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battery types in XRay images?

Can transfer learning predict whether the image
contains a battery or not, the location and identifying
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Figure 1. Label distributions for source and target datasets
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Table 2. Evaluation of battery detection using the YOLOv5 weights and our transferred

trained weights.

Conclusion

Transfer learning was
used in two experiments
and show that it
outperforms the results
of using the YOLOvV5Sm
weights with a precision
of 89%, running 22ms for
each inference.
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