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Abstract : In order to improve the excessive dependence on license plate features and lack of robustness in traditional vehicle license plate
recognition methods, the convolutional neural network LeNet—5 model with great image recognition performance is introduced into the li-
cense plate character recognition and its structure is improved to meet the needs. The main improvements are the design of two networks
for Chinese character and digit/letter recognition,and increasing the output layer class from 10 to 31 and 34, and the number of feature
faces in the Cy convolutional layer to 480 ,and the input image pixels to 64x64. The improved network is tested and compared with a
3-layer BP neural network and a support vector machine (SVM). The experiment shows that the convolutional neural network avoids
the complex feature extraction in the traditional license plate character recognition method, and enhances the robustness and accuracy.
Compared with BP neural network ,the improved LeNet-5 accuracy can be improved by about 6% and the recognition speed is faster.
Compared with SVM, Chinese character classification accuracy can be improved by about 7% ,and character/digit accuracy can be in-
creased by about 4% .
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