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Research on small target defect detection algorithm for battery module surface
based on YOLOvS-LAE
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Abstract; Battery module defect detection suffers from low accuracy due to misdetection and omission of small-target defects, low
precision due to unbalanced distribution of categories, etc. In this paper, a small —target defect detection algorithm based on
YOLOv8-LAE is proposed. By introducing Lightweight Adaptive Weight Downsampling ( LAWD) and Attention Sequence
Integration ( ASI) modules, the model’s ability to extract spatial features and small target information is significantly improved.
Thus, the problem of misdetection and omission of small target defects is effectively improved, which in turn enhances the accuracy
of detection. The introduction of the EloU loss function effectively solves the problem of category imbalance, improves the
convergence speed of the model, subsequently improves the defect detection accuracy. The experimental results show that the
algorithm is validated on the public dataset NEU-DET, and the average accuracy reaches 76. 3% , which is 3. 1% higher than that of
YOLOV8n; on the homemade dataset, the YOLOvV8-LAE algorithm achieves an average accuracy of 66. 8% , which is 4. 5% higher
than that of YOLOVS8n. This study provides an effective solution for the detection of small target defects in battery modules.
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Fig. 1 Diagram of improved YOLOvS model structure
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Fig. 6 Schematic diagram of NEU-DET defect categories
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Fig. 7 Comparison chart of battery module detection effect
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