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Abstract; Traditional electric bridgecasting defect detection methods are of low efficiency, low detec-
tion accuracy, and high labor cost. Thus the optimal deep learning method is presented for the detec-
tion of the casting surface defect of electric bridges, and it can implement automatic accurate detection

and identification of defects. Image preprocessing of the castings is done based on surface feature of
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castings. Feature extraction is done by Res-Net and FPN based on optimal model. A large number of
feature recommended areas are generated by RPN. It is inputed into FC layer and FCN after NMS,
then the defect detection is completed. The model is conducted by TensorFlow and the generalization
ability of the model is improved by transfer learning. The experimental result shows that the whole
performance of the optimized model is superior to the original model.
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Table 1 Comparative analysis of experimental results
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Fig.7 Instance segmentation result
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