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Detection of Hole-forming Defects on Aluminum Casting Based on Optimized YOLOX
Hu Jiagi', Wang Chengjun®, Yang Chaoyu®, Hu Peng?
(1.School of Computer Science and Engineering, Anhui University of Science and Technology;
2.School of Artificial Intelligence, Anhui University of Science and Technology )
Abstract: Aiming at the problem of floating cores and missing cores that commonly occurs during the casting
process, and the lack of feature network extraction capabilities due to the similarity of casting and background
features when visual inspection is used, an optimized YOLOX method for detecting pore-forming defects on the
surface of aluminum castings was proposed. A hole defect dataset was constructed, and SE attention mechanism
was introduced to improve feature reuse rate. Meanwhile, original convolution block was replaced by CBH to sta-
bilize feature fitting process, and CIOU bounding box regression loss function was modified to accelerate model
convergence. The results indicate that the average detection accuracy of optimized model in the aluminum casting

defect dataset is increased to 97.13% , and the single-image reasoning speed is 0.016 2 s, which can quickly and

accurately detect aluminum casting surface defects.
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Fig.4 Squeeze-and-Excitation attention mechanism
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