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ABSTRACT 

This  paper p r e s e n t s  a new 
n o i s e  c a n c e l l a t i o n  with an 
Neural Network. The network 
feedforward one with t h r e e  

method for 
A r t i f i c i a l  

used is a 
l a y e r s .  The 

backpropagati  on and s tas ti cal Cauchy’ s 
1 ear n i  ng a1 gor i t hms are empl oyed for 
a d a p t a t i o n  of t h e  i n t e r n a l  parameters of 
t h e  network. The c o n s t r a i n e d  tangent  
hyperbol ic  f u n c t i o n  is used t o  a c t i v a t e  t h e  
neurons and t o  provide t h e  d e s i r e d  
non-1 i n e a r i  t y .  Promi s i n g  si m u l a t i  on r e s u l t s  
f o r  n o i s e  c a n c e l l a t i o n  i n t e n s i f y  t h e  
val i d i  t y  of superseding t h e  proposed scheme 
f o r  many e x i s t i n g  techniques.  To 
demonstrate t h e  e f f e c t i v e n e s s .  t h e  proposed 
method is app l i ed  t o .  d i f f e r e n t  i n p u t  
c o n d i t i o n s  with varying S N R s .  With 
incomplete s i g n a l  samples t h e  net  is found 
t o  produce output  having a s t r i k i n g  
resemblance with t h a t  of t h e  d e s i r e d  ones. 
A performance comparision of t h e  t w o  
a lgo r i thms  is presented i n  t h e  paper f o r  
b e t t e r  a p p r a i s a l .  

I NTRODUCTI ON 

The usual method of e s t i m a t i n g  a 
s i g n a l  co r rup ted  by a d d i t i v e  n o i s e  is t o  
pass  i t  through a f i l ter  t h a t  t ends  t o  
suppres s  t h e  n o i s e  while  l e a v i n g  t h e  s i g n a l  
r e l a t i v e l y  unchanged. The f i l t e r s  for !.he 
above purpose may be f i x e d  or adap t ive ,  
where t h e  la t ter  one has  t h e  a b i l i t y  t o  
a d j u s t  t h e i r  own parameters  a u t o m a t i c a l l y  
and t h e i r  des ign  r e q u i r e s  l i t t l e  or no 
a p r i o r i  knowledge of s i g n a l  or n o i s e  
char act er sti cs. I n c i  rcumstances where 
a d a p t i v e  n o i s e  c a n c e l l a t i o n  is a p p l i c a b l e  
C11 levels of n o i s e  r e j e c t i o n  are 
a t t a i n a b l e  t h a t  would be d i f f i c u l t  or 
impossible  t o  ach ieve  by d i r e c t  f i l t e r i n g .  
A good number of a d a p t i v e  a lgo r i thms  have 
been r e p o r t e d  i n  t h e  l i t e r a t u r e  over t h e  
p a s t  f e w  decades t o  update  t h e  i n t e r n a l  
parameters  with a view t o  o b t a i n  high 
f i d e l i t y  of t h e  ou tpu t  s i g n a l  i n  many 
complex envi r onments. However t h e  major 
focus  of r e s e a r c h  over t h e  p a s t  few y e a r s  
is t o  develop robus t  a lgo r i thms  f o r  
a d a p t i v e  systems. 

H o w e v e r  t h e  p a s t  f e w  y e a r s  witnessed 
t h e  f l i n c h i n g  of t h e  r e s e a r c h e r s  t o  t h e  
f i e l d  of Artificial  Neural NetCANN3. The 
p o t e n t i a l  f e a t u r e s  of t h e  ANN motivated t o  
pursue r e s e a r c h  i n  t h e  f i e l d  with much 
a c c e l e r a t e d  vigour with a -hope of achieving 
human l i k e  performance i n  t h e  f i e lds  of 
speech and image r e c o g n i t i o n  12.31. I n  
a d d i t i o n  t o  t h e  above f e a t u r e s  neu ra l  
networks can provide s o l u t i o n  t o  

o p t i  m i  z a t f  on,  handwri t ten d i  g i  t - recogni  ti a n ,  
radar  t a r g e t  d e t e c t i o n .  text- to-speech 
s y n t h e s i s  and computational models of b r a i n  
func t ions .  Adaptive non-parametric neural  
networks designed f o r  p a t t e r n  
c l a s s i f i c a t i o n  w o r k  well for many real 
world problems C41. Neural n e t  models are 
spcified by t h e  n e t  topology.. node 
c h a r a c t e r i s t i c s .  and t r a i n i n g  or l e a r n i n g  
r u l e s .  Both t h e  des ign  procedures  and t h e  
t r a i n i n g  r u l e s  for supe rv i sed  and 
unsupervised t r a i n i n g  are t h e  t o p i c  of much 
c u r r e n t  r e s e a r c h  C5.6.71. The a p p l i c a t i o n  
of f eedf or w a r  d mu1 ti 1 ayer  ed neur a1 n e t  
models t o  s p e c t r a l  e s t i m a t i o n  have heen 
r epor t ed  i n  few r e s e a r c h  papers  18.91- The 
a p p l i c a t i o n  of neural  n e t  t o  t h e  f i e l d  of 
n o i s e  c a n c e l l a t i o n  is h a r d l y  found i n  t h e  
1 i t e r a t u r e .  
I n  t h i s  paper a Neural N e t  based N o i s e  
Cancel ler  is proposed. A t h r e e  l a y e r e d  
f eedf or  w a r d  ne t w o r  k i s employed for noi se 
c a n c e l l a t i o n .  The backpropagation a lgo r i thm 
and S t a t i s t i c a l  Cauchy’s a lgo r i thm with 
Bo1 tzrmnn’ s p r o b a b i l i t y  d i s t r i b u t i o n  is 
employed for updat ing t h e  i n t e r n a l  
parameters i . e .  weight of t h e  n e t .  Since 
both p o s i t i v e  and n e g a t i v e  t i m e  domain 
output s a m p l e r  are of equal importance.  t h e  
t angen t  hype rbo l i c  f u n c t i o n .  cons t r a ined  to  
o p e r a t e  i n  non-l inear  zone. is used t o  
a c t i v a t e  t h e  neurons and t o  provide t h e  
dari rod non-1 i near i t y .  The t angen t  
hyperbol ic  f u n c t i o n  s a t u r a t e s  a t  u n i t y  for 
small magnitudes of both p o s i t i v e  and 
nega t ive  va lues .  hence t h e  maximum va lue  of 
t h o  a c t i v a t i o n  f u n c t i o n  io s u i t a b l y  
ad‘uotod and tho o u t p u t  of a neuron is roishhod CO e r n a C r & r r  iC &he nm-LLnear 
zone. The pr-edictei‘ ou tpu t s  for inout samples contaminated with both harmonic . -  
i n t o r f e r e n c e  and a d d i t i v e  u n c o r r e l a t e d  
white  n o i s e  b e a r s  a s t r i k i n g  resemblance 
with t h a t  of t h e  d e s i r e d  ones.  
The fundamental s i g n a l  components p r i r m r i l y  
of power frquency and its corresponding 
t h i r d  and f i f t h  harmonic compononts are 
succor  sf u l 1  y e x t r a c t e d  f r o m  t h e  co r rup ted  
s i g n a l  with l o w  S N R s .  The n e t  is also 
exposed t o  many never seen d a t a  o t h e r  t h a n  
t h e  t r a i n e d  ones and t h e  n o i s e  c a n c e l l a t i o n  
f e a t u r e  is commendable. The n e t  posses ses  
p o t e n t i a l i t y  t o  extract t h e  d e s i r e d  
components even with 50% suppressed i n p u t  
d a t a .  both with predominant d . c  and with 
a p p r e c i a b l e  harmonic s t r e n g t h ,  without 
s i g n a l  deg rada t ion .  S u f f i c i e n t  computer 
s i m u l a t i o n  r e s u l t s  aro presen ted  for a wide 
y a r i  e t y  of cases. 
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ARTIFICIAL. NEURAL NETWORK 

I n t e r e s t  i n  a r t i f i c i a l  neural  networks 
has  grown r a p i d l y  over t h e  p a s t  f e w  years. 
This insurgence of i n t e r e s t  fired by both 
t h e o r i t i c a l  and a p p l i c a t i o n  successes  
motivated t o  m a k e  machines t h a t  l e a r n  and 
remmber i n  w a y s  t h a t  boar a s t r i k i n g  
resemblance t o  human mental processes  and 
assigned a new s i g n i f i c a n t  meaning t o  
Artificial I n t e l l i g e n c e .  I n  1QSOs and 1Q600 
a group of r e s e a r c h e r s  combined t h e  
b io logica l  and psychological i n s i g h t s  t o  
produce t h e  f i r s t  ar t i f ic ia l  neural  network 
model. Due t o  l i m i t a t i o n  i n  
representa t iona l  c a p a b i l i t y  of t h e  s i n g l e  
neuron and s i n g l e  l a y e r  neurons, 
mu1 t i 1 ayer ed per c e p t r  ons wore devel oped 
which invoked t h e  development of 
back pr opagat i on t r ai n i  ng by 
Parker C103. 

Development of d e t a i l e d  mathematical 
models began more than  four  decades ago 
with t h e  w o r k  of McCulloch and P i t t s .  Hebb. 
Rasenbl a t  t . W i  d r  o w  and o t h e r s .  Mor e recent  
w o r k  by Hoff ie ld .  Rumelhart McCelland C111. 
Sejnowski , Feldman. Grossberg. W i d r o w  
t l2 .131 and o t h e r s  l e d  t o  a new insurgence 
i n  t h e  f i e l d .  Over t h e  pas t  few years  t h e  
research  about neural  ne t  has  been persued 
w 1  t h accel er a t e d  vigour s, si n c r  t h e  advent 
of new ne t  topologies ,  robust  a lgori thms.  
analog VLSI implementation and t h e  concept 
of p a r a l l e l  processing.  These models are 
s p e c i f i e d  by t h e  n e t  topology,  node 
c h a r a c t e r i s t i c s  and t r a i n i n g  & l e a r n i n g  
r u l e s .  These r u l e s  s p e c i f y  an i n i t i a l  set 
of weights and i n d i c a t e  how weights should 
be adapted dur ing  use  t o  improve t h e  
performance. Adaptation or l e a r n i n g  is a 
major focus of neural  ne t  research.  The 
a b i l i t y  t o  adapt  and cont inue  l e a r n i n g  is 
e s s e n t i a l  i n  areas such as speech 
recognition where tra ining  data is l imi ted  
and new t a l k e r s .  new words. new phrases  and 
new envi r onments are c o n t i  nousl y 
encountered. 

However t h e  mul t i layered  ANN with 
back pr opagat i on a1 gor i t hm is mst common1 y 
used for many p r a c t i c a l  problems. A t y p i c a l  
t h r e e  layered  network shown i n  Fig.Cl3 is 
t r a i n e d  with superv is ion .  The t h r e e  layered  
network has  i n p u t  l a y e r .  hidden layer  and 
output  layer  c o n s i s t i n g  of m u l t i p l e  
non-linear neurons associated with s u i t a b l e  
a c t i v a t i o n  func t ion .  Each i n p u t  p a t t e r n  t o  
t h e  ne t  f e e d s  up through t h e  hidden l a y e r s  
upto t h e  output  l a y e r .  Each neuron forms 
t h e  weighted sum of t h e  i n p u t s  and pass  i t  
through t h e  hidden l a y e r s  upto t h e  output  
l a y e r .  Each neuron forms t h e  weighted sum 
of t h e  i n p u t s  and pass  it through t h e  
non-linear a c t i v a t i o n  f u n c t i o n  t o  produce a 
output  which s e r v e s  as t h e  i n p u t  to  t h e  
next l a y e r  i .e.  output  l a y e r .  The ne t  is 
t r a i n e d  t o  minimize t h e  o b j e c t i v e  f u n c t i o n  
which is def ined  as t h e  ha l f  of t h e  sum of 
t h e  squares  of t h e  d i f f e r e n c e s  between t h e  
pr edi cted ones and t h e  cor r espondi ng 
d e s i r e d  component. Once t h e  network is 
t r a i n e d  it has t h e  c a p a b i l i t y  of producing 
output  very close t o  t h e  d e s i r e d  ona with 
i n p u t  p a t t e r n s  o ther  than  t h e  t r a i n e d  ones 
t h u s  e s t a b l i s h i n g  t h o  v a l i d i t y  for real 
t i m o  implemontation. 

a1 gor i t hm 

P 
0, 

W 
3 a 
C 
rt 

Bidden output E&$ layer layer 
i j k 

Fig. 1, A typical 3 layered feedforward 
Artificial Neural Network. 

TRAI N I  NG ALGOR1 THMS 
The n e t  t r a i n e d  to j u s t i f y  t h e  n o i s e  
c a n c e l l a t i o n  c a p a b i l i t y  is shown 
i n  F ig .Cl> .  The s u b s c r i p t s  i,.j and k re fer  
to  t h e  input .  hidden and output  l a y e r  
r e s p e c t i v e l y  and t h e  s u b s c r i p t s  n. m and 1 
correspond to  any u n i t  irr Input .  h i d d m  and 
output  l a y e r .  The n e t  is t r a i n e d  with 
superv is ion  by t h e  requi red  i n p u t  and t a r g e t  
vec tors .  

t r a i n i n g  
are backpropagation and s ta t is t ical  Cauchy’s 
a lgori thm which are presented b e l o w .  

Backpropagation Algorithm: 

The t w o  a lgor i thms employed for 

For each t i m e  s t e p  t h e  fol lowing s t e p s  are 

S t e D - 1 :  I n i t t l i s a t i o n  of weights. Set t h e  
t h e  weights of both t h e  l a y e r s  t o  s m a l l  
random V a l  uos. 
Stev-2: Tho input vector X o , .  . . . .XN-l and 
t h e  t a r g e t  vector  do, . . . , dN-l are formed 
and appl ied  t o  t h e  ne t .  

to bo exacuted. 

Sterr-8: C a l c u l a t e  t h e  a c t u a l  o u t p u t s  of both 
tho layers 

A 

c13 y = f <  k . x .  cw1> 

y = E s t i m a t e d  Output 

c o n s t r a i n  t h e  a c t i v a t i o n  func t ion  i n  t h e  
non-1 i near zone. 

A 

?. = Weighting factor to  

CWI= Weight matrix between any 
t w o  l a y e r s .  

fC.3= A.tanhC.> c 23 S t e ~ - 4 :  C a l c u l a t e  t h e  error & o b j e c t i v e  
funct ion.  

e 

* = d - y  r: 31 

c 4> E =Cl&> 1 Cdk - yk> A 2  
P 

Ep = o b j e c t i v e  f u n c t i o n  

S t e D - 5 :  Adapt t h e  weight. 
tW1 Ct+l3 = CWlijCt> + v . 6  X C 5 )  

hidden node i or f r o m  an  i n p u t  to node j at 
tima t. X i r  e i t h w r  tho output of node i or 

is an  i n p u t ,  r) is a convergence c o - e f f i c i e n t  
varied from 0.1 t O  1.0. bJ is an error term 
f o r  node j. If node j is an output node thela 

where i J  CWI C t >  io t h o  w i g h t  j j  f r o m  

i J  

-j 
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when d is t h e  d e s i r e d  ou tpu t  of node j J 
and yJ is t h e  a c t u a l  ou tput .  

If node j is an  i n t e r n a l  hidden then  

'- 6 CA- Xc/A3 1 6 k C W I j k  c ?> - J  j 
where k is ovor a l l  nodes to t h e  r i g h t  

of node j. 

t h e  o b j u t i v e  func t ion  is minimized. 
Cauchy's Algorithm: 

The fo l lowing  s t o p s  are adopted for 
trai  n i  ng t h e  network . 
Step-1: A v a r i a b l e  T t h a t  r e p r e s e n t s  an  
i n i t i a l  ar t i f ic ia l  tempera ture  is chooson. 
Usually T is i n i t i a l i z e d  t o  a large value.  
Also another v a r i a b l e ,  t = artif icial  t i m e  
analogous to  a s top .  is i n i t i a l i s e d .  
Usually t is set t o  a small value.  H e r e  
T=Q898.0, t=2.0. 
Step 2: A set of i n p u t  is app l i ed  t o  t h e  
network, t h o  corresponding ou tpu t  and t h e  
o b j e c t i v e  f u n c t i o n  is evalua ted .  
Step-3: The weights are changed by a random 
va lue  which is given  as 

x = pCTCt>.tanCPCX>l C 8 3  

The s t e p s  f r o m  1 t o , 5  are repeatd till 

where p = t h e  l e a r n i n g  rate 
co-ef f ici  e n t  

x = t h e  weight change 

PCX> = a radom number s e l e c t e d  f r o m  
a uniform d i s t r i b u t i o n  over t h e  open 
i n t e r v a l  - n e  t o  n e .  
Step-4: If t h e  o b j e c t i v e  func t ion  is 
improvedCreduced> , r e t a in  t h e  weight change. 

E = la C Cd -; >2 
P J J  

C Q> 

Step-5: If t h e  weight change r e s u l t s  i n  an  
i n c r e a s e  i n  t h e  o b j e c t i v e  func t ion .  
calculate t h e  p r o b a b i l i t y  of accep t ing  t h a t  
change from t h e  Boltzmann's d i s t r i b u t i o n  as 
f 01 1 ows . 

PCc3 = exp C-cAl3 c10> 
where PCc>=the p r o b a b i l i t y  of a change of 

c i n  t h e  o b i e c t i v e  func t ion .  
k = a conrtanL analogous to  

Boltzmann's cons t an t  t h a t  must 
be  choosen. 

H e r e  k = is s e l e c t e d .  
T = t h e  ar t i f ic ia l  temperature.  

t h e  o b j e c t i v e  f u n c t i o n  is minimized. 
The above s t e p s  are repeated u n t i l  

RESULTS & DISCUSSION 
I n  t h i s  r e sea rch  t h e  network is 

t r a i n e d  independently for each  case namely, 
fundamental, 3rd Harmonic & 5 t h  Harmonic 
etc. The s i g n a l  genera ted  is goverened by 

y C t >  = 2 sinCkot> + VCt3 c11> 

where k-1.3.5.7.. . n 8, V C t >  is zero mean 
whi te  no ise .  The o b j e c t i v e  f u n c t i o n s  for 
t h e  fundamental, 3 rd  harmonic and 5 t h  
harmonic are presented  i n  F igs .  2.6.7 & 11. 
Fig. 6 shows t h e  local minima t r app ing  with 
backpropagation a lgo r i thm for t h i r d  
harmonic which i s a1 1 evi a t e d  u s i  ng Cauchy's 
a lgor i thm a l though it  is slower i n  
convergence as dep ic t ed  i n '  Fig. 7. The 
i n p u t  with vary ing  a . R s  and t h e  
corresponding o u t p u t s  bea r ing  a close 
resemblence to t h a t  of t h e  desired ones .a re  
r ep resen ted  i n  Figs.  4.9.10 & 1 4  Fig. 3, 8 

& 12 are t h e  t a r g e t  w a v e f o r m s  for 
f undamental , 3r d harmonic and 5 t h  harmonic 
r e spec t ive ly .  Fig. 5 & 1 3  e x h i b i t  tha 
inadequate  i n p u t  samples and t h e  p red ic t ed  
ou tpu t s  which ara upto  t h o  m a r k s  and hence 
it is claimed t h a t  Neural N e t  based n o i s e  
c a n c e l l e r  is supcriar to the exiistiny 
mot hods. 

CONCLUSION 
Exhaustive computer s imula t ion  r e s u l t s  
e s t a b l i s h  t h o  v a l i d i t y  t o  op t  for t h e  
proposed schenw over t h e  e x i s t i n g  digital  
filters. The performance i n  e x t r a c t i n g  t h e  
signal components from inadequate  co r rup ted  
d t a  excel over t h e  e x i s t i n g  t ech in ique r .  
.;?a local minima t r app ing  e f f e c t  of t h e  
o b j e c t i v e  f u n c t i o n  is circumvented by 
swi th ing  over t o  Cauchy's a lgor i thm.  The 
combined backpropagation and Cauchy's 
a lgor i thm is being s t u d i e d  to  overcome local 
r in ima  t r app ing  and to  achieve  faster 
convergence. The n e t  is found to  ' be f a u l t  
to le ran t  and real t ime  implementation of t h e  
proposed scheme seems t o  be more promising. 
Ikve l  opmant and i mpl ementati  on of t h e  
gene ra l i s ed  f i l t e r  is i n  p rogres s  by 
empl oyi ng both adap t i  ve Pa t  t e r n  R a c o g n i  t.i on 
concept and robus t  t r a i n i n g  a lgor i thm.  
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