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1. I N T R O D U C T I O N 

Considerable progress has been m a d e in face recognit ion research over 

t he last decade, especially wi th t he development of powerful models of face 

appearance . [2] T h e mos t popu la r appearance-based m e t h o d is t he m e t h o d 

of eigenfaces t h a t uses Pr inc ipa l Componen t Analysis (P C A) to represent 

faces in a low-dimensional subspace spanned by the eigenvectors of t he 

correlat ion m a t r i x of t he d a t a corresponding to t he largest eigenvalues (i.e., 

direct ions of m a x i m u m variance). Ear ly face recognit ion a lgor i thms used 

simple geometr ic models . Over t he pas t t en to fifteen years, face recognit ion 

research a n d technology has been propel led into t he spot l ight . This newly 

discovered interest is pr imar i ly t he result of m a j o r advances wi th in t he area 

of compute r vision research and the d r a m a t i c success of video surveillance 

au toma t ion . This , coupled wi th sophis t ica ted pr int ing, denta l maps , a n d 

eye scans offers a cer ta in intr igue to face recognit ion. The re has also been 

an increased curiosity in th is a rea pr imari ly due to t h e huge impac t on 

verification and identif icat ion. One of these fasc inat ing m e t h o d s will be 

pa r t of an exper iment to compare against recently emerging face recognit ion 

techniques. 

The re has been a p le thora of papers wr i t t en on face recognit ion a n d 

various m e t h o d s associated wi th th is topic. Most of t he research favors 
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a fea ture-based a n d connectionist approach to recognit ion. This approach 

considers various fea tures of t he face a n d compares t h e m to t he same fea-

tu res on o ther faces. Some of these fea tures include t h e eyes, ears, nose, a n d 

m o u t h . In addi t ion, most of t he recognit ion approaches use t he posi t ion 

size and re la t ionship of these facial fea tures to pe r fo rm the comparisons. 

The re are th ree different p roposed approaches to face recognit ion research. 

T h e first m e t h o d deals wi th facial character is t ics which can be used in rec-

ognizing individual faces. T h e second m e t h o d incorpora tes fea tu re vectors 

ex t rac ted f r o m profile si lhouettes. T h e th i rd m e t h o d uses fea tu re vectors 

to ex t rac t f rom a f ronta l view of t he face. T h e most relevant informa-

t ion to bes t describe a face is derived f rom the ent ire face image.[5] This 

is based on the Karhunen-Loeve expansion (P C A) in p a t t e r n recognit ion. 

M. Ki rby and L. Sirovich have shown t h a t a par t i cu la r face could be eco-

nomically represented in t e rms of a best coordina te sys tem a n d crea ted t he 

t e r m eigenface.[5] These are t he e igenfunct ions of t he averaged covariance, 

or normal ized correlat ion, of t he ensemble of faces.[5] Later , M. Turk a n d 

A. Pen t l and proposed a face recognit ion m e t h o d based on t h e eigenfaces 

approach . Measur ing and analyzing facial fea tures is used to recognize a 

person 's face by compar ing facial s t ruc tu res to t h a t of a known person. 

Many approaches t h a t overcame face recognit ion challenges have been de-

vised over t he years, however, one of t he mos t accura te and fas tes t ways to 
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ident ify faces is t o use w h a t is called t he eigenface technique. T h e eigen-

face technique uses a highly effective combinat ion of l inear a lgebra a n d 

s ta t is t ical analysis (P C A) to genera te an ident i fying set of base faces, t he 

eigenfaces, against which the inpu ts are tes ted , compared a n d u l t imate ly 

ma tched . Al though using a sophis t ica ted s ta t is t ical model t o recognize a 

person by facial p a t t e r n s is i m p o r t a n t t o ident ify t h a t t he collected d a t a is 

clean a n d normalized, t he object ive is t o represent a face as a l inear com-

bina t ion of a set of base face images. M a t lab was used to create a l inear 

combinat ion model . This p a p e r will discuss t he implementa t ion of th is al-

gor i thm a n d a t t e m p t a cri t ique of whe the r or not it is a viable solution 

for a current real- t ime appl icat ion. T h e eigenface face recognit ion sys tem 

can be divided into four m a i n segments: (1) Crea t ion of t he eigenface basis 

(Init ial ization), (2) Pro jec t ion , (3) Detec t ion and (4) Recognit ion of a new 

face. T h e sys tem follows the following general process sequence (See Top 

of Page 4): 

2. P R E L I M I N A R Y M A T E R I A L 

2.1. L o c a t i o n of E x p e r i m e n t . This research exper iment took place at 

Cal ifornia S ta te Universi ty a t Channe l Islands (C S U C I), located in t he city 

of Camari l lo , CA, 53 miles Nor th of Los Angeles and 43 miles Sou th of 

San ta Ba rba ra , California. 
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FIGURE 1. A graphical represen ta t ion of t he eigenface face 

recognit ion sys tem process sequence. 

2.2. B a c k g r o u n d M a t h e m a t i c a l sk i l l s . F i rs t , it is essential t o have at 

least a basic background in t he m a t h e m a t i c a l skills required to u n d e r s t a n d 

the Process of Pr inc ipa l Componen t s Analysis which will be addressed later . 

It is less i m p o r t a n t t o r emember t he exact mechanics of a m a t h e m a t i c a l 

technique t h a n it is t o u n d e r s t a n d the reason why such a technique may be 

used a n d w h a t t he result of t h e opera t ion tells us a b o u t t he da t a . 
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Stat is t ics is centered a round the premise t h a t t he large set of da ta , a n d 

w h a t is t o be analyzed in t h a t set, is presented in t e rms of t he re la t ionships 

be tween the individual points in t h a t d a t a set. 

S t a n d a r d Devia t ion (most common measure) or Variance is a measure 

of how spread out t he d a t a is. 

Image 

F I G U R E 2 . T h e values 0 corresponds to black a n d 255 to white. 

It is i m p o r t a n t t o know t h a t Variance a n d S t a n d a r d Devia t ion only 

ope ra te in one dimension. M a n y d a t a sets have more t h a n one dimension, 

a n d the a im of t he s ta t is t ical analysis of these d a t a sets is usually to ident ify 

if the re is any re la t ionship be tween the dimensions. Therefore , it is useful 

t o have a measure of findings showing how much the dimensions vary f rom 

the m e a n wi th respect t o each other . N o t e : t he covariance is measured 

be tween mul t ip le dimensions. For example, looking a t a d a t a set (x,y,z), 
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y o u c o u l d m e a s u r e t h e c o v a r i a n c e b e t w e e n x a n d y , x a n d z , a s w e l l a s , y 

a n d z d i m e n s i o n s . F u r t h e r m o r e , i f y o u m e a s u r e t h e c o v a r i a n c e b e t w e e n x 

a n d x , y a n d y ; a n d , z a n d z d i m e n s i o n s , t h e r e s u l t s w o u l d b e t h e v a r i a n c e 

o f t h e x , y , a n d z d i m e n s i o n s . T h e f o r m u l a f o r v a r i a n c e i s v e r y s i m i l a r t o t h e f o r m u l a f o r c o v a r i a n c e ( S e e b e l o w ) : s superscript 2 

equals sigma superscript n directly over i equals 1 parenthesis capital X sub 

i minus capital X with horizontal bar parenthesis squared divided by parenthesis n minus 1 parenthesis, s superscript 2 

u s u a l s y m b o l f o r v a r i a n c e o f a s a m p l e var parenthesis capital x parenthesis equals sigma superscript n directly over i equals 1 

parenthesis capital X sub i minus capital X with horizontal bar parenthesis parenthesis capital X sub i 

minus capital X with horizontal bar parenthesis divided by parenthesis n minus 1 parenthesis, e x p a n d e d t h e s q u a r e 

t e r m t o s h o w b o t h p a r t s c o v parenthesis capital X , capital Y parenthesis equals sigma superscript n directly over i 

equals 1 parenthesis capital X sub i minus capital X with horizontal bar parenthesis parenthesis capital Y sub i minus capital Y 

with horizontal bar parenthesis divided by parenthesis n minus 1 parenthesis, n o t i c e t h e s e c o n d s e t o f b r a c k e t s , t h e X ' s 

a r e r e p l a c e d w i t h Y ' s ( w h e r e X a n d Y a r e r a n d o m v a r i a b l e s ) B a s i c a l l y , t h e s e f o r m u l a s s t a t e t h a t f o r e a c h d a t a i t e m , m u l t i p l y t h e 

difference b e t w e e n t h e v a l u e x a n d t h e m e a n o f x , b y t h e d i f f e r e n c e b e t w e e n 

t h e y v a l u e a n d t h e m e a n o f y . T h e n , a d d a l l t h e s e u p a n d d i v i d e b y parenthesis n minus 1 parenthesis. 

L e t u s n e x t e x a m i n e t w o d i m e n s i o n a l d a t a f r o m a c l a s s o f I n t e r m e d i a t e Algebra s t u d e n t s . S p e c i f i c a l l y , h o w m a n y h o u r s i n t o t a l 

t h e y s p e n t s t u d y i n g f o r a c h a p t e r t e s t a n d t h e g r a d e t h e y r e c e i v e d . I n o u r e x a m p l e , t h e first d i m e n s i o n i s H , t h e h o u r s s t u d i e d a n d 

t h e s e c o n d d i m e n s i o n i s G o r t h e g r a d e e a c h s t u d e n t r e c e i v e d . N o w l e t u s c a l c u l a t e t h e c o v a r i a n c e b e t w e e n t h e n u m b e r o f s t u d y 

h o u r s ( H ) a n d t h e g r a d e e a c h s t u d e n t r e c e i v e d ( G ) a s r e p r e s e n t e d i n t h e f o l l o w i n g t a b l e : 
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T a b l e A . C o v a r i a n c e T a b l e H o u r s versus G r a d e 

cov ( H , G) equals 

H o u r s G r a d e X minus X bar Y minus Y bar 

parenthesis x minus x bar parenthesis parenthesis y minus y bar parenthesis 

5 6 0 negative point 8 negative 1 4 1 1 point 2 

7 9 0 1 point 2 1 6 1 9 point 2 

2 4 0 negative 3 point 8 negative 3 4 1 2 9 point 2 0 

5 8 0 negative point 8 6 negative 4 point 8 

1 0 1 0 0 4 point 2 2 6 1 0 9 point 2 

2 9 3 7 0 2 6 4 

5 . 8 7 4 6 6 

E x a m i n i n g t h e r e s u l t s o f t h e a b o v e t a b l e , t h e v a l u e i s p o s i t i v e a s i n d i c a t e d 

b y b o t h d i m e n s i o n s i n c r e a s i n g t o g e t h e r a n d s h o w s t h a t t h e h o u r s i n c r e a s e 

w h i l e t h e g r a d e s i n c r e a s e a s w e l l . C o n v e r s e l y , i f t h e v a l u e i s n e g a t i v e , t h e n 

o n e d i m e n s i o n i n c r e a s e s w h i l e t h e o t h e r d e c r e a s e s . I n s h o r t , t h e h o u r s o f 

s t u d y i n c r e a s e s w h i l e t h e g r a d e d e c r e a s e s . N o t e : A z e r o i n d i c a t e d i n t h e 

t w o d i m e n s i o n e x a m p l e a r e i n d e p e n d e n t o f e a c h o t h e r . T h i s m e t h o d w i l l 

b e i l l u s t r a t e d l a t e r b e c a u s e o f t h e i n f o r m a t i o n a s s o c i a t e d w i t h o u r i m a g e s 

i s d i f f i c u l t t o v i s u a l i z e a t t h i s p o i n t . 

C o v a r i a n c e M a t r i x e n a b l e s u s t o i n t e r p r e t t h e c o v a r i a n c e o f m u l t i p l e 

d i m e n s i o n a l d a t a , N . T h e d e f i n i t i o n o f t h e c o v a r i a n c e m a t r i x f o r a s e t o f 

d a t a w i t h N d i m e n s i o n s i s a s f o l l o w s : 
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C superscript parenthesis n x n equals C o v parenthesis D i m sub i, D i m sub j parenthesis, w h e r e C 

superscript parenthesis n x n parenthesis i s a m a t r i x w i t h n r o w s a n d n c o l u m n s a n d D i m sub x i s 

t h e x t h d i m e n s i o n . I n s t a n d a r d E n g l i s h , a N - d i m e n s i o n a l d a t a s e t f o r m s a s q u a r e m a t r i x o f n r o w s a n d c o l u m n s . E a c h e n t r y i n t h e 

m a t r i x i s t h e r e s u l t o f c a l c u l a t i n g t h e c o v a r i a n c e ( s c a t t e r ) b e t w e e n t w o s e p a r a t e d i m e n s i o n s . 

C equals square brackets c o v parenthesis x , x parenthesis c o v parenthesis x , y parenthesis c o v parenthesis x , z parenthesis 

c o v parenthesis y , x parenthesis c o v parenthesis y , y parenthesis c o v parenthesis y , z parenthesis 

c o v parenthesis z , x parenthesis c o v parenthesis z , y parenthesis c o v parenthesis z , z parenthesis 

T h i s r e p r e s e n t s a c o v a r i a n c e m a t r i x f o r a n i m a g i n a r y t h r e e - d i m e n s i o n a l 

d a t a s e t , u s i n g t h e u s u a l d i m e n s i o n s x , y , a n d z . N o t i c e d o w n t h e m a i n 

d i a g o n a l , t h e c o v a r i a n c e v a l u e i s b e t w e e n o n e o f t h e d i m e n s i o n s a n d i t s e l f . 

A l s o , s i n c e c o v parenthesis x , y parenthesis equals c o v parenthesis y , x parenthesis, t h e m a t r i x i s s y m m e t r i c a l a b o u t t h e 

m a i n d i a g o n a l . T h e c o r r e l a t i o n m a t r i x o f N r a n d o m v a r i a b l e s , x i , dot dot dot, x sub n i s t h e n x n 

m a t r i x w i t h parenthesis i , j p a r e n t h e s i s - t h e n t r y e q u a l t o c o r r parenthesis x sub i,x sub j parenthesis. I f t h e m e a s u r e s 

o f correlation u s e d a r e p r o d u c t - m o m e n t c o e f f i c i e n t s , t h e n t h e c o r r e l a t i o n m a t r i x i s 

t h e s a m e a s t h e c o v a r i a n c e m a t r i x o f t h e s t a n d a r d i z e d r a n d o m v a r i a b l e s 

x sub i forward slash delta parenthesis x sub j parenthesis f o r i equals 1,dot dot d o t , n . T h i s a p p l i e s t o b o t h t h e m a t r i x 

o f p o p u l a t i o n c o r r e l a t i o n s ( i n w h i c h c a s e a i s t h e p o p u l a t i o n s t a n d a r d d e v i a t i o n ) , a n d t o 
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t h e m a t r i x o f s a m p l e c o r r e l a t i o n s ( i n w h i c h c a s e a d e n o t e s t h e s a m p l e s t a n -

d a r d d e v i a t i o n ) . C o n s e q u e n t l y , e a c h i s n e c e s s a r i l y a p o s i t i v e s e m i - d e f i n i t e 

m a t r i x . 

T h e c o r r e l a t i o n m a t r i x i s s y m m e t r i c b e c a u s e t h e c o r r e l a t i o n b e t w e e n x i 

a n d x sub j i s t h e s a m e a s t h e c o r r e l a t i o n b e t w e e n x sub j a n d x sub i . [14] 

D e f i n i t i o n . L e t A b e a s q u a r e m a t r i x . A n o n - z e r o v e c t o r C i s c a l l e d a n 

e i g e n v e c t o r o f A if a n d o n l y if t h e r e e x i s t s a n u m b e r ( r e a l o r c o m p l e x ) lambda 

s u c h t h a t 

A C equals lambda C 

I f s u c h a n u m b e r A e x i s t s , i t i s c a l l e d a n e i g e n v a l u e o f A . T h e v e c t o r C i s 

c a l l e d e i g e n v e c t o r a s s o c i a t e d t o t h e e i g e n v a l u e A. [13] 

A n E i g e n v e c t o r i s a n o n - n u l l v e c t o r w h o s e d i r e c t i o n i s u n c h a n g e d b y t h a t 

t r a n s f o r m a t i o n . [ 1 3 ] E i g e n v e c t o r s a r e a s p e c i a l c a s e o f m a t r i x m u l t i p l i c a t i o n . 

O b s e r v e t h a t b y m u l t i p l y i n g t w o m a t r i c e s c a n o n l y b e d o n e if t h e y a r e o f 

c o m p a t i b l e s i z e s . N o w , l e t ' s c o n s i d e r a n o n - e i g e n v e c t o r : 
square bracket 2 3 over 2 1 square bracket x square bracket 1 over 3 square bracket equals square bracket 11 over 5 

square bracket, n o t e t h e r e s u l t i n g v e c t o r i s n o t a m u l t i p l e o f t h e o r i g i n a l v e c t o r . 

I n t h e n e x t e x a m p l e , t h e r e s u l t i n g v e c t o r i s e x a c t l y 4 t i m e s t h e o r i g i n a l v e c t o r : 
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square bracket 2 3 over 2 1 x square bracket 6 over 4 equals square bracket 24 over 16 equals 4 x square bracket 6 over 4 square bracket 

I n p a r t i c u l a r , b e c a u s e t h e v e c t o r square bracket 6 over 4 square bracket i s a v e c t o r i n t w o - d i m e n s i o n a l 

s p a c e a n d r e p r e s e n t s a n a r r o w p o i n t i n g f r o m t h e o r i g i n ( 0 , 0 ) t o t h e p o i n t ( 6 , 4 ) . T h e o t h e r m a t r i x , 2 x 2 , i s a t r a n s f o r m a t i o n m a t r i x . 

W e k n o w t h a t b y m u l t i p l y i n g o n t h e l e f t o f a v e c t o r , 2 times 1 , t h e r e s u l t i n g m a t r i x i s a v e c t o r t h a t 

i s t r a n s f o r m e d f r o m i t s o r i g i n a l p o s i t i o n . E i g e n v e c t o r s a r e d e r i v e d f r o m t h i s 

t r a n s f o r m a t i o n a p p r o a c h . B a s i c a l l y , i f t h e r e w a s a v e c t o r o n t h e l i n e r e p r e -

s e n t e d b y y equals x, i t s r e a c t i o n w o u l d b e i t s e l f . T h i s v e c t o r a n d a l l m u l t i p l e s 

o f i t ( l e n g t h d o e s n o t m a t t e r ) w o u l d b e a n e i g e n v e c t o r o f t h a t t r a n s f o r m a -

t i o n m a t r i x . M o r e o v e r , e i g e n v e c t o r s c a n o n l y b e f o u n d f o r s q u a r e m a t r i c e s . 

H o w e v e r , n o t e v e r y s q u a r e m a t r i x h a s e i g e n v e c t o r s . A n o t h e r p r o p e r t y o f 

e i g e n v e c t o r s i s t h a t g i v e n a n N x N m a t r i x t h a t h a s e i g e n v e c t o r s , t h e r e a r e 

N o f t h e m . F o r e x a m p l e , w i t h a 4 x 4 m a t r i x , t h e r e a r e 4 e i g e n v e c t o r s . 

A l s o , a n e i g e n v e c t o r p r o p e r t y c a n b e s e e n w h e n y o u s c a l e a v e c t o r b y s o m e 

a m o u n t ( m a k i n g i t l o n g e r ) b u t d o n o t c h a n g e i t s d i r e c t i o n . L a s t l y , a l l t h e 

e i g e n v e c t o r s o f a s y m m e t r i c m a t r i x a r e p e r p e n d i c u l a r . I n o t h e r w o r d s , i t i s 

o r t h o g o n a l n o m a t t e r h o w m a n y d i m e n s i o n s y o u h a v e . B a s i c a l l y , t h e d a t a 

w i l l b e e x p r e s s e d i n t e r m s o f p e r p e n d i c u l a r e i g e n v e c t o r s ( i n s t e a d o f x a n d 
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y a x e s ) . B e c a u s e t h e l e n g t h o f a v e c t o r d o e s n o t a f f e c t w h e t h e r i t i s a n 

e i g e n v e c t o r o r n o t ( w h e r e a s t h e d i r e c t i o n d o e s ) , w e a r e g o i n g t o s c a l e t h e 

e i g e n v e c t o r t o m a k e i t h a v e a l e n g t h o f 1. B e c a u s e o f t h i s , a l l e i g e n v e c t o r s 

w i l l h a v e t h e s a m e l e n g t h . F o r s m a l l m a t r i c e s ( n o b i g g e r t h a n 3 by 3 ) , t h e 

a b o v e p r o c e s s i s f a i r l y e a s y . F o r l a r g e m a t r i c e s , b e c a u s e o f i t s c o m p l e x i t y , 

t h i s p r o c e s s w i l l b e d o n e w i t h i n a M a t L a b p r o g r a m . 

A n e i g e n v e c t o r ' s e i g e n v a l u e i s t h e s c a l e f a c t o r t h a t h a s b e e n m u l t i -

p l i e d a s i n t h e p r e v i o u s e x a m p l e . I n t h e e x a m p l e , t h e v a l u e w a s 4 

w h i c h i s t h e e i g e n v a l u e a s s o c i a t e d w i t h t h a t e i g e n v e c t o r . I n s i m p l e 

t e r m s , n o m a t t e r w h a t m u l t i p l e o f t h e e i g e n v e c t o r w e t o o k b e f o r e 

w e m u l t i p l i e d i t b y t h e s q u a r e m a t r i x , w e w o u l d a l w a y s g e t 4 t i m e s 

t h e s c a l e d v e c t o r a s t h e r e s u l t . 

2 . 3 . B a c k g r o u n d a n d D e t a i l D e s c r i p t i o n o f E x p e r i m e n t . T h i s a p -

p r o a c h u s e s a g e n e r a l , t w o - d i m e n s i o n a l p a t t e r n o f t h e f a c e f o r r e c o g n i t i o n . 

T h e r e s e a r c h o f T u r k a n d P e n t l a n d [1] s u g g e s t s t h a t a n a l g o r i t h m t r e a t s 

t h e f a c e r e c o g n i t i o n p r o b l e m a s a t w o - d i m e n s i o n a l p r o b l e m , w h i c h a s s u m e s 

t h a t m o s t f a c e s a r e s e e n u n d e r s i m i l a r c o n d i t i o n s . I n t h i s a p p r o a c h , i m a g e s 

o f k n o w n f a c e s a r e c o m p a r e d t o t h o s e o f u n k n o w n f a c e s a n d w h e t h e r t h e 

f a c e m a t c h e s o n e o f t h e k n o w n f a c e s , i s a n e w f a c e o r n o t a f a c e a t a l l . T o 

c o n d u c t a n a l y s i s a n d c o m p a r i s o n t e s t s w e u s e d t h e A T and T d a t a b a s e w h i c h 
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consists of a to t a l of 400 faces. This par t icu la r face d a t a b a s e consists of 10 

sample images f rom each of te 40 subjec ts . T h e 20 images wi th in t he tes t 

set will be a l t e rna ted a f te r 10 recognit ion trai ls t o establ ish how robus t our 

p rog ram is. R a t h e r t h a n store all t he image in format ion of t he ent ire set 

of known faces, only t he eigenfaces will be stored. These are t he eigenvec-

tors of t he set of faces. T h e eigenfaces slash eigenvectors combined make u p a 

face space a n d each new face f rom the tes t set is p ro jec ted onto this faces-

pace. T h e eigenface technique is a powerful solution to t he face recognit ion 

d i lemma. It is t he most intui t ive way to classify a face. T h e eigenface 

technique uses more in format ion by classifying faces based on general facial 

pa t t e rns . These p a t t e r n s include, b u t are not l imited to, t he special fea tures 

of t he face. By using more informat ion , eigenface analysis is na tu ra l ly more 

effective t h a n fea ture-based face recognit ion. Eigenfaces are fundamen ta l ly 

no th ing more t h a n basis vectors for real faces. As will be seen later , it is 

i m p o r t a n t t o discuss tes ts which will a t t e m p t to see whe the r th is a lgor i thm 

breaks down. Moreover, face recognit ion reliability is compl ica ted as a re-

sult of varying degrees of obscured known faces, i l luminat ion, t r ans la t ion 

of images and resolut ion changes. All these fac tors and condit ions will be 

tes ted . T h e below tab le summar ies can be used as a quick reference for t he 

t e rms and symbols be ing used in t h e calculat ions f rom this point : 
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T A B L E 1 . A l l S y m b o l s a n d i t s a s s o c i a t e d m e a n i n g s [12] 

S y m b o l M e a n i n g 

S T h e n u m b e r of s a m p l e i m a g e s i n o u r f a c e d a t a b a s e . 

e T h e n u m b e r of e i g e n f a c e s t o b e g e n e r a t e d . e less than equal to S . T w e a k i n g t h i s 

n u m b e r a n g e n e r a t e d d i f f e r e n c e s i n p e r f o r m a n c e 

I sub 1 tilde dot dot dot 
I tilde sub s 

T h e s a m p l e i m a g e s a s c o l u m n v e c t o r s . T h e s i z e of e a c h v e c t o r is 

parenthesis x asterisk y parenthesis t i m e s 1, , x p i x e l s w i d t h , y p i x e l s l e n g t h 

A T h e a v e r a g e i m a g e f o u n d f r o m e a c h s a m p l e i m a g e . ( S a m e s i z e a s t h e 

s a m p l e i m a g e s ) . 
D sub 1 tilde dot dot dot D tilde sub s 

T h e d i f f e r e n c e v e c t o r s b e t w e e n e a c h s a m p l e i m a g e a n d t h e a v e r a g e 

i m a g e . ( C o l u m n v e c t o r s , s a m e s i ze ) 

V T h e m a t r i x of alpha v e c t o r s 
lamda sub 1 dot dot 

dot lambda sub e 
T h e s e a r e t h e e i g e n v a l u e s of t h e V superscript capital T V a n d V V superscript capital T. T h e v a l u e of 

e d e p e n d s o n t h e n u m b e r of e i g e n f a c e s d e s i r e d parenthesis 4 parenthesis 
capital X sub 1 dot dot dot capital X sub e 

T h e s e a r e t h e e i g e n v e c t o r s t h a t c o r r e s p o n d t o t h e e i g e n v a l u e s . ( e x l ) 

m sub 1 dot dot dot 
m sub e 

T h e e i g e n f a c e s slash v e c t o r s t h a t a r e g e n e r a t e d f r o m t h e s a m p l e i m a g e s . 

T h e e i g e n v e c t o r s of V V superscript capital T m a t r i x . A n d e a c h c o r r e s p o n d s t o t h e e i g e n -

v a l u e s . ..zero sub 1 tilde dot dot dot zero tilde sub e ( C o l u m n v e c t o r s , s a m e s i ze ) 

M equals square bracket m sub 1 . . . . m sub 
e square bracket 

T h e m a t r i x of e i g e n f a c e s . W h e n p r o j e c t i n g a n d r e c o v e r i n g i m a g e s t o 

a n d f r o m t h e f a c e s p a c e , t h e c a l c u l a t i o n s a r e e a s i e r . 

M tilde equals curly brace 
m tilde sub 1 dot dot dot 

m tilde sub e curly brace 
T h e w e i g h t e d v e c t o r s a f t e r t h e p r o j e c t i o n i n t o f a c e s p a c e . E a c h m tilde sub e is 

a p o s i t i v e o r n e g a t i v e s c a l a r s u c h t h a t e a c h is m u l t i p l i e d b y i t s c o r -

r e s p o n d i n g e i g e n f a c e a n d a l l a r e a d d e d t o g e t h e r w h i c h p r o d u c e s t h e o r i g i n a l i m a g e . 
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3. M E T H O D O L O G Y 

3.1. D a t a a n d M e t h o d o l o g y I m a g e s . Fi rs t , we needed to collect a set 

of face images a n d therefore ob ta ined 400 face images f rom the A T and T 

da tabase . These face images become our da t abase of known faces. We will 

la ter de te rmine whe ther or not an unknown face ma tches any of these known 

faces. All face images mus t be t he same size in pixels and , for our purposes , 

they mus t be gray-scale, wi th values ranging f rom 0 to 255. Each face image 

is converted into a vector I sub 1, sub S of length P, P equals i m a g e w i d t h asterisk i m a g e he ight . 

T h e most useful face sets have mul t ip le images per person. This sharply 

increases accuracy, due to t he increased in format ion available on each known 

individual . We will call our collection of faces t he t ra in ing set (faces). 

P C A will be used to cons t ruc t a low-dimensional l inear subspace t h a t 

best explains t he var ia t ion in t he set of face images. All images are gray-

scaled faces and if not , M a t L a b converts t h e m to gray scale for our analysis. 

They are in P G M file fo rma t , which we used M a t Lab to read t h e files in 

a n d do the conversion. 

Table 2. Picture to Matrix conversion [15] 

Image 1 Pixel 1 Image 2 Pixel 1 Image 3 Pixel 1 Image S Pixel 1 

Image 1 Pixel 2 Image S Pixel 2 

Image 1 Pixel 3 Image S Pixel 3 

Image 1 Pixel P Image S Pixel P 
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Note: For example , if each image is an 256 by 256 pixels; t hen P is 65536. 

Here we are working wi th two dimensions because t h e m a t r i x can become 

too large a n d complex very quickly. Each sample image will be referred to as 

I tilde sub n, where n indicates t h a t we are dealing wi th nth sample image (1 less than 

equal to n less than equal to S) . 

Each image in t he sample set will be represented as a l inear combinat ion of 

t he eigenfaces. T h e n u m b e r of possible eigenfaces is equal t o t he n u m b e r 

of face images in t he sample set. T h e m e t h o d used will make it possible 

to approx ima te t he faces using only t he best eigenfaces or basically, t he 

eigenfaces t h a t account for t he most var iat ion. 

3.2. C a l c u l a t e t h e A v e r a g e F a c e . Before finding the eigenfaces, we need 

to calculate t he average face, A, as follows: 

A equals 1 divided by S sigma superscript S t equals 1 I tilde sub t 

H e r e S i s t h e n u m b e r o f f a c e s i n o u r f a c e d a t a b a s e . T h i s i s d o n e b y 

m e r g i n g a l l t h e c o l u m n s i n t o a s i n g l e c o l u m n a n d t h u s , a d d i n g a l l i m a g e s 

c o l u m n s p i x e l - b y - p i x e l o r r o w - b y - r o w a n d t h e n d i v i d e b y S t o t a l i m a g e s . T h e b e l o w m a t r i x c o n t a i n s t h e m e a n p i x e l s : 



16 

Table 3. The mean pixels per column [15] 

Mean Image Pixel 1 

Mean Image Pixel 2 

Mean Image Pixel 3 

Mean Image Pixel P 

F I G U R E 3 . An image of an average face from the A T and T face database. 

3.3. G e n e r a t e t h e Di f fe rence Faces. The next step is to calculate the 

difference faces by subtracting the average, in other words, the mean face 

from each sample image. 

D tilde sub n equals I sub n tilde minus A, 1 less than equal to n less than equal to S 

Where D sub n represents the nth with the mean subtracted from it and I tilde sub n the 

eigenvectors. Moreover, this produces a data set whose mean is zero. Later 
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i n t h e p r o c e s s , w e u s e t h e s e d i f f e r e n c e s t o c o m p u t e a c o v a r i a n c e m a t r i x V 

f o r o u r d a t a s e t . R e c a l l f r o m a b o v e , t h e c o v a r i a n c e b e t w e e n t w o s e t s o f 

d a t a r e v e a l s h o w m u c h t h e s e t s c o r r e l a t e . I n o t h e r w o r d s , t h e i n t e n s i t y 

r e l a t i o n s h i p s b e t w e e n t h e t w o s e t s c a n b e a n a l y z e d u s i n g t h e c o v a r i a n c e . 

3 . 4 . C a l c u l a t e t h e E i g e n f a c e s . T h e e i g e n f a c e s t h a t w e a r e l o o k i n g f o r 

a r e s i m p l y t h e e i g e n v e c t o r s o f V . H o w e v e r , s i n c e V is o f d i m e n s i o n P 

( t h e n u m b e r o f p i x e l s i n o u r i m a g e s ) , s o l v i n g f o r t h e e i g e n f a c e s , g e t s v e r y 

c o m p l i c a t e d v e r y q u i c k l y . I n f a c t , e i g e n f a c e f a c e r e c o g n i t i o n w o u l d n o t b e 

p o s s i b l e if w e h a d t o d o t h i s . T h i s i s w h e r e t h e f a s c i n a t i o n b e h i n d t h e 

e i g e n f a c e s y s t e m h a p p e n s . B a s e d o n t h e s t a t i s t i c a l t e c h n i q u e d i s c u s s e d 

a b o v e , k n o w n a s P r i n c i p a l C o m p o n e n t A n a l y s i s ( P C A ) , w e c a n r e d u c e t h e 

n u m b e r o f e i g e n v e c t o r s f o r o u r c o v a r i a n c e m a t r i x f r o m P ( t h e n u m b e r o f 

p i x e l s i n o u r i m a g e ) t o S ( t h e n u m b e r o f i m a g e s i n o u r d a t a s e t ) . T h i s i s 

e x t r e m e l y i m p o r t a n t . W e c a n s o l v e f o r t h e s e e i g e n v e c t o r s b y t a k i n g t h e 

e i g e n v e c t o r s o f a n e w S by S m a t r i x . B e c a u s e o f t h e f o l l o w i n g l i n e a r a l g e b r a , 

b y u s i n g t h e e x a c t p r o c e d u r e a b o v e , w e c a n c a l c u l a t e t h e c o v a r i a n c e b e t w e e n 

t w o d a t a s e t s . T h e r e f o r e , t h e c o v a r i a n c e m a t r i x C i s d e f i n e d b y V V superscript capital T, w h e r e V equals square 

bracket D tilde sub 1, D tilde sub 2, D tilde sub 3, D tilde sub S square bracket, t h a t i s t h e c o l u m n s o f t h e V m a t r i x a r e f o r m e d b y t h e d i f f e r e n t f a c e s D tilde 

sub n. a n d f r o m l i n e a r a l g e b r a , C equals V V superscript capital T. T h e d i m e n s i o n s o f V a r e parenthesis parenthesis x , y 

parenthesis times S parenthesis, w h e r e x a n d y a r e t h e s i z e o f t h e s a m p l e 
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i m a g e s a n d S i s t h e n u m b e r o f s a m p l e i m a g e s . A l s o , t h e d i m e n s i o n s o f V superscript capital T 

a r e S x parenthesis x , y parenthesis, a n d a g a i n , w h e r e x a n d y a r e t h e s i z e o f t h e s a m p l e i m a g e s 

a n d S i s t h e n u m b e r o f s a m p l e i m a g e s . S h o w n b e l o w , t h e e i g e n v e c t o r s c a n 

b e f o u n d b y c o n s i d e r i n g t h e l i n e a r c o m b i n a t i o n s o f t h e e i g e n v e c t o r s o f V parenthesis parenthesis x,y parenthesis x S 

parenthesis V superscript capital T parenthesis S x parenthesis x, y parenthesis parenthesis equals V 

supercript T parenthesis S x parenthesis x,y parenthesis parenthesis V parenthesi parenthesis x,y parenthesis x 

S parenthesis, r e c a l l i n g l i n e a r a l g e b r a t h e r i g h t - s i d e d i m e n s i o n s a r e parenthesis S by S parenthesis, t h e d i m e n s i o n s o f 

t h e n e w m a t r i x . T o find t h e e i g e n v e c t o r s o f t h e n e w m a t r i x , m sub e, t h e s e v e c t o r s a r e t h e e i g e n f a c e s g e n e r a t e d f r o m t h e 

s a m p l e i m a g e s , S . W e w i l l d e f i n e t h e m a s f o l l o w s : m sub e equals sigma superscript S t equals 1 D sub t X tilde 

sub t sub e divided by square root lambda sub e W h e r e m sub e i s a n e i g e n v e c t o r o f V V superscript T, 

t h e n e w m a t r i x , M equals square bracket m sub 1,m sub 2, dot dot m sub e square bracket. 

A s p r e v i o u s l y s t a t e d , w e h a v e s u m m e d u p a l l t h e d i f f e r e n t f a c e s , m u l t i p l y i n g e a c h b y t h e first v a l u e o f t h e e 

sub t sub h e i g e n v e c t o r o f t h e V superscript capital T V ( w h i c h i s X sub t sub h). T h e 

n u m e r a t o r is t hen divided by the square root of t he e sub t sub h eigenvalue, which 

corresponds to t he V superscript T V ma t r ix . By using principle component analysis 

(later, P C A which will be discussed in detail) on t h e set of large vectors, 

t he result is a set of M o r thonormal vectors a n d their associated eigenvalues 

lamda sub n, which best describes t he spread of t he d a t a in t he P -d imens iona l space. 

Note: Only M hyphen e eigenfaces are actual ly needed to p roduce a complete basis 

for t he face space (sample) , where e is t he n u m b e r of unique individuals in 
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F I G U R E 4 . T h e t o p 6 4 e i g e n f a c e s o f t h e A T and T f a c e d a t a b a s e . 

t h e s e t o f k n o w n f a c e s . U l t i m a t e l y , w e c a n g e t a n a c c e p t a b l e r e c o n s t r u c t i o n 

o f t h e i m a g e u s i n g o n l y a f e w e i g e n f a c e s ( M apostrophe), w h e r e M apostrophe u s u a l l y r a n g e s 

a n y w h e r e f r o m point 1 M t o point 2 M . T h e s e c o r r e s p o n d t o t h e v e c t o r s w i t h t h e 

h i g h e s t e i g e n v a l u e s a n d r e p r e s e n t t h e m o s t v a r i a n c e w i t h i n f a c e s p a c e . A l s o , 

t h e s e e i g e n f a c e s p r o v i d e a s m a l l y e t p o w e r f u l b a s i s f o r f a c e s p a c e . 

N o t e t h a t t h e first e i g e n v e c t o r a c c o u n t s f o r 5 0 percent o f t h e v a r i a n c e i n t h e 

d a t a s e t , w h i l e t h e first 2 0 e i g e n v e c t o r s t o g e t h e r a c c o u n t f o r j u s t o v e r 8 5 percent. 

A l s o , t h e first 3 0 e i g e n v e c t o r s a c c o u n t f o r 9 0 percent.. D u r i n g i n v e s t i g a t i o n , i n -

c r e a s i n g t h e n u m b e r o f e i g e n v e c t o r s g e n e r a l l y i n c r e a s e s r e c o g n i t i o n a c c u r a c y 
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b u t a l s o i n c r e a s e s c o m p u t a t i o n a l c o s t s . H o w e v e r , u s i n g t o o m a n y p r i n c i -

p a l c o m p o n e n t s d o e s n o t n e c e s s a r i l y a l w a y s l e a d t o h i g h e r a c c u r a c y s i n c e 

w e e v e n t u a l l y r e a c h a p o i n t o f d i m i n i s h i n g r e t u r n s . T h e i d e a l n u m b e r o f 

e i g e n v e c t o r s t o r e t a i n w i l l d e p e n d o n t h e a p p l i c a t i o n a n d t h e d a t a s e t b u t 

i n g e n e r a l , a s i z e t h a t c a p t u r e s a r o u n d 9 0 percent. o f t h e v a r i a n c e is u s u a l l y a r e a -

s o n a b l e t r a d e - o f f . N o w t h a t t h e b a s i s v e c t o r s f o r t h e f a c e s p a c e h a v e b e e n 

c o n s t r u c t e d , p r o j e c t i n g t h e f a c e s i n t o f a c e s p a c e i s n e x t . 

3 point 5 . P r o j e c t t r a i n i n g d a t a i n t o f a c e - s p a c e . T o p r o j e c t e a c h t r a i n i n g 

i m a g e I tilde o n t o s u b s p a c e s p a n n e d b y p r i n c i p a l c o m p o n e n t s i s r e p r e s e n t e d a s 

f o l l o w s : m tilde sub 1,m tilde sub 2, m tilde sub 3 dot dot dot m tilde sub e equals m superscript 

capital T sub e parenthesis I tilde sub S minus A parenthesis. B a s i c a l l y , t h i s m e a n s t h e v e c t o r o f w e i g h t s i s 

f o u n d b y m u l t i p l y i n g t h e t r a n s p o s e o f M , w h e r e M superscript capital T i s c a l c u l a t e d b y l e t t i n g e a c h e i g e n f a c e 

f o r m a c o l u m n o f t h e m a t r i x . T h i s i s a c c o m p l i s h e d b y a v e c t o r t h a t i s f o u n d b y s u b t r a c t i n g t h e a v e r a g e f a c e i m a g e A , a 

c o l u m n v e c t o r , f r o m a s a m p l e o r t e s t i m a g e , I tilde sub S , w h i c h i s a c o l u m n v e c t o r a s w e l l . U s i n g o n l y a w e i g h t e d s u m 

o f t h e s e e i g e n f a c e s , i t i s p o s s i b l e t o r e c o n s t r u c t e a c h f a c e i n t h e d a t a s e t . I n s u m m a r y , a n y h u m a n f a c e c a n b e c o n s i d e r e d t o b e 

a c o m b i n a t i o n o f t h e s e s t a n d a r d f a c e s o r t h e s t a n d a r d i z e d f a c e i n g r e d i e n t s . A s a b o v e , o n e ' s f a c e m a y b e c o m p o s e d o f t h e 

a v e r a g e f a c e p l u s 1 0 percent f r o m e i g e n f a c e , 1, 5 5 percent 
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f r o m e i g e n f a c e , 2 , a n d e v e n negative 3 percent f r o m e i g e n f a c e 3 . R e m a r k a b l y , i t d o e s n o t 

t a k e m a n y c o m b i n e d e i g e n f a c e s t o a c h i e v e a f a i r a p p r o x i m a t i o n o f m o s t 

f a c e s . B e c a u s e t h e b a s i s f a c e s w h e r e f o u n d t h r o u g h P C A , i t i s p o s s i b l e t o 

r e c o n s t r u c t a n o r i g i n a l f a c e i m a g e f r o m t h e k n o w n e i g e n f a c e s w e i g h t s ( s e e 

figure) o n t h e f a c e s p a c e ( s e e b e l o w ) . 

F I G U R E 5 . T h e r e c o n s t r u c t i o n o f a n o r i g i n a l f a c e . 

L e t I tilde apostrophe b e t h e r e c o v e r e d f a c e : 

I tilde apostrophe equals sigma superscript e n equals 1 m sub n m tilde parenthesis plus A 

B a s i c a l l y t h i s i l l u s t r a t e s a d d i n g t h e w e i g h t e d e i g e n f a c e s m sub n t o g e t h e r a n d 

t h e n r e i n t r o d u c i n g t h e a v e r a g e f a c e v e c t o r . N o t e I tilde apostrophe i s s t i l l i n c o l u m n v e c t o r 

f o r m a f t e r t h i s r e c o n s t r u c t i o n a n d t h e r e f o r e m u s t b e c o n v e r t e d t o a n o r -

m a l i m a g e . N o w t o i d e n t i f y a n e w i m a g e , t h e p r o c e s s b e c o m e s a p a t t e r n 

r e c o g n i t i o n t a s k . T h e n e w i m a g e i s n o t o n e o f t h e 4 0 0 i m a g e s i n t h e s a m p l e 

s p a c e . H e r e w e w i l l m e a s u r e t h e d i f f e r e n c e s b e t w e e n t h e n e w i m a g e s a n d 

t h e o r i g i n a l i m a g e s . T h i s w i l l b e d o n e b y u s i n g t h e n e w a x e s d e r i v e d f r o m 

t h e P C A a n a l y s i s ( e i g e n f a c e s ) . H e r e t h e P C A a n a l y s i s g i v e s u s t h e o r i g i n a l 

i m a g e s i n t e r m s o f t h e d i f f e r e n c e s a n d s i m i l a r i t i e s b e t w e e n t h e n . 
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Pr incipal Componen t s Analysis (P C A) is a way of ident i fying p a t t e r n s 

in d a t a as well as dis t inguishing cer ta in character is t ics of t he d a t a (i. e. 

similarities a n d differences). T h e Pr incipal Componen t can be though t of 

as t he set of fea tures which toge ther character ize t he variat ions of intensi ty 

in respect t o sample poin ts of different face images. Each image locat ion 

contr ibutes more or less to each pr incipal component , so t h a t t he la t t e r 

can be displayed as w h a t may be referred to as a ghost ly face called an 

eigenface. Some of t he assumpt ions a n d l imi ta t ions of P C A are as follows: 

Limi ted to re-expressing the d a t a as a l inear combina t ion of its basis 

vectors. 

Simple a n d non-paramet r i c , mean ing it is very generic a n d does not 

depend on the inpu t . 

Pr inc ipa l components are or thogonal . 

Mean a n d variances are sufficient. 

In general , P C A is used to describe a large dimensional space wi th 

a relatively small set of vectors. To res ta te in ano ther way, t he d a t a 

can be compressed by reducing t h e n u m b e r of dimensions wi thou t 

much loss of informat ion . P C A is a popula r technique for finding 

pa t t e rn s in d a t a of high dimension, as well as expressing the d a t a 

in such a way as to highlight thei r similarities and differences. It is 
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commonly used in face and t u m o r recognit ion, image compression, 

as well as a range of o the r appl icat ions. P C A is applicable to face 

recognit ion because face images are usually very similar t o each 

o ther (relative to images of non-faces) and clearly share t he same 

general p a t t e r n a n d s t ruc tu re . P C A tells us t h a t since we have only 

M images, we have only M non-tr ivial eigenvectors. 

Basically, P C A analysis has identified t h e s ta t is t ica l p a t t e r n s in t he 

da t a . T h e eigenfaces spans a S apostrophe d imensional subspace of t he original 

S superscript 2 image space. T h e S apostrophe significant eigenvectors of t he M m a t r i x 

are chosen as those wi th t he largest associated eigenvalues. 

F I G U R E 6. Face space conta in ing face images a n d its f ea tu re vector 

A face image can be approximate ly recons t ruc ted on the face space by using 

its f ea tu re vector a n d the eigenfaces. T h e face image under considerat ion 
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i s r e b u i l t b y a d d i n g e a c h e i g e n f a c e w i t h a c o n t r i b u t i o n o f M sub i t o t h e a v e r a g e 

o f t h e s a m p l e s e t i m a g e s . T h e d e g r e e o f t h e fit o r t h e r e b u i l d e r r o r r a t i o 

c a n b e e x p r e s s e d b y m e a n s o f t h e E u c l i d e a n d i s t a n c e b e t w e e n t h e o r i g i n a l 

a n d t h e r e c o n s t r u c t e d f a c e i m a g e : vertical bar vertical bar slashed v apostrophe minus slashed v divided by slash v vertical 

bar vertical bar , r e b u i l d e r r o r r a t i o 

T h e r e b u i l d e r r o r r a t i o i n c r e a s e s a s t h e t r a i n i n g s e t m e m b e r s d i f f e r d r a -

m a t i c a l l y f r o m e a c h o t h e r . N e x t , t h e m e m b e r s d i f f e r f r o m e a c h o t h e r w h e r e 

t h e a v e r a g e f a c e i m a g e b e c o m e s m o r e d i l u t e d a n d t h u s i n c r e a s e s t h e r e b u i l d e r r o r r a t i o . 

3 point 6 . E v a l u a t e a p r o j e c t t e s t e l e m e n t . L e t s t a k e a n e w i m a g e f r o m o u r t r a i n i n g s e t a n d t r a n s f o r m i t i n t o e i g e n f a c e 

c o m p o n e n t s ( p r o j e c t e d o n t o f a c e s p a c e s ) b y t h e a b o v e p r o c e s s m tilde sub 1 dot dot dot m sub e f o r e equals 1 . . . capital S 

apostrophe. T h e w e i g h t s f o r m t h e b e l o w v e c t o r : slashed v superscript capital T equals square bracket m tilde sub 1 tilde m 

tilde sub 2 dot dot dot m tilde sub capital S apostrophe square bracket. T h i s i s t h e c o n t r i b u t i o n o f e a c h e i g e n f a c e i n 

r e p r e s e n t i n g t h e n e w f a c e i m a g e a n d t r e a t i n g t h e e i g e n f a c e s a s a b a s i s s e t f o r t h e f a c e i m a g e s . T h i s v e c t o r i s t h e n u s e d i n 

t h e s t a n d a r d p a t t e r n r e c o g n i t i o n a l g o r i t h m t o find w h i c h o f a n u m b e r o f p r e d e t e r m i n e d f a c e s , i f a n y , b e s t d e s c r i b e s t h e f a c e . 

T h e a l g o r i t h m p r o p o s e d b y T u r k a n d P e n t l a n d [1] m a k e s a d i s t i n c t i o n between a f a c e c l a s s a n d a f a c e i m a g e . A f a c e c l a s s 

c o n s i s t s o f t h e c o l l e c t i o n o f 
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f a c e i m a g e s b e l o n g i n g t o a n i n d i v i d u a l . B e c a u s e a f a c e c l a s s c o n t a i n s m o r e 

t h a n o n e i m a g e slashed v sub e m o s t r e l i a b l e r e c o g n i t i o n c a n b e c a l c u l a t e d b y a v e r a g i n g 

t h e r e s u l t s o f t h e e i g e n f a c e r e p r e s e n t a t i o n o v e r a s m a l l n u m b e r o f f a c e i m -

a g e s ( a s f e w a s o n e ) f o r e a c h i n d i v i d u a l . B a s i c a l l y , t h i s i s c a l c u l a t e d a s t h e 

a v e r a g e o f t h e w e i g h t s o b t a i n e d w h e n p r o j e c t i n g e a c h i m a g e o f a c l a s s slashed v sub e. 

C l a s s i f i c a t i o n i s p e r f o r m e d b y c o m p a r i n g t h e v e c t o r s o f S , s a m p l e s e t , w i t h 

slashed v superscript capital T, t h e n e w f a c e i m a g e . T h i s c o m p a r i s o n i s b a s e d o n t h e E u c l i d e a n d i s -

t a n c e b e t w e e n t h e t w o m e m b e r s / i m a g e s t o b e s m a l l e r t h a n t h e u s e r - d e f i n e d 

t h r e s h o l d epsilon sub e. 
vertical bar vertical bar slashed v minus slash v sub e vertical bar vertical bar divided by vertical bar vertical bar slashed v sub e 

vertical bar vertical bar less than equal to epsilon sub e 

If t h e c o m p a r i s o n f a l l s w i t h i n t h e u s e r d e f i n e d t h r e s h o l d , t h e n t h e n e w f a c e is c l a s s i f i e d a s k n o w n . If n o t w i t h i n t h e 

t h r e s h o l d , i t i s c l a s s i f i e d a s u n k n o w n a n d c a n b e a d d e d t o f a c e l i b r a r y w i t h i t s c o r r e s p o n d i n g v e c t o r 

f o r l a t e r u s e . T h i s p r o c e s s m a k e s t h e f a c e r e c o g n i t i o n p r o c e s s a l e a r n i n g s y s t e m c a p a b l e o f r e c o g n i z i n g n e w f a c e i m a g e s . 

4 . C O M P A R I S O N 

4 . 1 . E i g e n f a c e s t o R a n d o m p r o j e c t i o n . P C A h a s b e e n v e r y p o p u l a r w i t h f a c e r e c o g n i t i o n , e s p e c i a l l y w i t h t h e d e v e l o p m e n t 

o f t h e m e t h o d o f e i g e n f a c e s . I n t h i s s e c t i o n , w e e v a l u a t e t h e P C A e i g e n f a c e f o r f a c e recognition b y c o n d u c t i n g 

a n u m b e r o f e x p e r i m e n t s u s i n g d i f f e r e n t s c e n a r i o s a n d 
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several d a t a sets. As s t a t ed above we considered the A T and T popu la r face 

d a t a b a s e in this s tudy. In each exper iment we divided the da t abase unde r 

exper imenta t ion into two subsets : t ra in ing, tes t , a n d a test image f r o m the 

tes t set. T h e t ra in ing set provided a compar i son /base set. We pe r fo rmed a 

n u m b e r of exper iments using two different procedures for evaluat ing recog-

ni t ion (1) neares t m a t c h a n d (2) most efficient m e t h o d . 

Randomly selecting a tes t image, t he neares t m a t c h approach per forms 

recognit ions by finding the neares t face f rom the t ra in ing set. Recogni t ion 

accuracy is compu ted as t he ra t io of t he faces recognized correctly f rom 

the t ra in ing set over t he to t a l n u m b e r of faces in t he t ra in ing set. Also, t o 

account for instabil i t ies in t he pe r fo rmance of r a n d o m pro jec t ion (R P) due 

to t he r a n d o m n a t u r e of t he pro jec t ion ma t r ix , t he recognit ion pe r fo rmance 

repor ted for R P is t he average over 200 different R Ps (6 trails).[16] 

Given a tes t face, t he efficient m e t h o d retrieves t he fas ter of t he two 

techniques, P C A a n d R P using the t ra in ing set. We compu te t he t ime it 

takes for each tes t face, t h a t is, t he ra t io of t he t ime is takes for t he face 

images retr ieved f rom the t ra in ing set t h a t belong to t he same person as 

in t he tes t set, over t he to t a l t ime it takes for t he to t a l n u m b e r of images 

s tored in t h e t ra in ing set for t h a t person. Recognit ion accuracy is compu ted 

by averaging the recall ra tes for t he images f r o m t h e tes t set. In t he case 

of R P, we repor t again t he average of over 100 different R Ps to account 
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for instabil i t ies in t h e pe r fo rmance of R P due to t he r a n d o m n a t u r e of t he 

pro jec t ion mat r ix . 

We have evaluated and compared P C A wi th R P by varying the n u m b e r 

of dimension (eigenface) as well as t he n u m b e r of images per sub jec t in 

t he t ra in ing set. Also, we exper imented wi th varying the ident i ty of t he 

subjec ts in t he t ra in ing and tes t sets. It should be no ted t h a t this has an 

affect only on the pe r fo rmance of P C A a n d hence, R P is independent of t he 

tes t set. Now, we explain our exper iments a n d resul ts in more detail . 

5. R E S U L T S 

5.1. C o m p u t e r P r o g r a m A i d . M a t lab is used to create and analyze a 

very simple implementa t ion of eigenfaces face recognit ion. Recall f rom 

above t h a t P C A is t he t r ans fo rma t ion of a n u m b e r of correlated variables 

into a smaller n u m b e r of uncorre la ted variables. P C A can best be com-

pared to how Fourier analysis is used to decompose a signal into a set of 

addi t ive or thogonal sinusoids of varying frequencies. Basically, P C A de-

composes an image (signal) in to a set of addi t ive or thogonal basis vectors 

or eigenvectors. One m a j o r difference is t h a t Fourier analysis uses a fixed 

set of basis funct ions . T h e P C A basis vectors are learned f rom the d a t a 

set via unsuperv ised t ra ining. In this research, P C A is applied to t he task 

of face recognit ion by convert ing t he pixels of an image into a n u m b e r of 
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eigenface fea tu re vectors, which is t h e n compared to measure t he similari ty 

of o ther face images wi th in t he da tabase . 

Recall t h a t t he faces are ob ta ined f rom the A T and T da tabase . T h e first 

s tep is t o load the t ra in ing images into M a t lab. Several requi rements are 

no ted as follows: 

Greyscale images wi th a consistent resolut ion - All images are black 

a n d whi te pictures . If no t , each color image is converted to greyscale. 

Aligned based on facial features - Faces are f ron ta l and well-aligned 

on facial fea tures such as t he eyes, nose a n d m o u t h . 

Recall t h a t each image is converted into a column vector a n d t h e n 

the images are loaded in to a m a t r i x of size (p by s), where p is t he 

n u m b e r of pixels in each image a n d s is t he to t a l n u m b e r of images. 

Next , t he p rog ram completes t he below steps required by the t ra in ing face 

recognit ion for calculat ing t he m e a n of t he inpu t face images as follows: 

Sub t r ac t t he m e a n f rom the inpu t images to ob ta in t he mean-sh i f t ed 

images 

Calcula te t he eigenvectors and eigenvalues of t h e mean-sh i f t ed im-

ages (correlation mat r ix ) 

Order t he eigenvectors by their corresponding eigenvalues, in de-

creasing order 
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Re ta in only t he eigenvectors wi th t he largest eigenvalues ( the principal 

components ) 

P ro j ec t t he mean-sh i f t ed images in to t he eigenspace using the retained 

eigenvectors 

As previously s ta ted , once t he face images have been p ro jec ted into t he 

eigenspace, t he similari ty be tween any pair of face images can be calculated 

by finding the Eucl idean dis tance be tween the i r corresponding fea tu re vec-

tors and; such t h a t t he smaller t he dis tance be tween the fea tu re vectors, t he 

more similar t he faces. Next , we define a simple similari ty score based on 

the inverse Eucl idean dis tance. Now, in order to pe r fo rm face recognit ion, 

t he similari ty score is calculated be tween a tes t face image a n d each of t he 

t ra in ing images. T h e m a t c h e d face is t h e one wi th t he highest similarity, 

a n d the m a g n i t u d e of t he similari ty score indicates t he confidence of t he 

m a t c h (with a uni t value indica t ing an exact ma tch ) . Moreover, t o detect 

cases where no m a t c h i n g face exists in t he t ra in ing set; a m i n i m u m thresh-

old for t he similari ty score is es tabl ished to ignore any matches below this 

m i n i m u m score. 

T h e most significant compute r p r o g r a m challenges faced included: 

Making the p r o g r a m user fr iendly 

Syn tax errors ( the r ight c o m m a n d to use for desired results) 
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C o m p a t i b i l i t y 

I m p o r t i n g i m a g e s 

N o r m a l i z i n g e a c h i m a g e ( e . g . s i z e ) 

V a r i e t y o f i m a g e s 

N e e d l e s s t o s a y , s e v e r a l b o o k s a n d w e b s i t e s w e r e u s e d t o b u i l d t h e p r o g r a m f r o m t h e g r o u n d u p . T h e l i n k t o t h e files i s l o c a t e d 

b e l o w : h t t p colon forward slash forward slash s t u d e n t dot c s u c i dot e d u forward slash m a t t i e dot j o n e s 2 6 0 forward slash C o m p u t e r G r a p h i c s p a g e dot h t m l o r 

h t t p colon forward slash forward slash w w w dot a d r i v e dot c o m forward slash p u b l i c forward slash 6 2 f 0 e d 3 0 d 2 a a f 2 7 9 e 1 3 f 0 0 e 4 3 4 

c 2 6 3 b 1 7 2 4 3 1 9 0 5 0 3 0 c d f c 3 2 6 7 c c 7 9 4 5 a f b b 3 e e dot h t m l 

S a v e file t o m a i n C d r i v e . I f r e n a m i n g i s a p p l i c a b l e , p l e a s e f o l l o w t h e s e s t e p s : 

G o t o t h e s i s forward slash f a c e r e c o g n i t i o n f o l d e r 

O p e n l o a d d a t a b a s e V f i l e 

C h a n g e t h e l e t t e r d r i v e i n t h e c o d e 

R e p e a t l o a d d a t a b a s e V 2 L o a d d a t a b a s e sub capital T 1 L o a d d a t a b a s e sub capital L1 

R e n a m e files 

M o v e t o f o l d e r s files 

N o w , w e t e s t P C A a n d R P u s i n g t h e n e a r e s t m a t c h a p p r o a c h . G i v e n a t e s t i m a g e f r o m t h e t e s t s e t ; w e b u i l t a 

l o w - d i m e n s i o n a l s p a c e u s i n g t h e i m a g e s f r o m t h e t r a i n i n g s e t . W e u s e d t h e s a m e p r o c e d u r e f o r R P t o p r o j e c t 

http://student.csuci.edu/
http://www.adrive.com/public/62f0ed30d2aaf279e13f00e434c263b172431905030cdfc3267cc7945afbb3ee.html
http://www.adrive.com/public/62f0ed30d2aaf279e13f00e434c263b172431905030cdfc3267cc7945afbb3ee.html
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a t e s t i m a g e f r o m t h e t e s t s e t i n a r a n d o m , l o w - d i m e n s i o n a l , s p a c e u s i n g 

t h e f o l l o w i n g a l g o r i t h m : 

( 1 ) C o m p u t e t h e a v e r a g e f a c e : 

psi equals 1 divided by M sigma i equals 1, M gamma sub i 

w h e r e , M i s t h e n u m b e r o f f a c e i m a g e s i n t h e t r a i n i n g s e t . 

( 2 ) S u b t r a c t t h e m e a n f a c e f r o m e a c h o t h e r f a c e : 
phi sub i equals gamma sub i minus psi 

( 3 ) G e n e r a t e t h e r a n d o m m a t r i x u s i n g t h e a l g o r i t h m [7] 

( 4 ) P r o j e c t t h e n o r m a l i z e d f a c e i m a g e s i n t h e r a n d o m s u b s p a c e : 
omega bar sub i equals R gamma sub i 

E a c h f a c e i n t h e t r a i n i n g s e t i s t h e n r e p r e s e n t e d b y t h e c o e f f i c i e n t s o f 

p r o j e c t i o n omega bar sub i [7] N o t e d u r i n g r e c o g n i t i o n , t h e i n p u t f a c e i s n o r m a l i z e d t h e 

s a m e w a y a n d p r o j e c t e d i n t h e s a m e r a n d o m s p a c e . H e n c e , t h e f a c e i s 

r e c o g n i z e d b y c o m p a r i n g i t s p r o j e c t i o n s t o t h e p r o j e c t i o n s o f t h e t r a i n i n g 

i m a g e s , u s i n g a s i m i l a r i t y - b a s e d p r o c e d u r e ( s t a n d a r d d e v i a t i o n ) . 

T h i s a l g o r i t h m is s i m i l a r t o t h e e i g e n f a c e a p p r o a c h e x c e p t t h a t t h e p r o -

j e c t i o n m a t r i x i s c o m p u t e d r a n d o m l y i n s t e a d o f a p p l y i n g P C A o n t h e s a m -

p l e c o v a r i a n c e m a t r i x o f t h e d a t a . T h e r e w e r e n o p r o b l e m s t h a t c a m e u p 

d u r i n g t h e s t u d y . T h e o n l y c h a n g e t h a t s h o u l d h a v e b e e n d o n e i s t o a d d 

m o r e d e t a i l b y p r o v i d i n g d i f f e r e n t f a c i a l v i e w s . A l s o , i t w o u l d h a v e b e e n 
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an improvement to have a larger d a t a set t o work wi th . In conclusion, this 

s tudy confirms t h a t measur ing and analysing facial fea tures is used to rec-

ognizing a person ' s face by compar ing facial s t ruc tu re to t h a t of a known 

person. W i t h clean a n d normal ized da ta , this t ype of analysis was accom-

plished wi th a l inear combinat ion s tat is t ical model . Solving problems a n d 

in te rpre t ing d a t a is ge t t ing more sophis t ica ted a n d user-fr iendly wi th t ime. 

M a t Lab is an analyt ical tool t h a t gives mean ing to number s a n d creates 

useful models to be used again and again. For each exper iment , we varied 

t he n u m b e r of dimensions a n d repor ted t he recognit ion accuracy using the 

neares t a n d most efficient procedure . 

We have pe r fo rmed two types of exper iments : (a) t he tes t set contains 

images of t he same subjec ts as in t he t ra in ing set, a n d (b) t he tes t a n d 

t ra in ing sets conta in different subjects . Note t h a t t he second scenario is 

more realistic when we do not have a representa t ive set of images for t he 

t ra in ing set. Because of t he n a t u r e of eigenfaces, we would need to use 

images of o ther sub jec t s t o create a representa t ive test set and compu te t he 

eigenspace. 

T h e below char ts show t h e results assuming subjec ts wi th t he same iden-

t i ty b o t h in t he t ra in ing and tes t set while figures show the case of sub jec t 
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having different identity. In b o t h cases, t he t ra in ing set consists of 9 im-

ages f r o m each sub jec t ( total l ing 360) a n d the tes t set is comprised of 40 

r andomly selected images f rom the t ra in ing set. 

FIGURE 7. Note: T h e higher d imens ions / eigenfaces pe r fo rm 

b e t t e r using the P C A m e t h o d . 

Test Set with Same Subjects as in the Training Set 

FIGURE 8. Note: T h e higher d imens ions / eigenfaces pe r fo rm 

b e t t e r using the P C A m e t h o d . 

Test Set with Same Subjects as in the Training Set 
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FIGURE 9. Note: T h e higher d imens ions / eigenfaces pe r fo rm 

b e t t e r using the P C A m e t h o d . 

Test Set wi th Dif fe ren t Sub jec t s a s in t h e Training Set 

FIGURE 10. Note: T h e higher d imens ions / eigenfaces per-

fo rm be t t e r using the P C A m e t h o d . 

Test Set with Different Subjects as in the Training Set 

T h e images in t he tes t set were changed a n d replaced for each r u n of t he 

s imulat ion. Whi le in t he second case, we bui l t t he tes t set f rom dist inct ly 

different images not in t he t ra in ing set. In p a r t of t he exper iment , we varied 

t he n u m b e r of images per sub jec t in t he t ra in ing set t o test t he sensit ivity 
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of each m e t h o d . We tes ted 4 images f rom each sub jec t and t h e n one image 

f rom each sub jec t . T h e results shown below are consistent wi th previous 

s tudies in several ways: 

P C A in general pe r forms b e t t e r when the ident i ty of t he sub jec t s in t he 

t ra in ing set is t h e same to t he ident i ty of t he subjec ts in t he t ra in ing set.[7] 

Compar ing P C A wi th R P, our results show t h a t R P compares favorably 

wi th P C A for m o d e r a t e or higher n u m b e r of dimensions. T h e difference 

in pe r fo rmance becomes smaller and smaller as t he n u m b e r of dimensions 

increases. 

It is obvious t h a t by using the same subjec ts in t he t ra in ing set as in t he 

tes t set are more interest ing. Because R P is d a t a independent a n d P C A is 

d a t a dependent , it seems to do slightly b e t t e r t h a n P C A for higher dimen-

sions. Overall, b o t h seem to have very close pe r fo rmance a n d are affected 

by the n u m b e r of images pe r sub jec t in t he t ra in ing set. Basically, as t he 

n u m b e r of images per sub jec t in t he t ra in ing set decreases; t he pe r fo rmance 

also decreases. Moreover, using different sub jec ts in t he t ra in ing set f rom 

the tes t set, shows resul ts t h a t are qui te consistent wi th known research. 

R P seems to be doing b e t t e r t h a n P C A using much higher dimensions. 

In this set of exper iments , we tes t P C A a n d R P using how long it takes 

each a lgor i thm to render a known ma tch . T h e accuracy of recognit ion 

was considered in t he neares t m a t c h calculat ions. W h e n the sub jec t s in t he 
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t ra in ing and tes t sets have t he same ident i ty were examined, b o t h procedure 

types of exper iments : neares t and speed methods ; were consistent wi th t he 

research, depend ing on the n u m b e r of dimensions depic t ing t he efficiency of 

t he m e t h o d . R P per fo rmed consistently b e t t e r because of t he complexi ty 

of t he a lgor i thm. 

6 . C O N C L U S I O N A N D R E C O M M E N D A T I O N 

We have analyzed the P C A m e t h o d of face recognit ion as well as pre-

sented an exper imenta l s t udy to evaluate P C A for face recognit ion wi th a 

more s t a t e of t he ar t methodology, r a n d o m projec t ion . Our results indicate 

t h a t P C A compares favorably to R P, especially when using efficiency as a 

exper iment a n d neares t ma tch , which uses t he ra t io discussed earlier. 

Our results also show t h a t R P is much fas ter t o compu te r analysis a n d 

the d a t a more independent which might be i m p o r t a n t factors to consider in 

a face recognit ion appl icat ion. For f u t u r e research, we p lan to invest igate 

more systemat ical ly t he use of ensembles of R P s for face recognit ion. Also 

we p lan to invest igate much larger ensembles as well as more powerful com-

bina t ion rules such as those presented in various articles and research.[7] 

Ano the r interest would be to pe r fo rm comparisons wi th more powerful di-

mensional i ty reduct ion techniques such as L D A a n d I C S A. 
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