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Extending the optimal set of discriminant vectors
for an unsupervised pattern
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Abstract ; The optimal set of discriminant vectors, based on the Fisher criterion function, is an important supervised
feature extraction method and has great influence in the area of pattern recognition. In this paper, an extension of
the optimal set of discriminant vectors in unsupervised patterns is presented. The basic idea is to extend Fisher line-
ar discriminants to a novel semi-fuzzy clustering algorithm through a predefined fuzzy Fisher criterion function. With
the proposed algorithm, an optimal discriminant vector and fuzzy scatter matrixes can be figured out and then an un-
supervised optimal set of discriminant vectors can be obtained. Experimental results for real datasets, testing cluste-

ring validity and correct classification recognition rates, demonstrated that this method is superior to the principal

component analysis feature extraction algorithm in unsupervised patterns.
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Fig. 1 Relationships between Fisher criterion function and optimal set of discriminant vectors
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Fig.3 Relationships between fuzzy Fisher criterion function and unsupervised optimal set of discriminant vectors
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Table 1 Basic information of experimental dataset

b VEIEE KA BEARE RIER
Iris 3 150 4
Pima_indians_diabetes 2 768 8
Wine 3 178 13
Wdbe 2 569 30
3.1 BREBHM

{8/ FCM Al K-means 38¥5 53 5 X8 F 3 AL 43
431 (principal component analysis, PCA) | B4 7
84 (optimal set of discriminant vectors, OSDV) Ffl
To5E B % 7] &< & £ (unsupervised optimal set of
discriminant vectors, UOSDV) [ 4k /5 B 8B BE17 88
KB REEREREIEE LA rioH L, Bt

£ 92 445 % (Rand index, RI) " B Sh ak
PR TR

RI BB T . € P, P, 53 BN R EAE SR
D BZR AR FAE 85 BB R IR KR 45 R, E
AR

a+b
nx(n-1)/2
R EX TR B — B K e R D HIER
PR d; d; 72 P P, PRIBT—RENEGH &
N did; FAR TR —EH 860 BRYEER D K
AN B8, RIMTEER[0,1], RG7%E P P,
FEE—HHEL T ,RIE 1. RIGETHHHEB/D, B
PRI ZZBERR. O T IRAE HLES ) MR A 21,
PIFPE L 23 AT 100 3K, HHE WS RI 48, 3F
£ FCM 1 K-means 43 3 & 4E 4048 #E 47 2K B
5 RT B RTRAAE R4t 2 8 LA KX 43515k i PCA, OS-
DV #1 UOSDV Fe4t 5 2 EHERE AR NE 4 ~7 A
#2~5 .

R(Pupz) =



FoH BE, & REENRBEETHEEATHY R - 515 -

£ 2 ¥F FCM 7 K-means 43 BI3142 PCA, OSDV 1 UOSDV pE4Ely Iris #iREH TR MRS RIE
Table 2 Rand index of FCM and K-means for reduced-dimension Iris dataset extracted by PCA, OSDV and UOSDV

PCA OSDV UOSDV
Number of
RI with RI with RI with RI with RI with RI with
features
FCM K-means FCM K-means FCM K-means
1 0.950 0.950 0.982 0.974 0.982 0.982
2 0.942 0.950 0.966 0.957 0.957 0.957
3 0.950 0.950 0.950 0.950 0.950 0.950
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Fig.4 Resulis for the analysis of reduced-dimension Iris dataset extracted by PCA, OSDV and UOSDV

&3 ¥ FCM #1 K-means 43 33§42 PCA, OSDV F1 UOSDV P& 4R Pima_indians_diabetes ¥R H1TR IS RI &
Table 3 Rand index of FCM and K-means for reduced-dimension Pima_indians_diabetes dataset extracted by PCA, OSDV

and UOSDV
PCA D D
Number of C. OSDV UOSDV
RI with RI with RI with RI with RI with RI with
features

FCM K-means FCM K-means FCM K-means

1 0.549 0.551 0.643 0.643 0.553 0.555

2 0.550 0.551 0. 626 0.625 0.549 0.552

3 0.550 0.551 0.625 0.625 0.551 0.552

4 0.550 0.551 0.616 0.617 0.554 0.553

5 0.550 0.551 0. 606 0.617 0.552 0.556

6 0.550 0.551 0.591 0.596 0.556 0.553

7 0.550 0.551 0.551 0.552 0.549 0.549
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Table 4 Rand index of FCM and K-means for reduced-dimension Wine dataset extracted by PCA, OSDV

PCA OSDV U0OSDhV
Number of
RI with RI with RI with RI with RI with RI with
features
FCM K-means FCM K-means FCM K-means
1 0.711 0.719 0.924 0.931 0.745 0.761
2 0.711 0.719 0.910 0.910 0.754 0.754
4 0.711 0.719 0. 896 0.896 0.742 0.744
6 0.711 0.685 0. 969 0.961 0.707 0.698
8 0.711 0.719 0.744 0.741 0.704 0.704
10 0.711 0.719 0.715 0.717 0.707 0.707
12 0.711 0.719 0.712 0.719 0.714 0.692
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Fig.7 Results for the analysis of reduced-dimension Wdbc dataset extracted by PCA, OSDV and UOSDV
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Table 5 Rand index of FCM and K-means for reduced-dimension Wdbc dataset extracted by PCA, OSDV and UOSDV

PCA OSDV UOSDV
RI with RI with RI with RI with RI with RI with
FCM K-means FCM K-means FCM K-means
1 0.750 0.750 0.935 0.932 0.863 0.863

Number of

features
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PCA 0SDV UOSDV
Number of

foatures RI with RI with RI with RI with RI with RI with
FCM K-means FCM K-means FCM K-means

2 0.750 0.750 0.926 0.926 0.916 0.863

4 0.750 0.750 0.926 0.926 0.878 0.878

6 0.750 0.750 0.926 0.926 0.875 0.875

8 0.750 0.750 0.929 0.926 0.875 0.872

10 0.750 0.750 0.929 0.929 0.875 0.875

12 0.750 0.750 0.922 0.922 0.872 0.869

14 0.750 0.750 0.916 0.919 0.872 0.869

16 0.750 0.750 0.913 0.913 0.884 0.887

18 0.750 0.750 0.919 0.919 0.881 0.881

20 0.750 0.750 0.897 0.897 0.863 0.863

22 0.750 0.750 0.894 0.900 0.872 0.872

24 0.750 0.750 0. 906 0.906 0.875 0.875

26 0.750 0.750 0.875 0.851 0. 866 0.863

MU EEZSEH, 5 0SDV 5 MB R 2 5
Fkfa e, TS B THARGBRER, 5
UOSDV JG s B R AE 42 BU ¥k M BB — & T B B
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3.2 SEEWE

43 BV R E B4 (PCA) (B L IR B &
(OSDV) ML B % HI R B 4 (UOSDV) 5k
BEATREYE , 3T B 4T 4843 25 2% ( 1-nearest neighbor,
1-NN) #0 LibSVM"®! 23 51| %o |8 4 )5 %548 647 B8 —
A IE. BRI B R 4 Ja 500 v i — AP
B, AHAMTA MBI IIGE, Bl g5hE
WG E IR Z T — BRI KR
SR 58 MAEHE BT B, T B K .
6 ~9 % 1-NN F1 LIBSVM 53X 4 iR &4 5
BT B — R3S XA B2 2 VR R LI 45 1.

F6 3RM1-NN F1 LibSVM 483342 PCA, OSDV #1 UOSDV B4R Iris MIBEHITE —Z L N BIERBS K ERE
Table 6 Leave-one-out rate with 1-NN and LibSVM for reduced-dimension Iris dataset extracted by PCA, OSDV

and UOSDV
PCA OSDV UOSDV
Number of Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out

features rate with rate with rate with rate with rate with rate with
1-NN LibSVM 1-NN LibSVM 1-NN LibSVM

1 0.940 0.953 0.953 0.980 0.973 0.980

2 0.953 0.960 0.960 0.967 0.960 0.967

3 0.947 0.953 0.953 0.967 0.953 0.973
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Table 7 Leave-one-out rate with 1-NN and LibSVM for reduced-dimension Pima_indians_ diabetes dataset extracted by
PCA, OSDV and UOSDV

PCA 0SDV UOSDV
Number of  Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out

features rate with rate with rate with rate with rate with rate with
1-NN LibSVM 1-NN LibSVM 1-NN LibSVM

1 0.637 0.656 0.682 0.777 0.583 0.660

2 0. 664 0.667 0.667 0.772 0.578 0.643

3 0.639 0.618 0.689 0.707 0.565 0.620

4 0.673 0.637 0.695 0.680 0.615 0.600

5 0.686 0.655 0.685 0.638 0.672 0.645

6 0.682 0.651 0. 664 0.642 0.643 0.658

7 0.680 0.654 0.678 0.655 0.685 0.658

®8 XH 1-NN #1 LibSVM 43 BlI$42 PCA, OSDV #1 UOSDV FE4ERY Wine I BMERITE R T XRIERB/I L EHE
Table 8 Leave-one-out rate with 1-NN and LibSVM for reduced-dimension Wine dataset extracted by PCA, OSDV and

UOSDV
PCA 0SDV UOSDV
Number of  Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out
features rate with rate with rate with rate with rate with rate with
1-NN LibSVM 1-NN LibSVM 1-NN LibSVM
1 0.708 0.640 0.944 0.938 0.764 0.702
2 0.719 0.472 0.944 0.961 0.691 0.730
4 0.758 0.461 0.972 0.983 0.736 0.742
6 0.770 0.449 0.983 0.983 0. 663 0.657
8 0.770 0.444 0.972 0.978 0.736 0.831
10 0.770 0.444 0.944 0.966 0. 888 0.899
12 0.770 0.444 0.803 0.584 0.770 0.685

£9 ¥FA 1-NN F LibSVM 43 Bl x44& PCA, OSDV #1 UOSDV p&4ER] Wdbe $IREHITHE — 23X RNGIEFRR/H £ ERE
Table 9 Leave-one-out rate with 1-NN and LibSVM for reduced-dimension Wdbc dataset extracted by PCA, OSDV and

UOSDV
PCA 0SDV UOSDV
Number of  Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out
features rate with rate with rate with rate with rate with rate with
1-NN LibSVM 1-NN LibSVM 1-NN LibSVM
1 0.859 0.852 0.963 0.956 0.931 0.924
2 0.914 0.627 0.968 0.963 0.933 0.935
4 0.916 0.627 0.961 0.961 0.935 0.942
6 0.914 0.627 0.965 0.970 0.937 0.947
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PCA 0SDV UOSDV
Number of  Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out Leave-one-out  Leave-one-out
features rate with rate with rate with rate with rate with rate with
1-NN LibSVM 1-NN LibSVM 1-NN LibSVM
8 0.916 0.627 0.963 0.972 0.930 0.954
10 0.916 0.627 0.963 0.972 0.938 0.954
12 0.916 0.627 0.963 0.972 0.935 0.953
14 0.916 0.627 0.972 0.972 0.940 0.958
16 0.916 0.627 0.956 0.974 0.944 0.960
18 0.916 0.627 0.956 0.970 0.938 0.960
20 0.916 0.627 0.953 0.965 0.938 0.958
22 0.916 0.627 0.946 0.963 0.930 0.960
24 0.916 0.627 0.951 0.944 0.942 0.944
26 0.916 0.627 0.951 0.938 0.944 0.940
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