm optimization [44], consensus-based
unscented information filter [45], and distributed spherical
simplex information-weighted consensus filter for space track-
ing [46].

4) Maneuver Detection: Maneuver detection is performed
by analyzing the motion and trajectory of space objects to
determine the type and characteristics of their maneuvers,
enabling dynamic monitoring of target motion states for
better understanding of target intent and behavior patterns.
For orbital maneuver detection of space object, hypothesis
testing techniques have been used to analyze target orbital data
and determine whether the target is in a maneuvering state
[47], [48], effectively mitigating false positives and elevating
detection accuracy and reliability. Subsequently, addressing
the limitation of traditional Kalman filter algorithms unable
to work in the maneuver detection task for non-cooperative
targets, improved methods such as extended Kalman filters
[49], augmented unbiased minimum-variance input and state
estimation (AUMVISE) method [50], etc., were proposed
for unknown maneuver detection. In addition, two adaptive
consensus-based unscented information filters were proposed
for tracking targets with maneuvers and colored measurement
noise [51]. These advancements contribute to enhancing the
maneuver detection capabilities in the field of SSA.

C. Object Recognition

Given the increasingly congested space environment, prac-
tical and feasible methods for space target identification have
become crucial to ensure the safety and efficacy of space
activities. Urgent research is needed on issues like how to
rapidly and accurately identify and track space objects under
limited observation conditions. These efforts will provide data
support for collision warnings and space mission planning.
Therefore, conducting a review and retrospective analysis of
research related to space objects holds guiding significance for
maintaining space safety and sustainability.

1) Object Identification: Object identification aims to ob-
tain object categories and determine key characteristics such as
shape, mass, and material by analyzing multi-source sensing
data such as radar and optics. In this process, the first step is
to preprocess the acquired data and extract features that can
represent the salient characteristics of the object. Then, Al
methods are used for object classification and identification to
determine the type and attributes of the object. Meanwhile,
object identification techniques also include estimation of key
object features such as mass, material, etc., which play an
important role in subsequent object tracking and dynamic
behavior analysis. Due to the uniqueness of imaging perspec-
tives, directly applying Al methods to space object identifi-
cation faces severe challenges of diverse object orientations.
Learning and extracting invariant features is a huge challenge
for space object identification. Based on basic frameworks
such as CNN and Transformer, Researchers have explored
various deep neural networks, such as RSOnet [52], D2N4
[53], MLP-Mixer [54], and VIT [55] for target classification,
and made great breakthroughs [56]. Additionally, they have
investigated how to use light curves to differentiate unknown
targets [57], [58] and how to calculate target centroids [59],
[60] and aspect ratios [61].

2) State Estimation: The state estimation of space targets
refers to the process of inferring and estimating various
key state parameters, including trajectory estimation, attitude
estimation, and operational status. Accurate state estimation is
crucial for achieving comprehensive awareness and planning
of space targets. Hence, reviewing and analyzing state esti-
mation associated techniques are indispensable components
of Al-driven research in SSA, providing valuable support to
enhance the safety and effectiveness of space activities.

Trajectory estimation aims to analyze and model historical
trajectory of the target to predict its possible future trajectory.
Since space trajectories have strong correlations in both time
and space dimensions, a single image perspective is insuffi-
cient to determine its 3D position. However, by continuously
capturing dynamic images of a space target using a single
camera and employing a two-stage computation, it is possible
to obtain a time-consistent 3D position trajectory [62]. Ad-
ditionally, Reference [63] actualizes a recurrent convolutional
neural network (R-CNN) for space object position and velocity
estimation under low resolution imaging circumstances.

Attitude estimation aims to infer the orientation and at-
titude parameters of space objects, such as attitude angles
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and angular velocities. Numerous attitude estimation methods
have been developed for space objects. The current precise
measurement of on-orbit attitude for space objects relies on
high-quality, continuous, high-resolution imaging perception
through radar and optics. The estimation of target state pa-
rameters is based on feature matching of observed data and
historical accumulated observation databases. However, the
lack of support from observational physical models results
in limited estimation accuracy and difficulty in extending
to practical application scenarios involving complex moving
targets and non-cooperative objects. For instance, utilizing
single-station Inverse Synthetic Aperture Radar (ISAR) to
observe targets and subsequently employing Hidden Markov
Models to describe the changes in target projection [64], [65].
Additionally, there are applications involving the fusion of
optical and ISAR data to estimate the instantaneous attitude
of space targets [66], [67], as well as the use of multi-
station ISAR collaboration for dynamic attitude estimation of
spinning spacecraft [68]. In comparison, deep learning has
seen limited but promising applications in space object attitude
estimation, and has succeeded under different observation
conditions like light curves [69], monocular vision [70], video
frames [71], etc. It enables precise capture and analysis of
space object attitude changes, providing more reliable support
and guidance for collision prediction and orbital maneuvering.

In addition, Reference [72] proposed a method for detect-
ing satellite operating status based on photometric reflection
characteristics, which can serve as a basis for rapid detection
of GEO satellite operating status.

In summary, state estimation of space objects is impor-
tant for SSA. Further research on related technologies such
as trajectory estimation, attitude estimation, operating status
assessment, etc. can promote the development of SSA and
provide more reliable and accurate data support for the safe
and effective management of space activities.

IV. AI FOR DECISION-MAKING

The third part of Al-driven SSA involves the process of
transforming spatial environmental information into actions
using Al Decision-making may entail resource allocation,
collision evasion, orbital maneuvering, etc. This section will
review and discuss key Al technologies in resource scheduling,
collision avoidance and orbital maneuvering.

A. Resource Allocation

For the requirements of building a collaborative space object
monitoring system, flexible and reasonable task allocation of
sensors in the distributed network is needed. In the process of
sensor allocation, multiple factors must be considered com-
prehensively, including timely information acquisition, rapid
decision-making in complex environments, and maintaining
certain coverage over long periods. Sensor task allocation
must have intelligence and adaptability to cope with chang-
ing monitoring needs and environmental conditions. With
advanced Al technologies, sensor allocation schemes can be

further optimized for better balancing observation accuracy
and energy consumption.

The explosive growth of space debris and implementation
of mega-constellation missions have made space monitoring
tasks more complicated than before, requiring new resource
scheduling methods to meet new demands. In early studies, the
scheduling problem was viewed as how to effectively allocate
sensor observation time for space object acquisition and mea-
surement. The NICO scheduler coordinates user requests under
meteorological and astronomical constraints, with the core
being using genetic algorithms to solve resource scheduling
problems [73]. Moreover, scheduling methods based on tabu
genetic algorithms [74], hypothesis and covariance [75] have
been developed to improve solving speed and inference accu-
racy. Additionally, game theory has great potential in solving
resource scheduling problems. Reference [76] proposed a self-
organized space object tracking method that transforms the
resource scheduling problem into a potential game where par-
ticipants need to follow synchronous best response dynamics
to update actions, achieving significantly improved tracking
accuracy. Similarly, by considering causal relationships, deep
reinforcement learning based resource scheduling solutions
have been proposed, improving tracking accuracy while en-
abling the model to potentially explain the learned policy [77].

B. Collision Avoidance

With the rapid growth of space activities and the increasing
space debris, asteroids and other objects, protecting space
assets from collisions has become an urgent issue. The key
of collision avoidance technology lies in achieving safe nav-
igation of in-orbit spacecraft through accurate collision pre-
diction and flexible maneuver strategies. The core is collision
probability calculation and maneuver strategies.

1) Collision Probability: Regarding collision prediction,
the influence of atmospheric drag uncertainty on initial co-
variance propagation is frequently discounted, which severely
limits the prediction accuracy, especially for low Earth orbit
(LEO) applications. The CARA algorithm accounts for such
uncertainties, proposing a collision probability calculation
method based on Monte Carlo covariance evolution [78].
Despite high accuracy, it is extremely sluggish, only applicable
for limited controlled, critical space object collision evolution
computation, inept at addressing large-scale orbital collision
alerts induced by increasingly elaborate space environments
[79]. In this case, an Al-driven collision prediction system has
been proposed. Based solely on initial Keplerian elements, a
group of ANNSs predict satellite state vectors over a period
[80]. This method does not rely on any dynamic models
or integration during propagation, thus faster execution. In
practice, measured data is required to dynamically correct the
orbit prediction covariance for rapid, high-precision orbit error
propagation to provide timely and reliable collision warnings.

2) Maneuvering Avoidance: Maneuver avoidance strategies
aim to avoid potential collision risks through flexible maneu-
vering [81]. For relative distance calculation and maneuver
strategy design, the sliding mode control strategy based on
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artificial potential function can ensure the convergence of
relative position and attitude errors while avoiding collisions
[82]. Reference [83] proposed an exploration-adaptive deep
deterministic policy gradient (DDPG) algorithm that reduced
energy consumption by 16.44% in the close proximity phase
compared to the above artificial potential function method.
Moreover, integrating meta-learning can promptly train control
policies applicable to other perturbed scenarios in a short
period of time.

C. Orbital Game

Orbital maneuvering refers to the process of two or
more space objects dynamically changing their relative poses
through active control under their respective allowable control
capabilities and available information support. Pursuit-evasion
is a typical example of orbital maneuvering that aims to
support the overall space maneuvering strategy to gain space
dominance.

Many Al-driven orbital maneuvering techniques have been
developed. Reference [84] transformed the original pursuit-
evasion problem into a 4-dimensional one-sided optimal con-
trol problem (OCP) and established the mapping between
OCP and its solution using deep neural networks, thus solv-
ing the pursuit-evasion game for free-time elliptical orbits.
Reference [85] modeled the pursuit-evasion problem as a
differential game and given a closed-form boundary solution.
Near-optimal interception strategies in orbital pursuit-evasion
were obtained through deep reinforcement learning. Reference
[86] transformed the pursuit-evasion problem into a bilateral
optimization problem. To determine the optimal impulsive ac-
tions for both players, the PRD-MADDPG algorithm based on
multi-agent reinforcement learning framework was designed.
Results showed this method can effectively find applicable
policies even under more complex constraints.

In summary, orbital maneuvering techniques can cope with
more complex space environments and have good generaliz-
ability and adaptability with the help of deep reinforcement
learning. However, the above algorithms assume that the game
is fully observable, whereas in practical applications, there
may be unknown hostile targets that need to be quickly
discovered, tracked in real-time, or timely evaded, requiring
stronger situational awareness capabilities.

V. RESEARCH PROSPECTS

In the above research, the key technologies of Al for space
situational awareness are reviewed and discussed along the
three levels of data, perception, and decision-making. On this
basis, this section will look forward to how Al can further
serve space situational awareness.

A. Data Collection

Accurate space observation data is vital. These sources en-
compass ground-based radar, optics, laser ranging, and space-
based infrared, optics, and passive sensing, which are crucial
for target detection, tracking, identification, and maneuver
control. The above data often involves national security and

is difficult to obtain directly. Even public data sources have
limited coverage and accuracy. Al new technologies have
unique advantages in dealing with limited data and data
security.

o Use of digital twin technology: Simulators can be used
to mimic real scenarios to generate virtual space object
data. These simulators can be built based on digital twin
technology to provide high-fidelity simulated space object
data, but the match between the data and real scenarios
needs attention.

e Use of distributed machine learning: With the precondi-
tion of data security, establish international collaborative
mechanisms to jointly conduct space debris monitoring
and tracking. The introduction of advanced technologies
like federated learning can promote global cooperation,
information sharing and technological innovation without
compromising privacy, thus better addressing the growing
space debris problem.

B. Situational Awareness

The current space situational awareness capability is still
relatively limited, mainly manifested in insufficient monitoring
capabilities and insufficient use of Al technology. The exist-
ing monitoring network has poor monitoring capabilities for
small targets and high-orbit targets, and the monitoring and
identification of electromagnetic and optical characteristics of
space targets is not fine enough, and the capabilities of Al in
knowledge representation and transfer learning have not been
fully utilized. Therefore, it is worthwhile to further improve
the direction of SSA.

Currently, SSA’s capabilities are still limited, mainly mani-
fested in insufficient monitoring capabilities and underutiliza-
tion of Al technologies. Existing monitoring networks have
poor capabilities in monitoring small objects and high orbital
targets. Monitoring and identification of electromagnetic and
optical characteristics of space objects is not refined enough.
Al capabilities in knowledge representation, transfer learning,
etc. have not been fully utilized. Therefore, directions worth
further research include

o Application of knowledge graphs: Knowledge graphs can
be used for knowledge representation and reasoning in
SSA, to better organize representations of connections
between space objects and behavior events, and conduct
knowledge-based advanced reasoning such as target de-
tection, tracking, and identification.

o Application of transfer learning: Transfer learning can
transfer knowledge learned from the source domain to
the target domain. SSA involves diverse environments
and scenarios, and the corresponding detection data dis-
tributions may differ. Domain adaptive techniques can
improve the consistency of cross-regional space object
identification, and weak supervised transfer learning can
improve detection capabilities for newly discovered space
objects.
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C. Decision-Making

Existing ground-based radar, optics and other detection
devices have limited coverage of space, and are subject to
geographical constraints. The received signal strength is in-
versely proportional to the distance to the observed target.
To compensate for the inadequacy of ground monitoring
networks, space-based optical sensors are used for high orbit
target detection. To improve tracking performance, multiple
satellites are needed to perform the task. How to maximize
consumption reduction while obtaining better awareness is a
direction that needs further thinking.

o Multi-agent collaboration: Multi-agent cooperative algo-
rithms can effectively coordinate ground radar, optical
sensors and satellite infrared, optical devices to achieve
more efficient distributed space monitoring.

o Human-in-the-Loop: Establishing a human-machine hy-
brid decision system that leverages Al for monitoring and
prediction while also incorporating expert experiential
strategies to achieve collaborative response in SSA. Fur-
thermore, through interactive learning, Al continuously
acquires expert prior knowledge to enhance the overall
effectiveness of space monitoring and threat assessment.

VI. CONCLUSION

In recent years, Al with key technologies such as deep
learning and reinforcement learning as the core and supported
by big data and cloud computing has shown a blowout explo-
sion, showing excellent performance in SSA. Therefore, the
application of new Al technologies to SSA has good prospects
for development. It is foreseeable that digital twins, distributed
machine learning, knowledge graphs, transfer learning, multi-
agent collaboration, and human-machine collaboration are key
research directions for future SSA. Here, the key conclusions
and insights of the paper are summarized as follows.

o To further enhance space situational awareness capabili-
ties, in the context of a unified space monitoring network
combining space-based and ground-based assets, dynamic
optimization and management of multiple sensors can
be employed to achieve optimal system performance.
Through data fusion, integration of data from different
sensors can provide a more comprehensive and detailed
situational awareness information.

o At present, the related research on Al-driven space situa-
tional awareness mainly focuses on the detection, tracking
and identification of space targets. Due to occlusion,
aliasing, damage, interference, etc., the macroscopic and
microscopic characteristics of the target change with time,
and there are obvious differences between the actual
image and the simulated image. The target detection
and recognition task faces the dual difficulties of feature
uncertainty and sample scarcity. Therefore, it is necessary
to propose an automatic data enhancement method for
spatial object detection and recognition to improve the
adaptability of the model to the characteristic changes of
spatial objects according to the characteristic changes of
typical objects.

o For the orbital game problem under the condition of
incomplete information in a complex space environment,
the knowledge and computing power that a single agent
can obtain are limited, and it is difficult to deal with
various uncertain factors. Consider combining deep re-
inforcement learning technology to carry out research
on modeling and solving multi-agent large-scale game
problems, make full use of the interactive information of
multi-agents, and adaptively adjust environmental param-
eters to improve the global strategy learning ability.

In conclusion, progress has been made in Al-powered SSA,
enabling the technological development of a new generation of
STM. This work reviews and discusses these key technologies,
hoping to guide future research in this field.

REFERENCES

[1] A. Murtaza, S. J. H. Pirzada, T. Xu, and L. Jianwei, “Orbital debris
threat for space sustainability and way forward,” IEEE access, vol. 8,
pp. 61000-61019, 2020.

[2] B. Wang, S. Li, J. Mu, X. Hao, W. Zhu, and J. Hu, “Research advance-
ments in key technologies for space-based situational awareness,” Space:
Science & Technology, vol. 2022, 2022.

[3] M. Vasile, V. Rodriguez-Fernandez, R. Serra, D. Camacho, and A. Ric-
cardi, “Artificial intelligence in support to space traffic management,”
Proceedings of the International Astronautical Congress, 2018.

[4] W. Bao, C. Yin, X. Huang, W. Yi, and S. Dadras, “Artificial intelligence
in impact damage evaluation of space debris for spacecraft,” Frontiers
of Information Technology & Electronic Engineering, vol. 23, no. 4, pp.
511-514, 2022.

[5] D. Shen, J. Lu, G. Chen, E. Blasch, C. Sheaff, M. Pugh, and K. Pham,
“Methods of machine learning for space object pattern classification,” in
2019 IEEE National Aerospace and Electronics Conference (NAECON).
IEEE, 2019, pp. 565-572.

[6] J. Pavur and I. Martinovic, “On detecting deception in space situational
awareness,” in Proceedings of the 2021 ACM Asia Conference on
Computer and Communications Security, 2021, pp. 280-291.

[7]1 B. Li, J. Huang, Y. Feng, F. Wang, and J. Sang, “A machine learning-
based approach for improved orbit predictions of leo space debris
with sparse tracking data from a single station,” IEEE Transactions on
Aerospace and Electronic Systems, vol. 56, no. 6, pp. 4253-4268, 2020.

[8] S. Hagerty and K. Ansari, “An innovative near-real-time approach to
space situaltional awareness (ssa) data simulation,” in Proceedings of
the 35th Space Symposium, Technical Track, Colorado Springs, CO,
USA, 2019, pp. 8-11.

[9] Z.L.Liu Peijin, Li Mingyang, “Simulation modeling of infrared images

of space targets in jitter state,” Journal of Applied Optics, vol. 43, no.

9817, p. 331, 2022.

R. Clark, Y. Fu, S. Dave, and R. Lee, “Simulation of rso images for space

situation awareness (ssa) using parallel processing,” Sensors, vol. 21,

no. 23, p. 7868, 2021.

R. Clark, Y. Fu, S. Dave, and R. Lee, “Simulation of rso images for space

situation awareness (ssa) using parallel processing,” Sensors, vol. 21,

no. 23, p. 7868, 2021.

C. Xu, H. Shi, Y. Gao, L. Zhou, Q. Shi, and J. Li, “Space-based optical

imaging dynamic simulation for spatial target,” in AOPC 2019: Optical

Sensing and Imaging Technology, vol. 11338. SPIE, 2019, pp. 287-292.

M. Kisantal, S. Sharma, T. H. Park, D. Izzo, M. Mirtens, and

S. D’Amico, “Satellite pose estimation challenge: Dataset, competition

design, and results,” IEEE Transactions on Aerospace and Electronic

Systems, vol. 56, no. 5, pp. 4083—4098, 2020.

P. F. Proenca and Y. Gao, “Deep learning for spacecraft pose estimation

from photorealistic rendering,” in 2020 IEEE International Conference

on Robotics and Automation (ICRA). 1EEE, 2020, pp. 6007-6013.

M. A. Musallam, K. A. Ismaeil, O. Oyedotun, M. D. Perez, M. Poucet,

and D. Aouada, “Spark: spacecraft recognition leveraging knowledge of

space environment,” arXiv preprint arXiv:2104.05978, 2021.

[10]

(1]

[12]

[13]

[14]

[15]

575
Authorized licensed use limited to: Istanbul Bilgi University. Downloaded on July 24,2026 at 19:50:31 UTC from IEEE Xplore. Restrictions apply.



[16]

(171

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

[38]

M. A. Musallam, M. O. Del Castillo, K. Al Ismaeil, M. D. Perez, and
D. Aouada, “Leveraging temporal information for 3d trajectory estima-
tion of space objects,” in Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2021, pp. 3816-3822.

Y. Zhu, L. Wang, J. Yuan, and Y. Guo, “Diffusion model based
low-light image enhancement for space satellite,” arXiv preprint
arXiv:2306.14227, 2023.

J. Pavur and I. Martinovic, “On detecting deception in space situational
awareness,” in Proceedings of the 2021 ACM Asia Conference on
Computer and Communications Security, 2021, pp. 280-291.

X. Wang, Y. Cai, S. Chen, and Y. Chen, “Application and development
of multi-source information fusion in space situational awareness,”
Spacecraft Recovery & Remote Sensing, vol. 42, no. 1, pp. 11-20, 2021.
H. Peng and X. Bai, “Fusion of a machine learning approach and
classical orbit predictions,” Acta astronautica, vol. 184, pp. 222-240,
2021.

A. Liu, Y. Yang, Q. Sun, and Q. Xu, “A deep fully convolution neural
network for semantic segmentation based on adaptive feature fusion,” in
2018 5th International Conference on Information Science and Control
Engineering (ICISCE). IEEE, 2018, pp. 16-20.

N. AlDahoul, H. A. Karim, A. De Castro, and M. J. T. Tan, “Localization
and classification of space objects using efficientdet detector for space
situational awareness,” Scientific reports, vol. 12, no. 1, p. 21896, 2022.
0. Dagan and N. R. Ahmed, “Factor graphs for heterogeneous bayesian
decentralized data fusion,” in 2021 IEEE 24th International Conference
on Information Fusion (FUSION). 1EEE, 2021, pp. 1-8.

X. Zeng, Z. Luo, and X. Xiong, “A new improved ds evidence theory
based on bjs divergence in multi-source information fusion,” in 2020
IEEE 5th International Conference on Signal and Image Processing
(ICSIP). 1EEE, 2020, pp. 799-803.

M. Lim, P. Mousavi, J. Sirovljevic, and H. You, “Onboard artificial
intelligence for space situational awareness with low-power gpus,” in
Advanced Maui Optical and Space Surveillance Technologies Confer-
ence, 2020.

D. Liu, B. Chen, T.-J. Chin, and M. G. Rutten, “Topological sweep for
multi-target detection of geostationary space objects,” IEEE Transactions
on Signal Processing, vol. 68, pp. 5166-5177, 2020.

X. Huang, Y. He, H. Du, X. Zeng, T. Liu, W. Shan, and C. Lin,
“Geostationary orbit object detection based on deep learning,” Journal
of Astronautics, vol. 42, no. 10, pp. 1283-1292, 2021.

X. Guo, T. Chen, J. Liu, Y. Liu, and Q. An, “Dim space target detection
via convolutional neural network in single optical image,” IEEE Access,
vol. 10, pp. 52306-52318, 2022.

H. Li, Z. Niu, Q. Sun, and Y. Li, “Co-correcting: Combat noisy labels
in space debris detection,” Remote Sensing, vol. 14, no. 20, p. 5261,
2022.

J. Tao, Y. Cao, and M. Ding, “Sdebrisnet: A spatial-temporal saliency
network for space debris detection,” Applied Sciences, vol. 13, no. 8, p.
4955, 2023.

F. Feng, Y. Zhang, H. Li, Y. Fang, Q. Huang, and X. Tao, “A novel space-
based orbit determination method based on distribution regression and
its sparse solution,” IEEE Access, vol. 7, pp. 133203-133217, 2019.
F. Feng, H. Li, Y. Zhang, and Y. Huo, “An improved synchronized orbit
determination method based on distributed star sensors,” in 69th Int.
Astron. Congr, 2018, pp. 1-5.

L. S. Fernandez-Mellado, M. Vasile, and E. Minisci, “Ai and space
security: collision risk sssessment,” in Handbook of Space Security:
Policies, Applications and Programs. Springer, 2020, pp. 1-19.

B. Li, J. Huang, Y. Feng, F. Wang, and J. Sang, “A machine learning-
based approach for improved orbit predictions of leo space debris
with sparse tracking data from a single station,” IEEE Transactions on
Aerospace and Electronic Systems, vol. 56, no. 6, pp. 42534268, 2020.
X. Xu, H. Wen, H. Song, and Y. Zhao, “A dt machine learning-based
satellite orbit prediction for iot applications,” IEEE Internet of Things
Magazine, vol. 6, no. 2, pp. 96-100, 2023.

B. Li, Y. Zhang, J. Huang, and J. Sang, “Improved orbit predictions
using two-line elements through error pattern mining and transferring,”
Acta Astronautica, vol. 188, pp. 405415, 2021.

H. Peng and X. Bai, “Machine learning approach to improve satellite
orbit prediction accuracy using publicly available data,” The Journal of
the astronautical sciences, vol. 67, no. 2, pp. 762-793, 2020.

H. Peng and X. Bai, “Artificial neural network—based machine learning
approach to improve orbit prediction accuracy,” Journal of Spacecraft
and Rockets, vol. 55, no. 5, pp. 1248-1260, 2018.

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

(571

(58]

[59]

T. Mortlock and Z. M. Kassas, “Assessing machine learning for leo
satellite orbit determination in simultaneous tracking and navigation,”
in 2021 IEEE aerospace conference (50100). 1EEE, 2021, pp. 1-8.
H. Peng and X. Bai, “Comparative evaluation of three machine learning
algorithms on improving orbit prediction accuracy,” Astrodynamics,
vol. 3, pp. 325-343, 2019.

J. Chen and C. Lin, “Research on enhanced orbit prediction techniques
utilizing multiple sets of two-line element,” Aerospace, vol. 10, no. 6,
p. 532, 2023.

J. Haidar-Ahmad, N. Khairallah, and Z. M. Kassas, “A hybrid analytical-
machine learning approach for leo satellite orbit prediction,” in 2022
25th International Conference on Information Fusion (FUSION). 1EEE,
2022, pp. 1-7.

J. Bernstein, “Probabilistic data association for orbital-element estima-
tion using multistage expectation—maximization,” Journal of Aerospace
Information Systems, vol. 18, no. 5, pp. 250-268, 2021.

K. F. Hussain, K. Thangavel, A. Gardi, and R. Sabatini, “Passive electro-
optical tracking of resident space objects for distributed satellite systems
autonomous navigation,” Remote Sensing, vol. 15, no. 6, p. 1714, 2023.
Z. Li, Y. Wang, and W. Zheng, “Adaptive consensus-based unscented
information filter for tracking target with maneuver and colored noise,”
Sensors, vol. 19, no. 14, p. 3069, 2019.

B. Hua, G. Yang, Y. Wu, and Z. Chen, “A multi-satellite co-tracking
method for a single space target based on adaptive distributed spherical
simplex information-weighted consensus filter,” Advances in Space
Research, vol. 71, no. 6, pp. 2640-2655, 2023.

L. Liu, J. Cao, and Y. Liu, “Wfmht method of orbit maneuver detection
based on space-based bearing-only measurement,” Xibei Gongye Daxue
Xuebao/Journal of Northwestern Polytechnical University, vol. 36, no. 6,
pp. 1185-1192, 2018.

L. Liu, J. Cao, Y. Liu, S. Hu, and G. Tang, “Orbit maneuver detection
based on space-based angle innovation,” in Proceedings of the 28th Con-
ference of Spacecraft TT&C Technology in China: Openness, Integration
and Intelligent Interconnection 28. Springer, 2018, pp. 131-142.

Y. Jiang, H. Yang, H. Baoyin, and P. Ma, “Extended kalman filter with
input detection and estimation for tracking manoeuvring satellites,” The
Journal of Navigation, vol. 72, no. 3, pp. 628-648, 2019.

Y. Jiang, H. Baoyin, and P. Ma, “Augmented unbiased minimum-
variance input and state estimation for tracking a maneuvering satellite,”
Acta Astronautica, vol. 163, pp. 96107, 2019.

Z. Li, Y. Wang, and W. Zheng, “Adaptive consensus-based unscented
information filter for tracking target with maneuver and colored noise,”
Sensors, vol. 19, no. 14, p. 3069, 2019.

S. Dave, R. Clark, and R. S. Lee, “Rsonet: An image-processing
framework for a dual-purpose star tracker as an opportunistic space
surveillance sensor,” Sensors, vol. 22, no. 15, p. 5688, 2022.

X. Yang, X. Nan, and B. Song, “D2n4: A discriminative deep nearest
neighbor neural network for few-shot space target recognition,” IEEE
Transactions on Geoscience and Remote Sensing, vol. 58, no. 5, pp.
3667-3676, 2020.

B. Sheng, C. Chen, R. Wang, and B. Ding, “An isar image classification
method based on mlp-mixer framework,” in 2022 4th International
Academic Exchange Conference on Science and Technology Innovation
(IAECST). IEEE, 2022, pp. 1003-1007.

N. AlDahoul, H. A. Karim, and M. A. Momo, “Rgb-d based multi-modal
deep learning for spacecraft and debris recognition,” Scientific Reports,
vol. 12, no. 1, p. 3924, 2022.

D. Shen, J. Lu, G. Chen, E. Blasch, C. Sheaff, M. Pugh, and K. Pham,
“Methods of machine learning for space object pattern classification,” in
2019 IEEE National Aerospace and Electronics Conference (NAECON).
IEEE, 2019, pp. 565-572.

R. Furfaro, T. Campbell, R. Linares, and V. Reddy, “Space de-
bris identification and characterization via deep meta-learning,” in
First Int’l. Orbital Debris Conf.(2019). https://www. hou. usra.
edu/meetings/orbitaldebris2019/orbital2019paper/pdf/6123. pdf, 2019.
K. Balachandran and D. Subbarao, “Classification of resident space
objects by shape and spin motion using neural networks and photometric
light curves,” in Proceedings of the 8th European Conference on Space
Debris, Darmstadt, Germany, 2021, pp. 20-23.

A. Kaluthantrige, J. Feng, J. Gil-Ferndndez, and A. Pellacani, “Cen-
troiding technique using machine learning algorithm for space optical
navigation,” in 3rd IAA Conference in Space Situational Awareness,
2022.

576
Authorized licensed use limited to: Istanbul Bilgi University. Downloaded on July 24,2026 at 19:50:31 UTC from IEEE Xplore. Restrictions apply.



[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

(771

(78]

[79]

[80]

[81]

S. Su, W. Niu, Y. Li, C. Ren, X. Peng, W. Zheng, and Z. Yang, “Dim and
small space-target detection and centroid positioning based on motion
feature learning,” Remote Sensing, vol. 15, no. 9, p. 2455, 2023.

H. Peng and X. Bai, “Recovering area-to-mass ratio of resident space
objects through data mining,” Acta astronautica, vol. 142, pp. 75-86,
2018.

M. A. Musallam, M. O. Del Castillo, K. Al Ismaeil, M. D. Perez, and
D. Aouada, “Leveraging temporal information for 3d trajectory estima-
tion of space objects,” in Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2021, pp. 3816-3822.

S. Dave, R. Clark, G. Chianelli, and R. Lee, “Machine learning imple-
mentation for in-orbit rso orbit estimation using star tracker cameras,”
in Proceedings of the Advanced Maui Optical and Space Surveillance
Technologies Conference, Maui, HI, USA, 2020, pp. 15-18.

Y. Zhou, L. Zhang, Y. Cao, and Y. Huang, “Optical-and-radar image
fusion for dynamic estimation of spin satellites,” IEEE Transactions on
Image Processing, vol. 29, pp. 2963-2976, 2019.

Y. Zhou, S. Wei, L. Zhang, W. Zhang, and Y. Ma, “Dynamic estimation
of spin satellite from the single-station isar image sequence with the
hidden markov model,” IEEE Transactions on Aerospace and Electronic
Systems, vol. 58, no. 5, pp. 46264638, 2022.

Y. Zhou, L. Zhang, and Y. Cao, “Dynamic estimation of spin spacecraft
based on multiple-station isar images,” IEEE Transactions on Geo-
science and Remote Sensing, vol. 58, no. 4, pp. 2977-2989, 2019.

R. Du, L. Liu, X. Bai, Z. Zhou, and F. Zhou, “Instantaneous attitude
estimation of spacecraft utilizing joint optical-and-isar observation,”
IEEE Transactions on Geoscience and Remote Sensing, vol. 60, pp.
1-14, 2022.

Y. Zhou, L. Zhang, S. Wei, and Y. Cao, “Dynamic analysis of spin
satellites through the quadratic phase estimation in multiple-station radar
images,” IEEE Transactions on Computational Imaging, vol. 6, pp. 894—
907, 2020.

G. P. Badura, C. R. Valenta, and B. Gunter, “Convolutional neural
networks for inference of space object attitude status,” The Journal of
the Astronautical Sciences, vol. 69, no. 2, pp. 593-626, 2022.

P. F. Proenca and Y. Gao, “Deep learning for spacecraft pose estimation
from photorealistic rendering,” in 2020 IEEE International Conference
on Robotics and Automation (ICRA). 1EEE, 2020, pp. 6007-6013.

H. Yuan, Y. Zhang, X. Gong, H. Li, and M. Niu, “Satellite attitude
change recognition based on multi-frame image by 3d convolutional
neural networks,” in IGARSS 2020-2020 IEEE International Geoscience
and Remote Sensing Symposium. 1EEE, 2020, pp. 2615-2618.

C. Xu, Z. Li, and F. Zhang, “A geo satellite working state detection
method based on photometric characteristics,” in Optical Design and
Testing VIII, vol. 10815. SPIE, 2018, pp. 220-228.

C. D. Bussy-Virat, A. J. Ridley, and J. W. Getchius, “Effects of
uncertainties in the atmospheric density on the probability of collision
between space objects,” Space Weather, vol. 16, no. 5, pp. 519-537,
2018.

T. Cardona, F. Curiano, F. Piergentili, F. Santoni, and M. Castronuovo,
“Scheduling solution for space debris observations,” Advances in Astro-
nautics Science and Technology, vol. 1, pp. 45-56, 2018.

H. Zhuang, T. Pan, Z. He, L. Huaifeng, and D. He, “Method of resource
scheduling for space object cooperative surveillance using tabu genetic
algorithm,” Spacecraft Engineering, vol. 29, no. 4, pp. 46-51, 8 2020.
A. D. Jaunzemis, K. M. Feigh, M. J. Holzinger, D. Minotra, and M. W.
Chan, “Cognitive systems engineering applied to decision support in
space situational awareness,” Journal of Cognitive Engineering and
Decision Making, vol. 14, no. 1, pp. 3-33, 2020.

H. Peng, J. Li, J. Tian, and Y. Wang, “A game theoretic self-organization
for satellite-based optical sensor allocation,” Aerospace Science and
Technology, vol. 133, p. 108149, 2023.

Z. Fan, K. Chang, A. K. Raz, A. Harvey, and G. Chen, “Sensor tasking
for space situation awareness: Combining reinforcement learning and
causality,” in 2023 IEEE Aerospace Conference. 1EEE, 2023, pp. 1-9.
L. S. Fernandez-Mellado, M. Vasile, and E. Minisci, “Ai and space
security: collision risk sssessment,” in Handbook of Space Security:
Policies, Applications and Programs. Springer, 2020, pp. 1-19.

L. Sanchez, M. Vasile, and E. Minisci, “Ai to support decision making in
collision risk assessment,” in 70th International Astronautical Congress,
2019.

Z. Ni, “Reframe the field of aerospace engineering via machine learning:
Application and comparison,” in Journal of Physics: Conference Series,
vol. 2386, no. 1. IOP Publishing, 2022, p. 012031.

[82]

[83]

[84]

[85]

[86]

Q. Li, J. Yuan, and H. Wang, “Sliding mode control for autonomous
spacecraft rendezvous with collision avoidance,” Acta Astronautica, vol.
151, pp. 743-751, 2018.

Q. Qu, K. Liu, W. Wang, and J. Lii, “Spacecraft proximity maneuvering
and rendezvous with collision avoidance based on reinforcement learn-
ing,” IEEE Transactions on Aerospace and Electronic Systems, vol. 58,
no. 6, pp. 5823-5834, 2022.

C.-m. Zhang, Y.-w. Zhu, L.-p. Yang, X. Zeng, and R.-d. Zhang, “Nu-
merical solution for elliptical orbit pursuit-evasion game via deep neural
networks and pseudospectral method,” Proceedings of the Institution of
Mechanical Engineers, Part G: Journal of Aerospace Engineering, vol.
237, no. 4, pp. 796-808, 2023.

J. Zhang, K. Zhang, Y. Zhang, H. Shi, L. Tang, and M. Li, “Near-optimal
interception strategy for orbital pursuit-evasion using deep reinforcement
learning,” Acta Astronautica, vol. 198, pp. 9-25, 2022.

L. Zhao, Y. Zhang, and Z. Dang, “Prd-maddpg: An efficient learning-
based algorithm for orbital pursuit-evasion game with impulsive maneu-
vers,” Advances in Space Research, vol. 72, no. 2, pp. 211-230, 2023.

577
Authorized licensed use limited to: Istanbul Bilgi University. Downloaded on July 24,2026 at 19:50:31 UTC from IEEE Xplore. Restrictions apply.



