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Abstract

In this paper, an crowd density in elevator estimation method based on multi-class Adaboost
classifier is proposed. The SOM (Self- Organizing Map) based conventional methods have shown
insufficient performance in practical scenarios and have weakness for low reproducibility. The
proposed method estimates the crowd density using multi-class Adaboost classifier with texture
features, namely, GLDM(Grey-Level Dependency Matrix) or GGDM(Grey-Gradient Dependency
Matrix). In order to classify into multi-label, weak classifier which have better performance is
generated by modifying a weight update equation of general Adaboost algorithm. The crowd density
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is classified into four categories depending on the number of persons in the crowd, which can be 0

person, 1-2 people, 3-4 people, and 5 or more people

The experimental results under indoor

environment show the proposed method improves detection rate by about 20% compared to that of

the conventional method.

» Keyword : multi-class Adaboost, crowd density estimation, texture feature

. M E

A ARSI B4, 3, Bl SOl e 99 st
el Z7skn qiek AR 2R BT 5 e A
48l 1) Sal CCTV 719be) o 704] 2ok Al
o] ) wFH ek T} 7R ] B A2e
(CTVE Behe 3849 thgo] AHow o2 Hi
o Al PsoF T BUIEIS] 57k BORIAL A GF:
7h o8 AR AER SR 97 4R 54 AR
23jo] ke A7} olelelich oleld BAES 2]
9J5to] BHE Gl el ABHOR 98 FRL QAo
Ao g —?~9~1}0ﬂ7ﬂ dHFoZHN Ho TEHola &8
o) e A5 A B AZH e A7 BESH
A NI A5 A 2ok AE ] B o
7 AR A 22 I AR R S A
& wEol o A7} el AT Qo AE A
Al 23] 0jg R4 W ATE A4
FEAs) Lol thee] Ao gl ARelA] A e
ohel Algol 348 2 7PsAo] Fom el 3 o
S /b4 AT el 9= EobAA Hlek (CTVER:
4 9 AuE oldd WA 9Y anss
8 321 0 2343 A 7
3 o thet 4 WEe] %
B A Al Tl 7R
2 g3t E%xu 18] AFEE Fol AL Bage 4
£ 2498 FE 9
B4 g Ao Fshe e A oA 4
= el 2t
£ Wolti58l 1 ol

:

sol AsteEt. o]Hg HY #AE OHﬁOM HOH Haar «4]
ol8gl W3 Haar wavelet transform)olu XIEE HE

Wl (support vector machine)S ©]83st] d= ZUd &F
S sk wWhol AtE A9, AR B FE FE
o2 ol HEVIE FFATIe Wl AN
[10-12]. =gt FH FAE Ast] 93 e WHOE A}
59 ols AZE FHsk= WHE ALHAUHI) 19
FA S AR gt 1SS Akl Fkske
As AL Aok 3 BEE F3E T RA S
FFoRRE S FE3, vE] Aalse VIEe]
HUed} FAEE vl gtk o] W st Al
FE AR & AR BN 2] EEE Toth
GLDM(Grey-Level ~ Dependency), gl
(Fourier spectrum), WxZA7] =g x})(Minkowski
fractal dimension) 5 5402 3] HXAX HRE H|
Wk o] AtEAH14-16]. BlAx B HARE gt
AFlE WHeEE At z2A3 }1\_]75“30} W (self
organizing neural maps)©] FEH Uk A FgelA =)
25 JRE W “Jtﬂ Qo= A& 05"2}01]/‘1 Q3 E
55 TR FE3] AW o Y tigt &
FS e T ARMEATHIZTL SOM Edold w2 o
oo = SVM(Support Vector Machine)& ©183}9 T3
9 FHsk= o] ARMJTHIGL 2y ol2ig &

=
A e Y UE A9 Sl e AEES 5
§_

4

Y o0 M © oo

LT T -

o

4 B3¢ Baw Pk Y Ued 579 BE o
geb 5 9l] ahitol T W7ol

e F7HH9 B9 e s Bk
P2 A7t 2Ash AR e E vl 1 A
o we} 221269 A9} Al e ool Al@gel
Sthe WS /M Qo B9 AHESHE 549 A9le] =
MIFE % 9 HE Aol A Bk Bo] A

>
2
dm g
o,
o
=

O

=2,
=3
_?i

o & =EdAMe g Y 8ol 9 AR arelsio
OFRAE duEES 483 HTHE At ofthi s
E g e T HolHY Aol 5332 g A9E
Holuj, 74 3 3l vt 7|Ee] WY Eot we S
Adey ¥ BFozE  GLDM ¥ §EO
GGDM(Grey-Gradient Dependency ~Matrix)9] €23



U Y oltHRAES o5 ol Wi vy ¥x Y 47

e ARSI AlkE e GLDMP GGDMS] |
A AHES} BT S ol FAE FH 7S T e

EAoz AH83 GLDMT GGDMel thajx Awsis, 3%
e e Y& ol RAE SuEE tlsid tE: 4
Fole 2o AdS E3) Algket WY 84S AT

=tk

HEL

e} o)
T A2S

Il BlaH S8 F& 7Y

1. GLDM

GLDM(Grey-Level Dependency Matrix)2 ] ¢4
ARloI AR, @) AR A gl HRE 435
Asl AREEIATH219]. GLDMS Foid d/dollx A =
o] gEo FHIFse ZAHF 2AF FE E: F5(oint
conditional probability density function® 7HFE F
Ak N x M} 271¢] Zgo] & 97 PolM GLDM=
Fake e 4 (D7 2tk GLDME dvg EoAddeE
1= A Ate] AAA Z#lo] H ik o] HE jo &
A RIS FEe Gdelxe] o] il 45

PPNEE 924 PRI vl

Cli,jld,0) =
N M

Y Y 6(Py) —i) < s(Psy)— 4))

r=1ly=1 (1

74 i,5= 0,1,-++,255 , &' =z + dcos(8),
y =y +dsin(f)olh

B =Re  molddeld  GLDMS Al
9{0°,45°,90°,135°,180°,225°,270°,315" }
g 0={0°,45°,90°,135° } & AM&3lh

2. GGDM
GGDM(Grey-Gradient Dependency Matrix)2
GLDM#} vR7HA| 2 El2A] Q12e) AMSEE Bl A Ho]
TH3L. GLDMe] 9739l o] #dl ArukS o]&shke
A= 2] GGDME @3] 718491 ago] #d Hre}
G 71€7] ARE A ARESth N x M 2719 ago]
e G P} 71€7] 9 Gt FolRs o GGDME -3t

e 4 % 2tk g, = 7197 oA A g
Ao 2 Aol GEDME da "ol Agls 9l 24 A}
o] TAIA Telo] A igh 7197] =13k o] A Ay
MEs Fa
Cli,jld,0) =
N M
¥ Y 6(Py)— i) < 5(Gla'sy) — §))
r=1y=1 @)

g7 1= 0,1,---,255, 7=0,1, ", g ax

' =x+dcos(8), y =y+dsin(f)elch

B =R moddda GLDMS GGDMS o] d=1,
0={0°,45°,90°,135°,180°,225°,270°,315° }
S} 9={0°,45°,90°,135° } & AR&aIch 28 19 (o)
<} e 0={0°,45°,90°,135° },
6={0°,45°,90°,135°,180°,225°,270 °,315° }
7} Fo13E u) A AL Fe S sl F4 2
o] Px,y)l 9xehd =4 fao] P(x,y) 9} &< o]F
G(z',y') o 7Fed 925 depdnk

H
o]

rr

=

3. GLDM / GGDMe 2 8E E& F

GLDM# GGDM®] E747ke] Hel= @24<] Hoiztel A
Fo| dtk o] EAS vl ARE3lE AL b THE £
gy o7|n, o|5 aAsly] A3l st HHS AXA Hck
2] (3)2 94 dd 3e A3l sk FAolui3l

o Lo M

[o

A 5 e azel #d Hdigkelx, f,,, & As ¥
o] 7k Adigkoltt. I8 1914 ()9} (e 42 (@9 (0]
3 A g 1002 st S A3 A3 oIk 1
d 1olA B il o] Aatsh o) Fol= Hre] £42 A
Al dojuhA] o= 2e & 4 ok

GLDM=} GGDMe| FZ%= 34 9/d(patch image)
& A0x402719} 20x205718 ARSStglom HA) Fde o
A G e A Zoltg ofFd wf fAjrit
GLDM# GGDME FZE¥th 2% GLDM# GGDME
54L& detsy] f8l A @73 22 dinl(Contrast),



48 Journal of The Korea Society of Computer and Information July 2012

A Homogeneity),  oUR|(Energy),  JNEZ3(Entropy)
X]‘ = AMSFATH2,20].
Contrast:
—1G-1 @
Con(d,0) 222— Cli,jld,0)
i=0j=0
G—1G-1

Homogeneity: Ho(d,0)=
S0/=0 1+ (i—j)?

G—1G—-1

Energy: E(d,0) = 2 E C(i,5ld,0)?
i=0j=0
Entropy:
G-1G-1
H(d,0)=— Y Y] Cli,jld,0)logCi,jld,0)
i1=0j=0

Slo} pe B4 23 oz @ 94

HE o] 2P 4x(3)X] 9] )0 o Ah)(d 9] T
ek

J ol 54

= 4

(b) N_o;ﬁﬁalizing
gray image

{a Gréy ir_nae

(c) Gradient image

-

(e) Relationship of
Pixel pairs by
@ € {0°, 45°,90°, 135°)}

(d) Normalizing
gradient image

(f) Relationship of
Pixel pairs by

8 € {09,45°90° 135°

,180°,225°,270°, 315°}

2! 1. GGDM At oY
Fig. 1. Procedure of GGDM calculation

E E C(i,jld,0)

ll. ct& 2 A olctRAE
2 U 2R

E gugEe v % 2577
5 49 2ol 29 BAsle AAshe ool of

=9l thal 7&%12 7‘*1\]711, L2148 AF)
7V S7MA o ok R0
ZF A olA e o ERVIEY 2fes

B BRIl
THEL QA AT ER19) Ak YA vl

& 59 0 e 19] kg
Pk P pelrt &
2 Raol Ak 12

290 o} o7 #5719 qge &
ook & ge

o) 4% ol £5712 273

9] ZPx BE7|2 TAE) E-EH}\7]- E{l ,C}
02 FAHe] 9rha —?—H 7)E duES

o83l CHle] 7t B
wE de e ﬂﬂﬂ’\«] "Jfﬂf% %b‘o*«] ’%E%(positive
sample) 2 A8kl YA BE %EHiOH e AES =4
9] MZ(negative sample) = A3l 7
o] FEi2o] gt CfF?l BR7IE A8 2%s Fo2H g
20 A BHVE TE] Wtk

tE FHE %%0}74] Aeixe oFg BR719 5ol
71&e] R S ThAok gt 7|8 ot AE
guejgol e ok —Ev— 719 9akgo] 1280} T 22 <F
& ERVIZ S stk 2y Ol ZEH"E“ T3t
7] f3ixe A=) 1/CRY 973 o8t BR7VIE 749
aljof gtk 12)7] flaixE /39 A tisiA HIFS T

Fol s $4l) MBS B BT+ e ok BRIl
TAB=E sfof F).
(m)
1 —
o™ = log(—5—) ®
err
(m) 1—err™
a'™ = log(W)—Hog(C— 1) )
err

4 §)& 712 ojgRsE stuzizd e o) A
oltk. okt H-571e] A%S o SA7)Y] Slste] 4 (99}




OS2 o AES o839

dejdlole] Wi v ¥ 4 49

2ol ™) A uio) 202l e Fe2 ol
R2E gueiZolre il Fejset kg AT Felag
PRI BT BRVIE PSR e E 19 2ok

1.

Table 1.

st BEE27|o) AT FE

Pseudo code of strong classifier

o KkHM Zefla Zs E2RYI
. 2pl 2 o| xSt
e If ¢,=k
=c=*t1 (positive sample)
e If ;7= k
=c =1 (negative sample)

. 7bE%l =73t

Nl. fteration for m=1to M :

A VER w,B olgstof otst 287 T (z)

T
B. o8t 2RIl 2it8 7
n T
err™) = EwJ(c, = T(m)(aci))/Zw,

E 7133 w;E ®7s

2. OlCHRAE 2T2|ES S5t ERIIN
oftiRAE gaglFow T AT BRI o BF
715wt o) Sgake EHR olFolAl itk ot 177
EEog E4S wod ( Xk 1S 8o 31, 7}E
A 03} 140]9] A4 grolnk. 5, 28 ER7IE R} 2

45 w Tk 2 Feze] g B R0 A
o1 gl uio) A} B2 3w o
o] 14 anke 2
ofiriE Gl £F

I~1

%ie

uedi= *4 (10)3} 2] Aejdrt.

M
C(x)=arg maxZa(’”)I(T(m)(xi) =k) @10
k

m=1
UHE JYoRNE 294 YT WHOE GLDM /

?‘r%‘%iﬂﬁﬂ Q‘:} a
£S5 o83 R

GLOM/
GGDM

£ g ITE

T2l 2 CfE S OfiRAE 25|
Fig. 2. Classifier based on multi-class
adaboost

<
1]
lo
>
ok

£ =l ﬂﬁi el 5848 Holr] $ste] Rej
s DB dHlolE] Wi 75004
} th CCTVE dejulols] 92 Ao
_—Tuaoﬂ Hx]o}%iolﬂ OCTVﬁ—rEi %zl o:l/\]—g] sﬂ e =
320x240 A7)l ] EWx BRE S8l dejuelE el
23 e o) dEolE WR] AR 5 VRS R AUF
DBE Witk 8= E/e & M19) S22 Urle
o Z47h dejole] Wjiel Abdol 0% / 1729 / 349 /
59 ool Ug A= Wridnh 7 F¥iarit 8 DBE
2000743 Bl2~E DB 50045 AR&Siith. 1¥ 3& DB
of Fe& EFHol Bk oAl ARzlo|th
g5 4 BRE 913 542 GLDM# GGDMe| thal 7}
23t FR7I= Ak 2E S oty
o83 719 A7t 2Ast A7 WH14]




50 Journal of The Korea Society of Computer and Information July 2012

ool itk Edgold

3o} 24k

£59l AF &£ 260GHz 7Y
o] CPU, 4GB RAM®] ZFEICIA Matlab2010aE ©]&

© 3~43 2~

(d) 53 OIJ =l

2 3 Seix 2ROl of
Fig. 3. Example of dassification

E 25 Ao ALE3 DBolld F&3 54 W] 21
TFE J’rﬂ}ﬂlEM] we} E3 ?&E‘r ® 39} R Q‘r 58 3¢

2234 o

2 M0 AIRE SRMER| X2l &
Table 2. number of feature vector in this experiment
0o iz TR B | SAHIE|O| X =
. 4040 2640
2020 11408
8 40x40 5280
2040 22816
3 IS el oliRAE M5 T
Table 3. Performance of multi class Adaboost
=5 Qo |THA| | ERE AR qE L Fape
T | I s (msfframe)
4 40x40 573 253 86.9%
2020 2000 325 87.3%
GLOM
8 40x40 1251 251 8.7%
2020 3972 285 87.3%
4 40x40 a7 203 87.8%
2020 1920 256 80.9%
GGDM
8 40x40 1080 242 80.7%
200 430 313 5%

I 4 AP} =RE) AAS Ms gt

oo

Table 4. Performance of self organizing map

=x| 0o |THR| Q4| skE AlZE HELSE [
| = 8 (ms/frame) =

4 40x40 873 068 64.1%
2000 A67 535 586%

GLDM
8 40x40 2441 1.8 60.4%
200 42532 17.03 588%
4 40x40 785 059 59.4%
200 A67 535 586%

GGDM
8 40x40 282 1.7 60.3%
200 43910 16.69 60.8%

5 SW ds &7t
Table 5. Performance of support vector machine

==l Qo |THA| B | &G ARZH HEET Sixm
e | I © (ms/trame) m==
4 40x40 1301 1.87 781%
20020 5433 533 8.1%
8 40x40 2665 383 78.3%
200 12355 10.05 8.1%
2 40x40 1308 073 702%
2020 2801 326 67.7%

GGDM
8 40x40 1834 1.26 70.3%
2020 6469 650 68.0%

Skl 288 ARto] v Fell o AE el ol
A7y 243t AR daelEst SVMEL dubo s He
A& & 5 Ak £ AP 243 18T daelE 54
o M7t STV Sl L85 = ARl AA S7Ish=
A& & 5 Ak ZeY T HE SRolNe ve S o)
gEAE dug2e A9 3= AAZ A7t 7Fsst
2 3ms/frame®] E£EE oW, A 243 AEE &
1253 SVM dae)Ee 549 Al met FA| ol
Hok A B %%E AL o] ApE 228} A
W GaElERn of 200685 O A Yeiter SVM ¢
RO o 10%68%= i =7 Ehd:

AZE 248 A7 duzl5e 54 HolE 94Y el
upet sk Aot e dehA Ao vths e

AU ek e ofRiE gue)Ee 54 wloH ¢
g £Al 2 At sk et

£ 6% £ 75 47 09 g7t 49 o) GLDMSAZ
GGDMEAN 9] v Felils oftiE darelge)] 43
Aol sigshe w7 FHolth 3k 59 Al A 9

717 20013, 3 79 A= X G Z2717F 4001,

I 69} 3 7o HopAE 374 Zels EF deo] ©

Kooxt ot



U Y oftHRAES o5 JdeolH i Y ¥ 4 6l

IBARE WA Fgh2ol tisire %ol Ee Aee
& B3tk

I 6. GLDME AISS! Cis 22t OjiFAES| BRAH

Table 6. Confusion matrix of multi dass Adaboost using
GLDM
0y 1~29Y 3~49Y 5~ &
0y 99.8% 0.2% 0% 0%
1~2% 4.6% 93.8% 1.6% 0%
3~49Y 5% 10.6% 55.6% 28.8%
5~ & 0% 0% 0% 100%

H 7 GCDME ASEl Cis S ofciFAES| EatH
Table 7. Confusion matrix of muti  cass Adaboost  using
GGDM

0" 172 34 54

0 100% 0% 0% 0%

978% 22% 0%

34 84% 76% 626% 21.4%

5 1% 2% 8% 08%

o qnd rfz
f

Mo
=
>

rr

e
oy
=

[

o
e

J%

m

i

(o3

oo
T
i
olo =

Py
o
oy
ﬂ“’rz
o
o flooom 3R
F}‘Nioﬁ,-‘ﬂ'
o N %
OEEAQ’F_O‘
mE oL gy ro
£ to
19 =
w H
o W o o ¥ 4 X o ox M

Ir o
o
o
o
=

dm Ay
g
)
L"L
i)
iy

3!

o>

o

i

o,

=

32,

v}

o

5

re

-

1o

o o,

e Lo

[ —_—

&3

Lo B f
5
oY u
o

k)
oft
o
nj
)
rlo
o
b
1o
=
i
o

oo
ol
2
3
2
o
tlo

(<

o,
i)
o
ey
iz}
1l
N
ol
2
N
%
2
=
il
Ho
it
o
pt
re
Ml
&

& ool

Bk
!

=]

[1] W. Huy T. Tan, L. Wang and S. Maybank, “A
survey on visual surveillance of object motion

IEEE transactions on Systems,
Part C, Vol. 34, No. 3

and behaviors”,
Man and Cybernetics -
pp. 334-352, 2004

[2] H Rahmalan, M. S. Nixon, and J. N Carter.
“On crowd density estimation for surveillance.”
In International Conference on Crime Detection
and Prevention, pp.540C-545C, 2006.

[3] N. Dong, F. Liu and Z Li "Crowd Density
Estimation Using  Sparse  Texture  Features,”
Journal of Convergence Information Technology,

vol. 5, pp. 125-137, 2010.

[4] J. C. S J Junior , S. R Musse and C. R. Jung
"Crowd using computer  vision
techniques: A survey”, IEEE Signal Process.
Lett, vol 27, no. 5 pp66 - 77, 2010.

[6] B. Zhan, D. N. Monekosso, P. Remagnino, S. A.
Velastin, and L= Xu  “Crowd analysiss A
survey.”, Journal of  Machine
Applications, vol.19, pp.345-357, 2008.

[6] P. Viola M. Jones,

analysis

Vision  and

and D. Snow, “Detecting

pedestrians  using  patterms  of motion and
appearance’, International Journal of Computer
Vision, Springer US, vol63, no2 ppl53-16l,
2005.

[71 H Tao, D. Kong, D. Gray, “Counting Pedestrians
in Crowds Using Viewpoint Invariant Training”,
In Proceedings of the British Machine Vision
Conference, pp.1-8, 2005.

[8] T. Zhao and R Nevatia,
segmentation in crowded
Proceedings of the
Vision
2003.

[91 SF. Lin, JY. Chen, and HX Chao, “Estimation
of number of people

“Bayesian  human
situations”, In
Computer
P49 - 466,

Conference  on

and Pattern  Recognition,

in crowded scenes using

perspective transformation”, IEEE Trans.
System, Man, and Cybemetics, IEEE, vol.31,

no.6, pp.645-654, 2001.

[10] A. Mohan, C. Papageorgioy,
“Example-Based Object Detection in images by
Components”, IEEE Trans on PAMI, IEEE,
vol.23, no.4, pp.394-361, 2001.

and T. Poggio,



52

Journal of The Korea Society of Computer and Information July 2012

[11] K Mikolajezyk, C. Schmid, and A. Zisserman,

“Human  Detection Based on a  Probabilistic
Assembly of Robust Part  Detector”, In
Proceedings of the FEuropean Conference on

Computer Vision, pp.69-82, 2004.

[12] B. Wu and R Nevatia, “Detection of multiple,
partially occluded humans in a single image by
bayesian combination of edgelet part detectors”,
In  Proceedings of the International Conference
on Computer Vision, pp.90 - 97, 2005.

[131 V. Rabaud and S.J. Belongie, “Counting
crowded moving objects”, In Proceedings of the
Conference on Computer Vision and Pattern

Recognition, pp.705-711, 2006.
[14] AN. Marana, MA. Cavenaghi, R.S. Ulson, and

FL.  Drumond, “Real-Time Crowd Density
Estimation Using Images’, Lecture Notes in
Computer Science, Springer, 10.3804,
pp.306-362, 2005.

[15] AN. Marana, LF. Costa, RA. Lotufo, and S.A.
Velastin, “On the efficacy of texture analysis for

In  Proceedings of the
Image  Processing, and

crowd  monitoring”,

Computer  Graphics,

Vision, pp.354 - 361, 1998.
[16] AN. Marana, L. Da F. Costa, RA. Lotufo, S.A.

Velastin, “Estimating  crowd  density  with
Minkowski fractal dimension”, In Proceedings of
the Conference on  Acoust, Speech, Signal

Processing, pp.3521 - 3524, 1999.

[171 SY. Cho, TWS. Chow, and CT. Leung, “A
neural-based crowd estimation by hybrid global
leaming algorithm”, IEEE Trans. Syst, Man,
Cybern, IEEE, vol.29, no.3, pp.535 -541, 1999.

[18] WL Hsu, KF Lin and CL Tsai, “Crowd density

estimation based on frequency analysis’, 7th
IH-MSP, pp. 348-351, 2011
[191 RM. Haralick, “Statistical and  structural

approaches to texture”, Proceedings of the IEEE,
volume 67, pp. 786 -804, 1979.

P. Violaa, M Jones, ‘“Rapid object detection
using a boosted cascade of simple features.”,
CVPR, vol. 1, pp. 511 - 518, 2001

[20]

[21]

[22]

J. 7Zhu, S. Rosset, H. Zou, and T. Hastie
Multi-class adaboost. Technique Report, 2006.

RE. Schapire and Y. Singer, “Improved
Boosting  Algorithms ~ Using ~ Confidence-Rated
Predictions”, Machine Learmning, vol. 37, no. 3,
pp. 297-336, 199.

AN Rp A4

22

011 sk A7 3
s

A Al s A7 AR s) A
HANE S

ok Qs

Email © dhkim@ispl.korea.ackr

ol g &

2007 ok AR 3
!

A A ok guAs) A
ANEHHg

ARk AsAE, MRS 9494
Fmail : yhlee@ispl korea.ackr

T 2 &

o000 Behekn AeAS T F5h)

2002 TSt AAFE B

008wt FIARAEE 39t
upp

@ A arefieh At we

WiEok 4 gA/FH, HolH §%

FEmail : bhku@ispl korea.ackr

nik-IEs

1982 Camnegie Mellon  University 17|
38 IR}

19838 Johns Hopkins University A}
38 FEPA}

199 Catholic Univ. of America A}

3t B}
A A ek W7l
Rk P P 24 AsHe, I 2
Email : hsko@korea.ackr



