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Underwater Object Detection Method Based on Improved YOLOVS8s

FENG Yingbin,FU Shan

( Shenyang Ligong University , Shenyang 110159, China)

Abstract: To address the issues of color bias, blurring of details, and multi-scale and occlusion of
targets in the underwater environment, an improved underwater target detection algorithm SLG-
YOLOVS8s is proposed, which improves YOLOVSs. Firstly ,the underwater image is enhanced through
the Shallow-UWnet network to improve the contrast and clarity of the image. Secondly,a lightweight
multi-scale global attention( LMGA ) module is proposed,which integrates this module with the C2f
of the YOLOvV8s backbone. By dynamically adjusting weights for feature recalibration, the feature ex-
pression ability is enhanced and the computational workload is reduced. Finally, the information fu-
sion capability of the intermediate layer is enhanced through the Gather and Distribute ( GD ) mecha-
nism using cross layer feature fusion, thereby improving the detection efficiency of the model for
multi-scale targets. The experimental results show that the mAP of the SLG-YOLOvVS8s algorithm can
reach 95. 1% ,which is 5. 1% higher than the YOLOVS8s algorithm. The precision and recall rates are
improved by 4.5% and 5. 2% ,respectively. When the IoU of sea cucumber,sea urchin,sea star,and
scallop is 0. 5, the average precision increases by 4.3% ,5.3% ,5.6% ,and 5.5% ,respectively, and
the results of the study can be much helpful for underwater robot precision fishing.
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Table 2 Performance comparison of C2f fusion with different attention mechanisms
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Table 3 Comparison of performance metrics of different detection algorithms
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Jrk KR/ % %/ % mAP/% R[] /s
= THFH 525 Jad D
Faster R-CNN 86.9 90. 8 90. 6 1.250 90. 1 92.5 89.5 90.3
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ARSI 88.9 95. 1 95. 1 0. 029 95.6 94.5 94.3 96. 1
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Fig.10 Comparison diagrams of different algorithm results
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