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Abstract; The Tibetan Ujin ancient book character recognition is a difficult problem in the field of ancient book character recognition.
Aiming at the problems of text adhesion and complex background in Tibetan Ujin ancient book character recognition, we propose an
attention mechanism based recognition method for Tibetan Ujin ancient books, which consists of two parts. The encoder adopts the conv-
olutional neural network (CNN) and Bi-LSTM to obtain the feature sequence and sequence annotation of image text. The decoder uses
the attention mechanism to calculate the attention weight and obtains the recognition result by combining the method of recurrent neural
network (RNN). 616 Tibetan Ujin ancient books in the laboratory are used as the experimental data set and the accuracy rate of Tibetan
characters is used as the experimental evaluation index. Two text recognition models are used as the baseline model. Compared with the
model size and recognition rate , the proposed recognition model is superior to the other two models in terms of model size and recognition
effect. The size of proposed recognition model is 41.2 MB,which is optimized by 36 MB compared with the smallest baseline model.
The recognition accuracy of character block is 90.55% ,which is 7.94% higher than the best result in the baseline model. It is showed
that the proposed recognition model of Tibetan Ujin ancient books based on attention mechanism significantly improves the recognition

effect of text adhesiont and complex background images in Tibetan Ujin ancient books.
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