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Deep Learning Based Algorithm and Experiment for

Ceramic Small Target Defect Detection
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[ Abstract |

is faced with the problems of low efficiency and high cost. A ceramic small target defect detection algorithm based on deep learning was

Defect detection is regarded as an indispensable step in the industrial production process. At present, manual detection

proposed. For small target defects, a slice pre-training layer was first added to reduce the loss of graphics memory resources by large-
size images. Secondly, a small target detection layer was added for the detection of small target defects, and a large target detection
layer was removed to reduce the number of parameters. In addition, a feature selection fusion module based on MLCA (‘mixed local
channel attention) was proposed to improve the perception of small target defects. Finally, a detection head with shared parameters was
designed to further reduce the number of learnable parameters of the algorithm. By comparing with the baseline model, taking the ce-
ramic cup as an example, the detection accuracy of this algorithm has been improved by 20. 9% . Combined with the developed detec-
tion software and experimental platform, the detection efficiency of the ceramic cup has been enhanced by about 46. 9% .

[ Keywords] defect detection; deep learning; small target defects; ceramic cups
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Fig. 2 Structure diagram of the YOLOv8 algorithm model
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Fig. 3 Image segmentation map
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