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Abstract

In this study, a novel approach is presented for the automatic detection of
delamination defects in steel rebar using artificial neural networks and
computer vision techniques. The delamination defect, which occurs due to
the separation of a thin surface layer of steel during the rolling process, can
lead to a reduction in mechanical properties and potential failure of the final
product. Traditional inspection methods, which are typically manual and
time-consuming, face significant challenges such as human error and low
processing speed. In this research, a machine vision—based system was
implemented immediately after the rolling process to identify delamination
defects. The system employs three industrial Basler cameras positioned at
120° intervals, along with controlled xenon lighting, enabling continuous and
synchronized imaging with the movement of the production line. In the initial
stage, image preprocessing techniques, including normalization and
segmentation, were applied to enhance image quality. Subsequently, several
deep learning models were trained to classify and detect delamination
defects. Evaluation of the models on real production-line data demonstrated
that the MobileNet model achieved the highest accuracy of 91.25%,
outperforming the other models under investigation. The obtained results
indicate that the proposed system possesses industrial deployment capability
and can serve as an effective and reliable alternative to traditional visual
inspection methods.
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