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Tab.1 Comparison of existing Tibetan datasets in the wild
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Fig. 7 General framework of Tibetan detection and recognition
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Fig. 9 Image synthesis method we proposed
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Fig. 12 Framework of Tibetan recognition
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Tab.2 Tibetan detection results
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Tab.3 Tibetan recognition results
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Tibetan Detection and Recognition Dataset and Methods in the Wild
HOU Qin!, HU Yongxiang!, LIU Siyu!, Nyima-Tashi? and CHENG Jian>!*
(1. School of Information and Communication Engineering, University of Electronic Science and Technology of China, Chengdu, Sichuan, 611731;
2. School of Information Science and Technology, Tibet University, Lhasa, Tibet, 850000)

Abstract: Tibetan text detection and recognition in the wild is an important and challenging task. To solve the
problem of insufficient Tibetan images in the wild, this paper constructs a large-scale Wujin style Tibetan text
detection and recognition dataset. It contains 1320 images collected from several cities in Tibetan areas, and
annotates the positions and contents of 1979 texts. In addition, this paper proposes a Tibetan text detection and
recognition method in the wild. It uses a differentiable binarization network for detection and proposes a Tibetan
text recognition framework based on Temporal Convolutional Network. To further expand the dataset, this paper
proposes a Tibetan image synthesis method. It renders Tibetan text at the appropriate position of the image to
generate more realistic Tibetan images. The experiments showed that our method had better performance. The
F1-score for detection was 86.93% and the character recognition accuracy was 92.70%.

Key words: Tibetan dataset; Tibetan text detection; Image synthesis; Tibetan text recognition
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