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Abstract: Video satellites can obtain high spatial resolution video information, providing effective data support for the
detection and analysis of moving targets. However, due to the disadvantages of low target pixel proportion,unclear texture
details,and complex background in satellite video images ,there are significant difficulties in detecting moving targets from
satellite videos. Thus,on the basis of the backbone network of YOLOvS, this paper proposes a new detection method of
motion targets in satellite video based on deformable convolutional neural network and Shuffle Attention. Firstly,a C2{-DCN
module is designed to replace the C2f module in the original model backbone network for improving the model’s ability of
extracting features from targets with different types and different scales. Secondly,a lightweight Shuffle Attention mechanism
is added in front of the detection head to strengthen important features while ensuring the computational speed of the
model , enhancing information communication between channels,and improving the model’s feature fusion ability. Finally,to
improve the learning ability and inference efficiency of the model,the Inner-CloU loss function is adopted,and the concept
of auxiliary bounding boxes is introduced for solving the problem of small proportion of target pixels in satellite video
images. Comparative experiments are conducted using the SAT-MTB satellite video image dataset, and the experimental
results show that the accuracy,recall,mAP50:95,and F1 scores of the algorithm are 75.3%,62.8% ,34.9% ,and 68.48,
respectively. Compared with the original YOLOv8n network ,above indexes are improved by 11.6% ,4.2% ,3.0% ,and 7.44.
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Thus, the effectiveness and superiority of the proposed method is verified.

Key words ;satellite video, YOLOv8, lightweight attention mechanism, deformable convolution, auxiliary border regression
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Fig. 1 Overall technical flowchat of the proposed method
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Fig.2 Schematic diagram of deformable convolution
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Table 1 Results of ablation experiment

C2{-DCNv2 SA Inner-CIOU Precision/ % Recall/ % mAP@ 0.50-0.95 F1 FPS/ (frame/s)
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X X v 72.0 61.1 32.3 66.1 227
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Fig. 6 Visualization experimental results of the proposed satellite video moving object detection method

TR 6(a) T, AR SCHR YT YOLOVS B TR H AR KNS R REAS 75 H s o0 A 2 4R ELIT o5 1R 3 3¢
AR I BORAAIIRG EE. eI 6(b) S8 B AEAR B AR BN H B 1 5) 3% =2 B R
AR RN B AT ARSI 0 , T LA AR S FARAS IR R AT LA A2 AR 16 0 T 58 i TR AT sl
255 e 6 (), s sl P YA R AAZ A I 1 K2 BRI A XESE | AR SCAY T 12 R R BE RS S B L ks
JEARGIN.
2.3 XfLEsRE

S UE B AR SCRsCE AR Y A S5 A B | B GOLD-YOLO!™! | LSKNet' ! F1 Swin Transformer > L
AR L E BRI I, JE R SAT-MTB TSR UM 19 KR A 06 7 8 L 520 | EL A 5 i L 45 5
HIF% 2.

®2 X DEMMER BIRENE AR T &3 R AR

Table 2 Comparative experimental results of different methods for detecting moving objects in satellite videos

YOLOv8n DETR SSD F-RCNN GOLD-YOLO LSKNet Swin Transformer Ours

Precision/% 63.7 41.4 61.2 23.9 58.6 61.8 60.7 75.3
Recall/ % 58.6 57.7 50.9 63.6 63.4 53.8 59.6 62.8
mAP@ 0.50-0.95 31.9 20.7 22.8 19.8 30.3 24.4 25.4 34.9
F1 61.0 48.2 55.6 34.8 60.9 57.5 60.1 68.5

FPS/ (frame/s) 234.0 17.0 36.0 12.0 161.0 17.0 17.0 222.0
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Fig.7 Detection results of aircraft objects using different moving object detection methods on the SAT-MTB dataset
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Fig. 8 Detection results of ship objects using different moving object detection methods on the SAT-MTB dataset
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Fig. 9 Detection results of train objects using different moving object detection methods on the SAT-MTB dataset
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