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A b s t r a c t  
 

I n t h e p a p er a  sh ort  review  of  m et h od s a p p lied  f or p a t t ern 
elec t roret inog ra m  sig na l a na lysis is p resent ed . V a riou s p ossib le 
a lt erna t ives f or c la ssic a l m et h od  u sed  in m ed ic a l p ra c t ic e a re d esc rib ed . 
T h e c a p a b ilit ies a nd  d isa d va nt a g es of  ea c h  m et h od  a s w ell a s releva nt  
resu lt s a re b rief ly p resent ed  a nd /or ref erenc es a re c it ed . T h e d esc rib ed  
a lg orit h m s a re:  st a t ist ic a l reg ression a na lysis, c ont inu ou s w a velet  
t ra nsf orm , d isc ret e w a velet  t ra nsf orm , a rt if ic ia l neu ra l net w ork s, p rinc ip a l 
c om p onent s a na lysis a nd  ind ep end ent  c om p onent  a na lysis. T h e a im  of  t h e 
p a p er is t o g ive a  sh ort  review  of  p reviou sly t a k en a c t ivit y in t h e f ield  of  
p a t t ern elec t roret inog ra m  a na lysis p a rt ic u la rly f or d ia g nost ic  p u rp oses, a nd  
p resent  a  g u id e f or p ossib le a p p roa c h es t o b e a p p lied  f or ot h er b ioelec t ric a l 
sig na ls. 
 
K e y w o r d s :  sig na l a na lysis, p a t t ern elec t roret inog ra m , PE R G , st a t ist ic a l 
a na lysis, c ont inu ou s w a velet  t ra nsf orm , d isc ret e w a velet  t ra nsf orm , 
a rt if ic ia l neu ra l net w ork s, p rinc ip a l c om p onent s a na lysis, ind ep end ent  
c om p onent  a na lysis. 
 
W yb rane metody anal i zy syg nał u  
El ek troreti nog ramu  w yw oł aneg o w zorc em 

 
S t r e s z c z e n i e  

 
W  a rt yk u le p rz ed st a w iono p rz eg lą d  m et od  z a st osow a nyc h  d o a na liz y 
syg na ł u  elek t roret inog ra m u  w yw oł a neg o w z orc em . Z a p rez ent ow a no 
sz ereg  m oż liw yc h  t ec h nik  a lt erna t yw nyc h  w  st osu nk u  d o p roc ed u r 
u ż yw a nyc h  w  p ra k t yc e k linic z nej . Prz ed ysk u t ow a no z a let y i og ra nic z enia  
k a ż d eg o z  a lg oryt m ó w , p rz ed st a w ia j ą c  p ok ró t c e w ynik i d oś w ia d c z eń  lu b  
c yt u j ą c  od p ow ied nie p oz yc j e lit era t u ry. O p isa ne a lg oryt m y t o:  
st a t yst yc z na  a na liz a  reg resj i, c ią g ł a  i d ysk ret na  t ra nsf orm a t a  f a lk ow a , 
sz t u c z ne siec i neu ronow e, a na liz a  sk ł a d ow yc h  g ł ó w nyc h  ( PC A)  ora z  
a na liz a  sk ł a d ow yc h  niez a leż nyc h  ( I C A) . C elem  niniej sz eg o a rt yk u ł y j est  
u syst em a t yz ow a nie w c z eś niej sz yc h  d z ia ł a ń  a u t oró w  w  d z ied z inie a na liz y 
elek t roret inog ra m u  w yw oł a neg o w z orc em , w  sz c z eg ó lnoś c i d la  p ot rz eb  
d ia g nost yk i, ora z  z a p rop onow a nie m et od olog ii b a d a ń  syg na ł ó w  
b ioelek t ryc z nyc h  o p od ob nym  c h a ra k t erz e. 
 
S ł o w a  k l u c z o w e :  a na liz a  syg na ł ó w , elek t roret inog ra m  w yw oł a ny 
w z orc em , PE R G , a na liz a  st a t yst yc z na , c ią g ł a  t ra nsf orm a t a  f a lk ow a , 
d ysk ret na  t ra nsf orm a t a  f a lk ow a , sz t u c z ne siec i neu ronow e, a na liz a  
sk ł a d ow yc h  g ł ó w nyc h , a na liz a  sk ł a d ow yc h  niez a leż nyc h . 
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1 .  Introdu c ti on 
 

W h en t h e ey e i s  s t i m u l a t ed  w i t h  a n a l t er na t i ng  b l a c k  a nd  w h i t e 
c h ec k er b o a r d  ( w i t h  c o ns t a nt  t o t a l  l u m i na nc e) ,  a  s p ec i f i c  
b i o el ec t r i c  s i g na l ,  t h e s o -c a l l ed  p a t t er n el ec t r o r et i no g r a m  ( P E R G )  
i s  r ec o r d ed  f r o m  t h e h u m a n r et i na  w i t h  a  c o r nea l  c o nt a c t  
el ec t r o d e.  P E R G  s i g na l  o r i g i na t es  i n t h e r et i na l  g a ng l i o n c el l s  a s  
w el l  a s  nei g h b o r i ng  i nner  r et i na l  s t r u c t u r es .  P a r t i c u l a r  w a v es  
r ef l ec t  t h e el ec t r i c a l  a c t i v i t y  o f  d i f f er ent  neu r a l  s t r u c t u r es  i nv o l v ed  
i n v i s u a l  i nf o r m a t i o n p r o c es s i ng  a nd  a r e u s ed  i n a s s es s m ent  o f  
t h ei r  f u nc t i o n [ 7 ] .  A c c o r d i ng  t o  t h e I S C E V  ( I nt er na t i o na l  S o c i et y  
f o r  C l i ni c a l  E l ec t r o p h y s i o l o g y  o f  V i s i o n)  s t a nd a r d s  [ 4 ]  c l i ni c a l  
ev a l u a t i o n o f  t h e P E R G  r ec o r d i ng s  i s  b a s ed  o n m ea s u r em ent  o f  
i m p l i c i t  t i m es  a nd  a m p l i t u d es  o f  p a r t i c u l a r  w a v es  ( F i g .  1 ) .  
H o w ev er ,  i n m a ny  c a s es  i t  i s  d i f f i c u l t  t o  l o c a l i z e t h e p ea k s  
p r ec i s el y ,  s o  t h e m et h o d  o f  a na l y z i ng  t h e P E R G  p a r a m et er s  i n 
t i m e d o m a i n i s  i na c c u r a t e.  T h i s  d i s a d v a nt a g e a f f ec t s  r el i a b i l i t y  o f  
t h i s  v er y  i m p o r t a nt  a nd  v a l u a b l e el ec t r o p h y s i o l o g i c a l  t es t .  T h e a i m  
o f  o u r  s t u d i es  w a s  t o  d em o ns t r a t e t h e p o s s i b i l i t y  o f  f i nd i ng  
f ea t u r es  o f  t h e P E R G  s i g na l  r el i a b l e f o r  d i s t i ng u i s h i ng  b et w een 
no r m a l  a nd  a b no r m a l  c a s es  w i t h  b et t er  a c c u r a c y .  I n t h e p a p er   
a  r ev i ew  i s  p r es ent ed  o f  t h e m et h o d s  a p p l i ed  b y  t h e a u t h o r s  f o r  
P E R G  a na l y s i s  – m a i nl y  f o r  d i a g no s t i c  p u r p o s es .  

 
 

 
 
F i g .  1 .   P a r a m e t e r s  o f  t h e  o f  t h e  P E R G w a v e f o r m  c o m p o n e n t s  
R y s .  1 .   P a r a m e t r y  s k ł a d o w y c h  m o r f o l o g i c z n y c h  p r z e b i e g u  P E R G 

 
 
2 .  Ov erv i ew  of meth ods 
 

T h e m et h o d s  a p p l i ed  f o r  P E R G  s i g na l  a na l y s i s  c a n b e d i v i d ed  
i nt o  t h r ee g r o u p s ,  w i t h  r es p ec t  t o  t h e p u r p o s e o f  c a l c u l a t i o ns .  T h e 
f i r s t  g r o u p  c o nt a i ns  t ec h ni q u es  u s ed  t o  i nc r ea s e t h e a c c u r a c y  o f  
d et er m i na t i o n o f  P E R G  s i g na l  p a r a m et er s .  H o w ev er ,  t h e 
ev a l u a t i o n o f  t h e w a v ef o r m  i s  s t i l l  p er f o r m ed  a c c o r d i ng  t o  
t r a d i t i o na l  I S C E V  r ec o m m end a t i o ns .  S ec o nd  g r o u p  c o ns i s t s  o f  
m et h o d s  a l l o w i ng  r ed u c t i o n o f  d i m ens i o na l i t y .  T h ey  m a y  a c t  a s  
p r ep r o c es s o r  f o r  c l a s s i f i c a t i o n a l g o r i t h m s .  T h i r d  g r o u p  p er f o r m s  
a u t o m a t i c  c l a s s i f i c a t i o n o f  P E R G s ,  u s i ng  t h ei r  o w n c a l c u l a t ed  
c r i t er i a ,  w h i c h  a r e no t  h u m a n r ea d a b l e.  M et h o d s  a p p l i ed  b y  t h e 
a u t h o r s  f o r  P E R G  s i g na l  a na l y s i s  a r e s h o w n i n F i g .  2  a nd  t h ei r  
d es c r i p t i o n i s  s u m m a r i z ed  i n T a b .  1 .  
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F i g .  2 .   D i a g r a m  s h o w i n g  m e t h o d s  a p p l i e d  f o r  t h e  P E R G  s i g n a l  a n a l y s i s  
R y s .  2 .   S c h e m a t y c z n e  p r z e d s t a w i e n i e  m e t o d  z a s t o s o w a n y c h  d o  a n a l i z y   

s y g n a ł u  P E R G  
 
 
T a b .  1 .   S u m m a r y  o f  m e t h o d s  a p p l i e d  f o r  P E R G  s i g n a l  a n a l y s i s  
T a b .  1 .   Z e s t a w i e n i e  z a s t o s o w a n y c h  m e t o d  a n a l i z y  s y g n a ł u  P E R G   

 
A b b r e v .  N a m e  D e s c r i p t i o n  R e f .  
D & R A  D i s c r i m i n a n t  

f u n c t i o n s  a n d  
r e g r e s s i o n  
a n a l y s i s  
( s t a t i s t i c a l  
m e t h o d s )  

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

[ 3 ,  6 ,  8 ,  
1 0 ,  1 2 ,   
1 6 ]  

C W T  C o n t i n u o u s  
W a v e l e t  
T r a n s f o r m  

I m p r o v e m e n t  o f  a c c u r a c y  o f  i m p l i c i t  
t i m e s  a n d  a m p l i t u d e s  m e a s u r e m e n t  o f  t h e  
w a v e f o r m  i n  C W T  c o e f f i c i e n t s  d o m a i n  

[ 8 ,  9 ,  
1 1 ,  1 3 ]  

D W T  D i s c r e t e  
W a v e l e t  
T r a n s f o r m  

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

[ 1 3 ,  1 5 ]  

A N N  A r t i f i c i a l  
N e u r a l  
N e t w o r k s  

W e l l -k n o w n  c l a s s i f i c a t i o n  a l g o r i t h m .  
U s e d  f o r  d i s t i n c t i o n  b e t w e e n  n o r m a l  a n d  
a b n o r m a l  r e c o r d i n g s .  R e s u l t s  i n  b e t t e r  
( t h a n  t r a d i t i o n a l  m e t h o d )  c l a s s i f i c a t i o n  
r a t e ,  b u t  a c t s  l i k e  a  “ b l a c k  b o x ” .   

[ 2 ,  3 ,  
1 3 ,  1 5 ]  

P C A  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  

U s e d  f o r  d i m e n s i o n a l i t y  r e d u c t i o n  o f  t h e  
i n p u t  d a t a .  C a n  b e  u s e d  a s  a  p r e p r o c e s s o r  
f o r  a  c l a s s i f i c a t i o n  a l g o r i t h m ,  o r  a s  a  
m e t h o d  o f  2 -D  v i s u a l i z a t i o n  o f  
m u l t i d i m e n s i o n a l  d a t a .   

[ 2 ,  1 4 ]  

I C A  I n d e p e n d e n t  
C o m p o n e n t  
A n a l y s i s  

U s e d  f o r  s i g n a l  d e n o i s i n g  a n d   r e c o v e r y  
o f  p r o p e r  P E R G  s h a p e  [ 1 ,  5 ]  

 
 

3. D i s c r i m i n a n t  f u n c t i o n s  a n d  r e g r e s s i o n  
a n a l y s i s ,  B a y e s i a n  c l a s s i f i e r s  

 
T h e s e  m e t h o d s  a r e  r e l a t i v e l y  s i m p l e  ( c o m p a r e d  t o  o t h e r  

a p p r o a c h e s  l i s t e d  i n  t a b l e  1) , s i n c e  t h e y  a r e  b a s e d  o n  s t a t i s t i c a l  
c o n c e p t s .  T h e y  a r e  w e l l  k n o w n  t o  m e d i c a l  s t a ff a n d  t h i s  a p p r o a c h  
w o u l d  b e  p r o b a b l y  t h e  e a s i e s t  - o f p r o p o s e d  p r o c e d u r e s  - t o  
i n t r o d u c e  i n  c l i n i c a l  p r a c t i c e .  

S t a t i s t i c a l  m e t h o d s :  d i s c r i m i n a n t  a n a l y s i s , r e g r e s s i o n  a n a l y s i s  
w e r e  u s e d  b y  t h e  a u t h o r s  fo r  d i s t i n g u i s h i n g  b e t w e e n  n o r m a l  a n d  
a b n o r m a l  P E R G s  a n d  o b t a i n e d  r e s u l t s  ( m a t h e m a t i c a l  m o d e l s  a n d  
t h e i r  o p t i m i z a t i o n  u s i n g  F i s h e r  F(n1,n2) t e s t , c l a s s i fi c a t i o n  
a l g o r i t h m s , t h e i r  p r e l i m i n a r y  c l i n i c a l  e v a l u a t i o n )  w e r e  p r e s e n t e d  i n  
s e v e r a l  p a p e r s  [ e . g .  8 , 10 ] .   

I n  o p p o s i t i o n  t o  “ p e a k -b a s e d ”  a p p r o a c h  a n o t h e r  p r o m i s i n g  w a y  
o f P E R G  d e s c r i p t i o n  b a s e d  o n  w a v e l e t  c o m p r e s s i o n  b y  D i s c r e t e  
W a v e l e t  T r a n s fo r m  w a s  p r o p o s e d  [ 15 ] .  R e c e n t l y  s t a t i s t i c a l  p a t t e r n  
r e c o g n i t i o n  m e t h o d s  [ 2 ]  w e r e  a l s o  u s e d  fo r  t h e  P E R G  s i g n a l s .  I n  
t h i s  s t u d y  [ 16 ]  B a y e s i a n  c l a s s i fi c a t i o n  w a s  a p p l i e d  fo r  s u p e r v i s e d  
l e a r n i n g .  T w o  t y p e s  o f fe a t u r e  s e t s  w e r e  c o m p a r e d :  fe a t u r e s  o f 
P E R G  w a v e fo r m  i n  t i m e  d o m a i n  a n d  i n  D W T  d o m a i n , a n d  

e ffi c i e n c y  o f b o t h  a p p r o a c h e s  w a s  a s s e s s e d .  S u r p r i s i n g l y , t h e  
c o n v e n t i o n a l  a p p r o a c h  p r o d u c e d  h i g h e r  e ffi c i e n c y .  T h e  i n fl u e n c e  
o f p a t i e n t  a g e  w a s  a l s o  e x a m i n e d  a n d  s e p a r a t e  m o d e l s  fo r  t w o  a g e  
c a t e g o r i e s  w e r e  a p p l i e d .  I t  o c c u r r e d  t h a t  t h e  a g e  fa c t o r  m i g h t  b e  
i g n o r e d  fo r  a n a l y z e d  d a t a .   

S t a t i s t i c a l  a n a l y s i s  w a s  a l s o  u s e d  b y  t h e  a u t h o r s  [ 12 ]  i n  o r d e r  t o  
e v a l u a t e  t h e  e ffi c i e n c y  o f i n t e r p r e t a t i o n  o f P E R G  r e c o r d i n g s  i n  t h e  
d o m a i n  o f C o n t i n u o u s  W a v e l e t  T r a n s fo r m  c o e ffi c i e n t s , a s  
c o m p a r e d  w i t h  t h e  p r e v i o u s l y  o b t a i n e d  r e s u l t s  i n  t i m e  d o m a i n .   

T h e  r e s u l t s  o f s t a t i s t i c a l  a n a l y s i s  o f P E R G  s i g n a l s  i n  t i m e  
d o m a i n  a s  w e l l  a s  i n  t h e  C W T / D W T  c o e ffi c i e n t s  d o m a i n  r e v e a l e d  
t h a t  e ffi c i e n t  d i s t i n g u i s h i n g  b e t w e e n  n o r m a l  a n d  a b n o r m a l  
w a v e fo r m s  i s  d e p e n d e n t  o n l y  o n  t h e  v a l u e s  o f r e d u c e d  s e t  o f 
p a r a m e t e r s .  T h e s e  r e s u l t s  a l s o  s h o w e d  t h e  p o s s i b i l i t y  o f c r e a t i n g  
c l a s s i fi c a t i o n  a l g o r i t h m s  b a s e d  o n  s i m p l e  m a t h e m a t i c a l  m o d e l s .  
C l a s s i fi c a t i o n  o f t h e  P E R G  w a v e fo r m s  b a s e d  o n  s t a t i s t i c a l  m e t h o d s  
w a s  fo u n d  u s e fu l  i n  p r e l i m i n a r y  i n t e r p r e t a t i o n  o f t h e  r e c o r d i n g s  a s  
w e l l  a s  i n  s u p p o r t i n g  c l i n i c a l  d e c i s i o n -m a k i n g  i n  “ b o r d e r l i n e ”  c a s e s , 
fo r  m o r e  a c c u r a t e  a s s e s s m e n t  o f c l i n i c a l  d a t a  [ 8 , 10 ] .  
 
4 . W a v e l e t  t r a n s f o r m  
 

T h e  C o n t i n u o u s  W a v e l e t  T r a n s fo r m  ( C W T )  i s  d e fi n e d  a s  
fo l l o w s :  

,
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w h e r e  t h e  fu n c t i o n  Ψ i s  a  s h i ft e d  a n d  s c a l e d  v e r s i o n  o f a  “ m o t h e r ”  
w a v e l e t  fu n c t i o n :  
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s a n d  t a r e  t h e  “ s c a l e ”  a n d  t i m e , w h i c h  c r e a t e  t h e  d o m a i n  o f C W T  
o p e r a t i o n .  T h e  r e s u l t  i s  a  s e t  o f c o e ffi c i e n t s  h a v i n g  t w o  
p a r a m e t e r s :  s c a l e  ( o ft e n  i n t e r p r e t e d  a s  a n  i n v e r s e  o f fr e q u e n c y )  
a n d  t i m e .  T h e y  m a y  b e  p l o t t e d  a s  a  t w o  a r g u m e n t  fu n c t i o n  i n  
t h r e e -d i m e n s i o n a l  C a r t e s i a n  c o o r d i n a t e  s y s t e m .  I n  F i g .  3 e x a m p l e  
o f t h e  P E R G  r e c o r d i n g  a n d  i t s  C W T  r e p r e s e n t a t i o n  a r e  s h o w n .  
 

  
F i g .  3 .   P E R G  w a v e f o r m  i n  C W T  d o m a i n   
R y s .  3 .   P r z e b i e g  P E R G  w  d z i e d z i n i e  w s p ó ł c z y n n i k ó w  f a l k o w y c h  

 
D i s t r i b u t i o n  o f i m p l i c i t  t i m e s  o f t h e  P E R G  c h a r a c t e r i s t i c  w a v e s  

( d e n o t e d  a s  P 5 0  a n d  N 9 5 , a c c o r d i n g  t o  t h e i r  p o l a r i t y  a n d  p e a k  
t i m e  i n  m i l l i s e c o n d s )  s h o w s  t h a t  i n  c e r t a i n  c a s e s  c h a r a c t e r i s t i c  
fe a t u r e s  o f a b n o r m a l  r e c o r d i n g s  l i e  i n  t h e  s a m e  r a n g e  t h a t  n o r m a l  
w a v e fo r m s ’  fe a t u r e s  ( F i g .  4 ) .  T h e  d i ffe r e n c e  b e t w e e n  n o r m a l  a n d  
p a t h o l o g i c a l  v a l u e s  i s  o ft e n  v e r y  s m a l l .  T h e  p u r p o s e  o f o u r  fi r s t  
i n v e s t i g a t i o n  [ 11]  w a s  t o  fi n d  fe a t u r e s  i n  t i m e -fr e q u e n c y  d o m a i n , 
w h i c h  a r e  m o r e  r e l i a b l e  fo r  d i s t i n g u i s h i n g  t h e  c a s e s .  I n  t h i s  s t u d y , 
15  n o r m a l  P E R G  w a v e fo r m s  a n d  7  r e c o r d i n g s  o b t a i n e d  i n  s o m e  
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precisely diagnosed retinal diseases were chosen. The recordings 
were ob tained with the L K C  U TA S -E  2 0 0 0  ( U S A )  system . I n the 
ab norm al P E R G s,  P 5 0 -wav e im plicit tim e was increased ( in 4  
recordings)  as well as N 9 5 -wav e im plicit tim e ( in 3  recordings) . 

 

  
F i g .  4 .   C o m p a r i s o n  o f  P 5 0 -w a v e  a n d  N 9 5 -w a v e  i m p l i c i t  t i m e s :  a  – n o r m a l ,   

b  – a b n o r m a l  w a v e f o r m s ;  I  – P 5 0  ( t i m e  m e t h o d ) ,  I I  – P 5 0  ( t i m e -s c a l e  
m e t h o d ) ,  I I I  – N 9 5  ( t i m e  m e t h o d ) ,  I V  – N 9 5  ( t i m e -s c a l e  m e t h o d ) ;   
s o m e  p o i n t s  o v e r l a p :  g r o u p  b  s h o u l d  h a v e  4  p o i n t s  ( I ,  I I )  a n d  3  p o i n t s   
( I I I ,  I V ) ;  M e x i c a n  H a t  w a s  u s e d  a s  a  m o t h e r  w a v e l e t  f u n c t i o n  

R y s .  4 .   P o r ó w n a n i e  c z a s ó w  p i k ó w  P 5 0  i  N 9 5  d l a  p r z e b i e g ó w :  a  – p r a w i d ł o w y c h ,   
b  – n i e p r a w i d ł o w y c h ;  I  – P 5 0  ( p o m i a r  w  d z i e d z i n i e  c z a s u ) ,  I I  – P 5 0   
( p o m i a r  w  d z i e d z i n i e  c z a s -s k a l a ) ,  I I I  – N 9 5  ( p o m i a r  w  d z i e d z i n i e  c z a s u ) ,   
I V  – N 9 5  ( p o m i a r  w  d z i e d z i n i e  c z a s -s k a l a ) ;  c z ę ś ć  p u n k t ó w  n a k ł a d a  s i ę   
n a  s i e b i e :  g r u p a  b  p o w i n n a  l i c z y ć  4  p u n k t y  ( I ,  I I )  i  3  p u n k t y  ( I I I ,  I V ) ;  
z a s t o s o w a n o  f a l k ę  M e x i c a n  H a t  

 
 F u rther steps of  C W T analysis were perf orm ed with a new set 

of  P E R G  data ob tained in the D epartm ent and C linic of  
O phthalm ology in S z cz ecin with the R etiP ort/ R etiS can system  
( R oland C onsu lt,  G erm any)  in 6 0  eyes of  healthy su b j ects,  in 2  
age grou ps [ 8 ,  9 ] . B etter “ consistency”  of  norm al v alu es ob tained 
with the C W T m ethod was ob tained,  especially f or the N 9 5 -wav e 
im plicit tim e. This is a v ery im portant resu lt b ecau se traditional 
m easu rem ents of  the N 9 5 -wav e latency are dif f icu lt and of ten lead 
to signif icant errors. 

M ore recently,  in ou r u npu b lished research ( paper in 
preparation)  it was shown that also am plitu de param eters can b e 
determ ined with b etter accu racy af ter perf orm ing C W T analysis of  
the P E R G  signal. This im prov em ent is ob serv ed as signif icantly 
sm aller standard dev iation v alu es of  the param eters as com pared 
to the v alu es ob tained in traditional way,  i.e. m easu rem ents with 
cu rsors placed on the peak s of  a particu lar recorded wav ef orm .  A s 
a conseq u ence,  control norm al v alu es f or this im portant test show 
m u ch less scatter and reliab ility of  the P E R G  ex am inations can b e 
im prov ed. 

 

  
F i g .  5 .   P E R G  w a v e f o r m  ( s o l i d  l i n e )  r e s t o r e d  f r o m  i t s  1 6  w a v e l e t  c o e f f i c i e n t s  

( d o t t e d  l i n e )  
R y s .  5 .   P r z e b i e g  P E R G  ( l i n i a  c i ą g ł a )  o d t w o r z o n y  z  j e g o  1 6  w s p ó ł c z y n n i k ó w   

D W T  ( l i n i a  p u n k t o w a )  
 

A  D iscrete W av elet Transf orm  ( D W T)  is com pu ted when the 
v alu es of  tim e and scale are shif ted in discrete steps. S u ch an 
operation can b e also describ ed as signal decom position u sing  
a set of  lowpass and highpass f ilters. The f ilter coef f icients depend 
on the chosen wav elet f u nction. D W T can b e then treated as  
a lossy com pression of  signal and m ethod of  its dim ensionality 
redu ction [ 1 5 ] . I n describ ed case it allowed representing the 2 5 6  
sam ples of  tim e wav ef orm  as 1 6  D W T coef f icients ( F ig. 5 ) . 
Theref ore,  f rom  pattern classif ication point of  v iew,  the dim ension 
of  the f eatu re v ector was redu ced six teen tim es. The procedu re of  
choosing the transf orm  param eters and coef f icients rej ection 
procedu re was describ ed in [ 1 5 ] .  
 
5. P C A  a n d  I C A  
 

P rincipal C om ponents A nalysis ( P C A )  is a m ethod of  sim plif ying 
a data set,  b y redu cing m u ltidim ensional data sets to lower 
dim ensions f or analysis. The operation is an orthogonal linear 
transf orm ation that transf orm s the data to a new coordinate system  
su ch that the greatest v ariance b y any proj ection of  the data com es 
to lie on the f irst coordinate ( called the f irst principal com ponent) . 
The f irst principal com ponent accou nts f or as m u ch of  the 
v ariab ility in the data as possib le,  and each su cceeding com ponent 
accou nts f or as m u ch of  the rem aining v ariab ility as possib le.  

N onlinear P C A  ( N L P C A )  can b e seen as a nonlinear 
generaliz ation of  standard principal com ponent analysis ( P C A )  
that generaliz es the principal com ponents f rom  straight lines to 
cu rv es. This can b e done b y u sing neu ral network s with 
au toassociativ e architectu re,  su ch as m u ltilayer perceptrons that 
perf orm  an identity m apping [ 3 ] . The m iddle layer of  the M L P  
network  acts a b ottleneck ,  redu cing the dim ension of  the data. I t 
prov ides desired com ponents which can b e nonlinear.  

S u ch a techniq u e was u sed b y au thors to present 
m u ltidim ensional P E R G  data in 2 -D  E u clidean space [ 1 4 ] . This 
was done in order to increase the separab ility of  the learning 
patterns. E x em plary resu lts are presented in F ig. 6 . H owev er,  the 
m ethod has an im portant disadv antage. I t is not repeatab le,  
b ecau se each tim e dif f erent network  coef f icients are ob tained.  

 
 

  
F i g .  6 .   N o n l i n e a r  P C A  u s e d  f o r  g r a p h i c a l  p r e s e n t a t i o n  o f  s i x -d i m e n s i o n a l  f e a t u r e  

s p a c e  ( c r o s s e s  d e n o t e  c o r r e c t  w a v e f o r m s ,  p o i n t s  – i n c o r r e c t  o n e s )  
R y s .  6 .   N i e l i n i o w a  P C A  w y k o r z y s t a n a  d o  p r z e d s t a w i e n i a  s z e ś c i o w y m i a r o w e j  

p r z e s t r z e n i  c e c h  n a  p ł a s z c z y ź n i e  ( k r z y ż y k i  o z n a c z a j ą  z a p i s y  n i e p r a w i d ł o w e ,  
p u n k t y  – p r a w i d ł o w e )  

 
W hen the f req u ency range of  a giv en signal ov erlaps with noise 

and electrical activ ity of  other organs,  the m ethod of  I ndependent 
C om ponent A nalysis ( I C A )  proposed b y C om on [ 1 ]  m ay b e 
ef f ectiv e. I C A  is b ased on the assu m ption that the electrical 
activ ity f rom  a giv en b io-sou rce and the artif acts are physically,  
anatom ically and physiologically independent processes. This 
separation is ref lected in statistical independence b etween the 
dif f erent sou rce signals ( independent com ponents)  contrib u ting to 
a linear m ix tu re of  signals recorded in particu lar ex perim ental 
conditions. 
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In our preliminary simulation experiments with the ICA 
tec hniq ue applic ation to the P E R G  sig nal analysis,  the F astICA 
alg orithm f or M atL ab  d ev eloped  b y H yv aerinen and  O j a [ 5 ]  was 
used .  In this alg orithm neg entropy ( neg ativ e entropy)  as a measure 
of  the q uantity of  mutual inf ormation shared  b y the c omponents is 
applied  and  maximiz ing  neg entropy ( minimiz ing  the mutual 
inf ormation)  in iterativ e proc ess is the g oal of  c omputations.  

T he orig inal sample P E R G  sig nal was mixed  with the line noise,  
g enerated  b y the c omputer ( F ig .  7 ) .  T he resultant wav ef orms with 
two d if f erent S / N  ratios are also shown in this f ig ure.  Af ter ICA 
proc essing ,  the two c omponents were separated  with q uite g ood  
q uality.  

 

   
F i g .  7 .   O r i g i n a l  P E R G  s i g n a l  a n d  a  c o m p u t e r  s i m u l a t i o n  o f  t h e  5 0  H z  n o i s e   

( t w o  u p p e r  f i g u r e s ) ,  t w o  m i x t u r e s  o f  P E R G  a n d  n o i s e  ( i n  t h e  m i d d l e )   
a n d  F a s t I C A  s e p a r a t i o n  o f  b o t h  w a v e f o r m s  ( t w o  l o w e r  f i g u r e s ) .   
N u m b e r s  o f  s a m p l e s  o n  t h e  a b s c i s s a ,  v o l t a g e  ( µ V )  o n  t h e  o r d i n a t e  

R y s .  7 .   O r y g i n a l n y  s y g n a ł  P E R G  i  k o m p u t e r o w o  s y m u l o w a n y  s z u m  5 0  H z   
( u  g ó r y ) ,  p r z e b i e g i  z s u m o w a n e  ( ś r o d e k )  o r a z  s y g n a ł y  o d s e p a r o w a n e   
p r z y  u ż y c i u  F a s t I C A  ( u  d o ł u ) .  N a  o s i  o d c i ę t y c h  – n u m e r y  p r ó b e k ,   
n a  o s i  r z ę d n y c h  – n a p i ę c i e  ( µ V )  

 
 
6. N e u r a l  n e t w o r k s  
 

Ac c ord ing  to [ 2 ]  c lassif ic ation has two d istinc t meaning s:  there 
may b e g iv en a set of  ob serv ations with the aim of  estab lishing  the 
existenc e of  c lasses or c lusters in the d ata,  or the numb er of  
c lasses may b e k nown in ad v anc e,  and  the aim is to estab lish  
a rule whic h c lassif ies a new ob serv ation into one of  the existing  
c lasses.  T he f ormer type is k nown as unsuperv ised  learning  ( or 
c lustering ) ,  the latter as superv ised  learning .  T heref ore,  the 
ev aluation of  a P E R G  rec ord ing  c an b e treated  as a superv ised  
c lassif ic ation task .  Among  larg e numb er of  superv ised  pattern 
rec og nition alg orithms [ 3 ] ,  artif ic ial neural network s ( AN N )  hav e 

enj oyed  sig nif ic ant attention,  and  v arious network  arc hitec tures 
and  learning  alg orithms hav e b een d ev eloped  f or d if f erent 
applic ations.  Currently,  the authors are inv estig ating  the 
usef ulness of  v arious AN N  types and  arc hitec tures f or the P E R G  
sig nal c lassif ic ation.  P reliminary results were d esc rib ed  in [ 1 5 ] ,  
with f oc us on proper pre-proc essing  using  D W T .  
 
7 . C o n c l u s i o n s  
 

In the paper the applic ation of  d if f erent sig nal proc essing  and  
c lassif ic ation alg orithms f or the P E R G  sig nal analysis were 
d esc rib ed .  T he c hoic e of  method  is stric tly d epend ent on d esired  
g oal.  T he sig nals may b e d e-noised ,  presented  g raphic ally in 2 -D  
spac e and  f inally manually and / or automatic ally c lassif ied .  S ig nal 
proc essing  alg orithms may hav e sev eral primary applic ations.  
F irst,  improv ement of  d etec tion of  the P E R G  c omponents.  
S ec ond ,  inc rease in ac c urac y of  measurement of  the most 
important P E R G  parameters.  And  third ,  they may b e aimed  at 
inc reasing  simplic ity and / or speed  of  the test.  

As f ar as the usef ulness of  c hosen method s in med ic al prac tic e 
is c onc erned ,  one should  k eep in mind  that the main g oal is more 
ac c urate assessment of  c linic al d ata with this elec trophysiolog ic al 
test and ,  as a c onseq uenc e,  improv ement of  d iag nosis.  
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