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An integrated framework for simultaneously
vehicle detection and recognition

Wu Jun, Zhou Zhimin, Wang Lei, Zhao Xu
Department of Automation, Shanghai Jiao Tong University, Shanghai, 200240, China

Abstract: Object detection and recognition are one of the hottest topics in computer vision. Generally, detection and
recognition are separated into two independent parts, while recognition follows detection and feature extraction. An
integrated framework for simultaneously vehicle detection and recognition is described in this paper. Our method is based
on one of the most effective ways of object detection—DPM (Deformable Part Models). Score bias are used to balance
the scores from different models and we mix them all. Not only the detection but also the recognition results are acquired
finally. We performed experiments on SJTUVehicle dataset. Experiments show that both the precision of vehicle
detection and the over-all accuracy of vehicle recognition reach higher than 95%. Our method can easily been applied to
other similar applications.

Key words: vehicle detection; vehicle recognition; DPM (Deformable Part Models); score bias; integrated framework
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Fig. 1 Flow chart of detection and recognition
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Table 1 Accuracy, Precision, Recall and F-score of each type
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