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réal-Mine recognition of surface scratches under complex texture

Abstract: In order to achieve robust, accural
background with uneven brightness, a surface_sc ition method based on deep neural network was proposed. The deep
neural network for surface scratch recogpiti isted of a style transfer network and a focus Convolutional Neural Network
(CNN). The style transfer network

The style transfer networks includei

reprocess surface scratches under complex background with uneven brightness.
rward conversion network and a loss network. Firstly, the style features of uniform
brightness template and the perceptual features of the detected image were extracted through the loss network, and the
feedforward conversion network was trained offline to obtain the optimal parameter values of network. Then, the images with
uniform brightness and uniform style were generated by style transfer network. Finally, the proposed focus convolutional neural
network based on focus structure was used to extract and recognize scratch features in the generated image. Taking metal surface
with light change as an example, the scratch recognition experiment was carried out. The experimental results show that
compared with traditional image processing methods requiring artificial designed features and traditional deep convolutional neural
network, the false negative rate of scratch detection is as low as 8. 54% with faster convergence speed and smoother convergence
curve, and the better detection results can be obtained under different depth models with accuracy increased of about 2% . The
style transfer network can retain complete scratch features with the problem of uneven brightness solved, thus improving the
accuracy of scratch recognition, while the focus convolutional neural network can achieve robust, accurate and real-time
recognition of scratches, which greatly reduces false negative rate and false positive rate of scratches.

Key words: uneven brightness; complex texture background; surface scratch recognition; style transfer network;

Convolutional Neural Network ( CNN)
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Fig. 1 Structure of style transfer network
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