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Abstract

As a research hotspot in the field of computer vision, the recognition of irregular text in natural
scenes is a challenging task. In this paper, we propose a simple and effective method to recognize
irregular text. The proposed method uses Thin Plate Spline to convert irregular text into regular
text, ResNet34 with fused spatial multiscale perception module to extract text features, and then
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encodes text features into contextual features by Bi-LSTM. The whole model is supervised using a
context-aware module and a text feature enhancement module, respectively. The context-aware
module focuses on a new feature space composed of text features and contextual features, and the
text feature enhancement module focuses on individual characters to handle text lines without
contextual semantics. Compared with other text recognition models, the proposed approach has a
large improvement in the recognition of irregular text while maintaining the recognition capabil-
ity for regular text. The effectiveness of the model for irregular text recognition is verified by ex-
tensive experiments on scene text datasets.
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Table 1. Ablation experiment of text feature enhancement module

F 1. XARFHEERRIR A HRR S8

N N I SCA S B AT SEA AR
SCARHEAE S SR A B
IT5k IC13 SVT IC15 SVTP CUTE
x 92.9 92.2 89.7 76.4 78.6 78.2
v 94.1 94.6 90.6 77.3 80.2 84.2

Table 2. Comparison with state-of-the-art methods
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