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A Pedestrian Detection Method Based on Fuzzy
Depth Learning Network

QIU Dong,LIU De-yu
(School of Electrical and Electronic Engineering ,Changchun University of Technology ,Changchun 130000, China)

Abstract ; Pedestrian detection has become an important part of machine vision research. Deep belief networks ( DBN) has excellent
learning ability to ensure that the learning of the target features more effective , which is conducive to achieving the goal of accurate detec-
tion. However,the traditional deep belief network model deals with the overall goal , which needs a long training time and all the samples
need to be correctly labeled at the same time, which are limiting the further development of the deep confidence network. Therefore, we
propose a method based on multi—feature fuzzy depth belief network , which combines the classical depth belief network with the theory of
fuzzy sets,and the direction histogram features to detect and identify pedestrians in complex background. The test in the static pedestrian
detection library INRIA shows that the method not only reduces the training time to a certain extent,but also improves the accuracy of pe-
destrian detection.
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