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Abstract: The precise identification and quantitative evaluation of oxide inclusions in aluminum alloy melt are critical
for improving the performances of castings. Addressing the limitations of highly subjective, low efficiency and easy
missed detection of micro-inclusion existed in traditional K-mold manual inspection, the K-mold Quality Intelligent
Evaluation System was proposed based on an improved YOLOVS. Firstly, a metallographic dataset covering multi-
scale inclusions was constructed; secondly, a P2 micro-target detection layer was integrated into the YOLOv8s-seg
network to significantly enhance the feature extraction ability for grade 1(<100 um)inclusions; furthermore, an automatic
quantization and Q-value scoring model based on morphological parameters was established. The test results showed that
compared with manual detection, the detection efficiency of the system was improved by 50% while maintaining high
accuracy, and the consistency rate of quality judgement result with senior inspectors reached 92%. This system realized
an "end-to-end" intelligent assessment of melt quality, providing robust technical support for online quality control in
production.
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Fig. 1 Evolution of YOLO algorithms
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Fig. 5 Acquisition workflow of K-mold fracture images and inclusion size grade classification
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