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Lightweight Salmon Detection Model Based on Improved YOLO v7

ZHENG Rongcai' TAN Dingwen'? XU Qing’ CHEN Dayong' YUAN Kexin'
(1. Southern Marine Science and Engineering Guangdong Laboratory ( Zhanjiang) , Zhanjiang 524013, China
2. College of Mechanical Engineering, Guangdong Ocean University, Zhanjiang 524088, China)

Abstract; In order to achieve rapid and accurate identification of salmon in complex underwater
environments, a lightweight salmon detection model, YOLO v7 — CSMRep, was proposed based on YOLO
v7. Firstly, by adopting the Stem module, the first four convolutional operations in the backbone layer
were merged into an efficient convolutional operation, reducing the computational load of the model.
Secondly, the ELAN and ELAN — H modules of the YOLO v7 network were replaced with the multi-
directional reparameterization (MRep) module, which enhanced the one-way feature extraction capability
while greatly reducing parameters and calculations. Finally, at the end of the backbone layer, the
convolutional block attention module ( CBAM ) was integrated to enhance the network’s spatial and
channel feature extraction capabilities. The experimental results showed that the improved model’s
volume, parameter count, and computational load were reduced by 4.28% , 5.29% and 31.30% ,
respectively. The F1 score and mAP, ; were increased by 0.5 and 0.7 percentage points, and reached
93.1% and 97. 1% , respectively. Additionally, the frame rate was increased by 15.41% , and reached
140. 8 {/s. Compared with that of YOLO v5s, YOLO v6s, YOLO v7, YOLO v7 — tiny, and YOLO v8s
models, the mAP, ; was improved by 1.0, 2.0, 0.7, 0.8, and 1.2 percentage points, respectively.
Therefore, the method proposed can rapidly and accurately identify salmon and provide technical support
for biomass monitoring in deep-sea aquaculture.
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reparameterization ; convolutional block attention module
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Fig.1 Data enhanced images of salmon
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Fig.2 Manual marking of salmon
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Improved YOLO v7 network structure diagram
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Tab.1 Ablation test results
B4 Stem  MRep  CBAM S MR NI S /MBI R F1 {8/ % mAPy /% Wi/ (fs7")
1 X X X 3.648 x 107 74.7 1.032 x 10" 92.6 96. 4 122.0
2 Vv x x 3.634 x 107 74. 4 8.680 x 10'° 92.9 9.8 135.1
3 x Vv x 3.289 x 107 68.9 7.960 x 10'° 92.9 9.8 151.5
4 X X vV 3.664 x 107 75. 1 1.034 x 10" 93.1 96. 8 120.5
5 Vv Vv x 3.275 x 107 68.6 6.350 x10'° 93.0 9. 8 192.3
6 Vv Vv vV 3.455 x 107 71.5 7.090 x 10'° 93. 1 97.1 140. 8
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Tab.2 Results of experiments with different

attention mechanisms

EEI P/ R/ FL{H/ mAPy s/ mAP, o5/ BHIPYLE G
HLik % % % % % Ji & /MB
X 92.9 92.0 92.4 96. 4 73.7 74.7
ECA 94.1 91.9 93.0 96. 8 74.5 74.7
CA 94.1 91.8 92.9 96. 8 74.7 75.2
CBAM 94.2 92.1 93.1 96.9 74.8 75.1
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Tab.3 Comprehensive comparison results of different models
Bk F1 fH/% mAP, /% FERY Y 77 o i 4t/ MB S Tt R Wi/ (fos7")
YOLO v5s 91.8 9. 1 14.3 7.010 x 10° 1.580 x 10" 126.6
YOLO v6s 91.2 95.1 36.76 1.850 x 107 4,520 x 10" 118.1
YOLO v7 92. 4 96. 4 74.7 3.648 x 107 1.032 x 10" 122.0
YOLO v7 — tiny 91.9 96.3 12.2 6.010 x 10° 1.300 x 10"° 166.7
YOLO v8s 91.3 95.9 6.2 3.010 x 10° 8.100 x 10° 101.0
YOLO v7 — CSMRep 93.1 97.1 71.5 3.456 x 107 7.090 x 10" 140. 8
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Fig.8 Comparison of detection effect before and after improvement
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