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Research on Automatic Classification of Thangka Images Based on
Convolutional Neural Network

CHEN Yu-hong,LIU Xiao-jing "
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Abstract; As one of China’s intangible cultural heritage , Thangka has attracted more and more attention. How to quickly and accurately
classify Thangka images is extremely important for the research and digital protection of Thangka. Therefore, we propose an improved
automatic classification method for Thangka images based on the basic structure of the convolutional neural network. Thangka images are
collected by manual collection and crawler technology, and the Thangka image data set is constructed and used as the input data of
network model. Under the premise of retaining the basic structure of the original convolutional neural network, each group of the
traditional convolutional neural network structure adds a batch normalization layer to the hidden layer to improve the training efficiency of
the model and uses Relu as the activation function. A Dropout layer is added before the last fully connected output layer to reduce
overfitting and fully connected output layer uses Softmax as the activation function,and the loss function uses cross—entropy to make the
classification effect better. At the same time,the Adam optimization method is used to optimize the model and applied to the classification
of Thangka images. Finally,the experiments on the Thangka data set established by ourselves show that the classification accuracy rate is
as high as 94.7% ,which is about 3% higher than other typical methods. The classification effect is better, which is more conducive to
the digital protection of Thangka,an intangible cultural heritage.
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