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Fig.1 Pathological images of fish surface
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Fig.2 Resnet-18 network structure diagram
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Table | Comparison of four network ablation modules
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AlexNet, VGG # 41 (VGG-16, VGG-19) |
ResNet & %1 (ResNet-18., ResNet-34, ResNet-50,
ResNet-101) . Swin Transformer L & DBA ResNet-
IS BER Y S 2% L I B 45 R KR 5 T /R o DBA
ResNet-18 ¥ sl iz 50 80 1.832 4 A2 0K, W & T
ResNet-18 1 1.822 344K , ik F Swin Transformer
ResNet-34, ResNet-50, ResNet-101, VGG-16 #1
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Table 5 Model complexity comparison results

pom Ulléﬁﬁlﬁ‘l‘ﬁ]/s JHEHR I (] /ms {?51515
Model Training Inference B/ A0k
time time FLOPs
AlexNet 58.8156 0.934 8 0.7571
VGG-16 158.828 7 2.3014 15.502 6
VGG-19 178.752 0 2.900 1 19.703 2
Resnet-18 80.224 9 1.2774 1.822 3
Resnet-34 119.943 2 1.8328 3.684 2
Resnet-50 147.562 7 2.2610 4.1431
Resnet-101 178.764 1 2.8249 7.8629
Swin Transformer 218.512 2 3.570 1 8.784 5
DBA _Resnet-18 87.176 4 1.582 6 1.8324
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= 2B 25 B 20 5 G HU5) A B R ) 1 B T BB A
TE B BRIE 4, 12 K 1Y 45 SR 23 75 Web B i 47 52 1]
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Fig.8 Intelligent visualization system for fish surface pathology recognition
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A method of identifying fish surface pathology based
on dual attention mechanism

WANG Yifei"*, YUAN Tao', WU Pengfei'*

1.College of Informatics, Huazhong Agricultural University, Wuhan 430070, China;
2.Key Laboratory of Smart Farming for Agricultural Animals, Ministry of Agriculture and
Rural Affairs, Wuhan 430070, China

Abstract The dataset of fish surface pathology was constructed based on four types of fish diseases
with high rate of incidence and great harm to fish to improve the accuracy and efficiency of identifying fish
surface pathology and solve the problems of heavy reliance on manual labor and low accuracy of identifica-
tion in the process of identification at present. An improved and optimized DBA_Resnet-18 model with
high accuracy of identification based on the Resnet-18 model was constructed by integrating spatial attention
and SE channel attention dual attention mechanism. A real-time intelligent visualization system for identify-
ing fish diseases was developed based on this model as well. The improved model incorporates SE channel
attention module in the middle of the network and introduces spatial attention mechanism at the end of the
network. The results of testing showed that the accuracy of the DBA _Resnet-18 model in classifying fish
surface pathology reached 96.75% , which was 1.71, 2.12, 2.37, 2.83, 2.51, 2.23, 2.50, and 3.53 per-
cent points higher than that of the commonly used models including Resnet-18, Resnet-34, Resnet-50,
Resnet-101, Swin Transformer, VGG-16, VGG-19, and AlexNet, respectively. It is indicated that the
proposed model and the developed intelligent visualization system for identifying fish diseases can quickly
and accurately classify and identify different fish surface pathologies, realizing the intelligence of the system
for identifying fish diseases, which can be used to diagnose the types of fish surface pathology in practical
environments.

Keywords fish surface pathology; deep learning; attention mechanism; Resnet-18; intelligent identi-

fication of fish diseases
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