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Lightweight Underwater Target Detection Algorithm Based on YOLOVS

LIANG Xiuman, ZHAO lJiayang, YU Haifeng
(College of Electrical Engineering, North China University of Science and Technology, Tangshan 063210, China)

Abstract: To address the problems of misdetection, omission detection, and low detection efficiency when
detecting underwater targets due to the complex underwater environment, a lightweight underwater target
detection algorithm with an improved YOLOvS model is proposed. First, to ameliorate the problem of
insufficient feature fusion in the neck network, the neck network of YOLOVS is fused with a BiFPN
bidirectional feature pyramid structure to improve the detection of the small target layer. Second, to address
the problem of the large number of parameters of the convolution module in the network and high
computational complexity, an Adaptive-Attention Down-Sampling(AADS) module is designed to replace the
convolution module in the backbone network to reduce the number of model parameters and amount of
computation. Finally, Large Separable Kernel Attention (LSKA) is introduced to strengthen the feature
extraction capability such that the model can focus on important information more accurately and improve
target detection accuracy. The experimental results show that in the underwater target detection dataset, the
improved algorithm improves the average detection accuracy by 1.4%, reduces the number of model
parameters by 43.3%, and reduces the computational complexity of the model by 15.9% when compared
with YOLOVS. This realizes a good balance between detection accuracy and detection speed.
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0.3%-+ 0.9%. 0.5%F1 0.8%. EIRIMA LSKA ¥ 5
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FELLIELG BRI TE T 1.3%, SEERDT 33.3%,
GPLOPs M 8.2 FF4%] 7.1, & 5MHIETHREE. L
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Table 3 Results of ablation experiment

Models BiFPN AADS LSKA mAP50/% mAP50-95/% Params/MB GFLOPs/G FPS/(f/s)
1 81.7 47.4 3.0 8.2 108
2 N 83.0 49.0 2.0 7.1 112
3 V 82.7 48.9 2.7 7.9 110
4 N 83.3 49.2 3.1 8.2 104
5 V 82.8 48.1 1.7 6.9 117
6 82.9 48.7 2.0 7.1 112
7 82.3 48.6 2.7 8.0 109
8 N V N 83.1 48.8 1.7 6.9 114

2.6 XTEESEIE
N T SR AIE SO B A L T AR SRR PR, 7
IF) — 000 A (0 1 O T R ek SR A A HE I H AR A
WEERAT TR LESEES, SRIass RNk 4 Fios.
F 4 RGN R

Table 4 Comparison results of different algorithms

Algorithms mAP50/ Params/ GFLOPs/ FPS/
% MB G (f/s)
SSD 74.4 26.3 62.8 26
Faster-RCNN  71.2 137 370 12
RetinaNet 58.4 38 170.1 23
YOLOvV3 73.0 61.9 66.2 25
YOLOv4-tiny 63.6 6.1 7.0 56
YOLOVSs 82.7 7.1 16.1 63
Ref. [28] 80.9 4.5 8.5 68
YOLOv7-tiny 81.6 6.0 13.2 70
Ours 83.1 1.7 6.9 114

oot B BB B B bRkl Bk A4S SSD,
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Fig.7 Comparison of detection effects
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