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Abstract

This paper presents the multi-object tracking approach using the background difference and particle filtering by monte
carlo sampling. We apply particle filters based on probabilistic importance sampling to multi-object independently. We
formulate the object observation model by the histogram distribution using color information and the object dynaminc
model for the object motion information. Our approach does not increase computational complexity and derive stable
performance. We implement the whole Bayesian maximum likelihood framework and describes robust methods coping with
the real-world object tracking situation by the observation and transition model.

Keywords : multi-object tracking, particle filter, monte carlo sampling

2=

I.M & < 54 AEE FASe 7l HFHAA, ZEA,
A58 7HA A 2~H(intelligent surveillance system), 2=
HY QS TS d5d F0zad o AA = HHE 347 (smart space), HH 2 o5 B Ay 59 o
&g A &toks etk 53 AAAI2HS] AR 53]
CEE Y, T g Y-wA AR, FdUEa duad A FA2 YL FA7Ee] &8stk A 1
sk 8 2

(Dept. of Image Engineering. Graduate School of .

F2 7leEo] MEHAEY, olE F /M de A
Advanced Image Science, Multimedia, and Film, A A = 7= A ﬂ, & 5 7}—0 aﬂ }
Chung-Ang University) SH3 Y WA AES o] &3 WS Fdo] §o
2 ATE 20109 % AR(uS98r]aeR) o] Al v A EE w4 Wl 2 B u)e wzks
= dEATATe] A 9(2009-0081059)7 |4 7 A i ]
2 g AuEAAARAETLe & IT ATAME ol S BAgsy] ot ek A A
A 9] A (NIPA-2010-C1090-1111-0010) 2 #] AS sAds] flsiM a3t A (Eigen space

ARAR, FHENAAS] D A7) & e

A & =Y (Gaussian mixture
e 29271 AMAI (JREA)[UHD 2el= A "
AR 2 GBS 93 AA7 d=E A a® e model; GMM)& AFg-3 W Eo] A¢t Qo w7
Mo AFATz TEEElMuW;‘r el ok AA FH& FHA 8% FOoE Qg 9

TYAF 2010912499Y, AR A 2011¥5€6Y



20118 98 MXSEe

=2
X

.
)

|

(it

>~
-

oy 2

i
2
oo
=
i—l‘;

-
o X & oy
frtl

ofh ¥ o wH b
o
fint2

Monte Carlo
(particle filtering

A

o o% i

_O|L

2

T,
==

(B od oo

Lo
2o
B

fuj

ofh

2 -
a2 rs

o
ISR

)

9
@]
E.
'3
B
<

0% 9z

]

g o=

O]

FA0] 7bs 3=

2
o

oY

el T

¢
2

>~
__)&‘

[o M

A )

Gk

=

ox,
oX,
o
ok

2,
o
Lo,
o, ®
o

rot
£
X
>
>

o
)
e
>~
>
op

o
o,
2
o

f
N
re
2
o

o {1 o O m@ ox i ¥
oft
:(l)L_l‘

1o i (o oo 1

e
=

[e)

N

1o

| ARA7F A o] 5] 2 FAlo] 9lof
Bayesian) ®4o] da ARgHTE Fo030
g &7 29 (Markov state space model)
A HESE T T 5 9= Ay
(scene) S 25 H ZAHE 54 WF Z,

dA7HA e B

S
ox, l‘/% 2\

]

(Kl

=7 (observation) A&

==X M 48 # SP H H 5 =

(629)

X, o AF R
p(Xt‘let)% E]'%‘TL]'

Zy gy = (Zlv"'vzt)%
(particle) ZE]H(filtering)
% ol
P(Xt|Z1:t) ~
p(X,IX,

ek

ol P4

p(Zt|Xt) *
1)p(th1|let71)dXt71

4 A Zel el Ao kel A4

X, = AR 917, 37] Fol 1 dlo]

4 WF Z 9gonny A5 Ay
7 Auolt,

e Belste] 4ol s,

2} el ol Zelelel AR X,

oo Zeelel AR gE X7 olgAl &

L

L

ze

(texture) o}

DY ¢ p(Xt\Xt,

A=

=
712

(observation)
3E (likelihood)©]t}.
s Foi7l A WrX, & =
Z Aol o] frARR(
ASR=

7hA] AL

o] ol =
similarity) &
o 23|
N7 #&
% (posterior) &&-S

Aol A% 2x;olt,

[O2) wt

= =S| Er_c‘j:]

o 1

7HA

Ab

lﬂiﬂ J XtMAP—% Fah

XM= argmaxp(X/"Z, .,
A e 3379
A7) s el O%Eﬂ‘:‘r
&ste] [4]elA+= Metro-Hasting
“Reversible-jump”MCMC (R]-
(Sampling) WH-& AT+ ‘jr
FE xEs WHE
Metro-Hasting OEILE]

A1, A2 %14
3 gg5e

=
=]

[e)

n&

73

El(move—speciﬁc) dH
A FHES B2} i
I =rollAe olE Tl

Aekaek, e 7129
wpole, (4114 A5

9]

3kl

o



AsPEA AhE A2 24 <] 5
| ZEEs Fdste] Hop & A
I3 AR HEZ< Metro-Hasting &g
st el A4 TR 4 AESE9
24 £43 Metro-Hasting £23} &2
Aol dolAfe] akde] Al
Tt s skt

o W 2 =il A
Bl ol isiA ths Aol

=
\_.Tf:§]' o
[e]
£49 2

N

[/l

o

e 7
[e]

=

of
ob
=
By

o

=
3T
=

oo o
=3
ri

BN ol
oo
|o

=
o
it

ki
O
ofN
)
2
N

o Hn o wo

O

r

2 ol oof o o

2
9

1=

[4]01 4] A<t

p

2 3t

Sl
birth, death, update, swap <] Yl
7HA FEjR= AT o 7] A births A5 2ol

dolo] = k oA k+t12 WMEHUTHE Zolal, death=

]

I Holt}, update= FEAAL X9 Wslo|H,
swap ¢ 4o HRAA TUAS Js wdkeitt o
ZhA] olelgk FAUES] A FE AH {pypopaPa}

< A9 s Ui, RJ-MCMC 942k ZHE S ¢are
& 13 o] g #h

22|51 RI-MCMC At ZEE

(X wm f 2 NAe g2 { X w}
& AgaY
o TAF AA e xS FHIE B9 NG

oM =S Yoz AdYsta ¢ Z¥2FE X

2 wys o,

- B+ N/i9 225 F&3h

- ¥¥ u~ Ulo,1]

* If 0 < u<pb,v*=b7lrth

« Elseif p, < p<p,+pgy v =death

* Flseif pyt+p; < p<py+pg+ s

v = swap

o HO2 2AH FH d¥d 9
x Else v = update
- =49 490 BAY A Bx g 2R
A7) A e wEE .
- S ues A,
- GEARE S,
o A gl W X0 U MAP #7hE £,

ofal sl zbzt
HlE ARE WU
death, update, swap
F A 30 glojAe

2 st 9

5

19

p(Xt|Z1 : t) ~ Oép(Zt|Xt ) Zﬂ-gl—) lp(Xt(i)

i=1

5=t

o& A glojA HIT & HolE WolA AAEe] of
A Hole=xE  Yehlle  $E(ikelihood) 3
p(Z|X,) oItk

Z4zkol @ oA, Foxl old A [
(X2 JoIR 48 so= 223 4 QEe
PAES theol dagl5s AHEslA] 7alett.

(630)



19

s

(]

BAS

=2% H 48 ¥ SP

}
]

A

H
==

IERERY

20114 92 AMXIZsHs
[e)

£t ¢

hyA
ar

(i) i i
Xt Nq( t()|X0(:>t717Z1;t)

2. Aot EELZRE 9

a9tk A4 RGBS HSV

9

(631)

A= nohel A Xt(i)l = X

W T m o
B oo T —~
Mo ! B o —
wﬁmmjﬁ%iﬁr.ﬁmw e £z £ N oo ® N 5 T
— ]O — — o0
SIS B R
X 5 N n 2 ~
PP T B B ® - Lo ¥ m R
Pﬂrhﬁwwmzﬁﬂa Lu@ XN_.O\.FI&I ! ia
3 = L =
mnA77me)mﬁi al mfmﬂ ~ %loﬂLﬂ S
= = o v O | . K S|
R J = g o o Ho Lo e v R =
R - M = T W &
P Eg T T AR CHa < B2 : | wr
zzvEElos Qg o3 Z X ans £ oK E
all A 'y Now o B P EE 7
W.OH ;AT PR O_ UW =r N — o J | =r Wi = R o - ,mﬁ B
|rO 17,! ° ‘WE Eo ~ o N mq JA ” H._x_ ‘U| VAt A = Eo ~ =0 X .,1 %‘W
< TN ol &0 - M L9 N R @
D gE=cIERTEL T QNIE Tra TP 0T
. =i T ' — 7° = !
3 uewu@m%mmﬂﬁmﬁﬂm% - WmE L = = F T ) BT
~ H = o <o Bo ok B 3 myul ~ B om TR o=
T T I N G oo e I
] g - ®WTETET 2 T oo gl F oF 2
H Lo - © Wm T e P S wE = T w1 Y o on T e
R R ET L LT T Ry ! Twag | oxw Lok d o
6 SR Tearsd il ow Tahe o oxm < N g F
p%%wnﬂ%ﬁmo% < T ET = Wd%%ﬂ@ N o
- " R E = W = AN
o CH -
" o
~
— R S R~ e~
<t =TI NOREN — —
~ o B K- No - N g0 P o m T m %o M wa ol
"=y A o= o X oF T MR r
T = B T = " o = = iy X op <2 U =1
D= IS T S m,* AU o ™ & m W Nom ~ ©
I jry o ~ —
P W e e Mo R RGN - A X oR "
w iy T T w9 oE =
]EﬁMjEduu#duu# Oumaﬂ R (SCCT o
= T T g R L P%gxE TN BRI Kl
B~ nmﬂ ) N x zm T ~ Wu - ﬁn_ > T 5 _su o
T Jg = . ~ < NI
U s mﬂﬂm{ﬂ;uo%@oc __gim_.uf%%wmdrﬁﬂmw aoz
T N 2o _ ™ X E M 2 N TS ol - |~
SN NE — 0 o~ N O#E = T ° 3 ™ w —~
ez o N WE < iy s 1ﬂ 5w H = =0 15 BN R " N = ol aulo
I T A R - mmmm;ﬂﬂaaﬂ?,%% = | =
=, == mM\]q/rmﬁ oy ) B om W = o WJ o WO oo X % 51 |
¢ 2 (X s A ESE L 2. T °
I o B A Lo BgTx o Bx e 3y ™
il e ) ™ N X M X b W T 5 o i e X = i)t Hl B
NS e s FEAX TEITLRR BA R Mg
x| T %@rm«@%ﬂmﬂ%ﬂ %EﬁSwﬂﬂ% o G ST
_— R . — . —
- 8 W%M%#ﬂ@ﬂ% mwoﬂﬂh}L%Q%%uo}mE = =1
S f — = jgase] - ..
N . o X ETE 2 I A FT Ty B
N & i‘_ ::E EL \Ul o ‘le 0on q —_ ‘.I‘._ H S fOM o I S~ _.___”_ EE
= TR R R ™ 2 T oo - 8T LD ony
%ézﬁﬂ G zutmo]otﬁ o N =T R 1@
TN T T T B o Lﬂ%%%%ﬁﬁﬁwﬁ I
R Wrodp ol
! ﬁ N

(5)

)

t
Lx,( )

X,

*

)q(Xt(i)|
)q(X,

(4)
t

pl




20 8% E25i0 Y AES 018 MU AH 2% 288 9
o was wU9Y & F39 AYES A9
sl ~ETRE AT ANScETYPS Az Dt H(X,)] = [1—2 Vi XX (10)
(Hue), #%(Saturation), % % (Value) & F-&3}o] 1 &
22 a0, ol 24E o A4 e gels o 0eIM - A(e)E Fx SJ2EIF i w3
A7 SAwe ALY HSVE ®ue ge gws A (X)S AA 99 3=Ea e ¥ AX)E
Az} Amel e Agonyy Bsy] wye = e A% A7e §aradt,
o 4gs) Eeh B =R ME HSV 3 2E13
& N=N,N,+N, 2 74 g3 mrp 74 oI & &
® S8 SR € gdqn 49 49 pE
Bhattacharya 714 7] dhe] A 2 (reference) 82E 1. &8 +8 20t
a9 SRRT A (X,)% X, o3 gelE AA 3 B omgol A AQH EAA F4 7162 492 B
A(region) dl~ET1H 34 BX H(X,)7+ ﬂﬂi 3l A ®Hazt gtk AES A 600 ZeE e
olelg} zro] Aol g} B, 1900 Zede] S, ela 1100 Zede] o
St F94 5 e TS AREEith A4 gl
p(Z) X, )oc e NPT @ am0x00l 1, 9 AEY CPUS AL Q)
5 @2 A2 D oslsh gol Aojaiel g, o BT TR O AT GEE
29 18 T4 28004 Adele ¢4 FRE 97

#1455

O 1. =X 32T mEst 7|k X HEHEE 0l& =
St = 21k (@) "W, b) 7%, (0 thetn
T Hat

Fig. 1. The result frames using sequential importance Fig. 2

sampling based particle fitering: (a) Hospital, (b)
Soccer playground, (c) University gate.

(632)

Metro-Hasting
st =& Zaf

2T gH

The result frames using Metro—Hasting sampling
based particle filtering: (a) Hospital, (o) Soccer
playground, (c) University gate.



21

s

(]

BAS

| ==X H 48 & SP

20114 98 MXtSSe

®

-

910111213

2
-3

-~
beind

'l

4

3

Aol 47

1(Occlusion)

h=}

=

AA el 7
Jo] ¥2)7} dojupwd 1 %A

=y
-

o]

=y

o 29 H@)ek 1b)e] Al AAgel vl WA

)
oA x

k)
psl

1(a)¢} 1(c)
1)
E3

o]

——

N
=

=
.rOT

K

o

N+
]

Hr S Smith! 71 A0

4

el

A,

o7 3del A A

+

o

T

o

®r

‘_Ir‘_yl

4. Qut result of object tracking performance.

Fig.

L

g 2&

-

o 27 1)l AA 4

S,

[

g

=

(z,y)l/ P,(z,y) & 7l

A AAel Fagoln.

X

(2

=) &2

GT

T, = Z Ti/anumber(Si,

t

- C;

L

R

7171

[e]

]

Ty =1-1C(z,y)
bz

t

gt o714 P(x,y)

e
[412) 4%

}1\_]__

1=
=

=23
o}

S|

¥
=

A

f

L

5 ©l

L

9 0% 2 Aol
&

J

=
=4

Ptk webd T 3

[

Stk weh TAew o

oA @57k A

=
-

)i

S o
= =

al

A

il

],

A

V.2 E

=
B\l

E

Jlo

<0

(ground truth) A <<

=

b AS

A
[e]

A]

-

.

Smith*el] 4

A

w
A
@

~

N

|
)
o)

i
=

1o]x

S‘X

7R 3

2

==
=

Faick o

0

c‘)l_

e Al

NS = golaT,

S8 =@l T,=0 <

°]&

(2

il
-
4
T
AO
N

-

T+ &)

G

N

t

kol 7, = N7/ fnumber (S,

€]

)

ox

A+

o

AT

ojp

A+

N
BN

BR

K

ojp

fes

o}
il
-
SR
=
=
BN
o
=
M
—_
~

w

el

N

3

9

7 7
R

=

[e)
=

2

o} ey

AR

o)

m_a

!

—em- A

o

@.du.

M

-‘v'

d4

- - AR

) 4

ol
[
=

.

__A_”_

a8 3 Simith 4]

[11 A. Yilmaz and O. Javed, “Object Tracking: A

3. The result of object tracking performance in [4].
(633)

Fig.



22 HEY HEo HE AtzE o/ et HIH2 4 FH

N
ral
a3
o

Survey,” ACM Computing Surveys, vol. 38, no. X & A Y
4, Article 13, December 2006. o
[2] J. Kwon and K. Lee, “Tracking of a Non-Rigid 4 o ")

1996 Q1A wietul Shal &4,
20051 W= pA A o et

Object via Patch-based Dynamic Appearance
Modeling and Adaptive Basin Hopping Monte
Carlo Sampling,” Proc. IEEE Conf. Computer
Vision, Pattern Recognition, pp.1208-1215, Miami,
FL, USA, June 2009.

[3] Z Khan, T. Balch, and F. Dellaert,
“MCMC-Based Particle Filtering for Tracking a
Variable Number of Interacting Targets,” IEEE
Trans. Pattern Analysis, Machine Intelligence,
vol. 27, no. 11, pp-1819-1805, November, 2005. L FE 7B A=

[4] K. Smith, D. Gatica-Perez, and ]. Odobez, 19843 M &gt Ao} A=
"Using Particles to Track Varying Numbers of &I AL =4
Interacting People,” Proc. IEEE Conf. Computer 19873 =g adwdisty Hd7] 4L
Vision, Pattern Recognition, pp.962-969, San HFH 38 AP 9.
Diego CA, USA, June 2005. 1990 =g~ ojsta 7] 9

ek}

%
20119 @A) FFdista Aeda
R

[5] A. Jepson and D. Fleet, “Robust Online AFE T v E4
Appearance Models for Visual Tracking,” IEEE Tt Hagdoste

Trans. Pattern Analysis, Machine Intelligence,
vol. 25, no.10, pp. 1296-1311, October, 2005.

[6] R. Hess and A. Fern, “Discriminatively Trained
Particle Filters for Complex Multi-Object
Tracking,” Proc. IEEE Conf. Computer Vision,
Pattern Recognition, pp.240-247, Miami, FL,
USA, June 2009.

[71 K. Okuma, A. Taleghani, N. De Freitas, “A
Boosted Particle Filter: Mutitarget Detection and
Tracking”, European Conference on Computer
Vision, pp. 28-39, Prague, Czech, May 2004.

[8] D. Comaniciu, V. Ramesh, V. Meer, “Real-time
Tracking of Non-rigid Objects using Mean
Shift”, IEEE Conference on Computer Vision and
Pattern Recognition, pp. 142-151, Hilton Head,
South Carolina, USA, June 2000.

[O] P. Perez, C. Hue, ] Vermaak, M. Gangnet,
“Color-Based Probabilistic Tracking” European
Conference on Computer Vision, pp. 661-675,
Copenhagen, Denmark, May 2002.




