Computer Science and Application HE 1Rl 5 M, 2018, 8(1), 97-106 Hans X
Published Online January 2018 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2018.81013

A Study of Pedestrian Detection Based on
Multi-Channel Template and Convolution
Neural Network

Xianyue Pan, Yishan Liu, Ke Tan
Electronic Science and Engineering College, National University of Defense Technology, Changsha Hunan

Email: 597431090@qqg.com

Received: Jan. 5, 2018; accepted: Jan. 23", 2018; published: Jan. 30", 2018

Abstract

In this paper, based on the traditional pedestrian detection framework of RGB channel template
and convolution neural network, a pedestrian detection method combining multi-channel tem-
plate and convolution neural network is proposed. The main contribution is: firstly, the motion
detection method is used to detect the interest area, improve pedestrian detection efficiency and
reduce the false alarm. Secondly, multi-channel template and maximum fusion strategy are
adopted to reduce the possible pedestrian leakage detection based on RGB channel template.
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Figure 1. The pedestrian detection process
based on multi-channel templates and CNN
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Figure 2. Schematic diagram of four channel templates
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Figure 3. Neighborhood pixel
sequence number schematic
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Figure 4. Caltech data set test results
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Figure 5. Self-built data set test results
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Table 2. Average time-consuming comparison of four methods under two data sets
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