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A SSVM-Based Recursive Uncorrelated Feature Extraction Algorithm
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Abstract A feature extraction algorithm for high dimensional data with unknown distribution
and small sample size problem is discussed in this paper. Based on support vector machines and
the idea of uncorrelated features, a scatter support vector machine (SSVM)-based recursive un-
correlated feature extraction algorithm is presented to deal with drawbacks of existing algo-
rithms, such as correlations among extracted features, performance decrease from distribution of
samples etc. To cope with small sample size problem, the optimization problem of SSVM is
transformed into that in isomorphic lower dimension space through PCA; Then the method of re-
cursively extracting margin discriminant vectors is proposed, and the uncorrelated features can be
yielded by projecting the data in margin discriminant vectors; Finally, the convergence and termi-
nation condition of the proposed algorithm are analyzed. The algorithm can be generalized into
nonlinear cases through kernel methods, the optimization problem of nonlinear SSVM can be
transformed into equivlent optimization problem in lower dimension through KPCA, and then un-
correlated nonlinear features can be extracted. The simulation results demonstrate the efficiencies

of the proposed algorithm.
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q=> a;y,8, 'PTh(x)).

R LR PR R A Al I Ol i AR AR {(x
RIDRIN U PR g T KA G- IC T IRUD BT /S =
it KPCA HE 2 RRAE 1] o 41 0 0 A48 46 06 B P4
H S FEART 3 K gEFRAE 25 0] { (z; =P $(x;),
v LAY LA K GEERAE A5 fa) o g 1k
] Py 3o U5 3R B GE TH AS M 56 30 A 45 Bl g
i=1,2, LRI S 4.2 8 ik
Fpl.

FRAE DL 120 M7, AT L 2o % 7 T 0 R 1 R AE i
SBCARE ) 380 Al 0 AR il ]

6 fAEXE

LA SCRE A R 5 Y5k UCT H Heart-
disease fll Breast cancer {44 4 4l , WF 5% 34 12 il B
FRAE i 5 40 o0 B 2Z 0] X R . Heart-disease £ 4
AT 270 MR B AR 13 4 JE M Breast
cancer ¥R AR ALHE 277 DHEA L HAREARSG 9 R
PE. T SVM 5 3 I 323 ) 4R 4 4 2 5k
(RSVMDFESCHRLS 80T T 40 Y b e IR, A S0
% R 5 RSVM HEAT H A, ZEAR G- 45 AE 25 ) v feff 1 e
AL AR I gt X MK BE A 73 26, A 3C SSVM 53 il
o T A% oR B, i 5-Told 38 XU 56 Ty 5 AR AR S
$eo T C. AT FLSEE b, DRI A 0 50308 45 Bl BIL 2 1R
S0V AE YN GRAEAS  HARVE AR A i PR A
10 Wk 5803 20 T2 19 7 BB AF e 4 oy 2R A L.
1§ B AR P 7E matlab7. 0 B 55 Fisf7, I H H A7
ALtk R A, i S A5 R &l 2,181 3 Fros. A&
APRLFA Y, (1) RSVM 7 205 B2 Bl 45 il Uk ik K0
ARG o 23 s BT B ) B4R 20 W 0 e AR R I B0 Y
KT IRIME. AN SCER 1 73 2R BE A8 T U6 I 2 B8 5 il X
R I 250 4 DI A 20 3k 3 B T A AR R AIE KR
INF 73 ZROKG BE 1S I AS AE B 2208 L AR N AR, AT U B
AR SCAR H R ) T 1 2 0 R R A A 5 (2) AL
BT RSSVM k.

Nk — B BLB L B A . A SRR RS
KFDA™ [ KRDAMY [SVM 1 RSSVM H ik %F L. 52
5% F UCI %% 32 4£ Breast-cancer, Heart-disease.
Sonar, Cancer, Ionosphere, Waste plant I Wave-
form ) Je XM2VTS A K #5408 Fe 3#E 17 45 R At
Waste plant HlE 84 13 4251, S 2 WL oFF H
A JFIE R ORI EE I R G0 2 IE E R A

/
/s

83
82 \

RSVM

o1 3 5 7 9 11 13
A2
Kl 2 Heart-disease fill HURFIE £ it 55 43 250G

76.0

75.5¢
75.01

=

a TA5

£ 74.0t

=

= 73.5¢

g

N 73.0F

&R /
7250
72.0¥.
715

2 3 4 5 6 7 8 9
] 3 Breast-cancer fill IR AiF 0t 5 43 JH5

332 AMHEAS AR IE B I 104 45 1 Be A o S 4 E 19 1E
I O A A IE H I B0 T L B A [
AT B 3 67147 5 4 )6 IO A A AR B S 116,657
3.4 UCTH £ it #etkan % 1 ros. XM2VTS
s PE LA 2360 M@ EIMR . Hob 1518 i A B8 A
BE R 842 WEICHE . NI BG4 BE R 720 X 576,
B A TEIG Ti 0 48 T8 A 45 P A TR oo B E
FrE R R b ARG B BT 85X 156, 3l ) B J7 I ¥ iy
LB AR F G 8 B AR AL BN B E S 005 250 1. %843
FUGANIEL 4 Jrom. S50 v an SEE A A H B0 76 I 2k
A G JU) DI S b S B e AL L BT A SRR
JH v A oR B 4 28 LB IE 8 i SVMLL RSSVM
LI &% SSVM IENfk 2% o #1 C . KRDA 5 KFDA %
Kt e ik 2 2% SCHk[20 ], 25, UCT %04 48 Bt
A R B AR AL S [ — 1, 1] ZEAR GE A AE 25 (1]
rh Al SR R A ARG VRS B R AR R IO VA ) L
IR AR 7 B B n 3k 2 o,

®1 BEENRIT

€S FEA %L A4

Sonar 208 60
Tonosphere 351 34
Waste plant 527 38

Cancer 683 10
Wave form 300 40
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ki 2011 4

B 4 XM2VTS il 50 A E %

R2 SEBUKBEERLE

G TE S K/ 7% .
SVM RSVM KFDA KRDA AR CE
Breast cancer 73.34+4.7 74.0+4.2 71.24+4.6 74.5+4.2 75.74+4.3
Heart-disease 82.843.3 83.2+43.4 82.543.4 83.3+£3.1 86.543.2
Sonar 83.544.4 84.946.1 83.34+4.3 83.544.2 85.944.3
Waste plant 74.843.5 76.343.2 71.6+4.7 75.143.1 78.243.2
Cancer 95.7+1.8 96.242.0 95.242.8 96.141.3 96.84+1.9
Waveform 79.942.4 81.2+2.5 77.14+3.1 92.3+2.2 89.3+2.3
Tonosphere 92.74+2.4 93.3+2.3 92.74+4.5 94.4+2.1 95.24+2.6
XM2VTS 97.24+2.8 97.6+2.6 93.045.1 97.4+2.3 98.642.5
M%% 2 ﬂu%tﬂ,z’ij{%%%ﬂﬁtﬂ: SVM, [2] Yang]J, Frangi A F, Zhang D, Jin Z. KPCA plus LDA: A

RSVM # KFDA % . 4 45 K 356 70 % 4 % i T
KRDA 83, HAA A EE 52 73 258 B2 LT KRDA
Bk B R R IR R S, — J7 il SSVM B
il MCSVM [ ¢ s DRIt 2 A7 B 0 19 43 25 PE g
R A SCRE IO R AE Z R AR AR TU AR AR 2. 7T

7 £ &

AP T — R AL T SSVM. (138 U1 55 11 R AH
SRR AL Al B B R T ik R R AL ik O 9
ST B AR Lk 5 AL S B Gl i PCA/KPCA 72 e fif
P TR 2R AR 2 18] v DR HISE AR R A S B SSVM
DEARIa] RBUIC 12 5K A 14 18] AL R ] T 8005 9 e S0k A
SAMHCR R IE B AT G A G L 45 i T Bk &k
FMF. ORI 25 T 38 A AR A R AL il B Y 52
BUJ5 . A ST YA VAR LR R il Ry vk RE 8
i IBCAS A SR AR AL A 5 B o 2 R I PR R Sl T
BUAT A7 O [ E H A 10 B A A L
it SISO T BN B e £ B
A I PREE AT 4R o Tk B 0 TR 152
P 1o FH FL AT 3 21 L
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