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Dual-space Feature Extraction Algorithm Based on PCA and ICA
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Abstract No single subspace feature extraction algorithm outperforms others under all circumstances, but applying dual-
space feature extraction algorithm can overcome the limits of single subspace. To increase the recognition rate of classified
results, a new dual-space feature extraction algorithm is put forward based on PCA ( principal component analysis) and ICA
(independent component analysis). The algorithm uses ICA as PCA’ s complementary space to realize feature extraction.
The aim of the algorithm is to re-project the samples into ICA subspace to classify, which are difficult to be classified in
PCA subspace. The proposed dual-space extraction algorithm includes two steps. Step 1 is called pre-classify, which uses
two classifiers in a single subspace to classify the testing samples. If a testing sample is classified into different classes by
two classifiers, it would be added into the new testing samples set. In step 2, the algorithm projects the samples of the new
testing samples set into another subspace and classifies them. Then, the recognition results of two subspaces are tested
together. The experimental results in ORL and FERET database prove the dual-space feature extraction algorithm
outperforms the traditional feature extraction algorithm in recognition rate.

Keywords dual-space algorithm, principal component analysis, independent component analysis, feature extraction, face

recognition

EEWAB :HEARE¥I 4T H (60472060 )
5 75 B 3 :2007-02-12 ; % [8] B #3 :2007-07-13
F—EEEN: TEHR968 ~ )5, 2007 43k R 5 FE TR A 27, O VLR BB R 2A YRIM . J2 B 5 7 1 o A5 53R ) B S04 il &

o E-mail: wang_wdong@ yahoo. com. cn



2164 B 4 DR 2R

B3 %

1 3]

T}

FL i 7E B A 7 25 (] Hh 3 95 A5 — b AF 4 B
iR o A WD W € U oI s ol
e, XS )R 2 s )k U A B S )
WURRAE 725 ] 5 22 45 fiF T 25 ) o (9 485 2% 4 2iF 38 47
Rl of 7 IR SRR AE T 25 ) B R R OF SE B TR
FEAE 7 25 ) 7 kR AR 0 %, i, Wang 45 A
R B XS i) 2Rk s A A O Y R R 2R
P 2 AR S, B T As ] A 2R ] Ok 4 B AR R

S I, Yl 4 5 B B R AE T s U
LR B A R F 1) A A — R AT 2 R
H OB T84 IR 45 5. Kam Ho 421 T B
BLF 28 0] 320, 3% 07 v A D e 4 455 4 A0F 23 ] i
K, B S R — 2 9 A 4 B LR A 2 A SR TR
Bt KL A A 7 25 1] v oo A5 5 AT 20 2R B, B s
T 25 L HEAT A A

B8 1AL 25 25 1) B 126 19 b [R] 4 A5 J2 S ) 4
AIF 23 [ 9 5 A0F 1 42 B A 1 — 7 e 5 28 4 A i
(9432 RE ST, (HR BRI AN B AE 1] H 7R 4% 11 BT
ZE ) LA R EFI 0 2R BE 1, K B4 SRR A
g — A A i FE I, DUy AR 6 P i, T B A5 R 5
2 A5 B PR, 78 X2 1) SR 1 43R AF il 4 v, %o
TR AL, AT B R H RN T & Ze vk, T L %A ik
o L b AE AR T2 (] op S5 ] g R
By F R0, T AT 002 0 R 7 R = 2
S B 55— AN RRAE T 23 ) DR X TR 1 0 A8 5 AT
BEZ IR 5 TR B B, 1 JE0R 55 T 1R 0 45 5 40 AT A
2278 Syl T AR 60 . PRI, 4 R T DL AE — AN R AE T
25 ) F 43 85 o R 48 X S ) T UL A, R e A
SET AR A, TR 23 T LR e T 3R 0 A A 5 7 4
) 5 — AR 728 W) P EAT U . S B R T
() FL AT — 5 09 B AMYE T 75 5 — A 2% 1] Hh ot 7T A
X33 S A5 2O TE B A 202 0 AL R AR SO LA (]
IR AIF R A i A JELARL

RSOV Y S — A R E T 23 il e
BRI 5 TR B 0 R TP (9 P340 o AS SCR
FATAR 207 S B IR T . AR SCE IR 95— o
BAE T PR 2 (8] 8 B A — 2 1 AN B3
RN AE 725 ) 9 22 Sk o BRI, LS ] £ 3 B
BRI 0 23 26 RE ) S B AME . A SCR
H R 40 4 B (PCA) ™ K Al 57 4y 4y i

(ICA) 7'V A28 ] . PCA J& 18 e /N 7 22 75
SR g B RE AR B e L 2R, B T PCA K% 8
Tt E R A FHEG S EIE R,
PG, PCA J2 3 75 5 W 8 1 4 1 0 40 7 07 12,
FCAE R 22 MR AR 45 40 2 1) R AR Gk . TCA 2
F1E S @GR 0 vk o 1CA i HE = 30 4k
P dR B T — P AR e, B ] B A 5 ) 2 )
Ge it 7 i k2 2 R AT R A ST A T 3k T ICA 1 4%
TR E 5 v, WA AU AT i 8% 0 T 45 5 45 L 43 Z [0 Y
GEITH M S B d /N, 1 HLE T RS 5 R AR T 4
¥, R, i PCA A ICA B A J 0 45 4 1 25 (8] i H
A B I BAMAE  JE S T A SO RLZS (8] R B
(=R7

2 MRS

2.1 ICARMIENX

ICA #VF T H I E5 /0 & (blind source
separation, BSS) ,BSS BRI RMRIEAEHWIRERES
x EAHIEES s o ICA 19 H b8 05 2 (1% B s
ST L L2 o0 L S 5 9 5 v s VA 9 D5 8
5 i A P BB LR 10 2 e it SRl o e T S Y
LM AR A WY, I N B, iy [
SE 1, B

xX=A-s (1)

As =[s,s,,000,s, 1 02 m EFHE GBS F 1
A RRANEANSL I, x = [ 0,00, ] fn
AEWLMAE S . A & noxm R/ANIIR G 5 M,
(1) s PO EE 3 1 e J2 ey ey 2k 57 i o 1R &
7 HE Y o ST R o0 S B i 22 i, U R A B
AE Bl WA 3, T HLIR 5 A0 Bl (B s o R Y
JIT A RE WL 2 A9 AL HR BEHL ) x

ICA AT 55 J2 - 47 R — M AREAR x|, 38 i il
— AR WA AR S Y e & Ry, B

y=W-x (2)

ALy (=12, ,m) ZBEES s BAETHE
2.2 ICAWEXRE®

BT A7 ST 8o A AR R A 43 A, Homo=n,
KEEFERT LA W A AT, ARSI,
W=A", d(2) /T, R T A — A kT
By, Ty, = wix RS X w R — A
TR A 1 B SR ) A W(A B I — AT
] 5, X AN 2R 2 A PR B AR T S )



%11

TR T PCA Jb ICA [ WLZS [A] fAF 52 B o4 vk 2165

EEIFARER VI E w, KN IF AR A
S LU B) — MR IE R Al 1. R A TR
A B E L z=A"w WG

y=wx=w'As=z"s (3)
K,y BsB—D&MAHS, HAEB z 45, W
A w BRI AR AR 0w A9 — AN 1, HX
li Xk BT 2, WA w'x =z's 25 F Hoh il — A4~ gl sz
A o TR KAk wx (0l T I BT A5 E) — A ik
ST o YT TICA (AR TH B Y 32 A 4 AR = 0
KA B AF B 0 i /b e R AR bR B A I
(ML), Horp 9k vy i 5 K A AL 45 Kurtosis 5 44 | 714
S ARG B A o
2.3 FastICA &%

X ICA J7 i KA, ol DA% BRDLR LA 2B
BEHAT . m e R EUE (RAFS) iy Wb B, 4 45
AR A 5 SR 5 38 Ok B8 B RN e SCAE = 0k Y B A
K ST H bR eREL, 12 bR BB R B, AR T 8k 57
B ) A A o B P e K, i R B SR T — o B
D), AR A0 A ] 194 43 2 o DU ] 4 S S T ) 8 0 5 B
J& A de P Ak O 125 o SR B K (/) Ak H i oR B
R AT &t — P > Bk

FastICA J& —f gt ICA 379% , & T ] 26
AU B AR 3E 1R I B9 AE AR (i ] TCA R 43 By
AR A T RE . XA A RGeS, AT R F
— ANy, BB ) w, AR wix B K
e W Pk, FastICA &R JH LA 2 A7 HE & 7 7k
JE =

N(y) = Z ELELG(y)] —E1G(v)}]" (4)

Horp kb, O —IE R 8,0 O (R B0 7 25 Y
W, KA G AR TR R ZAE R T E
MR MEFLIR TR whe ik s Wb B ME L B R R
M 5 Hp 73 78— S i

3 ETPCARICAMN=HEE

3.1 BEBE

1R A SO 0 I B R

AR SCOBU S 8] e i i BB 32 114 O 2 A I XA
RO HUNT PRIy — 3y RAERA TR WA S
PO B 5 75 — 38 73 W 78 1% 25 18] B A 5 R0 Y
B1 o = A8 R P 20 00 3R PR R AR
1 () Ze7m Wn2RKE I REAR [1) X 7 [ 45052, D) =4 0
ICREAKL TP 2% BR 2R Z AP, LRI 70 OB R AR

T Xk Ak A 7 4 TR 2k 22 N BRI R A, U oy T R
FEA M BOE M L &, e i 1 25 [l rh, gl o 1
JEAL T B Z N B EEA . [ 1(b) i
FAG MAAREAS (1 Y T 10 B2 W) 5 0 KA A A T
SRR Z AN, B 3 MR R AR /D 5 T T AR £ P
R B Z IR RE A, B 5 2 I BE R B R . M
Bl 1(b) al LUA H, BRI HEA AT — > 7=
L1 ST -1 5 A I 1 €0 et s =R 1 S
REBBE 70 5 R A AE AS S A2 BT — 4> 25 8]l E B A
gy, MG B g — 4> 72 [ vp, AT LUIE 86 23 265 A
CREAS IR A P A 125 (8] rf AT n] R B 5 20 1 I KA
Ao AR AL R B A a TS 1] R T
RE B 70 B I RE AR PR B B b 28 8] v R AT 0 23R
Sl XA AT T RE X B LB TR a 54 ) rhoxE DL Y
FEAS AE b 725 (8] (8 X Al 1E B 0 2 2 B AE
B 1(h) K RN EEAR . EE 1 (b) i
TR EREARAE DA 723 [8] R AR 2 B At 20, R it
HC 25 0 45 RS 2 AR SORUAS A B R

(b) TEb T 0] AT B

BT s [ 5 3 9 i 2 s
Fig. 1  Principle figure of dual-space algorithm
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Fig.2  Algorithm principle figure of dual-space algorithm based on PCA and ICA
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Tab.2 Feature extraction algorithm of dual-space based on PCA and ICA
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