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Improved underwater biological detection algorithm based on YOLOvS8n
YU Cong

(Information Center, Nanchang Health School, Nanchang 330006, China )

Abstract: In view of the complex and changeable underwater environment, such as insufficient light, small size of objects and
dense distribution of organisms, the quality of underwater images is limited. In order to solve these problems, an improved
underwater biological detection algorithm YOLOv8n-MSC based on YOLOv8n is proposed. In YOLOv8n, a Multi—Head Self-
Attention module (MHSA ) and a SPatial Depth Conversion convolution module ( SPD-Conv ) are added to improve model
performance. The MHSA module captures the relationship between different parts of the input data through multiple attention heads,
enhances the attention mechanism of the model, and improves the representation ability of the model. The SPD-Conv module
improves the feature extraction ability of the convolutional neural network by converting the spatial information of the image into
depth information, so that it can capture richer feature information. The experimental results demonstrates that mAP @ 50 is
improved by 2.2% compared with the baseline model YOLOv8n, which verifies the feasibility and effectiveness of the method.
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Fig. 3 SPD-Conv transformation process
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Table 1 Experimental training parameters
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Ak A% (Optimizer) e
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Table 2 Comparative experiments of different attention mechanisms %
Models A Precision Recall mAP@ 50
echinus holothurian starfish scallop

YOLOv8n 90.9 73.2 89.6 83.9 83.7 77.0 84.4
+EMA 90. 6 73.1 89.0 84.5 84.9 76.8 84.3
+SE[ ] 90. 8 74.5 89.0 84.8 85.0 76.5 84.7
+ECA! 91.4 73.0 89.7 84.8 84.9 76.7 84.7
+SimAM 0] 91.7 72.8 89.3 84.9 84.7 76. 8 84.8
+MHSH 91.8 76.8 89.8 87.0 85.1 80.5 86. 4
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Table 3 Ablation experimental results

AP/ %
Models MHSA SPD-Conv Precision/ % Recall’% mAP@ 50/%
echinus  holothurian  starfish scallop
1 90.9 73.2 89.6 83.9 83.7 77.0 84.4
2 vV 91.8 76.8 89.8 87.0 85.1 80.5 86.4
3 VvV 91.6 77.3 89.7 85.4 85.1 78.5 86. 1
4 vV v 92.0 77.7 90.0 86.5 85.4 79.9 86.6
3 HEVHER YOLOVSn MR ERI T ANEM .

SEM R ERE i, 3 T X Se S g0 25 5L AT DL RS H LA
TE5IE .
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BET 240 ED N,
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T1LTAET N,

(3) R 4 N AEARE R 3 By FERE FRRBIAT
MHSA , 5 YOLOvSn # 1t , mAP@ 50 $8F538 /i1 T 2. 2
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YOLOv8n P& 7E /K T AWk AT 55 Hh @ B T
R TERE IR T A5 SR it A AT Rk
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Table 4 Comparison results of different algorithms %

Models mAP@ 50
echinus holothurian starfish scallop

Faster R—~CNN 75.8 24.6 47.3 71.6 54.8
SSD 77.0 38.2 69.8 39.3 56.0
YOLOv5 91.0 74.6 89.1 85.0 84.9
YOLOv6 90.3 73.8 88.7 83.1 84.0
YOLOv8n 90.9 73.2 89.6 83.9 84.4
YOLOv10n 91.1 66.7 88.6 82.9 82.3
YOLOv8n—-MSC 92.0 77.7 90.0 86.5 86.6
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A7 7RSS, SR AE R il AL /R WAL 5

R5 ZHEHRENL

Table 5 Comparison of experimental results
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