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Method of Human Detection using Edge Symmetry and
Feature Vector
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Abstract

In this paper, it is proposed for algorithm to detect human efficiently using a edge symmetry and gradient
directional characteristics in realtime by the feature extraction in a single input image. Proposed algorithm is
composed of three stages, preprocessing, region partition of human candidates, verification of candidate regions.
Here, preprocessing stage is strong the image regardless of the intensity and brightness of surrounding
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environment, also detects a contour with characteristics of human as considering the shape features size and the
condition of human for characteristic of human. And stage for region partition of human candidates has separated
the region with edge symmetry for human and size in the detected contour, also divided 1st candidates region
with applying the adaboost algorithm. Finally, the candidate region verification stage makes excellent the
performance for the false detection by verifying the candidate region using feature vector of a gradient for

divided local area and classifier. The results of the simulations, which is applying the proposed algorithm, the

processing speed of the proposed algorithms is improved approximately 1.7 times, also, the FNR(False Negative
Rate) is confirmed to be better 3% than the conventional algorithm which is a single structure algorithm.

» Keyword : Gradient, Feature Vector, Edge Symmetry, Histogram, Adaboost

LM E

—

FHekE olgste] AAzte = AS
= HoF 7] A|2E] 2B 88 o]dl 28 A ~E 2)%53F x}
F& T TS Eopoll ZEHAHI4]. 53] A5 Bt 2

Alz=H] EobolAe Het g W] ois BHOE ARS
X}Ei HE, £, FHske d77t 2ds] JPH 9l
[2]. 283 A58 A Pl E Al 2E ATE &8
st Aol Akl glo] HHeHA £8S steE A7t W3
= gie1,3]

AR 2 dF A7E AEsld ofejel 2] ERETh
WA, A HES] Al AREE FhelE} gl whe g
5 e & o ke ARSske 2-12l 7 oo
oe] JHiEts AMgshs W3 15le R TR & Sl
o714 3 tie) EtE ARSshe S Ut Al
AlEl, o o] Tt ARSehe e 2EEle Tt
vg}t Alaglolgtal dvk dA) tiF-E Al HE AlRES
et FHEE o8stH, ge] 33, ARMA seEE
o] &g A7t IFHAL Sirk o] AlsEle Fu7h A, 7t
Aol AT 4 slom, BAS A3 F7HHQ) 247t Bas)
A ke AE 7L Siek

ZHH L G AeE ol HE WAL FE G

Hashe A7 A

Zo] ARE Bg3tH, =g A RS A AR & 5 3l
£ A8e 7T 9o Zhaollble 2HES Gesr
B EBYX A%(disparity map)E HEo] GFE EIsla,
7k 492 A7) A o] AP JRE AR 39
ot ey ole RI7t 23, 7HAHeR avtelw, FhEt

£ BAIS SaelFel F7h=E Baste] Alxago] B3

AY Gl 3P el me FF A5 WL 7R
tiele] & G537 flsl S A TpeE ol
HB-1012 22)4d theje] /e 45317] flsh Aol AA]
Fhlels o] WHlL12102 ¥i & & glvh WA, 5]
Fhleke 7IHke 2 Ma S8l & @As 94 AR v
o] Al AEAL HE WAE =2 %H 54S olE
slof W F91E A AAF & dele] i AAE st
FE JA9E G539tk 2y A S8 w8719
3 ROIE 3094 A== AUAAl F& 49 2EYo R A

Frete] Aert witke @Ho] Stk a2]a Tian F{91&
3907 T70nme] sH3hele o83 oRE Rala BEE 319
t} o]EL ozt BalR A% A] Wz FkE o] Y|
B © W, 9 o) 8 wae ofrhs 2 71
stk 22l 424 292 A2 Hﬂé 18 siel n

HJ

TA
A FH °§—er Hj 7] %315101 ‘4E}LW °‘°f'4 o} £
S Y2 B HEHA g ¢S 7L Qiok
83 Teuji S A didea] g2 gidolx
ARgo] 71 AL gl 719 FEAIE o]83le] 49S AE
3, o] gdSe] a2 PHEYY =3 Nanda S{12]

oz

{o

g Al FAvlet AR ARG, FIE 23
& ) 3 YEUS Aol Ae aBslck o3 A
S A2EE ol§ 3R BE daelEo AR 44 4
2 ¥ 5 ok, Azdo] Tboln] g olelw Uyt
Aol Ash 2ol F7h49l meize] Waslhe BEe

72 it

AFS A& W 3
H4-71402 A 72 & F Atk 9A, LS o83}
of l4jah= el AHEE Bl 71 WH e = Curio {2



A 2 54 S ol8F AY AE WE 5

| < Aol g 97 ZdE 7538t 97 s
BAEIA el ARSSITE ey o2t 9% HES
AR 9EiM s ZEde] Fash, gk telr) B
of sfar fo2 olF3slal glojok sk T AkE A A
& 7 F B & T B 25 W
o7 FREE F ok "—5773 F= WS Haar do]2gl
(Wavelet) 718k ¥ HFeFA (Histogra m of
Oriented Gradlent)% °]%§_ A7), 2813 LRF(Local
Receptive Field) W9 5ol or, 54 EF Wiole
SVM(Support Vector Machine)[14,24], 2173%(Neural Netw
orks)[15], ollo]EFEA~E(Adaboost)[18-21] ¥arg]Zo] A5
I ok
EF 7t WS Grubb 51413} Papageorgiou 5{14]
o] Haar 9lo|Ba8l¥} SVMS ©]&3 WS AlRleldon,
T3]3 Eleein Sl6), Xu $6l& SVMES £5F7] A8
t}. Viola 5{16]& Haar-like ¢lo]jHelzt F7-A7E 2)o]
(space-time difference)S 7122 3l B33 J9S o]
ol ARES do[BHRAE gale|Es o]8st HESIA
‘3} o] e FIEHAME 5t AR Algs
o] 0135‘:}*— RS 7L Qe A H2de &
F7MI7171 9I8iA T 71A] o 3ol o

o &
Sid
Ju
JH
m{m
ol

i
L
oo
_?L
&
{122
L >
=
o
~
>
o
tlo
o
MN'
ol
ﬂF
re
4
N
~‘N
il
o,

oo
£
o
B
riu
N
ol
Ho
9
ot
tlo
N
=
!
32,
rir
on
o
ES
o >
ol

Mmoo o

[¢]
ol AR-E= ol met Jeree] A
= ©do] it agla gl Aw3E 7)& v
5L ATE Ee] 1 o] TUH o] A L7 wholl ¥
s B2} 01%‘4
= E‘ A4 M 53 F=
Z AR fEske 9T, OllZl g2
st EapHo g Al HEshe darelEe Al
gaelEe SR EEglen, 19
FH 2= @7 3 el ARlskan Algrel 549
7 A7), HlEE aEste] Aol 548 7kl a2
gt Al $E g 28 g 2dAlE A o
A3 G712 49 sk, wan 39 BRE
7] $sted Haarfljke £4s 7}1 AolEPAE Lare]
A8q F15 9 =
7e7E &
& 24

[e]
=

o
%L‘_—c

or
_>,L
=
N
(3
o
o 1t =

e

T
™~ [:101. _D‘

f
2

\a

_0|L
)
i

>

()

oL
o
o
o

[
o

o m L rlo i oo [0

(£
X &
L

©

b
o2

Nt ooy
9‘L

o

L

Ldg]Zo) thsiA] HOG(Histogram of Oriented Gra dients)
o} ofoJERRAE(Adaboost) FAEFS 7|Estal, MAdlE
B =5 ]/\1 Aot Al AE A)2~E 2E st VA

o= Yol AHEE TR PPE TR 2N AT
AL BolFT, VAN B =Rl he % Ak o
Az e

2.1 HOG &112|&

HOG(Histogram of Oriented Gradients)= =49
5o} 542 RSk Fhoiede) thet vhle) RE WS
slagEagon el 54 WEHZ A8E Aot
(719l o7 %299s srEados FaPoz =

wo] ks A7) o] Eae] 715181 Wale] A

o

% ERS JIAEE gt 183 HOGE o|83ld E4
FZ317] Y3lA WA 71€719F A71E Felofk gk 7%
7} 3he] WRE x, yea sa 71gr) 27
m(x, )9 ¥ o(x, e 2 QDI 2t

N

m(xy) =\ (0 +f,(xn?
o(x,y) = tan 1??13

[fX(X,_V) =Ax+1,y) — Ax—1,y)
f(x,3) =[x, y+1) — Kx,y—1)

A7IN, m(x, y)& Kx, y) Z2HE x57 yZ<] vl
g B3xe] F71olm, o(x, )€ Lx, y) Wgldl gk
Fes vehe Aotk En B GHEEY =27
m(x, y) 2 Wgle] Wd o(x, ») & 18319 &8 34
7] 4A& o] A Jgoz s, o] A g vt
8] wslol digt Wakgel disl S ~E1#S A& 4 Stk
Akl 8] 717 2 AXAE o83k,

m(x, »E A
71&71 ﬂ7l° HJ’%“ RlacaRiis

e(X y)



60 TR TR WA G SCik(2011. 8)

EZ(block) 22 k= A7EE AT Aashe i3, jE99

A G e sAxome F =11, f,, ..., f]
2 Vet ks B2e) E45QUNE
B ,= [FU’FI'HJ"FHZJ"
F11+1’F1+1j+1’ I+2j+1>
F1]+2’ I+1;+2° I+2j+2

2 BAY 5 gk 7 F9) 54
ol ol iteke 7

WEE ve} S, 2

f
= ( :]_) ................. 29
’ ¢||Bk||22+ez ’

o oﬂ~ 5o 91y 03*&01 64x64 32291 739 88 47} 3
U] A2 64 o] EA, § BEol 334z FHHT
F5o] Bsdle] $49oE 45 %
o u5el A4sle] 44 3h) 250 e 419
7 ol oldle), B8 AiEE @ Fol 54 wEze M6
AFBEZE HOGS] 57 a7} ozl 4l 8128
We 17 104 A&d 82E olgslel Qe

1. 329

lation)-&

71& 710l Ahzb M¥ B2 (trilinear  interpo
HEANA BB JtRF FFshE

714719 st b A

54uHE +
Fohe Axuslolt, B2o FAN satAsl A

Zo))sk

=
), 7171 A71(m), EFHAHe=0.5+E5F2

2 (2.3)% F3 7HAIQ

£
N
N
ol
R
i
R
2
o
O

m _ 2
Wm, d, o) = e M2 3
0

3.9 18 Fa 9e /1879 el w2z @
& A AEAE A S AETY FA A,
4 o) BE 1-32 4 g@ch,

2 1. e 35 2meiE
Fig. 1. The vector extraction algorithm

r

H 12 49 71&7] ARV} S AETHo R A5 ¥
7§° 235 AolH, E5 <l e BEE Ao 3|AE1 o]
degd 2= A7skblock normalization)E 3k AT
3} AR AR B|2EE E5 sk G FYGol
A FEE HTA 54 wElolH, o]e} Z2 WHo R i

22 Ofo[EfRAE 2n2|E

oelERR2E A} E1618191904 A8 FF71(Strong
Cla ssifier)= 9FF &5 7|(Weak Classifier)®] %% Ao
Z FAHe, diEes F R SYLE R 9
g ERVIZ AT 5 o 7718 S AR enle
A BE7E dolgdl taiXe w2 ol 77} Bale,
gulE ] oA B9 HolEd] taxe £ o 71ExE
Tk Aotk ofe AAIRE HE oA Hold 458
Holn], Bxfeial Tt wiRdx Al Ale F28
F e AHE /M ok a8 28 duEE) Ay 34
o7 3WAR Fg=e] Uk

il

)

197 98 - AR+ D} HALZ(-1)
Faga 98 (x v (x,, 5,),
AN V= +1, — 1o
2GA 1 7VER 273}
1
_1 = 41
1 2m Y
W1.17 1
o7 Vi= 1
3 ¢ wkE =1...T
(1) 745 Qs
Wt1 HWtYII
Z‘ We
VV!‘,I'J‘E A A ot B g E = 1H431H A=t
gel AT el Azel 547 ol waA o

e ;= ZI_UZ]'(X,-)*_V,-l




o7 A 54 HEHE ol &F A HE WY 6l

3) 77 A=

Ir

AX OFG £ & A oF BRI b B
A g,
@ 74z A

1—e;

=w.B:

oA ek 4 9 x 7b A

rEgrd e,=0, 224 gow e;= lot}
=1 = St
g B 1—st°]q
(5) HEH o= 73k E77)
1 S ah 02053
= |t B A =05Ze

0 Otherwise

4714, a ,= log (1/8 )

T8l 2 OO[ERAE 2 naiE
Fig. 2. The adaboost algorithm

271818 WA 3R o BRVIE s WAel
ok o] BAIAE A S AIE R 2RI At
£ WAlE, o] BRI FAE kg oy 71EA
B3t A% ¥R £9 99L 1A wilE 2L,
A BRE FU P VA wiF BT, ol &
7ol AEE SASE 47 TEE 5 ol 4TS ByE
% Fuo] AgE EEL o) ofel ¢ B 9
& el

. Metel Azt Hd& gdna[&

v, ol A7)
o 4% WAz T,

1A 1 g9
(cll o] EHF-2E)
Abst 99

(HOG)

% 3 Mol TR iE P
Fig. 3. The proposal
algorithm architecture

=
s

A, Bl daol RE AR TR 49 A5
sJsl 23, 18 5ol BAHES 7] 9lal A2 W

fr
9
_)&
ick
g
e
d
o,
o
td
it

ZAF ok Atk 2 =RellA
A

i
Ho
el
=

o
f
o

ug BEe G4 AUE T u ool @ 0z

ghgit). o7IMe ado] 256 #EE wWgksle H8g)
2 )

[S]
SIEE 3= AHOR X7 7HAIRE HEE o] &3tk Al W
AZ Aol $H J9S a8 o2 AZ37] sl Al
EAAQ BEE BE3) A8 HEH oA BE Aol
U= A Wk Qs AR Axs] 8l 7
AAHgradient operator)E AREEICE oYM GAF
fx, )& A4 (x, y) 7127] WE= 4 QD3 2k

§f

Vf:[GX]: H ........................................... (31)
Gy 51
6y

o714 7127] WEE 9 Ao Wske W3S kY,
7187) WEe 7] VA= A (32% 2tk

vi= mag(v f) = [GZX + Gzy] U2 i, (32)



62 T R e k(2011 8)

oft
=
iel
<

A7 v re e v o] HFow Bl do
o Av) 57183} 20, 2213 7197) WEe) P 4 33)
3 2

(1( X, y) = tan ! (%) ....................................... 33

B ERe AU S ABAGom, % G, 4
(349} 2

=

G,=(z,+2z4+2zy) —(z,+2z,tz,) . (34)
G,=(z3+2z4tzy) — (2 ,+2z,+tz,) )

oA 7ikalA vlag olgalo] VeRw 17l 49} 2ok

-1 0 1 1 2 1

2 0 2 0 0 0

-1 0 1 -1 -2 -1
@ G, 6 G,

T2l 4. sobel QIMAIS| OAT
Fig. 4. Mask of sobel operator

2

©

g

ofy

2

R

o,

i

td

]

rlo

1>

w

S

i

o

5

o -
ﬁ, _&4

o
oX,
A
o
o
B
i
O o T T

o
o,

1y

2

N

>

>

i

dpnt

oX

o

~

23

¢ 2

g

N ol

o 2

N 2

)

=~ = L

oty
o o

> o O oJn i a2

/A H‘l m.‘)u

o
o2
[oX

3
£

2 @
29 W Y 5> 1354, I 5
o 3%} Az 2
ol Alge] 5
o 8 49 gu
QJejol ) A2si7] Slahs Be Azl Alkte] Bagroz A

ilo
i i
d
g
S
X
Y
et
),
A
o
!
0
Sk

L

>
>
i

ek
4
%0,
o
+
il
o
i,
N
[
tlo
o 51
rlo
o
f

(a) OX| H= b 22M d=

T2l 5 TAf2| Ele] Znt 24
Fig. 5. The result image of pre-processing Stage

2 BEE 991 0% o) oA v e g B
2] Hgct

T2l 6. 22N DS ARt
Fig. 6. Human feature of contour module

of¢

a9 78 39 69 AP oA oY 54 A

ted

of 2

o Av PPow, woN B wE Al Ae] Fu
ol
-
217, 2 2t s Hol 34
Fig. 7. The resuit image of a contour segmentation
module

&4 B mElN 2L B HolEHdIN 142 Al
Fu o $8L 98] 19 2014 AW Haar-like 54
H83t oo|EFAE GaglEE o83t ol A AE
dueFe &5 NAS 8 ARSEIL Qlom, ARl 4
S AEI) Y3 489 Haar like &

29 8 7Y 8, 8b), 8ot BF A% S A
@ ANAQ) Fhaar liked) 55w,



A 7 54 HHE ol 8F AY AEWE B

EX}E g G99 o A4AEE A5S MstaA 28 19
A A" HOG(Histogram of Oriented Gradient)S 9]
B3t Melg A Wkt 3718 78 & SVM(Support
Vector Machine)s ©]-&3fe] AlghS E/3le] HFHo=
Al TR JoE AFste] Mgt

IV. AlE2fo]M

B =M e A3 Fd 94T A3 i velHs
MIT[22]¢F INRIA[23], ¥RF AR 93s

g &5 OLjE]ZO SVM“’]' -like 54
oJERFAE at7] SfE delEE g
leamjng = 5“"1: ?5]*41] 2 lf"r"ﬂ Me des o) A%
G HolER F 240082 9 vlolEE ARSskiT
& E] Bl 600735 EAEE(positive) G733 18007

—~

|
to of Mo

U AE B(negative) S0 Z FALJL 18 9= &
(O ZALz =51 =rolA E5g g FE 9 tlolHE AMSS dRY 9
¢ dlolgoltt.

b) AR S

J2l9 =3 ga

Fig. 9. Thé Training Image
e AEL T S8l ARee £ s AL
30004 Q4 HolElE olgslel AIant 17 10 2
A

(6 2|8l ZA 7 =5 =ollA] AlRbE 2o BAME An Gieltk 28 10(a)
2l § MRS Hoor-fke S A4 3 T 4FN A2 259 1 A9 A gFo
Fg. 8. The applied Hear-ike Feature 2 A fAR olR] AR B4 2 20 Bl 990
AR olele] o) YR EASt 17 10 AR FH

At duglEe] viAY FH G AS A= WTF D 9o Ba 3 D70l 2 BAe] An} Aoz Aldu GALE o

G L



64 T R e k(2011 8)

2110, MiQt=l e Eo| T Znt Ak
Fig. 10. Each Stage Result Image of the proposal
algorithm

F 18 71E ¢aeEa A dareEe
AolH, X2 £E= 320x240 F719] F3E
STy mojdde] Az NE dulE17e) A
= B %HmsecolH, AeHE daelFo] A &
Somsec A= 287 HH 23 HE A
719l BAIRLe] Hlarstglor, vidts F/delA
e W%, Al FRE B5% A=Y 2E:
< Hon FPR(False Positive Rate)e
S 4%, AME FuFFL 2% Hes Bih Il
FNR(False Negative Rate)S 7]& Larg]Zo] 8%, Aok
H gagFol 5% 4es Btk
H 1. H[ERE QoM g5 dlw
Table. 1. Compare Performance in Non-Leaming Image

oX
olf
tlo
R
=

>
AN
O
E

o~
R A ST

o2 fr &

e

bt

A
4

b
Loox Kooz & A

S PSRN
J

mO
=)

N
<o ol

7= Hiokl
e s
HE = A% %6.5%
FPR 4% 2%
FNR 8% 5%
ek % s6ms

<
I}
rhu

B =ddAe bl 48 Gl 548 FEste] A
ko g oA A} 71e719) i SAS o8t 3
o2 AREE FEshe duEEe AdAT

ARk daElEe A, Al FHE 99 £, $H2 9
o A5 AR TS 714 A Sl i
E= 2743 Bh7lel ARlskar, Abere] 49 Bg 54 A7),
HlE-S @ Al 548 7R eEAde AET a2
I AR FH o 28 vl HEE ST FolA Al
oA A4 2712 9L Eelska, doleHtAE gt
2 A8l 1A FHE J9s BT riATeR FR
o A% WA BEE I JY9d) tig 71EE 54 9
B 3 ER77IE ol8sle] $H F9e ATl 2H4E A
o] 3k

AR AL 3 B & 5 Uk w=H ARlow B
£ ) 94 A% Sedol oje A48 A7k Bast
ok Akt

mk
rot

tne

(1] W. H Lee, H J. Yoo, H S. Kim and Y. B. Jang, "Detection
Nighttime Pedestrians for PDS Using Camera in Visible
Spectrum,” Journal of KAIS, Vol. 10, No. 9, pp. 22802289,
July, 2009.

[2] C. Curio, J. Edelbrunner, T. Kalinke, C. Tzomakas, and W.
V. Seclen, "Walking Pedestrian Recognition,” [EEE Trans. on
Intelligent Transportation Systems, Vol. 1, No. 3, pp. 155-163,
Sept. 2000.

[3] D. M Gavrila and S. Munder, “Multi-cue Pedestrian Detection
and Tracking from a Moving Vehicle” International Journal of



o7 t43 54 MEE o8 A% AF WY 6

Computer Vision, Vol. 73, No. 1, pp. 41 -59, June, 2007.

[4] G. Grubb, A. Zelinsky, L. Nilsson, and M. Rilbe, “3D vision
sensing for improved pedestrian safety,” Proc. of IEEE
Intelligent Vehicles Symposium, pp. 19 24, June, 2004.

[5] H Elzein, S. Lakshmanan, and P. Watta, “A notion and shape
based pedestrian detection algorithm” Proc. of IEEE
Intelligent Vehicle Symposium, pp. 500 5M, June, 2003.

[6] F. Xu, L. Xia and K Fujimura, “Pedestrian detection and
tracking with night vision,” IEEE Trans. on Intelligent
Transportation Systems, Vol. 6, No. 1, pp. 63 71, Mar. 2006.

[7] U. Franke, D. Gavrila, S. Gorzig, F. Lindner, F. Puet zold, and
C. Wohler, “Autonomous driving goes downtown,” IEEE
Intelligent Systems and their Applications, Vol. 13, No. 6, pp.
40 - 48 Nov/Dec. 1998,

[8] G. Ma, A Kummert, S. B. Park, S. M. Schreiders, and A.
Loffe, "A Symmetry Search and Filtering Algorithm for
Vision Based Pedestrian Detection System” SAE
TECHNICAL PAPER SERIES 2008-01-1252, 2008 World
Congress, April, 2008,

91 Q M Tian, Y. P. Luo and D. C. Hu, “Pedestrian dete ction
in nighttime driving,” Pro. of the Third International
Conference on Image and Graphics, pp. 116-119, Dec. 2004

[10] M. Enzweiler and D. M. Gavrila, "Monocular Pedest rian
Detection: Survey and Experiments,” IEEE Transactions on
Pattern Analysis and Machine Intelligence, Vol. 31, No. 12,
. 2179-2195, Dec. 2009.

[11] T. Tsuji, H Hattori, M Watanabe, and N. Naga oka,

“Development of night-vision system” IEEE Transactions
on Intelligent Transportation Systems, Vol. 3, No. 3, pp. 203

[12] H Nanda and L. Davis. “Probabilistic tenplate bas ed
pedestrian detection in infrared videos,” IEEE Intelligent
Vehicle Symposium, Vol. 1, pp. 15 20, June, 2002.

[13] M. Oren, C. Papageorgiou, P. Sinha, E. Osuna, and T. Poggio,
“Pedestrian detection using wavelet templates,” Proc. of
IEEE computer Society Conference on Computer Vision and
Pattern Recognition, pp. 193 - 199, June, 1997.

[14] C. Papageorgiou and T. Poggio, "A trainable system for
object detection,” International Journal of Computer Vision,
Vol. 33, No. 1, pp. 15-33, June, 2000.

[15] L. Zhao and C. Thorpe, “Stereo and neural netwo

rk-based  pedestrian  detection”  IEEE/EEJ/JSAI

International Conference on Intelligent
Transportation Systems, pp. 298 303, Oct. 1999.

[16] P. Vidla, M. J. Jones and D. Snow, "Detecting pede
strians using pattems of motion and appearance,”
Proc. Ninth IEEE Intemational Conference on
Computer Vision, Vol. 2, pp. 734-741, Oct. 2008.

[17] N. Dalal and B, Triggs, "Histograms of oriented gra dients
for human detection,” IEEE Computer Society Conference on
Computer Vision and Pattern Recognition, Vol. 1, pp.
&6-8%, June, 2006.

[18] S. Paisitkriangkrai, C. Shen and J. Zhang, "Fast Pedestrian
Detection Using a Cascade of Boosted Covariance Features,”
IEEE Trans. on Circuits and Systems for Video Technology,
Vol. 18 No. § pp. 1140-1151, Aug. 2008.

[19] Y. H Lee, . Y. Ko, J. H Suk, T. M. Roh, and J. C. Shim,
"Pedestrian Recognition using Adaboost Algorithm based on
Cascade Method by Curvature and HOG,” Journal of KIISE,
Vol. 16, No. 6, pp. 64662, June, 2010.

[20] Y. H Hong, Y. J. Han and H S. Hahn, "A Face Detection
Method Based on Adaboost Algorithm using New Free
Rectangle Feature,” Journal of KSCI, Vol. 15, No. 2, pp.
564, Feb. 2010.

[21] H G Kim and G. B. Hung, "Real-time Face Detect ion
System using YChCr Information and AdaBoost Algorithm,”
Journal of KSCI, Vol. 13, No. 5, pp. 19-26, Sept. 2008

[22] http://chcl.mit.edu/software-datasets/Pedestrian
Data. html

(23] http://pascal inrialpes.fr/data/human

[24] M A Sotelo, I Para, D. Femandez, E. Naranjo,
"Pedestrian Detection using SVM  and Multi-feature

Combination,” In Proc. of the 2006. ITSC ‘06, IEEE
Intelligence Trans., pp. 103-108, Sept. 2006.

X AL N



66  WEAEFEHEREE

iy SCat(2011. 8.)

W A
2000 ¢ sk Axgsl et

7

4
it AAE 35
b

L R 7 Te 9]

DA, SERl,
t= Al2e, Aed A

=

Emuail : byunoh@naver.com



