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Abstract
method and the tensor theory into it, a novel matrix model fuzzy maximum margin criterion (MFMMC) is proposed. Also,

In this paper, based on the principles of the maximum margin criterion (MMC) and by introducing the fuzzy

on the basis of it, a two-directional two-dimensional unsupervised feature extraction method with fuzzy clustering ability
((2D)*UFFCA) is constructed. This method can directly realize fuzzy clustering of matrix model data. And it can also
achieve the two-directional two-dimensional feature extraction of them, that is, the realization of dimension reduction. At
the same time, the adjusting parameter v in the matrix model fuzzy maximum margin criterion is defined reasonably from
the respect of geometry intuition, which is proved theoretically. In order to improve the efficiency of feature extraction,
an effective method which can find out the projection matrices of matrix model data is presented. The results of tests
show the above advantages of the method.
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S 1. HEiR R e, BRI
mazIter, % p MG K 0 FEBEHLF A4 BOB S g Ji
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S 6. R (30) HEESE DL XL (k=
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p > maxlter W, %y BORI SR JE B FE APTL) 3R
K X0 (k= 1, ,C), ARSI 1 Y
HipE Urtt € Rmxh f1 Vet ¢ Rmexlz o B4
p=p+1, HBELES3.

0
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T 3k A R () o 4R ok U B (2D)2UFFCA
TR A B e . AT BE £ (B e i AN
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LI IZAT T HL RSN Vista $#1E R4, Inter
Core2 T5500 1.66 G CPU Ab#i#%. 1.5G WAE, £
] Matlab 7.0 i L0

3.1 MIKERRIBREREN

UCT % 4£8° RIJL i 4R Yeast galactose
datals! & F ARSI 1 S R 2837 ek
WAL AL, R UCT #ds 1 5 AN Eds 14k
Iris #4555 Glass ##i 4. Lymphography #(#s
£ Zoo HHEHELL I Yeast galactose data HidE4E il
B (2D)*UFFCA JHAMRFEATEIGHET). T WA
SCTTIRINA B, B e ER LIk 5 R E R IRIN
B A A A N R R RS, e 1 PR, Rl A
MRS FEF LS4 e = 1E — 5, maxlter = 100,
vy=2,m =2 n =4, JF¥KNMKAEE (Rand
index®) R SME S FCM J7 7 i 43 45 8k AT b
B,k 2 FE 2 Pros.

H T WA SCINESE N B 43 1 52,
24 N = 4, 400, 4000, 40000 MR Iris Bl
£, FHNZEHREE T 150 MREA RIS T 28 — A
WIS BRI CA BB, il 3 Bros. S5—J7 1, @itk
43 IR Yeast galactose data s HE A [ i K B
R BL RAN R AIE 2 B 0 K B2 ) 356 Wi A 156 1) AR
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SCOTET RIS AR A B 2R A DG,
Kl 4 PR,

A BA R R 204, AR e R AT BLAS
B BEA L 18

1) 3 2 TR TR SR IR BE I L 45 R DA K
Kl 2 oW R 7 v/ b B Tris 5040 46 ) e Slo ik
XFHGUEH] (2D)2UFFCA Sk AT EAR R KR8 ).
TE Ak B3 A 295 % o A X BOHR R ol 2 v o ik IR B
VB PEE 18 (W RE B R DR BUE M5 (17)
WM U € Rmxh (Vo€ R™2xb) gin] U A
GRS AOR, T — R BB AR ST VA
Ak A 0 B A AN 2 DR A A FE R A A e A1
JEIISR A L.

*x1
Table 1

2 (a) BASCOTEI L = 2,0, = 1 IR
Iris Hcd B SER I, MBI G, A7 R
TEAR 12 Yl o] LU 2 AH B RS a A, T — 8 7R
J& 1 AT LA PR AS 1) R ) AN S VAR Sz s A
WAL | J(U, V)P — J(U,V)P| < e BHBH, XE
EASE P R B2 A Ak FEE A R 500 N R b mT AR
UEEARILSN; b) A SV AT BT I SO

2) B 3 RALTNLEEMARSH N J456
L= 2,1, = 1 Mol IR Tris B 4219 21
(F), RHSE N KR 5> 2 B 52 . 2 1 HY
N = 4,400,4000 I, 7£ 150 NFEAH 4 54T 135,
24, 2 MFEARJE TR 5 (5000 K 3 (a) ~ 3 (c)),

Iris, Glass, Lymphography, Zoo, Yeast galactose data Z{#i%E
Iris, Glass, Lymphography, Zoo, and Yeast galactose data datasets

Datasets Number of samples Number of features Number of subjects Matrix model
Iris 150 4 3 2x2
Glass 214 9 6 3x3
Lymphography 148 18 4 6x3
Zoo 101 16 5 4x4
10 x 8

Yeast galactose data 205 80 4

8 x 10

* 2 X Iris, Glass, Lymphography, Zoo, Yeast galactose data 4% 111 AR & LL iz

Table 2  Comparison of recognition performances on Iris, Glass, Lymphography, Zoo, and Yeast galactose data datasets
Dataset:
Algorithm anasets
Iris Glass Lymphography Zoo Yeast galactose data
FCM 0.893 0.7117 0.5820 0.7992 0.85567
0.9847 (10 x 8)
0.92671 0.73454 0.59469 0.8996 (L =3,l=4)
(2D)2UFFCA
(ll = 2,[2 = 1) (ll = 3, l2 = 2) (ll = 47 l2 = 1) (ll = 2,[2 = 4) 097972 (8 X 10)
(I = 2,1, = 4)
0 50
N /
- = 49 *
Z -1000 2
g \ g 40
< 2000 ) = 35 —
2 \ __a—e—a—6—8 =
2 /—’ < 30 N
3 -3000 % £
2 \ r S 25 \
2 _4000 \/ 240 \
3 \ ]
= \ / = 15 L
> -5000 \/ > "
* 10 T »
T3 6 8 10 12 2 4 6 8 10 12 ™

Number of iteration

(a) (2D)2UFFCA 5%
(a) (2D)2UFFCA method
K 2

Number of iteration
(b) FCM #i%
(b) FCM method

(2D)?UFFCA F1 FCM J7 il ort kg

Fig.2 Comparison of iterative convergence on (2D)*UFFCA and FCM methods



44 SR A RO SRR I RE AR 2T M B R AL U i 557

M4 N = 40000 B RIBA—AMEARREAER] 5> (6 R
3(d)), EARF VARSI LTS E N il
BT PEIBOIRI 2> VE R, TS UE € B 2 h 24
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Fig.3 Influence of parameter N on fuzzy partition of (2D)*UFFCA
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Fig.4 Influences of matrix models on clustering result of (2D)*UFFCA
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h T A R WA S 7 v AT AR )
BB R S AE J), EC 1 A UCT 34l 1 460
— Shuttle # 4 %, M & T 5 4 8 7 Hodl 4k
USPS. MNIST (http://www.cs. uiuc.edu/homes/
dengcai2/) 1] 2 M AL 3 NMREBELIR G K
MARASCI7 %, W3k 3 A 5 fizs. USPS. MNIST
(SN R C i Y A WU i T o [ €]
9298.4000 MEA, Ay T 4 il R0, fEA
PR A Fad w8 4 b 23 0l BEALZE R 2 500+ 2 160
ANFEAAE A REA.

VS RUR7 W NS R R O E N A & T A RS
R, A FCM. FCSBY J7ik 5 (2D)2UFFCA J5
AT MK L AL, RS 1) AR B B E, bk = A
JiE R — s T B R R R 4
FCS Jikhn =2, B = 0.5, A hikd v =2
oAb RO E P IEH RS EHIN LK ¢ = 1E-5,
mazIter = 50, m = 2. WKL LR WL 4.

A O b SEEG S5 R 20 M, AT LAAS BT 45

i#:

1) A7 B BRI R AR ). Rl e ek
PG K 25 B Shuttle Edf gL, ) K% E
3 8 ot S R A 2 DA AR B (HL 5 AT R AR X 1% 5
AR RE ), RAE — @R LW A ST VA H
A AR i R A B AR 2R RE )

2) 7EAbHR PR T S AR B N, RSO
FCM. FCS J7y5AH b AT T8 4F (28 ISRE L. el
X USPS #digisf, A SO vknl DA #0838 2124 A4
FEAS, 23 Btk FCS F1 FCM J7 2 -5 401 AN
739 MRS LRI MNIST Bl ik A 50 77 0] LA
AR 1580 AMFEA. 31X 2 KA 5 4 B 45 B

Je BT PR RE AR R, T A ST VR AE I 3R Y
T B AR I, JF AT e R AT U 4k O A
AT REBE, T )RR FEAR A AT RO 2R 2K,
T PR FF T st PGB 1R) 1) = 1) S5 R A5 6L, AT 32
T BT R ISR 15 WIS T AR ST VAR SE IR
SRR i R b 78 4 AR ] T O A UG B (R R A $
WCREAR, B A S0 7 vk e A 4 R 2R e b i 45 21 1
L) AR I A 80 R o A S Dt PTG B 4k ) AR A B
Y, AR VR A SO AT R, AT e ISR
BRI R, R FCM. FCS ik % 7K M
JEE LB R 28 [ 388 R I 0 AR 2R S 1 S i, {HL 8 AR
AN AR SCTT VR I A R AE S BB AR SR S B Th)
E 9 NNE S ZIN TP ECs % N
3.3 MIXHFAESREN BE

N T AR (2D)2UFFCA J7 32 19 T8 B 1
AR SR ICRE Ty, A5 AW B eh Al Y 9 A 22 0
NI G 34 ORL (32 x 32). Yale (32 x 32)
(http://www.cs.uiuc.edu/homes/). ORL %44k
A5 40 MRIFEA, B30 H 10 FAF A
ARG AL, Wk 6 FR; Yale BHREAE 15 K
SN R, 2 11 RO R 245 1K R
Sk, Wkl 7 PR

FEM R R, A 4 Fh O B B RS O
7J:: PCA, 2DPCA, (2D)?PCA, FLDC J7ik5AC
(¥ (2D)?UFFCA J7 it AT i bu . fE i #E b 4y
I SR HR 3R A Al N Pl A Kt S BRI 2 L 3
A4 AFN S DMFEARAE R INZRAEA, Tl RFEAAE A I
BUREA, D T A M AR BSOS 1 BT R AT IR
B2 AR (R0 F (2D)2UFFCA J7 2 S AR A1E 2 Y
RIRICR, 70 0 NI RS 2 (B 4870 K48 1-NN) %F
TESEHAEHOR — UCRAEAR 23 i 1 #E () CPU I (8]

%3 Shuttle, USPS, MNIST %44

Table 3 Shuttle, USPS, and MNIST datasets
Datasets Number of samples Number of features Number of subjects Matrix model
Shuttle 14500 7 3x3
USPS 2500 256 10 16 x 16
MNIST 2160 784 10 28 x 28
%% 4 Shuttle, USPS HI MNIST 4 £ (¥ PR30 RS B LA
Table 4 Comparison of recognition performances on Shuttle, USPS, and MNIST datasets
Dataset:
Algorithm arasels
Shuttle USPS MNIST
FCM 0.4267 0.5540 0.5821
FCS 0.46295 0.6890 0.5830
0.5666 0.84953 0.73552
(2D)2UFFCA

(ly=3,l=1)

(ll = 2,[2 = 10) (ll = 19, l2 = 3)
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TR G P B d 472510, IR 2DPCA J7 ki
PR UG F 3 32 x d [k & 23 0], i ZE R
(2D)*PCA HIA 3L T ¥ 10 J) 4 0 ik R B2 31 a?
(B0 1y =1y = d) k&), MAEE R IWE 5. &
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Fig.5 Examples of handwritten digits from 0 to 9
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Fig.6 All images in a certain class in ORL datasets
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Fig.7 All images in a certain class in Yale datasets
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Table 5 Comparison of recognition performances on ORL datasets
Nl}mber of 9 3 4 5
training samples
. Accuracy Time Accuracy Time Accuracy Time Accuracy Time
Algorithm K R . R . R K .
(Dimension) (s) (Dimension) (s) (Dimension) (s) (Dimension) (s)
. 71 .8041 .84
PCA 0-6938 16.7701 0.71786 15.9121 0.80417 14.8201 0-8 14.2117
(73) (121) (156) (201)
0.6938 0.7250 0.82083 0.855
FLDC 59.264 56.16 63.753 64.975
(214) (276) (403) (446)
71 7642 .862 .
2DPCA 0-71875 0.014 076429 0.014 0-8625 0.015 0-89 0.014
(13><32) (18><32) (14><32) (7><32)
721 . . .
(2D)?PCA 0.72188 0.017 0-76786 0.016 0.8667 0.016 0.905 0.018
(10%) (19%) (182%) (182%)
0.72813 0.7750 0.8708 0.905
(2D)?UFFCA 0.019 0.024 0.029 0.034
(20%) (182%) (17%) (17%)
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Table 6 Comparison of recognition performances on Yale datasets
Number of
2 3 4 5
training samples
. Accuracy Time Accuracy Time Accuracy Time Accuracy Time
Algorithm
(Dimension) (s) (Dimension) (s) (Dimension) (s) (Dimension) (s)
0.4222 0.45 0.52381 0.5778
PCA 18.1741 17.4409 17.1757 16.6297
(29) (44) (57) (74)
0.4444 0.45 0.54286 0.6
FLDC 59.906 57.843 62.285 59.748
(189) (153) (340) (249)
0.5778 0.63333 0.67619 0.71111
2DPCA 0.015 0.016 0.014 0.015
(7%32) (7%32) (6%32) (7%32)
0.5778 0.63333 0.68571 0.71111
(2D)?PCA 0.016 0.015 0.015 0.017
(7) (8%) (8%) (8%)
0.5778 0.64167 0.69524 0.73333
(2D)?UFFCA 0.051 0.062 0.073 0.079
(8%) (™) (8%) (6%)
1 0.8
09 . e 2e
i P e = e 0.7 jﬁ/\ A g
- 08t o - - - i /Q}a A—H—b—*—uw
2 GO0 S 0.6 I o000te?
E 0.7F £ A I M
& 2 = SGoooy
i‘:a_’ 0.6 ‘:_j
05 &
g 2
Z 04} 3
03 —&— 2 training samples —6— ‘.'3 training samples
—&— 3 training samples —6— 3 training samples |
0.2 —=— 4 training samples —*— 4 training samples
5 training samples —+— 5 training samples
0.1 —

0 5 10 15 20 25 30

Dimension
(a) ORL #%iflide

(a) ORL datasets

_% II{J Ilﬁ '_’If} EIS 3‘0 35
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(b) Yale ¥tk
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Fig.8 Performances of (2D)>UFFCA method with different numbers of training samples
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