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Abstract

In this paper, I propose an automatic approach to
annotating images dynamically based on MBRM(Multiple
Bernoulli Relevance Models) using GLCM(Grey Level Co-
occurrence Matrix). MBRM is more appropriate to annotate
images compare with multinomial distribution. The model is
used in limited test set, MSRC-v2 (Microsoft Research
Cambridge Image Database). The results show that this
model is significantly outperforms previously reported
results on the task of image annotation and retrieval.

1. M2

B =olA= TA] BF7]9 (Text Classification) ol
A FAE thek ¥ (Multinomial distribution) £} ¥ 2
o] wH (Multi-variate Bernoulli Model)[4] & W 29|
WHE el &&ste] AE&A1X1 MBRM(Multiple
Bernoulli Relevance Models)[1] ¥ =2 A4S a3}
Z%Oi _Lz;:]?sl— 2= 9\}1\‘; GLCM[Z]% g%l-a,o;] ]_Eo
2 Gl A 57{4 o2 7]99=E FZ(Annotation)d I
U HHE Akt & =4 = MSRC-v2 DB
£ 7IRte g Adsqin

o.
I

i

2. 28

ol (1§l 2)o Asom G 7I=E F4L
2 FE 3 S BRE e B =5 g3 =
25 YESlH.

ZRGL 79U 55 ‘

]

eIt FEE SH I 2ats[of U
AZtE Eel SFAUGLCM)E =&

l

>
N
&
In
lo
A
9_
HU
[cli8
9\_

B 3

(19 2) AA N2E sE2%

e For
e
(o of,
o

JelA A AR
AR FAIYE Tt
gg /\}713& 4 xhs]-g_i
o] ZA3}7} Segmentation o] %
o e o o
#‘34_01 1J_ Segmentation = A}F-&3h= W
XUGO] Atk A= F53H
S dlojie] 54 % (GLCM)
dGdE e A=
%Oiél‘i’i T QA
Aoz

o (1 &2
i

\u r

H

_

o m’{N’ s

-~

o H
il

(1 ge I o

=

d

N
e

do & poh B rlr X o
x
dot = Ho

I\F}FN ol
o 20

=
g

J

— ot

T

"
e
o
ﬁ
o
X,
1=
mm

gy, X
N

>~O}ﬂ_‘_ol
ox T
o,

0,
B
o2 = of td mn
jukes
1o
o
>~
Do
N
N
ot
il
o

FU«n:

-
EN

oL
i

)
22
(o
B
[

i an)
ot 3/
£
e
< J

_0|L
kl
b
il

M

]

it

o,

ox
2w
o, 1o et
o, | Q

N

o

£ fo

N
o Ho, -

e g
ol Jo mt
) [

o

fo
o
[
ol
ol

P
)

Ir

fz (n (n

il Ok fo
r O . of

R

4
Ol-m ﬂHNl
of L ; td
o2 N fo 1
=y «

1‘
L
tio
:oé
N rlr
af
ur

olft rif' it o ol Mz ¥ mu o N rE 7 o O po N
%
5, o

o O, |l miu T
i e = o

e

AT e

o &
S

N
N
2

&E P(ry, W)
719929 2 &E P(raw)t thadt 3EA

HWM—ZFWPF@MXHPWﬂFP%Wﬂ(D

VEW vEw

of
o
32 _g

-335-



rl323| BH=E Ex|alsts) st

23| =27 H[16H 235 (2009, 11)

ol A & U G4, rpv 2E 4899, v =
719 =% WY 72179 719E, w & rpotd dES
T8t7] flE AEE 7=, ny v 4o AME
M, Te TG, T T8993 e 72t
°of G4, (D= FTEIEe JheE YERITE Ry(gl)
= H]E‘/Fﬂ I3yl 9§ & %= (Non-parametric
kernel-based density) = 4] 7F-9-A]QF 7] d (Gaussian kernel)
= Abgste] et o] ALket

Cexp (—(g— )Y (g — )

= )

Ab AEE ot Aol y=p-1 2
AbET. ( BE Y Z(bandwidth) 24 AHZH o=
< % = %94?%%% ZE3kth) ne Joll 9l

d %

J

T *‘(1)01]*1«1 P(VII) = o vlEiro] 9E
S oo thg ) gol mdRT
l’lv,]+ v
P,(v[) = Y 3
NZ da Edgddsd il 989 7+, Ny= veE
TPt FAAFIT W G NS, s, o v
7F EohEvd 1 g ol O e 0 g %
=0 pE AWHoR ghe Auan

2.2 GLCM(Grey Level Co-occurrence Matrix)
& 20 70 tiE A GLCM o] SA%@ B, 5
2% ST

N1p2

Constrast = YNZGR; (i—j)% Energy = |[ZNZUP;?,

. - Pij
Entropy = ZN _4P; (—InP,;), Homogenity = {j-:(l] 1+(i_]].)2, 4)

Dissimilarity = YN_(P;; [i — j|

A@lA i, j = 2472 GLCM o] 712, A2

Aol A elwsa pE GLoM Ael Aag
= e
23 o2 AARHE FF JI1¥9=9 AF
7 gYgyel mek FEHE J94Sd Age
WEAl FAololo shiEl B wRoA Algtah
e e g
[<0; Max<0;
While(i < n){
If(Max < D[i] — D[i+1]){ %)
Max«<D[i] — D[i+1];
}
i++;)
A& B 7o 9= @ ekl

AEE 71A=de W

A3e 48 Sae
gaol Y

719 =2 Agsme =71l

I, #, HE 5)2 o] sl
Ae)on ghe

Hl &
[SR=5%-3
-7

AAAHOm). 1 F P we FEL 2
idAer gHor & gEHS Ze ir1dAY
Aolghe T F b nneh A4 e WA i
14 F7RATIEA Aelglel dlE ATl gkMax) S
et 3 ¥ Adgel tder A4e Fewm
NAE F29 A5rE AR

3. AT

AeteE 71HES HrEslr] Y8 Microsoft Akoll A A
F3}= MSRC-v2 DB(T13E 1)E 7|F o2 7]F9] oy
YR E(CRM, CRM-R, CMRM 5)3} "l 28-S 59
th(¥ 3) H7F AE2% A E(Precision)d A dE
(Recall), L2831 555 7|9 =5 o83 DB U &
AR5 AL e,

MBRM

CRM

CRM-R CMRM

X MBRM °] A&, AdE, #7A4

wasu Aot A o 4
ATt F7FH O = Segmentation & AFS3FE CRM,
CMRM[3]°] 3= t=2A 948 g9 A7y
o O PRI CRMR Lo} WEaI o
A SAEJAE=Y o= AF DB oA AlFste o]
A2l Ground Truth( 18 1)E A3} 7] wj&olt}.

(1% )=
F BF 02

1 2dE
BomRd M A PHe o
xo Aas YL, AN

Bop E2 , AAES YEhAH. o
Sl Segmentation -4 Ao FHEA @X7] wol
Alzke Wele] DB ol A Rte] opd Rk P9l J
AN AREE F Ue Hew ZEH

Huzsd

[1] S. L. Feng. et al. “Multiple Bernoulli Relevance Models
for Image and Video Annotation”. IEEE Computer
Society Conference on CVPR, Vol. 2, No. 2, pp. 1002-
1009, 2004

[2] R. Jain. et al. Machine Vision. McGraw-Hill, Inc., 1995

[3] J. Jeon. et al. “Automatic Image Annotation and Retrieval
using Cross-Media Relevance Models”. In Proceedings
of the 26™ Intl. ACM SIGIR Conf.,, pp. 119-126, 2003

[4] McCallum. et al. “A Comparison of Event Models for
Naive Bayes Text Classification”. AAAI-98 Workshop on
Learning for Text Categorization, 1998

-336 -





