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Improved YOLOv8n multi-scale and lightweight underwater target detection

Miao Liheng Tian Ying

(School of Computer and Software Engineering, University of Science and Technology Liaoning, Anshan 114000, China)

Abstract: Due to the limited storage and computing resources of underwater detection instruments, using high-parameter models will
occupy more storage space and computing power. To solve this problem, a target detection model based on YOLOv8n, called YOLOv8n-
MAL, was proposed, which achieves lightweight overall while maintaining detection accuracy. Firstly, a lightweight multi-scale
convolutional block attention module (MSCBAM) is proposed, which can extract features of different scales from input feature graphs
through convolution kernel and pooling operations of different sizes. It can improve the robustness of the model in complex scenarios and
ensure that the model can maintain high detection accuracy in the face of different types of inputs. Then, a new neck model multi-scale
feature fusion network ( MSFFN) is designed. Compared with the original neck model, the multi-scale fusion capability of the model is
enhanced, and the interaction of features at different levels is strengthened, so that the high-level and low-level features can be more
fully combined. This cross-level fusion can make use of the feature representation ability of the network more effectively, avoid the loss
or weakening of information in the process of transmission, and improve the detection effect of the model. Secondly, a lightweight multi-
scale convolution module lightweight multi-scale convolution module ( LMSCM) is proposed, and the module and some convolution
modules are integrated into the C2F module to form PC2F-LMS. By introducing a more efficient convolution structure. Finally, the
original network loss function is optimized using WloU. The experimental results show that the average accuracy mAP@ 0.5 of the
improved algorithm on the URPC dataset is increased by 1. 4%, and the number of parameters is reduced by 38. 6% compared with the

YOLOv8n algorithm, which provides an effective reference value for underwater target detection.
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Table 2 Results compared with other models
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Fig.7 PR curves before and after improvement
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Table 3 Ablation experiment
MSCBAM MSFFN PC2F-LMS WloU mAP@0.5/%  Parameters/(x10°) 7254/ GFLOPs
82.1 3.0 8.1
v 82.9 2.3 8.0
vV 82.9 2.1 7.0
v 82.5 2.8 7.9
\ 82.8 3.0 8.1
83.0 1.9 7.3
2 VvV v 83.2 1.8 7.2
2 Y vV 2 83.5 1.8 7.2
RIEATHRUE, SCERE5 R 4 PR, XFECE 8 (a) 1 (b) AT LAWLEE 3], PC2F-LMS A HLRE i 5
Kb 58 HARIX B, JHR A AL B 58 B s 52 2% H A
F4 FEHEBMEITLE I SR A B, X R W] PC2F-LMS AH i H:
Table 4 Comparison of different neck networks 2 N RRE R EOHL , BE % B8 A 200 30 12 R 5 40 =55 A4
B mAP@O0.5/% Parameters/ (x10°) PEAR/GFLOPs  Je [ SCA L, AT 22 P 1 26 i 0 0 o ok 0 5 42
Version A 82.6 2.1 7.0 PC2F-LMS #3454 PConv I LMSCM-Bottleneck , SZ3 T
ot e N SIRUCRHT I £ 5 01, 535 W50 T BORAE B AR

4, Version A iy R3 J&h C4.Q3 Fl R2 @l & 15
#]; Version B AMIEE C4,P5 il id C5 B HFHEH A E] Q3;
Version C SA7E P4 I PS5 Z [B] IS REAE 2 P#, P 1o
C4 5 C5 #FATRHERE G153 Q3.
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BE SRR TR R 2 U T T, R — R
BTERL 1B

x5 AEREFEANEIRIEE

Table 5 Comparison of different attention mechanisms

Attention mAP@0.5/% Parameters/(x10°) ¥ 5%/ GFLOPs
SE 82.5 2.5 7.8
ECA 82.4 2.3 7.6
MSCBAM 82.9 2.3 8.0
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Fig. 8 Visualization comparison chart of feature maps
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Fig. 9  YOLOv8n test results
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Fig. 10 YOLOv8n-MAL test results
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Table 6 Comparison of data across different hardware

Model + Parameters/ AR iR/
mAP@0.5/%
Hardware (x10°%) GFLOPs fps
YOLOv8n-MAL
83.5 1.8 7.2 67.1
RTX 4070Ti
YOLOv8n-MAL
82.5 1.8 7.2 51.2
GTX 1080Ti
YOLOv8n
82.1 3.0 8.0 80.3
RTX 4070Ti
YOLOv8n
81.5 3.0 8.0 65.8
GTX 1080Ti
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