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Table 1 Comparison results of ablation test results
- - N BT ] /ms
B R oo RRY RER/ CFERIEREUG SR/ OO s
Model Backbone Precision Recall mAP FLOPs .g . g
inference time
YOLOvV8n X X x 78.9 65.6 70.2 8.9 6.9
Bt 1 N x x 81.0 63.9 72.0 9.2 8.5
Improved 1
St x N/ x 80.5 67.5 71.6 9.0 7.5
Improved 2
Bt 3 N N/ x 81.9 69.5 73.1 10.5 9.0
Improved 3
B4 N/ x N/ 82.5 70.7 74.3 10.1 8.9
Improved 4
z'.gﬁm ~ N N 83.2 72.5 76.2 10.6 9.1
This study
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254 WE I8 Backbone 15 HBFPN $EF 4: 73 . Note: In the model, improved 1 is YOLOvVS com-

bined with dual-channel Backbone, improved 2 is YOLOvVS combined with ECSA attention mechanism , improved 3 is YOLOVS combined with
dual-channel Backbone and ECSA attention mechanism, and improved 4 is YOLOv8 combined with dual-channel Backbone and HBFPN fea-

ture pyramid.
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Table 2 Analysis of combination effect of different Backbone and FPN

. BN
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Fig. 7 Compare the visual detection effect of different Backbone and FPN combinations
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Table 3 Comparison results of different network models

PR ZH S [H] /ms

LA Kt/ % AR/ % SERSREIME/ Y /(X 10%) . . R K/N/MB
. o Single frame image .
Model Precision Recall mAP FLOPs . . Model size
inference time

M-G-YOLOv4™® 73.1 60.7 65.1 14.2 19.6 35.2
Improved-YOLOv5n'™ 76.5 62.8 71.1 3.8 11.1 6.6
YOLOv7-tiny"* 73.6 60.7 65.3 3.4 6.8 3.3
YOLOv9? 74.4 50.8 62.1 238.9 50.4 102.8
YOLOv10%2 76.3 60.9 64.3 8.4 4.5 5.8
CEH-YOLOv10n 78.2 63.2 66.4 9.1 6.7 6.0
Faster-RCNN 75.8 52.0 62.8 138 45 112.8
AHFFE This study 83.2 72.5 76.2 10.6 9.1 6.7
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Fig. 8 Comparison of baseline model and the detection effect of the study model
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A method of detecting fish diseases with CEH-YOLOVS based
on dual-channel and hierarchical synergism

RONG Hongyang', TANG Yonghua', LIN Sen”,ZHANG Zhipeng', WANG Tengchuan', LIU Xingtong'

1.College of Information Science and Engineering/Liaoning Province Key Laboratory of Machine Vision,
Shenyang Polytechnic University,Shenyang 110870, China;
2.College of Automation and Electrical Engineering , Shenyang University of Technology,
Shenyang 110159, China

Abstract A method of detecting fish diseases with CEH-YOLOVS based on dual-channel and hierar-
chical synergism was developed to solve the problems of the irregular shapes, unclear textures, and scat-
tered disease spots making it difficult to localize the true lesion areas in the detection of fish diseases. A du-
al-channel feature extraction network was introduced to enhance the ability of model to extract irregular le-
sion areas with unclear textures. Then, an efficient channel spatial attention (ECSA) mechanism was pro-
posed to improve the capability of model to recognize distributed targets. A hierarchical and balanced fea-
ture pyramid network (HBFPN) for was presented to reinforce the improved backbone network and per-
form hierarchical feature fusion on the information extracted from the backbone network at different levels
to enhance the ability of model to express feature. The results showed that the CEH-YOLOvVS network
had an accuracy rate of 83.2% , a recall rate of 72.5%, and a mean average precision (mAP) of 76.2%
in detecting fish diseases, respectively. Compared with the state-of-the-art (SOAT) YOLOv10 method
and the original model, it increased the accuracy rate, recall rate, and mAP by 6.9, 11.6, and 11.9 per-
cent points, and 4.3, 6.9, and 6 percent points, respectively. The inference time for a single frame was
9.1 ms. It is indicated that the improved YOLOVS network can accurately screen fish with diseases and be
used for early detection of fishery diseases to reduce economic losses.

Keywords detection of fish diseases; YOILOvVS; feature extraction network; attention mechanism;

feature pyramid
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