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Multimedia Data Clustering Based on Correlation Matrix Fusion
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Abstract It is a hot issue to explore statistical correlation between different types of multimedia
data, especially in the area of multimedia clustering. In this paper, we propose a multimedia clus-
tering method based on correlation matrix fusion. Visual and auditory feature matrices are firstly
initialized and simultaneously mapped into a subspace; Then we utilize correlation fusion strategy
on image similarity matrix, audio similarity matrix and image-audio correlation matrix for global
reinforcement and optimization; Thirdly, similarity-based clustering method is implemented for
image and audio clustering in the subspace. Experiment results are encouraging and show that the
performance of our approach is effective. Besides, an interesting experiment of image-audio cross-

retrieval validates the applicability of our approach.
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fusion; cross-retrieval

W56 05 A 7 4 L o J2 3R S0 R R A X
Web Z2 8RS0 1A RO BRI BE AR+ 20 IR M.
AR FE AR IR A76if A5 SRR U I8 55 A
Wt 22 R B AR RIS B ER I A JE , Web  [) £ 3 56 bR Il A, B 25 4 R SR 5 s 3 AL

51

T

JUTE b A MR 22 BRI CAnTRR A D 882 5] St Ar bSOy s L B B L 2 R B B 1Y

1R

HZ K  [F s BT 2 BRI A 5 B )2 VETEIE RIS LS R N AT ok 223k

e H#1:2008-11-23 ; S KB PR ICE H 9 2011-08-21. A4 39 6 5% 1 AR k2 k42 (61003127, 61070068) 1 4k &4 8 F T RE 2 H oA
WFFEI H (Q20091101) FH gk A7 K2 B 2% 5L & 100 H (2008 TDO BEBY. 3% M5, £, 1979 4R 4R 1+, @ U8, EBEHF I8 7 1) S Z 1R Y
AT HLER A= ) IR K &R . E-mail: zhanghong_zju@yahoo. com. cn. & 7% 55,1973 4E A WA JUR . EEAFR U £ BEHK SR BT
SRR Gt I . SEE R L L1963 4R A Tk L SR L 3 BLEE T S R WL B 2 ST B S B 5



1706 it "

Bl

e 2011 4

L
&

Z W RREAS 2 o) FEAS 1) S A6 45 AR 23 (8] % LA 45
Hay o BT 3 A VT (9 T8 SR &R L S B 2 AR R 4R 1Y
Rk

TR 5L 22 R SR BT R 22 2 B 0 B — 2R Y 1Y
ZUEARCE . I ER RS E R RS SR 4R
K B Web 22 800K JOHE S8 Y A 1B 0 R ik
Z WY TS T U6 5 A1 R 35 0055 1) 2 IR 2
B A Ak BRI R 38 [ 7L 5 A SC ) i 9] AR A G B
FEC AR < T IR 8 045 AN TR 28 2 11 22 AR K
AT LA GE W5 1R A ) 0] s 3 38 #H AR ES) 3 S AT
B AE SR B A HAME X B AME R TR 2
A SR 11 i RO

AR SCAEHTI AR A B At 1, L Web BUTE | 4R
P14 Pl A5 A0 5 A0 N 5 B Al » A R e 4 2 A R )
Hr 7 W TR GE T AR G 1 5 I 7R 5 Ak 25 1) A
PRI P A5 T 45 R 5 330 LA B i A3 5 49 =2 [ ) 22
BRI 5% AR AT AR SC PR R B 42 41 T A ) AR UL S
16 TE AR B S5 P 5 i I 308 5k i A BB 1) 9 B 3%
PR S B GO 3 A0 R 26 X EE S 36 A 22 T T 5
R T ARSI 3 WA S S5 3 2 B AR SO ik T
LT 22 A A 2% S B A5 R 8 A3 2 ) 1) 52 S
KR,

2 BETRIEFERT = E RS

7 AIE IR 24 S xof 22 WO B0 dRs 1) AL s i D
B A2 Z RN S B RS AT R A e ik
T BT I R A B B IR 1Y) v 4 R O AR R AT
JEL I 3 itk O 30 2ok 2 P 48 5 B A B 2 0. [RIARORT g
AR S P 8 R 5 AR AAE 5 AORT L IS P ) W AR
BIRET X R R AE B AT AR C 1A [E] Y R 4R
PRI AR A BIF 5T O T QA X 4 R AR R
Wy 5 R AE 6 B 58— 43 BT RN 4 O 1 38 4L T 0 AR AE
(] P 98 A AH O 1

RSN T RERE S 2 N P K Bl ESR S
IR AL B Ja8 M 5 AR O DA S8R L s 44 4 45 1 AR
AREE AW e B k. BRI 25 08 n MR BRI e B A
LR G - B R R B SRR AE LA S R
B, BIVAE B 5 4 1) ik, WT S8 R AE AR & A 1) L DU Ry
FEAR IS 1532 7 X 4ERY AL 50 FFAEAE FE A Fln X & 4
R T 5 A LR B AE I AE 9 b 8 i R T CCA
(Canonical Correlation Analysis) 19 AH 3¢ P £4 57 it
SP3Em BN 51K AR M Oy ik 42 3 KCCA
(Kernel Canonical Correlation Analysis) i [f] ¥4 +

25 8] LS4

G AR R PR (A W (B K L 4 AE
T ek RT3 R A i o B S 380 A% 4 [A) , 8 1 45 (] oo
FAEGE ) CCA Ty 1 1153 S P DR 45 i S5 1 43¢ 3% 1)
BW,=>ad(a)=0(A)a. Wy => W (h) =
v(BB.H P a=[a .0, " B=[p. .5, FR
HE R

Hw, 5 CCA Jrik 2, % B b5 k& 4
max[ &' ®(A)TOA) T(B) " W(B) BT, H 5 Ak i B Ky
RE J5 KRR B DR AH G A 358 725 )5 5 ) A% 1
K, K, € R L (K),; =d(a) " @(a;), H(K,),; =
(b)) Wb WA LK H AR ok B A 1 78 29 31 4%
% o' KK,0=1,'K,K,B=1 FKf# maxea"K.K,B;

) s dm I Pk B H I 1R AR Lk B AR R AL
HENH A FZE o« B E, T VISR PR — 1
BREAR o TEMRYE T 25 18] S* Hh [ A8 A5 WiId (@) =
D@ (a) (a) = aK, (a, ) FHFEA [ 4 A5
AT LR AR A 7 b SR . 3 13RS e K S
M A FIHERE B 530 n Xm (m<<j ,m<k) 4 {46 B4
A" FIB".

Wit 2= (2, ooz DFRAR ST HFIYERSE
SREAR 5 dy R A REAR S 2, Ml 2, 6 S
R RE B AR B BT A AR AR S R Y BB R AR
D2n><2u:|:dij]9uﬂ#/f’t)§%%i_\‘y‘j Déx},xzy,:[dij’ ](d; S
0,1 B Do, R BT G AN AR AE T 25 10] S
CHEODIRGEE S T

3 ETHEERMSHEMUERLL

H T35 SO I B AR AE L D, 0, JE AR
S SRR A AT S B AR LR L B AT REAS 2,
2 AE R D50, M I B T8 A/ - IF A BE Ui
P FETE S bR SR A OGBS Z AR OR. B X 3 1]
RO AR T i T R S DA T N SR T X
X PRI A0 ) R AL EE A 7SRO

PN BRE A SL R o A T 725 6] S, X s
BEA L Z R AE A AR S PR R 56 R T 2EmT 70 g 4 b
Nl 1 . Horp SRR R TS (A R A AR Z (]
iEREE SIS LR S PSR o2 PN e o Nl LT B R 5
LR X 4 PR G R AE A ST A
FEARSLATAE R » [ A [F) 2670 9 B8 ¢ R 2Z [ B oA
T AME R A AT

X B Dy, = Ly IRIBUEIE 75 31 6 R



91 [ RS S G SE IV E S TR LN TR S 1707

A Kl %
— WK — == X

X\f

(b) d
1 s (] v PR AGOR 3 A3 A (6] 9 AR B 5E &

FHIE M, & LAE
M, M, o e 1
= {MN MA‘J s ML) =0, 2 E<a
@)
Horb o i 80 T AL My Mo 53 53 2 FHR AR
JEE R ¥ AR AR AL RE R P 1 R M R ML 2 X
PR I 37 PR ORI & 90 22 ] 79 AR DG BE . IUUAT: 2 G
Wi P 5 s 0 e 2Z 18] 8 R B8 %o oz 1~ B MLy R B I
EHE M, (a2, X HARX I My, (a2 3547
AL -
M, (x;x;) =AM (x;,x;) +(1—A) »
D IMyy (s yOMia (255 3O Mas (v s v (2)

LW ARF N

M, (xiy) >, Mg (xj,y,)>¢,,

My (yisy) >es, Hoasese,,6,€ (0,1 (3)
KOPES A RNESH LS e he e T HEMIE
HREAS 3 Ry e v Ty, S 4% 328 RH AL EE 1Y
A S H e e e IR B F s Mia (s 300 >
&l My (z; 5 y) > RO UG o FVE By LA SR
x; FIE Ly, Z (6] FLA SR OGP An & 1(h) ~ () fir
IR sMaa Cyn ’y,)>63%ﬁ?%5ﬁ1¢7~1—‘ Yk 0 yz%?ﬁ*ﬁ?é
A I 1(h) (D Frs CEA L T3R8 yi Al s 2
[ — BE AR R 4 TR AR L) s 455 D) Rom M I 45 4 24
AR E Iy oy 8 Mos (s y ) Mia (255 9,)
Mox Cyes ) XFEERPEAT RN, 5250 th AL 3 1 e
18 SBLAEL

€ :% (%ZMIA (;sy,) +max(Miy (x5 Vy)) >
m—1

(4)
Hon B iREARCRE. BN F o MRS ¢ 2
s S50 e R IR (O N F 3 BE Mo 35315 . [F
20 (2) W] F 18 IE 5 S30R 5 ARURE AR 22 18] 4 A AL
M 18 TE J5 I AR RIS HE B30 MLy s Msa .

K2 WTF RS R 2 G« f1 o 1R X -
AR R JBE o PR o = 3K (2) DA 22 R B8 56 & 1 £
JE L LEB AT T T A3 18] 2 R R AR A T F AR B

K T FBOR 5 A3 LA R 5 30 R 5 A3 22 T A SR A S A
PR ALE 9 S AR, 5380 . AR RE DAL 1 7
JETT 5 » FH M My Moaa s Moy (M) 70 5 37 158
] 3 Fif B — 2R 14 2 AR RO G R BT R ik
[l L3 3 M AIHE 56 AR =2 1) B B AMAE A AT 1L 38 1k
R TR Moaa - Moo P8 A 19 B AME SR 2
THEEE M b AR TR M 0 R R R AR
W My i 2 18 B dls 56 R A k.

4 REHIE

HY T I R o AR TR N R T A (]
St AR BR AR AR L AN R LA AR BRE D 2 IR 3R S 1Y i
ANFAEIEH, — 2B G 1 2 T7 1, A Kmeans 2
K IR IR IR T AR B R L
R T8 £ 4 23 X &5 R 3 U K . AR 332 B AP
(Affinity Propagation) B & kM B &, % H 1
TARARLEE (4 90 24 32k AX 7 ik E AT R 8. AP BRI
B a2 ) A AR ARLEE 3 3 11 PR R AR A B S R R
J3T o Ao R G SR TR B A B W) B T SO BN 43 A
NI E XIS

WEMG R X oA TR m A G A H
xisa, € X 2Z[a] B A E 6 N T 1 5 A AL E L I Y
TCRME M (oysx) s R 2y 2 Z A AFAE— 25 TC 1)
AL 2 ALY My () <6 Horp 6 0 S
FR R L B0 R THE AT 9 5 node () ] AR 48
R node () R IFFHUAMIHE r (. j) R R
node(1) ¥ 5 node () AE IO B %, 11 &
Wr

r<i,j):M;;(z‘,j)—%x{a(i,j’HMif(zf,j’>}
(5)
o oG, ) 5 node(5) ] node (1) % 3% SEEUHE
THE KR node (7)) BE#E I8 Ry node (i) 1) 510> 1 4
Foal, DEVBARIF. o G DR MT
J 7 :
a(i,j)=min{0,r(j,j)+> max{0,r(".j)} |
(6)

2 (5) L (6) TEREA B4 4 kAR AT . H B3R )
WCSSORZS S B Gy ) F @ (i ) B8 A /N T 1Y 1
fE. EHR R TOD W TTRE R e 1 A S 4R e
I RBSER L H G ) BIE S R B a G ) B9 AN I B
L Bk 7R R KSUE RRE S IO — > 5 1 Y 2R
R0 i RS DR L X T B B 15 node ()



1708 it "

Bl

e 2011 4

L
&

47 node (GO FEME M a (i j) +r iy ) BUES B K AE, M
node(j)H node() WKL T RERHYE
BG AL J7 145 3.

5 XRHERSHM

5.1 HiEEFMEFEREF

B E R Rk B A R . 78 Windows XP R
I VC6. 0 SEB T — AN EB R G, 5L 5 N Web 5T
FORAE T 20 AN SR AR A A D I R B
AR BN R IE V528 VR B VTR TN A
) Ho RS SO R AL HE 100 i ER R 60 B 4
7. S0 % B Bk PR T M 3 http://www. ani-
malbehaviorarchive. org, http://encarta. msn. com
1 http://image. baidu. com/, #f 4 K 1% € B T
Corel &% 4.

S AR IR R R AL AR 256-d HSV B0
J7 & .64-d LAB Bi o 24 ) w= LA & 32-d Tamura J5
o] BE 5 3 RURF AE AL 45 4 4> Mpeg J5 48 BURFAE B0
(Centroid) . 2 ¥l # & “F % (Rolloff) | 4 i¥% #i &
(Spectral Flux) f#1# J7#R (RMS).

AR I P O X R 8 I (8] AN ] 8 AU
AR BRI B )RR AL [0] S 2 B0 A ) SCAR IR AR 1 &
ST F RS i (R Y A 7 RD A O A AR
HH (AR 2R 28 T TR R ) I AR AIE 4 JBOA [+ 4
EROE SR (SR I S EP S
PR W 5 47 1E [ 4 AR AR TSR T Matlab 7.0 58 8¢, 3
TR0 2% 3 W4 Wi R AU A 250 oA AU T i/ )N
5.2 MEEMat

Y M ZR B S P e B R (2<k=20) 1M iF X
JEAN I UG AN k(2<<R="20) 18 LIS 5 35 40 5 4 0F
Fr 32 IF e i th i TR R 2R A B A R 2R
B 55 T E Y & H.

WHRAEURFEA = TS FEA y 2 N TE X
Ny g BB AR R B, o Y R 2R Al 2R 2 Ry
BN oy WERNrFN 2B 55 H W) TR SRS HE
B nccuracy P IR UERN . A nccuraey THRANT

J IJ\ccumcy = i Z 3(5{, 97nap(r,' ) )
i=1

n

IAJ\ccurucy_; 2 6(}-;, ,map(s,»))
i=1
1, j=k
0. HE
For nom 73 59 F R AR YR 28 S b R FEAS B R

8(]',/@):{ (7

B IUREA BB ma p (o) 2K 1 S B bR 25 e 55 5]
AL b e W ST ek B AR SCHT SR [ 14 1 1
Kuhn-Munkres Jy ¥ 3% B H0 b 5
5.3 SHIER

AHRPER G L I I e vey e B UM AR
PO RN e =0.72, e &, WA [H & BUH .,
T B PR A S 1 A2 A T A2 Al (2 UL 3 719D 5 AT
WESH A BHF W T AU EL5 1M, M.

AL A LR, S5 MBS (O 1) 3 il Y 8 JROAS
[ BB AT I an &1 2 s JF LA A B I
B F% BR5. 2 i 7 i IR B 4 v e R &
5 SR FI BIARR b A8 S ) 5 005 s 1T 3R
25 TR B ) T accuraes T Anceuraey » B 2 THZE SR k=
3.4,5,6 MO0 T 159 20 0 M RE A

1.0

| O BECR A R O B U A it |

L

5 0.8
0.6 0.5 04 0.3

< 06f
£0.4f
i 0.2 -’—H
0 L]
0.9 08 0.7
ZHE

Bl 2 KU S B A X B2 AR AY 5 I

AL YA H SR A=0.7 W, B 15 51 fE
Lncenmaey FE B ZRNERE A nccurney B IR BN IR
5.4 XfELEFSH

TE E S BUBE Z J5 » 8 B HE AR SCO7 15 1A 3L
PEFIG A - 5250 53 590 K R 51 4 FhJ5 ik % 5.2 749
TR R AT SOOI R AN B ST SCR R &
WBE B EAT IR 2K

(D) ASCT7 . A ST J5 125 6 52 56 8040 iE A7
PR W 5 457 FE 95— o 24 0 25 18] W 55 L 6 I il R
TARALBE A B dhe R 2K 5

(2) KCCA+AP. Ny 1 kA 3CT7 ¥ A4E 1 =5 (6]
rp HEAT A B Rl G A RO L B SR KCCA Jy i3
FiFas B SR 5 H R AP B30 43 5 %
BN R

(3) PCA-+Kmeans. PCA(Principal Component
Analysis)" g —Ff 22 8L 1) 2 BARRRAE 0 M 5 vE . 1
FEXT 5. 1Y v IR B 6E R AE A AR AE 3 ) 1
PCA Jrik b A7 3 50 42 O 25 e, 9K 5 T AL 42 i)
Kmeans"* 528 07 75 43 5 2047 G R 402K 25

(4) Kmeans. H ## ] Kmeans 32 5 ¥ 43 5
PEAT MR RN R 2R




91 [ RS S G SE IV E S TR LN TR S 1709

bR SR R B HUE 2, 10 JFEH N Y e
A BRI X R B MU BEBLIEFE 5 UK 4R
PRI e Jn TR RE Y B b 8090 1y B diE
FIAE N 2550805 - HoAy 20 7045 S I B (Kmeans J5
EBRSN . U ZRid 7

3R T Bk 4 RSk TR RARECRM

I/\ccuracy I\iﬁEE{Z‘i@{E~}J\F§I 3 m‘u%?IJ’zlgi
Aﬂccuracyﬁﬁig,ﬁta:;gﬂtﬁz 3 ﬁjj‘%~
0.95
—o— AT ik
0.85 —a&— PCA+Kmeans
) —8— KCCA+AP
0.75 —8— Kmeans

AN
(a) IEH% ié*%

0.95 —o— R Jrk
—a— PCA+Kmeans
085 —8— KCCA+AP
0.75 —0— Kmeans
£ 0.65 \
< 0.55 f
0.45
0.35
0.25

R

(b) FFPURA LR
B3 4 PP AR B A 3R Ak RE X L

JUZE i, PCA 4 Kmeans /53 B Tacurey P
AE B AR B T Kmeans J7 . X 2K N
PCA J7ik i Fl L BR T 956 FRAE rf (g I 75 s PCA +
Kmeans J5 3l Kmeans J5 55 1 A pceurey, T RE 8 0y 42
TR R R AE 5.1 2R I SCHR 3 ] v A A0 2R
FITIE XS WA I e PEWT 5 R AE AT R 51

W AN AT B AR T KCCA+ AP Jik, X
JE IR 3R 2 Mk e 0 IR R B b IO T A A 4%
o BRIV R ARLRE R A IE B BH T AR SCHR S B R AE
25 (] HhORE D Rl SRV R A8 U0 Ak IR RN A B 0 4R
AR B RE B fil 2 TR AT 5 SR TR LR R

Bl 42 k=5 mf, BRLGE R — DR plE, I
g — S E — AR LGP R B OR B)L fFHRS

AT LA LEE FEAT HEJY » AR AT 5 A IE Bl 45
PAR— N EEEREE A, SCH A R U] T 0 R M A
JEAZAR T GRS SRR 4R A R Al 12 1] o i
TESRZR - AT A BN T8 OB AR 2K,

4 ERRARL

RB(k=5)

5.5 ER-FMEXXKERE

H #*}/FE/M\IIEZIKjCﬁ%E‘JLFH‘@vY{J:i@iE@E‘J
et bR B TR - B AR S A PR

(1) SR fiff AR RL & 4. P 4 38 — D R AR A -
FE A ] K 3R 2R 48 D5 A R 2R 4 R P 4k 3126
SRS r MR EP R Q= {1y, )
(i R EIREA 5

(2) HEF¥ . INAH G PEHE B My (20055 3 1) 4k
Bor 5y WRERME I b BEE 0 by
LA Ry R 2R A R

K1BRTHSELC[5.6,7,8, 9]0, X &R
S5 AT PHE A G St CR A SCHRL16 b i1y S i 5
W) J5 75 B Y P 2 4558 b A — 4750 1 1R 1] 45
ANEAY W n=5,10,15,20,25,30,35 B}, IE A 45 5
FAS 0. AT UL A SO O vk IO T TG - 8 4 22 ) 1 58
KA AT DA T I A5 R YRR AL k=518
45 /A n=15 I, IEB 45 R IAECH 13, 12.

1 UEGAEAFHFRESHAHFHER

P -2 TE W 45 R A4

n=>5 n=10 n=15 n=20 n=25 n=30 n=35
5 4.41 8.69 13.12  16.82 19.54 22.87 23.45
6 4. 31 8.21 12.65 15.27 18.11 19.87 21.13
7 4.12 7.13 10.93 14.15 17.21 18.41 19.35
8 3.95 6.84 10.24 12.74 14.13 15.14 16.05
9 3.25 6.25 9.26 11.67 12.45 13.74 14.23




1710 £2 - U VI A ! 2011 4f
Neural Network, 2003, 14(1): 209-115
6 £:|: -L/[’_\, [6] Zhang Hong, Wu Fei, Zhuang Yue-Ting, Chen Jian-Xun.
=H
Cross-media retrieval method based on content correlations.
Chinese Journal of Computers, 2008, 31(5): 820-826 (in
— N e
ANTF] T8 Ge 1 2 AR SRS 5 A SCHE R i T Chinese)
¥ AT LATR] Bk P PR 8 3 Al A [ 5 40 ) 2 By, 5K FEARHE, BRAERY. — LT PR X b A B 1
MR 07 2 AL e T A5 P R 85 SR R T E. B 2008, 315, 820826)
5%3?E%§ ] ':F' E]/‘Jﬁézl—: 5 Z/%%%U FH T 25 | EF' ~ IEJ #( [7] Yang Yi, Xu Dong, Nie Feiping et al. Ranking with local re-
o \ S TN " gression and global alignment for cross-media retrieval//Pro-
W4 Z 181 1Y 22 AR O L AL 2 I A S 22 ) 45 . . o
e y e e ot s ceedings of the ACM Multimedia Conference. Beijing,
SR 3 T AR R BE 90 PR AR R S T BB R China, 2009, 175-184
%ﬁﬂg %;K‘C Zl—‘f(ﬁ]f%fﬁT E ﬁﬁ Web gibﬁkﬁgﬁ% [8] Wu Fei, Zhang Hong, Zhuang Yueting. Learning semantic
EF' [z”%ﬂ]%}fﬁ;j\iﬁ EI/\J Iﬂg@‘l‘%ﬁ . %ﬁﬁ T’ﬁ%é}ﬁ%%ﬁ% correlations for cross-media retrieval//Proceedings of the In-
Xﬂ—j{: Iﬁj%ﬂﬁiﬁﬁzlﬁj *H%;fﬁ%ﬁ%%*ﬁi B@%ﬁﬁ;@ ternational Conference on Image Processing. Atlanta, USA,
N N o N 2006 1465-1468
S 22 5 TR UE T AR SCOT B A R O 4y , , , ,
" /‘ﬁj;p ~ an 2 st [9] Yang Yi, Zhuang Yueting, Wu Fei, Pan Yunhe. Harmoni-
/N A b 3 1 ]
Hj I DZJEH ¥ g ﬁ?K M: Tﬁ % A j(: E/J - /WJ %ﬂ @ He 7y *ﬁ “H zing hierarchical manifolds for multimedia document seman-
%- JRy [;E‘I\iﬁﬂ: ’ %/l ﬁﬁi%ﬁiﬂ @ i B?J‘ ’ ztgjtﬁ{%ﬁk tics understanding and cross-media retrieval. IEEE Transac-
AT BCFE G IHL] S XE LD AL B Web | (1)1 1 2 1 tions on Multimedia, 2008, 10(3); 437-446
ﬁg,f%‘lg\. JJ?[: s ‘#4$HF%I'T/E@?£ . ﬁﬁm*ﬁﬁjﬁ‘% [10] McGurk Harry, MacDonald John. Hearing lips and seeing
E@z%%’?%l %[I urﬁ‘lmﬂj‘ I‘ETJ ’fjﬁ’f'{ﬁ%r’ﬂﬂkﬁ voices. Nature, 1976, 264 746-748
[11] Wu Yi, Chang Edward Y, Chang Kevin Chen-Chuan, Smith
P % 3.I ﬁ John R. Optimal multimodal fusion for multimedia data anal-
Z
= ysis//Proceedings of the ACM Multimedia Conference. New
[1] Lew M, Sebe N, Djeraba C, Jain R. Content-based multime- York, USA, 2004: 572-579
dia information retrieval: State-of-the-art and challenges. [12] Seung H S, Lee D. The manifold ways of perception.
ACM Transactions on Multimedia Computing, Communica- Science. 2000, 290(5500) : 2268-2269
tion and Applications. 2006, 2(1); 1-19 [13] Zhao R, Grosky W 1. Negotiating the semantic gap: From
[2] Bekkerman R, Jeon J. Multi-modal clustering for multimedia feature maps to semantic landscapes. Pattern Recognition,
collection//Proceedings of the CVPR. Minneapolis, USA, 2002, 35(3): 593-600
2007 1-8 [14] Lovasz L, Plummer M. Matching Theory. Holland: Elsevier
[3] McLachlan G J, Basford K E. Mixture models; Inference and Science Publishers B. V. , 1986
applications to clustering. Statistics: Textbooks and Mono- [15] Joliffe . Principal Component Analysis. New York: Springer-
graphs, New York, 1988 Verlag, 1986
[4] Frey Brendan J, Dueck Delbert. Clustering by passing mes- [16] Rui Yong, Huang Thomas S, Ortega Michael, Mehrotra
sages between data point. Science, 2007, 315; 972-976 Sharad. Relevance feedback: A power tool in interactive con-
[5] Guo G D, Li S Z. Content-based audio classification and re- tent-based image retrieval. IEEE Transactions on Circuits

trieval by support vector machines. IEEE Transactions on

ZHANG Hong.
Ph.D. ,

born in 1979,

associate professor. Her re-

search interests include content-based

multimedia analysis, machine learning

and cross-media retrieval.

Background

Multimedia data clustering is a hot research topic in con-

tent-based multimedia analysis and semantic understanding.

and Systems for Video Technology, 1998, 8(5): 644-655

WU Fei, born in 1973, Ph. D. , professor. His research
interests include content-based multimedia retrieval and sta-
tistical learning theory.

ZHANG Xiao-Long., born in 1963. Ph. D. ., professor.
His research interests include machine learning and data

mining.

Most research works focused on how to actually learn data

correlation within single modality, and proposed effective



91 [ RS S G SE IV E S TR LN TR S 1711

clustering algorithms, such as image clustering, audio cluste-
ring and video clustering. Little of them concerned data clus-
tering algorithms for multimedia data of different modalities.
However, in some cases multimedia data of different modali-
ties co-exist, such as webpage and multimedia document, and
different multimedia data represent high-level semantics from
different aspects. So it is interesting to mine underlying
cross-model correlation and utilize complementary informa-
tion among different modalities. Especially for multimedia
data clustering, above issues are important to calculate clus-
ter centers. Main challenges for multimedia clustering on dif-
ferent modalities include the heterogeneity between low-level
content features of different modalities and correlation meas-
ure between different modalities. This paper proposes a mul-

timodal data clustering algorithm based on correlation matrix

fusion. Considering image and audio are two typical kinds of
multimedia data, our algorithm is described and tested based
on image-audio database. This paper constructs an isomor-
phic subspace which solves heterogeneity problem and ena-
bles cross-modal correlation learning, calculates image and
audio cluster centers by similarity-based method. This paper
is supported by National Natural Science Foundation of China
(Nos. 61003127, 61070068). These projects focus on multi-
modal feature analysis and cross-media retrieval. The re-
search team has been focused on content-based cross-media
retrieval, data clustering, feature analysis, and has published
some papers. This paper solves multimodal feature analysis
and semantic understanding for data clustering, which is an

important issue for the projects.



