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Object Detection in Side-Scan Sonar Images Based on Deep Learning

TANG Rui, CHEN Yimin", GAO Jian, HAO Shaowen, WANG Yazhou
( School of Marine Science and Technology, Northwestern Polytechnical University, Xi’an 710072, China )

Abstract Object detection in side-scan sonar images holds significant application value in marine resource
exploration, underwater archaeological research, and national defense security. However, existing automatic
detection methods still face the challenge of low detection accuracy due to factors such as background noise,
resolution, and target scale variations in side-scan sonar images. To address these issues, a new target detection
method for side-scan sonar images based on deep learning is explored in this paper. By replacing the conventional
convolutions in backbone network of baseline model with space-frequency convolutions, this method effectively
extracts frequency texture features, significantly suppressing the impact of speckle noise in side-scan sonar images
on target detection accuracy. Furthermore, a multi-scale feature fusion module is used to improve the spatial pyramid
pooling-fast in the baseline model, enhancing the ability to detect small targets. Experimental results on the
shipwreck side-scan sonar dataset demonstrate that the proposed method achieves improvements of 4.05% and 5.61%
in mAP@50 and mAP@50: 95, respectively, compared to the baseline model.
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Application scenarios of underwater object detection
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Fig. 2 Overview of network structure
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Fig. 3  Structure diagram of space-frequency convolution
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Fig. 6 Visualization of detection results for multiple models
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