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Tab.2 Index Parameters of Eight models
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Tab.3 Performance Indicators of the Eight Models on the Test Set
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YOLOv3 855 77.4 226
YOLOv5s 87.8 83.2 467
YOLOv5a 89.6 83.9 430
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Tab.4 Comparison of the Performance of the Two Models in the Testing Set
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Abstract:In view of the problems of high miss-alarm rate of small targets, heavy model weight, and detection
speed that fails to meet real-time requirements in side-scan sonar shipwreck detection method based on the
YOLOv3 model. The paper introduces the YOLOV5 algorithm and proposes a model based on YOLOvV5
according to the characteristics of the side-scan sonar shipwreck dateset. Try YOLOv5a, YOLOv5b, YOLOv5c,
YOLOvV5d, YOLOvV5s, YOLOv5m, YOLOV5I and YOLOvV5x under the basic framework of YOLOV5 with eight
different depth and width model structures.Choose the best structure use GA+K (Genetic Algorithm+K-mean)
algorithm to optimize the detection frame, and improve the loss function through CIOU_Loss. The experimental
results show that the improved YOLOv5a model is 0.3% and 0.6% higher than the original model in AP_0.5 and
AP_0.5-0.9, and has a substantial improvement compared with the YOLOv3 model, in which AP_0.5 and
AP_0.5-0.9 are improved by 4.2% and 6.1% and the the detection speed reaches 426 frames per second, which is
almost doubled that of YOLOV3, which is more conducive to practical applications and engineering deployment.
Key words: Side-scan Sonar Shipwreck Target; Detection Method; YOLOvV5 Model; CIOU_Loss; Genetic
Algorithm+K-mean Algorithm
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