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Lightweight ship detection method based on the enhanced YOLOv5n algorithm
LI Longyi, TU Zhenyu, NAN Chuhan, CAI Jinhan, LI Zhixin

(School of Information Engineering, Nanchang Institute of Technology, Nanchang 330099, China)

Abstract: To address the challenges of extensive parameters, computational burden, and complexity in conventional ship detection
models, this study introduces a streamlined and effective ship detection approach, which is an enhancement of the YOLOv5n model.
Initially, the ship dataset is enhanced through operations such as noise addition, image rotation, and cropping to improve the
model’s recognition and generalization capabilities. Subsequently, the computational load and parameter volume are reduced by
replacing the C3 module in the backbone network of YOLOv5n with a more lightweight C3Ghost module. Furthermore, a Slim—
neck structure that integrates lightweight convolution and cross—stage network modules is introduced in the neck, which enhances
feature extraction capabilities while reducing model parameters. Finally, global channel pruning technology is employed to eliminate
unimportant channels, further reducing computational load and parameter volume, and decreasing training costs. Experimental
results demonstrate that the lightweight model exhibits significant improvement on the data—augmented Seaships dataset, with an
accuracy mean of 99. 1%, computational load reduced by 47. 6%, and parameter volume decreased by 54.2%. This paper proposes
a method that reduces computational load and parameter volume while maintaining model accuracy and other performance metrics,
providing a theoretical foundation for the lightweight detection of ships.
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Fig. 1 YOLO-ClpSite network structure
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Table 1 Ablation experiments on the Seaships dataset

LTS Model mAP@ 50/% FLOPs/G Parms/M
1 YOLOvS5n 99.2 4.2 1.8
2 YOLOv5n+C3Ghost 99.3 3.4 1.5
3 YOLOv5n+Slim—neck 99. 1 3.6 1.5
4 YOLOv5n+C3Ghost+Slim—neck 98.9 2.7 1.2
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Table 2 Pruning experiments on the Seaships dataset
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Table 3 Comparison of experimental results for six models

SIGFS Pruning Rate  mAP@50/%  FLOPs/G  Params/M
1 1.0 98.9 2.7 1.2
2 1.5 99. 1 2.2 0.8
3 2.0 94.3 1.4 0.6
4 2.5 83.9 1.1 0.4
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