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Improvement of CRNN Model for Text Recognition

LU Yanhui, LIU Mingxin

( Shenyang Ligong University , Shenyang 110159, China)

Abstract ; In complex scenarios, text recognition may experience a decrease in recognition accuracy
due to factors such as shadows,imperfections and blurring. In view of this,a CRNN model based on
feature fusion and bidirectional simplified gate structure is proposed. Firstly,a feature fusion mecha-
nism is introduced to improve the CNN model. Utilizing the feature pyramid structure,an additional
bottom-up path is added to fuse low-level features with high-level features,in order to retain more
low-level detailed feature information and improve the accuracy of scene text recognition. Second-
ly ,by merging forgetting gates and input gates,a simplified gate structure with less computation and
parameter complexity is used to replace LSTM to improve the RNN model. Finally, ablation experi-
ments are conducted to verify the effectiveness of the improved CRNN model. By testing three data-
sets the experimental results show that when ResNet50 is used as the backbone network , the accura-
cy of the proposed model is improved by more than 1. 5% compared to the original model ; when u-
sing MobileNetV3 as the backbone network ,the accuracy is improved by over 1.4%.
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Fig.1 The model structure by introducing feature fusion
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Fig.2 The structure diagram of simplified gate
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Fig.3 The improved model diagram based on

bidirectional simplified gate structure
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Fig.5 The text recognition result
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Fig.6 The text recognition result
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