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featmure ina,tching procc~ss aut1 liigli I ognit,ion ra.tes a.re two important issues in face 
recognition systems. In taliis pa.per, a €mzy n a,l iiet8work based face recognition system which 
addresses on these two subjects is proposed. Tliis face recognition syst,ein uses a fuzzy 1inea.r ina,p- 
ping (FLM) for feature ext,raction and  a. fuzzy iieura.1 net1work (FNN)  for fuzzy feature ma.tching. 
Experimental resiilts show t,lia.t, t,lie proposed fa.ce recogiiitioii syst.ein 1.ia.s two advantages. First ,  
higher recognition ra.tes are achievecl in comparison wit,li st,a.tistical katjure ext,raction methods. 
Swoiid, fmture  inat,ching process using fuzzy  neural iiet8worl; is fa.st,rr than minimum dista.nce 

i linear nrappiiig, fuzzy neural network. 

1. Iiit ro duct ioii 
Fa.ce recognition syst,eiiis lmve inany r ~ a l  vvorlcl applica.t8ioiis. such as criiiiiiial det,ect,ion, security sysk rn ,  a.nd 
a.ccess contlrol systems. Usually. these upplica.tions r q u i r e  rcal-time performance. t,herefore, i t  is import.ant 
t o  design a face recognition system with high rtrcognition rat.e and fast, inat,ching speed. 

It, is well known t#liat featmure rxtract,ioii a n d  pat tern ideiit,ific,a.t,ion arc  t,wo nia,jor processing stages in 
a fa.ce recognition system. Principal Component, Anal (P(-;A) a.nd Liiiear Discriniiimte Analysis( LDA ) 
are two promising st,a.tistical featiirp est,rilct,i liniques[I]. K ; A  extract,s features such t1ia.t variaucc, 
iiifornia.t,ion enclosed in population ca.n IN: prc I as inucli a.s possible. Usually, PCA does iiot use class 
inforinatmion and  is iiot suitable for classificatio m e .  On t'lie cont"y ,  LDA adopts chss  inforina.t,ion aiid 
rnasiiiiizes t,he rat,io of' bet,wc:cir c1a.s~ dist,aiicc aircl wit . l i ir i  class ~ l i s t ~ a i i c ~ .  13rcause i,he wit,hin cla.ss clist,a.iiccs 
of rcwl pat,t,rrns are not, reliable, LlIA has t.lie r ' of poor geiiera.lixa(,ioii ;i.l)ilit>y. Features extracted by PCA 
or LDA need a. iiwrest, neighbor cl  f k r  t,o c,oiiductd pa tk r i i  classifica.t,ion. However, a nearest, neig1il)or 
chssifier must compare an  input8 1' 1'11 wit81i all tjeniplatjes so I~Iia.t, a11 appropriate out,put, class can 1 x 2  

cliosen. It, is well lcno~.vn t,liat the sea.rcliiirg i,iiiic i i  when tlie number of templates is increased. In 
t31iis paper, we propose a new tra.iisforinatioii-I,asetl extra.ct.ion t,rchiiiqiie and  a fuzzy neural network 
ha,secl pat8terii classifier. The  iiew feat,ure exi,ra.ct,ion t,cdiniclue ca.n solve the clrawlxxks of PCA aid LDX 
siiiiiilt,a.iic.ously while fuzzy  iicural 11 ii matching process. The  proposed featjurc 
extract,ion method first a.pplies a iiew h iea r  mapping to iiiasiiiiize tlir lx+veeii class distances of extrxt 'et l  
fea.tures. Then ,  the  wit,liin chss  tlist,ances o f  rst,raci,ccl ires are used to drfine fuzzy fea.ture ranges. Thc 
new linc3a.r ina.ppiiig technique t,oget#lier n-it,li f ~ i x z j .  {Pa. ra,nges iI.re callrd fuzzy linear mapping (FLM). 
Eiiipirical results deinoiist,rate t.liat f(5atiirc.s ,R3 iirtlced 1ia.w I>et,ter di iminating power than  
t,liosc cxt#ract,ed by ITA-1 pproach due t'o t,he int,rotluction of c,la,ss informa.t,ion 
ant1 i.hc fllZZy r~=~~resellai,ioll of c,lxis l > o L ~ l l ~ l i l ~ i ~ ~ s .  T I 1  t.l1c, pa t  n i ( I eii t, i Fi c a t>ioii s t' a.ge , t,he proposed fiizz). 
nmra l  i i ~ t , ~ o r k  can process fuzzy inf'oriiiat~ioii i i i i d  C ~ I I I  learn fr t,raiiiiiig examples. The  architecture of t'lie 
proposd P N N  is lmsically a c,oars(?-t,o-fiix> earcii sttage, candidate cla.ssrs 
are selectmecl if' t,he feat,iires of a n  input, patter11 I'alling iii t,he fuzzy  c,la.ss boundary. In the  fine search stage. 
t,eiiipia.t es of t,he previously selechxl caiirlidak classes ;ire coinpa,retl one 11y one with the  uiiknowii input aiid 
finally only the hest, inatlchecl templat,r will be scTlect.etl. The cla.ss that,  cont.ains the  best matched teinpla,t,e 

orlc call "7""d "1' t~lle 1'". 

11 iiicxliariisin. In i,lie coa 
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will be chosen a.s t,lie output, c1a.s~. Since a c1a.s~ may coiitaiii large number of t,einplat,es, the coa.rse-t,o-fiiicz 
search st,rat,egy can significa.ntly a.cc,elerat>e t,lie mat,cliiiig process of t,lie proposed system. 

Tlir remaining pa.rts of this imper a.re organized as follows. In  Sectsioii 2 ,  the  concept of fuzzy 1iiiea.r 
mapping is discussed. Architecture a.nd operation of the proposed fuzzy neural iiet,worB a.re disc,ussed in 
Sect,ioii 3 .  Experimental results a.re shown in Sect,ioii 4. S(-'ct,ion 5 is c,oiiclusioii of this paper. 

2. Feature Extraction 
 lie proposec~ fuzzy liiiear iiiappiiig t,ecIinique is c~ i l sc i . i~ ) r c~  in t,liis sect>ioii. Let, p:i) cleiiot,e a (1 rliiiieiisioiial 
training image vector, where ,i = 1, . . . ~ c i s  t,lie class inclex, c i s  the t,ot,a.l number of classes in p ~ p u l a t ~ i o n .  
j = 1, . , , ~ 17, represeiit,s t,he pa.t,t,ern inclex in clnss i ,  a n d  1 1 j  i s  t,he riuiiiber of images in class i .  Tliclrr 
arc2 to(,iilly 71. t,raiiiiiig ima.ges in population, w11ere = i ) l  + 112 + . . . + 7 1 , : .  Let, x:') clenotes zero 1iiea.n. 

pat,tern vect,or of pi.'),  ancl every class lias i t>s own class iiieaii vect,or 7 i j ; .  111 t,lie analysis of 1iiiea.r ma.pping 
techniques, t,he witahin class, between class, a.iicl t,otal covariance nia.trices are  deiiot,ed as Cyu,, C ~ l ,  aiicl C', 
resprc,f,ir.ely. The proposed fuzzy linear mapping consist,s of t,wo elmientms. The first. one is projection axes 
011 which pat,teriis project having t,he largest, Ixdweeii class tlist.aiices. 'The sc?coiicl one is fuzzy  fea.ture range 
w\iic,li is used to prec1ica.te cla.ss I>omiclaries. Let, 117.f = { w;lf} cleiiotme projec,tion a.xes, wliere = 1, . . . I1.f 

ancl 1 )  i s  t,lie iiuiiil>er of fea.t,ures. Projec,t,iug class iiieiiii vect,or 15; ont,o axis ,iui  yields fea.ture jj:."', t,liat, i s  

wherr j ' k  is fuzzy featmure ra.iige associa.ted wit,li the Mi estjract.etl Ita t,ure. This definition of fuzzy feat,ures 
let t8raiiic4 or unkiiocvii feat,iire points of' t,lic. saiiic: c1a.s~ fall in t8he s m i c  class houiic1ar-j with high proba- 
1dit)y. ITsing fuzzy featiires, ant1 a coarse-t,o-fiiir i.rchiiig iiieclia tiism c a n  a,ccelerat,e the process of pat,t,c.rii 
idciitificat.ioii. This issue will 1~ disciissed in  1,lie follocviiig section. 
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3. Pattern Classification 
The  proi)osecl F N N  consists oE iiiult.iplr Siip(:r ( ' l i tss Neuroiis (SCN) which h v e  coa.rse-t>o-fiiie sea.rc.11 111~11-  

aiiisiii t,o a.cce1era.te p;itmtmerii ideiit,ific:i.tioii. 
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If t,lic,re is 110 S(?N corresponding t80 t,he specified cla.ss label of t,raiiiiiig sample, t>lieii a new SCN i s  aclcled 
i1it.o F N N .  The new SCN coiisist,s of a cla.ss iieuroii and a templa.te neuroii. Lr t  a, training feature vectsor lie 
1 = ( I - ,  , J 2 ?  . . . , and cla.ss laliel IF i * .  Ail F N N  const,riict,s a new SCN which includes a class iieuroii 
C?' aiitl ii t.emplat,e iieiiroii T?'. The cla.ss weiglit,s of Ci* are set, ;is 

1;. = In. - l l . f n . ,  

wliere ( I  is a coiist,aiit. a.iic1 f k  is a fuzzy fea.ture range in input ter1nina.l. TIE t,eiiiplate tveiglits of T;' i 
as inpiit. feature vector, tliat is 

Lei* I n .  = I,, 

If an  F N N  1ia.s a.11 SCN correspoiiding t,o the specified c1a.s~ of inpiits vect,ors, t81ien the F N N  updates class 
the cla.ss Imuiiclaries of S(I:N a.nd stores t,lie new ternplate into SCN. Xssiiiiie t,lie t,a.rget, class label is i" 

lioiiiiclar~. will he adjused a.s follows: 

7 * (11 t71 '  ] I ,  = miii{lL, ~ I k  - (vFk}> and 
1 * [ 11 i 11' ) 

l'k = iiias{rk In. + I 
i" ( o l d )  

I * [ Oid ) 
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, ?  lable: 1: Error rat.es o f  t,lirer linear inappiilg kchniclue 

Table: 2: Coniparisvii of sealchiiig raks of t,lirce h e a r  mapping t.echiiiclue 

5 .  Coiiclusioii 
In t,liis p a . p t ~ ,  a, fuzzy linear mapping is  proposec cl tto perform feat>ure est,ract,ion with better generaliza,t8ioii 
ahilit,y t ,han t,lw convcTnt,ional st,a.t,istical iiic~tmIiocls. PCl\ ancl LUX. i\ fu : neura.1 11et,1~7ork is proposecl also to  
accc+y;it,c- t,he featmiire ma.t.ching ~)rocess. Exp(~riiirent~a.l result,s slioms t,lia.t, t!he proposed fuzzy  linear ina,ppiiig 
and fuzzy neura.1 iiet,worlts has t,wo acIvaiitSages. First,, higher recogiritioii ra.tes are a.chieved. Second, fast ’  
iimtchiiig process ca.n be espec,t,ed. ‘Thiw, t,liis race recogiiitioll syst,eiii can f‘iilfill the two requireinents, liigh 
recognit,ion ra.tes a.nd fast, mat,ching sp 
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Fig. 1: Il lust ,ration of Super Class Neuron (SCN). (a)  is det.ail archit ,ecture of SCIN, while (b) is aggregrat,ed SCN conceptually.  
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Fig. 2 :  Arc1iit.ect.ure of Fuzzy Neural Net,work. 
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