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Offline handwritten Chinese character recognition based on improved MobileNetV3
CHENG Ruoran, ZHOU Haojun, LIU Lulu, HE Yan
(School of Electrical and Electronic Engineering ,Shanghai University of Engineering Science, Shanghai 201620, China)
[ Abstract] To solve the problem of long training time and high resource consumption of handwritten Chinese character recognition
network, an offline handwritten Chinese character recognition network model is proposed in this paper. The lightweight network
MobileNetV3 is used as the backbone network to reduce the number of network parameters. In view of the large number of Chinese
character recognition classification, multi —scale convolution kernel is used to extract richer feature information. In view of the
problem that Chinese characters with similar shapes are easy to be recognized incorrectly, an attention mechanism is adopted to
extract local features and global features and fuse them. Experimental results show that the proposed model can improve the accuracy

while keeping fewer parameters.
[ Key words] offline handwritten Chinese character recognition; deep learning; MobileNetV3; feature fusion; attention mechanism
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Fig. 1 Standard convolution and depth separable convolution
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Fig. 2 Residual structure and inverted residual structure
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Tab. 1 Database of offline single character

Kot W7 A58 PEAS W apAR%
HWDB 1.0 3 866 171 420 1 609 136
HWDB 1.1 31755 171 300 1121 749
HWDB 1.2 3319 171 300 990 989
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Tab. 2 Confusion matrix
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Fig. 8 Comparison of accuracy curves of all networks
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Tab. 3 Comparison results of various network models

FR) 2% 453 751 HERR (ACC) SHE
VGG19t™! 0.8719 20.44 M
ResNet18[¢] 0.873 2 33.16 M

MobileNetV2!! 0.911 5 3.40 M
MobileNetV3!3! 0.960 0 5.40 M
Improved 0.966 8 5.86 M
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