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Underwater object detection algorithm combining data
enhancement and improved YOLOv4

Shi Pengfei Han Song Ni Jianjun Yang Xin

(College of Internet of Things Engineering, Hohai University, Changzhou 213022, China)

Abstract ; Aiming at the problem of low underwater object detection accuracy caused by low-quality underwater imaging, different shapes
or sizes of underwater objects, and overlapping or occlusion of underwater objects, an underwater object detection algorithm combining
data enhancement and improved YOLOv4 is proposed. By adding CBAM ( convolutional block attention module) to the backbone of
YOLOv4—CSPDarknet53, the feature extraction ability of network model is improved. In order to enhance the multi-scale feature fusion
ability, the same-layer skip connections and cross-layer skip connections are added to PANet ( path aggregation network ). To enhance
the robustness of the network model, the data enhancement method PredMix ( prediction mix) is used to simulate the incomplete display
of underwater organisms such as overlap or occlusion. The experimental results show that the detection accuracy of the underwater object
detection algorithm combining data enhancement and improved YOLOv4 on URPC2018 dataset is improved to 78.39%, 7. 03% higher
than YOLOv4, which fully proves the effectiveness of the proposed algorithm.
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CSPDarknet53
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Fig. 1 Overall structure of YOLOv4
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Fig.3  Structure of channel attention module
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Fig. 4 Structure of spatial attention module
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Fig. 6  Structure comparison between PANet and DetPANet
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Fig. 8 Overlaps and occlusions of underwater objects
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Fig. 9 Pre operation flow of the dataset
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Table 2 Comparison test of PredMix

ER7S mAP/% /% WEE/% W/ % WS/%
baseline 71.36 83.40  79.66  61.46  60.93

GTMix 72.30 84.05  79.72  64.02  61.42
RandMix 72.22 84.93  79.71  63.29 60. 98
PredMix 73.38 86.70  80.71 63.99  62.12
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FEXI 18 F I YOLOv4 5 RS DL 2 A SC el i 1 YOLOv4
AL

Comparison of test results
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Table 3 The impact of improvements
on network performance

X7 FPS

baseline 15. 62

SSD 9.72

Faster R-CNN 3.19
) /

@ 11. 60

©) 13.37
O+ /

@+® 10. 84
®+B3 /

DO+2+® 10. 42

3 &

ASCHR T —Fh 25 G4 R ARG YOLOv4 (7K
™ H BRI AR e, 7E YOLOv4 1Y 3= 45 AiF 45 B R 2%
CSPDarknet53 HIER A CBAM 454E 1 3 Sy AL, LAHE = ™
LR RRRAAE SR 7 5 78 A2 I A R4 PANet H a8 Jin [7]
V2 Bk A R ke A A, LA iR O 25 A5 A 22 RS R A il
BB 5 $ i 75 1 5B 5y T R e i AR AR A
PE, SEEREE AR, 256 B0 1 o Rk YOLOv4 (17K
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