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Abstract: Kernel Principal Component Analysis (KPCA) and M kl\ayer Pexceptron (MLP) neural network are popular
feature extraction algorithms. However, these algorithms are inefficy UH easy(te, fall into local optimal solution. The paper
proposed a new feature extraction algorithm — margin maximizi anés based Enhanced Feature Extraction algorithm
(EFE), which can overcome the problem of KPCA and MLP A%L}ﬁn Thé proposed EFE algorithm, whcih maps the input
samples to the subspace spanned by the normals of hype rough adopting the pairwise orthogonal margin maximizing

the input samples. The results of these feature extraction

hyperplanes, is independent of the probability distri
experiments on real world data set — wine and A t FE algorithm is beyond KPCA and MLP in terms of the efficiency

of the implementation and accuracy of recognition

Key words: feature exiraction; dimensi

é@ rediction; Kernel Principal Component Analysis ( KPCA); Multi-Layer

Perceptron (MLP) ; Margin maximizing hyperplanes; Suttinsic dimension

0 3%
Bt h A E 5 S BT R FMRI 95 %
ﬁ%%ﬁﬁﬁmfﬁﬂﬁﬁ%fn  FEAL PR I 2 5 AE R 2 AT, 8

TN AT, BV IR I, SRR B B R
P e BN AR . PIMEY IR LT, B S R R
BFIRNZA — PR EAR W N TE4E R . BRI A TE 4
BO K% T M RAR e M B NS . PR EER BUR
BT HERCTROME AN FCA 1 4 2 8] B BEAMAE TR, BT DURRAE S IR A2
WEGBEAEENNH. IR R TS 45 s T
O3 EAE 5 AR . WATMFHE R BT A B F
4341 ( Kernel Principal Component Analysis, KPCA) 542 2 R
75 ( Multi-Layer Perceptron, MLP) &%, SR X B2 M R ASEE
Frsr b ab BE R AR AR LRI B

HERZ — R R G RIE RIRBES B HES T, Xt
KPCA 5 MLP FRAERIBUREE AT T LLBHIST . R T —Fhbi
A0 R A B2 O ——3 98 1 $E AE 32 B 7 ¥ (Enhanced
Feature Extraction algorithm, EFE) , SZEo 45 R Z B /Y
BRI B HER R RS B KPCA 5 MLP FHERBUR

1 FAERE
FHERBA AN S LT BEE - 8EE, e xD
W H#A :2012-10-19 ;4 E H #§ :2012-12-10,

EEE T RE (1978 - ), B, INARERN, YW, W0 0150 4, EEBRI7 0 RIS 98 M B L2 WS T

RINN BT, FEBFR I M2,

O E X 0, BINZSOR Rt D 4 n NECHR 1 B AR o — 45
B, X AEER KNS d( K d < D) B A
BE LU, AR B 7R R R S SRR X P T d B8
WIE LAl 1% d @ RIE IR AFE D 4723 5] p ARIE R IR
RN D HERIRAE X S A0IR— M HTRY d 4B AR ¥, Rl LT
AR B UL IR e — B BT BRI L
iy S EESE X 1 DS TEZEE d AR R A o B I, S TE R IR
(Fedfe) B— A A, NARE RS SR B A S s i
(IR N TEGERD) , A BT ELHAT A B IR 4R T

1.1 KPCA $5fFi2EUE %"

KPCA B H# o B0 1% 52 (1 42 1 3£ Bl 43 43 #7 ( Principal
Component Analysis, PCA) ¥ BRI & ez 17 h ., JE4ER, Af]
BT MR R B AR AT O, R iR T
R a9 SRR L,

i F KPCA & F IR R 5 7 5, KPCA. 1) Bt 5
PERBARH T 4% R AR, W R B R 9E R (B
¥ifd KPCA %[5 T4k PCA) WA ST .

KPCA B 2R YR TV 2, i ARR S B &
PR RERWT, KPCA f— N E B BN K
NV EE R P SE AR S O BLE H
1.2 MLP $F4RE & %

MLP SRR U 2 W A J2 A 23 5513 48 T 14 1

MEME(1951 =), 5,



ERR

BB AT KA BAT & 3 R R

999

2R, HPHRINEEER AT A, MASHIERD
A8 ZME R Bis EECR R/ MEI A E S B ERM
£ AT BB R SR M 5 22 7] 52 2 Hh B 53 30
AR 2= (], 38 AL R 4 i sigmoid P53 PREL

MLP f)45 ZZ BB WA RENER. Fit, WERM%H
R AR B G B ARG, O B TT BB A
Frit/MENY

MLP B\ s i F T i £ 40, a0 R B4 1y 15 48, HIV
i B
2 WREERAER IO %

£%t KPCA 5 MLP e E SR MBI F AN RN T 5 5 W
TRV EMMAEE NG, AF24A B RS R R B S —
WER IR R IR o R B AR T 0 AR KRR 4y
AU B R B BT e AR A B B —
2 1) B 3 A L VT T80 I A8 1) R - T 9 2R BT AR L ) 23 1]
W SEERE AREAR FARIE IR, B AR B MEHE N e B A
ZRMEMESRE.

SR RO RRIE SR IR R B A0 AN T BT

WE X, y BWEHEE.X = (x,,x,) ZRAFELR
(x; eR*, j =12, n),ye {-1, +1}" EAMARIARE
Rk (x;,y) (i =1, ,n) BREMS, FAMEHIAER, &8
bR AR T B b R RE (1) 45 2 B oK [ B A8 T

min [[w]?+b +CY &
w,b,e; =

(1)
s t. yi(ngp(xi) tb)=l-g,i=1,"-

,m
u;w =0;9g =1,-,s &
u, =w/ | w, | ¥
Heh:wio(x,) + b RE R0 2B i RS £,
e=[e;,,8,]" e R} %ﬁ%ﬁﬂi@iﬁﬁ%ﬂ&%ﬁ,ﬁﬁ
AR A 5
BB ABMEBHRTFa = [a,,0,]" e® Hy =
[yrsy. )" e RO, FERERHIAS B H 3 T 05 ¥ (015 2 17 AR
(1) WyxHEL,
rga!/x(2aTI -a"Ka -2a"YP" Uy - "1 Uy) ; a =0

o

5 s KR NRFTFRBN B e, e, = [a,,a,,]"
w, = iau}’iﬁp(xi) = OYa, (8)

H: @ = [o(x)),,0(x,) ], EHEHK = o', FIER
(8) Bo(x),,0(x,) MREAEG, Z2FX()5H(8),N
EIEEEc(p
w, = &Y, + yiu, = ®Y(a, + v,/ || PYa, || )
W ow, 12 o(x,) MAMHHEE, BALHHTHEY, BEHEKR
B BRABRIBUE w, B2 o (%)), 0(x,) ILEAS
BT FESHT, TE S R RO R R R
MERBE(L) WSE (X,y,0) KHER(T) 5(8),753
B o,y 5w, WE—MEBUGRIE S (x) = wix Skt
AEHE, BB ARAR IR BIR wy o TEE 48 (R v o O T B
T BB w, BEEHTEAL BN |w, ||, = 1, WIBREHE RAEE N
x/ =x, - (Wix)w;;i=1,-n (9)
= (x',x)
X R (x, e, DA EN(9) SR R S 4L
R (X',y,C) BI(1) IR (weybs) , WIEE — AR IRHY YRR AE
Hf(x) = wix' i x' =S— (wix)w,,
RAE TR E BRI, B E LR ER G R ,

SO D) JR TR ORI AR B B PR A
SR it SR . B KPCA MLP 5 EFE X% %R e
G ERE, XM A 47 2 AR SR, 45 SR T 1

3

@y 1 KPCA 5 MLP X} wine ¥R I TFHE SR, X K0HR
SR 2 B TR R AR IE 2 B i T3R8
(AL SR R B 3k of B2 T — 73 8 AR, U, X 2200 JE #4E,
EFE SR —%f 221 i BR[O 64T 44, B 43— A
RAEA AT 73280, KR 0 A e K J ek B (i 1Y
A, ARG FERIE L B ol — RS %
RN Y BN —AH SRR 2R SR =Rl — 4
YLLK TR FEEH wine BURARARBUN 2] 2 4E2s
], G5 R 1 5% 1 FiR
Bl 1(a) s wine RryuBEmi it B HPI4E (RS 48 53 R0

(2)
Hi, 4 ) BT R i) 25 1A B T B, o = F B 4 2 28 KPCA
U, = [u, ] (3)  MLP5 EFE Bk B R msucE ™,
PN . 6 -
d 25| PERIE 2 8] ) 45 ¢ C . %1
5 ¢ .. o K2 30 o
Y X = diag(yla'”)y ) (4) ‘O A * Y ‘7&3 20 QP B ol
mxm m wal OO“ *Q: (N o= & 10 @ l‘:‘ﬁ oy o iﬁﬁ: & .
Row = Y(K+1I" +1/C)Y GO © o %:0“” a S o ’;"J:j_o -
—_ o ®
Hifi: K, = 00,0 = [p(x),0(x,) ], K| o8 St ree® o ﬁ_;g R b
RRBSEPE, BRER Kson) = k(. Solempddemld « o SO0 T
xj) +¥:Y; +5i,-yiyj/C,Zi = (x;,5) 3% = (xjyyj) » 0 o ¢ ° =50 o K3
1,i=j . , . —60 e
Hs, = { ) SR B R ERECY 1.0 120 130 140 150 500 0 500 1000
P70, i R B
o) ‘[ / s G () (2) wine TR A (b) KPCASFFHREE 1
e Z;) = LYo\ X)) LY €;
Hijt: e, € R" 055 i M TLHRIE 1, HAMITE LA
0. BB, (2) B— T WHAIEE, e -
FH T KKT( Karush-Kuhn-Tucker) 458, JE 15 Ng
(AR AT IR IE o 5 v TR, B « %1 B
m 5 e %2 = :4
w = Zaiyigo(xi) + z'yquq (7) ! s 53 :2
o = 1.01.5202.53.03.54.04.55.05.5 6 -4 -2 0 2 4 6
b = 2‘”' MLP# &1 EFEST &1
= (c) MLPAFAE SR B 75 (d) EFE& %
& =a/C B 1 wine BB TS RIMEER



1000 it H AR A %33 %
*1 HEMESES FIBREE , FRER T — 3 A0 0 R SR ISR 1 ——— 3 9 Y R AiE
N — 5 5 BIES, 3%, WX ek iy T i, £
B RN KI2EE K23EE KISEE % \ ciltts 1 iLE ET
S I, WL U 43 RO AT (A
MLP  0.01979  0.44078  0.23399  1.26382 SYUHETR T B T KPCA 55 MLP R4 52 USSR 30
EFE  0.00003  1.65518  2.84226  3.86089 TR SPONERZR, JF AR AR R, ERK, 5
FE AR YRR AE SR B B N B LR T B AL i B AR

ME 1 5R1TLEL, ARz H o, MLP 5 EFE 5 m¥ckig

HIRHE R R SE B TR RIS, BT EFE B 2w,

FEXE R AR FIZE 09 R 43 ) FR e o, B F B B I, RIG, B] [1]  SUNF, MORRIS D, LEE W, et al. Feature-space-based fMRI analysis

MLP,KPCA #f Lt ,EFE # BRI 1
MLP FYFE SR BUR I X wine BUAE 4 A0 =265 26/ &)
IR K AL IR BUA R T &, X —R5—%,=k5
— BRI IR R AR N, BIRRIER BB A T R BB SR A%
M—ERRRE B YF, AN TR 2 i 2 8 18] B T FIE AL 2% C
L, A L8, EFE Bk € WEUER 6, R B

1 &
k(x,y) =exp(~ | x=y|*/B), B = ;2 o= |7 m R

YA NEE,

BT %, 75 AR AREE4E X MLP KPCA 5 EFE &3
Y PEREHEAT T b, B K AR 2as ™,

AR Z—AMHFAR IR AWEEE, E8& T 126 ~A
(70 B A5 56 & N) IARIRIERE, L 1638 IEER. &

[2]

[3]

[4]

IRERES /MR 768 x 576, % T8 TALFR, 38 10 SR AL W 1% [5

&

R/NFEARE] 700 x 500 , FFR % B4E 58 19 Jr 225 $94E 7 B b
L0 51,

SBFRLAG kBB 1. KPCA MR R, S5 ' 7]

100000, EFE B#EMIEMLSE C BUERE 0.6& % JH i
ER R RE N E(x,p) = exp(— | x -y 8)G B2

1 - )
—5 2 Il = ) *m RN A R
ij=1

SEEARAER 2 R

x2 BIHEHEWEEE

R

MLP

0.85117
0.868 10
0.92358
0.95838
0.96026
0.946 10

[8]

[9]

R
FRAEH
13
14
15
16
17
18

FERT T [A]/s
KPCA MIP EFE
1 12 1
4 13
16 17
2 23
28 45
36 59

[10]

EFE
0, 91747
0. 95462
0.97578
0.98706
0.99224
0.996 00

KPCA
0.8544
0.8629
0.9315
0.9494
0.9560
0.9489

[11]

o0 N A~ W

12
10 [12]

WEE BT SR BURRE 3 , B #E TG CPU I ]t B 2 34
i, PUR R R 2 S, (B R B R B 2 —
REREmS, AR RA T LT R EH A T RN ES X 2R
JRRIR T B AE BB S TR BRI R

mJA ] LA, EFE 1ACR 5 RGIMER R I A S 8T
MLP 5 KPCA FZCRSIRAMER R, 5F B IEA R ER B i o

M T7E AR $d 42 1 1B 45 b AL R 2 0K T AR B K P R
Bi/E X 45 KPCA 5 MLP FRE $2 BUR 1 30R -5 U0
BT . H—BAR % KPCA 5 MLP $RAE $8 B vk 76 v
BEEMZTIL,

4 4
TESr 41 KPCA 5 MLP FRAERIRE EAT, 45 Y 1 i Se 5 vk

[13]

[14]

[15]

[16]

using the optimal linear transformation[ J]. IEEE Transactions on Infor-
mation Technology in Biomedicine, 2010, 14(5): 1279 —1290.
ZHANG J, ZHU L P, ZHU L X, et al. On a dimension reduction re-
gression with covariate adjustment| J]. Journal of Multivariate Analy-
sis, 2012, 104(1): 39 - 55.
OGAWA T, HASEYAMA M. Missing intensity interpolation using a
kernel KPCA-based POCS algorithm and its applications[ J]. IEEE
Transactions on Image Processing, 2011, 20(2) : 417 —432.
KIM N, JEONG Y S, JEONGMK: e al. Kemnel ridge regression
with lagged-dependent variablesapplications to prediction of internal
bond strength in a medimy density fiberboard process[J]. IEEE
transactions on systémsy/man and cybernetics, Part C: Applications
and reviews,2012942(6): 1011 - 1020.
%, ZABARAS N. Kernel principal component analysis for sto-
chastic dnputNmodel generation[ J]. Journal of Computational Phys-
ics, 2@11,230(19): 7311 -7331.
WEN Y, HE L, SHI P, et al. Face recognition using difference vector
plus KPCA[ J]. Digital Signal Processing, 2012, 22(1): 140 - 146.
GUY, LIUY, ZHANG Y. A selective KPCA algorithm based on high-
order statistics for anomaly detection in hyperspeciral imegery[ J]. IEEE
Transactions on Geoscience and Remote Sensing, 2008,5(1): 43 -47.
PARK ], DIEHLF, GALESM J F, e al. The efficient incorporation
of MLP features into automatic speech recognition systems[ J]. Com-
puter Speech and Language, 2011, 25(3):519 —-534.
OH S-H. Error back-propagation algorithm for classification of im-
balanced data[ J]. Neurocomputing, 2011, 74(6): 1058 —1061.
MOALLEM P, AYOUGHI S A. Removing potential flat spots on error
surface of MultiLayer Perceptron (MLP) neural networks[ J]. Interna-
tional Journal of Computer Mathematics, 2011, 88(1/2/3):21 -36.
KIM G, KIM Y, LIM H-S, et al. An MLP-based feature subset se-
lection for HIV-1 protease cleavage site analysis[ J]. Artificial In-
telligence in Medicine, 2010, 88(2/3):83 —89.
HU G X, WNAG K. The estimation of probability distribution of
SDE by only one sample trajectory[ J] . Computers and Mathematics
with Applications, 2011, 62(4): 1798 - 1806.
PLASTRIA F, CARRIZOSA E . Minmax - distance approximation
and separation problems: geometrical properties| J]. Mathematical
Programming, 2012, 132(1/2):153 -177.
KHAN N M, KSANTINI R, AHMAD I S, et al. A novel SVM +
NDA model for classification with an application to face recognition
[J]. Pattern Recognition, 2012,45(1):66 —79.
VIAU C, McGUFFIN M J, CHIRICOTA Y, et al. The FlowViz-
Menu and parallel scatterplot matrix: hybrid multidimensional visu-
alizations for network exploration[ J]. IEEE Transactions on Visual-
ization and Computer Graphics, 2010, 16(6): 1100 —1108.
JIANG J Y, TSAI S C, LEE S ], et al. FSKNN: multi-label text
categorization based on fuzzy similarity and k nearest neighbors[ J] .

Expert Systems with Application, 2012, 39(3):2813 -2821.



