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Lightweight improved YOLOvVS8 based underwater target detection model

Zhou Zhiyao Ma Changxia Yang Lisha Zhong Zhaoman Hu Wenbin

(College of Computer Engineering,Jiangsu Ocean University, Lianyungang 222006, China)

Abstract: Equipment that operates in harsh and variable underwater environments is essential for conducting
underwater research and development. The current underwater target detection models are too large in parameter count
and computation, which limits the deployment of underwater equipment with limited resources. In order to solve the
problem of excessive parameter count and computational volume of underwater detection models, a lightweight
underwater target detection model RCE-YOLO is proposed. Firstly, the spatial attention weights of RFAConv are
utilized to improve the ability of CBS to process the information in the receptive domain and to enhance the ability of
C2f to fuse spatial feature information, so as to enhance the model's ability of detecting small and dense targets.
Second, the CCFM is fused with the Dysample module, which is able to utilize the different scale information more
effectively and reduce the blurring and distortion produced by the original sampling through the internal point sampling
method. Finally, the Efficient multi-scale attention mechanism is fused in the SPPF forward propagation process.
which makes the model focus on the key information of the underwater target and reduces the false detection rate and
misdetection rate. The experimental results show that the improved lightweight model is validated on the dataset
DUOQO, and the mAP50 and mAP50: 90 values reach 83.6% and 64.2%, respectively, which are 1.4% and 1.2%
higher compared to the mAP50 and mAP50: 90 values of the benchmark model of YOLOvS, and the number of
parameters and the amount of computation drop by 32.3% and 0.9 G, respectively. compared to other The target
detection model meets the needs of underwater target detection in harsh and variable environments, and lays the
foundation for lightweight deployment of underwater equipment.

Keywords: underwater target detection;lightweighting; RFAConv module; CCFM module;attention mechanism
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Table 5 Performance comparison of different fusion

layer methods

Iy mAP50 mAP50:.90 S AR
PAN+FPN  82.2 63. 0 3006428 8.1
BIFPN™" 81.9 60. 0 2 783 400 8.1
Slim_Neck™  82.4 60. 2 2 798 940 7.3
CCFM-D 82. 4 62. 8 1969 436 6.6

T A 3 SRR A e i AT L3, 43 i 2 Carafe
F1 Unsample, PAZE & i Dysample 7646 0 P g - )08 B
IS5 Unsample A HC BRI T /08 1S 50 (B AE
K WA B2 J7 T T Unsample, {3 Dysample 75 & %%
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Table 7 Performance comparison of different

attention mechanisms

5k mAP50 mAP50:90  Z¥i HE
ACmix™" 83.1 63.8 2 312 664 7.4
CBAM™! 83.0 63.6 2116 640 7.2
IRMBF 82.9 63.9 2 366 812 16. 9
EMA"™ 83.6 64.2 2 034 988 7.2
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Fig. 7 Thermal results of densely occluded targets
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Fig. 8 Fuzzy object detection and thermal results
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Table 8 Performance analysis of ablation experiment
77 RFAConv C2f_RFA CCFM CCFM-D  SPPF-CE  mAP50 mAP50:90 Z%&# T
A — — — — — 82.2 63.0 3006 428 8.1
B N — — — — 83. 6 64. 2 3032 828 8.3
C — NG - — — 83.1 63.7 3044 348 8.4
D - - N - - 82.0 62.2 1 965 276 6.6
E — — — — N 82. 4 63.1 3007 660 8.1
F — — J J — 82.4 62.8 1969 436 6.6
G NG NG - — — 83.8 64.2 3070 748 8.7
H N N NG NG — 83. 6 63.8 2033 756 7.1
I N N N ~ N 83.6 64. 2 2 034 988 7.2
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F #BX} Neck #i 17— M iesh, Hd, L8 F E55% D W
FERE B Unsample 2 pl, T Dysample, ¥ F BEfS 14 (c) V5-p6 -
JOK T RBEAE B M EFE, HEFEE D, mAPS0 5
mAP50:90 4F B FF T 0. 2%H1 0. 6% . 28 E ¥ CBS 4 v ‘
¥ 5 EMA V2 AL AH @A B8 R 2 2] B [R5 18 2
A5 A R AR TR v TR A i A R R T A ‘
07 Wi # A — 5 #2 T+, mAP50 42 7F T 1. 4% . mAP50: 90 ("')Yn?lbox-
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Fig. 9 Detection results of different models
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