H39% HoM LS NI O SO G S B/ S B <3 ) Vol. 39 No.5
2018 £ 9 H Journal of Huaqiao University (Natural Science) Sep. 2018

DOI:10. 11830/ISSN. 1000-5013. 201612041

% Fl HOG $5{EFOHL 285 ST 1Y
1T AT &
At EAEY, KA

(L ABfKoF b, W 5 3620215
2. Hff R TACE EACHOR 5 R SR B TR b AL 5LM 362021)

FE: FEXIEET R T (HOG) /M S 1 5 L (SVMD F 3k B AT A I J5 32k vh A 7 A 00 32 329 1)
], 42 ) —Fole HOG $#1E5 Adaboost-BP #ERIARSS & 147 A AR I J5 . T 300 G0 i) 2 A Pl S AG ) 4 47
AR D3 BRI 2 ROEE 207 11 1) HOG $#4E . | - Adaboost 533 11 45 2 A~ S 1) A% 4 1l 22 199 46 ) g 2 5
SR - 2 DU IR A TR AR 0 A I . 45 SRR SCrp i B B AR I R IR A IR AR R R R A 2 B

BB 0 R I R
KW AT AR A7 Ak KB B 1 O B R ARG A 2 2% s Adaboost Bk
hESES:. TP 391.4 NEiREML: A XEHS: 1000-5013(2018)05-0768-06

Pedestrian Detection Using HOG Feature and Machine Learning
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Abstract: The pedestrian detection method based on the histogram of oriented gradient (HOG) feature and
linear support vector machines (SVM) exists a problem with low detection speed. To solve this problem, a pe-
destrian detection method based on HOG feature and Adaboost-BP model is proposed. Edge detection technol-
ogy is used to detect pedestrian candidate region rapidly and get multi-scale and multi-direction HOG feature.
Adaboost algorithm is used to train multiple back propagation neural network to build strong classifier to real-
ize the detection and recognition of test sample image. Experimental results show that the proposed method has
higher detection rate, lower false positive rate and false negative rate has better detection effect.
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