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Arbitrary shape scene text recognition based on deep learning

XUFu-Yong, YU Liang , SHENG Zhong-Song
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: One of the challenging in scene text recognition is to deal with distortions or irregular layout.
Especially, perspective text and curved text are common in natural scenes and are difficult to recognize.
In this paper, we propose an attention enhanced network with flexible rectification function for Arbitrary
shape scene text recognition. The network consists of a text rectification network and an attention en-
hanced recognition network. The rectification network adaptively rectifies the text in the input image to
reduce the difficulty recognition. The recognition network is an attention enhanced sequence-to-sequence
model that predicts a character sequence directly from the rectified image. With end to end training ap-
proach, only images and corresponding text labels are required. Extensive experiments have been con-
ducted on a variety of open datasets, including SVT, ICDAR 2003 and CUTES80, and the experimental
results shows the proposed network has excellent performance.
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Fig. 1 Examples of regular and irregular scene text

(a) Regular text; (b)~(c) irregular text.
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Fig. 2 Overall structure of FRAEN
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Fig. 3 Results of the FRN on irregular text.
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Tab. 4  Accuracy of the FRAEN on regular datasets.
HIT5K SVT 1C03 1C13
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