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XIAO De-Gui, XIN Chen, ZHANG Ting, ZHU Huan, LI Xiao-Le

(Key Laboratory for Embedded and Network Computing of Hu’nan Province, College of Information Science and Engineering, Hu’nan
University, Changsha 410082, China)
Corresponding author: XIAO De-Gui, E-mail: dgxiao@hnu.edu.cn, http://www.hnu.edu.cn

Abstract: Edge information is often the key to the detection of objects. Traditional edge detection algorithms calculate gradient
omnidirectionally, which usually results in calculation of redundancy. Inspired by Weber local descriptor, this study proposes a saliency
texture structure descriptor that simulates divergent and significant characteristics of human eyes observing things. First of all, it
calculates the sum of relative differences between intensity of a center pixel and those of its neighborhood pixels, and divide the sum by
the center pixel’s intensity to get its local saliency factor. Then, it extracts its local texture structure though a divergent gray level
co-occurrence matrix. At last, it constructs a two dimensional histogram as the feature vectors by combining saliency factor and texture
structure. Experimental results show that the saliency texture structure descriptor has the ability of good edge detection and powerful
structural expression, and is robust to noise and light and shadow changes. When used in pedestrian detection, the saliency texture
structure descriptor gets much higher detection rate than other local descriptors such as CENTRIST and HOG. This descriptor can find its
high application value in vehicle active safety system.

Key words: pedestrian detection; saliency; gray-level co-occurrence matrix; vehicle active safety
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Fig.8 Comparison of different edge detectors
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Fig.9 Sample scene images and their CENTRIST and STS transformed results
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Fig.11 Histogram and curve of similarity score difference
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Table 4 Number of training and testing sets

R4 SR UIGRREAEAT IR A 2

IEREAREL SRS
U ERS 2416 22111
WG 1126 15 264

5 FH T FH HOGCENTRIST Rl STS iX 3 FRFELE INRIA L5256 45 N A Mk F ,CENTRIST
1 STS ¥UFF HOG,CENTRIST 5 STS 3 [ ¥E GEAH 24, WA %K %, STS ¥147 T CENTRIST Al HOG.

Table 5 Performance comparison of STS, CENTRIST and HOG
%5 STS,CENTRIST fil HOG [# P RELLAL

HOG (%) CENTRIST (%) STS (%)
FE[EE 89.3 93.8 94.2
R % 90.7 91.5 93.6
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Fig.13 Sample data set for pedestrian detection
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Table 6 Computation time in different parts
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Fig.14 Pedestrian detection framework
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Fig.15 Analysis of texture covariance
15 ZURW 7 Z 5

(2) iR S5 RIS

AR T B A B PR A B0 R SRR T i, AT A T ATON AT RE )7 RORE Wt RUE DAREAT AT ik D

ke 16 Pros, - KRB H AR AL BATH IS 5 = e s R B0 1 AT AT AT e B AT B W 16(b) s,
0 R 8 i 5 L 1T T T R PSS A £ R AT LA T 4R B P P 16(dl) T [ B, G R A A S R R
Sk (KR 2, A FT LAAS 21 1 16(F)FTzs X I8 45 15 13 LAl e 3, I 28459 2151 16(9).

(3) /X RARILLHE

P RER LN SVM 70288122 SVM 7p 2 25 B ARG AR R (E VR < KK BRAIR, Wi 46 5 STk [22] H 4
H IR B 5 T LT B G vt AR 1K) HIK SVMLP 2 73 SR EAT SR RS B dpe 44 43 2R 4%

(4) Krgs R

SIE I AR JH AT T N 25 B4 SR 1 65 1R 22 38R 1B S SR T 0 T ) i Bt AT NS I B9 A 2
A 5B, B AU I g SR s 17 .

© PEPEESESUT  httpy/www, jos. org. cn



& F 2 F WS MR E BIRE T T AL 687

(b) fid:AT M55

(c) gk =it (o) Rt A
a by Rg* . j MV " * I.I »

(e) WALk (F) foeide: ML A0 A7 S

(@) PRk =FEEEH

Fig.16 Road structure and pedestrian detection strategy
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Fig.17 Pedestrian detection results in a real scene
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