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Vehicle Recognition Based on Super-resolution and Deep Neural Networks

LEI Qian HAO Cun-ming ZHANG Wei-ping

(Institute of Applied Mathematics, Hebei Academy of Sciences,Shijiazhuang 050081, China)
Abstract  Vehicle recognition plays a key role in traffic video surveillance system. In this paper,deep neural network
and super-resolution were uses to realize vehicle recognition in traffic surveillance. It uses deep convolution neural net-
work CaffeNet to complete vehicle recognition with advanced deep learning framework CAFFE and computationally
powerful GPU. In the image preprocessing stage, an image super-resolution reconstruction algorithm based on deep
learning and sparse representation was used to enhance the detail information of the image. First, based on auto-en-
coders,an improved model of nonnegative sparse denoising auto-encoders (NSDAE) was proposed to realize the dictio-
nary joint learning. Then,the sparse representation was used to realize super-resolution reconstruction of vehicle image.
Experimental results show that the accuracy of vehicle recognition is improved obviously after adding the super resolu-

tion processing.

Keywords Super-resolution, Deep learning, Denoising auto-encoders, Vehicle recognition, Deep convolutional neural
networks
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