394 HTH
201747 H

a s HOR
Infrared Technology

High-order Statistics of Histogram with Gray Level Co-occurrence Matrix Features

S EAEEMFEITHTES
GLCM 45 ERIENLANEIG ANBEEZE L

/

FRE, BRK
CRiliks THBE JRA BRI AL T ASRE, WG AT 5 R B A S, M 5100061)
ME: MRGFMABREEEREM LS, RBEH. NIRKETHAAERER, KA LI

~

A, TUERBRAHEGREEEIE LRI H. AT EAEAGE THISIEGARTE L, &
—MEEREET AN RIS K EF; AN AR S L0 X%, vk, REFELIERDG
Fem, STARBAREGKE LT AOEN R, ME5RIKE L £ EEFEETRE,
KEENZ X I FRENNRN, SFRABRTEEZHTHE. ERERKH, BHOTEXNT
TR %5 AR - R s R Tk 92.13%, [F] BYARAT ) BRI E . R AR,

KEEIR: ABEESR, a4 B ErEEMAITRE, KEXEERE

hESES: TP391 MEKFRSRS: A XEHS: 1001-8891(2017)07-0626-06

Indoor Crowd Density Classification in Infrared Images Based on Fusing

LI Xiying, HUANG Qiuxiao
(Key Laboratory of Intelligent Image Analysis and Application Technology, Guangdong Provincial Key Laboratory of Intelligent
Transportation System, School of Engineering, Sun Yat-sen University, Guangzhou 510006, China)

Abstract: The crowd density information in public places plays an important role in public safety, traffic
management, and disaster reduction in emergencies. The use of infrared technology can avoid the influence
of ambient light while capturing crowd images. In order to realize indoor crowd density classification in
infrared images, this paper proposes a method that fuses high-order statistics of a grayscale histogram with
gray level co-occurrence matrix features (GLCM). First, considering the characteristics of infrared images,
this paper analyzes and extracts the high-order statistics of the grayscale sample image histograms. Next, the
histogram and GLCM features of sample images are fused serially. Finally, the fusion feature is input to the
multi-class support vector machine and the classified crowd density level is output. The experimental results
show that the proposed method can achieve 92.13% accuracy for different crowd density classifications in
infrared images, with fewer features in less time.
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Fig.1 The algorithm framework of proposed method.
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