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Abstract

The detection and classification of vehicles in traffic scenes is an essential part of the development
of intelligent transportation. In this paper, based on the principle of benefiting the old, an im-
proved deep learning network is proposed to realize the detection of vehicles and the determina-
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tion of vehicle models by using the road measurement traffic surveillance video. Experimental re-
sults show that the proposed deep learning network has good detection and classification effects
in real traffic scenes.
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Figure 1. Residual element structure
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Figure 2. The network structure
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