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Abstract A study was made on the essence of fuzzy Fisher discriminant analysis (FLDA) algorithm in this paper. A re-
formative FLDA algorithm based on the fuzzy k-nearest neighbor (FKNN) was implemented to achieve the distribution
information of every original sample represented with fuzzy membership degree and was incorporated into the redefini-
tion of the scatter matrices. Furthermore, considering the fact that the outlier samples have some adverse influence to
the classification result,a relaxed normalized condition in the fuzzy membership degrees was proposed simultaneously,
therefore, the limitation from the outlier samples was overcome, Unlike the conventional FLDA algorithm, the proposed
method computes its discriminant vectors with fuzzy membership degree from every training sample, which is theoreti-
cally effective to address the small size sample and outlier samples problems. Extensive experimental studies conducted
on the ORL and NUST603 face images show the effectiveness of the proposed algorithm.

Keywords Fuzzy linear discriminant analysis, Feature extraction, Small size sample problem, Outlier samples, Face reco-

gnition

AR PR & g/ R B LR R 2 R BT 5
FEAEUTILAFE: ABRRRCEARSH . AR
B EEHRII%, AEHNE, ETRENAR
RBI B YRR T R R, R b, B F KL A&
#:#) Eigenface iR 5| 8 5% & F Fisher % H1 M B
Fisherface IRBIB B B H A, EHH TR LB RA R
FHAEMBRELENBEEL, BB BT & — B
A

G HR A R S F BTE R E RS Bh R —
{EIBE T BRI SRS , BN T4 AR , 74 E fh B A2 o

B B 39.2008-10-15 &4 H #§:2008-12-30
60572034) % Bh .

BRUITHEE—NME AR, TIERRE U Bk RS
9, B T YIS AR #9508 W RAMRR R W, 7E AR IR
18U, ARBIBRAREEEZ BRI SCRERMFH
o, H IR PR A AR KB RAREN. B
EEHEEERNARMRR, BAT LURER B BRIA
AR R — AR 2 R, TR AT DUE N SRR B B RoR e
L WA ABIFA KR ZH.

R XTI SR B B 51, X2 4 4 51 3 7 B 4 A R
FEHT T AR, T LS AR T Fisher M A%
R B Bedh B8 SCTE A R O T/ S K DO B b, U FTLR

AU 863 AR R B RI(2006AA01Z119), B HK B RBI 2K 4 (60632050, 60503026,

REET(1975—), B, 14, W, FEREF I IER R SEEEL . AKIRSI%, E-mail: xnsong@yahoo. com. cn; BFEA(1977—), 5B, 1§
+, FEHEF AP SERAS FBFAM] ), B 8 B4 S0, TERRF SN IFRARE RN ERIEAS S

W(1980—), B 4, FEWR T FVEREERRL.

« 178 -



TR e E B A 1O ) A AR ¥ KB B o DA T S BRI 88 A i R4
23 B R » B 5% T4 R A 180 4 o 0 8 SO 3K B A AR 4iE
WERERE. FEX—BENER, Kwak™ % THEMH
Fisherface(Fuzzy Fisherface) I ARG, B E X T MM
BB RS, RIS W EA ERERBRBIEE RN RR R
EHGEEES ., HE Kwak WEEHEHE TSR LR
BIRIRER B, A H RN O S B A B SR B R
BzH, e —1THANRREFREY THAEERE L
e R I B A WALk, Fet, B TEBEANEL,F
BEHEBRTEENRBERR/N HLEW TREANSE
%R, H7 MR Fuzzy Fisherface AR TR BT
— R T A 33 — fh SR 1 B B R R X A T O B
(RC-FuzzyL.DA) , 383 #4 3t 3 JB BE SR 3P B9 0 — L % 4 ¥
F—MREAHRBERE A ENEE LT RIE
BB B AABABFERRAOIRY, ATTEBIZBE BN
B A EmEE.

1 RMRESININFE

L1 8 kOESNE

7 Fuzzy Fisherface B8k , HR FBONI R R B R B0E i
FKNN" 3583, WTiAI AR R E RSB ERe
Frpuly, HEE, FIARBINGE B R RERNER S, FEX
BfE B ABSERBA B, RE FKNN K838
MERBEGBNHELSENT.

FE1 HENGHEREPEER MR Z R HEKKE
B HR— NXN R ;

$R2 BEINERESENARUELNTEENL
BRx . SFH RN ER A TEETRNER I hEEXY
ARRL B B AT R, B T Bh Ik HE R P Bl B A B R
BN, BT — 81 ;

BRI B ERSREGRNERERNE 7 RE
BEKKANNBI KKK HES . RIEFTHEREEER 24
BOR B, I BB BN £ MBI 4B BT XF R 92 FIE 5

BB REBUTHARTHE j MR TH X8
REE.

_ {0.5140. 49Cn; /k)

0. 49¢n; /B otherwise

Hepi,j BRTRERER, n RRE; MERM L ESEPR
THRMERNE, Bk, TUBINANREARX FHRE
AR RIR R

8 2R TRA8 B AR B A SRR B R B, B AT U BT
SBRFHHIE.

fmi= EZ"’?:,: ' @

BT, BT LAAE B AL A B 000 S R B B B AR R B 28 R
MRE,

U=[y; Ji=1,2,-,C;j=1,2,++,N 3

fm=[fm Ji=1,2,,C 4)
Hep,C BB N Ml AY,

1.2 Fuzzy Fisherface $4E A 75 %

Fuzzy Fisherface #iEM B A S M E A B E R £ KM

Fisherfacel"*) SARASDL, 3 5 A2 140 465 A1 1 B0 B 000 s U

i ¢))

RBGRATMEN B EREZS. TUEN  HPHE
FKehL A ZE PR A AN BERD), ME Kwak Fig
1 &4 Fuzzy Fisherface MR EREBUT K, BBt G2 L R
Rt #E THRAMNRBERS, N WA SRS EE
XH

FSo=5( 2 (= fmd (= fmdT) ()
i=1 z;€w;
FS,= 5 (fm—D fm— D)7 6

K, fmi (i=1,2,-O MR (DO E L, BEMREREKEEH
Pz KB MNGHEERz RETHAERERP L,
w R PR,

I s BB R R AT LA (D RS

FS,=FS,+FS., )]

AR B T BT A B A R SE R, IR O B R O E R XL
FIFH Fisher % 5 ¥ RIS a7 118 BIAHI N AP IE I B4R . BHAS
B HIER T

_ V¥FS, ¥
J F(X)‘WTstxIr

1.3 #BE—REMHMHNE

MUEAERTF Fuzzy Fisherface $§4E i B ¥ 89 237 7T LA
B, R ERAERE SR, AA BN .08 R
ABRERMBMARZ S, TE—TEENRBERFEX T
B AE R E T BT AR B Bk B 3k, FIRY, B TR
B , (EB X A IR T B X MR BBERMB D,
EwTRANSBRER. BFHRYE T RCFuzzyLDA
B ABOUR T Fuzzy Fisherface B IX BB A

BB DT LUE, 5 HE § DRI TE BRI
B R, I Bk Bk B LUTF 89—k &4t .

'_chl)a,-,- =1 (9)

BEER—-IMEENFEIMREMNRBEZ AN 1, HL
HERAERHEENHER T, IRNA—LEZHFTHESSR
HRERANE . HTEFERTESLNLEDLEBE
FRETELANRBRERBND AETFROEGHER ¥
SEEXNERBERANRRE, LIMAREIESLT 866
RBERE 0.5, RRERHEATERNYXHEENTER
E—-ERE LERBRNIEER,

4 T MR Fuzzy Fisherface B M MRAL AFRE T

— PR A I — b AR A, BT A R A 3 5 26 B SRR BE ORI R
N,Ep

®

C N
_lezly.-(xj)=N (10)
i=lj=

XN BESF T HHE 0 RN OBEHR
angxa2z.

si =

K2 />

an
otherwise

_N=C
=g a2

Hoboi, j RTRAEEE,m HhEHSH, AHE m€ (0,1,
pe(0,1),
EABANE— ARG ERRESFFEHLARE
SRR, T HA TR &M, R ERAN &%
» 179 -



RO AN HEURR, AT AT LA AT A J8UR

FEMRM AT — RO T i — PR T M OB E
BEEXTE AE— RN REERS L WEA B #fm
R E SR, N FAR T Fuzzy Fisherface B 5 A i
B L R BEE IR BR A

KOG RO WBAEREEE LHEWT

C
IFSwz gl( ; u,,q(l']_fﬂl,)(l‘,"‘fm)T) a3
C n —
IFS, =X (A~ 3 ut/ ) X (=)
= z; Cu; ji=

(fm;—2T) as
K, g B— AT LEH D REROEMBE NS IFS,
ARPETIA uy? AT T ¢ REXPEIMEEHRE

EAES IFS, ARFEIIAA— T u/Sup) M BIR T

R BAEREE LT B SIS ERENE N, e Sk
[ Gk g
IFS,=IFS,+IFS, (15)
Bt AT DA B A AT IS — L &4 F A SR I R %
BI)53 47 97 B2 (RC-Fuzzy LDA) B¥ERI 10 T

T
e (X0 = :I,I’Tllffgi‘lq’, , 16)

W8 Fuzzy Fisherface fl RC-FuzzyLDA B8 E X, 7l
UBREFHEAEFEEENL P, A FEETBMEERNR
BEGE AMRATEZMHASHFEE. Ak, TEH
RC-FuzzyLDA HHHHE LT .

FB, 1 HRAESET PCA FHREAED —MEEWN
26

$B 2 B¥ FEKNN B, aFnHRmBE—b &4t
FAS B AE AL RTR] R B R IR PO R

$B| 3 RELE 2 B BIABNI R R B E BRI
LVFE R L E UM BB A B, R R BT U 46 8 it Fisher
KRR BELHNREE;

BW4e BAEREARZFESERE, B IFIESH
PR BRI T A2

2 XBESH

7304 Bk FI v 5UE Tk 2% NUST603 fl ORL™Y A B
BB EE#TEENREIE, TR —HHEHE T Fisher-
face™ , Fuzzy Fisherfacel™, D-LDAD? AL FHFERNTEK
BOAPRAT R BHBSES AR RBITRF LR KH
P

TR — R NUST603 AREHEE, a& 96 A, BA
g1 10 $EERH A, 55 08 ER B IR 5 43 B 19 0 256 X 256,
H T B ATEMLR N, B 50l BR PR TIH Hk, 3F
IH—4{k% 32X 32 FAnHEE 4. & 1 2 NUST603 A M ¥iE
RS HEAL R A RER.

E 1 NUST603 AMEIRERSH—ARER
+ 180 -

LR, HIRH NUST603 ARBIEESESLEARD
AT 0(6=3,4,5,6) MEAH RN GREASE , I AR A R IR
AL, ZEXRETHERBUS HEGREERA L L$N%
BB, Kb, 4828 & B 3, [RS8 5650 B b s s 5l
SPES X REBD, KPP m R0 1L, gM2, 1R
Fisherface, Fuzzy Fisherface FlZ3C T B iR Bt RE L3 .

#£1 ARFEBYIGHSET NUST603 PRI (Y%) M He

Number of Method
training samples Fisherface Fuzzy Fisherface =~ Proposed method
97. 46 98. 44 98.75
98, 23 98. 54 98. 96
98. 65 98. 96 99. 06
99. 17 99, 48 99, 48

LE R ORL AREHERE, L& 40 N . BAHBARR
RERAFARN 10 BEKER. HENFEREHXTH
TN R H R BRTRAL AR 23X 28 4R, B2 B
AT ORL AREHE s AR AR .

N s W

B2 ORL AR¥IBERS ARES

s B VI G IE RV 4 R A ke
ARCFHM 10 BORRIBRHA. B3 10 KA ERBET
. SAXBIEHRAREEHEIMET 99=23,4, 018
AE BRI GHERE, AR AR SRR EN AL, ZLBET
FREUS M RSB R AR PR ST A, FRE
BB PSS EE T R L RIEE R, K m 0. 3,¢ B
2. 3 2 & Fisherface, Fuzzy Fisherface 4= 3¢ 7 2 KR 3%
SR, LWERB R T SEERE 10 KARZEREWHE T Y
5.

#2 AFEEINSGREARET ORL HAIH OB HLE

Number of Method
training samples Fuzzy Fisherface

Fisherface Proposed method
4 92, 04 92.28 92, 50

95. 02 95. 55 96. 47
6 96. 56 96. 81 98. 62

B 3 BR T SELUIGHEAR 9="5 B 75 HI HE A
R T & HERFIR ML IER.

100
o8
X 9%
:g 94
o 92
£ 9
2 88 A
5) s6f 1/ ~&- Fisherface
S g4l |74 —o- Fuzzy Fisherface
g g RC-FuzzyLDA

80 5 10 15 20 25 30 35 40

Number Classes
B3 RFEZBIBCT REPUMER 5 4~ g A S 49 ORL 313 thg:

B cER[13, 14 W B 3T Al A1, Fisherface A )k D-LDA &
BTSRRI EBE L KET PCA B4 M B £ ia



B FE SR ¥4 PCA A SR 7E 20 3 180 2 [a] AR 4L, Xt
Fisherface, D-LDA FIF X F 317 T B L8, S RH &
7£ ORL AR FaoiR IR nE 4 BiR. B4 %W
BT S MR E R G REAR, ERAFEER N
INCHMERT . AXBEHEFREFEMBRBAEE
PCA B4 BT B 2 A BB & 4 AR e IRBI B A R
HBZ.

100
95
90
85
80

~.

—~=— TFisherface \\\

75} | ~e- D-LDA
70l L= RC-FuzzyLDA
20 40 60 80 100 120 140 160 180
Number of principal components

Recognition rate(%)

4 REERSHH THEET S MR LHN ORL RHIEL
242

ik 1% 2. 3 A 4 HEREIEAT IR B, AR
H# RC-FuzzyLDA B B: ¥ EE F £ 4 1Y Fisherface, D-
LDA H:# Kwak 23 4 1§ Fuzzy Fisherface 585, LK iF
PR R AR AR R SRRSO LA R R A BN .

HHRI®E ACRE T —FE TR LR AT M3
BRI, AR ERR YA —bEk
H HE-MREEANRBEEGERECHBAEREE L
TR BN B R GRA RS TR SRS, A8
ERAMWENSMERERBRE, TRERRY. ZELF
RS ERRAE S Bo EE RU AR T /MR RIB B
REA[CRR ., T AT ST SE A R SO R R B R AT RIS B
HEHAERFNESE XL, B —SOHR .

$ X X W

(1] B#,BYR,E#E,%. T Kanade Lucas-Tomasi HLHA
BRI AR k(] VLM BhiR i SEB % H . 2004,16
(3):279 - 283

[2] ohied, ZDHE.RE.5 HABRTEESARGERNE R

[V HEOURBY R 5 T2 4] . 2004, 16(1):45-50

[3] EFM.0EHA R, % ARREHOTH AT HHEULHE
Wit SEE %R, 2005,17(6) :1296-1301

[4] RFILNE.HOH. BTHESQMBERELHRERNIT]
HREHUEBI I S EE %M, 2005,17(11) : 2394-2401

[5] Kirby M, Sirovich L. Application of the KL procedure for the
characterization of human faces [J). IEEE Transactions on Pat-
tern Analysis and Machine Intelligence,1990,12(1),103-108

[6] Turk M,Pentland A. Eigenfaces for recognition [J]. Journal of
Cognitive Neuroscience,1991,3(1).71-86

[7] Belhumeur P N, Hespanha ] P, Kriengmanl D ]. Eigenfaces vs
Fisherfaces: Recognition using class specific linear projection
[J]. IEEE Transactions on Pattern Analysis and Machine Intel-
ligence,1997,19(7):711-720

[8] Swets D L, Weng J. Using discriminant eigenfeatures for image
retrieval [J7). TEEE Transactions on Pattern Analysis and Ma- '
chine Intelligence,1996,18(8):831-836

[9] Kwak K C,Pedrycz W, Face recognition using a fuzzy fisherface
classifier [J]. Pattern Recognition 2005,38(10):1717-1732

[10] Keller J M,Gray M R, Givens J A. A fuzzy k-nearest neighbor
algorithm [J]. IEEE Transactions on Systems,Man and Cyber-
netics 1985,15(4) : 580-585

[11] AT&T Laboratories Cambridge . ORL face database [ OL ] .
[2008-05-12]. Http: // www. camorl. co. uk/facedatabase. htm

[12] Yu H,Yang J. A direct LDA algorithm for high-dimensional da-
ta~with application to face recognition[ J]. Pattern Recognition,
2001,34(11):2067-2070

[13] Yang J,Frangi A F,Yang J Y, et al. KPCA plus LDA; A com-
plete kernel Fisher discriminant framework for feature extrac-
tion and recognition [J]. IEEE Transactions on pattern analysis
and machine intelligence, 2005,27(2) : 230-244

(14] LuJ W,Plataniotism K N, Venetsanopoulos A N. Regularization
studies of linear discriminant analysis in small sample size sce-
narios with application to face recognition [J]. Pattern Recogni-
tion Letters, 2005,26(2):181-191

(ERF I T

FIRABREF YL TRREEANIE 28 GE8F FR.G
PRRERRE F7, A S4BT B 9T B S8 58 5 o 7R G BB S R MG 3
ZR VTR RBEAPINEMNSHMBIRTRAE T
EMRGE GP)H MR BLATESMEMRETH
# AT RERMBEEN R ISNE, {554&FIRA BOC MHE
X, AR BAERA AR MWES SRR RS W
FSHTHAERRBESRENENE WMESSHTRIER
UBRBHREBESEMEEERE. IMTRBERERE.
RNAERB I A BEENE G TRA. RS EHSE
U, R EREFES BB EEY. IR EZS E R
G IR W R BT GPS BN AR TRER HER
KR EHRIT T 7 ARG R R T 8%,

XXM

[1] EI-Rabbany, Ahmed. Introduction to GPS; the global positioning
system[ M]. Artech House, Boston, London, 2002

[2] g, BB FHR. WEEREREN SR SESPHRA
400, BB BEAR ,2007,35(6)

[3] %KE . EBF.MT.GPSESHMERENH A SR
2008,36(2)

[4] ZEYwk.FEB,. BN, % GPSHABKERIHIML L. $l
H R4, 2000

[5] Kaplan E D, Hegarty C J. Understanding GPS Principles and
Applications, Second Edition[ M]. Artech House, Boston, Lon-
don, 2006

+ 181 -



