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Image Recongnition with Respect to Grinding Burn of TC4 Titanium

Alloy Based on Transfer Learning
ZHOU Guanghui, LU Wenzhuang, ZHANG Qizhen, DING Peng, WU Bojun
(College of Mechanical and Electical Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)
Abstract: To improve the accuracy of image recognition with limited titanium alloy burn images, a titanium alloy burn image
recognition method based on transfer learning is designed, by which, GoogLeNet and ResNet50 network models trained on the
ImageNet data set retain the convolutional layer and its corresponding weight parameters are treated as feature extractors to establish
connections with the designed feature recognition network respectively so as to form a burn image recognition network. The network
model on the self —made titanium alloy burn image dataset is trained. The experimental verification shows that the model can
automatically identify four types of titanium alloy images with non-burns, mild burns, medium burns, and severe burns, and the

recognition accuracy is greatly improved compared with the network model without transfer learning.
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