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Joint Inference of Visual Attention and Semantic Perception for Scene Text Recogni-

tion
TONG Guoxiang, DONG Tianrong, HU Hengzhang

(College of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: Irregular text recognition in scenes is still a challenging problem. For arbitrary shapes and
low-quality text in scenes, this paper proposes a multimodal network that combines a visual attention
module and a semantic perception module. The visual attention module uses a parallel attention-based
approach to extract visual features of images combined with positional encoding. The semantic perception
module based on weak supervised learning is used to learn linguistic information to compensate for the
deficiencies of visual features. The module uses a Transformer-based variant that improves the model’s
contextual semantic inference by randomly masking a character in a word for training. The visual semantic
fusion module interacts information from different modalities through a gating mechanism to generate
robust features for character prediction. The proposed approach is demonstrated through extensive
experiments to be effective in recognizing arbitrarily shaped and low-quality scene text, and competitive
results are obtained on several benchmark datasets. In particular, accuracy rates of 93.6% and 86.2% are

achieved for the datasets SVT and SVTP, which contain low-quality text, respectively. Compared with
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the method containing only the visual module, the accuracy is improved by 3.5% and 3.9% , respectively,
which fully demonstrates the importance of semantic information for text recognition.
Key words: scene text recognition; irregular text; visual attention module; semantic perception module;

multimodal
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Table 2 Ablation experiments %

Jirk 1C13 SVT 1IIT IC15 SVTP CUTE

VM 96.3 91.6 953 814 824 88.3

SM 96.1 90.2 944 816 82.6 89.7
VSNet 97.5 93.6 964 84.6  86.2 91.2
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Table 4 Robustness of semantic perception module %

ViR 1C13 SVT 11T IC15 SVTP CUTE
ASTER 91.8 89.5 93.4 76.1 78.5 79.5
ASTER +SM 93.4 89.8 93.8 76.9 85.4 83.6
2D 92.7 90.1 94.0 76.3 82.3 86.8
2D +SM 95.4 93.7 96.4 79.3 85.1 89.9
HRGA 93.2 88.9 94.7 79.5 80.9 85.4
HRGA+SM 95.6 90.2 95.7 76.1 84.2 87.8
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Table 5 Results of the proposed method VSNet compared with the previous methods %
ik IC13 SVT T IC15 SVTP CUTE

CRNNY 98.4 80.1 81.8 60.4 65.9 61.5
2D (Jf47) 92.7 90.1 94.0 76.3 82.3 86.8
ViTSTR™ 92.4 87.7 88.4 72.6 81.8 81.3
SRCAN™ 91.3 88.1 93.3 74.0 80.2 85.1
ASTER"™ 91.8 89.5 93.4 76.1 78.5 79.5
HRGA™ 93.2 88.9 94.7 79.5 80.9 85.4
TextScanner™ 92.9 90.1 93.9 79.4 84.3 83.3
SEED™" 92.8 89.6 93.8 80.0 81.4 83.6
PlugNet™ 95.0 92.3 94.4 82.2 84.3 85.0
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JVSR™ 95.5 92.2 95.2 84.0 85.7 89.7
SCATTER® 93.9 92.7 93.7 82.2 84.3 85.0
VSNet 97.5 93.6 96.4 84.6 86.2 91.2
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Table 7 Impact of the text rectification module %
Wik IC13 SVT T IC15 SVTP CUTE
VSNet 97.5 93.6 96.4 84.6 86.2 91.2
+HZIE 97.5 93.4 96.4 84.2 86.1 90.7
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