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TAE-YOLO: An Efficient Lightweight Casting Defect Detection Algorithm
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Abstract: Accurate identification of defects such as surface porosity, cracks, and inclusions is essential in sand casting.
To address the challenges associated with deploying existing casting defect detection algorithms in resource-constrained
industrial environments, an efficient and lightweight casting defect detection algorithm——TAE-YOLO was pro-
posed. The lightweight Detect_ TADDH inspection head was employed to replace the original inspection head, and the
effictent ADown downsampling module was integrated from YOLOvV9. Additionally, C2f_EFFC convolution module
was proposed to accelerate feature extraction. Validation on a self-constructed casting defect dataset indicates that
TAE-YOLO achieves an 8.5% increment in m,p@0.5 compared to YOLOv8n, while the parameter amounts is
reduced by 43.5%.
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