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Multi-branch attention SAR image ship detection based on YOLOVS

Hu Xin  Ma Lijun

(School of Electronics and Control Engineering, Chang’an University, Xi’an 710000, China)

Abstract: In view of the high noise of synthetic aperture radar images and inconspicuous imaging features, especially in complex scenes
such as sea and land boundaries, ports, and coastal reefs, it is difficult for common detection algorithms to extract target features from
SAR images, resulting in low detection accuracy and leak detection, etc. This paper designs a rotating target detection method based on
YOLOvVS, and proposes that the multi-branch attention module can be used for cross-dimensional information fusion, which can better
extract the location information and semantic information in SAR image targets. In addition, the boundary discontinuity will be caused by
rotating target detection, which will affect the regression of the bounding box. Therefore, the circular smooth label method is used to
transform the angle parameter from regression problem to classification problem, thus improving the accuracy. Finally, experiments are
carried out on HRSID and SSDD+ datasets, and the accuracy reaches 84.98% and 90. 13%, respectively, which is 1. 29% and 2. 57%
higher than the original YOLOvS algorithm, respectively. Experimental results prove the effectiveness of the proposed algorithm.
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Fig. 1 Network structure diagram
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Table 1 Add the comparison of detection results of different methods
SSDD+ HRSID
WIRES FPS Size
Recall Pre mAP Recall Pre mAP

YOLOVS 85. 86 87.56 84.32 80. 11 83. 69 81.33 20.9 179 M
YOLOv5( CSL) 86. 33 88. 96 86. 30 80. 54 84.35 82.02 20.9 185 M
YOLOv5( MBAM) 86. 21 88.37 85.56 80.97 83.92 82.38 20. 1 181 M
YOLOvS( CSL+MBAM) 87.42 90. 13 86. 43 81.73 84.98 83.91 20. 1 187 M
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Fig.5 Comparison of detection results

before and after improvement
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Table 2 Compares the results with different algorithms

SSDD+

HRSID

Jrik AP AP FPS Size
R-RtinaNet 84.38 82.65 13.8 295
ReDet 85.42 83.98 11.8 378
S2aNet 85. 65 84.28 17.3 331
R3Det 86. 83 84. 63 12.6 333
Ours 86. 43 83.91 20.1 187
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