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Pedestrian Detection Based on Part Model and Color Information

ZHAO Jin-jin, YAO Han-li,BAO Wen-xia
(School of Electronics and Information Engineering, Anhui University , Hefei 230601 , China)

Abstract; Pedestrian recognition is an emerging research in artificial intelligence and pattern recognition, and owns the extremely wide-
spread application prospect. However,because the human body is a non-rigid body motion, it increases a lot of difficulty compared with
ordinary objects detection. Deformable Part Model (DPM) algorithm has a good effect on pedestrian detection. On the basis of that, an
improved algorithm for the traditional DPM is presented to makes up for the loss of color features in the pedestrian detection. Its thought
is following ; using the traditional DPM for detection of window ,then judging whether the classification decision value belongs to the sus-
picious interval or not. If it does, the classifier based on RGB feature will make the further classification on characteristics,and the results
are decided by the two decision values jointly. The experimental results in INRIA database show that the proposed algorithm can raise the

detection accuracy without impact on detection speed,and provide the basis for further analysis of pedestrians in pictures or videos.
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