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Deep Learning-based X-ray Inspection for Battery Defect
Detection
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Abstract X-rays are extensively employed for non-destructive inspection, applied to packaged food,
human anatomy, and industrial products. Recently, this technology has extended to inspecting batteries
in electric vehicles. Given the challenge of manual inspection for a substantial volume of batteries, deep
learning is leveraged to detect battery defects. However, the effectiveness of deep learning heavily
depends upon data size, and acquiring authentic defective images is a difficult and time-consuming task.
In this study, we use data augmentation and investigate the impact of data size on battery inspection
performance. The results provide valuable insights for enhancing the capabilities of the inspection

process.
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Table 1. Computer vision techniques
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Fig. 1. X-ray imaging system
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Fig. 2. Battery inspection equipment
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Fig. 3. Deep learning workflow
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Fig. 5. original image vs. generated image
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Table 3. Test results for different training data sizes
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