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Fig.1 Recirculating aquaculture test platform
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Fig.2 Sample data of Micropterus salmoides surface injury
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Table 1 Test results of different backbone network
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DIStarNet 93.8 87.4 93.5 63.0 1.55
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A':Origin image ; B: ConvNeXtV2;C:MobileNetV4; D: EfficientViT; E: YOLOvS; F : DIStarNet.
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Fig.8 Comparison of detection effects of different backbone networks
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Table 2 Results of ablation experiments
HOR Model ‘(Eﬁﬁ%%/% AR/ % SRS BEXIE % SRR R/ % B /(X 10%)
Precision Recall mAPy, mMAP; o5 Parameters
YOLOVS 92.2 87.5 90.5 62.8 3.01
YOLOv8+DIStarNet 93.8 87.4 93.5 63.0 1.55
YOLOv8+BIFPN 94.7 91.0 97.2 62.4 2.23
YOLOv8+CBAM 94.8 88.8 95.7 63.2 3.11
YOLOv8+SIoU 94.5 87.8 95.4 64.2 3.01
YOLOv8-+DIStarNet+BiFPN 94.8 91.4 96.6 64.1 2.05
YOLOv8+DIStarNet+BiFPN+CBAM 95.6 92.2 97.1 65.1 1.85
YOLOvV8-DBCS 95.8 92.4 97.5 66.2 1.85
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Table 3 Comparison results of detection performance of different models

8 Model HERR/ % B/ % OFEREENE/ % TR/ % BHR /(< 10°) R /(T /5)

T Precision Recall mAP;, mAP; 5 Parameters FPS
Faster-R-CNN#! 78.7 50.6 48.7 41.8 41.25 18.5
SSp 85.8 81.7 87.6 43.5 24.58 22.1
RetinaNet'?”) 88.3 80.1 86.8 42.4 36.2 46.4
YOLOVSs 91.1 90.4 89.8 62.1 1.76 74.9
YOLOV7-tiny 83.0 82.1 80.2 52.4 6.01 58.6
YOLOv8n 92.2 87.5 90.5 62.8 3.01 72.3
YOLOv10n 89.8 83.7 87.6 57.5 3.10 60.5
YOLOv1ln 89.2 85.3 90.1 58.7 2.62 66.8
GhostNetV3 87.5 82.6 88.3 55.2 2.72 70.7
YOLOv8-DBCS 95.8 92.4 97.5 66.2 1.85 75.2
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BB 2 25 J2 RO BT A, /N B ARFRAE S UR
7402, RetinaNet B985 A Focal Loss 3% 1 2 5]
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ed with blue circular boxes.
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Fig.9 Comparison of detection effects of different models
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Detecting characteristics of abnormal body surface in Micropterus
salmoides under recirculating aquaculture systems
based on YOLOvVS8-DBCS

ZHU Ming"*, WANG Rong', WAN Peng"*, LEI Xiang', FAN Hao'

1.College of Engineering, Huazhong Agricultural University/Ministry of Agriculture and Rural Affairs
Key Laboratory of Aquaculture Facilities Engineering, Wuhan 430070, China;
2.Ministry of Agriculture and Rural Affairs Key Laboratory of Agricultural Equipment in Mid-1Lower
Yangtze River, Wuhan 430070, China

Abstract  Micropterus salmoides 1s prone to bacterial and viral infections under recirculating aquacul-
ture systems (RAS). Characteristics of abnormal body surface in M. sa/moides including redness and white
spots may appear at the early stages of its illness. A YOLOv8-BCS model for detecting the characteristics
of abnormal body surface in M. sa/moides based on YOLOvVS was proposed to prevent large-scale mortality
in aquaculture. A dynamic depthwise convolution (DIConv) feature extraction network, DIStarNet, was
proposed based on the StarNet network. DIConv adaptively adjusted the convolution operation by designing
a dynamic convolution kernel weight mechanism, thereby effectively capturing multi-scale feature informa-
tion. A weighted bidirectional feature pyramid network (bi-directional feature pyramid network, BiFPN)
was introduced into the neck network to enhance the feature fusion capability of multi-scale information
from the backbone network. A convolutional block attention module (CBAM) attention mechanism was
added before detection to improve the learning and extracting images of the characteristics of abnormal body
surface in fish. The target recognition loss function was replaced with SCYLILA-intersection over union
(SIoU) to improve the overlap between the model’s predicted bounding boxes and the ground truth bound-
ing boxes, thereby further enhancing the accuracy of recognizing the characteristics of abnormal body sur-
face in fish. The results showed that YOLOv8 DBCS exhibited excellent performance of detection, with
evaluation metrics including Precision, Recall, mAP;,, and mAP;, ¢ being 95.8%, 92.4%, 97.5%, and
66.2% , respectively. Compared with that of the baseline model, these metrics increased by 3.6, 4.9, 7.0,
and 3.4 percentage point, respectively. The model size of YOLOv8-DBCS was 1.85 million parameters,
with a reduction of 38.5% compared with that of the baseline model. It will provide valuable reference for
detecting the characteristics of abnormal body surface and early warning of diseases under recirculating aqua-
culture systems for M. salmoides.

Keywords detecting the characteristics of abnormal body surface ; feature extraction network; feature
pyramid network; attention mechanism; loss function; Micropterus salmoides; recirculating aquaculture
systems (RAS)
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