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Abstract—Aiming at the industrial quality inspection pain points such as the "black box" of steel defect classification
models, excessive noise in heatmaps generated by traditional Grad-CAM, and poor interpretability of lightweight
networks, an integrated lightweight interpretable deep learning scheme is designed. Based on the NEU-DET steel defect
dataset, three-level data quality control is completed by MDS deduplication and perceptual hash similarity verification,
and a balanced training set is constructed with 7:2:1 stratified sampling, with offline data augmentation expanding
samples to 2640. A lightweight Y-M-I classification architecture is constructed: MobileNetV3-Small is used as the
backbone, combined with YOLO lightweight neck and spatial attention module, with total model parameters only 1.09M.
The IoU-Grad-CAM interpretability algorithm is proposed, which optimizes channel weights through channel-wise
intersection-over-union of activation and gradient to suppress background noise of heatmaps. A front-end and back-end
separated visualization system is developed based on FastAPI and PyQt5, supporting real-time adjustment of heatmap
transparency and one-click result export. Five groups of random seeds are used for repeated verification in experiments.
The classification accuracy of six types of steel defects on the test set reaches 100%, and the single-image inference time
on CPU is 19.2ms. The activation density of IoU-Grad-CAM heatmaps is reduced by 51.1% compared with standard
Grad-CAM, achieving more focused defect localization. The scheme takes into account lightweight, high precision and
decision visualization, and can provide implementable technical support for intelligent industrial steel quality inspection.

Keywords—Steel surface defect, interpretable deep learning, loU-Grad-CAM, MobileNetV3, lightweight network
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