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On-orbit object detection algorithm based on multi-scale feature fusion

Liu Yunhe
(Chang Guang Satellite Technology Co. , Ltd. , Changchun 130102, China)

Huo Dongsheng Wang Dong

Abstract: To improve the accuracy of on-orbit object detection in remote-sensing images under complex scenarios, this
paper proposes a detection method based on multi-scale feature fusion. First, a multi-scale feature fusion module is
designed to expand the model’ s receptive field, where parallel multi-channel fusion is employed to extract
multidimensional target features. Second, a spatial-channel feature interaction module is constructed by integrating an
attention mechanism to enhance the model’ s ability to capture detailed features in salient regions. Third, the
normalized Wasserstein distance is introduced to improve the loss function, optimizing the measurement of positional
offsets between overlapping anchor boxes and enhancing discrimination of densely overlapped targets. In addition, a
ship dataset named JS25k is annotated on “Jilin-1” satellite imagery with data augmentation and other preprocessing
steps. The proposed model achieves a final detection accuracy of 98. 2% , outperforming the latest YOLOv13 by 0. 6%
and exhibiting better performance than the RT-DETR series. When deployed on an edge-side embedded platform. the
detection speed reaches 92.3 fps. Experimental results demonstrate that the model effectively improves detection
accuracy in complex scenes while meeting real-time requirements for on-orbit applications.
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Fig. 1 The overall network structure of the MS-YOLO
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Fig. 2 Multi-scale feature fusion module structure
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Fig. 3 Spatial-channel feature attention module
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Table 1 Performance evaluation of the YOLO algorithms

AL mAP(0.5)/% Params/M FLOPs/G
YOLOv3 91.3 61.9 156. 4
YOLOv4 91.2 64. 4 142. 8
YOLOv51 97.1 44.0 107. 3
YOLOv6I1 96. 5 59.6 150. 7
YOLOvT7I 95.7 36.9 104. 7
YOLOv8I 96. 9 43.7 165. 2
YOLOXm 89.7 25.3 73.8

YOLOR_csp 89. 3 52.9 120. 4
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Table 3 Comparative experiments on different models

mAP(0.5)/ Params/ FLOPs/

F 7 Y i G
YOLOV9m 94. 9 89.1  20.1 76. 8
YOLOV9c 95. 4 90.4 25.5  102.8
YOLOV9e 96. 9 93.5 58.1  192.5
YOLOV101 96. 4 92.3  24.4  120.3
YOLOV10x 97. 1 93.8 29.5  160.4
RT-DETR-I 97. 8 — 42.0  108.0

RT-DETRv2-1 97.7 — 42.0  108.0
YOLOV111 97. 4 93.0  25.3 86. 9
YOLOV11x 97.7 93.8  56.9  194.9
YOLOVI121 97.0 92.8  26.4 88. 9
YOLOV12x 97. 6 93.9  59.1  199.0
YOLOV13l 97. 6 93.2  27.6 88. 4

MS-YOLO(ARF5Y) 98.2 94.8 47.4  110.1
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Fig. 9 Performance comparison of model algorithms
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