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for Mobile Surveillance Robot
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Abstract

This paper presents the motion estimation algorithm on real-time for mobile surveillance robot using particle filter. the
particle filter that based on the monte carlo’s sampling method, use bayesian conditional probability model which
having prior distribution probability and posterior distribution probability. However, the initial probability density was
set to define randomly in the most of particle filter. In this paper, we find first the initial probability density using
Sum of Absolute Difference(SAD). and we applied it in the partical filter. In result, more robust real-time estimation
and tracking system on the randomly moving objet was realized in the mobile surveillance robot environments.

Key Words : Object Tracking, Particle Filter, SAD, v} 7+A] &3 Bayesian Filter

1. M B of Wall A WS ARt 22 HEHE et 5
A Fel & £55 ol 98 54 Wl AAA
gato]l Aol BEAZ I A o] BEAY olF A 7 AR E5S Fokdlo] o] &5 A4 =53]
148 Q) (frame) AbolollAl2] ¥ 7](1ntensity)4 Wl AR Apels FAY HEHE Aeth olFA £ d9E &
Uehdth ol2ldk B WsteiY FA9S Follle A 21 WMEE 73 Aol Gl e Ve S 22 5
< %49 FAH(motion estimation)o]&} 3l 22 +3 5 e skase EF 22 wEger WA &%
o| A =A gAS Ao g 3 28 Rol= zhAl Kol Al (translational movement)S &th= Aoty EFe A7
& HCI(Human Computer Interface), 7} &4 So] 9l 7t A5 E Ol 23k 71 o] AE =T} ol 22 HlE]
q*@%ﬂﬂv*”*ﬂ47@ﬂlmﬂﬂﬂaﬁ+d%ﬂa, o] Axtars Aseko] SrbelA ek F s AANA &
FANY, A=A | 3l Fo] a)ofe] didt o gl A= E]ri 992 FAYe FAA Hed 9A
Th el WA 4e Aed W ogele) wa AT HipixeD F1%) WEE ARgte] dA sl
(segmentation)®] ZH oz FA gug|Zo] AfHo=w o] 29 WMEZE o=3tal o]F ZHAH(steepest descent
a7 method)& AF&8te] BARTE dnbA o g4 74 &
B Fusled AMEEE dEZA olF FA WRoR= LEE2 =5 AT dugsd e 539 49 F
2% 4% 4ueFBlock Matching AlgorithmBMA)7  WE@dthal ok ofufsiad Shadel2 o g wEE 7oie
sta AAA darE]F(Pel-Recursive  Algorithm:PRA)& 2 55 AT dueselAet ol & =5 W9 sl
5 59 B A% dnelgodE el @ Zagle RF 2L WgoR Wa £52 dvhw g Bet ¢l
AT AV oy e EESEE B¥sla ol 7t EF 7] diizoltt. A BAPE S Abgste] ol HWEE ®BA
at7] diitel 22lole A9 7P A Ao 3
]S # ukeddlA] el mE 828 zk= oAl A A
HMaUXt 20099 3¢ 62 Aaro] Wolxle = e pu smee
clz ol : 2000 6% 6l Mol BolAle AR =CHI2].
‘i:j X1;(F = = =5 ] Mz @A =49 2 Y-S F48H7] Sl
» mAl B2 3t =0
ZA0] T o] =2 EAT|AH . MSA0| ol u|x|el =5 A% o ﬂ‘n-i SAD(Sum of Absolute Differences)
i < =2 *}%‘5}‘21‘3} SAD dagjge d&Aow feus o
off st 2008 = MEtAZ ST =7 etAld oA 7H| X[ & o] 5
) FollA A gt ol g te] Ak QS Tske] A FAdel
g grot s E AUt A7d|X| ol ZAL=ER L

311



stAgk(Pixel value)ol YAA7Y di= A9-E 2ol &
Aot 7P se3]4]. ol g A ES e °
T8 4 Ax A9 €wEIE B & ES9 dy|
(Contrast)2} 24HColor), #FE(Coordinate) “LZ]al of#]
(Edge) E & ol&sty gerds A&ste dHE
ZH (Particle Filter)oll %7] dte}wlEl(Initial Parameter)?!
AP EEZEEO A8 § rh

3}E]Z FE(Particle Filter)+= #8712 (Monte Carlo)
AEH e 7lwste] AP E2E-E(Prior distribution
probability) ¥} A}%-+-3 3+E(Posterior distribution proba-
bility)2 7}Ali= wlo]#|et 24 & 29 (Bayesian condi-
tional probabilities model) S AF&-3l= W olt) IE]E &
HE o]&sle] ol Xutd 23o] ghvele] 37 oA
A2 FHole EAE ARIsHA 4 2 FF o] 7HsekA
stk FElE FE = FHFH vkl A Object track-
ingell Wol AL&=a1 k. sHARE B Qs AEY T} ALt
o] BatAol M Abe] WE(State vector) S T-EH=dH ohakgd
o] dloleE Aglstofol vt aa A F4& 9
AFH g (Prior Probability)e] 2+ Z a3 Al EE<] A
o whe) gE]F FEe| o] Z9dE 5 vt wEhA
2 =T AE oleet 279 APHEEY] HELE o]V
3 oA AFE EF A dauElFe SAD HHE AME
slo] TE]E e AMASEURESTE AT I9
12 & =FollA] Algtsls AAAQd Alagle] FAEoln)

SAD: pose/
histogram color

Pose Color
Prediction Prediction
Factored
Sampling
Pose/ Color
Drift - Diffusion
Estimate
Component

fr
=%
a2
=z
o
il

Ohject
Tracking _
Representation

a8 1 AAA AlaE AR

Fig. 1. Overall System Diagram

A ol SADWHE AHgstel 2719 £19) M)
o 2Ee} Mg AR PES HAUTh 1
A p

312

Hoh

2 = AL v 2k 2%ddA doiake] 3
T ZF(SAD) tisA] AHetar, 3= A4
ElZ ZE|(Particle Filter)oll tis] 71&3ch 8] 4%
A AQket daE]ES o83 A 4 AFS 7|&Esta
viz|eto 2 53 A2

2. ErOixtel g ¢uzg|E

g E5 A 229 FANA 7HE Ao FE
= AAE A4 A% wer EE A3 oF Hp
#02 SAD(Sum of Absolute Difference)&e]=S A}
S8ta ek GFelA (z,y) ol SIAsH= Nx N A7) &
2o U3k SADE 2 (1)3 Zo] AAiks]e] Rt}
SAD(dzx, dy) =
2+ N—ly+ N—1 (1)

[L(m,n)—L_,(m+de,n+dy)]

m=x n=y

A7 I dA =z, [, ol Zeolw,
(dz,dy) € (z,y) 2538 A9 & 2 wEolty a7 2
= 9 Zgdol Atk t—19
Q) MEE FE BRS woET,
Abgro] Aztell Wl &7 ol= HlAE gAfolt) o] F
S ol gale] 2 JAFS dom ole olmAAY
& olgd £49) WEHE AL 5 3

=

p
p
3

of o XN N7

/g—

O 2 A G o83 2AY WY A=
Fig. 2. Detection of motion vector using Difference
image



L
20
o1 o
150 4]

o

50

300

a7 3. Aggrale B3 SAD A3 o).
Fig. 3. SAD Result through the full scanning

3.1 84

2 =ollA FAA RS 98] #2ole EAE 538
7] SI% daglsoR IEE "”33 A&ttt &2l
dolo] EAIE FH st dEE eI AEs s 2
3lab avkE Hol AREE I Q)

9E]E FEE oA o]&(Bayes’ theorem)?| HHZ-Z
ol 35 Fa AalE oA = Bayesian filterS AM&-3Hc)

FAs= EAle EE dolHe dHl X 3] AR
W =s<=~(PDF:  Probability  Density
Function) fy, (X[Z.,_,)¢ ddzddeln #54
doly Z ., & °ol&sty ffxd 4 stk IElE FEA
AFFgHE> N7 %}EH A4y HELDS B9 FEHE
{e), eV J= el 5= slobl.

JEE dee ZA F ‘?fﬁ]i TEE  ded, d5
(Prediction) @A ¢} #3(Observation) @A o] T},

ol Z A (Prediction)o| 4] AIZF toll A AL 8HE(Prior
PDF) fXM, (X|Z.,_))e= A3 t—10149 A5 &=

R =

in\Z[ 1(‘X—t|letf1) =

(Posterior)

Lot
nm

(2)
[ rax (1x >fX,,l‘2,,,,,OrHIZl;HMXH

2 2% AFEAdA ] AR ES FESE FAHS
Aoz ekl Aoltk w3 AR X, = ol Aejet %

HA49 @A) AHe] o] =(Noise)Z EF813 Atk
#A=(Observation) ©HAlo A 4] Xo] gk B=dlolE]
= oge FHow wd & & otk
Z, = h(X, V) @)
A7A V= AdH X% SUA wdelee] wolx
& vehdith aga g5l 2% f, (41X)E o8
ol fEe 5 drk el 1Y 4= BE2 A @
FHAS Ao B BA8 Aol

Dl LAl 2ES 93

o
nz
>
\d
mHo
1A
ne
1
2
i
Rl
o
ol

Particle 8 By
Sampling /</\
)
i V“<$
WV SOy Drif
— 0909
PAIN L N ] owe
Observation O’@@Q’Q (D <§’D

density

\\ Measure

«—
O —
3
\
\,
A
e _ | y
’
-—
-
-~
- —

\ S k1, Tt
37 4. SEE By FanelE W
Fig. 4. Once step in the Particle Filter

2719 Al SADE A AR S| AELY MAE
X9} ZTE o] gslo] AN2L Az TS AAEA H)
Aayol HE= SADE AAT W £33 B2 FHS T
371 A8l z & yFo] uke ol gstel Hoof HE 2T
o 1A yollM o] M B o3t o] A 5 gt

Loy — ol
Py = == dlh(,) —u] )

A 2 4olA = 2 GGl Ao HA(Pixe) el 7Hgrol™
5= iihﬂ 7 dE} & —r(KIonecker delta function), h(z;)

=97 oA A2ETE §4E Uehdt elw s
e o= I+ 2 % BE9 208 4830 09 A
g0 geb 2 BES AEE et Lol ekl 4
ATH6].

s = {x,y, H, H, q} ()

A o,y & BE FAT UEhiR ¢ §2ETY
vhepic,
BEY AN A8 4

o

Aol 23 N7l e F AE
2 [0,1]¢ HYolA ez Megc) o3t MZe] A
8wl 23 dugFHGAY E3E A (roulette
wheel selection)2 7} H]Szgk o). 574 d/do] &&=
A9 Hit 9AE v @A g EA9 TS A
al7] 918l AFS-ETh

3.3 0= BHAl
o & GAA E X, oA X,E Ad o FAE=
E2(Object) 9] +&0°] FEHOR oFo]| 7MFsltd ol&
gttt 72 AEs 884 574
(Sampling)dte] M2 AE /& deth
Dynamic model®] &&& &3] AZ 3EF Jjtol &

A==
s = As;_1 + W, (6)

313



SR X SAIAEstE =&X| 2009, Vol. 19, No. 3

A7 A A= T’/}ﬁ AR A= A YAE] vAaYy
drifts ®dsh W,_ & 7FeAIE WY E4HGaussian
random variable)S UERATE 3 A= I3} ZP(First
order model)& AH8-3}S1 T

JE]F AZ M) 75X (Weight) S 73413517] 9138 &
xS 2Eaf AR E AE FdE S o3 o5H 5| ~E
oAz FHuel UH’é‘(Computation)% Abg-ETE 4=
stE)Ze) e wE] sWel tla) sl AEL ¢9) o)=F 3
2RI p AP F3E g0k d5E R d st
21 4o o3 ALt FHojd g vk welA] Ex 2P 7}
FAE o A 77 2ol E*J & Ze THAIRE R

vhebd o Sl

—d o 2 _ _ . 2
7r<")= 1 cap — ((l] X ) (q by 1)?) 1
V2ro 20?

3.4 &= CtHl(Measurement Stage)
el E ZE(Paticle filter) ] Foll A AME3H= &8 &
F= 7 JJEi(Kalman filter)oll A A}-&3+ 8H& BXE 7]
22 84§ dushE 4 3olE F4o] FsatEs s,
o] W& FAfel Agk Vlsual Clutterol| 4 93t= 249 =
A48 5ol Beh, 14 2719 $39) WEle] ol o1

B3 A #xes 88 UEIS(PDR)E uEha,
PDF= 7heAE 7M1= AE e 2 fdeeR sddr

N
Els, )= Y, WE")SEW) (®)
n=1

9 2 8olM s, AIZF ol A AE FFS vehhe o)

= A *ﬂioﬂﬁ 7} (Weight)ZS Yept)
S-& 3E]E FE|(Particle Filter)9 WHE-Z (jteration)

o2 FYHE WdAE ] 4t Aol

Z71e Foix FEF AE HEF {Xt@1 , Trf,)l}oﬂ/ﬂ =S
+ JEF AE 13 {Xt ), wl®) }t:w“_‘N < etk ks
A a!=1/N%} ¥4 E¥(Cumulative distribution)

&)= i/N& %73} gk

- wdsHA Exd WY gs L&"g"]ﬂ‘jr. r=1[0,1]
. cifllz r 1 7HE AL S FZerh
- s=x1 o AAen
2508 Wl 9 AEgemyy  dxac

43 Jd=dgd
Edinburgh ©s}¢]
< Ag3ke] A

=

1_,_,

e JblRE A" g wm
CAVIAR ZzAEd] Al8w Sois
ol

)
ok
;

_Q

149 84

Table 1. Experimental environments
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CPU Intel Core 2 Duo 2.8G
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