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Abstract

In the steel industry, accurate and rapid detection of surface defects
plays a vital role in ensuring product quality and reducing waste.
However, the visual similarity between texture patterns and the
complexity of defective regions limit the effectiveness of
conventional machine vision methods. In this study, a multimodal
hybrid framework is proposed for the detection and classification of
steel surface defects. The proposed model integrates the region-
based detection capability of Faster R-CNN with the semantic
representations of CLIP, connected through a multi-head attention
module that jointly models the relationship between visual and
conceptual features. This synergy enhances the accuracy in
detecting small and scattered defects and improves class
separability in the feature space. The architecture employs three
complementary loss functions — region detection loss, region—text
alignment loss, and image-level loss — to enable simultaneous
learning of spatial and semantic information. Experimental results
on the NEU-DET benchmark dataset demonstrate that the proposed
model achieves 100% accuracy in image-level classification and
78.04% mAP@50 in region-level detection. These promising
results indicate that CLIP-based multimodal learning can
significantly enhance the accuracy and robustness of defect
detection in real industrial environments.
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