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Learning Corner Regression-based Fully Convolutional Neural Network for License Plate

Localization in Complex Scene

Luo Bin, Gao Wei, Tang Jin, Wang Wenzhong, Li Chenglong
(School of Computer Science and Technology. Anhui University, Hefei, 230601, China)

Abstract ; License plate localization, the core component of license plate recognition system, is valuable in
both academic development and potential applications. Though much progress has been made in recent
years, challenging problems still exist in the complex scenes, such as low luminance, low resolution and
inclination scence of vehicle. This paper proposes a novel fully convolutional neural network to localize li-
cense plates accurately by a corner regression algorithm. To guarantee effective training in the proposed
model, 45 000 sample images are annotated by one person. Meanwhile, the annotated sample images are
processed by four operators, including translating, scaling, rotating and noising, to increase the number
and diversity of the training samples. Extensive experiments on the newly collected datasets, traffic mo-
nitoring dataset and the complex scene dataset, demonstrate the effectiveness of the proposed method a-
gainst other two license plate localization methods.

Key words: convolutional neural network; license plate localization; deep learning; corner regression;

complex scene
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Fig. 1 Plates of complex scene
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