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A License Plate Recognition Method Based on Improved Convolutional Neural Network
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Abstract:In the study of license plate recognition technology,there are some problems,such as large fluctuation of

recognition accuracy,low accuracy and so on.In order to improve the accuracy of license plate recognition,an improved

convolutional neural network algorithm is proposed.On the basis of the convolutional neural network model,the hierarchy

and parameters are optimized.Better training parameters are obtained by setting the control experiment,which enables the

improved convolutional neural network to improve the accuracy of license plate recognition to a certain extent.According

to the experimental scheme,a comparison experiment is carried out on the recognition accuracy of fully connected neural

network,LeNet-5 and improved convolutional neural network.The experimental data shows that the improved onvolutional

neural network is better than the other two neural networks in recognition accuracy.
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Fig.1 Hierarchical graph of convolutional neural network
3 HUHERISRMHEZML(Improved convolution
neural network)
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Fig.2 Hierarchical graph of improved convolutional

neural network
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Fig.3 Structure of improved convolutional neural network
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Tab.1 Relationship between standardization level and

accuracy rate
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Tab.2 Relationship between C5 level and recognition accuracy
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Tab.3 The relationship between the number of

convolution Kernels and the accuracy of C5

level recognition

CoLBBIEA % 120 240 360 480

HiR S 94.83 95.25 95.53 95.53

MEHHAE H CSE BB EOHR A R a 5 — &
By, BEE GBI MR NE R B St m, X
PRI T e R R ST NSNS, R RS R REE S A
B e, ESERREEE B —E B H B, B E
AefEmE,

333 =HhmE MRSt

I G R AN, SR E NS SR
MMz, SHCE . ERIRE30, 250,003, SEEHEE
£ A2005KFEAE Fy, SEEREERAIRATTUR,

FA =T 2 W 25 LG SR X bh 3R
Tab.4 Comparison of three neural network experimental data
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Fig.4 Comparison of three neural network accuracy
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4 #5i8(Conclusion)
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