44 6A

Vol. 44 No. 6A

2017 6 COMPUTER SCIENCE June 2017
1,2 1,2 1,2 1,2 1,2,3
( 430205)"
( 430205)%  ( 430074)°
HOG SVM o
HOG , SVM SVM R
, . , SVM .
,HOG,SVM,NMS,
TP391. 41 A

Research of Combination SVM Classifier in Pedestrian Detection

ZOU Chong'? CAI Dun-bo'**

LIU Ying'*

ZHAO Na'*  ZHAO Tong zhou' >

(Hubei Provincial Key Laboratory of Intelligent Robot, Wuhan Institute of Technology, Wuhan 430205, China)’

(School of Computer Science & Engineering, Wuhan Institute of Technology, Wuhan 430205, China)?

(School of Automation, Huazhong University of Science and Technology, Wuhan 430074 ,China)?®

Abstract

On the basis of histogram of oriented gradient and support vector machine( HOG-SVM) algorithm, this paper

proposed an improved algorithm for combination classifiers. Firstly, This algorithm uses multi-scale sliding windows to

extract the HOG features and trains SVM separately. Then, the trained SVM which is formed to a new classifier in se-

ries or parallel is used to detect pedestrian. In order to solve the problem that the target area is overlapped when fea-

tures are extracted in multi-scale sliding windows, the non-maximum suppression (NMS) algorithm is used to fuse the

rectangles and to get exact candidate region. Experiments show that combined SVM classifiers can effectively reduce the

false detection rate and missed rate.
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