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images, a method combining the global attention mechanism (GAM) module improved YOLO (you
only look once) v8 algorithm (GAM ~ YOLOv8) and the DeepSORT algorithm is proposed. The GAM
module is added to the YOLOv8 network structure to enhance the model’s ability to extract satellite
remote sensing image features and improve the accuracy and stability of ship target tracking. The data
enhancement technology based on the RGB (red, green, blue)- HSV (hue, saturation, value) fusion
color space conversion convolution module is implemented to expand the data set, helping the model
capture more dimensional feature information and further improve the recognition accuracy. The
DeepSORT algorithm is used to enhance the stability and accuracy of the tracking process by combining
the target's feature appearance and motion information, thereby effectively reducing identity switching
and target loss. Experimental results show that the proposed method of combining GAM — YOLOv8
with DeepSORT shows significant performance improvement in remote sensing image ship target
detection and tracking tasks compared with the original YOLOv8 model. The accuracy. recall rate, and
average precision are increased by 7.6%, 7.9%, and 6.0%, respectively. Meanwhile, the frame rate,

multi-target tracking accuracy, and multi-target tracking precision are improved by 17.7%, 6.9%, and

1.9% ., respectively, and the number of identity switches is decreased by 10.0%.

Key words: satellite remote sensing; deep learning; target tracking; YOLOv8
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Table 1 Experimental results of target detection models
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GAM - YOLOVS8 0.883 0.957 0.942

7 :SSD. single shot multiBox detector,
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Table 2 Calculation complexity of detection models before
and after improvement
B 24 i P GFLOP
#/MB
YOLOv8 3 006 038 6.2 8.1
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Table 3 Experimental results of target tracking models
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Fig.8 Tracking ship target diagram
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