o
A
o,
M
=
o]-}l
oo
o
nlb

3] 2005 =3 Vol. 32, No.1(B)

S Feld 4% AR FHS A
5] Wlol At vEY

“x o 0 =x ]
o] /q]r,ﬂb'l—"r 74 E]q.b’]——r].
taiji391@sclab.yonsel.ac.kr , shcho@cs.yonsei.ac.kr

Fuzzy Bayesian Network for Fusion of Multimodal Context Information

Ji-Oh Yooo, Sung-Bae Cho
Dept. of Computer Science, Yonsei University

2

t 7] s el Ak MEAE wol ALgaTh et Ak u
oAk MEYAE 7 w9 Gt o) kHe]s] Wl A& H ol AL o Bt FA EAL 5 9
S oddel 43 ARE Ash] offth & mRAAL ol gL ol MENLY BYS W]
Ao Y Aeel A AnE AAE gl el Wolds MEALE Fof Fea 64

HUE W) 4% ARs Agsl fest
[}

N

A ME2E AAGTE F8492 nol/] As) S 22 ol AES AAste] Aul wol Aot HES
ok wlal Adg At Xﬂ"i?ﬂ WMo tekd A AR el A% Aert bede Sk

1L A8 2. W7

wEe] 4% Jug 47 dse o Azg ¥ 21 MelAL YE4S
3 WY A5Fe A3 AWE AAds Adtsle] =2 o] x|t YELAE Ablely; 3 W4 1] 13
= wwo] Hasith  wo]x et q]_ggqﬂ(BayeSian HAE FEH aHZ o]2d 2Aste] RAYst= U
Network)= o#] 43 AR 79 o3 #AAZ wazgs COltHll Zh AR 3 AAlE ezt 82 ek
2= 9lo} o]glet W o g wWo] AlgE T} 7] witel =t d@e wdsta FEeksd A et

olurA o]l Wlo| ot YE A= 7+ e At ojak U HIOIASE HESA BNS vt o] Aejdrh
Mo FAuo]l il 43 Aust #AHW o] 3 BN =(X, L, 0)
Gors wot o 4H 3 @ A4 gz 948, X ={xp,x9,,%,)
gy AA @74dA BRHEE 4% gre oidy L ={(x;,x )li#i/\i, ;< X)
ST YA A&l Ayl wrl wsk #Ey AR} 0 ={Hx |Parents(x ;))|lx =X}
ahipe] AEvh okl olel A Aeje] EAle @ 4z oI Xe == AW, L =5 Abeld] ofa [ 6=
olth. wlelA Ankdow Az AEIF AL grow .%_Zﬂluj* g Hols FAFS vttt 7 ==+ AR
2 Ao Hgs Sgstetn, o g SAe xd o FF WMFE UEUAL, ofas= A Mt &4
Ao A ANFA ] = A MElde] g ws=o = WERET H]E"JELS’J TxS 215 gE Hole2
3 b duE Agses ae Asdd oy g SEEs dwsted oE) A,
e s o J1Fe) Qust BeEkA gow, A A == “W gEE HEd 25 AW HE IX
2349 o4 zro] WislA Awe Helzp Brlssg=  (joint probability distribution)E S8 A4 4
o] olvh mF FAlAl £ oY AH T & 7HA 1
geE gaE 4e, AeHA 9o ne gdrt Fe Foxy, 5,0, 2,) = 1 R | Parentsc )
Aol 714 9ls 4T FAE Hol Ak MEYA T 4 w=xo Fd E7F #EH3

2 omel A eleh & wolxeh IEIS dHE o A weE X g A stwet] T gL wo)
wkaz] elsl A wlelxeh MIEH A (Fuzzy Bayesian = 52 (Bayes rule) S AF&3ke] thea} gro] AtwT)
Network) & Altgt}. 3= |

| wWolAet MEH A= B
P(?C target_siegt E)

o[ AF
X targer) S AT

-
i
lo,
)
>
fuj
i~
=l
N
N
B

i Abgstel mAWG py o lewel

s
- =
)% Eal A% grol AW A% val AelW AA 4

il il _ mrget
S G52 ol tel 7 gEel UF WA 5% G A A=)
Axkstel 514 wolAe e 0] 483 + vk E, 22 WA =
stubel ez ddsty] ojele MM ARE o] AH HA =2 BAES gds] F ARew AAs=
o g A L&Egoer FHst] A8 F Atk Al 7EY =gE A ARE UEE F dEE g4 4
Qb WWe] FE&AS Holr] S8 A&l wel AEFE ojn2] HA =g B AR, Z2 A AEE
o FHske dleldEE F&Esta ARk wlojx|b vl 3 AR Atelo] gl HA A&E gow R #
Efast vla 43S st



rk
A
o,
M
=
o]-}l
oo
o
mb

3] 2005 =3 Vol. 32, No.1(B)

Vs”
Juzzification (e) = Z p efs”
AZIM gz A W xo] HEE s, (g
A Aol tiE HAA A&EE FFE vy 03 1
Abole] ks 7T m /&= oW AHel oist A&k
A YE = Vs 2 el
, Very cold Cold \ Normal Hot Very hot
I%ﬁio.s \
Al 0.4
0—5 0 5 \10 8> 25 30 35 40
a9 1. X0 gigk HH A&E &5

3. HA Ho|A YEHZ
3.1 &4 4+

Bz e} wo] Xt FEE AFstH = dEA AF=E
Yang® <7+7F AtH3] YangS Hlo]x|ot FEoA
S3S AFEE7] fdE HA AEE e AREEY
likelihood density functiong A= WHS At
o a2y o] A #FHE fro] stvd ASwk T

T 9ol 9tk Pan 59 ATE THAIRE S AL

g3t A&HFT BAEKTES FAA AFEE Qe o
A Hﬂ"]ﬂo& YELAS ARt THAL o] A+ sty
of d=Hgkoll tigk HH &2EHE Fro] REE=A] [o]ofof
shar, 7F-AIQE 3 5 AlAte]l HAFSithE wHe] 9l
H ERdAE olelg dHE S, fhdsta &

Hol w7 wolA ok YENAE Aokl
3.2 Atals Wy

A wolA gt HEAZE Aelar] 98 BT 2ol
A 2gE 4o F& Qe

(1,951t (Q]s”) =(u (D () (sNs?)
=ue/E

=, 2= x9 A 9 =5 oy AE 7F Al #
Ze A= Egta & o, Eol thi HA A% e
Zy defol Wt HA AE5%E Fe w3 Zolu)

Argt # A ol x et HEY A= 7]—“&7913E H] o] 7|
oF JJEQAS] F2 WUHS lﬂii AFEEEY, x4
g7 #ZAEAS o F2 UHS #H =gt X“:’“% -
Q=2 3 Aok, BEHE AS AW F ALZkolA
ARSI Thed AR BEE fuazification ()T
XA = v 7159 #Holxeh HESAS dHoz
¥4 7Med A3 ARe g F4S AFESHY HA &
&% S AAz

(e)={1 s*eobserved state
Hsr 0 s*&observed state

Ad 48 Aust BAd A9, ded e FHL B
8§ WA a&E ke @A e,
observed x;

Fuzzy Evidence =

]x_[ fuzzification , (e)
=(1 A\ +otu (IS, )
(1 (DY H ot (AS)
R CR IO /\---/\sl)
( x,(e) R (e)/s A /\an];k>

= ;(# H/E)

1=

714 m{b‘ =

X targe
S aee A}%om
o 10] 517 eobi & Aol

P(X tyger=5 “reel | Fuzzy Evidence)
JE P(x target_ S tgrgetlE)/l E( e)

VE
%:#E(e)

oo 0 &

4. & 33 olo|RE
ool A= AREE H A wo] Ak ESAE AME
sho] gob FA o= FHTAL. fof £ ool
AEE 43 Ju 53, 948 2 F2, ooF 249 3
A AR A A gl A48 elg Fa0n
a9 2% goF F3 oleldEe] Fxolt
Agent 1
1
| :
] ———» Interaction :
Sensory Weather Emotion — DataFlow | |
Inference 1
Data Data f |
Engine 1
' | ! l
User Profiles !
Fuzzification H
1
l 1
<
o |
. onng Database 1
Fuzzy Bayesian 1
Network Inference :
Engine i
0 » Recommendation '
Music Recommendation Agent

a9 2. 5o FH deJHES Fx

FE AR s A JA FFES AT A
#HE s 43 ARE Roy wA ot AAME B3
P = AS% FEe AR, AU T8 fdHEHE
715 FHel AR, AFEAkeke] thEt 555 7|95 4
< Abgete] F2F Hx FHY AH AR T oFE
FEje] w7t g ow AR

HA g 2 FE G gEd 4% ARE A s}e)

632



e

FAFEFEEEEUI 2005 =FF Vol. 32, No.1(B)

a1, o] & A Mot UES A FAR AAst A
o] uwri= Solo] wE} ARE FEIT A ARELS
¥ A3}l 5 o] Fuzzy Evidence® AAHTE o2 AE7}7}
AASE wWolxet HEY Ao HEste] x 17 22 &<
o wlel dre] Zt Ao 3t FEo] FEH}
= Fd dAE FEE 4 dE AR AHel o
gdE7 dzste WE AERE 92 e AMEA Z=2d
S vt o= dolgHol 2~ el Zb Fotol g 3 A
TE Aitso
E 1 599 weg AR
HE AR JEH
Genre 5 tHA
Tempo 5 A
Cheerful-Depressing 5 @A
Mood Relaxing-Exciting 5 A
Disturbing—Comforting 5 A
5. 489 € A%
AQbeh W ol F8A4S Hol7] 98l & 29 Zo] A}
o A8 ARE Hole F 7HA &ACdA FHE Sobs
Hl st 3ol fAlstn® FHE = S % FARgH
2oto] MY Aoz 7YE 4 Yt}
¥ 2. 4% 34 (29 d9¥+= 92)
qE 2R | FE | 2R | A9 | X 73
# 11124 %651 9% (249 lux 3 9 T
# 21126 &£(649 % (251 lux 3 9 HE
¥ 32 F 374 slolA dut mlo] Xk YES A XA
ol x| ek YELAE Ab&ste] Sof FHS 3 F dF
Soel digk =95 yEld Aolth. oA vrERd nie}
ol dnk wo| x|t HEYAE AMEgE FoF FH 4
T, 39 w2 FHEE Soto] g wel e a
ASS & F Ag T3 Fe oo gk =97F v
sk FAdelE Betal W AolE Holal u. e
v AlekeE WS ARESE Fof e 22 St 22
THE FHHL JS & 5 UG
E 3. 0% 2 F=HE 5ot &9 W
=t A= A 133 2] 2971
Y T2 AFFS 93] 1 39 &
I'll find a way 2 74 =
BN s 5}_% U 3 75|k &
W&o} 49 1 HE
ol o3} 81 2 B
Yol Al 73 3 HZE
W&o} 1 1 HE
FBN Yy T &£& ¥ 2 2 HE
o] A ¥ 3 3 HE
a9 33 4= Mood(Cheerful-Depressing)°l] 3t @&
W3S el Fojh dut wolX|ek YEYIE AA
ol A A7t wASHA WsletARE AFgE W )
ojx|¢k HES Ao} AAAQ] & FET HzshdA oA

£Hom gest WA ol Uk wolAet VES
S0 £ES ge A% Aess] 98 SHAE

A Hed, 4
dlu gl = ek o2 gHw fusel Ael] o)
1 o # e

%
Ae]str] well

04l
0.35 R = —
0.3F _
025k —1__Mid Cheerful _
0.2 } Normal
0151 | Mid_Depressing
01 r D i
ook epressing
0*10 -5 0 5 10 15 20 25 30 35 40 2%
29 3. BNolA &%= ®slol dig g5 ws)
j}ii Cheerful
037 Mid_Cheerful
0.25F
0.2 f—_ 7 Normal
0.15 x Mid_Depressing
0.1 Depressing
0.05
0
-10 -5 0 5 10 15 20 25 30 35 40 2%
2% 4. FBNolA 2% w3lo] 3 g5 W3}
6. 28
B m=wdAE 7, A%#, WA 5w dH
BERE HA =g & ARt dAgsta ol & o] At
HEH A A&3d F e HAA Hoxt HEHAE
Aljretaitt. ol & A& &oF FH CdoJHEE Fdd
AL, Ak o] xet HEY A} vl HPS Sl tFS
e AR g Fdd AUt b s EATh
g dArEe Ak HS ARt AlM AR, )
AR T UG ARE JHom AR HEHNA =
B 5 =l A& Alg ot
e 2
¥ oATE 2147 ZgEe] AdAdel aH A
o ofs) %5 g o,
]
[1] K. B. Korb and A. E. Nicholson, Bayesian

Artificial Intelligence, Chapman & Hall/Crc, 2004.

[2] J. Jantzen, Tutorial on Fuzzy Logic, Technical
Univ. of Denmark, Department of Automation,
Tech. report no 98-E 868, 19 Aug 1998.

[3] C. C. Yang, “Fuzzy Bayesian inference,” Proc. of
IEEE Int. Conf on Systems, Man, and
Cybernetics, vol. 3, pp. 2707-2712, 1997.

[4] H. Pan and L. Liu, “Fuzzy Bayesian networks: A
general formalism for representation, inference and
learning with hybrid Bayesian networks,” Int
Journal of Pattern Recognition and Artificial
Intelligence, vol. 14, no. 7, pp. 941-962, 2000.



