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Natural scene text recognition based on character attention
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Abstract: In natural scene text recognition,a fixed size convolution kernel is used to extract visual fea-
tures,and then character classification is performed. The global modeling ability of this method is weak
and it ignores the importance of text semantic modeling. Therefore, this paper proposes a natural scene
text recognition method based on character attention. Firstly,a multi-level efficient Swin Transformer
network is constructed to extract features,which is different from the convolutional network. This net-
work can make the features of different windows interact with each other. Secondly, the character atten-
tion module (CAM) is designed to make the network focus on the features of the character region,so as
to extract the visual features with higher recognition ability. Then, the semantic reasoning module
(SRM) is designed to model the text sequence according to the context information of characters. And
the module can obtain semantic features to correct the indistinguishable or fuzzy characters. At last, visu-
al and semantic features are fused to get the results of character recognition. The experimental results
show that the recognition accuracy in this paper reaches 95. 2% on the regular text data set IC13 and
85.8% on the irregular curved text data set CUTE. The feasibility of the proposed method is proved by
ablative and comparative experiments.
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Fig. 1 The structure diagram of text recognition based on character attention
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Fig. 3 Schematic diagram of feature mapping
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Fig. 4 The structure diagram of character attention module
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Tab.1 Comparison of different feature fusion method

Regular text/ %

Fusion method

Irregular text/ %

1C13 SVT 1IIT5K Avg 1C15 SVTP CUTE Avg
Add 93.1 88. 4 91.1 90. 9 74.8 78.8 81.3 78.3
Multiply 94.0 89.0 91.8 91.6 76.5 78.1 81.9 78.9
Concatenate 94.2 88.9 90.7 91.2 76.5 77.8 81.3 78.5
DFFU 94.3 89.2 91.7 91.7 77.0 80.3 81.6 79.6
x2 FHERNNEALE
Tab.2 Ablation experiment of character attention
Regular text/ % Irregular text/ %
1D K Q \%

IC13 SVT HIT5K Avg 1C15 SVTP CUTE Avg

1 Linear Linear Linear 94.3 89.2 91.7 91.7 77.0 80.3 81.6 79.6

2 Linear Linear +PE Linear 94.5 91.9 92.8 93.1 79.6 82.2 84.2 82.0

3 Unet Linear +PE  Linear 94.6 91.7 93.1 93.1 80.0 82.5 85.4 82.6

4 DDUnet Linear +PE  Linear 95.2 91.3 93.9 93.5 80.3 85.4 85.8 83.8
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Fig. 9 Visualization of attention ablation experiment

10 A SCBTH I 7 A5 T B Xk A A TR 2K
P AL R T 2 AT Ak T AR B, T8 2 X i
SR AT LA — V3 SOAS VB SCAS 25 il SCA
PSR T LA I B 3t 5C T 21 7 A5 Br 7E /9 67 & . IR I
WU A 25 T 0 T AR AR U U T ik e Y T
LA R AR RCR

NS

SVT

IC13 ITSK IC15 SVTP

10 AEHFEEHTEEATRL

Fig. 10  Visualization of attention in different datasets
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Tab.3 Ablation experiment of semantic modeling on character accuracy

Regular text/ %

Irregular text/ %

Model
1C13 SVT IIIT5K Avg 1C15 SVTP CUTE Avg
Baseline 97.8 95.6 96. 4 96. 6 89.4 89.9 89.1 89.5
Baseline + SRM 97.7 95.5 96. 8 96.7 90.9 91.2 89.3 90.5
R4 BENEEITAARIER LR
Tab. 4 Ablation experiment of semantic modeling on word accuracy

Model Regular text/ % Irregular text/ %
1C13 SVT IIT5K Avg 1C15 SVTP CUTE Avg
Baseline 94.2 90. 3 93.4 92.6 77.4 81.6 83.0 80.7
Baseline + SRM 95.2 91.3 93.9 93.5 80.3 85. 4 85.8 83.8
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Tab.5 Comparison of different text recognition models

Regular text/ %

Irregular text/ %

Model _ .
IC13 SVT 1IIIT5K  Avg IC15 SVTP CUTE Avg
CRNNH 89.2 81.6 82.9 84.6 64. 2 70. 0 65.5 66. 6
ASTER™ 91.8 89.5 93. 4 91.6 76.1 78.5 79.5 78.0
2D Attention™" 92.7 90.1 94.0 92.3 76.3 82.3 86.8 81.8
Mask TextSpottert*! 95.3 90. 6 93.9 93.3 77.3 82.2 87.8 82. 4
SEEDM 92.8 89.6 93.8 92.1 80.0 81.4 83.6 81.7
Textscanner” 92.9 90.1 93.9 92.3 79. 4 84.3 83.3 82.3
DANH 93.9 89.2 94. 3 92.5 74.5 80. 0 84. 4 79.6
RobustScanner?" 94.5 88.1 95.3 92.6 77.1 79.5 90.3 82.3
SAR!? 91.0 84.5 91.5 89.0 69. 2 76. 4 83.3 76.3
Ours 95. 2 91.3 93.9 93.5 80.3 85.4 85.8 83.8
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