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Abstract. The article addresses the problem of automatic detection, segmentation, and clas-
sification of spacecraft using depth maps. The study was based on synthesized semi-natural data,
which made it possible to simulate various orbital imaging conditions and to provide accurate
ground-truth annotations for the quantitative evaluation of algorithms. Due to the instability
of texture and color features under real space conditions, the geometric structure of objects is
proposed as a key invariant feature. To solve the detection problem, a multi-stage algorithm has
been developed, which includes adaptive histogram equalization, local threshold segmentation,
morphological processing, and filtering of false contours based on geometric criteria. To classify
spacecraft, deep neural networks of the ResNet family were used in two configurations: based
on optical images alone and based on combined data (image + depth map). Experiments on a
synthetic dataset of 19440 images showed that the proposed algorithm significantly outperforms
the SAM 3 model in terms of detection accuracy (Precision 0.917 vs 0.171), ensuring a low level
of false positives. The multimodal approach to classification achieved an accuracy of 99.9%
(ResNet-152 model), confirming the effectiveness of using depth maps for reliable recognition
of spacecraft under near-real space imaging conditions.
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Annoramus. B ctaTbe paccMaTpuBaeTCs 3ajaua aBTOMaTUIECKOTO OOHAPYXeHUsI, CeTMEHTa-
Y 1 KJIacCU(PUKAINN KOCMUYECKUX alllapaToB ¢ MCIIOJIb30BaHMEM KapT IIyomHbl. Mccme-
MOBAaHUE MPOBENEHO Ha OCHOBE CHMHTE3MPOBAHHBIX MOJYHATYPHBIX JAHHBIX, YTO ITO3BOJIMIIO
CMOZIEIMPOBATh Pa3IMYHbIC YCIOBMSI OPOUTATbHON CHEMKHU M 00ECIIEUUTh TOYHYIO 3TaJIOHHYIO
pa3MeTKy IJIs1 KOJTUYECTBEHHON OLIEHKM aJropUTMOB. B CBSI3M ¢ HECTaOUJIbHOCTHIO TEKCTYp-
HBIX W 1IBETOBBIX MPU3HAKOB B peajbHBIX YCIOBUSIX KOCMoOCa IpelaraeTcsl UCIOIb30BaTh re-
OMETPUYECKYIO CTPYKTYpy OOBEKTOB KaK KIJIIOUEBOW MHBApMAHTHBIN NpusHak. Jisi pemieHus
3aJauyr OOHaApyXeHMs pa3padoTaH MHOTO3TAIHBINA aJTOPUTM, BKJIOYAIOIINI amallTUBHYIO
9KBaJIM3AINI0 TUCTOTPAMMBI, JIOKAJIbHYIO IIOPOTOBYIO CETMEHTAINIO, MOP(OIOTNIECcKYyI0 00-
paboTKy M (UIBTPAIIMIO JOXHBIX KOHTYPOB IO T€OMETPUUYECKUM KpuTepusM. Jasa kmaccu-
duKalMu KOCMUYECKUX alllapaToB UCHOJIb30BaIMCh ITyOOKME HEMPOHHBIE CETU ceMeiicTBa
ResNet B n1Byx KOHGUTypalMsIX: Ha OCHOBE TOJIbKO ONTUYECKUX M300paxkeHUl 1 Ha OCHOBE
KOMOWHUPOBAHHBIX NTaHHBIX (M300paxeHue + KapTa MIyOUHBI). DKCIEPUMEHThI HA CUHTE3U-
poBaHHOI BRIOOpKE M3 19440 m300pakeHUI MMOKA3alM, YTO IPEIIOXKECHHBIM aJrOPUTM 3Ha-
YUTEIBHO MPEBOCXOIUT MoAeab SAM 3 mo TouHocTu obHapyxeHus (Precision 0,917 mpotus
0,171), obecneunBass HU3KUI YpPOBEHb JIOXKHBIX cpabaTbiBaHMii. MylTbTUMOAATBHBIN TTOIX0M K
KJ1accuUKaIMK TO3BOJIMII TO0CTUYb TouyHOCTH 99,9% (Monmenb ResNet-152), uyTo moarBepxaa-
eT 3(pHeKTUBHOCTh MCTIOJIB30BAHUS KapT TJIYOMHBI JUISI HAJeXXHOTO paciio3HaBaHUsSI KOCMUYE-
CKMX almnapaToB B YCIOBUSIX KOCMUUYECKOUN CheMKHU, TPUOTMKEHHON K peayibHOI.

KiroueBble cj10Ba: KOCMMUYECKKE anIiapaThl, CAHTETUUECKHE JaHHbIC, OOHApy:XeHHUEe 0O0BbEKTOB,
KOMITbIOTEPHOE 3pEHME, KapThl TJTyOUHbI

Jlnga muruposanmna: Pavlov V.A., Tsytsulin A.K., Savischenko N.V., Avetisyan V.G. Identification
of spacecraft at close range using depth maps // Computing, Telecommunications and Control.
2026.T. 19, Ne 3. C. 7—17. DOI: 10.18721/JCSTCS.19301

Introduction

Spacecraft rendezvous control is a critical task due to the complexity of space missions. The grow-
ing number of programs for servicing stations, assembling structures in orbit, and exploring the Moon
requires more precise rendezvous and docking methods. This is essential for the safety of crews in man-
ned missions and for the success of automated missions [1].

In 1962, a method of multi-stage spacecraft rendezvous was proposed, which was a significant event
in the history of space exploration. This process involved guidance based on data from Earth, semi-au-
tomatic control using radar, automatic docking at a distance of 100 to 200 meters, and final manual
docking [2]. Once docking technology had been developed, television systems were used to monitor the
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process. This equipment allowed the distance between the spacecraft and their relative position to be
determined throughout the rendezvous phase.

In [3], an adaptive approach to spacecraft rendezvous control is proposed, which adjusts the cam-
era’s resolution and frame rate according to distance. At long distances, high resolution and low frame
rate are used; at short distances, the opposite is true due to pixel grouping. This optimizes the balance
between static and dynamic errors. To further optimize the system, an information function is also
proposed that takes into account data loss, transmission speed, and encoder complexity. In the same
work [3], a method for adapting the frame rate for monitoring spacecraft is proposed that optimizes the
signal accumulation time depending on the distance to and brightness of the object. The algorithm is
based on a criterion that minimizes the decision delay and the risk of error due to noise. The developed
algorithm automatically controls the frame rate, which improves the efficiency of spacecraft observation
and control systems.

In [4], an approach to creating a space-based video system that operates with limited a priori data
is explored. It is based on the relationship between illumination and image dynamics, which allows the
observed distance range to be expanded by adapting the frame rate.

Currently, due to the large number of spacecraft and variations in their configurations [5], an im-
portant area of research is the integration of artificial intelligence-based computer vision into onboard
television systems [6].

In [7], the integration of computer vision into onboard systems for adaptive spacecraft rendezvous
control is described. It is proposed to adapt the image processing and encoding parameters depending
on the approach stage. This, combined with object recognition and tracking algorithms, improves cont-
rol accuracy and reduces computational load.

In [8], a method is proposed for assessing the accuracy of distance and spatial orientation meas-
urements based on the method of proportions, applicable to a single-camera matrix television system
when the object type is known. When a spacecraft approaches an object under conditions of a priori
uncertainty of the object class, the use of spatial information about the object, formed on the basis of
depth maps, becomes key.

The aim of this study is to develop and evaluate a comprehensive approach for the automatic detec-
tion, segmentation, and classification of spacecraft at close range using depth maps and multimodal
data to ensure reliable identification under varying orbital imaging conditions.

To achieve this aim, the following research tasks were addressed:

1) compiling a representative synthetic dataset of spacecraft 3D models with generated depth maps
and precise ground-truth annotations;

2) developing a multi-stage algorithm for spacecraft detection and segmentation based on depth
map analysis;

3) quantitatively evaluating the proposed detection algorithm against modern neural network base-
lines;

4) investigating the effectiveness of a multimodal approach to spacecraft classification by combining
optical images with depth maps using ResNet architectures.

Materials and methods

In this study, 90 3D spacecraft models were selected for the experiments. The models were obtained
from the “3D Resources” open database of the National Aeronautics and Space Administration (NASA)'.

The dataset was compiled based on the principles of representativeness, technological diversity, and
operational significance. The key criterion was to cover all major types of space missions. The sample
includes scientific observatories for astrophysical research (such as “Hubble Space Telescope”, “Chan-
dra X-ray Observatory”, “James Webb Space Telescope”, and others), specialized spacecraft for Earth

! 3D Resources — NASA Science. [online] Available at: https://science.nasa.gov/3d-resources/ (Accessed 14.09.2026).
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a)

Fig. 1. Data visualization: original image of the spacecraft (a); depth map ()

and solar observations (such as “Aqua”, “Terra”, “Solar Dynamics Observatory”, and others), and plan-
etary and interplanetary stations (such as “Cassini-Huygens”, “Voyager”, “Dawn”, and others). To
ensure the completeness of the analysis of structural forms, the set includes standardized models of
small spacecraft, such as several CubeSat configurations (1RU, 2RU, ICECube etc.), which allows for
comparing the unique geometric solutions of flagship missions with typical platforms. The dataset also
provides historical retrospective — from early missions (“Pioneer 10”, “Skylab” etc.) to the most recent
projects (“Parker Solar Probe”, “OSIRIS-Rex” etc.). In addition, it includes critical elements of space
infrastructure, such as Tracking and Data Relay Satellites, which are essential for operational monito-
ring of near-Earth space.

Based on automatically centered 3D models, images were generated with a 60° rotation step around
the Y, X, and Z axes, ensuring full coverage of all angles (216 images per class). Each image was saved
on a transparent background. The objects were then placed on a realistic starry background with random
scaling (from 50 to 150%) and position. The images were converted to grayscale to emphasize structural
features, which is consistent with the conditions of practical space observation. For each image, a depth
map was generated using Depth Anything V2 MDE model [9], which provides a relative distance to
different parts of the device, preserving important 3D geometric information. These maps allow for the
separation of objects from the background and the training of a classifier model based not only on visual
textures but also on spatial features of the shape. Additionally, an annotation file was created for each
image, containing the coordinates of the rectangle, polygon, class name, and image metadata.

Figure 1 shows a generated image of the ACRIMSAT solar observatory (Fig. 1, a) and a depth map
(Fig. 1, b) obtained using Depth Anything V2 model.

Detection and segmentation of spacecraft based on depth

To solve the problem of extracting spacecraft from depth maps, an algorithm was proposed that
avoids the drawbacks of neural network methods. The main criteria for development were maximum
speed and autonomy: the algorithm does not require pre-training, reference databases, or the use of mo-
tion features. The key informative parameter is the depth feature, which allows for reliable segmentation
of objects regardless of their dynamics. The proposed algorithm for detecting and selecting spacecraft
implements a multi-stage processing of depth maps. The method is based on a step-by-step processing
that includes adaptive contrast enhancement, nonlinear segmentation, morphological post-processing,
and geometric filtering of false detections.

In the first stage, the depth image is pre-processed using Contrast Limited Adaptive Histogram
Equalization (CLAHE) [10]. The CLAHE algorithm splits the image into a regular grid of 8x8 pixel

10
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blocks and performs histogram equalization in each block independently, limiting the contrast gain fac-
torto C Lo Mathematically, the operation is described as:

Ie (X, y) = CLAHE(Idepth (x’y)aSgrid’CLimit)’

where [ depth is the original depth map.
Adaptive thresholding binarization [11] is used for object segmentation, which calculates a local
threshold 7(x, y) for each pixel based on the average intensity value in a 11x11 pixel neighborhood:

b

255, 1, (x,y) > Woea (x,y)—K
B(x,y):{o else -

where p, . is the local mean in the Gaussian window, and K is the offset that provides sensitivity to
low-contrast depth gradients.

The binary mask often contains noise and discontinuities. To eliminate them, the morphological
closing operation is used:

M psea :(B®S)@S’
where @ and © are dilation and erosion operations, respectively, and S is a 5x5 structural element
(kernel). This procedure eliminates small holes inside objects and connects closely spaced fragments.
A subsequent dilation step compensates for gaps in the contours of elongated structures, such as solar
panels and satellite antennas.

Contour detection is implemented using the algorithm described in [12], which builds a hierarchy
of contours using boundary topology analysis. To eliminate object fragmentation, a heuristic algorithm
is used to merge nearby contours based on the distance between their centers of mass. The center of mass
of a contour C is calculated using the moments:

M M
c =l o o

X y
MOO MOO
where M is the zero moment (area), and M, and M are the first moments.

False detection filtering is based on geometric shape invariants. Each contour is estimated by its area
A, perimeter P, and circularity coefficient:

4n4

C=—

The remaining contours are sorted by area in descending order, and no more than two largest objects
are retained. For each object, a bounding rectangle R is constructed and projected onto the original
image for visualization.

Standard metrics based on the intersection of predicted and true bounding boxes were used to quan-
tify the effectiveness of the detection algorithm [13]. The basic formulas for calculating key indicators
are presented below.

Intersection over Union (IoU) is a measure that determines the degree of overlap between the pre-
dicted BP and the true Bg ,rectangle:

11
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Area(B,NB,,)
Area(B,UB,, )

IoU(B,,B,, )=

The IoU threshold (usually denoted as 0) is used to classify a prediction as either a true positive (TP)
or a false positive (FP).
Precision is the proportion of correct detections among all predicted detections:

1P

Precision = ———.
TP+ FP

Recall is the proportion of true objects detected among all objects in the sample:

TP

Recall=——,
TP+ FP

where FN (False Negative) is the number of undetected true objects.
F1-score is the harmonic mean between Precision and Recall:

Fl-score = 2 x Recall x Precision

Recall + Precision

To evaluate the quality of semantic image segmentation, the Dice coefficient is used, which measures
the degree of intersection between the predicted Mp mask and the Mgt reference:

2xIM M
Dice(Mp’Mgt)_W
p gt

2

where |M » NM gt| is the number of common pixels in both masks (intersection), is the
total number of pixels in the predicted and reference masks, respectively.

The Segment Anything Model 3 (SAM 3) [14] was chosen as the modern baseline approach for com-
parison, due to its ability to operate in “zero-shot” mode without requiring pre-training or fine-tuning
on target data. Table 1 presents the test results on a sample of 19440 images (90 classes x 216 images per

class).

Mp| + |Mgt

Table 1
Testing results of the proposed algorithm and SAM 3 on a test sample
Method Precision Recall F1-score IoU Dice
Proposed 0.917 0.968 0.942 0.877 0.853
SAM 3 0.171 0.342 0.228 0.841 0.909

Figure 2 shows an example of detecting (a) and segmenting (b) the ACRIMSAT spacecraft using
depth maps.

As can be seen from the Table 1, the proposed algorithm significantly outperforms the baseline SAM
3 in terms of the main detection metrics. The Precision of the proposed method is 0.917, which is more
than five times higher than the corresponding value of SAM 3 (0.171). This indicates an extremely low

12
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b)

Fig. 2. Example of detection (a) and segmentation (b) of the spacecraft

level of false positives: there were only 1705 false positives compared to 32177 for SAM 3. The high
Recall value (0.968 vs 0.342) confirms the reliability of object detection: the algorithm successfully
identified 18824 out of 19440 objects (96.83%), missing only 616 (false negative).

Despite the fact that the SAM 3 demonstrates segmentation quality indicators comparable to those
of a specialized algorithm (Dice 0.909 and Mask IToU 0.841), its practical application for the task of
spacecraft detection is ineffective due to the extremely high level of false positives. The low Precision
value of SAM 3 is due to its architecture, which is designed for the segmentation of arbitrary objects,
which in the context of specific data leads to numerous false detections against the background of
stars, noise, or the spacecraft’s own structural elements. The proposed algorithm, due to the use of
depth features and multi-stage geometric filtering, provides high detection accuracy.

A quantitative assessment of the segmentation quality of the proposed algorithm (average Dice =
= 0.853, average IoU = 0.877) confirms that the generated masks are well aligned with the true object
boundaries. The slightly lower Dice value compared to SAM 3 is compensated by higher localization
accuracy and the absence of training requirements. Therefore, the developed method provides an op-
timal balance between the completeness of detection and the accuracy of contour extraction, making
it more suitable for autonomous depth image processing systems.

Classification of spacecraft

In the conditions of orbital imaging, textural and color features are often unstable, while the geomet-
ric structure of the object remains invariant to the conditions of external illumination. In this regard,
the use of multimodal approaches that combine semantic information from the image with information
about the spatial structure of the object becomes particularly relevant.

ResNet architectures [15] were chosen for the classification of spacecraft, as their structural fea-
tures allow for effective solution of this computer vision tasks. The key factor in the choice was the
concept of residual learning, implemented through blocks with through-the-stack connections. This
architectural solution avoids the problem of gradient decay, which is critical when training deep neu-
ral networks. Images of spacecraft are characterized by a high variety of angles, specific illumination
conditions in outer space, and the presence of many small structural elements. The ResNet archi-
tecture provides deep feature differentiation: the initial layers of the network successfully identify the
boundaries and textures of surfaces, while the deeper layers form a high-level representation of the
topology of specific types of spacecrafts.

The experiment was conducted using ResNet architectures (18, 34, 50, 101, 152) pre-trained on
the ImageNet dataset. The output fully connected layer of each model was replaced with a new linear

13
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Table 2
Training parameters for classifiers

Parameter Value
Batch size 64
Optimization method Adam
Initial learning rate 1073
Loss function Cross-entropy
Number of epochs 30

layer with the number of neurons equal to the number of spacecraft classes (90 classes). The training
parameters are presented in Table 2.

All input images were scaled to a size of 128x128 pixels. Each model was trained on an Nvidia RTX
2080 TI graphics accelerator with 11 GB of video memory.

Based on the generated scenes with spacecraft, a dataset was prepared for solving the classification
task. From each pair of images and depth maps, the area containing the spacecraft was extracted using
annotations. The dataset was randomly divided into three non-overlapping sets: training set (70% of
the dataset, 13680 images), validation set (15% of the dataset, 2880 images), and test set (15% of the
dataset, 2880 images).

Two series of experiments were conducted to evaluate the effectiveness of ResNet. In the first stage,
the models were trained exclusively on the original spacecraft images. A comparative analysis of the
quality metrics of the ResNet models on spacecraft images is presented in Table 3.

Table 3
Comparative analysis of ResNet model quality metrics on spacecraft images
Model name Layers number Accuracy Precision Recall F1-score
ResNetl18 18 0.964 0.964 0.964 0.964
ResNet34 34 0.967 0.965 0.965 0.965
ResNet50 50 0.970 0.971 0.971 0.971
ResNet101 101 0.976 0.978 0.977 0.977
ResNet152 152 0.979 0.980 0.979 0.979

The results presented in Table 2 demonstrate an increase in classification quality with an increase in
the depth of the architecture. The ResNet18 model shows high accuracy (0.964), which confirms the
effectiveness of residual connections even for relatively shallow networks. The transition to ResNet34
and ResNet50 provides an Accuracy increase of 0.3% and 0.6%, respectively, due to a richer hierarchy
of extracted features. The best result among models trained on visual images only is demonstrated by
ResNet152 (Accuracy 0.979). This shows that deep architecture is capable of capturing subtle differ-
ences in textures and shapes of 90 classes of spacecraft. All metrics (Precision, Recall, F1-score) are
balanced and almost identical to Accuracy, which indicates that there is no class imbalance in the test
set and that the predictions are stable.

The key result of the study was obtained in the second series of experiments, where the classification
of combined data (an image supplemented with a depth map) was performed. A comparative analysis of
the quality metrics of the ResNet models on combined images is presented in Table 4.
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Table 4
Comparative analysis of ResNet model quality metrics on combined images
Model name Layers number Accuracy Precision Recall F1-score
ResNet18 18 0.988 0.988 0.987 0.988
ResNet34 34 0.992 0.993 0.992 0.993
ResNet50 50 0.996 0.996 0.996 0.996
ResNet101 101 0.998 0.999 0.999 0.999
ResNet152 152 0.999 0.999 0.999 0.999

Adding depth maps to the original images improves all quality metrics for each of the architectures
considered. The baseline ResNet18 model on the combined data (Accuracy 0.988) outperforms the
deepest single-modal ResNet152 model (Accuracy 0.979). This strongly suggests that geometric in-
formation (depth) is a more stable and informative feature in space imaging conditions than texture or
color.

The ResNet34 architecture has the highest relative increase (Accuracy increased from 0.967 to
0.992, an increase of +2.5%). The deepest models — ResNet101 and ResNet152 — achieve almost perfect
results (Accuracy 0.998 and 0.999, respectively). The classification error of 0.1% for ResNet152 can be
explained by the presence of heavily noisy or non-standard viewing angles, where even geometric in-
formation is interpreted ambiguously. Nevertheless, the 99.9% result confirms that the “image + depth
map” combination allows ResNet-based networks to solve the task of spacecraft classification with high
reliability, minimizing the impact of external conditions and visual interference.

Conclusion

As part of this work, based on synthesized semi-natural data, a complete data processing cycle for
automatic spacecraft recognition was developed and tested, including the stages of detection, segmen-
tation and classification. The use of synthesized scenes made it possible to provide accurate reference
markings (ground truth) and controlled modeling of various orbital survey conditions, which is impor-
tant for quantifying the proposed algorithms.

To solve the detection problem, an algorithm based on the analysis of depth maps is proposed. Un-
like neural network approaches, it does not require pre-training and demonstrates high efficiency. An
experimental comparison with the modern neural network model SAM 3 on a synthetic dataset showed
that the proposed algorithm provides superior detection accuracy (Precision 0.917 vs 0.171) while main-
taining high completeness (Recall 0.968).

In the classification task, the potential of a multimodal approach that combines standard images
and depth maps was explored. A series of experiments with ResNet-based architectures confirmed that
adding depth information improves recognition accuracy. Combining images and depth maps allowed
the ResNet152 model to achieve high classification rates (Accuracy of 99.9%), while classification based
solely on optical images achieved around 97.9% accuracy.

Consequently, the research tasks formulated in the introduction have been fully accomplished. The
developed comprehensive approach, which combines fast depth-based detection and accurate mul-
timodal classification, is proven to be an effective and reliable solution for autonomous navigation,
inspection, and tracking of space objects at close range, adapting to varying orbital conditions, fully
achieving the stated aim of the study.
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