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Abstract: In order to achieve accurate detection of defect types in PV wafers, a PV wafer defect detection method based on improved you

only look once vison 5 (YOLOVS) is proposed. Firstly, the images of PV wafers produced in the factory are pre-processed, main-

ly by labeling the images and making a dataset. Then they are trained in three YOLOVS neural networks, YOLOv5s, YOLOvS5m,

and YOLOVS5n, and validated in a test set to compare the effect of each neural network. Finally, for the problem of poor effect of

PV wafer speckle type defects, a small target detection layer and SE attention module are added to the neural network to achieve

accurate detection of PV wafer speckle type defects, and from the experimental results, it can be obtained that the detection accura-

cy rate is as high as 97.4%, the detection integrity rate is as high as 97.8%, and the average detection time per image is only 21 ms.
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