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Scene Text Recognition Based on Feature Fusion in Space Domain and Frequency Domain

HUO Huagqi' and LU Lu'**

1 School of Computer Science and Engineering,South China University of Technology,Guangzhou 510006 ,China
2 PENGCHENG Laboratory, Shenzhen, Guangdong 518055, China

Abstract Existing scene text recognition methods often face the problems of low robustness and poor generalization ability in the
few-shot and language-independent scene. To solve this problem.on the one hand.a dual-stream network structure based on the
fusion of space domain and frequency domain features is proposed in the feature extraction stage. It consists of a deep residual
convolutional network branch for extracting spatial domain features,and a shallow neural network with one-dimensional fast fou-
rier transform(FFT) branch for extracted frequency features. And then apply the channel attention mechanism to fuse the two
features. On the other hand,in the sequence modeling stage,a multi-scale one-dimensional convolution module is proposed to re-
place the bidirectional long short-term memory(BiLSTM) according to the characteristics of the language-independent scene. Fi-
nally,a complete model is built by combining the existing TPS rectification module and CTC decoder. The transfer learning me-
thod is adopted in the training process. Pre-training is performed on the large English datasets first,and then fine-tuning is per-
formed on the target datasets. Experimental results on two few-shot language-independent datasets compiled in the paper show
that the method is superior to the existing methods in terms of accuracy,which verifies that it has high robustness and generaliza-
tion ability in this scenario. Moreover, the method using the feature extraction module described in the paper is better than the
baseline on the five benchmark datasets of language-dependent scene(no fine-tuning) , which verifies the effectiveness and versati-

lity of the dual-stream feature fusion network proposed in the paper.

Keywords Deep learning.Scene text recognition,Dual-stream network, Frequency domain branch.,Few-shot
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Table 1 Architecture of frequency domain convolution network
Name Configuration Output(CHW)
Sigmoid 3X32X100
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Block1 32X16X50
BatchNorm.ReLU

Blocks k=3.,n=128,5=2X1,p=1 128X 8 X 50
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Fig. 6 Effects of different dropout rate on feature fusion
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Table 2 Effects of ResNet at different depths on models

EMeterSTR RandGen1200
Name
1-NED AcCC 1-NED ACC
ReFT18 98.56 90.5 99.18 93.0
ReFT34 99.08 93.5 99.75 97.0
ReFT50 99.12 94.0 99.78 97.5
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Table 3 Comparison of 6 algorithms on few-shot language-
independent datasets
44 EMeterSTR RandGen1200

1-NED ACC 1-NED ACC

CRNN-Res34[14] 96,48 75.5 99.12 92.0

ASTERL8] 95. 58 73.5 99.01 91.0

RobustScl26] 97.13 81.5 99. 26 92.5

ViTSTR*tiny—“JJ 96. 71 79.5 98. 74 89.5

SVTR-base[13]  97.63 85.5 99.32 93.0

ReFT34 99. 08 93.5 99.75 97.0

T LR R e p s N Rl e R AR .

BEAN , SE G 25 AR B TR 25 2T R i AR B 4R 5 TR AL
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Table 4 Partial recognition results on language-independent datasets
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Table 5 Ablation experimental results

mER  REB @b MSID 1-NED  ACC

X 98. 42 89.5
X 95.61 73.0

X 98.74 91.5

X 98. 34 89.0

5.4 EEHIESEMNIIEXE
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Table 6 Comparison results of ACC on benchmark datasets

IC13 MIT5K SVT IC15  CUTES0
Models 857 3000 647 1811 288
Regular Text Irregular Text
CRNNE6] 91.1 82.9 81.6 69.4 65.5
RobustScl®] 94.8 95.3 88.1 77.1 90.3
ABINet-vision28] 95.3 94.9 89.3 83.2 86.5
AoAl29] 95.0 88. 4 89.7 79.1 75.3
SVTR-base-16] 97.1 96.0 91.5 85.2 91.7
ReFT34 (our) 91.6 91.1 86.7 72.2 78.5
ASTER(baseline) 1] 91. 8 93. 4 89.5 76. 1 79.5
ASTER(our) 96.0 94.9 92.6 79.2 82.6
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