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Detection Method for Space Dim and Weak Group Targets in Dense Star Fields
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[ Abstract] The high similarity between spatial‘targets and background features in dense star fields can easily lead to
numerous false alarms during detection. In‘addition, space targets often exhibit weak and dim features under long-
distance detection conditions and are obstructed by bright stars during motion, resulting in difficult detection and
high missed detection rates. In response to these issues, this study proposes a dense stellar background dark and
weak spatial object detection model FRR-YOLOv8 based on the YOLOv8 framework, which uses a large kernel
depth and separable convolutions at different levels and combines grayscale and connected domain discrimination to
refine object segmentation. First, the C2f convolutional layer is used to replace the ordinary convolutional layer of
the Spatial Pyramid Pooling Fast (SPPF) module in the original YOLOv8 network. By convolving feature maps at
different levels, the model can obtain more contextual information, promote the detection of small objects and low
signal-to-noise ratio targets, and solve the problem of high missed detection rate caused by weak target features.
Second, the Real Time Models for object detection (RTMdet) structure is used as the head part of the YOLOvVS
network. Large kernel depth separable convolutions are introduced into the basic units of the model structure to
increase the receptive field, balance the computational and parameter requirements between different resolution
levels, and increase the feature extraction ability of the basic construction units. In this module, the grey level and
connected domain judgment are combined to finely locate the target area from the overall frame selection to the
individual neighborhood, solving the detection interference caused by dense background stars. The improved
algorithm is tested on both simulated and real image datasets. The mAP@O0.5 index reaches 94. 6% on image
datasets with signal-to-noise ratios ranging from 0.5 dB to 1 dB, which is 10.8% higher than that of the original
YOLOV8 model. This result proves that the FRR-YOLOv8 model can detect targets in dark and weak spaces.
[Key words] YOLOVS; deep learning; space target; dense background; low Signal-to-Noise Ratio (SNR)
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Table 5 Ablation experimental results

B/ mAP@O.5/ S8/ KR/
[BES

% % 10° ms

YOLOvS 72.6 83.8 49.8 10. 3
YOLOv8+SPPFF 83.3 90. 1 80. 0 10.7
YOLOv8+RTM-R  73.8 84.8 65. 0 10.0
Ours 89.3 94. 6 96. 5 12.8
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Table 6 Comparative experimental results

BlA#/ mAP@O. 5/ Z%m/  AbIHiE/

s % % 10° ms
HOG+SVM 47.1 4.1 — 1 600.0
LCM+PF 55. 6 17.1 — 1.200.0
Faster R-=CNN 75.0 67.0 108. 0 38.9
DETR 68.7 64. 2 129.0 28.0
YOLOvS 35.7 40. 2 70. 6 9.7
YOLOv6 67.8 77.2 140. 8 28.8
YOLOv7 78.9 83.3 124.2 17.9
RT-DETR 86.5 80. 2 234.0 25.7
MDS-YOLO 69.5 72.5 80.0 11.2
RSD-YOLO 87.8 89. 6 102.0 14.3
DCD-YOLO 73.4 78.8 52.0 10. 3
Ours 89.3 94. 6 96. 5 12.8
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Fig.7 Schematic diagram of pipeline filtering
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Fig.8 Simulation image and 3D diagram
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Fig.9 Processed simulation image and 3D diagram
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Fig.11 Processed real image ‘and 3D diagram
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Fig.12 Training and detection results
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Fig.13 Real data detection results
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