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Fig. 1 Deep learning lightweight overall network structure for the surface defect detection of the continuous casting slab
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Fig. 7 Examples of various types of surface defect images of the continuous casting slabs dataset
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Tab. 1 Comparison experiments of the backbone networks based on the lightweight feature fusion networks
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Fig. 8 Confusion matrix for the surface defect dataset of the continuous casting slabs
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Research on the Lightweight Model for Surface Defect Detection of
Continuous Casting Slab Based on Main Feature Extraction and Fusion

CHENG Bin, JING Chang-xin, WANG Jing-hao, LU Bo
(School of Mechanical and Electrical Engineering, Xi‘an University of Architecture and Technology, Xi'an 710055, Shaanxi, China)

Abstract:

To address the challenge of limited computational resources, a method based on lightweight deep learning
models for detecting surface defects on continuous casting billets has been proposed in this paper. This
approach aims to achieve efficient and rapid defect detection. Firstly, a backbone feature extraction network
based on GhostNet was designed, which significantly improved the efficiency of feature extraction while
greatly reducing the number of network parameters. Subsequently, a feature fusion network incorporating
VoVGSCSP and GSConv modules was constructed, optimizing the feature fusion strategy to further reduce
the model’s memory usage and computational overhead. Finally, comparative experiments were conducted
using datasets of continuous casting billet surface defects and hot-rolled strip steel surface defects. It was
demonstrated by the experimental results that the proposed method achieved excellent performance across
multiple metrics: the average detection accuracy reached 0.773, the detection speed was increased to 138.89
frames per second; the model size was 8.3 MB with 3.91x10° parameters, and the floating-point operations
(FLOPs) were reduced to 7.4 G. Compared to current mainstream models, this method exhibited a significant
advantage in terms of complexity reduction, achieving a good balance between detection speed and accuracy.
It provides a highly valuable new approach and technical implementation scheme for the research of
deep learning algorithms for the surface defect detection on the continuous casting billets under resource-
constrained conditions.
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