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The space environment has become highly congested due to the increasing space debris, seriously threatening the safety of
orbiting spacecraft. Space-based situational awareness, as a comprehensive capability of threat knowledge, analysis, and
decision-making, is of significant importance to ensure space security and maintain normal order. Various space situational
awareness systems have been designed and launched. Data acquisition, target recognition, and monitoring constituting key
technologies make major contributions, and various advanced algorithms are explored as technical supports. However,
comprehensive reviews of these technologies and specific algorithms rarely emerge. It disadvantages the future development of
space situational awareness. Therefore, this paper further reviews and analyzes research advancements in key technologies for
space situational awareness, emphasizing target recognition and monitoring. Many mature and emerging methods are
presented for these technologies while discussing application advantages and limitations. Specially, the research prospects of
multiagent and synergetic constellation technologies are expected for future situational awareness. This paper indicates the
future directions of the key technologies, aiming to provide references for space-based situational awareness to realize space
sustainability.

1. Introduction

Developing space situational awareness (SSA) is inevitable
for space security and normal order. Since the launch of
the first man-made earth satellite, the number of space
objects has been rapidly increasing [1]. According to the
authoritative statistics from NASA, over 6,400 orbiting
spacecraft still existed until early 2021. Furthermore, the
total number of rocket debris above 10 cm has exceeded
16,000, which long occupies orbital resources to a congested
space environment [2]. Hence, collision risks have
unprecedentedly increased, causing severe threats to space
security.

Space debris has broad distributions and unknown
moving directions with a significant faint characteristic [3],
which breaks down orbiting spacecraft at any time. In recent
years, the frequency of dangerous rendezvous between space

debris and spacecraft has increased to over 80 times per
week, and many incidents happened. For instance, a space
shuttle in the STS-135 mission brought back a handrail with
34.8 cm. It had been well in service for 8.7 years, but six
impact holes were found on its surface. Besides, space debris
also struck the Canadarm-2 robotic arms outside the
International Space Station, punching a 14-inch hole [4].
More seriously, the debris freely rolls with frequent collision
and disintegration, highly threatening the safety of orbiting
spacecraft. The constant production of debris will eventually
cause a chain reaction that exponentially increases collision.
On another aspect, numerous satellites are deployed to low
orbits with the construction of the Internet giant
constellation, such as the Starlink. It rapidly increases the
density of low-orbit satellites to more frequent collisions of
debris and satellites. In 2019, the European Aeolus satellite
executed emergency collision avoidance with the Starlink-
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44 satellite [5]. Afterward, the OneWeb constellation
rendezvoused with the Starlink, almost causing a collision
that the minimum distance was only 58m [6]. Nearby orbits
were compulsively closed, while the spacecraft avoided colli-
sions in irregular manners. Overall, space debris threats to
the orbiting spacecraft and constellations are tremendous.

Moreover, the risk of asteroids should be profoundly
realized. Asteroids generally have a diameter of over 10
meters, and the size of comet nuclei is less known. More
than 1,000 large asteroids exist in space, threatening the
spacecraft, the Earth, and other planets with hypervelocities.
The Comet Shoemaker-Levy 9 approached Jupiter and was
disintegrated. It caused a continuous impact on the planet
by the debris [7] and even threatened near-earth objects.
Afterward, a large meteorite exploded 29.7 kilometers above
Chelyabinsk, Russia. It has injured around 1,500 people [8],
first threatened by extraterrestrial objects. Hence, timely and
accurate situational awareness is essential for space security
and order; especially autonomous collision avoidance of
space threats is urgently performed.

Space situational awareness has attracted much attention
as the fundamental solution to the situations. In a broad
sense, SSA was defined as knowledge of natural and artificial
objects passing through and orbit within the near-earth
space, including the past, present, and future states [9].
Ground-based SSA was first developed for near-earth
awareness by some countries. However, given the more
severe space situation in the near-earth space, the ground-
based awareness cannot meet higher requirements for
security. Therefore, the scheme of space-based situational
awareness was further explored relying on significant advan-
tages compared with the ground-based one in terms of
higher accuracy, efficiency, and stability [10]. By equipped
with spaceborne sensors, the SSA is hardly affected by the
atmosphere, weather, and geography. It can implement an
accurate and timely awareness of the space. Performing the
space-based SSA is more appropriate for severe situations.

However, the realm of near-earth space is relatively fuzzy
in this stage. It is definitely within cis-lunar space but
extended to the earth’s radius of at least 100,000 km to
include nearly all artificial targets currently in orbit [11],
while farther natural objects pose more potential risks with
uncertainty. Therefore, the considered space threats further
increase, meaning that the knowledge scope of the space-
based situational awareness is reasonably extended on the
current basis. In this process, a comprehensive capability of
knowledge, analysis, and decision-making should be
strengthened for the SSA. First, the knowledge involves the
data acquisition technology realized by optical sensors and
data processing algorithms. After acquiring the target data,
further recognizing characteristics, parameters, and
intention is performed to analyze the targets for more spe-
cific information. Given that space targets tend to maneuver
in irregular manners, continuous monitoring is inevitable to
confirm the status and location of the targets. Orbital
prediction is made based on the previous information, and
then, orbital tracking and maneuver detection can be
performed according to the prediction results. Finally, as
the decision-making section, early warning and collision

avoidance technologies are adopted for space threat removal.
As mentioned above, accurate analysis and timely decision-
making are the primary requirements of the SSA in farther
space, directly determining the final results. Therefore, target
recognition and monitoring technologies in the SSA should
be emphasized to study.

To sum up, reviewing and discussing research
advancements in the key technologies is valuable for space-
based situational awareness. In Figure 1, the reviewed com-
ponents are arranged in a logical sequence. Especially, future
research directions on key technologies are expected as well
as multiagent and synergetic constellation awareness. It can
benefit the future development of the SSA. Moreover, it is
advocated that emerging algorithms, including data fusion,
cloud computing, and artificial intelligence, appropriately
integrate mature technologies such as laser-radar echo and
photometry for the SSA. It contributes to prospective
research for future space sustainability.

The rest of this paper is organized as follows. Section 2
reviews typical SSA systems developed by different
countries. In Section 3, space-based sensors and data
processing technologies are summarized. Section 4 reviews
and analyzes various target recognition algorithms, and tar-
get monitoring algorithms are addressed in the next section.
Section 6 expects research prospects, while the challenges
and outlooks are presented in the final.

2. Typical SSA Systems

The capability of space-based situational awareness can be
directly reflected in advanced awareness systems as the car-
riers. The United States, the European Union, and Russia
are always leading in constructing global SSA systems. Given
the mentioned requirements in farther space, typical systems
available for long-distance awareness are reviewed, whose
advantages and functions are also analyzed.

The United States has greatest contributed to developing
the SSA systems. The existing systems in farther space
mainly include the Geosynchronous Space Situational
Awareness Program (GSSAP) [12], the Space-Based
Surveillance System (SBSS) [13], Space-Based Infrared
System (SBIRS) [14], Space Tracking and Surveillance Sys-
tem (STSS) [15], and James Webb Space Telescope (JWST)
[16]. They not only directly observe space objects but also
actively provide protection information for collision
avoidance.

First, the GSSAP aims to strengthen geosynchronous
situational awareness capability. This system can identify
concrete features to distinguish and characterize various tar-
gets. It has detected over 23,000 objects larger than 10 cm in
multidirections [17]. The SBSS has higher capabilities of
data acquisition, identification, and tracking on space debris.
It identifies the geosynchronous targets over 0.3m and those
of 0.05m in low-earth orbits. The SSBS can enhance the
tracking efficiency by 50% and shorten the updating period
of target inventory to two days.

Then, SSA systems tend to be integrated and
multicomponent. The SBIRS constellation contains four sat-
ellites and infrared payloads in high orbits. The target areas
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are scanned once in 8~12 s relying on higher flexibility and
sensitivity, which is over ten times faster than conventional
systems [18]. Target monitoring components in this system
can realize farther orbital tracking, maneuver detection, and
early warning. Furthermore, 24 satellites are distributed in
the STSS, further extending the coverage of the SBIRS. Infra-
red sensors are the primary loads equipped with
multispectral wide-field scanning and narrow-field gazing
detectors for target monitoring [19]. The STSS has stronger
capabilities of orbital tracking and maneuver detection in
complicated situations. Besides, the JWST integrates a
telescope with near- and midinfrared cameras for ultrafar
image acquisition and target monitoring. It can operate at
near-infrared wavelengths and near absolute zero [20].
Low weight, precise, and broad observation are the
significant advantages of the JWST.

Following the United States, the European Union emphat-
ically strengthens knowledge and early warning capabilities in
the SSA. Typically, a dual-mode detection system [21] aims to
the high-orbit awareness of noncooperative targets. It assem-
bles laser radars for 3D imaging and infrared sensors for
maneuver detection. Multiple data acquisition of the targets,
including distances, velocities, and attitudes, is realized for
extensive detection in farther awareness. Afterward, Russia
has advanced in debris tracking, early warning, and environ-
mental monitoring, executing over 50,000 observations and
8,500 spatial catalogs with an extensive detection of
200~40000km. The Tree Canopy system [22] is activated as
a key component of the Russian SSA systems, integrated by
visible-light telescopes, radiofrequency, and laser radars. Con-
tinuous tracking and monitoring capability on space debris is
highly superior to other components. Moreover, Japan, Aus-
tralia, and Italy have performed programs such as the SM-3
Block, Divert and Attitude Control System [23], and Medium
Extended Air Defense System [24]. However, their perfor-
mance still needs improvement, and the effectiveness will take
time to prove.

Overall, advanced space-based situational awareness
systems constantly emerge in the United States and other
countries. Various systems have unique advantages, and pri-
mary functions involve the mentioned key technologies.

Nevertheless, given the large power consumption of space-
based devices and uncoordinated data processing methods,
the current SSA systems are restricted by the number of detec-
tors, detection capabilities, and location distribution, thus only
concurrently possessing certain functions. In this case, the sys-
tems cannot realize accurate awareness of all space targets in
real time, but only for task requirements. Therefore, a compre-
hensive situational awareness capability should be explored by
developing the key technologies concurrently.

3. Data Acquisition

The first section of the space-based SSA is to accurately
acquire the data of space targets after rapidly processing.
In the process, high-performance optical sensors can
effectively reduce measuring errors, leading to accurate data
processing in real time. Therefore, the characteristics of opti-
cal sensors and processing technologies are reviewed and
discussed in data acquisition.

3.1. Optical Sensors. With the advantages of high sensitivity,
rapid transmission, and strong anti-interference, optical sen-
sors apply to the space-based situational awareness as the col-
lectors of object data. They aim to acquire the locations and
states of the targets by optical means, such as imaging and
scanning [25]. Based on different data acquisition mecha-
nisms, the sensors primarily consist of binocular vision sen-
sors, laser radars, infrared sensors, visible-light telescopes,
and multisource data fusion sensors. According to relevant
references, their functions, advantages, and limitations in the
SSA are indicated in Table 1, respectively.

Most of the single-form sensors have separate limitations
in practical SSA applications. Therefore, multisource data
fusion is developed for multirange 3D measurements, target
recognition, orbital tracking, and maneuver detection. Data
interconnection filters emerge as the prototype of data
fusion [45]. Given different perceived situations, the utility
value of each sensor can be fully developed. Multisource
fusion integrates local data provided by multiple homoge-
neous or heterogeneous sensors to eliminate possible redun-
dancy and contradiction among the sensors [46]. It realizes a

Space-based Space Situational awareness

 Data acquisition  Target recognition  Target monitoring  Research prospect

Optical sensors Object identification

Parameter estimation

Intention recognition

Orbital prediction

Orbital tracking

Maneuver detection

Monitoring early warning

Collision avoidance

 Multi-agent awareness

Synergetic constellation awareness

Data processing

 Typical SSA systems

 Future directions of key technologies

Figure 1: Reviewed components of space-based situational awareness.

3Space: Science & Technology



complete and consistent evaluation of space situations. As
for the fusion architecture, distributed fusion has better reli-
ability and feasibility than a centralized one [48]. It reduces
the high requirements of communication bandwidth and
computational cost. Multisource data fusion can effectively
integrate the advantages of single-form sensors in terms of
accuracy, timeliness, and reliability. These sensors can also
avoid data redundancy and extend time and space coverages.
Therefore, multisource data fusion will be the mainstream
sensing technology for the future SSA.

However, the SSA is required for multiple space targets in
complicated situations. The sensors timely acquire the detailed
characteristic data of the targets and dynamic states of other
objects. It increases the volume and variety of the data, leading
to higher timeliness requirements. Furthermore, environmen-
tal disturbances may cause the distortion and loss of data, and
conventional fusion methods are unavailable for insufficient
data. Therefore, imperfect data fusion should be overcome
by exploring advanced fusion algorithms.

3.2. Data Processing. Data processing represents the
technology of processing and analyzing large spatial data,
converting them into the key information of the targets
[49]. The increasing risky targets raise the requirements for
processing massive data. It affects the accuracy and
timeliness of situational awareness. In this case, exploring
advanced processing methods is essential. Data storage, fil-
tering, and fusion are reviewed and discussed in order.

3.2.1. Storage and Filtering Technologies. Data storage and
filtering is the first stage of data processing. Numerous
acquired data are stored in the databases, and the needless
data should be filtered. Therefore, as an advanced distrib-

uted processing method on the cutting edge, cloud comput-
ing [50] has been widely developed to overcome massive
computations and data-intensive challenges. It processes
big data for the SSA relying on flexible storage, rapid compu-
tation, and effective filtering [51]. Furthermore, the on-
demand scalability of available and reliable pooled comput-
ing resources can facilitate secure and rapid access to
metered services from anywhere.

As for the typical research, Amazon Web Services pro-
vided cloud services by a typical space-based cloud [52].
Almost unlimited storage and filtering are available to big
data. Then, application programming interfaces (API) [53]
have promoted SSA cloud services in various situations [54].
The system framework and cloud are almost identical, reduc-
ing system design costs. Moreover, a space situational data
storage platform based on Google Cloud can integrate differ-
ent databases based on storage requirements [55]. Orbit Out-
look Data Archive (OODA), as an extension of the cloud,
stores situational data acquired by different organizations
[56]. A distributed world model has higher ingesting and que-
rying rates, supporting multidimensional data from different
storage nodes. The OODA will be integrated with most data
models for system component interactions. Cloud technolo-
gies reduce infrastructure maintenance and avoid overlapping
investments. Accessible big data storage and filtering are real-
ized by flexible computation and rapid deployment.

Furthermore, a generic data processing construction [57]
is applicable to different data types and attributes. This system
provides an internal ID, and each data contain requests,
answers, risky targets, environments, satellites, and early
warning. It offers new guidance for data storage and filtering
in multiple types and attributes. Likewise, relational dataset
and file systems [58] established shared situational databases

Table 1: Comparison of the optical sensors.

Sensors Functions Advantages and limitations

Binocular vision sensors [26–30]
Feature recognition

3D object
measurement

(1) Simple configuration, low power consumption and cost
(2) Low reliability and sparse imaging due to overlong baseline distances

Laser radars [31–35]

Target recognition
3D object

measurement
Orbital tracking

(1) Rapid data acquisition with reliable structures
(2) Incomplete shape recognition due to limited angular resolution
(3) Deficient platform stability and high power

consumption due to continuous rotation and movement

Infrared sensors [36–39]

Target recognition
Orbital tracking
Temperature
awareness

(1) High sensitivity, low consumption, and strong anti-interference
(2) Applicable to space targets in low temperatures

Visible-light telescopes [40–43]
Orbital determination

Orbital tracking
Maneuver detection

(1) High-precision farther observation, low power
consumption with reliable structures

(2) Deficient platform stability and life by large weight and oscillation
angles

Multisource data fusion sensors
[44–48]

Data processing
3D object

measurement
Object identification
Orbital tracking

Maneuver detection

(1) Complete and consistent evaluation
(2) Rapid and accurate decision-making, planning, and response
(3) Data redundancy avoidance
(4) Time and space coverage expansion
(5) Various intelligent approaches

4 Space: Science & Technology



of the target trajectories and sensor reports for multiple data
types. The characteristic data of the targets were acquired after
filtering out irrelevant data. However, data storage and filter-
ing are time-consuming in these studies. Data compression
before storage is suggested to shorten the process.

In contrast, data compression was rarely performed in the
SSA. Only the Hubble space telescope observation [59] and a
different and independent stochastic population (DISP) filter
[60] involved single- and multiobject data compression. The
effect is not evident in time series data, and lossless compres-
sion is essential. In conclusion, cloud computing is excellent
in storage and filtering, but the capability of processing multi-
ple data types still needs validation. Data compression is
immature, limiting its applications in this field. The existing
inadequacies should be further overcome.

3.2.2. Data Fusion Algorithms. Data fusion is the core part of
data processing in the SSA. It aims to acquire a consistent
interpretation and description of the measured objects, and
SSA data systems have better performance than those com-
posed of the contained subsets [61]. Data fusion technologies
ensure close connectivity and timely communication between
each unit of these systems and the acquisition center, highly
contributing to the SSA. Based on the relative research on data
fusion [62–64], the process primarily consists of data collec-
tion, signal conversion, preprocessing, feature extraction, and
fusion algorithms [65, 66]. The detailed process of data fusion
is shown in the Figure 2.

Data fusion algorithms are the most important in the
process. Based on the levels of the processing data source, data,
feature, and decision-level fusion constitute the data fusion.
Voting [67] and clustering methods [68] are used in data-
level fusion. They have simple computations and rapid
convergence but only apply to simple systems and the situa-
tions where pattern classes are accurately known. Further-
more, poor timeliness, instability, and sensor data
uncertainty require higher fault tolerance. It is only available
for the original data fusion of homogeneous sensors.

On another aspect, feature-level fusion aims to extract the
data source’s characteristics for analysis and support
subsequent decisions. Fuzzy theory [69], Dempster/Shafer
(DS) evidence theory [70], and neural networks [71] are repre-
sentative of feature-level fusion. The practical value of the
fuzzy theory is reflected in its extension to fuzzy logic [72],
but the descriptions of data by logical inference are subjective,
lacking objective presentation. Next, the DS has rule
combination flexibility [73], while the contradictory evidence
is not handled since computations exponentially increase with
the inference chains [74]. Neural networks can implement
intelligent learning, memory, computation, and recognition.
They perform large-scale parallel computing applicable to
multiple application scenarios, such as object identification
and orbital prediction. Typically, the Lambda architecture
[75] and artificial neural networks (ANN) [76] implemented
intelligent feature extraction and data fusion combined with
infrared and sonar sensors. They reduced data uncertainty
and also improved accuracy. The amount of data processed
significantly decreases in feature-level fusion, and timeliness
is improved after acquiring the original features.

For decision-level fusion, local decisions are combined
under a certain rule to acquire the final associated results.
The available algorithms are the Bayesian inference [77], the
mentioned DS evidence theory, and ANN. Defining a priori
likelihood is complicated in the Bayesian method. It requires
incompatible opposed hypotheses, lacking the capability of
allocating the total uncertainty. As the generalized extension
of the Bayesian inference, the DS approach can overcome this
inadequacy. Decision-level fusion has high flexibility, strong
anti-interference, good fault tolerance, and low communica-
tion requirements [78], but it requires compressing the mea-
sured data, costing a lot and losing some details.

For the fusion above, suppose that the sensor data are
matched, and the measured data are fused directly in the data
level. Otherwise, deciding to adopt feature or decision-level
fusion according to the specific situation is necessary. The
fusion level is also determined for a specific task given the
comprehensive effect of environments, computing resources,
and data source characteristics. Data fusion highly emphasizes
feature and decision-level fusion as promising research.

Furthermore, the fusion capabilities can be strengthened
from two aspects of low-level and high-level (feature and
decision) fusion. The low-level fusion fully utilizes various
optical sensor technologies to extend the scope of data
acquisition, while the potentials of sensor networks and data
resources are explored in the high-level one for improving
the accuracy, efficiency, and intelligence of data fusion. On
another aspect, optical sensors, data filtering, and fusion
technologies are closely connected. A fusion using laser
radars, binocular vision, and infrared sensors emerges with
combined bilateral filter and mixed particle swarm algo-
rithms (Figure 3). These sensors generate unique images,
while depth filtering and multidimensional fusion imaging
are implemented by intelligent algorithms. The swarm also
optimizes the ANN in feature-level fusion. The fusion gener-
ates perfect 3D images, highly improving the accuracy and
reliability of data acquisition.

To sum up, data acquisition technologies are worth
exploring in the space-based SSA. Especially data fusion will

Space situations

Binocular
vision sensors Laser radars Visible-light

telescopes Infrared sensors

Analog to digital converter

Data proprocessing

Feature extraction

Fusion algorithms

Figure 2: The process of data fusion.
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become the mainstream research in the future. Optical sen-
sors (hardware), databases, and processing methods (soft-
ware) are the essential components of the SSA systems.
Further improving data acquisition capability is predictably
realized as these components advance. Relying on the men-
tioned advanced technologies, subsequent target recognition
and monitoring tasks can be performed smoothly.

4. Target Recognition

Given that the increase of space objects makes the environ-
ment more complicated, target recognition can obtain the
target structures, loads, and other key information,
determining the threat degrees and the corresponding
countermeasures. Specifically, target recognition
technologies primarily consist of object identification,
parameter estimation, and intention recognition. In view of
the sequential execution order, this section presents and
analyzes the technologies, aiming to provide some references
in the analysis stage of SSA.

4.1. Object Identification. Object identification is the core sec-
tion of target recognition in the space-based situational aware-
ness. This technology aims to identify potential space targets
from the given optical observations taken of the target regions
and determine key characteristics such as shapes, mass, and
materials [81]. It utilizes radar and other related devices to
obtain the echoes of space objects, analyzing echo signals
and extracting features related to the target category. Then,
the extracted features are input into classifiers, and the target
types are determined. In recent years, laser radars have been
dominant in object identification as sensors, while machine
vision and ANN are highly explored as advanced identifica-
tion algorithms. Thus, separated reviews and discussions are
performed for these technologies.

4.1.1. Laser-Radar Echo Technologies. Relying on an
excellent echo signal mechanism, laser radars are the most
applied to object identification as sensors. Based on the
resolution of laser-radar systems, echo technology consists
of narrowband and wideband radar echo technologies.

Narrowband radars are utilized to acquire the low-
resolution images of space objects. Features extracted from
low-resolution images include orbital, radar cross-section
(RCS), and range-dimensional features [82]. Orbital
parameters are necessary to demonstrate the operation of
the targets. They can realize the identification by initial
orbital computation, matching, improvement, and analysis
of the results [83]. This method has high timeliness, but
the targets can only be observed for a short period within a
cycle, limiting application scenarios in practice. Next, the
RCS represents the scattering capability of space objects to
electromagnetic waves irradiated by the laser radars, reflect-
ing their structural information [84]. Especially for those
with relatively stable motions, the RCS of the same target
has certain regularity in continuous observations. However,
the effect is less evident for small targets [85, 86]. Besides,
the attitude changes to laser radars are small for the targets
with simple structures. The echoes extending along the
range dimension complete identification by extracting struc-
tural features. Typically, central moment feature extraction
is applicable to object identification [87].

In contrast, the acquired scattering point echoes of space
objects using broadband radars occupy more range units
and produce abundant target information. High-resolution
range profile (HRRP) echoes reflect the 2D distribution of
the space on the scattering points in the views of laser radars
[88]. The HRRP can extract multiple separable features of
space objects [89] combined with principal component anal-
ysis [90] for accurate identification. Moreover, the HRRP
also constructed the hidden Markov model (HMM) [91].
Its structural parameters were identified as features. High-
order moment and transformation coefficient features are
further extracted, such as the bispectral transformation.
Computing bispectral circumferential and local integrals
can identify the targets after dimensionality reduction. The
HRRP also has higher separability to reduce translation
sensitivity and computational complexity. Given the high
resolution of the ISAR in both range and location dimen-
sion, the images of space objects reflect the fine structural
information of the main bodies and other components,
contributing to accurate identification. For the relative

Binocular vision
sensors Vision images

Infrared sensors Infrared images

Laser radars Depth images

2D high-resolution
gray fusion images

Multi-source 3D images

Mixed particle
swarm method

Combined bilateral
filtering

Multi-sensor
calibration

Figure 3: Multisource data fusion by binocular vision, infrared sensors, and laser radars [79, 80].
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research, water area segmentation [92], small univalve seg-
ment assimilating nucleus (SUSAN) [93], and gradient vec-
tor manifold algorithms [94] facilitated targets’ shape and
contour extraction by the ISAR. The Fourier transform and
classification contributed to desired identification results. It
is much superior to the HRRP in fine architecture
information of the targets.

In summary, the above identification algorithms based
on feature extraction all utilize the single form of echo
features. Nevertheless, the description of target characteris-
tics by a single signal or feature is limited and one-sided,
leading to relatively low performance in complicated scenes.
For the identification technologies based on feature
extraction, more sufficient information contributes to ana-
lyzing and extracting the features of space objects with
higher separability. Based on the fusion idea, fusion
identification technologies can obtain more accurate and
reliable object identification by comprehensively utilizing
the complementarity of different information. Hence, com-
plementary utilization of the HRRP and ISAR features is
beneficial to improve identification effects. Fusion identifica-
tion can be supported by deep learning, such as machine
vision and the ANN. These technologies are worth studying
for accurate feature extraction and analysis.

4.1.2. Machine Vision Algorithms. Machine vision algo-
rithms aim to identify and locate space objects of interest
within the visual range. They are widely applied to feature-
level fusion identification, obtaining the fusion features of
space objects with higher separability. Machine vision
technology has no restriction on data sources in fusion,
emerging higher flexibility in identification.

Many vision technologies have been developed for space
object identification. In Ref. [95], the complementary informa-
tion of infrared and visible echoes of space objects was fused.
Integrating the moment and affine moment invariants
(AMI) of infrared and visible imaging as the fusion features
improved the identification accuracy and reliability. Then,
template matching [96] facilitated accurate identification in
guaranteed lighting, but this effect always depended on the
quality of the images and was limited by the illumination con-
ditions of image acquisition. In this situation, feature point
identification [97] can take similarity measuring criteria as
judgments to distinguish the similarity between the feature
points in the standard images and feature points to be
searched. It is greatly less affected by external illumination
than template matching. Feature points are primarily
described as the gradient histogram and binary conversion
of gray values, and the former is dominant in this stage. The
gradient features include scale-invariant feature transforms
(SIFT) [98, 99] and speeded-up robust features (SURF) [100,
101]. The SIFT algorithm extracts the target features based
on contours and performs similarity measurements for
identification. It possesses high reliability to scale transforma-
tion, light, and noise. Coarse and optimized matching can be
integrated with the SIFT for feature points but requires time-
consuming computations. Afterward, random sample
consensus (RANSAC) enhances the timeliness of feature point
matching. On another aspect, the SURF has scale invariability

and real-time capabilities of oriented fast and rotated briefly
[102]. Feature points can be extracted with high efficiency.
Nevertheless, the accuracy and reliability of feature point
extraction still need improvements, while object identification
accuracy and efficiency are not well balanced. Furthermore,
overcoming false point matching is essential to enhance
matching accuracy in practical applications.

To further improve the identification accuracy and
efficiency, more advanced machine vision algorithms are
developed. Multiple kernel learning (MKL) [100, 103] and
support vector machine (SVM) are representative in this
field. Moreover, singular decomposition and discrete wavelet
transformation [104] and compressive sensing algorithms
[105] are also available. They can realize the dimension
reduction of features based on the training samples and ker-
nel principal component analysis (KPCA). Overall, the SVM
enhances identification accuracy, while compressive algo-
rithms enhance the efficiency.

In conclusion, machine vision is maturely developed with
diversified algorithms, which is applicable to space object
identification. Based on relevant references, their advantages
and limitations in the SSA are presented in Table 2. Moreover,
the performance of these algorithms primarily relies on artifi-
cial feature extraction. The semantic disparity between the
extracted low-level visual features and high-level semantic
representations of actual requirements will cause the
dissatisfactory effect of object identification. Therefore, these
problems need further studies and solutions in machine vision
algorithms.

4.1.3. ANN-Based Algorithms. Artificial neural networks have
been highly developed for object fusion identification to
overcome false matching and eliminate semantic disparity
for better results. In the ANN-based algorithms, multiperspec-
tive and multiscale feature identifications have been the
mainstream direction [106]. Convolutional neural networks
(CNN) are the most common in fusion identification. They
can extract fusion features from the images of middle-level
attributes, high-level semantic, and deep-level visual features
by integrations. Specially, the CNN shares convolution kernels
and rapidly processes high-dimensional information.
Moreover, the multilevel and multimodal features of deep
neural networks (DNN) [107] were integrated. The network
feature complementarity at different levels and multimodal
information was advanced. The DNN has stronger feature
extraction and nonlinear fitting capabilities. However, these
algorithms hardly considered the difference in importance of
different features in fusion, leading to the inadequate reliability
of object identification.

Next, to obtain more accurate and reliable identification
results, decision-level fusion identification can analyze and
calculate multiple classifiers' decision results, overcoming clas-
sifier and feature false matching [108]. ANN-based algorithms
are also available for object identification at the decision level.
Especially the CNN accepted input images and assigned
importance (learnable weights and biases) to different targets.
It can distinguish them from the others [109]. Data
augmentation-based deep learning [110] implemented
accurate identification in dynamic CNNs, but the
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performance is weakened in deep space. Afterward, a hybrid
CNN involved partial semantic information and global fea-
tures [111] for deep space identification in the locations, com-
ponent segmentation, and multisource input of the targets.
However, modifying parameters caused slow parameter varia-
tion near the input level as network levels deepened. It can
retard the adjustments and optimization. Moreover, the corre-
lation between each stage and the whole system should be con-
sidered in the identification [112]. Other deficiencies still exist
in the CNN applications, including the low scale of informa-
tion set and translation invariance.

Afterward, other novel architectures based on the ANN
have been applied to decision-level fusion identification
and classification, such as the U-Net [113] and Res-Net
[114]. The U-Net can tighten the relation among different
stages but supports very few training models. For the Res-
Net, the adjustments and optimizations can be accelerated
relying on its low complexity, but the high resource
consumption exists due to a longer training time. Moreover,
the AMI with multiscale autoconvolution (MSA) transform
[115] realized a flexible balance of computations and model-
ing. K-means clustering boosted identification and
classification relying on higher efficiency and scalability. In
addition, a feature space trajectory neural network (FSTNN)

[116] with the HMM can implement the autonomous mate-
rial identification of space debris. It is superior in solving
structural parameters with larger hidden state dimensions
[117]. Therefore, the ANN-based algorithms in decision-
level fusion identification can be integrated with advanced
models, such as the HMM. It promotes the further advance-
ments of intelligent technologies. Overall, the involved data
sources in decision-level fusion are heterogeneous and
process asynchronous information simultaneously due to
lower dependence on data acquisition devices. Therefore,
decision-level fusion is advantageous to the tasks requiring
higher reliability and timeliness.

In conclusion, laser-radar echo, machine vision, and
ANN-based technologies are very promising in space object
identification. The integration of these technologies is of
great significance to better identification. Moreover,
feature-level fusion identification is more maturely devel-
oped in this stage, while the decision-level fusion can obtain
better results. Machine vision technologies are primarily
applied at the feature-level, while ANN-based technologies
have been involved in both levels. With the rapid
development of artificial intelligence, advanced models and
algorithms for object identification are developed. The
ANN-based technologies have progressed with higher

Table 2: Comparison of the research on object identification technologies.

Technologies Methods Principal advantages and limitations

Laser-radar echoes

RCS
High timeliness and easy feature access

Insufficient acquired information and accuracy

HRRP
High accuracy, easy access, and large information
Limited by high sensitivity in attitudes and orbits

ISAR
High resolution for fine architecture identification
Low quality in rotating and micromotion imaging

Machine vision

SIFT
High reliability to scale transformation, light, and noise

Time-consuming computation and easy mismatch

SURF
High efficiency and timeliness, and low complexity

Existence of false matching points

AMI
Invariance to scale, motion, and affine transformation
Unable to acquire the depth information of targets

MKL
Accurate mapping and powerful classification

Large space occupancy and time-consuming computation

SVM
Accurate nonlinear mapping, small sample learning, high robustness in

sample sets, and simple computation
Difficult to overcome large training samples and multiple object classification

Artificial neural networks

CNN

Parameter sharing to simplify computation and multiple convolution
kernels for high-dimensional identification

Requirement for massive data, translation invariance, information loss,
and inadequate local correlation

DNN
Excellent in feature extraction and nonlinear fitting

Inadequate reliability without considering the important difference of different features

U-Net
Close local correlation and flexible network structures

Very few supported training models

Res-Net
Rapid adjustment and optimization, and low complexity

Time-consuming training process

MSA Multiscale autonomous identification, flexible balance of computation, and modeling

FSTNN High accuracy, rapid computation, and advantageous in high-dimensional object identification
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maturity and diversity, which will be a research hotspot in
this field. Finally, the principal advantages and limitations
of the proposed technologies and methods are presented
and compared in Table 2.

4.2. Parameter Estimation. As an essential condition to
acquire the accurate information of space objects, parameter
estimation needs to be performed in the SSA after object
identification, aiming to obtain key parameters of the
targets, including the size, position, attitude, and orbital
parameters. Various parameter estimation technologies for
space objects have been exploited so far. Photometric
technologies have been more maturely developed, while
optimal estimation technologies produce advanced
algorithms in artificial intelligence, which are separately
reviewed and discussed as representative estimation
technologies.

4.2.1. Photometric Technologies. Photometric technologies
contribute to the farther parameter estimation of space
objects as mature technologies [118, 119]. Photometric
signatures are the time trajectories of visible light reflected
by space objects in orbit and acquired by space-based optical
sensors [120]. Essentially, photometric signatures are the
relative geometric functions of the target sizes, positions,
material composition, and attitude dynamics.

First, photometric and astrometric information can be
utilized to estimate scale inertial parameters of resident
space objects (RSO) [121]. The inertia matrices are parame-
terized with relative scale inertia and the direction of princi-
pal components. Moreover, Subbarao and Henderson [122]
analyzed the observability and sensitivity of photometric
measurements to estimate the shapes and attitudes of the
RSOs. Based on these photometric algorithms, Han et al.
[123] developed topological scanning in short-sequence
imaging to estimate multiple satellites. Geometric duality
can obtain the approximate linear trajectory of the targets
for extraction from significant clutter and noise. Do et al.
[124] established photometric simulation scenarios contain-
ing the observation models of geosynchronous orbiting
debris, and the influence factors consisting of the sizes,
attitudes, and reflection characteristics of the targets were
further analyzed. It contributes to orbital prediction and
tracking. Afterward, photometric and astrometric fusion
[125] implemented the shape estimation of space debris,
obtaining sufficiently accurate characteristics and
trajectories. Furthermore, this fusion also applies to estimat-
ing the structural, attitude, and orbital parameters with bidi-
rectional reflectance distribution functions (BRDF) [126].
Photometric and astrometric fusion is advantageous in
parameter estimation with extensive applications [127,
128]. Predictably, more fusion estimation technologies will
be explored based on fusion thoughts.

Nevertheless, the radiation and reflection characteristics
of space objects were not fully studied. The early studies ana-
lyzed the optical characteristics of the targets from structural
characteristics, and surface materials were simplified as dif-
fuse reflectors. Therefore, the material properties must be
considered when computing the reflected signals of satellites.

Spectral BRDF measurements and modeling [129] of the
materials have great application values in target scattering
and spectral characteristics [130]. Engineering models con-
tain the Cook–Torrance [131], Wolf [132], and Torrance–
Sparrow models [133]. The models of different materials
improved the simulation effects of target characteristics for
accurate estimation [134]. However, estimation errors still
existed in simplifying the ontology into reflective surfaces.
The BRDF on multispectral characteristics also described
the motion states of spacecraft [135]. It obtained accurate
reflectance and photometric signal changes of the targets.
Besides, multimodel adaptive estimation implemented the
surface material inversion of spacecraft and debris [136],
but numerical computations are highly complex, requiring
processing much information. Furthermore, multispectral
signals can invert the surface materials of the tumbling
targets [137]. Nevertheless, it has high requirements for the
target imaging in farther space, delaying the parameter esti-
mation process.

Given that many space objects are highly small and far
from the space-based platform, accurate structural
parameters are not always estimated. Only in the form of
small targets obtains the information of time-sequence gray
changes. Moreover, traditional estimation methods compute
the trajectories of space targets by sequential images, but
these images contain other needless information. Photomet-
ric signatures and the BRDFs contribute to accurate motion
state estimation as well as surface materials. But some fac-
tors, including the platform vibration and noise, should be
weakened for higher accuracy and stability.

4.2.2. Optimal Estimation Algorithms. Optimal estimation
aims to minimize optimal indexes of the valuation results.
As a typical algorithm, the Kalman filters perform the opti-
mal estimation of object states using linear state models,
input, and output observed data, including the effect of
noise, disturbances, and uncertainty in the system. Optimal
estimation is also regarded as a filtering process.

In recent years, the Kalman filters have been applied to
optimal parameter estimation of space objects, and various
improved algorithms were rapidly developed. In Ref. [138],
an unscented Kalman filter (UKF) estimated the positions,
rotation and motion speeds, mass, and moment of inertia
of the RSOs by processing photometric and attitude
information. The UKF is superior to the original Kalman fil-
ter in parameter estimation. Moreover, an extended Kalman
filter (EKF) [139] estimated the rotational and translational
states and areas of space debris. The mass was also
determined fusing photometric and astrometric data.
Afterward, a noise-adaptive Kalman filter [140] with the
laser-vision data realized continuously accurate motion esti-
mation of noncooperative targets. To sum up, the EKF is
more available relying on its fast response and convenient
usage, but the capability of high-order estimation needs ver-
ifications. The UKF possesses high accuracy and simple
computations, whereas active anti-interference should be
strengthened. Furthermore, the above algorithms are highly
sensitive to linearization errors in nonlinear discrete filtering
estimation. In high nonlinearity, the estimation errors
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caused by local linearization based on the Jacobian matrix
will increase to cause filtering divergence. An exogenous
Kalman filter (XKF) can overcome these difficulties. The
XKF has higher reliability in nonlinear discrete systems
[141, 142]. It aims to utilize the state estimation of global
observers for approximate linearization of highly nonlinear
systems. The errors are not introduced into the filtering esti-
mation process based on local linearization models. The
XKF inherits the advantages of the EKF and UKF, leading
to more accurate and stable estimation.

Meanwhile, other advanced optimal algorithms emerge
constantly, and the multiview reconstruction of machine
vision is the basis. The generalized iterative-closest-point
(G-ICP) [143] by foreground and background segmentation
achieved target registration and estimation, but complex
computations interfered with real-time parameter
estimation. In Ref. [144], the capability of the DISP filter to
multiobject estimation in different orbits was explored, but
the decrease in estimation quality occurred once the targets
had left the field of view. Afterward, stereo vision imple-
mented the motion estimation of space free-floating targets
in a wider field of view [145]. Cooperative 3D vision [146]
can estimate the model parameters and dynamic states of
space objects. It is applicable to congested scenarios by rapid
computations. On this basis, a modified genetic algorithm
[147] with visual cameras adaptively estimated the structural
parameters of space debris. It reduced the errors relying on
high robustness and noise resistance to outliers. Further-
more, range imaging information accelerated the concurrent
estimations of satellites and debris [148]. It has the availabil-
ity of harsh sensing and lighting. Then, a separable pseudo-
likelihood algorithm [149] implemented the fusion
estimation of multisensor targets in complicated working
conditions. The Bayesian inference can facilitate separable
likelihoods by belief propagation in the associated Markov
random field. Besides, the Hough transform [150], keystone
transform [151], Radon–Fourier transform [152], and time-
frequency analysis [153] also started in the parameter
estimation of space objects. Especially, time-frequency anal-
ysis applies to the targets with micro characteristics [154]. It
contributes to the more accurate estimation of the structural
characteristics and motion forms.

In conclusion, photometric and optimal estimation
technologies have highly contributed to the parameter esti-
mation of space objects as advanced algorithms constantly
emerge, including the BRDF, XKF, and G-ICP. These
technologies will be the research hotspots in future parame-
ter estimation. Nevertheless, several problems still exist and
need better solutions, reflected in (1) space multiobjective
estimation, (2) irregular target estimation in farther space,
and (3) micromotion parameter estimation.

4.3. Intention Recognition. Intention recognition is the pro-
cess of the intention awareness and behavior inference of
space objects through observed actions and effects on the sit-
uations. Besides the passive objects such as space debris and
asteroids, some active targets execute orbital maneuvers
threatening security [155, 156]. Hence, intention recognition
technologies are essential to improve the quality of early

warning information and reduce the number of warnings,
thus guaranteeing security. Accurate and rapid intention
recognition according to the acquired information is the
main research purpose in this stage.

Early studies on intention recognition focused on recog-
nition models. Various methods based on the transition of
probabilistic state-space models (SSM) have been proposed
for recognition systems, and different perspectives appeared
[157–159]. Computational state-space models (CSSM)
enabled the knowledge-based construction of the Bayesian
filtering for intention recognition. The feasibility emerged
in a trial scenario. A Bayesian network [160] with logical
programs can implement intention-based decision-making.
Moreover, hidden Markov models [161] classified various
behaviors, such as aligning space objects and avoiding
obstacles. In Ref. [162], the HMM in the Bayesian networks
recognized the changing intention by speech recognition
models. Naturalistic data trained and validated this
algorithm both on the recognition time and ratio. Based on
these studies, recognition models have become noteworthy
research. However, constructing a prior knowledge base
and selecting large training samples are high costs, and the
subsequent optimizations are urgently performed for better
intention recognition.

Afterward, artificial intelligence has facilitated wider
research on intention recognition. The information and
behaviors of space objects are integrated for intelligent
recognition systems. Early automated planning [163]
recognized the motion intention of the targets. For the rep-
resentative algorithms, wide-area motion imagery (WAMI)
[164] considered operational semantics for decisions to rap-
idly evaluate images and determine intention. It
strengthened the recognition capability for space debris.
Moreover, machine learning and ontology-based Bayesian
networks [165] characterized the behaviors of the ROS,
where the physical (ontic) characteristics trained the net-
works. The CNN classified the unknown behaviors, and
adaptive Markov inference game optimization (AMIGO)
[166] generated training data. A generative adversarial net-
work (GAN) [167] rapidly recognized satellite avoiding
actions, and the game theory can implement more accessible
training. The game learning between generative and dis-
criminative models produced good outputs to improve the
training robustness. The game inference emphasizes sto-
chastic modeling, propagation, detection, and tracking for
future SSA. Intention recognition expects intelligent
decisions and game inference for accurate and rapid
requirements in complicated situations.

As an emerging recognition technology, human-
machine interaction can imitate human interaction by
intelligent machines to minimize human-machine commu-
nication demands. In Ref. [168], a dynamic Bayesian net-
work constructed intention-action-state scenarios for
probabilistic intention inference. Then, a leveled HMM
[169] implemented behavior modeling and recorded the tar-
get data during the trajectory tracking. Furthermore, mildly
context-sensitive grammars apply to sensitivity recognition
given behavior constraints on the spatiotemporal trajectory.
On the whole, human-machine interaction just started in the
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SSA. Autonomous and intelligent interaction is promising
based on increasing awareness capabilities, while multimode
interaction space-based platforms can be established based
on intelligent interactive technologies.

In practical applications, intention recognition will be
multilevel and multielement pattern recognition. The expert
knowledge in the domain is expressed in a specific mode,
taking the datasets acquired in situations as feature sets.
Establish the mapping relation between these sets and expert
models to compute the similarity [170]. On another aspect,
reducing information uncertainty is of great significance
for intention recognition. Specific rules and semantics can
be designed to accurately and clearly express expert knowl-
edge. Matching it with the reserved obtains the results to
output the existing experience, thereby providing auxiliary
information for the final decisions in the SSA.

As mentioned above, accurate and rapid object identifi-
cation, parameter estimation, and intention recognition of
space targets constitute advanced target recognition technol-
ogies, which are essential for the space-based SSA. Their
overall advancements and trends are summarized and
expected in Table 3. In contrast, object identification tech-
nologies are the most mature, whereas intention recognition
needs deeper research.

5. Target Monitoring

Target monitoring is the core technology of the space-based
SSA as the decision-making section. Timely and accurate
warning and collision avoidance are ultimate purposes
[171]. First, the tasks to be implemented in different space
situations are indicated in Table 4. In the steady period, tar-
get monitoring technologies emphasize orbital prediction,
tracking, and maneuver detection, while early warning and
collision avoidance dominate the risky period. Therefore,
these key technologies are essential to review and analyze
in the SSA.

5.1. Orbital Prediction. Orbital prediction of space targets, as
the foundation of collision warning mechanism and satellite
measurement and control technology, has become a research
hotspot in the SSA field. Efficient and accurate orbital pre-
diction of resident space objects is a big challenge for the
space-based situational awareness, where current orbital
prediction based on physics models failed to reach the
required accuracy for collision avoidance, thereby some inci-
dents happened, such as the collision between U.S. Iridium-
33 and Russian Cosmos-51 [172]. Predictably, the number
of space objects and the conflicts among these objects will
rapidly increase in the future, requiring a greater ability to
perform accurate and timely predictions of the RSOs. Never-
theless, the limitations of current orbital prediction methods
are the low accuracy of target dynamic models, sensor mea-
surements, and orbital determination. For instance, atmo-
sphere drag models generated large uncertainty for the
orbital prediction in low-earth orbits [173]. More similar
events have prompted scholars to explore efficient methods
for orbital prediction.

5.1.1. Analytical Prediction Models. The earlier orbital predic-
tion research emphasized analytical and numerical methods.
The analytic approaches work based on the analytic solutions
to the Lagrangian equations of planetary perturbation,
whereas the latter represent the integral solutions of perturba-
tion differential equations of space targets. Theoretically, the
numerical methods have higher accuracy than the analytical
ones but slower computational efficiency, difficultly meeting
high standards of orbital prediction. Therefore, prediction
models are generally developed by analytical solutions.

For the previous studies on prediction models, the Zeipel
regular transformation was first utilized to develop the ana-
lytical solutions of near-earth satellite motion under har-
monic terms J2, J3, J4, and J5 [174]. In the meantime, Kozai
[175, 176] proposed a method of average root numbers
and obtained another solution to this problem. Subse-
quently, Lane [177, 178] developed an atmospheric density
model and obtained the power functions of atmospheric
density containing integer exponents, allowing the Brouwer
model [174] to contain the atmospheric damping terms
completely. In Ref. [179], the solutions based on Delaunay
variables were reconstructed by Poincare variables. The
positions were formed as the functions of time combined
with the complete solutions of the Brouwer model. This
method was applied to the Navy space surveillance system.
Afterward, Message [180] and Blitzer [181] separately
performed the above studies running on a certain computer
using the King–Hele atmospheric damping model. Miura

Table 3: Overall advances and trends of target recognition
technologies.

Technologies Advancements and trends

Object
identification

(1) Comprehensive exploration
(2) Full of diversity
(3) Close combination with space-based SSA
(4) Capable of further optimization

Parameter
estimation

(1) More emerging algorithms
(2) Emphasis on optical methods
(3) Close combination with space-based SSA
(4) Lacking robust extraction of complex

targets

Intention
recognition

(1) Emphasis on recognition models
(2) Fully utilization of AI technologies
(3) Less applications in space-based SSA
(4) Few studies on active confidential targets

Table 4: The primary tasks in space target monitoring.

Situations Primary tasks

Steady
period

(1) Monitor space debris
(2) Monitor new targets launched
(3) Determine orbital parameters and

characteristics
(4) Track various satellites

within the orbital cycles

Risky period
(1) Detect and characterize active threats
(2) Communicate target information
(3) Make defense decisions
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[182] designed a simplified general perturbation (SGP)
model for orbital prediction to avoid small divisors of eccen-
tricity and sine of orbital inclination. On this basis, an SGP4
was created as a fourth-version model considering the long-
term effect of atmospheric damping. The SGP4 combined
with deep space perturbation (SGP4-DSP) [183] was
introduced to two-line element sets for orbital prediction.
The first-order solutions of the main perturbation force were
obtained using a quasimean root number method, providing
a valuable reference for prediction models in complicated
situations.

The prediction models above belong to single-machine
systems. However, due to much computation and the high
complexity of orbital prediction for multitudinous space
targets, meeting timeliness requirements is difficult for
single-machine systems. To analyze and predict orbits in real
time, simplified methods were adopted to reduce the num-
ber of the iterative steps, whereas they failed to reach the
accuracy and reliability of the prediction results. In this case,
parallel computing was developed that adopted the parallel
work of multimachines for high-performance computations
[184], which have been successfully applied in prediction.
For instance, NASA utilized nearly 1,000 processors for the
daily prediction of multiple spacecraft [185], initiating the
most comprehensive measurements for orbital tracking, col-
lision warning, and avoidance. Afterward, ESA designed a
space cataloging system for the regional prediction of space
debris [186], aiming to achieve the target tracking and colli-
sion warning. It completed the transformation of 128 pro-
cessors with expanding scales. Moreover, NORAD
constructed a cluster processing system with 3,000 processor
nodes [187], which was utilized to track tens of thousands of
the orbiting targets and update in real time. Furthermore,
Geng et al. [188] first studied the effect of fitting arc length
of observed orbits and solar radiation pressure on the orbital
prediction of the GPS, GLONASS, Galileo, and BeiDou sat-
ellites. This study further deepened the research on orbital
prediction. On this basis, other approaches, including solar
radio proxies [189] and chaotic orbital trackers [190], were
explored to further improve the orbital prediction of multi-
ple targets, and the desired accuracy can be reached in
simulations.

Overall, analytical orbital prediction models are
maturely developed, providing a good foundation for realiz-
ing the orbital prediction of space targets. It is predicted that
further integration with advanced algorithms will be the
focus of future research.

5.1.2. Machine Learning Algorithms. The mature advance-
ment of machine learning has facilitated various advanced pre-
diction algorithms. As mentioned above, the primary cause of
physics-based failure prediction is lacking required informa-
tion, including the space environments and characteristics of
the RSOs. Therefore, the underlying pattern of orbital predic-
tion errors can be learned from historical data to improve the
prediction accuracy by using artificial intelligence. In Ref.
[191], a machine learning approach for accurate orbital pre-
diction was proposed, where a SVM model was established
to reduce prediction errors, and its generalization capability

was validated in a simulative space environment [192]. Due
to universal approximation capability and flexible network
structure, an artificial neural network model was designed
for the same purpose [193]. It was trained using historical pre-
diction data of the RSOs in similar environments. The simula-
tions indicated that machine learning combined with the
ANN could significantly improve orbital prediction. Besides,
Peng and Bai [194] attempted to utilize the Gaussian process
to generate point estimates and uncertainties combined with
machine learning, and orbital prediction errors decreased by
the trained Gaussian model with reliable uncertainties. More-
over, the comparison among the proposed SVM, ANN, and
Gaussian processes was performed [195]. It was indicated that
the ANN has the best approximation capability but the data is
overfitting. In contrast, the overfitting of the SVM cannot hap-
pen, whereas its performance is inferior to the ANN and
Gaussian methods.

Besides the mentioned algorithms, available two-line ele-
ments and international laser ranging service (ILRS) catalogs
were utilized to validate the machine learning algorithms
[196], and the potential of machine learning was demon-
strated in improving the accuracy of these catalogs. More-
over, the fusion of machine learning and extended Kalman
filter was proposed in Ref. [197], and a fusion analytical
solution was developed. This fusion highly improved the
accuracy of orbital prediction and can be generalized to sys-
tems with different prediction algorithms besides the EKF.
Afterward, Hartikainen et al. [198] designed a nonlinear
latent force model (LFM) for the long-term orbital predic-
tion of GPS satellites, and an integrated nonlinear Kalman
filter and smoothing-based algorithm was presented for
approximate state and parameter inference. It was proved
that real-time computations could be realized in practical
applications. Furthermore, machine learning algorithms
were also explored to model the underlying pattern of orbital
prediction errors of space debris from historical observa-
tions, aiming to improve future prediction performance
[199]. An ensemble learning algorithm of boosting trees
was developed for error modeling and prediction. The simu-
lations indicated that the trained model could capture over
80% of the underlying pattern of the historical errors,
achieving at least 50% accuracy improvement.

Based on the mentioned research, orbital prediction
technologies have experienced a long time for the develop-
ment, where analytical and numerical solutions are initiated
as elementary methods. The advances in artificial intelligence
contribute to higher accuracy of the orbital prediction in the
space-based situational awareness due to the characteristics
of autonomy and diversification. So far, machine learning,
including the SVM and ANN, has been the mainstream
intelligent algorithms of accurate orbital prediction, and more
advanced technologies can be further explored and applied in
the SSA.

5.2. Orbital Tracking. In the previous subsection, the orbital
prediction of space objects has been reviewed, and this
section will mainly emphasize orbital tracking. First, the
orbital determination of the targets from the time history
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of measurement is the prerequisite of orbital tracking and
cataloging, which consists of initial orbital determination
(IOD) and continuous orbital tracking. The purpose of the
IOD, especially in the case of angle-only data, is to obtain
the initial estimation close enough to the actual orbit for
making subsequent least squares and Kalman filter process-
ing successful [200].

Nevertheless, only the line-of-sight observation from the
optical sensors to the targets is available without range
information. Considering that the assumptions are all satis-
fied, including linear dynamics, coasting flight, single sensor,
and the sensor fixed in the center of mass, the well-known
angles-only orbital determination need solutions to the lack
of range observability.

5.2.1. Angles-Only Determination Algorithms. Conceptually,
the orbital states are uniquely determined by line-of-sight
measurement, and angles-only orbital determination is
regarded as an observable problem. Given that over one group
of states sharing the same line-of-sight time history make it
unobservable, the solutions to the angles-only problem need
to be studied, including the dynamic, orbital maneuver, multi-
sensor measurement, and offset algorithms now.

The first algorithm is complex dynamics modeling and
analysis. Classical angles-only methods were the Gaussian
and Laplace algorithms. The Laplacian [201] used a group
of the observed data from three angles to obtain possible
solutions. The fourth dataset was added to eliminate singu-
larity in orbital determination [202]. It was weakened equiv-
alent to nonsingular geometry results. Then, angles-only
determination applies to a cylinder-coordinated system
[203], and relative orbital elements [204] were further used.
On this basis, a second-order relative motion model solved
this problem [205]. An improved J2-perturbed dynamic
model and a nonlinear measurement model validated a
maneuver-free angles-only navigation [206]. Polynomial
chaos [207] without perfect measurements can remove con-
straints and assumptions in the IOD to develop a more
robust framework. All available measurements work without
the Keplerian dynamics. Overall, these algorithms provide
desired results for three groups of angular data with little
time difference in actual observation. However, the singular-
ity appears in coplanar orbits or small separations.

The orbital maneuver is the second algorithm. Executing
known maneuvers in suitable directions makes the problem
observable, and only enough information fully determines
relative positions. For instance, an optimal orbital maneuver
algorithm [208] applies to any maneuver type and prior
unknown trajectory. The degrees of observability (DOO)
and latent range information [209] of orbital maneuver
implemented high-precision relative position and velocity
determination. The DOO can describe observability levels,
and the latent information improves the DOO determina-
tion. Then, observable and unobservable maneuver sets were
provided in Ref. [210]. Unobservable constant thrust
maneuvers are reasonable during an approach trajectory.
Then, Luo et al. [211] designed a closed-loop frame of multi-
pulse sliding guidance strategy for orbital determination.
The sensitivities of the navigation and guidance to the line-

of-sight angle accuracy were discussed. Due to the complex-
ity of resulting expressions, explicit results are only found for
simple trajectories known as a priori. Further optimization is
required for more general trajectories.

Then, the third algorithm is based on multisensor mea-
surement. Chen and Xu [212] presented a double line-of-
sight measuring scheme to obtain observability using visual
cameras, and a distributed angles-only navigation method
was also proposed by multiple line-of-sights [213]. The
line-of-sight measurements were coupled with gyro
measurements and dynamical models in the extended Kal-
man filter to determine the relative attitude, position, and
gyro biases. Based on these studies, the relative position
and velocity of space targets are estimated accurately enough
using double line-of-sight measurement technologies. Com-
pared with a single line-of-sight angles-only determination,
the observability of the technologies is highly improved.
Moreover, the separation angle between two line-of-sight
vectors can affect the estimation errors and observability.
Furthermore, Zhu L et al. [214] utilized prior information
of space targets by multisensor measurement and dictionary
learning algorithms, realizing the vision-based orbital
determination in the tests.

The final algorithm works based on the lever-arm effect
of the sensor offset from the center-of-mass. A solution to
the observability problem was developed and validated in
Ref. [215]. It required only a camera offset from the
center-of-mass of a chaser and small rotations without
orbital maneuvers, high-order models, prior geometrical
knowledge of the targets, and more cameras. The ranges
are observable when the camera is offset from the chaser’s
center-of-mass. Ref. [216] developed a near analytical orbit
solution as the camera offset was available. Three or more
LOS observations were performed on either the center-of-
mass of an object or on known object features. Gong et al.
[217] developed the analytical covariance for the resolution
of angles-only relative orbits. Afterward, a more compact
and improved solution was created by state augmentation
least square [218]. In these studies, the range-sensor offset
enhanced observability to exclude mirror solutions.
Moreover, relative state observability was explored, and
observable conditions concerning the range-sensor offset
were obtained. As mentioned above, many studies on
angles-only orbital determination have been performed,
while some limitations still exist in congested situations.
Therefore, more advanced algorithms based on artificial
intelligence should be explored to better solve the angles-
only problems.

5.2.2. Improved Filter Tracking Algorithms. Then, the orbital
tracking of resident space objects is mainly analyzed, where
the state estimation is essential. The preliminary scheme is
to track a single target using one sensor. Jones and Vo
[219] proposed a new Bernoulli filter for the orbital tracking
to recognize a single RSO. It employed a birth model based
on the non-Gaussian propagation of probability density
functions for the admissible areas and target states. Subse-
quently, the advantages of this algorithm were demonstrated
by tracking known and newly discovered objects in the near
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geosynchronous orbits. Nevertheless, single-target orbital
tracking cannot meet the requirements of target monitoring,
so more studies have emphasized the joint tracking of mul-
tiple targets using cooperative sensors. Hussein et al. [220]
proposed an algorithm based on finite set statistics (FISST).
It was regarded as the Bayesian algorithm allowing joint esti-
mation of existence, type, and tracking, aiming to complete
characterization and data association in situational
awareness comprehensively. Specially, to reduce computa-
tional burden entailed in the FISST, a Gaussian mixture
approximation was also employed, not to the first moment
of the full FISST update equations (known as GM-PHD),
but apply the approximation directly to the full FISST equa-
tions. Moreover, Jia et al. [221] developed a separation and
extended information filter (SEIF) algorithm to track space
targets, where communication delay was considered in
multisensor cooperative sensing. It was verified in a tracking
scenario supported by the NASA mission analysis tool. The
SEIF has better performance when a communication loss
exists among different sensors.

Furthermore, fuzzy uncertainty overlap and false
association are common due to noise in the short arc trajec-
tory. To solve this problem, Stauch et al. [222] proposed a
robust multitarget tracking algorithm by the constrained
admissible region-multiple hypothesis filter (CAR-MHF).
The application of the CAR-MHF to a dense population of
synthetically created uncorrelated tracks was highly chal-
lenged, and the accuracy of data association was improved
by integrating joint probabilistic with reverse smoothing.
Besides, Jones et al. [223] compared traditional multitarget
filtering models with the corresponding target tracking algo-
rithm and analyzed orbital tracking performance based on a
labeled multi-Bernoulli filter. Given that observations may
be corrupted by an undesirable drift of the telescope due to
mount jittering and uncompensated diurnal motion of stars,
Hagen et al. [224] developed a drift compensation algorithm
based on the joint estimation of sensor drift, telescope obser-
vation objects, and star states. Then, single-cluster probabil-
ity hypothesis density filters were designed for group
tracking, and the sensor drift can be obtained by estimating
the collective motion of the stars, thereby modifying the esti-
mation of moving objects. This study contributes to the
orbital tracking of large cluster objects.

On another aspect, to solve the problem of the unstable
tracking of low-orbit bright space targets, Xu and Wang
[225] proposed a snake algorithm, an improved gradient
vector flow method using active contour models, to realize
the real-time search of object contours on the CCD image.
Searched results were manifested when the initial contour
enclosed the target. This algorithm could overcome the
tracking error caused by the fixed window and improve
tracking robustness. In Ref. [226], a new orbital tracking
algorithm based on a composite weighted average consensus
filter (CWACF) was developed integrating nonuniformly
distributed nonlinear filters. In terms of different sensor
accuracy and onboard computing power, the EKF and
sparse grid quadrature filter (SGQF) were combined as local
filters on different sensors. Then, the estimation of the
neighborhood was performed to reach better performance

based on the consensus framework. Moreover, the CWACF
realized the balance between estimation accuracy and com-
putational costs.

Overall, orbital determination and tracking are important
sections of target monitoring. They have been closely con-
nected, where orbital determination is the premise and orbital
tracking is the executing purpose. The mentioned studies indi-
cate the high advancements of the two technologies, and var-
ious algorithms emerge in the process, such as the SEIF,
FISST, and CAR-MHF. Nevertheless, more advanced algo-
rithms for data association and constrained nonlinear estima-
tion are required to implement robust orbital tracking, whose
applications in more complicated scenarios need further
exploration.

5.3. Maneuver Detection. Detecting the maneuvers of space
objects with retrievable historical data has become an essen-
tial mission in the SSA, especially for active objects without
available operational information. Real-time detection is
required to react adequately to any spacecraft anomalies
and possible threats to nearby space assets. The active
objects’ maneuvers are detected, recording the patterns and
trends in maneuver types and magnitudes. Figure 4 mani-
fests the process of maneuver detection operations [227].

Maneuver detection technologies in the SSA involve two
kinds of algorithms. (1) Select the parameters sensitive to
maneuvers as detection characteristics. (2) Improve
measuring capabilities by adopting advanced algorithms to
reduce requirements for these parameters in maneuver
detection. Ignore the influence of the maneuvers in continu-
ous tracking. This section reviews and discusses maneuver
detection technologies based on these algorithms.

5.3.1. Sensitive Parameter Characterization Algorithms. As
the first algorithm, the selection of sensitive parameters is
more emphasized without specific requirements on
measuring means. For instance, the longitude and height of
the geosynchronous orbit are commonly selected including
semimajor axis and eccentricity. Huang et al. [228] selected
semimajor axis and eccentricity as the parameters to detect
the maneuverability of the targets. However, this method is
only applicable to the case of a single-pulse maneuver along
the tangential direction of velocity at perigee or apogee in
the orbital plane, and strong prior constraints are also
required. Similarly, the semimajor axis and eccentricity were
selected as the characteristics to detect the plane maneuvers
of the targets in low-earth orbit [229]. The maneuver scheme
was determined by comparing the characteristics with the
respective boundary values. Besides, the influence of orbital
perturbation was also analyzed. Robertsa and Linaresa
[230] selected the longitude as the characteristic of maneu-
ver detection for space targets in the geosynchronous orbit,
and available two-line element data was used to train
convolutional neural networks to predict and detect orbital
maneuvers. However, the applicability to other orbits takes
time to prove.

Moreover, Liu L et al. [231] designed an algorithm of the
weighted fusion of multihypothesis tests (WFMHT) using
space-based angles-only measurement for maneuver
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detection and modeled the residual between the sensor
measurement and the corresponding predicted
measurement as the characteristic. According to the theory
of linear optimal filters, this residual obeys white noise in
the Gaussian distribution, which is measured for continuous
detection when the targets maneuver. Nevertheless, the sen-
sor measurement can interfere with non-Gaussian errors
that the applicability of this algorithm is inadequate in
practice. Then, Kelecy and Jah [232] presented a similar
method for detection, where filter data residuals were
selected as the main test parameters, and the comparison
based on the consistency tests of position and speed estima-
tion between the filtering and smoothing updates were
performed to detect an orbital maneuver. Furthermore, the
position and velocity of the overlapped trajectory obtained
by orbital determination fitting before and after maneuver
were utilized to determine the maneuver period accurately,
but it required more accurate prior information.

Similarly, two methods were developed for detecting the
maneuvers of the targets based on the consistency of the time
series of two-line elements [233]. Due to the requirement for
higher update frequency, this approach can be limited to the
impulse maneuver of the targets in low-earth orbit with only
the application to the regular monitoring of specific regions.
Overall, selecting sensitive parameters as characteristics for
maneuver detection is gradually performed, butmore practical
applications should be developed to overcome the limitations
under some circumstances.

5.3.2. Joint Measurement and Processing Algorithms. The
second algorithm emphasizes the measuring means and pro-
cessing algorithms, where improved estimation algorithms
are designed to realize precise orbital determination with
redundant measurements. The maneuvers are detected by
measuring the residual between the actual and
corresponding predictions. Many scholars have already per-
formed relative studies on detection technologies, where
joint measurement and processing based on some improved
algorithms have become the mainstream direction.

For instance, Jia et al. [234] attempted to design an
improved Kalman filter through angles-only measurements

from multiple cooperative satellites based on orbital
determination algorithms. The designed joint filter contin-
ued to accurately determine the orbits without any adjust-
ments in the target maneuvers. However, these satellites
are not cost-efficient that the algorithm is unavailable. Goff
et al. [235] performed to determine to start and ending
maneuvering epochs by fixed tracking residual. Still, it takes
a long time to recover the accurate observation of the targets
after orbital maneuvers were detected. It is found that this
algorithm was inapplicable for detecting the noncooperative
targets with malicious behaviors. In Ref. [236],
geosynchronous satellites used two-line historical element
data to characterize orbital maneuvers. The key of this algo-
rithm was to enhance the ability to detect small changes
among the noise in the raw data using basic signal
processing techniques, and its feasibility for the maneuvers
of electric and chemical propulsion was demonstrated. In
Ref. [237], observation data processing was performed by
joint filtering, where the estimation of the secondary filter
was used to constrain the leading filter in real time. It was
found that the detection accuracy depends on the state
model and threshold, whereas the optimization of the
parameters was ignored. Singh et al. [238] attempted to
detect orbital maneuvers by joint optimal control and multi-
ple hypothesis tracking. An optimal framework as a postpro-
cessing resolved uncorrelated trajectories in maneuvers. The
total velocity increments can develop cost functions to deter-
mine the feasibility of maneuvers. This algorithm is more
applicable to space objects’ fuel-optimal maneuvers.

Meanwhile, other advanced joint detection technologies
are gradually developed. Wang et al. [239] presented a
maneuver detection algorithm based on a probabilistic
decision model, where the range rates among the satellites
measured by laser range finders were selected as characteris-
tic parameters. According to the Neyman–Pearson criterion,
the decision thresholds of maneuvers can be adaptively gen-
erated based on the constraints of false warning probability
and the fluctuation characteristic of input data. Nevertheless,
the manners and accuracy of range measurement become
the limitations of this algorithm. Li et al. [240] designed an
improved detection algorithm based on empirical mode
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decomposition (EMD), applicable to processing the input data
to obtain low-frequency components that would be fitted, and
orbital maneuvers were detected. In Ref. [241], multiscale detec-
tion of the orbital maneuvers of geosynchronous objects was
performed. Specially, the EMD also adaptively estimated the
thresholds of filters based on the median absolute deviation.
Furthermore, the mentioned GAN detected space targets
[242], restoring complicated and high-dimensional distribution
of expected behaviors in orbit. Several unexpected orbital evolu-
tions were detected. Afterward, data-driven Gaussian binary
realized the maneuver detection of resident objects in different
trajectories, and Gaussian binary classification (GBC) [243]
reached higher accuracy in detection. Moreover, the GBCmade
more rapid decisions in maneuver detection [244].

As mentioned above, the technologies of maneuver detec-
tion are rapidly developed for the space-based situational
awareness, and various approaches are successfully applied
to the detection of space objects. Nevertheless, existing studies
have some limitations in their applications. More sensitive
characteristic parameters are highly required to achieve more
accurate and rapid detections for the orbital maneuvers, while
more advanced processing technologies such as artificial intel-
ligence are improved. Finally, the reviewed algorithms are
concluded in Table 5, whose principal characteristics are also
listed as the references for further research.

5.4. Monitoring Early Warning. The spacecraft’s in-orbit col-
lision among the space objects, including debris, asteroids, and
some active targets, is catastrophic. Monitoring early warning,
security defense, and resource utilization are major technical
challenges for the international space community and the
inevitable choice to protect survival and development. There-
fore, after executing the task of maneuver detection, monitor-
ing early warning has become the key technology to rapidly
make correct judgments and decisions. It is necessary to per-
form for mitigating the risks before collision avoidance.

To better understand early warning mechanism, a specific
warning process containing multiple important sections, such
as parallel computing and intersection result analysis, is mani-
fested in Figure 5 [245], where SSR means space-state represen-
tation. In the process, data collection consists of the data of

orbits, space states, characteristics, and errors. The data are
imported into the databases, and the computations are initiated.
Next, the early warning criterion is determined based on the
surrounding environments, and the warning tasks can be trig-
gered with parallel computations. Then, dangerous intersection
results are filtered and analyzed detailedly after the computa-
tions are finished, and precise analysis is performed with
updated data and improved approaches. After the risk confir-
mation, the information will be reported, and warning evalua-
tion is developed to further improve the warning tasks. This
process provides a solid theoretical foundation for further
research.

In the meantime, monitoring early warning consists of
various technologies. According to different technical princi-
ples, space-based early warning methods can be divided into
visible and infrared spectral observations. Furthermore,
some close-space observations, including the detections of
flyby, companion, attachment, and sampling return, are also
considered essential supplements to early warning [246].
Thereinto, visible observation is the primary method of
asteroid monitoring, which relies on the sunlight reflected
from the surface of the asteroids to determine the positions
by repeated photographic observation of the same space at
different times. Space-based visible telescopes are flexibly
distributed in the low-earth orbit, the earth-sun Lagrange
point, Venus orbit, and other positions, which can overcome
most of the interference and solves the dead observation
angles of solar illumination areas, significantly improving
warning efficiency [247]. As a particular optical observation
method, infrared observation possesses a low space-light
background with significant advantages in daytime observa-
tion and spectral analysis. This observation can be utilized to
identify target surface materials and estimate the tempera-
tures, albedo, and other critical parameters, timely providing
precise information for early warning.

Compared with the mentioned orbital prediction and
tracking, the early warning highly emphasizes practical
applications. For instance, in the NASA MIDEX mission, a
wide-field infrared survey explorer (WISE) was designed
[248]. It can monitor the entire space in four bands from
3.3 to 23 microns, whose sensitivity is around 1,000 times

Table 5: Comparison of the research on maneuver detection technologies.

Classification Algorithms Principal characteristics

Sensitive parameter characterization

Semimajor axis and eccentricity In single-pulse maneuver along a fixed direction

TLE Only applicable in the geosynchronous orbit

WFMHT Interfering with errors and lacking applicability

Filter data residual characterization Demand for accurate prior information

Joint measurement and processing

Kalman filters with angles-only Continuous accuracy but the high cost

Fixed tracking residual Inapplicable to noncooperative active objects

Joint filtering Accuracy relying on state models and thresholds

Multiple hypothesis tracking More applicable to fuel-optimal maneuvers

Probabilistic decision models Adaptive but short of manners and accuracy

EMD Geosynchronous multiscale adaptive detection

GAN Powerful capabilities of recovery and detection

GBC High accuracy with rapid decision-making
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higher than that of midinfrared astronomical satellites. In
2011, the WISE discovered the first Trojan asteroid (2010-
TK7) around the earth, and over 34,000 new asteroids have
been detected over the mission. 135 of them are located near
the earth, including 19 high-risk ones. The WISE has
contributed significantly to space early warning.

After the WISE, a near-earth object surveyor (NEO Sur-
veyor) was designed by NASA to discover and characterize
asteroids and comets with potential risks to the earth.
Infrared observation, focal planemodules, and electronic tech-
nologies are the core of the NEO. It has the spacecraft bus,
cryogenic control systems, aperture covers, observatory
assembly, integration, and tests (AI&T) [249]. The spacecraft
bus is well-suited for the requirements of the space surveymis-
sion. The cryogenic control systems can provide the required
bulk temperatures, thermal stability, and sensitivity for infra-
red devices. Then, aperture covers are deployed in orbit to pre-
vent contamination, while similar objectives and technologies
are introduced for the AI&T from the previous observatories.
The NEO Surveyor will be launched in 2026, aiming to com-
plete a 90% census for 140m class near-earth asteroids.

Following NASA, Canada launched a near-earth object
surveillance satellite (NEOS-Sat), the first dual-mode space
telescope to monitor near-earth asteroids, comets, and the
resident targets [250, 251]. Track-rate imaging and metric
observations of fast-moving debris in the low-earth orbit is
performed at speed up to 215 arcseconds on the platform.
Moreover, the fine-point imaging of near-earth objects can
monitor the fields and known asteroids/comets at lower
solar elongations (under 15 degrees during the eclipse
period). The NEOS-Sat first applies multimission
microsatellites to space-based early warning.

Now, the space-based observations of small objects
primarily come from the occasional observations using high-
resolution telescopes, such as the Spitzer [252] and Hubble
[253] (NASA). Moreover, the Astro-F satellite (JAXA) and
global astrometric interferometer for astrophysics (GAIA)
probe (ESA) have also contributed to observing near-earth
small objects [254]. The Sentinel, NEO-Cam, and the constel-
lation of heterogeneous wide-field near-earth object surveyors
(CROWN) are activated for future early warning [255].

In conclusion, monitoring early warning technologies pos-
sess significant advantages of wide monitoring ranges, diverse
tracking means, and high warning accuracy. Therefore, early
warning is promising as the mainstream direction. Based on
these typical schemes, the advancements and trends of moni-
toring early warning are concluded as follows:

(1) Space-based asteroid warning projects emerge con-
stantly in different countries, and some remarkable
results have been realized

(2) Visible telescopes and additional means implement
the space-based observations of small objects. The
launched early warning satellites for near-earth
objects are the NEOS-Sat and WISE, whereas other
schemes are not formally initiated

(3) Improving the timeliness, accuracy, and confidence
of warning technologies will be the research empha-
sis to further perfect the space-based systems

5.5. Collision Avoidance. After receiving the early warning
on space debris and asteroids, a vital part of the SSA is to
predict and avoid satellite collisions to protect space assets.
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Figure 5: The process of early warning.
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The research on collision avoidance technologies focuses on
collision prediction and maneuver strategies. The core of
collision prediction is probability computation algorithms,
while avoidance algorithms are the essence of strategy
design. In this section, separated reviews and discussions
are performed for these technologies.

5.5.1. Collision Probability Computation Algorithms. First,
the theory of collision probability computation complies
with the establishment and improvement of satellite relative
motion models, supporting the design of evasive maneuver-
ing strategies. As the relative motion theory advances, the
changes of relative state information between satellite and
targets are predicted accurately, thereby enabling the predic-
tion of orbit error covariance’s evolution and the deduction
of satellite’s orbit state information under high-precision
orbital dynamics models. The collision risks are determined
exploiting the information and the maximal probability of
satellite collision. Subsequently, complying with the set colli-
sion risk judgment criteria judges the necessity to issue the
collision warning and take avoidance measures.

In the early stage of collision risk assessment, the Box
region algorithms were broadly applied to space shuttle col-
lision prediction. The Box region works primarily according
to the distance to assess the collision risks between the
spacecraft and targets. However, the regions demarcated by
this algorithm are significantly conservative. Although it
has more comprehensive applications in the field, only con-
sidering the position relation in collision prediction will
inevitably lead to a higher false warning rate, rapidly causing
unnecessary orbit maneuvers. Given the time differences
between the satellites and orbiting targets, Bredvik and Strub
[256] designed a feasible launch window based on the min-
imal distance, aiming to avoid the collision of launching sat-
ellites. Besides, Chan [257] analyzed the collision problems
of orbiting objects. He proposed to express the collision
probability of satellites with the Gaussian distribution when
investigating the encounter planes between satellites
following the short-term relative motion of the satellites.
Then, the theoretical algorithm was also designed for further
dimension reduction computations of collision probability.
Furthermore, Foster and Estes [258] simplified the computa-
tional formulas of collision probability through polar coordi-
nate transformation for numerical integration algorithms,
solving the integration with a fixed step size. Based on these
studies, Patera [259] and Alfano [260] both proposed the
improved solutions to computing collision probability and
achieved relatively ideal results in the aspects of reducing
dimensions, simplifying computation, and increasing com-
putation efficiency. Furthermore, to simplify the 2D integral
operation in the encounter plane, Alfano simplified the inte-
gral area functions by Gaussian error functions and achieved
dimension reduction integral, while Patera [261] further
proposed the idea of transforming the 2D area integral into
1D curve integral, facilitating solving collision probability
on irregular spacecraft. On this basis, the 1D curve integrals
further simplified collision probability expressions as the
infinite series, leading to more precise computation with
minor errors.

On another aspect, it is available to evaluate and analyze
the collision risks between space debris and satellites utiliz-
ing collision probability computation. This approach can
simplify the integration of the 3D Gaussian distribution
functions based on the relative state information of satellites
and the targets, reducing collision probability computation
algorithms by projecting to the encounter plane. The inte-
gral is further simplified using 1D curve integral and infinite
series, and a simple expression of collision probability is
obtained. Nevertheless, in practical engineering, since the
state information of satellites and targets is observed in orbit
or inertial systems, the coordinate relationship between
orbits and encounter systems should be clarified. Further-
more, given the uncertainty of error information, the maxi-
mal collision probability computation between satellites
and targets should be deeply explored, which can also be
used to optimize the early warning strategies of satellite col-
lision risk assessment.

5.5.2. Maneuvering Avoidance Algorithms and Strategies.
The design of maneuvering avoidance strategies aims to timely
take effective measures with the constraints to avoid space col-
lision under the set warning, where the choice of collision
probability safety thresholds is of great significance to the
whole maneuvering strategies. After determining the require-
ments for avoidance, the maneuverability of the satellites has
become a vital reference index. The direction and speed of
the avoidance serve as vital calculation objects that ultimately
determine the thrust’s size and direction and the maneuver’s
implementation time. The key to this problem is to apply the
optimal strategy to the satellite evasion maneuver with an
insignificant evasion effect. In essence, if the orbital prediction
is perfect without orbital errors, the risk of satellite collision is
essentially a problem of zero and one. Satellites will collide
under the distance between the satellite and target less than
the sum of the two envelope radius. With the introduction of
orbital errors, collision prediction becomes a probability prob-
lem. When the collision probability between the satellites and
targets exceeds specified thresholds, instantaneous correction
speed is used to the satellites for maneuvering avoidance,
where the size and direction of the maneuver speed should
be considered.

On relative computations and design of maneuver strate-
gies, spherical collision bodies were proposed to replace cylin-
drical collision bodies, eliminating the unstable influence
caused by the data deviation of targets’ sizes, easier to solve
than a cylindrical envelope. Given the thrust combined with
the spacecraft’s orbital control and position keeping, Chan
[262] acquired the expressions of maneuver speeds based on
collision probability. Then, Alfano [263] and Mueller [264]
both overcame the difficulties of collision avoidance and
developed appropriate avoidance strategies. Dissimilarly,
Alfano primarily analyzed the instantaneous maneuvering
speed, while Mueller expressed the constraint avoidance and
orbital positions as control functions. Then, the optimal avoid-
ance strategy problem was described in the standard form of
optimal control description with further discretization. The
initial control was transformed into nonlinear programming
to implement the specific solutions. In-orbit avoidance control
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[264] applies to two space targets at large and small velocities,
removing collision risks after maneuvering by higher robust-
ness. Furthermore, nonlinear optimization [265] investigated
optimal avoidance strategies. Natural language processing
developed the avoidance of minimal maneuver speeds under
the constraint of minimal encounter distances. Overall, colli-
sion avoidance strategies have been promoted to the fast,
robust, and highly tunable characteristics.

As for formation-flying satellite collision avoidance,
maneuvering along the collision probability density gradient
[266] realized the collision avoidance of formation satellites
in elliptical orbits. Furthermore, the navigation accuracy of
formation satellites by GPS information was used for colli-
sion avoidance. Then, small velocity pulse correction [267]
is applicable to formation-flying satellites when collision
probability exceeds the safety threshold. On this basis, the
boundary gate theory established the Hamiltonian functions
and obtained optimal control laws [268]. The boundary gate
trajectories can separate the countermeasures into the colli-
sion, while noncollision zones realize the anticollision on
the sun and earth translation points [269]. In summary,
maneuvering avoidance strategies for formation satellites
are actively developed.

It is necessary to develop a set of simulation software for
satellite collision avoidance. Based on the above theoretical
studies, many countries contribute to solving the collision
problems of invalid loads, space debris, and other objects
to normal satellites in practical engineering. Various com-
plete and applicable systems for collision avoidance have
been established. NASA has developed a collision avoidance
system for the safe operation of spacecraft adopting the
mentioned regional algorithms. Based on the risk assessment
of satellites, red and yellow limits [270] are set for
maneuvering avoidance by computations and assessments,
providing the corresponding strategies for specific situations.
Moreover, ESA established collision avoidance analysis soft-
ware to predict and evaluate collision risks within seven days
[271]. By this means, multiple maneuvering avoidance has
been successfully performed for orbiting spacecraft, highly
reducing the collision risks with debris and asteroids. After-
ward, JAXA projected a spacecraft collision risk assessment
system for observation satellites, utilizing TLE catalog data
and radar measured data to conduct approach analysis and
collision probability computation for risky targets [272].

Overall, various solutions to the existing problem of
maneuvering avoidance strategies are presented. Neverthe-
less, the computational formula of maneuver distances
should be set for higher efficiency based on the expected
threshold of satellites and space targets. Downregulating
the collision probability to reach the minimal maneuver dis-
tance needs to be performed below the expected threshold
under the premise of energy consumption reduction. The
mentioned problems should be further overcome in subse-
quent research.

6. Research Prospects

In previous sections, the key technologies of space situa-
tional awareness are reviewed and discussed. On this basis,

future research directions on the key technologies are
expected. Furthermore, emerging technologies apply to the
SSA as the research is deepened. Typical prospects, includ-
ing multiagent and synergetic constellation awareness tech-
nologies, are worth analyzing for future research.

6.1. Future Directions of Key Technologies. The future
directions of specific technologies are indicated based on
the previous reviews. For data acquisition in the SSA,
restricted by current sensing technologies and costs, the
contradiction between the quantity and quality of sensors
and the increasing requirements will persist. Therefore,
the coordination and allocation of sensor resources for
optimizing the system’s overall awareness capability is
promising. Moreover, the multisource data fusion is an
essential approach to data acquisition under uncertain sit-
uations. Nevertheless, multimodal overlaps make the dis-
tribution of multiple data domains different and hard to
acquire ideal results utilizing traditional “single source
domain → single target domain” methods. Furthermore,
the open set of heterogeneous labels still exists in multido-
main overlapping transfers. It can confuse the irrelevant
information in the source domain with recognition tasks
and weakening cross-domain fusion recognition capability.
In practice, the data processing and acquisition mainly
depends on space-based sensors, monitoring stations, and
cooperation networks, which should be also collaboratively
developed.

Then, mathematical recognition models with generaliza-
tion capability should be deeply explored to transfer and fuse
the information distribution in different modes. The models
and knowledge are expected to guide deep learning and
training regarding the positions, forms, structures, attri-
butes, and functions of space targets, thereby reducing the
demand for input data. The adaptive mechanism of the rec-
ognition models for multitask scenarios and small sample
data is imperfect in this stage. On another aspect, various
intelligent algorithms are applicable to object identification
and parameter estimation technologies in the SSA. Some sig-
nificant inadequacies, including large training samples, mul-
tiobjective classification, and time-consuming training,
should be overcome in future work. Besides, the classifier
design of different categories in homologous samples is
worth exploring in the future, while the learning transfers
of heterogeneous data should be further studied in small
samples. Moreover, the methods of reducing deep
transferring costs and improving the efficiency will be the
mainstream research besides the small sample transfers. As
for parameter estimation, space multiobjective estimation
is hopefully developed based on improved optimal estima-
tion algorithms. Irregular target estimation, especially
involving micromotion characteristics, will be also available
by integrating BRDF with XKF. The development of space
intention recognition tends to be a multilevel and multiele-
ment pattern. Intelligent decisions and game inferences will
be commonly used for accurate and rapid recognition in this
pattern. Meanwhile, information uncertainty can be over-
come by improving hidden Markov models and human-
machine interaction.
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Finally, the coverage of space target monitoring systems
is still insufficient with long monitoring intervals. The
responses to satellite maneuvers and debris decomposition
need acceleration, especially for small faint targets.
Therefore, strengthening the capabilities of continuous
orbital prediction, tracking, and monitoring in complicated
situations will be the mainstream research. The existing
monitoring systems observe the specific targets in a certain
period by target position computations and fixed-point
monitoring, prioritizing major targets only for task require-
ments. Therefore, the allocation process of monitoring sys-
tems is inflexible. Then, future research emphasis on early
warning technologies is to enhance the timeliness, accuracy,
and confidence of the systems. For collision avoidance,
consumption reduction should be emphasized in the future,
while maneuvering avoidance strategies and the safety
thresholds of collision probability are also necessary to
study.

6.2. Multiagent Awareness Technologies. In recent years, uti-
lizing decentralized approaches to solving complicated
problems in the real world has attracted more attention.
Such approaches belong to the field of distributed systems,
where several entities work together to solve these problems
cooperatively. As a typical construction based on the
cooperation idea, multiagent systems (MAS) emphasize the
joint behaviors of agents with some degrees of autonomy
and the complexity arising from the interactions [273].
Depending on better robustness, flexibility, and expansibil-
ity, the MAS has been widely developed in theoretical
research and practical engineering.

Research on multiagent awareness emphasizes data pro-
cessing by cloud technology. Typically, a comprehensive
cloud robot data fusion framework has high scalability and
flexibility [274]. A networked robotic system can execute
more intensive computational tasks. Then, a cloud-enabled
robotic system (CERS) [275] provided powerful functions
while maintaining the simplicity of distributed robots. On
this basis, cloud combined with blockchain technology met
the requirements for big data and strong computing power.
A communication framework adopting intelligent contracts
and blockchain [276] overcame challenges in the communi-
cation strategy of SSA applications. Afterward, the MAS
based on two-line elements accelerated blockchain data
processing in computational efficiency by a factor of eight
and state propagation by four orders of magnitude [277].
Furthermore, cloud computing can also support the upper
layer of big data processing as the bottom of computing
resources, while multiagent technologies establish
distributed computational environments and various client
server applications to realize real-time interactive query effi-
ciency and analysis [278]. Overall, these studies have inte-
grated the MAS with cloud computing and robots for deep
exploration.

Then, multiagent consistency should be studied in the
applications. It aims to establish a control protocol based
on the local information of each agent and its neighbors so
that all agents reach agreements on a specific revenue. Rein-
forcement learning (RL) enables these agents to interact with

environments to use the response to learn the optimal strat-
egy and find the optimal behavior from the unknown
situations. It requires that system models are known. Off-
policy RL algorithms generate system data through behav-
ioral strategies and update the target strategy to find the
optimum when enriching data mining. The off-policy RL
overcomes two shortcomings. Data are only generated by
specific algorithms, leading to limited data mining ability.
Detection noise is added to the target strategy to stimulate
the system, causing deviations in optimal solutions [279].
The off-policy RL is applicable to consistency. Various struc-
tures, such as leaders and leaderless, are also effective. More
coordinated multiagent systems extend coverage, reduce
costs, and provide redundancy. They strengthen the SSA
capability in large-scale congested situations.

Multiagent awareness has promising applications,
especially the cloud technology in data processing. Although
multiagent systems are endowed with predesigned
behaviors, online learning is required to enhance awareness
capabilities by interacting with the space environment in
reinforcement learning, aiming to maximize the expected
rewards during the interaction. Hence, multiagent awareness
are worth perfecting as follows:

(1) Given that the reward functions of agents are associ-
ated and hard to independently maximize, the deter-
mination means of multiagent learning goals can be
perfected rather than just converge to equilibrium

(2) Typical dimension reduction methods such as multi-
dimensional scaling are essential to avoid the curse
of dimensionality in multiagent reinforcement
learning

(3) For multiagent systems, the stability of agent
dynamic learning and adaptability to the behavioral
changes of other agents are expectedly improved

(4) To yield dissimilarity data in multiagent processing,
digital twin technology can be tentatively developed
for multiagent awareness

6.3. Synergetic Constellation Awareness Technologies. Gener-
ally, a constellation of sensor satellites is required to support
the space-based SSA if the target area is the whole near-earth
space. It is noteworthy that more satellites mean longer
cover time and broader coverage, thereby significantly
improving the capability of SSA, but more observation
platforms cost much. Hence, adopting satellite constellations
for the SSA is essential to achieve better awareness with
maximally low consumption.

Given the difference of space situations, constellation
design can fall into the targets in the geosynchronous orbit
and non-GEO target observations. Generally, the space-
based SSA constellations pertain to the GEO observation
constellations. Most of them employ the sun-synchronous
orbit at dawn and dusk (ascending node at 6 a.m. local time).
Since the targets of the mentioned missions are orbiting the
GEO, the sensing satellites achieve optimal observation light
conditions during these periods.
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In contrast, constellation design for non-GEO target
observation is more sophisticated than for the GEO targets.
It refers to an above-the-horizon (ATH) coverage and aims
to observe the coverage in space background, while conven-
tional below-the-horizon (BTH) coverage generally
considers the continuous coverage of the earth’s surface.
The horizon is tangent to the surface of the earth for the
conventional BTH coverage problem, while the concept of
tangential height shell was proposed in the ATH problem.
The tangential height shell and tangent line formulate a
tangent height cone, whose outer area is covered by the
above-the-horizon. Below-the-horizon coverage includes
the ground coverage and partial spatial background
coverage. Therefore, visible objects may exist by the satel-
lite’s sensor but locate within the tangent height cone, which
is outside the considerable area of the satellite for the ATH
coverage. Then, a dual-altitude band shell (DABS) is intro-
duced to the ATH coverage to solve this problem, consisting
of lower and upper target artillery shells. The target area is
outside the tangent height cone and within the DABS.
Figure 6 manifests part of relevant parameters in a single-
satellite case [280], where THS refers to tangential height
shell; LTAS and UTAS refer to lower and upper target
altitude shells, respectively, and TL represents the line origi-
nating at the satellite and tangent to the THS. The sensor
area locates outside the tangent height cone and within the
sensor range shell and the DABS. The purpose of this con-
stellation is to broaden this area maximally.

The optimal constellation for space-based observation
for a specific target is to use the minimal number of satellites
to provide the coverage level required by the DABS. First,
the constellation is assumed to cover multiple polar orbital
planes [281], and the height of satellites is within or above
the dual altitude zone [282]. It involves the spherical geom-
etry and streets of coverage to derive the formula of coverage
multiplicity, such as the number of satellites sharing the
observation areas. Then, coverage multiplicity is connected

to the number of the required orbital planes and satellites
for each plane and geocentric latitude coverage constraints.
Accordingly, the number of sensors required for the global
coverage of the DABS is fully determined by setting the
required coverage diversity and minimal latitude. Further-
more, the coverage scale provided by constellations can be
quantitatively analyzed [283]. The ultimate constellation
meeting the coverage requirements is designed by numerical
optimizations instead of specialized equations. It is found
that constellation parameters and coverage constraints affect
the coverage evolution. This study can realize complex con-
stellation design and synergetic situational awareness.

Overall, synergetic constellation technologies have been
deeply explored for the SSA. This part reviews and discusses
the mission requirements and coverage characteristics of
synergetic constellations. Given the increasing requirements
for farther awareness, non-GEO target observation
constellations will dominate this field. However, the non-
GEO constellations are complicated in design, weakening
flexibility and reliability in practical applications. The
research orientations are expected as follows:

(1) Appropriate perturbation compensation in syner-
getic constellation awareness should be developed
to maintain awareness capability in complicated
situations

(2) Satellite maintenance and reconfiguration control
are expected to perform for the in-orbit stabilization
and mission requirement changes

(3) Spare satellite strategies will be formulated to
improve the reliability and ensure the service quality
of the constellations in the SSA

(4) Bionic cluster technologies are expected for syner-
getic constellation control, thereby reaching the opti-
mal characteristics, including autonomy,
adaptability, and robustness

7. Conclusion

Space-based situational awareness is inevitable for space secu-
rity and order. It devotes to overcoming multiple threats. As
key technologies, data acquisition, target recognition, and mon-
itoring have been vigorously developed for the SSA. Various
mature applications are realized, such as cloud in data storage
and filtering, radar echoes in object identification, and photom-
etry in parameter estimation. Emerging algorithms, represented
by machine learning and artificial neural networks, tend to be
more intelligent and diversified. Hence, integrating mature
and emerging methods is promising for the SSA. Then, future
research on key technologies is indicated.Multiagent and syner-
getic constellation awareness are expected for future SSA, and
subsequent studies are definite. Finally, key conclusions and
insights from this paper are presented as follows:

(1) For the overall advance of the space-based SSA, full-
dimensional and multilevel domain awareness and
surveillance systems are activated. Space surveillance
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Figure 6: Geometry of dual-altitude band ATH coverage for a
single satellite, shaded area.
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systems are expected to have larger coverage, higher
accuracy, and shorter data updating. For system
devices, the working frequency will be changed from
the low to the high band. The fixed structures tend
to be flexible, and a lightweight design is implemented.
Furthermore, the working mechanism is evolved to
the distributed and full digital array. Distributed
space-based networks [284] are promising for full-
dimensional and panoramic awareness

(2) As an essential part of the SSA, perfect target feature
databases must be established to provide more prior
information for accurate and rapid situational
awareness. Relying on artificial intelligence and
cloud computing, the development strategies of
space big data should be formulated to promote
new-generation information technologies. Further-
more, efficient space traffic management [285] and
commercial services are expected for higher sustain-
ability and self-protection capability of space assets

(3) The current intelligent algorithms for target recogni-
tion and monitoring mainly adopt small sample learn-
ing. Most models possess slow inference after
deployment and cannot meet real-time requirements.
The models are complex, and spaceborne resources
can limit applications. Next, the current algorithms
have insufficient generalization. They meet the setting
of the unknown category, but the effect on the similar
category is better. However, it significantly declines as
the small sample category increases. The recognition
accuracy also sharply decreases due to the large differ-
ence between new tasks and dataset samples. There-
fore, designing the classifiers of different categories in
homologous sample space is necessary. The learning
transfers of heterogeneous data should be studied to
improve the model adaptability to the target intrinsic
feature changes in small samples

(4) Current space-based monitoring systems have compli-
cated in-orbit maintenance and significant influence
from cosmic radiation. Payload allocation in a single
satellite is also simplex. Multiagent and synergetic con-
stellation awareness overcome these limitations. More-
over, embodied intelligence [286] and deep, general,
and evolutionary learning can be applied to multiagent
systems and constellations for realistic multimodal
interaction. They contribute to the intelligent evolution
of situational awareness systems

In conclusion, the space-based SSA has advanced. More
optimistic prospects emerge as key technologies progress. This
work serves to comprehensively review and discuss these tech-
nologies for the SSA. We hope that it will propel the future
development of this field.
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