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License Plate Location Based on Cascaded Convolution Neural Network

FU Peng, XIE Shi-peng
(School of Communication and Information Engineering,Nanjing University of Posts and

Telecommunications , Nanjing 210003, China)

Abstract; Aiming at the problem of license plate positioning in complex environments such as multi-vehicle and low resolution, we present
a license plate recognition method based on human vision. By imitating the visual principle of human eyes, the precise positioning of license
plate is realized by the approach of extraction of target region characteristics through cascade convolution neural network and gradually narro-
wing the search area. Firstly, the target motion region which we are interested in is located by the motion detection. Then, the vehicle identifi-
cation is performed on the hot spot region by convolutional neural network. Finally, license plates are located in vehicle picture. Training pic-
tures are collected in 20 different traffic junctions of the skynet camera images,as well as nearly 5 000 images and about 15 000 targets la-
beled by manual. At the same time, the labeled images are transformed randomly to improve the effectiveness of the training. According to
the experiments, the extraction of motion region enhances the speed and recognition precision of convolutional neural network, and greatly
improves the license plate recognition rate in complex scenes compared to the traditional license plate recognition algorithm. Moreover, it per-
forms better in dealing with high—resolution pictures.
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