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A B S T R A C T

T h e  app lica tion  of neural networks in the  a rea  of signal processing is exam ined . Two m ajo r  

a reas  a re  identified and  su i tab le  neural networks a re  developed. In th e  first area, neural 

netw orks a re  used as a  tool for the design of d igital filters. In th e  second area, neural 

netw orks a re  used for processing b a th y m etr ic  d a ta .

T h e  field of artificial neural networks is first in troduced  with an  em phasis  on Hopfield 

netw orks. T h e  optim izing capabilities o f  such networks are  no ted . Based on these networks, 

a  feedback neural network is developed for th e  design o f  1 -0  fin ite-duration  impulse response 

(F IR ) filters on th e  basis o f  given am pli tude  responses. A su itab le  cost function is form ulated 

first and  an  associa ted  netw ork  is developed. This work is then ex tended  to  th e  design of two 

m ore ne tw orks for the  design of F IR  filters based on given am p li tu d e  an d  phase responses 

and  prescribed specifications. T he idea is extended to  the  design o f  2-D F IR  filters. Tw o 

netw orks a re  presented for designing 2 - 0  F IR  filters on the  basis o f  a  given am pli tude  

response an d  prescribed specifications. T he  design of l -D  inhn ite -du ra tion  impulse response 

(HR) filters is s tud ied  next and  two networks are developed. T h e  first one is to  design filters 

with prescribed specifications in the m agn itude-squared  dom ain . T h e  o th e r  network designs 

HR filters for a given frequency response. .A. network for designing equiripple  l -D  FIR  filters 

based on th e  weighted least-squares technique is presented  next.  .A new u p d a t in g  algorithm  

is developed for th is  network.

T w o  different neural netw orks are proposed for classifying lidar waveforms into various 

categories. .A single-layer netw ork is developed for classifying lidar w aveform s representing 

milt o f  varied densities. .A fas t  version of the  supervised learning a lgo ri thm  is presented. 

.A th resho ld  te rm  is also introduced in th e  recall phase to  give th e  user flexibility to  accept 

or re ject an y  waveform. A two-stage, multi-layer netw ork  is presented  next which uses 

waveform cha rac te r is t ic s  to  assign a  s igna tu re  n u m b er  to th e  waveform. This netw ork 

e x t ra c ts  various ocean p aram ete rs  from the  waveforms as well.

T h e  issue of im plem enting  th e  feedback neural ne tw ork  is addressed  next.  Basic building 

blocks for im p lem en ting  such networks are identified an d  a  netw ork  is co n s tru c ted  from 

circuits ex is t ing  in th e  l i te ra tu re .  T he network is s im ula ted  in C adence  using 0.8 n  B ICM OS
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technology. The results show that these networks have a high potential to be implemented 

in analog VLSI for real-time signal processing.
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Chapter 1

N eural N etw orks and Signal 

Processing

1.1 Introduction

Artificial neural netw orks a re  networks of simple processing elements called neurons. T hey  

are  connected to  each o th e r  by weights. T h e  s t re n g th  of the  connections or th e  weights 

determ ine th e  degree o f  in teraction  am ong  the  neurons. The knowledge th a t  a  neural 

network is supposed  to  possess lies in its connectiv ities , in th e  so called connection is t  model, 

neurons are represented  by amplifiers and  resistors m odel th e  synapses or th e  weights. Each 

neuron multiplies th e  incom ing  signals by th e  correspond ing  weights and  sum s th em  up. If 

this sum or th e  ac tiva tion  value is more th an  a  th resho ld ,  the  neuron changes its  o u tp u t .  

T h e  network can be t ra in ed  to  ad just  its weights in th e  learning phase. T h is  is a  very 

coarse approx im ation  o f  w h a t  goes on in our  bra in . Still, th e  network is able to  perform  

some tasks  more easily th a n  a  trad it ional c o m p u te r  because of massive connectiv it ies  and  

parallel o pera t ions  of all th e  elements.

The applica tions of neura l  networks in th e  a rea  o f  signal processing can be b road ly  clas­

sified into  two groups:

1) Use of neural netw orks as a  tool for the  design o f  dig ita l filters.

2) Use of neural netw orks d irec tly  for signal processing.

F iltering is one of th e  m o s t  im p o r tan t  tasks  in s ignal processing. In this process, a  given 

signal is m an ipu la ted  by perform ing  certain  o p e ra t io n s  to  ob ta in  an o u tp u t  s ignal whose



frequency sp ec tru m  is a  modified version o f  th a t  of the  inpu t signal. F iltering is per­

formed by filters, e i the r  ana log  o r  d igita l.  T h e  theory  and  design of ana log  filters have 

been investigated for decades  and  a re  now well established. W ith  th e  ad v en t  of high-speed 

com puters  and  th e  availability  o f  ded ica ted  microelectronic circuits  and  chips, dig ita l filters 

have evolved and  have estab lished  themselves as more th an  a  viable tool for signal process­

ing. T h e  procedures for th e  design o f  digital filters t h a t  have been repo rted  in recent years 

a re  alm ost always softw are  o rien ted , i.e.. the  design is carried o u t  by co m p u te r  p rogram s. 

However, a  properly fo rm ula ted  neural network can be designed to perform  th e  sam e  design 

tasks  with the  added  a d v a n ta g e  t h a t  it can be im plem ented in very-large-scale in tegra tion  

(VLSI).

In certain  tasks, e.g., speech an d  image processing [43], [61]. th e  inpu t d a t a  need to  be 

processed before any useful in fo rm ation  can be ex trac ted  from the  signal. N eural netw orks 

a re  a  good choice for these  tasks .  Because of their  massive connectivities, th ey  tend  to  

ou tperfo rm  trad it ional co m p u te rs  for certain  cognitive tasks  like p a t te rn  recognition and  

classification. T h e  sam e  idea can be used advantageously  for b a th y m etr ic  d a ta .  Because of 

th e  inherent em bedded noise, th e  signals need to  be classified into various g roups  before a 

su itab le  a lgorithm  can be applied . . \  properly construc ted  neural netw ork  can be tra ined  

for this purpose. In th e  nex t  section, a  brief in troduction  to  the  field o f  a i rbo rne  laser 

b a th y m e try  is presented.

1.2 B athym etry

B a th y m e try  is an a rea  of science th a t  deals with  the  m easu rem en t of d ep th s  of w ate r  

in oceans, seas, and  lakes as  well as in form ation derived from such m easu rem en ts .  To 

increase dep th  m easuring  capab il i ty  and  to  enhance the  accuracy, a irbo rne  laser b a th y m ete rs  

have been in troduced. In a i rb o rn e  laser ba thym etry ,  sea d ep th  is m easured  using th e  light 

detec tion  and  ranging (lidar) sy s tem . LA RSEN 500 is a  lidar sys tem  in troduced  in C a n a d a  

for m apping  sea-bed to p o g ra p h y  in coasta l  areas.

T h e  laser-beam  g eo m etry  for th e  LA R SEN  500 sys tem  is shown in F igure  1. 1. Blue-green 

and  infrared (IR) pulses a re  p ro jec ted  s im ultaneously  from an a irc raf t  in a  quasi-c ircular 

fashion [67]. T h e  reflected light is collected by an  optical telescope. T h e  received signal 

comprises a  s t ro n g  surface reflection, a  volumetric backsca t te r  from the  w a te r  colum n, and
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Figure l . l :  Laser-beam  geom etry  for th e  L A R S E N  500 sy s tem  (adap ted  from [67]).

a  weak reflection from th e  bo tto m . T h e  n a tu re  o f  th e  reflected signal depends on a  num ber 

of p a ram e te rs ,  e.g.. s ea  depth , w a te r  quality, sea  s ta te ,  an d  sea-bed s t ru c tu re ,  to  nam e a 

few. .A. typical lidar waveform with its  different p a r ts  identified is shown in F igure  1.2.

T h e  presence o f  any  floating o r  subm erged  o b jec ts  such as milt o r  fish is also reflected 

in the  received waveforms. T hus  a  properly fo rm ula ted  neural netw ork  can be used along 

with lidar technology for the detec tion  of fish popu la tions  in coasta l  areas. T rad it io n a l  

surveys norm ally  co n cen tra te  on offshore d eep -w ate r  env ironm ents .  However, for some 

im p o r ta n t  com m ercial species like herring, near-shore  w aters  are  th e  usual h a b i ta ts  o f  young 

fish. Because of th e  problem s associa ted  with th e  use of big ocean-going vessels in coasta l 

areas ,  l idar technology has  proven to  be one of th e  m ost a t t r a c t iv e  choices for th is  purpose . 

However, a  reliable m ethod  is required by which small var ia tions  in the  waveform due  to 

th e  presence o f  fish can be detected .

A n u m b er  o f  signal processing a lgorithm s [68]-[71] have been proposed to  im prove  sea- 

d ep th  es t im a t io n  for different ocean conditions. T h e  existing w aveform -processing algo­

ri th m s are  m ostly  heuristic  and do not consider varying ecological diversities. In o rd e r  to
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Figure  1.2: A typical l idar waveform.

apply  these  a lg o r i th m s  successfully to  different ocean env ironm en ts ,  a  new classification 

schem e needs to  be developed which should  in co rpo ra te  all th e  ch a rac te r is t ic s  o f  th e  wave­

forms. M ulti- layered  neural netw orks have been used successfully in a  n u m b er  o f  real-world 

app lica tions ,  e.g ..  speech recognition [16]. m ili tary  ta rg e t  identification  [20]. and  are  n a tu ­

rally su i ted  for th e  classification o f  o b jec ts  o r  p a t te rn s  such as l idar w aveform s. T h e  netw ork 

should  be ab le  to  classify waveforms in to  different g roups as well a s  e x t ra c t  various types 

of ocean in fo rm a tio n ,  and  it should  be such th a t  new waveforms from  different sites can be 

added  w i th o u t  h indering  i ts  perfo rm ance. In o th e r  words, th e  n e tw ork  should  be able to 

handle  d a t a  from  diverse sea  s ta te s  and  ecological conditions. T h e  kind of neural  netw ork  

th a t  should  be used for a  specific ta sk  d ep en d s  on th e  task  itself. In th e  nex t section, a  

brief in t ro d u c t io n  to  artificial neural netw orks is presented.

1.3 N eu ral networks

■Artificial n eu ra l  netw orks were biologically inspired [59]. T h ey  a re  ne tw orks of s imple 

processing u n i ts  in te rconnected  by weights of variable s tren g th s .  T h e y  are  neural in the  

sense t h a t  th e  co m p u ta t io n  is done collectively ra th e r  than  individually . In general,  in a  

neural n e tw o rk ,  an  amplifier w ith  a  nonlinear o u tp u t  transfer ch a rac te r is t ic  form s th e  cell



body, wires replace axons and  dendrites,  and  resistors model the  sy n ap t ic  connections or 

weights  am o n g  the  in teracting  units . W hen  a  neuron  is ac tiva ted , it  eva lua tes  all inputs  

from o th e r  neurons and construc ts  the  weighted su m . If th e  sum . which is often referred to 

as th e  ac tiva tion ,  goes beyond a  p redeterm ined  threshold , th e  neuron changes its o u tp u t .

In m a th em a tica l  term s, if O j  represents  th e  j t h  neural o u tp u t ,  th e n  th e  to ta l  ac tivation 

ac t,  o f  th e  t th  neuron is given by

ac t,  =  ^ 2
j

w here is th e  s treng th  of connection from un it  u j  to  unit u,. T h e  o u tp u t  o f  u, is given 

by O, =  f ( a c t i ,d i )  where /  is a  nonlinear decision-m aking function a n d  0, is th e  threshold 

voltage.

T h e  s t re n g th  o f  connection between two neurons determ ines th e  degree o f  interaction 

between th e  two. It can be e ither exc ita to ry  o r  inhibitory, represented norm ally  by positive 

or nega tive  weights. If the connection is exc ita to ry ,  then the  ac tiva tion  of th e  neuron is 

increased and  if it is inhibitory, the  activation is reduced.

W h en  a  netw ork is ac tivated, all the  neurons o p e ra te  in parallel and  respond by ad justing  

the ir  s ta te s .  In th e  synchronous u p d a te  m ode, th ey  sim ultaneously  u p d a te  the ir  s ta te s  at 

each pulse o f  a  cen tral timing clock: while in asynchronous  u pda te ,  each of th e  neurons, at 

each in s ta n t  o f  time, has a  fixed probability  o f  u p d a t in g  its s ta te .  Since th e  neurons u p d a te  

the ir  s t a t e s  independently, in a  very small t im e fra m e  only one neuron  can be th o u g h t  of 

u p d a t in g  its s ta te .  W hatever th e  u p d a t in g  procedure ,  eventually  th e  neurons se t t le  to  a 

s tab le  s t a t e  representing some global configuration . This is achieved by utilizing the  locally 

available in form ation  and the massive parallelism inherent to  th e  sys tem .

Different researchers have proposed netw orks em ploying different un its  in different con­

figura tions [l] bu t most can be encom passed w ith in  the s ta ted  fram ew ork . T h e  m ajor 

differences a re  noted  below.

•  C onnectiv ity :  Connectivity  varies from single-layered networks (e.g.. Hopfield nets) 

to  multi-layered networks with hidden un its  (e.g., backprop ne ts) .  B ackprop nets are 

s tr ic t ly  feedforward and connections a re  essentially  unidirectional.  Hopfield nets, on 

th e  o th e r  hand ,  have bidirectional connections.

•  N eural  units: Neural units  can be linear if th e  o u tp u t  of th e  neuron  is an identity 

function  o f  th e  activation value [.59]. On th e  o th e r  hand, in the  linear th resho ld  unit



like the  percep tron  [72]. th e  o u tp u t  is 1 if th e  ac tivation is m ore th an  th e  threshold  

value. However, the  m ost com m on  model is th e  one utilizing a  sem ilinear ac tiva tion  

function which is a m onotonically  non-decreasing differentiable function.

•  S ta te s :  O u tp u t  s ta te s  can be b inary  as in Hopfield’s con ten t  addressab le  m em ory  [34]. 

backprop  netw orks [59], o r it  can  be a  con tinuous  value as in Hopfield’s neural decision 

networks [37].

•  .A.ctivation: T h e  o u tp u t  function  or th e  decision can be e ither de te rm in is t ic  o r  p rob­

abilistic. T h e  models employing th e  fo rm er a re  Hopfield nets, backprop  nets  etc ..  

whereas th e  B oltzm an m achine [1] employs a  probabilistic response function.

•  R epresen ta tion : T he  overall rep resen ta tion  can be local where th e  s t a t e  of individual 

units  m ay  represent som eth ing  meaningful. By co n tra s t ,  in th e  d is tr ib u ted  repre­

sen ta t ion ,  th e  s t a t e  of each un it  has to  be in te rp re ted  in conjunction  with all o th e r  

neurons.

It is worthwhile, in this contex t,  to  discuss Hopfield nets  [35]. In a  Hopfield net. every neuron 

is connected  to  every o th e r  neuron excep t to  itself (i.e. fk’,, =  0). T h e  o th e r  restr ic tion  is 

t h a t  th e  weights a re  sym m etrical,  t h a t  is Wij =  . For a  tw o -s ta te  neuron i. the  to ta l

inpu t is

-Tr = ^ T i j V j  - f  li 
J

where /, is an  ex te rn a l  inpu t to  neuron  i and  Vj is th e  o u tp u t  of neuron j .  In th e  s im plest,  

non-graded  form ulation , the  o u tp u t  of neuron i is V] =  if z ,  >  Ui and  otherw ise , 

where is th e  th resho ld  for neuron i. An energy function such as

c = E  EruV.'", -  E  f'V, + Ec.v'i (11)
i 1

m ay be assoc ia ted  with th e  network [35]. T h en  th e  change  in energy, AF7, due  to  th e  change 

in th e  o u tp u t  o f  neuron i is given by

A E  =  - AVi

=  -  [xi -  E,] AVi ( 1.2 )

T h e  above q u a n t i ty  is always negative because if l i  >  L'i. then  A %  is positive: o therw ise , 

bo th  of them  a re  negative. T hus  an y  change in V/ lowers the  energy function. Since E  is



bounded , th e  system  even tua lly  reaches a  s tab le  s t a t e  when th e  o u tp u ts  stabilize. s im ilar  

expression for the  energy function can also be ob ta ined  for neurons with graded  response  

[36],

1.3.1 Learning

T h e  inform ation  con ten t  in a  neural netw ork  resides in th e  connection s t ren g th s .  L earn ing  

is th e  process of ad ju s t in g  th e  connection  s t re n g th s  o r  w eights in such a  way as to  p ro d u c e  a 

set o f  desired o u tp u ts .  L earning can  be broad ly  classified in to  supervised and  unsuperv ised  

learning. In supervised learning, in p u ts  a re  presented along with a se t  o f teach ing  in p u ts .  

W eights a re  ad justed  s te p  by s tep  under  th e  supervision of the  teaching in p u ts  so t h a t  

th e  netw ork  will produce a  correc t  o u tp u t  p a t te rn  w henever the  tra ined  in p u t  p a t t e r n  is 

p resented . In unsupervised learning, the re  is no teach ing  in p u t .  However, th e  netw ork  learns  

by c a p tu r in g  the  regularities o f  th e  inpu t  p a t te rn s  and  responding to  any  special fe a tu re  

th a t  m ay be present in th e  in p u t  p a t te rn s .  .A. brief review of th e  back p ropaga tion  learn ing  

schem e (supervised learning) an d  com petit ive  learning (unsupervised learning) follows nex t .  

.A detailed  discussion on these  tw o learning schemes can be found in [.59]. [72]. an d  [4-5].

B ackpropagation  neural netw orks a re  s tr ic t ly  hierarchical feedforward multi-layered n e t ­

works as shown in Figure 1.3. T h e  first layer is th e  in p u t  layer which receives ex te rna l  in p u ts  

and feeds th e  o u tp u ts  to  th e  nex t  layer of hidden units .  .Any layer can receive in p u ts  from 

the  layer ju s t  before it an d  can  t ran sm it  th e  o u tp u t s  to  th e  layer im m edia te ly  a f te r  it. 

T here  m ay  be more th an  one hidden layer and  only one o u tp u t  layer. N eurons in h idden 

and  o u tp u t  layers em ploying sem ilinear ac tiva tion  rules a re  useful for c ap tu r in g  h igher-o rder  

regularities. Besides these un its ,  there  m ay  also be bias un its  which are  always on an d  are  

connected  to  hidden and o u tp u t  units.

B ackpropagation  learning involves two phases o f  co m p u ta t io n .  It basically minim izes 

the  sum -squared  error over all th e  o u tp u t  un its  an d  all th e  tra in ing  p a t te rn s  using a  s teep e s t  

descent m ethod . Inputs  a re  p resen ted  an d  th e  netw ork  co m p u tes  the o u tp u t s  (Opfc). T h ese  

o u tp u ts  a re  then com pared  w ith  the  desired o r  th e  teaching  inputs  (fpt) to  g en e ra te  th e  

erro r  signal Spk where su b scrip t  p  represents  an y  p a t te rn  p  and  k  is any  unit .  W eights a re  

then  ad ju s ted  for all the  connections feeding th e  o u tp u t  layer according to

kj — ^^okUpj (1.3)
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where q is th e  learning ra te  and ijp  ̂ is th e  in p u t  to  un it  k  from un it  j  for p a t t e r n  p. It can 

be shown th a t  for th e  o u tp u t  units

— {fpk Opf;) f

w here  / '  is th e  derivative of the ac tiva tion  func tion  with  respect to  its a rg u m e n t .  T h e  J 's  

a re  then  co m p u ted  for th e  p en u lt im a te  layer as

(1.4)

where j  and  k  a re  indices of  in te rac ting  n eu rons .  T h u s  the  e rro r  is p ro p a g a te d  back one 

layer. By utilizing th e  recursive form ula  o f  (1 .4),  th e  e rro r can be co m p u te d  for any  un its  

in a  layer and  th e  weights a re  ad jus ted  acco rd ing  to  (1.3). It is im p o r ta n t  to  n o te  t h a t  th e  

p a t t e r n s  are required  to  be presented re p ea ted ly  in o rd e r  to  g en e ra te  th e  p ro p e r  in terna l 

rep resen ta tion .

A  typ ical ac tiva tion  function em ployed by th e  h idden and  the  o u tp u t  u n i t s  is given by 

1
1 4-



This is a  sigmoid function which is differentiable as well. T h e  derivative of /  with respect 

to  th e  ac tiva tion  value. / ' .  is given by 

âok

This  deriva tive  is m axim um  for ojt =  0.5 an d  since th e  change in weight depends  on th is  

derivative , th e  weight change will be m ax im um  for th e  un its  w ith  o u tp u ts  nea r  th e  mid 

range.

In th e  com peti t ive  learning m ethod  [59]. un its  are  also organized in a hierarchical layered 

fashion. . \n y  units  can receive inpu ts  from all th e  un its  in th e  layer im m ediately  below an d  

can feed th e  o u tp u t  to  all the un its  in th e  nex t  up p er  layer th ro u g h  exc ita to ry  connections  

only. .\11 th e  un its  in a  layer a re  grouped  to g e th e r  in to  a  n u m b er  of clusters . U nits  in 

a c lu s ter  inhibit each o ther so t h a t  only one unit in a  c luster  is active {w inner-take-a ll  

s t ra teg y ) .  Each unit has a fixed am o u n t  of weight d is t r ib u te d  over all the  inpu t lines, i.e.. 

H j  =  U Learning is achieved by sh ifting  weights from th e  inactive inpu t lines to  th e  

active ones. If a  un it  wins, then  each of th e  input lines gives up a  proportion  [k) o f  its 

weight which is redistributed  am o n g  th e  ac tive  lines, t h a t  is.

{ 0 if unit i loses

k - ^  — kW ij  if unit  wins

where Lj  =  I if th e  input line from unit j  is ac tive  and  n is th e  to ta l  num ber of ac tive un its .  

However, if the  the  input p a t te rn s  have a  few ac tive co m p o n en ts ,  th en  some o f  th e  lines m ay 

never be on and  th e  corresponding unit m ay never win. In o rd e r  to remove th is  co n s tra in t ,  

th e  weight can also be changed according to  th e  above equa tion ,  even if the  unit loses, bu t  

a t  a  much lower proportion . T h a t ,  a t  least, will enable  th e  unit to be in the  co m p eti t io n .  

Sim ilar perfo rm ance  can also be achieved by chang ing  th e  th resho ld  in such a  w ay t h a t  th e  

unit becomes more sensitive when it loses an d  becomes less sensitive otherwise.

1.4 Literature review

T h e  earliest neural network model in troduced  by Hopfield employed tw o-s ta te  neurons [35]. 

Later, he cam e up with a neuron model t h a t  uses a  con tinuous  nonlinear function for 

in p u t -o u tp u t  m app ing  [36]. .4n im p lem en ta t ion  o f  th is  model using electrical co m p o n en ts
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is shown in Figure 1.4. T h e  con tinuous-tim e model is charac terized  by a first-order o rd inary  

nonlinear differential equation  of the  form

^  =  è  +  A -  j u i  (1.5)
a t  j= i  Oi

where u, is the  input voltage of neuron i. is th e  s t re n g th  o f  th e  connection  between

neurons i and  j .  is th e  ex ternal inpu t ,  g, is th e  to ta l  co nduc tance ,  and  C, is th e  input

capac itance  to  th e  in p u t  of neuron i. T h e  q u a n t i ty  vj is th e  o u tp u t  of neuron j  and

Vj =  g{Uj)  is a  nonlinear m apping. T  is a  sy m m etr ic  m a tr ix  with zero d iagonal entries.

t h a t  is. Tii =  0 and 7",y =  Tj,. These netw orks a re  associa ted  with an energy function im

th e  n-dimensional o u tp u t  space given by

(1 6 )È TijUiUj -  ̂  liVi f  g, ^{z)dz
1=1 j=i 1=1 1=1 ®

T h e  corresponding  energy function in th e  s ta te  space u" of a n  a sy m p to t ic a l ly  s tab le  system  

would be th e  sys tem 's  Liapunov function [72]. It has been show n th a t  th e  single-layer 

recurren t network evolves th rough  its s ta te s  in such a  way th a t  the  energy function is 

minimized and  the s tab le  s ta te s  of th e  network correspond  to  th e  local m in im a of the 

energy function.

S tab ili ty  and  convergence are  the  tw o main issues with Hopfield netw orks. It has been 

proved th a t  the  network is asym pto tica lly  s tab le  and  the netw ork  always reaches one of 

the  s tab le  s ta te s .  In o rde r  to  find the  equilibrium points, one can d iffe ren tia te  the  energy 

function with respect to  th e  o u tp u ts  and  equa te  th e  resulting expression to  zero. However, 

d iffe ren tia ting  once more reveals th a t  th e  Hessian m a tr ix  o f  th e  sy s tem  is th e  negative of 

the  weight m atr ix  W .  Since the  d iagonal entries o f  the  weight m a tr ix  a re  all zero, the 

sys tem  has neither m in im a or m axim a because W  is neither positive or negative definite 

[72]. T h is  m eans t h a t  the  energy function E ( v )  possesses no unconstra ined  m inim a. It has 

been proved in [53]. [54] t h a t  th e  constra ined  m inim a for th e  b inary  case a re  th e  vertices of 

th e  [—1. I] hypercube. In the continuous-tim e case where th e  gains  o f  th e  neurons are  very 

high, th e  m in im a would again  be a t  th e  cu b e  corners.  However, for finite-gain neurons, the 

m in im a are  within the  cube, close to  th e  corners. Since the  sy s tem  equa tion  has more than  

one solution , th e  solution reached by th e  ac tua l  netw ork  depends on th e  sys tem  p aram ete rs  

and  initial conditions.

Since th e  Hopfield netw ork minimizes th e  energy function, it can be used in op tim iza­

tion problem s by form ulating  a  cost function th a t  coincides with th e  energy  function of the
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Figure 1.4: C o n tinuous- tim e  Hopfield network. The black square  e lem en ts  a re  th e  weights.

netw ork. T h e  search for an  energy m inim um  performed by g ra d ie n t - ty p e  netw orks corre­

sponds  to  the  search  for a  solution in an optim iza tion  problem . Hopfield and  T an k  used 

this network to solve th e  traveling-salesm an problem [37], and  to  design .A./D converters , 

signal-decision c ircuits ,  and linear p rog ram m ing  circuits [34]. T h e  resu lts  were inspiring 

and  led to  th e  pub lica tion  of a  num ber of papers  dealing w ith  o th e r  ap p lica tio n s  (for a  list, 

please refer to [64]). T h e  problem s associa ted  with these netw orks a re  t h a t  th e  solutions 

m ay or may not be g lobal. In addition , the  network m ay give rise to  sp u rio u s  s t a t e s  which 

are  no t s tab le  [47]. T h e  final s ta te s  o f  the  network are  very much d e p e n d e n t  on th e  initial 

s ta te s  of the  netw ork . A num ber of papers  have been published in recen t  years  addressing  

these problems [6], [24], [2.5], [49]. [.53], and  [60]. Some innovative netw orks along with 

the ir  learning a lg o r i th m s  have been developed [2.5], [18]. In effect, t h e  linear p ro g ram m ing  

netw ork  has g rea t  p o ten t ia l  in th e  field o f  signal processing.
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In a linear program m ing  problem , a  cost function

Tr  =  a  V

is m inimized su b jec t  to  a  set o f  c o n s tra in ts  

w j v  > bj . j  =  I.  • • • , m

(1.7)

( 1.8 )

where  a  =  [ni 0 2  • • • a„]^ . v  =  [vi V2  • • - an d  =  [(Ujt iVj2  ■ ■ • u’jn ]^ -  T h e  netw ork 

consists  o f  two sets  o f neurons. T h e re  a re  n  linear neurons {g neurons) w hose o u tp u t s  { l \ ]  

c o n s t i tu te  th e  variables of th e  problem  an d  m  nonlinear /  neurons  whose o u t p u t s  represent 

c o n s tra in t  satisfac tion . T he  ne tw ork  em ployed by Hopfield is show n in F igu re  1..5. T he

-w.

-w„

-w

Figure  1.5: Hopfield’s linear p ro g ram m in g  netw ork .

detailed  opera t ion  and  the convergence ch a rac te r is t ic s  for the  ne tw ork  are  discussed in [65] 

and  [72].



T h e  design of one-dimensional (1-D) fin ite -dura tion  im pulse  response (F IR ) filters based 

on Hopfield's linear program m ing netw ork has been considered in [48]. A sw itched-capacito r  

in teg ra to r  was used to realize each neuron . A d ap tiv e  F IR  filters using a  s im ilar  network 

were reported  in [22], [23], and  [21]. A leas t-square  (LS) e r ro r  function was minimized for 

the  sy s tem  identification of a  low-order p lan t.  .A sim ilar  work for realizing a d a p tiv e  F IR  

filter w ith  a  non-LS cost function has been rep o r ted  in [26].

K ennedy  and  C hua  [40] used in teg ra to r  cells to model neurons and  m ap p ed  th e  cost 

function an d  constra in ts  into a  canonical nonlinear circuit.  T heir  model can be used for 

bo th  linear and nonlinear program m ing. Rodriguez-V azquez et al. [66] used a  switched- 

cap ac ito r  network to realize th e  cost function an d  co n s tra in ts .  .Another im proved version 

of th e  netw ork  was reported in [17].

While Hopfield-type neural networks m ad e  th e ir  a p p e a ra n ce  in recent years , th e  h istory 

of feedforward neural networks can be traced  back to  the  4 0 ’s when M cCulloch and  P i t t s  [72] 

first ou tlined  the  formal model of an e lem en ta ry  neuron. Since then different neural models 

and learning algorithm s have been proposed [.59]. [72]. [4.5]. and  [38]. T h e  backpropaga tion  

learning a lgorithm  formulated by the Paralle l D is t r ib u ted  Processing g ro u p  a t  M IT  has 

been extensively used by researchers. Even dy n am ic  backpropaga tion  has been developed 

for recurren t neural networks for identification an d  contro l o f  nonlinear d y nam ica l  sys tem s 

[50]. [51]. .Another network th a t  has been s tud ied  ex tensib ly  is K ohonen 's  w inner-take-all  

network [72]. [4.5].

1.5 M otivation for and organization o f the thesis

M any  problem s in science and engineering involve solving a  set o f  linear eq ua tions  [49]. 

In m any  applica tions like robotics, signal processing, an d  au to m a t ic  control,  an  on-line 

solution of a  set o f linear equations is desired. For such real-tim e applica tions, a  digital 

co m p u te r  m ay  not have the  required speed or i ts  use m ay  be too expensive. O ne possible 

ap p roach  for solving such problems would be to  use ana log  artificial neural netw orks such 

as Hopfield’s linear program m ing network. T h e  task  a t  hand  can be fo rm ulated  as a  cost 

function for an  optim ization problem. T h e  cost function th u s  formed can be m ade  identical 

w ith th e  assoc ia ted  energy function of th e  netw ork . By v ir tu e  o f  its co n s tru c t io n ,  the  

netw ork minimizes the energy function an d  hence th e  cost function of th e  op tim iza t ion
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problem . W hen s tead y  s t a t e  is reached, the  solution o f  th e  op tim iza tion  problem  is available 

a t  th e  o u tp u t  o f  th e  network.

T h e  m otiva tion  for designing these kinds of ne tw orks  is two-fold. F irs t,  by cons truc ting  

an d  s tu d y in g  a  simple netw ork, one can possibly ex ten d  the  idea  for solving m ore complex 

problem s. Second, the  netw ork  can be im plem ented  in analog VLSI. O ne can  a rgue  ab o u t  

th e  precision o f  an  ana log  im plem entation . However, because o f  th e  massive connectivity , 

th e  e r ro r  in troduced  in th e  network by the  m ism atch  am ong  devices and  low noise im m unity  

is to le ra ted .  On top  of th a t ,  one needs basically multipliers, adde rs ,  and amplifiers as the 

building blocks for such networks and all these co m p o n en ts  a re  m ore easily an d  efficiently 

im plem ented  in analog VLSI th an  in digital VLSI.

Digital filters are  essential tools for signal processing. In th is  thesis, a  s im ple netw ork like 

Hopfield's linear p rog ram m ing  network for designing 1-D F IR  filters is p roposed . T h e  idea 

is th en  ex tended  to  designing o ther  complex filters. Since the netw ork  can be im plem ented 

in VLSI, filters thus  ob ta ined  can be designed in real-time.

, \ s  for using neural networks to perform signal processing directly, two neural network 

schemes have been developed for classifying lidar waveforms in to  various categories .  The 

m otiva tion  being their  p o ten t ia l  impact on fishing industries .  From  ou r  regular co n tac t  with 

the  relevant industries, it was apparen t  t h a t  there  is a  d ire  need for a  reliable m ethodology 

to  process lidar waveforms for various tasks. For s to ck  es t im ation  and  preservation  of fish 

population , spa tia l  d is tr ibu tion  of different fish species is desirable. On the  o th e r  hand , if we 

could overlap th e  spa tia l  d is tr ibu tion  of various sea -bed  s t ru c tu re s ,  researchers m ay  be able 

to  deduce aspec ts  of the  fish habits  which would have a  t rem en d o u s  im pact on commercial 

fisheries.

T h e  idea  of designing 1-D F IR  filters with Hopfield ty p e  neural netw orks is in troduced  

in ch a p te r  2. T h e  th ree  m ost common design techniques a re  addressed , namely, design on 

the  basis of a  given am p li tu d e  response, design on th e  basis o f a  given frequency response, 

and  design to  achieve prescribed specifications. T h e  cost function for each case is first for­

m ula ted  and  th e  associated network is then  co n s tru c ted .  Detailed convergence and  s tab il ity  

cr ite ria  a re  included along w ith  examples. It is proved in each o f  th e  th ree  netw orks th a t  

the  so lutions ob ta ined  by th e  network are global. T h o u g h  th e  m a th em a tica l  form ulations 

are  presented for linear-phase F IR  filters with sy m m etr ica l  im pulse responses, th e  sam e 

networks can  be used for any  o th er  symmetries.
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C h a p te r  3 deals w ith  the  design of 2-D F IR  filters. Two design m e th o d s  a r e  included, 

one for designing a  filter based on a  given am p li tu d e  response and  th e  o th e r  to  achieve 

prescribed specifications. Filters with q u a d ra n ta l  sy m m etry  are considered here an d  a 

similar idea can be used for o th e r  types  o f  filters. .A. detailed design p rocedure  is included 

and th e  convergence properties  are s tud ied .

T h e  design of 1-D  infinite-duration im pulse response (HR) filters is exam ined  in c h a p te r  

4. T h e  first p a r t  deals  with the  design o f  HR filters in m agnitude-squared  d o m ain  while the 

second p ar t  is concerned with the design o f  HR filters based on given am p l i tu d e  and  phase 

responses.

T h e  sam e idea is ex tended  in ch a p te r  5 to  the  design of equiripple F IR  filters. By using 

a few e x t ra  co m p o n en ts  along with the  netw ork presented  in ch ap te r  2 . it is show n th a t  the 

network can  solve weighted least-squares ap p ro x im a tio n  problems for designing equiripple 

FIR filters, d igita l d ifferentiators, and Hilbert t ransform ers .

In c h a p te r  6 . real-life lidar waveforms have been classified by using bo th  single-layer 

and m ulti-layer neura l  networks. W aveforms ob ta ined  off the coast o f  V ancouver Island 

representing milt o f  varied densities a re  successfully classified. T he  multi-layer ne tw ork  is 

also tra ined  to  e x t ra c t  information regard ing  th e  quali ty  of w ater  from lidar w aveform s 

obtained from the  C an ad ian  .Arctic region.

In ch a p te r  7. th e  basic building blocks for im plem enting  feedback netw orks a re  identified 

and designed. O ne netw ork  for designing 1-D linear-phase F IR  filters for a  given a m p l i tu d e  

response has been s im ula ted . It is shown th a t  th e  network is able to  g en e ra te  th e  filter 

coefficients in a  few microseconds. .All th e  design an d  simulation work is done  using the  

C.AD package C adence.

C h a p te r  8 sum m arizes  the conclusions of the  thesis and outlines re co m m en d a t io n s  for 

fu r the r s tudies.



C hapter 2

1-D FIR  Filters

2.1 Introduction

T h e  two m ost t rad it ional m ethods  for designing  F IR  filters a re  the window m eth o d  a n d  by 

op tim iza t ion  [5], [56]. T h e  window m eth o d  achieves closed-form solutions an d  hence it is 

much less com pu ta t iona lly  intensive. However, th is  m ethod  gives subop tim a l so lu tions, t h a t  

is. it is a lways possible to  design a  filter w ith  th e  sam e order  bu t  with a  b e t te r  p e r fo rm an ce .  

In o p tim iza t io n  m ethods, a  cost function is co n s tru c ted  which is then minimized with  re sp ec t  

to  the  filter coefHecients. These techniques a lm ost always require ex tensive c o m p u ta t io n  

and  th e  final solutions depend heavily on  th e  initial choice of the filter coefficients. By 

selecting  a  p rope r  op tim ization a lgo ri thm , it is possible to  achieve a  good so lu tion .  G lo b a l  

convergence is not guaran teed  bu t  th e  overall perfo rm ance  of these procedures  is n o rm a lly  

q u i te  acceptab le .

Both  these  m ethods are essentially so ftw are  oriented  and  im plem enting th e m  in t e rm s  

of h a rd w are  is very difficult, if not impossible. F u rth erm o re ,  it is not possible to  use th e se  

tech inques in real-time signal processing. On th e  o th e r  hand , a  co m p u ta t io n a l  m e th o d  

based on feedback neural networks can be devised t h a t  can be used to  m inimize a  cos t  

function for designing filters in real t im e [15], [8]. T h e  netw ork is construc ted  in such a  w ay 

th a t  th e  energy function of th e  netw ork  coincides with th e  cost function of th e  o p t im iz a t io n  

problem . T h e  evolution o f  th e  sys tem  is, in general, in th e  d irection of th e  nega tive  g ra d ie n t  

o f  the  energy  function.

In th is  ch ap te r ,  three networks a re  proposed  for designing F IR  filters. T h e  nex t sec t io n  

deals  with th e  design of F IR  filters on the  basis o f  the given am pli tude  response . In sec tion

1 6



2.;i. an o th e r  netw ork  is proposed for designing any  F IR  filters with a rb i t ra ry  a m p l i tu d e  and  

p hase  responses. Section 2.4 deals with the  design of filters satisfying prescribed  specifica­

t ions . Detailed m athem atica l  analyses with th e  convergence charac teris tics  for each of th e  

th re e  m eth o d s  are  provided.

2.2 D esign  o f  FIR filters based on a given am plitude response

2.2.1 Theoretical background

T h e  transfe r  function of a causal F IR  filter is given by 

.v - i
( - )  =  X I

n = 0

w here .V is th e  length of th e  filter. .Assuming th a t  the  sam pling  frequency is 27T. i.e.. th e  

sam p lin g  period is 1 s. the frequency response o f  the  filter is given by

:V - l

n = 0

w here

.V/U-) =  \ H [ e n \  

is th e  am p li tu d e  response and 

9{jj) =  a rg

is th e  phase  response. For a linear phase F IR  filter, th e  impulse response needs to  be 

sy m m etr ica l  o r antisym m etrical .  i.e..

h.{n) = h ( N  — I — n)

or

h{n)  =  —h { N  — L -  rt) for 0 <  rt <  iV — 1

D epend ing  on th e  length of the  filter, th e  sy m m etry  is a b o u t  sam ple  ( N  -  l ) / 2  for odd  case 

and  m idpo in t between samples (/V — 2 ) /2  and  N / 2  for th e  even case.

For a  sy m m etr ica l  impulse response with iV odd , the  am p li tu d e  response is given by [5]

. V / p j  =  |G '(w J |
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where

( ;V - l ) / 2

^  akcosus j k  
k—0 

=  a ^ c (w j)

: V -  I 
” “  2 

a t  =  2 h ( n  -  k)

ÜQ = h{n)

c{uJj) =  [1 cosujj  ••• cosuj jn]^

Let th e  desired am pli tude  response be defined a t  m  frequency points .  T h e  sum -squared  

erro r  over ail the  frequency po in ts  is given by

^  =  (2 . 1) 
j=i

where d(u;j) is the ideal response a t  frequency ujj.

T h e  proposed network is show n in Figure 2.1. T here  are  (.V-I)/2 g  neurons and m f  

neurons. The connection m a tr ix  between these two sets o f neurons is fixed and  consists of 

th e  cosines of the  weighted frequency points. Both g and  /  neurons are  linear constan t-ga in  

amplifiers and are dynam ica l in th e  sense th a t  they have R C  blocks a t  their  inpu ts .  T he  

tim e constan ts  of /  neurons a re  very small com pared to  those of g  neurons: hence they can 

be considered non-dynamical.

Neglecting the  dynam ics, th e  in p u t  voltage of an /  neuron is expressed as

n

Vj =  d(ujj) -  ak cos iJjk (2.2)
fc=o

T h e  in p u t-o u tp u t  relationship o f  an /  neuron is given by

€j =  f { v j )  =  X f R f V j  (2 ..1)

where is the o u tp u t  voltage o f  neuron j ,  A/ is the gain, and R f  is th e  inpu t  resistance of 

an /  neuron. S u b s ti tu t in g  (2.2) in (2.3), we get

6 j =  X f R f  \d{ujj) -  a ^ c (u ; j ) j
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F igure 2.1; Neural network for th e  design o f  F IR  filters.

for ^ =  1. . m.  T he  q u an t i ty  A / i s  the gain of an /  neuron a n d / ? / is the input resistance.

T he  m -tup le  e r ro r  vector is given by

e =  AyAy

1 COSW ( • •  c o s . * ; i n

d -

1 C O S U m - l  • •• C O S L J j n - i n

a

_ 1 COS U J m ■■ COSuJrn.fi

=  Ay/?y[d — Ca] (2.4)

where d =  [d{uii) ^(w]) • • • d(u;„)]^ is the  vector o f  th e  desired  am p li tu d e  response an d  C 

is th e  m a tr ix  form ed by the  cosines.

T h e  eq u a tio n  of motion o f  a  g neuron is given by

dui  Ui v ^ /  \
C j —  +  —  =  2 ^ (ey  -  u.) coszwj 

rg
(2.Ô)
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For ( =  G n where u, is the  inpu t voltage o f  neuron i an d  an d  Cg  a re  th e  in p u t

resistance a n d  capac itance  of a <7 neuron, respectively. Eq. (2.5) can be rew ri t ten  as

C
, dui

I T
+  I — +  X ) c o s i a ) j ]  II, =

3  J = l J=1
m

C g - — +Gi U,  = cos lU), (2 .6 )
j= i

where

1 \
Gi  =  f- ^ 2  cos iuij

'9 j = l

is th e  to ta l  in p u t  conduc tance  of neuron i. T h e  differential eq ua tion  govern ing  all g neu rons  

now can be expressed  as

1 - • • 1  1

COSWi • • •  C O S u ; ,n - l  C O S tJm

cosu^in COS - i n  COS W m »

=  C ^ e (2.7

w here e  =  [ci £2 ••• £m]^ is the error vec to r as defined by (2.4). u  =  [uu, Ui u „ ]^  is

th e  vector form ed by th e  inpu t voltages o f  the  g  neurons, and  G  =  diag(G'o, G \ ,  - . G'„)

is a  diagonal m a tr ix  formed by the inpu t  conduc tances  of th e  g  neurons. T h e  in p u t  o u t p u t  

re lationship o f  a  g neuron is given by

a. =  g{n, )  := XgUi 

w here \ g  is th e  gain of th e  g  neuron.

(2.X)

2 . 2 . 2  C o n v e r g e n c e

T h e  energy function o f  th e  network is given by 

"L J L  /-a.
E  =  Y ^ F { V j ) +  J 2  /  9 ~ H° ‘i )dai  

J^i .'=0
(2.9)

where vj is defined in (2.2). F  is re lated to  the  cha rac te r is t ic  function o f  an  /  neuron  by 

dF{x)
dx =  /(%) (•2.10)
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X  being a  dum m y variable. S u b s t i tu t in g  (2.10) and (2.8) in (2.9) an d  ca rry ing  o u t  the  

in tegra tion ,  we get

j = l
d{ujj) — ^  a t  cos kujj

k=0 <■=0 ^ '^3

In all practical cases, Gi / Xg  is very small, as will be shown below, an d  th e  energy  function 

coincides with the sum -squared  e r ro r  function as given in (2 . 1) to  w ith in  a  c o n s ta n t  factor.

In o rd e r  to  prove t h a t  th e  ne tw ork  converges to  one of th e  m in im a,  we have to  show 

th a t  th e  tim e derivative of th e  energy  function is always less th an  or equa l  to  zero. We can 

write

and  from (2.9). we get 

.\'ow

S u b s ti tu t in g  (2.14) in (2.13). we get 

c) E
—— =  — ^ 2  f i ^ j )  cos 4- (2.1-5)

j=i

Finally su b s t i tu t in g  (2.15) and (2.6) in (2.12) and  noting th a t  J[Vj)  =  e^. we have

d E
dt

Since a, =  g(u,) =  A^u;, th e  t im e deriva tive  of th e  energy function can  be w r i t ten  as

Since Cg and  Xg are positive, (2.17) is always positive when d a i / d t  is n o t  equa l  to  zero, and 

is zero when dai /d t  is zero a t  th e  equilibrium  point. This means t h a t  t h e  ne tw ork  always 

se tt les  to  one of the m im im a on th e  e r ro r  surface.

In o rd e r  to  check w hether th e  netw ork  converges to  the global m in im u m , we have to  

co m p u te  th e  system equation . From  (2.7) and  (2.4). we get

C'g—jj--\-GvL — Ay/?/C^ [d — Ca] (2.18)
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S u bs ti tu t ing  (2.8) in (2.18). we get

Finally rearranging  th e  te rm s

_ A / A g ^  2-da
( - g  C g

^  -  -  (2 .20 )

It can be easily proved th a t  th e  system  m atr ix  is always positive definite, which is the 

necessary and sufficient condition  for th e  network to  se t t le  to  th e  global m inim um .

In o rder to  co m p are  th e  solution  ob ta ined  by the  netw ork  to  th e  o p tim a l solution, we 

can rewrite the  cost function  as

E  = (d -  C a ) ^  (d -  C a )  (2.21)

C om puting  th e  derivatives with  respect to  the  elements of a  an d  e q u a tin g  to  zero, one gets

2 C ^ C a  -  2 C ^ d  =  0 (2.22)

T he  optim al solution can  be w ri t ten  as

a,g, =  ( c ^ c ) " '  (c ^ d )  (2.23)

Xow we can derive an expression for th e  solution obtained  by th e  proposed network. The 

energy function (2 . 11) can  be rew ritten  as

E  =  “ A //? /  (d — C a ) ^  (d — C a )  +  ——a ^ G a  (2.24)

Differentiating (2.24) w ith  respect to  the  elements of  a  and  eq u a t in g  to  zero, we get

\ j R f  ( c ^ C a  -  C ^ d )  T  ^  = 0
^3

Rearranging the  term s, we get

C^Ca +  — i — G a =  C^d
A / A g / t /

T h e  solution is now given by

- 1

Since th e  d enom ina to r  o f  th e  second te rm  is much much la rg e r  t h a n  th e  nu m era to r ,  the 

second te rm  can be neglected and  the solution given by (2.2.5) coincides with th e  optim al 

solution in (2.2.3).
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Figure 2 .2 : (a) C o nnec tion  elem ent o f  Figure 2.1 with all in p u t  and  o u tp u t  signals, (b) 

schematic represen ta tion  o f  th e  elem ent.

2 .2 .3  T h e  n e tw o rk

Each square elem ent in F ig u re  2.1 represents a  connection po in t.  It accep ts  th e  inpu t signal 

from the left and  passes it to  th e  next column th rough  to  th e  right.  T h e  inpu t  cu r ren t  is fed
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from the  top  and  th e  co n d u c tan ces  a re  fed from th e  left o r  th e  right corners. Each elem ent 

multiplies th e  in p u t  vo ltage by th e  co n d u c tan ce ,  ad d s  the  inpu t  cu rren t  from th e  to p  and 

produces an o u tp u t  cu r ren t  which is fed to  th e  nex t  connection point im m ed ia te ly  below 

it. A  c ircuit rep resen ta tio n  o f  th e  connection  e lem ent is shown in F igure 2.2. T h e  neural 

netw ork  uses identical connection e lem ents  for b o th  ty p es  o f  neurons and  identical neu rons  

as well. Since th e  t im e  c o n s ta n ts  a re  different for g  and  /  neurons, the  in p u t  resistor- 

cap ac ito r  blocks a re  different too  and  have elem ents  Rg  =  2 kfi, Cg =  0.04 / /F , / ? /  =  50 

and  C J  =  1.0 n F .  B o th  g  an d  /  neurons a re  linear co n s tan t-g a in  amplifiers w ith  ga ins  \ g  

and  Xf ,  respectively, o f  2000. T h e  desired response  signals  and  th e  cosine c o n d u c ta n ces  a re  

scaled by a  fa c to r  o f  I 0 ~^ to  prevent s a tu ra t io n .

Initially o u tp u t s  o f  bo th  /  and  g  neurons  are  s e t  to  zero. C o n d u c tan ce  a n d  desired 

response values a re  applied  and  then  th e  netw ork  is s e t  free to  evolve. In ac tu a l  s im u la tio n .  

/  neurons are  u p d a te d  first and  th e  u p d a te d  values o f  /  neurons are used to  c o m p u te  

new values for g  neurons. T h is  p rocedure  is con tinued  until the  desired accu racy  in filter 

coefficients is achieved. To check th e  convergence, th e  o u tp u ts  of g  neurons are  co m p ared  

with the  o u tp u t  values ob ta ined  from th e  previous i te ra tio n .  If th e  changes in o u tp u t s  of 

all g  neurons are  less th a n  a  small q u a n t i ty  (say I0 ~®). then  the p rocedure  is te rm in a te d  

and the  o u tp u ts  o f  th e  g  neurons represent th e  filter coefficients.

2 .2 .4  R e s u lts

T he netw ork in F igu re  2.1 was s im ula ted  to  design a  linear phase F IR  filter w ith  pass band  

edge â p =  0 .47T, s to p b a n d  edge =  O.ott, w ith  a  sam pling  frequency =  2tî. T h e  n u m b er  

of sam ple  points  were fixed to  40 an d  50 in th e  pass b an d  and  s to p b an d s ,  respectively. T h e  

length N  o f  th e  filter was se t  to  21. T h e  n u m b er  o f  /  neurons was 90 and  th e  n u m b er  

of g neurons 11. T h e  netw ork  was s im u la ted  until th e  desired accuracy  was achieved. 

T he  am p li tu d e  response  of th e  filter is show n in F ig u re  2.3. T h e  varia tion o f  th e  filter 

coefficients w ith  re spec t  to  th e  n u m b er  o f  i te ra t io n s  is i l lu s tra ted  in F igure  2.4. T h e  ab so lu te  

erro r between th e  desired  response and  th e  response o b ta in ed  by th e  filter is d ep ic ted  In 

F igure 2.5.

In o rd e r  to  ju s t ify  th e  fact t h a t  Gi / Xg  is small,  we no te  t h a t  Xg =  2000. and  G', is given



bv

1
Gi  =  h ^  cos iijjj

;= i

Cg =  2000 and . for th is  p a r ticu la r  exam ple , th e  m axim um  value of th e  sura te r r a  is Ox lO""*. 

It is to  be noted  t h a t  th e  cosine te rras  were a lready  multiplied by 10"^. So th e  m ax im um  

value o f  th e  q u a n t i ty  Gi / Xg  is 0 .0014/2000 which is very small and  can be ignored .
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Figure 2.4: .Amplitude response of lowpass filter with ujp =  0.4~. =  0 .5 " .  T h e  length  of

the filter is 21 .

In o rder to  co m p are  th e  results o b ta in ed  by th e  proposed m ethod  with o t h e r  s ta n d a rd  

m ethods, th e  s a m e  filter was designed using a  quasi-N ew ton algorithm . T h e  a m p l i tu d e  re­

sponse of the  filter is shown in Figure 2.6. T h e  difference in responses is shown in F igure  2.7.
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Figure 2.4: Convergence characteristic  o f  th e  a lgorithm .

2.3 Design o f FIR  filters based on a given frequency response

2 .3 .1  D e s ig n  d e ta ils

T h e  frequency response o f  a  causal F IR  filter o f  length N  is given by

iV-l
(2.26)

n = 0

where H r [ ^ )  and are  the real and  im aginary  par ts  o f th e  frequency response an d  are

given by

iV— I

^  h n  C O S  n u l  

n = 0
iV -1

Hi{ui) =  ^  An sin nw (2.27)
n = 0

T h e  desired response of th e  filter a t  a  frequency point uij can  be represented  by

d {u ' j )  =  d r ( u i j )  +  j d i { u i j )  ( 2 . 2 8 )
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Figure 2.5: .A.bsolute erro r  between th e  desired response and  the response o f  th e  filter.

T he  sum -squared  error function can now be w ri t ten  as

E  =  (2.29)
j=i

S u b s ti tu t in g  (2.26). (2.27). and  (2.28) in (2.29) and  m an ip u la t in g  th e  resu lt ing  equation, 

the  erro r  function can be rew rit ten  as
m m

£  [dr(^j )  -  -f ^  [di (^j )  T  (2.50)
J = l  J = l

T he proposed network for th e  solution  of th is  problem  is shown in F igure  2.8. Since the 

least-square erro r  has two par ts ,  th e  netw ork  has two se ts  o f  /  neurons represented  by f r  

and / ,  corresponding  to  th e  real and  th e  im aginary  p ar ts ,  respectively. T h e  o u tp u ts  of 

/ ,  neurons are  inverted and  fed back to  th e  g  neurons. T h is  is required to  m ake  the  tim e 

derivative o f  th e  energy function negative . . \ s  before, th e  in p u t  voltages o f  f r  an d  / ,  neurons 

are  denoted  as
;V-1

Vr j  =  d r ( u j j )  -  ^  h n  COS n u j j  

71=0

iV - l

I’.J = di{ujj) +  hr, sin nUj
71=0
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Figure 2.6: .Amplitude response o f  th e  lowpass filter o b ta in ed  by q u as i-N ew to n  op tim iza t ion  

algorithm .

for j  =  1 . 2  m. T h e  o u tp u t  voltages are given by

e.j =  f i % )  =

T h e  real p a r t  o f th e  erro r  vec to r  can  now be w ritten  as

6r =  A//2/[dr -  Ch] (2 .:11)

where d r  =  [d r (^ i )  dr(wg) • • • d r (^ m ) ]^  is th e  vector form ed by th e  real p a r t  o f  th e  desired 

response and  h  =  [/iq /ii • • • is th e  impulse response vector. C  is th e  m a tr ix  formed
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Figure 2.7: DifFereace of am p li tu d e  responses ob ta ined  by th e  proposed  m ethos  and  quasi- 

Xewton a lgorithm .
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Figure 2.8: N etw ork for designing F IR  filters based on given am p li tu d e  and  phase responses. 

T he  in p u t  res is to r-capacito r blocks are  not shown.
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by the  cosines o f  the weighted frequency points  and  is given by 

I coswi ••• cos(iV — l)u;i

C  =
1 COSWm_l • • •  COS(A' -

I coswm ••• cos(]V -  l)u;„

Similarly, the  im aginary  p a r t  o f the  e r ro r  vec tor can be represented  by 

e, =  X f R f  [d, 4- Sh] (2.;r2)

w here  d,- =  [d,(u;i) di{aj2 ) • ■ • d , i s  the im ag inary  p a r t  o f th e  desired response vector. 

S is a  m a tr ix  formed by th e  sines of th e  weighted frequency points  and  is given by

S =

0 sin sin(.V — l)tJi

0 sinu^m-i ••• sin(;V -  

0 s i n ••• sin(.V -  l)u;m 

T h e  equa tion  o f  motion for the  ith  g neuron is given by

I m m

^  ^  ~  “ ■') "  Ï Z  ( ^ ' j  +  “ •■)
"  j=i j=\

for i =  0. 1 V -  1. After rearrang ing  th e  term s, one gets

clu  ̂ ^
C g  —  +  G i U i  =  ^  C r ,  COS iuj j  -  ^  e , j  sin iu ij

j= l

w here  G', is th e  to ta l  input conduc tance  o f  neuron i and  is given by

1 m m

G i =  h ^  cos iujj +  ^  sin iujj
^ j= i  j= i

T h e  in p u t -o u tp u t  characteristics  of th e  g  neuron is given by 

h{ — g{ui)  — AgU;

(2.3.4)

(2.34)

2 .3 .2  C o n v e rg en ce

T h e  energy  function of the network is given by

m  m  ^  rh,

^  =  E  +  E  +  E < ^ '-  /  9 ~Hh. )dh ,
J = 1  j= i i=o

(2.3.5)
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where F  is as defined in (2.10). S u b s t i tu t in g  (2.10) and (2.:H) in (2.;15) and  carry ing  out 

th e  in tegra tion , the  energy  function can be rew rit ten  as

I "1 1 m .V —1 I

^  (2.;16) 
^ j = l ^ j  = l i=0 ^ ^3

As  it was shown, Gi / Xg  is very small and  th e  last term  in (2.36) can be neglected. L'nder 

these  conditions th e  energy  function coincides with the er ro r  function  given by (2.30).

A s  will be proved, th e  t im e derivative o f  th e  energy function is always non-positive. 

Since the  error function is linearly rela ted  to  the  energy function, the  e r ro r  function also 

goes down with time. T h e  t im e derivative o f  the  energy function is given by

d t  -  s  I W  \ j r )

From (2.3.5) we get.

(■ « « )
J=1 JZZl

T h e  first two te rm s  on th e  r igh t-hand  side are  given by

dhi  
dF[i \ ^

= e ; ^ s i n / i J j  (2.39)

S u b s ti tu t in g  (2.39). and  (2.38) in (2.37) and  noting (2.3.1). we get

Finally su b s t i tu t in g  (2.34)

.•Vs can be seen, (2.41) is always less th an  o r  equal to  zero.

T h e  equation of m o tion  o f  all g neurons can be w rit ten  as

C g ^  4-G u =  -  S^e,

where G is the d iagonal m a t r ix  of the  conduc tances .  S u b s t i tu t in g  6 r and  e, and  rearranging  

term s.

C g ^  +  G v i  =  \ } R }  [C^dr -  S^d.] -  X f R f  [C^C +  S^S
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N oting  th e  fact t h a t  /i, =  A^u,, we get

d h  X j X g R j G + (c^c + s^s)] h = (cFdr -  ŝ 'd.)
Xf Xg Rf

As we can  see. th e  sys tem  m atr ix  is positive definite. So. the  ne tw ork  se t t les  to th e  global 

m in im um .

T h e  su m -sq u a red  erro r  function can  be w r i t te n  as 

E  =  { d r -  Ch)^ (d, -  Ch) +  (d, -  Sh)^ (d, -  Sh)

T h e  o p t im a l  so lution  for this problem is given by

hopt = (C^C 4- S^S) (C^dr -  S^d.) (2.42)

T h e  energy  function of th e  network can be w ri t ten  as

E  =  ^ X f R f  (dr -  Ch)^ (dr -  Ch) +  ^ X f R f  (d, -  S h )f  (d. -  Sh) +  rr^h^Gh  

•\f te r  som e m an ipu la t ion ,  the  solution o b ta in ed  by th e  netw ork  can be w ri t ten  as

h. =  4- S^S +  J  (C ^ d r -S ^ d .)  (2.42)

.As we can see. (2.43) can be m ade a rb i t ra r i ly  as  close as desired to  o p t im a l  solution (2.42) 

by choosing high values for th e  d en o m in a to r  o f  th e  second term  in (2.43).

2 .3 .3  R e s u lt s

T he ne tw ork  in F igure  2.8 was s im ula ted  to  design an F IR  filter w ith  a rb i t ra ry  am p li tu d e

and  phase  response as shown in Figure 2.9 (a) an d  (b).  respectively. T h e  length  of th e  filter,

which is th e  sam e  as the  num ber of g neurons, was se t  to  .51. F igure  2.10 (a) and (b) shows 

the  am p li tu d e  an d  th e  phase  responses o b ta in ed  by th e  proposed m e th o d .  The absolu te  

erro r  in th e  am p li tu d e  between the  desired response and  th e  response o f  th e  filter ob ta ined  

by th e  proposed netw ork  is shown in F igure  2 . 11(a) w hereas  F igure 2 . 11(b) shows th e  error 

in the  phase  response.

2.4 D esign  o f FIR  filters satisfying prescribed specifications

2 .4 .1  T h e o r y

A t tim es, it is required to  design a  F IR  filter w ith  given passband  ripple (.4p) and s to p b an d  

a t te n u a t io n  (.4^). T h e  er ro r  between th e  desired response and  th e  response o f  the ob ta ined
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Figure 2.9: (a) Desired am p li tu d e  response an d  (b) phase  response of the  F IR  filter.
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Figure 2.10: (a) .Amplitude response and  (b) phase  response o f  th e  filter ob tained, 

filter is typically given by

<  ^ ( ^ j )  -  (2.44)

where jJj is a  frequency point an d  5 is defined as 

8-p Ljj Ç passband

6a ujj E s to p b an d
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Figure 2.11; E rro r  in (a) am p li tu d e  response and  (b) phase response  o f  th e  filter ob ta ined ,  

where

& =

àn =

^QÜ.U5.4p _   ̂
2Q 0.05.4p ^  2 

j^Q—0.05.*la

M  is the am pli tude  response and  for a  linear-phase F IR  filter o f  leng th  A', it is given by

( - V - D / 2  

G’(^ j )  = ^ 2  ( ikf^oskuj
fc=0

From (2.44). we can form th e  e r ro r  function

m  m

E  [d{uJj) -  G(uJj) — S{lJj )]^ +  ^ 2  +  Ei{uJj) -  <>’(a7j)]'^
J = l  J = l

(2.43)

(2.46)

T h e  network th a t  minimizes th e  above e r ro r  function is show n in F igure  2.12. Here, we 

have two sets  of /  neurons corresponding  to  th e  two te rm s  in th e  e r ro r  function. .As before, 

bo th  /  and  g  neurons are  linear constan t-ga in  amplifiers w ith  res is to r-capacito r  blocks a t  

their  inputs. Ignoring the  dy n am ics  of th e  /  neurons, th e  in p u t  voltages can be w rit ten  as 

A ' - 1 /2

c’lj =  d(ujj) -  ^ 2  dkcoskujj  -  S{uJj)
fc=o
A - - 1 /2

=  -d{uj j )  +  ^ akcoskcj j  -  6{ujj) (2.47)
k=0
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Figure 2.12: N etwork for designing F IR  filters satisfying prescribed specifications. T h e  

input R C  blocks for /  neurons are  no t  shown.

. \s  we can  see from (2.47), we can have  only one se t  of connection m atrices  for the  /  neurons 

which co m p u tes  the  first two te rm s . We will invert  the o u tp u t  of th e  m atrices  and  then 

will s u b t r a c t  6 's bo th  from the  orig inal o u tp u ts  an d  their  com plem ents  to  form the in p u t  

voltages for both  /  neurons. This schem e is represented  in F igure 2.12. T h e  o u tp u t  voltages 

of the  /  neurons are  given by

ei j  =  / ( t ’lj)  =  

e-2j =  / ( % )  =

for j  =  1, 2. . . . .  m.  For a g neuron  i, the  in p u t-o u tp u t  equa tions  a re  given by

„ dui  ^  Ui

'3 j=i  j= i

I 771 m

7  ( ^ 1, -  “ ■) COS fu-'j -  ^  +  « .) cos ijjj



—- X ^ u i  (2-4*S)

As before, th e  equa tion  o f  m otion  can be rew rit ten  as

C j  —  +  + 0 , M, =  2 ^  eij  cos IJJj -  2 ^  6 2 , COS lOJj 
y=i j= i

w here

1
G i  = ----- 1-2 COS i'aj j

2.4 .2  C onvergence

T h e  energy  function of the  network is given by

m  m  j V - l / 2

E  =  ' ^  F { u i , ) F { v 2j ) + 9 ~Ho-i)dai  (2.49)
j = l J = l 1=0 ^

w h ere  F  is th e  sam e as defined in (2.10). S u b s t i tu t in g  (2.10) an d  (2.48) in (2.49) and

ca rry in g  o u t  the  in tegra tion , th e  energy function can  be rew rit ten  as

I m I m V —1/2  .

^  è ( 2. 50)
^  j = l  ^  j  =  l  1=0 ^  ' ^ 3

. \ s  in th e  previous case. G i / X g  is very small and  th e  las t  te rm  in (2.50) can be neglected, 

an d  th u s  th e  energy function coincides with th e  e r ro r  function given by (2.46).

T h e  t im e derivative of th e  energy function is given by

From  (2.49). we get

J = 1 J=I

T h e  first tw o te rm s  on the r ight-hand side are  given by

- ^  =  -ei,cos:Wj

6)F (  V2, )
gq. = G2, cosiwj (2.58)

S u b s t i tu t in g  (2.52) and  (2.53) in (2.51) and  n o ting  (2.48), we get 

. V - l / 2
d E  n  s r  f  f



Finally su b s t i tu t in g  (2.48)

As can be seen. (2.54) is always less th an  or equal to  zero. 

T he  eq u a tio n  o f  m otion o f  all g neurons can be w rit ten  as 

d n
C g —  +  G u  =  C ^ e i  -

U t

where G  is th e  d iagonal m a tr ix  o f th e  conductances. S u b s ti tu t in g  e i  an d  02 and  rea rran g in g  

term s, we deduce

C g ' ^  +  G u  =  \ j R j  [C^(d -  C a -  8)  -  C '^(-d -  Ca -  8)

M anipu la t ing  th e  left-hand side, one gets

Q y  +  G u =  2A//?/ (C^d -  C^Ca)
dt

.Voting th e  fact t h a t  a, =  A^u,-. we get

1
L g L  g

.As we can see. th e  sy s tem  m a tr ix  is positive definite. So. th e  netw ork  se t t le s  to  th e  global 

m inim um .

.As before, th e  o p tim a l solution for the least-square erro r  is given by 

a o p t=  ( c ^ c ) ' * C ^ d  

an d  the  so lu tion  o b ta in ed  by the  network is given by

Since th e  second te rm  in the  bracketed  expression is very very small, th e  so lu tion  o b ta in ed  

by the netw ork can be said to  be optim al.

2.4.3 Results

T h e  netw ork in th is  section was s im ula ted  to design an F IR  filter w ith  p assb an d  edge  ujp 

=  0 .37T and  s to p b a n d  edge u>a =  O.ott. The desired passband  ripple (,4p) and  m in im um  

s to p b an d  a t te n u a t io n  (.4a) were 0.1 an d  40 dB, respectively. T h e  length  o f  th e  filter was 

set to  27. T h e  am p li tu d e  response o f  the  filter is shown in Figure 2.13 with th e  passband  

ripple in the  inset .
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Figure 2.13: .Amplitude response o f  the  filter ob ta ined  with cjp =  0 .3 " .  =  O.ôr. .4p =

0.1. and .4„ =  40 dB . T h e  passband  ripple is shown in the  inset.

2.5 Conclusions

.Veural networks based on Hopfield S linear p rogram m ing  circuit for designing th ree  different 

kinds of F IR  filters have been proposed. A  detailed m a th em atica l  analysis of th e  netw orks 

has been provided. C onvergence analysis based on th e  energy function m ethod has been 

included to  show th a t  each of th e  networks converges to  the  global m inim um . M a th em a tica l  

expressions have been provided only for filters with odd length, and  can always be ex ten d ed  

for filters with even leng th .  T h e  sam e network can also be used for designing h ighpass and  

m ulti-band filters as well as  o th e r  F IR  system s like d ifferentiators and  Hilbert t ran s fo rm ers  

[13]. Results ob ta ined  by th e  proposed m ethod  have been com pared  with o th e r  ex isting  

m ethods and  have been found to  be com parable.



C hapter 3

2-D FIR  Filters

3.1 Introduction

T w o-dim ensional signal processing is required  for signals t h a t  are  essentially tw o-dim ensional.  

Images such as satelli te  pho tographs, r a d a r  an d  so n ar  m aps, medical p ic tures etc. a re  typ ­

ical 2-D signals which may need processing. Processing m ay be required e i the r  to  im prove 

the  quali ty  of th e  p icture or to  remove som e undesired features.

Two-dim ensional F IR  filters a re  e i th e r  designed by th e  window m ethod  o r  by o p t im iza ­

tion w here a  cost function is minimized with respect to  th e  filter coefficients. Closed-form  

solutions a re  norm ally  available for th e  window m ethod  and  com putionally  it is m uch less 

intensive. However, th e  solutions o b ta ined  by this m ethod  are  known to  be su b o p t im a l.  

The op tim iza t ion  approach , on the  o th e r  hand , is com puta t iona lly  d em an d in g  bu t  can  pro­

vide o p t im a l  solutions. Yet an o th e r  m eth o d  is to  apply  ap p ro p r ia te  t r a n s fo rm a t io n s  to  l-D 

transfer  functions [46].

.A. co m p u ta t io n a l  m ethod based on H opfie lds  linear program m ing  problem  to solve the  

app rox im a tion  problem for l-D  F IR  filters had  been discussed in ch ap te r  2 . In th is  ch ap te r ,  

it will be show n t h a t  a  feedback neural ne tw ork  can be developed to solve th e  ap p ro x im a tio n  

problem for 2-D F IR  filters [14]. In section  3.2. detailed design procedures for designing F IR  

filters on th e  basis o f  a  given am p li tu d e  response is provided. In section 3.3. a  p rocedure  is 

developed for designing 2-D F IR  filters for prescribed specifications. B oth  th e  procedures  

co n cen tra te  on designing filters with q u a d r a n ta l  sym m etry .

39
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3.2 D esign  o f 2-D FIR filters based on a given am plitude  

response

3.2.1 Design procedure

T h e  t ran s fe r  func tion  of a  causal 2-D F IR  filter is given by

:V i - l  1V 2 - I

n i  = 0  U 2 = 0

w here  th e  d im ension  o f  th e  filter is given by (:Vi x ). Its frequency response is given by

A ' l - l  :V 2 - I

n i = 0  r i2 = 0

=  .V / ( u ; i .

where

. V / p , .  .^2) =

0{uJi .^2)  =  a rg / / (c -^ " ' .

are the a m p l i tu d e  and  phase  responses o f  th e  filter. For a  linear phase  F IR  filter with 

sym m etr ica l  im pulse  response, it can be show n [46] t h a t  th e  impulse response values are  

re la ted  by

h { n . i .  n- i )  =  A [ ( . \  1 — I — U i ) .  ( . V j  — 1 — n^ ) ]

For a  filter w ith  q u a d ra n ta l  sym m etry , th e  frequency response is given by

where

.V / ( i J i ,  ^ 2 ) =  \G{uji,u>2)\

with

Pi P2

G{uii,  ijJi) =  ^  a{ki ,  Ara) cos(fciu;i) cos(A:2u;2)
t l = 0  <12=0

and  Pi =  (iVi — l ) /2  and  p2 =  (A'a -  l ) / 2 .
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Let tlie desired  am pli tude  response be defined a t  m i  x grid points. T h e  sum -sq u ared  

e r ro r  over all th e  frequency points is given by

mi rri2
^  - <y(ùJij, üJ2k)f  (3.1)

j=i  k=i

where D{u>ij, uj2k) is th e  desired am plitude response  a t  frequency {ujij, i^2k)- A netw ork  

t h a t  can minim ize (3.1) is shown in Figure 3.1. T h e re  a re  (p, -f-1) x (p2 +  l ) g  neurons  and  

m i  X m 2 f  neurons.

cos p m

cosm

P,«,m , ' cosfvro^ cos • cos p,m,^ cos p,m.

Figure 3.1: Network for the  design o f  2-D F IR  filters.

Neglecting th e  dynam ics  of th e  /  neurons, th e  in p u t  voltage of an /  neuron is given by

Pi P2

Ĵ.k =  D(uJi j ,  u>2k} -  ^  XI h )  cos(kiuJi j )  co s ( k 2UJ2k)
ki =0 A'2=0

= D{uJi j ,  LJ2k) -  Ci(wij)^Ac2(W2t) (3.2)



42

for j  =  L. 2. • ■ •. m i ,  A: =  1, 2, m ,  where

A  =

«Ü.0 ÛQ.1 

“ I.Ü Qi.i

• a o . p ,

“ I.P2

. ® P l -0 O p i . l  “ p i . P 2 .

is th e  m a tr ix  formed by th e  filter coefficients, an d  c ( ü j ) =  [1 c o s ^  cos 2a; • • Th e  

in p u t -o u tp u t  relationship  of th e  /  neuron is

-̂j.k — f i^j . k)  — ^ f ^f ^J . k  (4.4)

where A/ is the  gain an d  R f  is the  inpu t  resistance o f  an /  neuron. T he  o u tp u t  vo ltage of 

all /  neurons can be w ri t ten  as

TE  =  X f R j  [D -  C i A C z ' (3.4)

where C i  and Cg are m i  x  (pi -t- 1) and  mg x (pg +  1) cosine matrices, D  is an  m i x mg 

desired response m atrix ,  and  A  is the  (pi - f  1) X (pg -|- 1) filter-coefficient m atrix .

T h e  equation of m otion of a  p neuron is given by

^ 3 - ^  + —  = 51 51 -  "p.'/) cos(po;ij)cos(pwgt)
' ’3 j  =  l fc=l

mi m2
(3.5)

where Up., is the inpu t voltage of the  (p .p ) th  g  neuron and  p =  1. 2  p i .  p =

I. 2  pg. The in p u t  capaci tance  of a p neuron is deno ted  by Cg and th e  inpu t  re­

sistance by j-g. .After rea rrang ing  te rm s  in (4.5). we get 

du
Q —^  +  Gp.,Up.g =  5 Z 5Z cos(pwij) cos(pwgt)

7 = 1 t= i

where G'p., is the to ta l  in p u t  conduc tance  of the  (p. p ) th  neuron and  is given by
mi m2

(:i.6)

Y nil '•*■2
O'p.g = — + 5Z 52 cos(po;gt)

3 7 =  1 t = l

T h e  activities  of all th e  p  neurons can be w rit ten  com pac tly  as 

C 3 ^ 4 - G . U  =  C i ^ E C g (3.7)

w here G  is a  pi x pg m a t r ix  whose elem ents are  th e  inpu t conductances  of the  p neurons. 

T h e  q u a n t i ty  G .U  represents  te rm  by te rm  m ultip lication . T h e  in p u t-o u tp u t  re la tionsh ip  

o f  the  p neuron is linear an d  is given by

®P.9 — Si^p.q) — ^g^p,q (3.8)
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3 .2 .2  C o n v e r g e n c e

T h e  energy function  o f  the  ne tw ork  is given by
mi m2 PI P2 .Op,,

^  =  +  2Z IZ <^ 'p ,9  /  ' / " ‘ (ap.J'^ûp.? (3.9)
j= l  fc=l p = 0  q=0  ^

where vj^k is defined in (3.2). Function F  is related to  th e  ch a rac te r is t ic  function o f  th e  /  

neuron by

^  =  / W  (3.10)

S u b s ti tu t in g  (3.2). (3.3), and  (3.10) in (3.9), the energy function can  be rew rit ten  as

mi m2 P i  P 2

D{uJij,uJ2k) -  X ]  « ( ^ ' i - ’̂2 ) c o s A - i u ; i j  COS^’2 ^ 2 )t
tl =0 t‘2 =0

E =  i
j = i t= i

+  m Z  5 ^ ^ P - 9 “ p.<7 (3 - f l )
p = 0  7 = 0

T h e  second te rm  can be neglected because G-p,qj\g is very sm all an d  the  energy  function 

coincides with th e  erro r  function. It can now be shown t h a t  th e  energy  function o f  th is  

network is minimized until th e  network settles to  one o f  th e  so lu tions. From ( 3 . I I )  it is 

a p p a ren t  th a t  even tua lly  the  cos t  function of the design problem  also ge ts  minimized.

In order to  check the  time derivative of the  energy function, we note  th a t

.\ow

O E (3.13,

(3.14)

^flp,7 j - i  Jt_t ^ “ p.?

T h e  first te rm  in (3.13) is given by 

dF{vj ,k)  _  dF[Vj ,k) dvj,k
d c i p . q  d v j k  d U p q

. \ f te r  using the  re la tions in (3.10) and  (3.2), (3.14) can be w ri t ten  as

0 F (v ' f.)
■ .7 ■ =  - f { v j . k )  cos(A iw y) cos(A2W2t )  (3.1.5)

S u b s t i tu t in g  (3.15) in (3.13), we get 

Q E  ^
= IZ zZ cos(AiWi;) cos(A2W2t) + Gp , qUp , q

J=1 fc=l 

— —C'
~  dt



H

Finally  from vve deduce

^  ^  ^  d^p.t] d.ap,q

A  ;

where we have used (3.8). T he  above expression is e i ther  negative or zero a t  th e  s t a t io n a ry  

poin t.  This  m ean s  t h a t  the network minimizes th e  energy function and se tt les  to  one  o f  th e  

m in im a of th e  energy  function.

3.2.3 The network

T h e  netw ork  consists  o f  two se ts  o f  neurons: (m i  x m 2) /  neurons and  (pi  +  1) x (po +  

L) g neurons. It uses identical connection  elem ents for bo th  ty p es  of neu rons  which are  

represented  in F igure  3.1 as sq u are  boxes. T h e  conduc tances  for each connection  po in t a re  

fed from th e  left and  right corners. T h e  in p u t  voltage and  inpu t  cu r ren t  a re  fed from th e  

left-hand  side an d  th e  top. respectively. Each elem ent multiplies th e  in p u t  vo ltage  by th e  

conduc tance ,  ad d s  w ith  the  in p u t  c u r ren t  to  produce th e  o u tp u t  cu rren t  which is used by 

th e  block im m edia te ly  below it. Since each colum n on th e  r igh t-hand  side co m p u te s  th e  

negative of th e  e r ro r  value, the o u tp u t  cu r ren t  is negated  before being fed to  th e  /  n eu rons .

Initially th e  o u tp u t s  of all th e  neurons  are  set to  zero. /  neurons  are u p d a te d  first a n d  

th e  u p d a ted  values a re  used by th e  g  neu rons  to  u p d a te  their  s ta te s .  This  i te ra t iv e  process 

is continued until the  desired accu racy  is achieved. To achieve th e  s topp ing  cr ite rion ,  th e  

o u tp u t s  of  th e  <7 neu rons  are com pared  w ith  th e  values ob ta ined  from th e  previous i te ra t io n .  

If th e  difference between two successive values for each filter coefficient is less th a n  a  sm all  

q u a n t i ty  (say 10“ '^), th e  i tera tion  is te rm in a ted  and  th e  o u tp u t  o f  the g  neu ro n s  are  th e  

desired filter coefficients.

3.2.4 R esults

T h e  netw ork  in F igure  3.1 was s im u la ted  to  design a  sq u ared -sym m etr ic  low pass F IR  filter 

w ith  th e  following specifications: Wp,  ̂ =  1, Wa,  ̂ =  2 and   ̂ =  2îr r a d /s .  T h e  d im ension  

of th e  filter w as chosen to  be 13 x  13. T h e  netw ork  was s im ula ted  until th e  convergence  

criterion  was m e t .  T h e  am pli tude  response  of th e  filter ob ta ined  is shown in F ig u re  3.2.
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F igure  :}.2: .Amplitude response of lowpass filter w ith  JJp^^ =  I. j j ^x 2 ~  2 r a d /s  ob ta ined  

by th e  proposed m ethod . T h e  dimension of the  filter is 13 x  13.

3.3 D esign o f 2-D FIR filters satisfying prescribed specifica­

tions

In o rd e r  to  design a  filter with a given passband  e r ro r  8^ and  s to p b a n d  erro r  ô'„. th e  e r ro r  

m ust satisfy  th e  following relations

|E (u ;i j ,u ;2Ar)l <  8p in passband 

>  8a in s topband

where

E(a;ij,i.j2fc) =  D{ujij,ijj2k) -  G{u[j,u>2k)

For a  q u a d ra n ta l  sy m m etr ic  filter, the  am p li tu d e  response is given by
Pi P2

G{uJlj .Lj2k) =  ^  ’̂2 )  c o s ( f c i u ; i j )  c o s (A .-2 u ;2 t)
ki =0 A’2=0
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For a  circular sy m m etr ic  filter, th e  sym m etry  is o c tagona l .  However, th e  sam e expression 

for q u ad ran ta l  sy m m etr ic  filter would be used in the  sub seq u en t  deduc tions .  However, the 

sam ple points would be taken on equidistant circular arcs  in th e  first q u a d ra n t .  Hence, the 

sam ple points can  be pu t  in a  m a tr ix  of size m  x  2 . where m  is the  n u m b er  of sam ple  points. 

Now. the  sum -sq u ared  er ro r  can be w ritten as
m m

E  =  ^  — G(ujji .ujj2)  — SŸ  -f ^  [— -f G ( ^ j \. jJj2) — <f]'̂  (ii.Lfi)
j= i  j= i

where à' is equal to  8p in th e  passband and 5a in th e  s to p b a n d .  Since th e  leas t-square  error 

has two term s, we will have two se ts  of /  neurons, one for each te rm .

-C

g  neurons

/n e u ro n s

Figure Netw ork  for th e  design of 2-D F IR  filters sa tisfy ing  prescribed specifications.

T h e  proposed schem e is shown in Figure 3.3. T h e  e m p ty  squares  represent th e  connec­

tivities shown in F igure 3.1. T h e  inpu t voltages of the  j t h  /  neurons are  given by
PI P2

i j  = D{ujji,ujj2) -  a(^ii*2)cos(A:ia;ji)cos(À:2u;j2) -  6{oJj 1 . ^ j 2)
ki =0 fcj=0 

Pi P2

I’j =  -D(uJj i ,u j j2 )  +  5 1  «(^'i,^-2)cos(A:iiJji)cos(Â:-2-Jj2) -  (3.17)
kl =0 =0



T h e  in p u t-o u tp u t  re lationship is given by

(3.18)

T h e  o u tp u ts  o f  all th e  /  neurons can be w ritten  as

=  X f R f  [ d  -  d iag  ( C i A C [ )  -  S  

=  X f R f  [ - D  - b d i a g ( C i A C f )  - S

where S  is th e  a r ray  o f  passband and  s topband  errors.

T h e  equa tion  o f  m otion of the  (p. g)th  g  neuron is given by

H  (c j  -  Up.,) cos(fu ;;i)cos(gw ;2)

m
-  Y L  (^j +  "p.?) cos(pu.-ji) cos(7u;j2)

j=l

T h e  change of sign in the  second expression is required to  make th e  t im e deriva tive  of the

energy function negative. .A.fter rearrang ing  terms, we get

du ^  ^
Q —^  +  Gp.qUp^q =  Y  ^°s(pu;_,l) COS{quJj2 ) ~ Y ^ J  COS(j%^vÜCOS(çWj2)

J=l J=l

where Gp,,, is the  (p. g )th  input conduc tance  and is given by 

I
Gp,q =  —  +  2 Y  cos{pujji) cosiquj-i)  

j=i

T h e  in p u t-o u tp u t  re lationship of th e  g  neuron is given by

®p.g — Si^^p.q) ~  ^g^p.q (.3.19)

3 .3 .1  C o n v e rg en ce

T h e  energy  function of th e  network can be w rit ten  as

m  m  P I P2 r a p ,

^  =  Z !  ) +  m Z  (^P-9 /  9~Hap.qdap,^ (3.20)
j= l  j= l  p=0q=0 ^

E x p an d in g  the te rm s  and  carrying o u t  the  integration , we get

1 r  P i P2 1

^ = 2^/^ / ÏZ [( ]̂)̂  + (4)^] + i z  IZ
j= l  p=0 7=0 ^

S u b s t i tu t in g  (3.2) and  (3.3) in (3.21), we see th a t  for a  high X g/G  ra tio ,  th e  second term 

can be neglected and  th e  energy function coincides with th e  leas t-square  e r ro r  to  within a 

co n s ta n t  te rm .
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T h e  t im e  derivative of the  energy function  is give by

From  (3.20),

d E  ^ d F i v j )   ̂ ^ a P i v ] )  ^

â ï Z  '  ?  ~ â Z 7  + ^P-9 j = l  j  =  l  ‘̂ “ PW

COS

du
=  - e j  cos(pUij) cos{quJ2j )  +  e j  cos(pui j )  cos(qu2j )  +  Gp.,Up,,

=  - C , ^  (:V2:i,

Fina lly  s u b s t i tu t in g  (3.23) and (3.19) in (3.22). we get

.A.S before, th e  above expression is a lw ays less th a n  o r  equal to  zero. T h is  m ean s  th e  netw ork  

alw ays se t t le s  to  one of the solutions.

3.3.2 Results

T h e  n e tw ork  was sim ulated to  design a  c ircu la r  sy m m etr ic  lowpass filter w ith  p assband  edge 

^'p =  O.Stt, s to p b a n d  edge uj^ =  O.ott. a n d  sam pling  frequency uj^ =  2 r .  T h e  filter dim ension 

was chosen to  be 25 x 25. T he  m ax im um  allowable passband  and  s to p b a n d  e rro rs  were dp 

=  8 . 6 10~^ an d  ô'„ =  L0~^. T he  circuit w as s im ula ted  with reference po in ts  a long eq u id is tan t  

c ircu la r  a rcs  in th e  first q u ad ran t .  Since th e  filter designed has o c tag o n a l  sy m m etry ,  the  

coefficients o b ta in ed  have perfect sy m m etry .  T h e  am p li tu d e  response of th e  filter is show n 

in F ig u re  3.4. T h e  m aximum errors  in th e  p assband  and s to p b an d  were 7 .3 x 10"^ and  

3 .4 x 1 0 " ^ .

3.3.3 Conclusions

.A. feedback  neura l  network was proposed for designing 2-D F IR  filters. .A de ta iled  m a th ­

e m a tica l  ana lysis  has been included along  with th e  convergence p rope rt ie s .  T h e  proposed  

m e th o d  can easily be extended to  designing  highpass  as  well as m u lt ib an d  filters. T h o u g h  

filters w ith  q u a d ra n ta l  sy m m etry  have been considered here, i t  is re la tively  sim ple to  ex­

tend  th e  work for designing 2-D filters w ith  any  kind o f  sym m etries .  I t  can  also be used for 

designing  filters w ith  a rb i t ra ry  am p li tu d e  an d  phase  response. T h e  ne tw ork  uses identical 

connection  e lem en ts  and neurons and can  easily be im plem ented  in an a lo g  VLSI.
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F igure  3.4: .Amplitude response o f  th e  lowpass filter with uJp = Q.Stt. =  O.ott. T h e  

passb an d  an d  s to p b a n d  errors are 6p =  8 .6 x  10“ ^, 6a =  10"^, respectively, and  th e  d im ension  

of th e  filter is 25 x  25.



C hapter 4

l -D  H R  Filters

4.1 Introduction

A large n u m b er  o f  techniques are available for designing digital HR filters, the  m o s t  com m on 

being by ap p ly in g  transfo rm ations  to  an  analog filter [5]. An analog filter is first designed 

and then th e  equivalent digital filter is ob ta ined  by a su i tab le  t ransfo rm ation  like th e  bilin­

ea r t r an s fo rm a tio n .  These techniques are su itab le  for designing s tan d a rd  filters like lowpass. 

highpass. b andpass ,  and bandstop  filters with piecewise cons tan t  am pli tude  responses. In 

o rder to design HR filters with a rb i t ra ry  am plitude  responses, one can use various o p t i ­

mization techniques. Though convergence is not g u aran teed  and  the  final so lu tion  depends  

heavily on th e  initial conditions, these are by far th e  m ost useful design tools available to ­

day. Yet a n o th e r  m ethod  for designing HR filter is to  design in m agnitude-squared  dom ain  

where the  frequency  response of the filter is essentially a  ra tio  o f  trigonom etric  po lynom ials  

[58]. T h e  design o f  equiripple HR filters in m agnitude-squared  dom ain have been considered 

in [58]. [8] an d  [19].

In this c h a p te r ,  a  feedback neural network is proposed for designing HR filters in th e  

m agn itude-squa red  dom ain . T he  m ethod  can design filters with a rb i t ra ry  am p l i tu d e  re­

sponses as show n in section 4.2. T h e  design of HR filters satisfying given am p li tu d e  and  

phase responses can be carried ou t  by an o th er  neural network based on H o p fie ld s  linear 

p rog ram m ing  netw ork as will be shown in section 4.3 [9]. T h e  chap te r  is concerned  with 

the  m a th em a tica l  analysis o f the two m ethods  and  provides examples to  i l lu s tra te  the ir  

applications.

50
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4.2 D esign  o f HR filters in m agnitude-squared dom ain

4.2.1 Theory

T h e  t ran s fe r  function of an HR filter is given by

^ = I ' + s ! ,

where t h e  n u m era to r  polynomial N { z )  is o f  degree M  and  the  d en o m in a to r  polynom ial 

D ( r )  is o f  degree iV. T h e  function in the  m ag n itu d e-sq u a red  dom ain  is given by

—  ZZi=-M 
~  i + r i L . v

where

Ci =  c_, for 1 =  I. 2. . . . .  X[  

di =  rf_i for i — I, 2, . . . .  :Y

T he m ag n itu d e-sq u a red  function is ob ta ined  by eva lua ting  (4.2) on the  unit circle, i.e.. 

Co +  E f i l  2c, cos(zw)

(4.2)

I 4- E i ^ i  2diCos{iuj )  

:V(u,)
(4.4)

1 4* D(j j )

T he m ag n itu d e-sq u a red  function, as seen in (4.3), is a ra tio  of  tr igonom etric  po lynom ials .

It is also seen th a t  bo th  the n u m era to r  an d  d en o m in a to r  polynomials are  linear in the

unknown filter coefficients {c,} and  {cf,}.

Let D'{uj)  be the  desired m agnitude-squared  charac te ris t ic .  T h e  app rox im ation  prob lem  

now can be s ta te d  as

—£(u)) <  D ’ [u>) — (4.4)
I 4- D[uj)

where £(w) is th e  allowable error. E x pand ing  (4.4), we g e t  a  se t  of two linear eq u a tio n s  

[D’ iuj) -  c(w)] -  Â'(w) +  Ô(w) [D '(w )  -  c(w)] <  0

.V (u;) — D(w) [D '(u;) 4- r(^;)] — [ C ( a ; )  4- c(w)] <  0 (4.5)



w here

T h e  left-hand side o f  (4.3) can be minimized an d  th e  corresponding  errors can be w ri t ten  

in vec to r  form as

El =  Hi  -  ( Ù c - Ü i d )

Êo — ^ Û c  — Û g d  j  — Hg

È i =  [E ,(w i).  E ,(w 2),

H ,  =  [ H i [ u J i ) ,  H i [ L j 2 ) ,

=  D'{u;j) +

1 2 coSkJi

1 2 COS Lc’2 • •

•]^ for i = 1, 2 

•]^ for i = 1. 2

U  =

2 COS MuJi 

2 COS M uj2

U , =

- 2 H i{ u i )  costal 

■ 2 H i ( ü J 2 )  COS.^2

-2Hi[uj \)  COS A'vJi 

- 2 H i {^'2 ) cos .Vw2 fo r i  = 1. 2

c =  [co Cl • • • c.v/ 

d  =  [di d-2 ■ ■ ■ d\- 

T h e  leas t-sq u a re  e r ro r  function can now be w r i t ten  as

e  =  E
j= i

+ É
j= i

M V

H i  (uJj ) -  I Co -t- 2 ^  c, cos iijjj — 2 H i  {ujj ) ^  d, cos iujj
i=l »=rl

Co +  2 ^  Ci cos iujj -  2 H 2 { ^ j )  ^  di cos iujj j — H 2 {^j )
1=1

;V

ci=l (4.6)

w here  m  is th e  num ber of sam ple points.

.4 ne tw o rk  th a t  can minimize the  above e r ro r  function  is shown in F igure 4.1. T h e re  a re  

two se ts  o f  /  neurons to  minimize (4.6) and  tw o  se ts  o f  g  neurons corresponding  to  two se ts  

o f  coefficients. T h e  o u tp u ts  of g neurons are  fed back to  th e  connection elem ents for th e  /  

neurons  a n d .  similarly, th e  o u tp u ts  of /  neurons a re  connected  to  the connection e lem ents  

for th e  g  neurons.  Both /  and  g neurons are  c o n s tan t-g a in  linear neurons with  capac ito r-  

resistor pa irs  a t  their  inpu ts .  T h e  t im e co n s ta n t  o f  th e  /  neurons are chosen to  be much 

less th a n  t h a t  o f  th e  g  neurons and  hence th e  /  neurons  are  considered non-dynam ical.
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Figure 4.1: N etw ork  for the  design of l-D  HR filters. T he  inpu t  res istor-capacitor blocks 

are  not show n: iCj., =  - 2  cos iuij. Xj,, =  2 c o s i j j j  and i/,.j =  2 H i { ^ j )

T he in p u t  voltages of /  neurons are given by

;V \ [

Vj =  [D‘ {ujj) -  f ( i j j ) ] ( l  4- ^  di cos iuJj) -  (co 4 - 2 ^  c, cos iujj)
1=1 ( = 1

vj  =  ~ [ D ' ( ^ j )  4- f ( w j ] ( l  4- 2 ^  di cos « y )  4- (cq 4- 2 ^  c, cos
1=1 1=1

for J  -  1, 2, • • • .  m . T h e  o u tp u t  voltages are given by

e] =  / (L ’j )  =  A / R / c j  

e j  =  f { e ' j )  =

In vec tor form , th e  o u tp u t  voltages can be w ri t ten  as

= Xf Rf  [Hi -  (ÙC -  Ùid)] = X f R f [ ù i -  [Ù - U i ] x  

e2 =  A / i? / [ ( Ù c - Ù 2d ) -H a ]  =  A / i? / [[Ù - U a j x - H a

where x  =  [cq Ci • • • c \ f  d i da • • • (^yv]^-

(4.7)

( 4 .8 )



T he equation  of m otion  for the  g  neuron representing th e  c coefficients is given by

du':
at r„ . . .=1

C - ^  + G- - ̂ (ej - ej) A',
j= i

J=l
m

(4.9)

for f =  0 . 1,  M .  where

1 for i= 0

2 cos iu!j o therw ise
A'lj =

and

1 "* 
g ;  =  - + 2 E / ' . .

^  j= i

In vector form, the  equa tion  of m otion can be w ritten as

du'-'
+  G'-'u'-' =  Ù^(e^ -  e^)

where is a  d iagonal m a tr ix  with G f ’s as the  entries. Similarly, the  eq u a tio n  for th e  o th e r  

g  neurons representing th e  d  coefficients can be written as
J  ri d  m

C - j p  H   =  -  ^ ( e j  +  uf)2[D'"(uJj) -  e( u j j ) ] cos i ^ j
at

m
+  ^ ( e j  -  af )2  [D‘ {ujj) +  e(u,7 )]cos iujj 

for i =  1 . 2  i V .  In o th e r  words.

.du ’
C - ^  +  G U 1 = -  [ D - ( w , ) - r ( a . 3 ) ] c o s w ,

J = l 
m

+  Y 1 [G '(Wj) +  e(u ;j)]cos iuj  
j= i

4.10)

where

1 ^  m
G'l = ----- 1- ^  2 [D“ (Wj) -  c(w;)] cos iuJj 4 - ^ 2  [D~{u;j) +  e(u;j)] cos iijjj

’'a ;=1 j= l

In vector form, the  equa tion  of m otion of th e  d  neurons can be w rit ten  as

d u T _2C —  +  G'^u'^ =  - Ù [ e ^  +  Ù 2 '

T h e  in p u t-o u tp u t  re la tionship  for th e  g neurons can be w rit ten  as 

=  g{Ui) =  AjU-

d, =  g ( u f )  =  X j u f (4.11)



O nce th e  network settles, th e  coefficients are  used in the  polynomials in z in (4.2) and 

factored. Poles and  zeros t h a t  a re  w ith in  th e  unit circles are  re ta ined . Zeros on the  unit 

circle a p p e a r  in pairs  and only one p a ir  o f  each is retained and  finally th e  tran sfe r  function 

is co n s tru c ted  [58].

4.2.2 Convergence

T he energy  function o f  the network can  be w ri t ten  as

m  m  M  -e, V
E = ^ F { o ] )  +  Y ^ F { v ] )  +  ^ G ‘i /  g - : ( c . )d c ,  +  ̂ G f  /  g ~ H d , ) d d ,  (4.12)

j= i  j=i  1=0 i=i

where F  is rela ted  to  the  charac teris t ic  function /  o f the /  neurons by

- being a  d u m m y  variable. Noting (4.13) an d  ca rry ing  ou t  th e  in teg ra tio n .  (4.12) can be 

rew ritten  as
1 .  I ™  / ^ ’ c  I \  ^ < d

£  =  5  V R /  E  1 4 ) '  +  ( 4 ) '  +  Î  E  r 4  +  ]  E  r ' ' 'j= l  “ <=0 ^3 ^ ^3

For a  high Ag/G; ra tio ,  the last two te rm s  can  be neglected and  the  energy func tion  coincides

with the  e r ro r  function to within a  co n s ta n t  factor.

In o rd e r  to  check th e  time derivative o f  th e  energy function, we note t h a t  

clE ^ d E d c i  ^ d E d d i  

1=0 1=1.Now

j=i j=i

T he partia l  derivatives on the righ t-hand  hand  side of (4.15) can be eva lua ted  as

- 4 w , ) ] c . s iw ,

^  =  - 2 / ( 4 )  [ £ ■ ( - ! ) -  ^ ( - i ) i c o s . - . .  , . . a ,



ôfj

A fte r  su b s t i tu t in g  (4.15) - (4.16) in (4.14), th e  time derivative of th e  energy func tion  can 

be w ri t ten  as

d E  _  ^  d u i  dci ^  ^ d u f  ddi
dt  "  dt dt  ~  dt  dt

Here we have used (4.9)-(4.11) for brevity. From  (4.17) we see t h a t  th e  t im e der iva t ive  of

th e  energy  function is always less th a n  o r  equal to  zero and the  netw ork  alw ays se t t le s  to

one of th e  minima.

In o rder  to  check th e  uniqueness of  th e  solution in the  m agn itude-squa red  d o m a in ,  the  

sys tem  equation can be w rit ten  as

C — 4 - G u  =  [Û — — [Û — ( 4 . IS)

where u  =  and  G  is a  d iagonal m atr ix  with the conduc tances  as  i ts  e rn tr ies .

S u b s t i tu t in g  (4.8) in (4.18). we get

C ^  +  Gu = A //? /[[Ù - Ù i ] ^ H i - [ Ù  -Ù t]^ [Ù  - Ù , ] x

-  [Ù - Ù 2]^ [Ù  - Ù 2] x - h [ Ù  - Ù 2] H 2] (4.19)

.After som e m anipula tion , (4.19) can  be w ri t ten  as

d x
I F  +

+  - Ù i ^ Ù  -  Ù J  +  - Ù 2]^ [Ü  - Ù 2]

4- - Ù 2] ^ H 2 (4.20)

It can be proved t h a t  th e  system  m a t r ix  in (4.20) is positive definite. So th e  ne tw ork  se tt les  

to  th e  global solution in th e  m ag n itu d e -sq u a red  dom ain .

4.2.3 Design procedure

In o rd e r  to  design an HR filter in th e  m ag n itude-squa red  dom ain , the  specified e r ro r  te rm s  

are  first squared . T he  netw ork  is th e n  s im ula ted  to  get th e  c and d  coefficients. T h e  t ran s fe r  

function of the filter in th e  m ag n i tu d e -sq u a red  dom ain  is construc ted .  T h e  poles and  zeros 

of th e  filter are com puted  next. Poles and  zeros ou ts ide  the unit circle a re  re jected . Zeros 

th a t  lie within the  unit circle are  re ta in ed .  O nly  half o f  the  zeros on th e  unit circle a re  also 

re ta ined .  T h e  transfer  function of th e  filter is then obtained  with these  poles an d  zeros.
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4 .2 .4  R esu lts

T h e  netw ork  was sim ulated to  design an  HR filter o f length 5. T h e  specifications for the  

filter were as follows: passband  edge ujp =  O.dtr. s to p b an d  edge Ug =  O.btr. p assb an d  er ro r  

0.22, an d  and  s to p b an d  er ro r  0.0224. T h e  filter was designed following th e  s tep s  outlined 

in th e  above  procedure. T h e  am p li tu d e  response of th e  filter is shown in F igu re  4.2.

-10

-20

-3 0
m-a
Ç
c

O

-5 0

—60

-7 0

-8 0
0.47T

Frequency

Figure 4.2: .A.mplitude response o f  th e  filter with ujp =  0.4tr. =  O.Ott.

4 .3  D esign  of H R  filters w ith  specified am plitude and phase 

responses

T h e  frequency response o f  an HR filter whose t ran s fe r  function is given in (4.1) can be 

w r i t te n  as
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where M  and .V are the n u m era to r  and d en o m in a to r  degrees, respectively. Let the desired 

response be T h e  e r ro r  between the  desired response and  the  response of the

designed filter is given by

.(e-) = H ( e - n  -  r r W i
Simplifying the above expression, we can w rite 

£ ( e - ^ - )  =  [l  +  D (e - ^ ‘")] u{e-J^ )

where E{e~-'^)  is the erro r  to  be minimized. Separa t ing  th e  erro r  in to  real and  im aginary  

par ts ,  we get

£'■(0.-) =  Re [£’( e '" " ) ]  =  f  (w) -

.VI .V .V

bi COS iu> +  d''[uj) ^  a ,  c o s  iu: +  d* ^  n , c o s  iuj
1=0 i = l  i = I

5"(w) =  Im [ ^ ( e - ^ " ) ]  =  f  (w) +

.VI V .V

bi sin (W +  (f (u) ^  «, cos iu> -  cT a, sin w
1=0 »=l 1=1

where H{u!) =  rf ' '(u;)+ jd'{u!).  Let the  desired response be specified a t  m  frequency points. 

T h e  er ro r  function can be w rit ten  as

m
E  =  +  (4.21)

j= i

This  least-squares error can be minimized by the  network depicted in F igure  4.3. T here  

a re  { M  4- I) gi, neurons representing  th e  6 coefficients. A' Ça neurons representing th e  a 

coefficients, and m  f ’’ and  / '  neurons representing the  e rro rs  corresponding  to  the  real and 

im aginary  parts .  The connection m atr ix  between these two sets o f  neurons is fixed and 

consis ts  o f  the  cosines and  sines of th e  weighted frequencies. Both  g  and /  neurons are 

linear constan t-ga in  amplifiers and  are dynam ica l in th e  sense th a t  they  have R C  blocks a t  

their  inpu ts .  T he  tim e co n s tan ts  o f  the  /  neurons are  very small com pared  to  those o f  the  

g  neurons: hence the  /  neurons can be considered non-dynamical.

Neglecting th e  dynam ics  of the  /  neurons, the  inpu t voltages a re  given by

M N
Vj =  d''{jjj ) -  ^  6, cos iujj 4- cT{ujj ) ^  a, cos iuij

i=0 1=1
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Figure  -I..3: N etw ork for th e  design o f  HR filters with specified am p li tu d e  and  phase  re­

sponses . T h e  inpu t resis tor-capacitor blocks a re  not shown: Wj_, = djCosiu^j  — d j S i n i ^ ' j .  

Xj_, =  sin lujj. ijj_i =  cos iuij 4- d'̂  sin iuJj. and Zj,, =  — cos iu j .

+  cP{jjj) ^  (I, sin izjj 
i = l

\r
Vj =  d' ( ^ j  ) + ^ 6: sin iu j  +  d’ (ujj ) ^  a,- cos iujj

1=0 1=1 
;V

— dJ'iijj) ^  fli'sin iiüj 
1=1

T h e  in p u t -o u tp u t  relationship is l inear an d  hence the o u tp u ts  of th e  /  neurons are  given by

.V

Cj =  / (U j)  =  A /A /uJ  

=  /(U j)  =  X j R f v ]

In v ec to r  no ta t ion .

(4.22)

v ’’ =  d " - C ' ’b +  D ‘a =  d  ̂ -  [c '’ -D ^] x

v ‘ =  d ‘ -F S*’b -  D^a =  d‘ 4- [s* -D ^ ] x (4.2.3)
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w here  C* is an m x (.V/ 4- I) cosine m atr ix .  S* is an m  x  (A/ +  I) sine m atr ix .

X =  [&o • • • b \ [  ai 02 - • • a,v]^. and  an d  D" are  defined as

cT (aJi ) cos;*;i +  d'(u;i) sin u;i • ••  cT(u;i) cos iVui +  d‘(u;i ) sin :Vu;i

=  d''(w2) C0SW2 4- d '(w2) s in w 2 •••  cf(^;2) cos .Vw2 4- d' ( ^ 2) sin :V^ 2

=

d''(a;i) s inw i — d'(u;i) cosu;i •••  (wi ) sin iVwi — d ' (wt ) cos iVcv't

(uJ2 ) sin W2 — d‘(aJ2) cos W2 • - - ( f  (W2) sin ;Vw2 — d' (1̂ 2) cos .Vu;2 (4.24)

T h e  equa tion  o f  m otion for a  g  neuron correspond ing  to  th e  b coefficients can be w ri t ten  as

f l , . h  ,,6 m m

-  " f )  COS iu!j -  4- U -) sin iu;j
j= i  j= i

+  G 'lu- =  5 1  cos iujj -  e) sin I'wj] (4.2.Ô)
j= i

for / =  0. 1 M .  T h e  input resistance is rep resen ted  by and G \  is th e  to ta l  in p u t

co n d u c ta n ce  of neuron i and  is given by
m m

g \  =  — h 5 2  cos 4- 5 2  S'" iLjj
''3  j=i  i=i

T h e  ac tiv ities  o f  all g^ neurons can be pu t  to g e th e r  th ro u g h  th e  differential eq u a tio n

4- G^’u*’ =  C ' ’̂ e'- -  S^^'e'
at

Similarly, for th e  neurons. 

dt  rg

(4.26)

-  5 2 ( C ;  +  \f̂  i ĵ) COS zWj 4- d^{ujj) sin
j= i
m 1

4- ^ ( C j  -  U?) ^ d '" (w j)  sin iujj -  d '( u j j )  cos iwjj
j=i

for / =  1. 2 . . . . .  N .  .After pu tt ing  all con d u c tan ce  p a r ts  together ,  the  above expression 

can  be w r i t ten  as

C ' - ^  +  =  - 5 2  c ;  [ d lw , )  cosfwj 4- d '(w ,)  sin fw,]
i= l

r
+  5 2  Cj IcT(Wj) sin iu!j -  d ^ U j )  cos fwj | (4.27)

j = i



fil

w here

1
=  !- ^  [ r r {(jjj) COS iujj 4- 'P{uij) sin iiu'j

;= i
m

+  ^  ^tT {u!j) sin iujj — (Piuij) cos iu)j
j= i

In vec to r no ta t ion ,  th e  ac tiv ities  o f  the  5 “ neurons can be represented in te rm s  o f

C ' ^  +  G " u “ =  - D ^ V  +  (4.28)

w here G “ is a  d iagonal m a tr ix  w ith th e  G'“ 's as  its entries. The in p u t  voltages o f  the g*

an d  g “ neurons are  d eno ted  by and  u“ and  th e  inpu t-ou tpu t ch a rac te r is t ic s  for the  two

types  o f  neurons are given by

bi =  g { A )  =

o-i =  g{u'-) Xgu'i (4.20)

4.4 Convergence

T h e  energy  function of th e  netw ork  is given by

J l  ,

E =  E r = i  F ( c ; ) - f £ ; F ( c ‘ ) +  £ G ' t  / ' g - ‘(6.)d6.
j = i  . = 0

V  r a .
+  T C ?  /  g ~ H a i ) d a ,  ( 4 .8 0 )

f r r  do

w here  F  is rela ted  to  th e  cha rac te r is t ic  function /  of the /  neurons by

^  =  / ( . - )  ( « 1 1

w ith  z being a  d u m m y  variable. N oting  (4.31) and  carrying out th e  in teg ra tio n .  (4.30) can 

be rew rit ten  as

E  =  i A / f i / 1  [ I . ; ) '  +  +  f a ]
^  J =  l  ^  i= 0  ^ 3  d. A g

For a  high Ag/G, ra tio , the  last two te rm s  can be neglected and. as a  consequence, the 

energy  function coincides with th e  e r ro r  function (4.21) to  within a  c o n s ta n t  factor.

In o rd e r  to  check th e  t im e derivative o f  th e  energy function, we n o te  t h a t

(IE ^ d E d b i  ^ d E d u i  

1=0 1 = 1
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Now

E = + H . .4 )
j= i  j= i

T h e  partia l derivatives on th e  right-hand side of (4.34) can be expressed as

a F ( u ; )
---------  — --------------------=  —f { v j )  cos lUj

d b i d V j  db i

d f { n ) ) d F { V j )  duj
d b i d v j  db i

aF(er) c?F(u;) duj
d a i d V j  d a i

=  /(t;')K (w ,:
d F { v ‘ ) d f { V j )  dVj

-  =  f { v ‘ ) sin iu j

dtti dVj dai

=  -  f  (Vj)[d''{uJj) sin iuJj -  cP{iJj) cos iujj] (4.35)

. \ f te r  su b s t i tu t in g  (4.34) - (4.35) in (4.33). the tim e deriva tive  o f  th e  energy  function can

be w rit ten  as

d E  _  ^  du- d6, ^  du? do,
dt "  dt  dt  “  dt dt

1 = 0  1 =  1

^ / d 6, V

Here we have used (4.25). (4.27) and  (4.29). From (4.36) we n o te  t h a t  th e  tim e derivative of 

the energy function is always less than  or equal to  zero an d .  therefore , th e  network always 

settles to  a  m inim um .

In o rder to  check th e  uniqueness of the  solution, the  sy s tem  eq u a tio n s  (4.26) and  (4.28) 

can now be com bined into

-F G u  =  [C* - D ‘j '  e" -  [s* -D^j '  e ‘ (4.37)

where u  =  u “^ ]^  an d  G  is a  diagonal m atrix  with th e  conduc tances  as its ern tr ies .

S u bs ti tu t ing  (4.22)-(4.23) in (4.37), we get

C ^ - F G u =  A /Æ /[(€ '’ -D ^ )x

-  (S'" -D ^)^d' -  (S'- -D ^ )^ (S * ’ -D'^)x] (4.38)

T T



After som e m an ip u la t io n .  (4.38) can be w ritten as

rfx
T t -D ^ ^ (C *  - D ‘) 

^ , - =̂ (5^ - D 2)^(S* - D ^ )

=  - D M ^ d ' -  +  ^ i ^ ( S * ’ - D 2) ^ d ‘

It can be proved t h a t  th e  sys tem  m atr ix  is positive definite. So th e  network se t t le s  to  the 

global solu tion in th e  m agnitude-squared  domain.

4 .4 .1  R e s u lts

The network was used to  design an HR filter with given am p li tu d e  and  phase responses as 

depicted in F igure 4 .4(a) and  (b). T h e  am plitude and  phase responses were specified a t  60 

uniformly spaced  sam p le  points in the  frequency range 0 to  tt. T h e  network was s im ula ted  

for 5 /zs with .V/ =  S  =  16. T h e  am plitude  response achieved is shown in Figure 4.4(c) and 

the phase response is shown in Figure 4.4(d). To achieve th e  sam e  perform ance, an F IR  

filter o f length 61 has to  be used.

4.5 Conclusions

Two networks for th e  design of HR filters have been proposed. T h e  first m eth o d  deals w ith  

designing HR filters in th e  m agnitude-squared  dom ain  and can  be used to  achieve a given 

am plitude  response. T h e  second m ethod  can design an HR filter with a rb i t ra ry  am p li tu d e  

and phase responses. T h e  results look satisfactory, though  no con tro l has been imposed on 

the position of th e  poles. For th e  first case, exactly  half the  poles a re  ou ts ide  th e  unit circle. 

Since the  num bers  of poles and  zeros in the m agnitude-squared  dom ain  are twice those  in 

the z dom ain , those  poles which lie outside the  unit circle a re  re jected. For th e  second 

case, it was found t h a t  if th e  itera tion  steps are small, the  poles a re  within th e  unit circle. 

However, if th e  netw ork  is allowed to  run for longer time, som e o f  th e  poles go ou ts ide  the  

unit circle, thereby  m ak in g  th e  filter unstable. In o rde r  to  design a  s tab le  filter, one can 

use a  network with co n s tra in t  on th e  position of poles.
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Figure  4.4: (a) Desired am p li tu d e  response, (b) desired phase response, (c) am p li tu d e  

response of th e  filter ob ta ined ,  (d) phase response of th e  filter.



C hapter 5

1-D W LS Filters

5.1 Introduction

T h e  design o f  F IR  filter is essentially a  problem o f  finding a  Fourier series and  then  modifying 

it th ro u g h  th e  use of a  window function to  achieve an app rox im ation  with a finite n u m ber 

o f  te rm s.  If D { ^ )  is the  required am pli tude  response and M[u}) is the  response of the ac tua l  

filter, then  th e  approx im ation  error is given by th e  difference between th e  two responses. In 

a  least squares  design, th e  Lo norm of th e  above  e r ro r  function is minimized. T h e  m inim um  

e r ro r  achieved tends to  be unevenly d is t r ib u ted  over the  frec^uency range of in terest [.5]. In a 

m in im ax  design, the  m agn itude  of the  largest e r ro r  is minimized and  the  resulting solution 

leads to  an error which is evenly d is tr ib u ted  over th e  frequency bands. To design filters 

which a re  o p tim um  in th e  minim ax sense, one can use the  Remez exchange algorithm . T h e  

design o f  F IR  filters using the  Remez exchange a lgorithm  has been dealt  exhaustively  in [-5]. 

T h is  a lgorithm  is com pu ta t iona lly  very intensive an d  th e  n a tu re  of th e  solution  depends a 

lot on th e  way superfluous ex trem al frequencies a re  rejected. .A.n a l te rn a t iv e  to  the Remez 

exchange  a lgorithm  is th e  weighted least-squares  (W LS) optim iza tion  m ethod  [44]. [2]. and  

[6:j]. T h e  WLS m ethod  produces an equiripple design, if a  su itab le  least-square  weighting 

function  is used and  is easy  to  implement.

T h e  design of F IR  filters based on a  feedback neural network has been examined in 

c h a p te r  2 . In th is  ch ap te r ,  with the addition  o f  a  few more blocks, it is shown th a t  the  

feedback neural network is capable of designing equiripple filters based on th e  W LS m ethod  

[12]. Even though all th e  m athem atica l  fo rm ulations are given for F IR  filters, the  m ethod  

can  be used for designing equiripple digital d iffe ren tia tors  (D D ’s) and Hilbert transfo rm ers

6 Ô
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5.2 Problem  formulation

T h e  weighted leas t-squares  erro r  function can be expressed as

m

f i ’m ag =  (Ô .1 )
J = l

where

E{aJj) = D{ujj) -  G { u j )

T h e  qu an t i ty  m  is th e  num ber of points a t  which th e  erro r  function is sam pled , and W { ^ j )  is 

a  weighting function. It is not possible to  find VV{uij) ana ly tica lly  and  an itera tive  proceure  

is employed to identify  th e  app rop ria te  weighting function. For a  linear phase F IR  filter 

with an odd length o f  'V. the  am plitude response is given by

where

( : V - l ) / 2

^  ai; cosku)j  
k = 0

where coefficients a re  linearly related to  the  filter impulse response h{n)  as defined in 

chap te r  2 . For d iffe ren tia tors  and Hilbert transfo rm ers ,  th e  phase response m ust be l inear 

and  hence the  im pulse response is required to  be an tisym m etr ica l .  T h e  corresponding  

response is given by

n
^  afcsin(fc -  p)ujj

where n =  (;V — l ) / 2 ,  p  =  0 for N  odd and  n =  N / 2 .  p  =  1 /2  for N  even. Since th e  

am pli tude  response for antisym m etrical  filters con ta in s  integral sine te rm s, full-band D D 's  

and  H T 's  are  not realizable when N  is odd . This  problem can be solved by using an even 

length . However, an even N  gives rise to  a  fractional delay which m ay  not be accep tab le  

for some applications. However, these problems are  no t very critical and  can be taken ca re  

o f by choosing an ap p ro p r ia te  filter order.

A  su itable  netw ork  for the  minimization of th e  least-squares erro r  is depicted in F ig ­

ure .5.1. T here  are  n +  I g  neurons and m  f  neurons. T h e  connection m atr ix  betw een



thcsp two sets o f  neurons is fixed and  consists of the cosines (or sines for DD's and  HT's) 

of the  weighted frequencies. Both g  and  /  neurons are  linear constan t-ga in  amplifiers and 

are dynam ica l in the  sense t h a t  they  have R C  blocks a t  the ir  inputs .  T he  time co n s tan ts  

of /  neurons are very sm all  com pared  to  those of g neurons: hence they  can be considered 

non-dynamical.

COS nco, I 1 1

lV

cos nm., COSCÛ

COS nm cos tlCû cos nco

. VW(o>„) .  V W (m , )

vW{ V W (‘<». )

Figure 5.1: .Network for th e  design o f  1-D F IR  filters using th e  W LS m ethod .

.Neglecting the  d y n am ics  o f  th e  /  neurons,

( j  =  /  a^c(W j) -

=  d { u > j )

for j  =  1, . . . .  m,  a  =  [ao ai  ••• On]^, and  c {uJj ) =  [1 c o s ••• cosw^n]^. and n =  

{ N  -  l ) / 2 .  T h e  qu an ti t ie s  A/ and  R j  a re  th e  gain and th e  in p u t  resistance o f  an /  neuron. 

T he  o u tp u t  Cj o f /  neuron  j  is multiplied by y  W(u;j) to  assu re  convergence. T he  o u tp u ts



of all /  neurons can be p u t  toge ther  as 

e  =  X f R f W j ^  [d — C a]

r,s

(5.2)

where d  is the  vec to r formed by the  values of th e  desired responses, C  is the  m x (n +  L) 

cosine m a tr ix  and

0

0 0 . . .  y P F w

T h e  equa tion  o f  m otion o f  a  g neuron is given by

C ' ^  + 7  = L  I -  u,
' a  j= i  L

cos IJJi

for f =  0 . . . . .  n where Cg and  are  th e  input cap ac itan ce  and  resistance, respectively, 

and  u, is the  in p u t  voltage o f  neuron i w ith a correspond ing  o u tp u t  of

(.5.3)», =  <?(«,) =  AgU,

.Alternatively, we can w rite

+  G i U i  =  ^  y / w { u j j ) e j  cos iujj
J = l

where

1
Gi  =  h V '  cos iuij

A
In te rm s  of v ec to r -m a tr ix  no ta t ion

C 3^ ^  +  G’. u . = e ^ W , g C , M

where Ci(u.') =  [cos fwi cos . . .  c o s fc j^ ]^ .  T h e  eq ua tion  of m otion  of all th e  r /n eu ro n s  

ran  be expressed as 

f lu
+  G u  =  C ^ W „ e

=  A / « / C ^ W , , W , , [ d - C a ]  

=  \ f  R f  C ^ W %  [d -  C a ] (5.4)

where

G  =  diag  ( 6 'o  G 'l . . .  6*„)
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5.3 Convergence

T h e  energy  function  o f  this network is given by

E = Y ^ F  \d{ujj) -  a^ c (w j){  )  +  X !  Gi f  g~^{ai)da,  (.5.5)
j= l  ^ '  1=0

where function  F  is re la ted  to  the ch a rac te r is t ic  function /  o f  the  /  neuron by 

/ (-- )  =  ^
and  z is a  d u m m y  variable. S u b s t i tu t in g  th is  re lation, and  carrying out the  in te rg ra t ion .

one gets

E = - a:"c(w,)]" 4- (.5.6)

If G, /X , j  is sm all ,  we can ignore the second te rm . T hen  the  energy function (5.6) becomes 

coincident w ith  th e  erro r  function given by (5.1).

In o rd e r  to  check convergence, we d iffe ren tia te  (5.5) to get 

(IE y ^ d E d a i  

1=0

.Again from (5.5). we have

g  =  <5.«)

. \ow

S u b s ti tu t in g  (5.9) in (5.8), ŵ e get 

Now from (5.7), (5.10), an d  (5.3)

From  (5.11) we see t h a t  d E / d t  < 0. So th e  netw ork  always converges to one of th e  solutions.
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S u b s ti tu t in g  (5.2) in (5.4). and  noting (5.3). the equation  o f  m otion for the  g  neurons 

can be w rit ten  as

It can be seen th a t  the  system m atr ix  is positive definite. T h is  m eans t h a t  th e  network 

se tt les  to  th e  global solution for th a t  par ticu la r  weighting function in each itera tion .

5.4 The algorithm

For a least-squares weighting function, th e  op tim um  solution can be found analytically. 

However, there  is no known analy tica l m ethod  for deriving th e  weighting function th a t  

would p roduce a  m inim ax design [44]. Hence, an i terative app roach  is taken . If 

is th e  weighting function for the frequency point ujj in the  6 th  i te ra tion ,  then  in (6 -j- l ) th  

i te ra tion  it is expressed as

where is a  function of th e  weighted error function [44]. F irs t ,  all th e  local m inim a

and m axim a of the erro r  function are  com puted .  Between two consecutive m in im a there  is

one m ax im um . These m axim a are s to red  in an a r ray  q. Let peak^ax  =  m ax (q )  and peakmin

=  m in (q ) .  If

peakixja.x PGakmin ^   ̂
peakmax

where t  is a  small positive num ber (say, 0.05), then the  erro r  becomes equiripple.

T h e  network is initiated with zero initial conditions and  th e  initial weights are  set to  1. 

T h e  network is run for 5 /i-s. Weights are  then u pda ted  and  th e  final o u tp u ts  of the  g and  

/  neurons are  used as the initial conditions for th e  next i te ra tion .  T h e  e r ro r  is com puted  

a t  th e  end of each itera tion  and th e  convergence criterion is checked a t  th e  sam e time. If 

W ^(w j) and are th e  weights a t  wj in th e  6 th  and (6 - t - l ) th  i te ra tions ,  respectively,

then  th e  u p d a t in g  formula can be w rit ten  as

 ̂ X |Em ag(w J|
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U has been found th a t  a  value of a  in the range 1.0 <  a  <  1.4 speeds up the convergence. 

T h e  W L S a lgorithm  used in conjuction with feedback neural networks is as follows:

1) S e t  A: =  0: initialize =  I. a  =  0. e  =  0, a  =  1.0.

2 ) R un the  network for .5 /rs.

*1) C o m p u te  £'rnagî pGak^axT and  peakmin-

4) If <  0.05. s top .
'  p e a k m ix  ~  ^

5) Set A: =  A- -I- 1 and  u p d a te  weights as in (5.12).

6 ) G o  to s tep  2.

5.5 The network

Each square  elem ent in Figure 5.1 refers to  a  connection point. It accepts  the input signal 

from th e  left and  passes it to  the  next colum n th rough  to  th e  right. The input cu r ren t  

is fed from the  top  and  the  conductances  a re  fed from the  left top  corners. Each elem ent 

multiplies the  input voltage by the  conduc tance ,  adds  the in p u t  cu rren t from the  top . and  

produces an o u tp u t  cu rren t  which is fed to th e  next connection point im mediately below 

it. T h e  network uses identical connection elem ents  and identical neurons for each ty p e  

o f  neuron . Since the  t im e co n s tan ts  are  different for g  and  /  neurons, the input resistor- 

ca p ac i to r  blocks are different too  and  have elem ents  Rg =  2 kfi. Cg =  0.04 /iF . /? /  =  50 ÇI. 

and  C f  =  1.0 n F .  B oth  g and /  neurons are  linear constan t-ga in  amplifiers with gains Xg 

and  X f .  respectively, o f 2000. T h e  desired response signals and  th e  cosine conductances  a re  

scaled by a  factor of 10~^ to avoid sa tu ra t io n .  F igure 5.2 depicts  th e  details  for th e  weight 

u p d a t in g  scheme and  s to p p in g  criterion.

5.6 R esults

T h e  netw ork  in Figure 5.1 and  5.2 was used to  design an F IR  filter with  Wp =  0 .37r, =

0 .4 -  with  a  sam pling  frequency of 27t. T h e  o rde r  o f  th e  filter was chosen to be 29. T h e  

nu m b ers  of sam ple  poin ts  were taken  to  be 60 and  120 in th e  passband and s to p b an d ,  

respectively. T h e  value o f  a  was taken to  be 1.2 and  it took 8 i te ra tions  to  reach the  desired 

accuracy. T h e  am pli tude  response o f  the  filter is shown in F igure 5.3 and  the response in 

th e  passband  is shown in the  inset. Figure 5.4(a) and  (b) shows the  absolute  erro r  in th e
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F igure  5.2: Block d iag ra m  showing the  updating  scheme and  s to p p in g  cr ite rion .

passb an d  and  s topband .

T h e  sam e network was th en  used to  design a digital d iffe ren tia tor  w ith  uJp =  0.9?r. T he 

nu m b er  o f  sam ple  points was taken  to  be 100 with a  filter length of 29. It  to o k  21 i te ra tions  

with  O' =  1.0 . T he  am p li tu d e  response is shown in F igure 5.5(a) a n d  th e  corresponding  

e r ro r  in (b).

In th e  last example, th e  n e tw ork  was used to  design a Hilbert t r a n s fo rm e r  w ith  bandedges 

wj/ =  O.OSrr and  u)h =  0.92îr. In th is  case, 100 sample points uniform ly d is t r ib u te d  in the 

band  of in te rest  were chosen. T h e  p a ra m e te r  a  was set to  1 and  the  filter leng th  was taken 

to  be 31. It took  9 i tera tions to  converge. F igure  5.6(a) shows th e  a m p l i tu d e  response and 

(b) shows the  error.
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Figure .5.3: .Amplitude response o f  th e  F IR  filter w ith jjp =  O.^Tr.u;, =  0 .4 - .  and  filter o rd e r  

is 31. T h e  inset shows the  passband  ripple.

5.7 Conclusions

•\ simple yet efficient a lgorithm  for designing 1-D equiripple F IR  filters has been proposed. 

It uses th e  basic network o f  c h a p te r  1 for designing 1-D F IR  filters for a  given am p li tu d e  

response. A couple of ex t ra  m ultip liers  a re  required by th is  netw ork  to  design equiripple F IR  

filters. T h e  th ree  examples included have shown th a t  this is a  viable m ethod  for designing 

equiripple filters. F u rtherm ore  it is am en ab le  to  analog VLSI im plem entation .
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C hapter 6

A pplication  o f N eural Networks

6.1 Introduction

As m entioned  in ch ap te r  1. neural ne tw orks  find num erous applications in signal processing, 

pa r t icu la r ly  in im age and  speech processing. T h e  application of neural networks in em erg ing  

techn iques  like th e  lidar system  is fairly new. Typically, the lidar sys tem  is used for m ap p in g  

sea -bed  to p o g rap h y  in coastal a reas  [.31]. b u t  it can  also be used for the  detec tion  of fish. For 

som e im p o r ta n t  commercial species like herring, near-shore w aters a re  the  usual h a b i ta t s  

o f  you n g  fish. Because of the  problem s assoc ia ted  w ith  the use of big ocean-going vessels 

in co as ta l  areas ,  lidar technology proves to  be one of the most a t t r a c t iv e  choices for this 

pu rpose .  However, a  reliable m ethod  is required by which small var ia tions in th e  waveform 

due  to  the  presence of fish can be d e tec ted .

T h is  c h a p te r  is concerned with two schem es for processing lidar waveforms by neural 

n e tw orks  [7]. [10]. T h e  first one is for th e  classification of waveforms in a  fishing env iron ­

m en t .  T h e  lidar waveforms are c lustered  in an unsupervised m anner  in to  various ca tegories  

d ep e n d in g  on som e similarity m etric. In o rde r  to  reduce the tra in ing  tim e and  to  assign a 

p a r t ic u la r  n u m ber to  each cluster, a  superv ised  c lustering m ethod  is also developed. B oth  

a lg o r i th m s  use single-layer neurons w ith  linear ac tiva tion  functions. T h e  spa tia l  resu lts  ob­

ta in ed  from this  m eth o d  would be useful for th e  fishery environm ent.  T h e  second schem e is 

also in tended  for th e  classification o f  w aveform s and  information ex trac t ion  from th e  lidar 

w aveform . It  consists of a  tw o-s tage  m ulti-layer feedforward neural network em ploying  a  

superv ised  learning algorithm . An in p u t  waveform is first m apped into som e cha rac te r is t ic s  

a t  th e  o u tp u t  o f  s tag e  I. These charac te r is t ics  a re  then  used in s tag e  II to  ex tra c t  various

77



types  of p a ram e te rs  and  to assign a  s ig n a tu re  num ber to th e  waveform. T h e  classification 

o b ta ined  by th is  m ethod  is then  co m p ared  with th e  assigned grouping o b ta in ed  by th e  first 

scheme. T h e  ch a p te r  is organized as follows: Section 6.2 deals with th e  preprocessing  of 

the  waveforms before being presented to  th e  network. In section 6.3. a  deta iled  an a ly ­

sis o f  the  proposed single-layer neural netw ork  is provided, whereas sec tion  6.4 deals with 

th e  m ulti-stage network. Section 6.-5 con ta ins  results obtained by ap p ly in g  th e  proposed 

schemes on real-life lidar d a t a  collected off the  coast o f Vancouver Island a n d  th e  C an ad ian  

.A.rctic region. A  com para t ive  s tu d y  o f  th e  proposed schemes is included a n d  the ir  m erits  

a re  discussed.

6.2 Preprocessing

Raw lidar waveforms received from th e  ocean canno t  be presented to  a  neural network 

directly. It is required t h a t  the waveform s be preprocessed su itab ly  so t h a t  th e  network 

can recognize them , and  to  ensure a t  th e  sam e tim e th a t  th e  processed w aveform s reflect 

sub tle  varia tions in the  original waveform s properly. One- and tw o-dim ensional d iscre te­

t im e Fourier t ransfo rm s are  popular for this purpose. However, for lidar waveform s, high- 

frequency com ponen ts  a re  typically of reduced m agnitude  and  frequency co m p o n en ts  gener­

ally co n cen tra te  in th e  lower range. In add ition ,  variations in the waveforms d u e  to  different 

conditions are no t reflected well in these m ethods.

A simple preprocessing m ethod  based on m apping  the waveform on a tw o-dim ensional 

grid has been developed and will now be described. The waveform is placed on a  rec t­

angu la r  grid where th e  spacings between the  horizontal and the vertical g rid  lines can be 

set according to  the  need. . \s  should be expected , higher accuracy o f  preprocessing  can 

be achieved by higher grid density. However, a  higher grid density  increases th e  numerical 

com plexity  and  the  neural network would take  more time to  process th e  in fo rm ation ,  i.e.. 

th e  choice of grid density  is a  com prom ise between accuracy and  co m p u ta t io n a l  complexity.

For m ost o f  th e  tasks, only a  p a r t  o f  th e  waveform needs to  be preprocessed , and  the 

user m ust  decide on th e  range of sam ple  points  t h a t  would be relevant. W h e n  th is  is done, 

each sam ple  point is checked against th e  grid-crossing points. If a sam ple  po in t falls w ithin 

half a  grid spac ing  length on e ither side in bo th  th e  horizontal and vertical d irec tions, a 

one is assigned a t  t h a t  point. O therw ise, a  zero is assigned. Each sam ple  po in t  is te s ted
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in th e  sam e way and  a t  the end one o b ta ins  a  m atr ix  of zeros and  ones. It is to  be noted 

th a t  th e  num ber o f  ones is much lower th a n  th e  num ber of zeros. However, any  change in 

the  waveform d u e  to  a change in the  ocean d e p th  or biomass is faithfully  reflected on the 

m a tr ix .

6.3 Single-layered neural network for waveform clustering

C luste r ing  is th e  process of group ing  s im ilar ob jec ts  together  and s e p a ra t in g  dissim ilar ones 

[72]. Classes m u s t  be found from th e  corre la tion  of the inpu t d a ta .  O n ce  th e  in p u t  d a ta  

is p roperly  classified, each g ro u p  is labeled w ith  an ap p ropria te  ca tegory  n am e  o r  num ber. 

This  process is popularly  known as ca libra tion .

C lus te r ing  is im p o rtan t  in th e  fishing env ironm ent.  Each waveform typically  contains 

the  ea s tin g  and  north ing  sounding  locations. After p roper clustering, one  can  d isplay the 

result w ith respect to  the north  and  east  coord ina tes .  T hus  the  spa t ia l  d is t r ib u tio n  of the 

biom ass can be easily ob ta ined . This result is very useful for com m ercial and  conservation 

purposes. In fact, th is  in form ation , coupled with sea-bed s t ru c tu re  gives a  good indication 

of b iom ass h ab i ta t .

.A neural network, capable of clustering in p u t  d a ta  is shown in Figure 6.1. T h e  in p u t  and

o u tp u t  values o f  th e  network a re  denoted  as x , j  and  i/̂ -, respectively, for j  =  1 . 2  n.

and  k  =  1. 2. . . . .  p. i being th e  index o f  t ra in ing  p a t te rns .  .An in p u t  waveform  (or part  

thereof)  is first preprocessed to  genera te  a  m a tr ix  of zeros and ones. .A co lum n vec to r  x, is 

formed using th e  rows of this m atr ix .  T h e  n u m b er of neurons corresponds  to  th e  num ber 

of ca tegories  th e  inpu t d a ta  a re  clustered into. Let the num ber of c lus ters  be p.  .Vote 

t h a t  to  s t a r t  th e  tra in ing  sequence, it is no t required to know which ca teg o ry  each input 

p a t te rn  belongs to .  b u t  the  n u m ber of ca tegories  can be assum ed to  be  known a  priori. 

Inpu t waveform s are  classified into several g roups  depending on som e s im ilar ity  metric. 

Several such a lgorithm s exist in th e  l i te ra tu re  [32], [72]. However, K ohonen 's  w inner-take- 

all learn ing  a lgorithm  [41] was found to  be  very simple and su itab le  for o u r  purpose .
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Figure 6.1: VVinner-take-all n eu ra l  netw ork w ith  linear neurons. Neuron k  is th e  winning 

one with th e  corresponding  w eights  highlighted.

6 . 3 . 1  U n s u p e r v i s e d  l e a r n i n g

Let the  in p u t  p a t te rn s  be {x,- : / =  I. . . . .  iV} where x, =  [x ,i .  x , 2, ___  Inpu t

poin ts  a re  connected to  p  neu rons  by th e  weight m a tr ix  W  G given by

W  =

H,’ i i  Wi2 • • •  Win

W21 W22 W 2n

.  Wpi Wp2 Wp n  J

w here e lem ent Wkj deno tes  th e  weight from in p u t  j  to  neuron k.  T h e  ac tiva tion  vec tor of 

th e  netw ork for the inpu t p a t t e r n  i  is th e  sum  o f  th e  weighted p ro d u c ts  of th e  in p u t  and  is
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given by

a c t  =  W x ,

Since linear neurons with unit gain a re  em ployed, th e  o u tp u t  vector is given by 

y  =  a c t

T h e  essential fea tu re  of th is  learning a lg o r i th m  is t h a t  for each in p u t  p a t te rn  x , .  one 

o f  th e  p  neurons (say the  6 th  one) would have th e  highest activity. T h is  ^ th  neuron is 

dec la red  th e  winner and  its weights, fanning in o n to  th e  k t h  neuron, a re  changed  in a 

su i tab le  m a n n e r  so t h a t  next tim e th e  sam e in p u t  occurs, th e  activ ity  o f  th is  neuron would 

be still higher. In o th e r  words, th e  d is tance between th e  in p u t  x ,  and  th e  weight vec tor

w here  w^. =  [w^i.    is minimized.

W hen  an  in p u t  p a t te rn  x, is presented to  th e  network, it com putes  the d is tan ce  | |x ,  —w /| |

for / =  1 .2  p  an d  the  one with the  m in im um  d is tan ce  ( the  k t h  one) is declared th e

w inner .  T h e  wav th is  is done is as follows. T h e  d is tan ce  can  be written  as

llx, -  Will =  [ x f x .  -  +  1] 1 / 2

Find ing  th e  m in im um  is equivalent to  finding th e  m ax im um  o f  w/^x, for f =  L. 2  p.

In o th e r  words, the  neuron with th e  highest ac tiva tion  value is the winning neuron. N'ovv. 

th e  weight o f  th is  A;th neuron is changed along  th e  negative grad ien t d irection, th a t  is.

^ w j j x .  -  WfclP =  -2 (x ,  -  Wit)

In effect, th e  weight w ^  is changed as

Wfc t -  W it  +  O r(x ,  -  W (t)  ( 6 . 1 )

w here  a  is a  learning co n s tan t  chosen between 0.1 an d  0 .8 . .\11 o ther  weight vectors  a re  left 

unchanged .

T h e  above process is repeated for all N  in p u t  p a t te rn s  over and over again  until th e  

desired accu racy  is achieved. W hen th e  network is t ra in ed ,  each weight vec to r po in ts  a t  th e  

cen tro id  o f  th e  c luster  formed by th e  input p a t te rn s .  In o rd e r  to satisfy  th e  te rm in a t io n  

cr ite rion ,  th e  centroid  o f  each c luster is de te rm ined  a f te r  each tra in ing  session. T h e  sq u a re  

o f  th e  d is tan ce  o f  th e  centroid from th e  respective weight is co m pu ted .  If th is  q u an t i ty  falls
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below a  value, say  0.01. for each of the  clusters, tra in ing  is te rm in a ted .  T h e  initial weights 

a re  chosen random ly.

It is to be noted  th a t  each tra in ing  pa t te rn  is normalized to  s t a r t  w ith. Each weight 

vec to r is also norm alized as 

w/
W/ =

I|w/Ii

for I =  1. 2. . . . .  p. Weights are also normalized a f te r  each u p d a te .  T h is  is required

because th e  purpose  of this train ing m ethod  is to  move th e  weight vector tow ards the  

cen tro id  of each c luster.  This ensures t h a t  all inpu t  p a t te rn s  and weight vectors lie on the  

surface o f  a  un it  hypersphere.

In o rd e r  to  d is t inguish  between subtle  variations am o n g  th e  inpu t p a t te rn s ,  a  so called 

leaky learning a lgo ri thm  can also be used [72]. In th is  m e th o d ,  all th e  neurons have their  

weight changed in p roportion  to  their activities. T h e  winning neuron has its weights changed 

as given in (6 . 1) whereas the o thers  are changed as

w / w / +  O.OIy/o(x, -  w/) (6 .2 )

for / =  I. 2  p  and / 7̂  k.  T he  q u an t i ty  m  is th e  o u tp u t  o f  neuron /. which is the

sam e  as its activ ity . T h e  factor 0.01 was found to  give th e  winning neuron m ore chance to  

succeed co m p ared  to  the o ther  neurons which m ay have ac tiv ities  of th e  sam e order.

T he  value o f  o  is chosen to be 0.5 to  s ta r t  with and is decreased monotonically  as the  

learning proceeds. T h is  value was found heuristically and  gives good results . T he  learning 

a lgo ri thm  is as  follows:

.\lgo ri thm  A

a) N orm alize inpu t  vectors x , for i =  1. 2, . . . .  N .

b) Choose initial weight m atr ix  random ly  and  norm alize each row with 

respect to  itself. Set i =  1.

c) In p u t  Xi and  com pute  y. T he A:th neuron is declared  winner if p t  >  p; for 

/ =  1, 2 . . . . .  p and I ^  k.

d) U p d a te  wjt as  in (6.1) and w< for / =  1, 2, ----- p and  / 7  ̂ /: as in (6.2).

Norm alize th e  weights.

e) R ep ea t  s tep s  (c) to (e) for i =  2  N .
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f) C o m p u te  th e  square  of th e  d is tance between the  centroid o f  each c lus ter  and 

th e  respective weight vector. If each of these quan tit ie s  is less th a n  0.01. 

save the  weight m a tr ix  and  stop; else set i =  1 and  go to  s te p  (c).

T h is  is an  unsupervised learning a lgorithm  where the  network learns by i tself  to  cluster 

th e  in p u t  p a t te rn s  into a  n u m ber o f  categories. In o rder to  ca p tu re  all th e  c lus ters  (which 

m ay no t  be known a  priori), p  can be set to  a  higher value. These  e x t r a  c lusters  would not 

be d e tec ted  and  th e  weights corresponding  to  th e  actual c lusters would only be saved. This 

is required  because in the  tra in ing  mode, those  unwanted weights would still be u pda ted  

and  would contain  nonzero entries. In o rder to  suppress th e  tr iggering o f  those  spurious 

neurons in th e  recall mode, it is required to  save only those weight vec tors  t h a t  correspond 

to  a  successful ca tegoriza tion  of th e  p a t te rns .

.Another point t h a t  has to be emphasized here is th a t  depend ing  on th e  initial weight 

vectors  and  th e  sequence of in p u t  p a t te rn s ,  p a t te rn s  will be classified in to  one of the p 

c lusters .  T h e  ca tego ry  into which a  p ar ticu la r  input p a t te rn  is classified is not known a 

priori. In o rder to  assign a p ar ticu la r  ca tegory  num ber to  any  inpu t p a t te rn ,  a  supervised 

learn ing  scheme can be devised. It has been found th a t  the  supervised learning m ethod  also 

accelera tes  th e  learning process.

6.3.2 Supervised learning

In th e  superv ised  learning m ethod , if an inpu t  p a t te rn  is classified properly  its  weight is 

u p d a te d  as in (6 . 1). If its classification is wrong, the corresponding  weight is reduced. The 

a m o u n t  by which th e  weight is reduced {,d as opposed to a)  also gives a n o th e r  p a ra m e te r  to 

tu n e  up th e  learning process. This process can fu r the r  be accelerated if a  p a r t ic u la r  p a t te rn  

belonging to  c lus ter  k  is misclassified into any o th e r  group (say r ) .  W h a t  is being done  here 

is th a t  no t only is reduced, bu t  weight w*, is also increased ap p ro p r ia te ly  so th a t  next 

t im e th e  sam e  inpu t occurs, the  probability  of neuron k  being the  w inner  is higher. The 

a lgo ri thm  now assum es the  form:

A lgorithm  B

a) Normalize inpu t vectors x , for i =  1, 2 , . . . .  iV.

b) Choose initial weight m a tr ix  W° random ly  and  normalize each row with 

respect to  itself. Set i =  1.
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c) Input X, and  co m p u te  y . T h e  Arth neuron is declared w inner if ly*. >  iji for 

/ =  1. 2. . . . .  p  a n d  / ^  L\

d) If A =  d(z).  where v ec to r  d ( f )  conta ins  ca teg o ry  num bers ,  u p d a te  w t  as  in 

(6 . 1): else u p d a te  w eights  as

Wd(i) < -  Wd(i) -  d X (Xi -  Wd(i))

Wfc t -  w t  +  a  X (x,- -  wjt)

Normalize th e  weights.

e) R epea t s teps  (c) to  (e) for / =  2. . . . .  iV.

f) C o m p u te  the  square  o f  th e  d is tance  between th e  cen tro id  o f  each c lu s te r  and  

th e  respective weight vector. If each of these  q u an t i t ie s  is less th a n  0 .0 1, 

save the weight m a tr ix  and  s top :  else set / =  I and  go to  s tep  (c).

6 . 3 . 3  R e c a l l  m o d e

In th e  recall mode, waveforms a re  tes ted  for proper c lus te r  a ss ignm ent.  W aveforms are 

first p re processed and  for each o f  the  waveforms, th e  ac tiva tion  and .  in tu rn ,  th e  o u tp u t  

vec to r is com puted .  T he  n u m b er  corresponding  to  th e  w inning neuron is assigned to th e  

w aveform . One point to be no ted  here is th a t  each o f  th e  weight vec tors  is a  nonzero 

q u a n t i ty  and  when th e  nonzero  in p u t  vector is multiplied by th e  weight vec tor and  added 

to g e th e r ,  th e  activation  value is typically positive. So. any waveform th a t  does  no t belong 

to  any  o f  th e  trained c lusters  would still p roduce a w inning neuron . However, in th is  case we 

have a  classic case of a misclassihcation. In order to  suppress  th is  p roblem , th e  m axim um , 

average , and  m inimum values o f  th e  neural network o u tp u t s  in th e  last round  of t ra in ing  

a re  s to re d  and  are used as th resho lds .  Depending on th e  desired accu racy  in th e  recall 

m ode, th e  o u tp u ts  of  th e  neurons  are  com pared  with one o f  these  th resho lds .  If th e  o u tp u t  

is g re a te r  th a n  or equal to  th e  th resho ld  value, th e  g ro u p  n u m b er  co rrespond ing  to  the  

w inning  neuron is assigned to  th e  waveform. This m e th o d  gives th e  user th e  flexibility to  

c lu s te r  th e  waveforms in d ifferent g roups  properly.

6.4  M ulti-stage m ulti-layer neural networks

A lidar waveform typically com prises  a  surface reflection, a b o t to m  reflection, and  a  back- 

s c a t te re d  envelope in between. T h e  position and  height of  these  two reflections con ta in  a  

lot o f  inform ation  such as d e p th ,  sea-bed s t ru c tu re  e tc .  T h e  b ac k sca t te r  envelop, on the
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o th e r  hand , reflects the  c la r i ty  o f  w a te r .  It reduces rapidly if the  w a te r  is very  clear. On 

the o th e r  ex trem e, when th e  w a te r  is very  turb id , the ra te  o f  reduction  is low. T h is  implies 

th a t  th e  slope of th e  envelope co n ta in s  in fo rm ation  ab o u t  th e  tu rb id i ty  o f  th e  w a te r .  .Again, 

if light encoun te rs  any  floating o r  subm erged  object in its p a th ,  a  sm all peak o r  bulge will 

ap p e a r  on the  waveform.

T h e  proposed netw ork  is show n in F igure  6.2. P a r t  (a) shows th e  overall s t r u c tu r e  and 

each network depicted  as a re c tan g u la r  block in par t  (a) is shown in p a r t  (b ) .  In s tag e  I.

each waveform is divided in to  seg m en ts  si ,  i =  1. 2  n an d  preprocessed  in to  a  m atr ix

Sj. .As before, rows are  p u t  nex t to  each o th e r  to form the inpu t  co lum n vec to r  x ,  which is 

then presented to  as m an y  neura l  netw orks This m ethod  has som e ad v an tag es .  F irst,  

by having a small n u m b er  o f  sam p le  values in each group, p reprocessing can be done  more 

accurately. Second, the  whole ta sk  is broken down into a  n u m b er  o f  su b - ta sk s .  So. the 

co m p u ta t io n a l  burden  can  be d is t r ib u te d  am ong  all these netw orks, th e re b y  reducing the 

learning tim e significantly. Each o f  th e  netw orks .\, is a  three-layer ne tw ork .  T h e  num ber 

of neurons in th e  in p u t  layer, th e  hidden layer and the o u tp u t  layer can vary  from segm ent 

to segm ent.  .Associated w ith  each in p u t  vec to r x ,.  there  is a ta rg e t  v ec to r  d , .  T h e  ta rg e t  

vector o r the desired response co n ta in s  inform ation  such as presence o r  absence  o f  th e  surface 

reflection, position of th e  su rface  reflection, presence or absence o f  th e  b o t to m  reflection, 

its position, slope of th e  b a c k s c a t te r  envelop etc. In o th e r  words, th e  ch a rac te r is t ic s  o f  each 

waveform segm ent are  reflected on the  desired ou tpu t .

T h e  neurons in each layer a re  connected  to  the  neurons in th e  nex t layer th ro u g h  weights.

Initially, the  weights a re  se t  in a  ran d o m  orde r .  These connectivities or th e  w eights coupled

with th e  nonlinear neurons in th e  h idden a n d  o u tp u t  layers nonlinearly  m a p  th e  in p u t  space

onto  th e  o u tp u t  space. Since th e  in p u ts  con ta in  either a zero o r  one, un ip o la r  neu rons  with

a  sigmoidal ch arac te r is t ic  a re  being used. A supervised learning schem e such as  th e  back-

propagation  learning a lg o ri th m  [59] is em ployed for t ra in ing  th e  n e tw ork  in s ta g e  1. O nly

the  relevant po rtion  of th e  t ra in in g  schem e follows, th e  details being well d o cu m en te d  in

the  l i te ra tu re  [72], [.59]. In th is  m e th o d ,  th e  sum of the  in s tan tan eo u s  e r ro rs  over all the

tra in ing  p a t te rn s  is minimized, i.e.,
P

m i n i m i z elimize ^  ^  { [d| -  N, (x[)]^ [df -  .\',(x|)] 1
1=1 ^
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Figure 6.2: T w o-stage multi-layered feedforward neural networks, (a) T h e  overall s t ru c tu re ,  

(b) s t ru c tu re  of netw ork N,-.



w here P  is th e  num ber o f  t ra in ing  p a t te rn s .  N’(x,) is the  non linear m app ing  o f  th e  inpu t x, 

o n to  the o u tp u t  space. In th e  tra in ing  procedure, these weights a re  u p d a ted  iteratively in 

th e  g rad ien t descent d irection given by 

,  O E
A w  =  - T ) ~

a w

Let us assum e th a t  th e  n u m ber of neurons in th e  inpu t ,  h idden layer, and  o u tp u t  layer 

a re  given by I . ./. and  K .  respectively. T he  weight m atr ix  betw een th e  in p u t  and  the hidden 

layers is V  E and  th a t  between th e  hidden layer and  th e  o u tp u t  layer is W  E

T h e  inpu t p a t te rn  is x .  th e  o u tp u t  o f  th e  hidden layer is y .  an d  th e  final o u tp u t  is o .  .\11 

neurons in th e  hidden and  th e  o u tp u t  layers have activation  function given by

=  l + e x p ( - A n e t )

w here  p a ra m e te r  \  defines th e  slope o f  the  activation function and  net is th e  sum  o f  th e  

weighted p ro d u c t  of the  in p u ts  with corresponding weights. T h e  weight u p d a t in g  scheme 

for th e  o u tp u t  and  the  hidden layer neurons can be w rit ten  as

Wkj <r- Wkj +  qSokUj 

i ' j ,  f -  Oj ,  +

for i =  L. 2  I .  j  =  I. 2 ............. ./. and k  =  1. 2. . . . .  /v .  T h e  e r ro r  signals are

defined as

^ok =  -  Of c ) o f c ( l  -  Ofc)

K
ŷj ~  ( 1̂ ~  y j)  ^  - ôk ^kj

/:=!
P a ra m e te r  q is th e  learning ra te .  To accelerate the  tra in ing  p rocedure ,  a m o m en tu m  term , 

which is p a r t  o f the  last weight change, can be added in the  weight u p d a t in g  expressions.

In s tage  II. these waveform charac teris t ics  are used as th e  in p u t  and  th e  ta rg e t  p a t te rn  

could be th e  s ig n a tu re  n u m b er o f  the  waveform, or the tu rb id i ty  of the  w a te r  or any o th er  

in fo rm ation  t h a t  is being ex trac ted  from the waveform, . \g a in ,  a  th ree -s tag e  neural net­

work is employed and  is tra ined  by th e  sam e back-propagation  a lg o r i th m . T h e  size of the 

netw ork  in s tag e  II is significantly sm aller because the  in p u t  is a highly encoded form of 

th e  waveform. T h e  o th e r  ad v an tag e  is t h a t  once the  t ra in ing  of s tag e  I is com plete  for all 

segm ents ,  depend ing  on th e  task ,  these results e ither in th e ir  en t i re ty  o r  in p a r ts ,  can  be 

used for ex trac t io n  of different types  o f  inform ation. After th e  tra in in g ,  all th e  weights are 

s to red  for fu tu re  use.
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6.4.1 Recall mode

[n th e  recall mode, inpu t  p a t t e r n s  a re  passed only in th e  forw ard  d irec tion . In s tage I. 

th e  in p u t  p a t te rn s  are first s u b m i t te d  to  th e  network and  th e  su m  o f  th e  weighted p roduc t  

or  th e  net a re  com puted  for th e  h idden layer. T he result is passed th ro u g h  th e  activation 

function to  com pute  the  o u tp u t s  o f  th e  hidden layer. T hese  o u tp u t s  are .  in tu rn ,  presented 

to  th e  w eights  between th e  h idden  layer an d  the o u tp u t  layer an d  th e  final o u tp u ts  are 

c o m p u ted  a f te r  passing th ro u g h  th e  ac tiva tion  function. T h e  o u tp u t s  from s ta g e  1 are then 

p resented  to  th e  network in s ta g e  II an d  th e  final o u tp u ts  a re  co m p u te d  a s  before.

6.5 R esults and discussion

6.5.1 Single-layered network

Lidar waveform s recorded by th e  L A R S E N  500 system off th e  co a s t  o f  V ancouver Island in 

M arch  1995 were used for c lustering . We took  a  profile waveform file which has a  sounding 

p a t te r n  in a  s t ra ig h t  line a t  tw o -m e te r  intervals. It was taken  on  d a y  65 and  line 22 (file 

Q0650022) with  global positioning sys tem  (G PS) coord ina tes  o f  584932. 5469320 to  393800. 

5471703 in th e  eastern and  n o r th e rn  d irections. The waveforms received from th e  surveyed 

location  represent milt o f  various densit ies  with or w ith o u t  b o t to m  reflections and  clear 

w a te r .  T h e  first task was to  identify  th e  p ro to type  waveforms for learn ing  purposes. T he  

p ro to ty p e  waveforms from each g ro u p  are  shown in F igure 6.3. In to ta l .  57 waveforms were 

selected for t ra in in g  purposes a n d  th e ir  grouping is given in Table 6.1.

Each waveform conta ins  256 sam ples  an d  the easting and  th e  n o r th in g  sound ing  loca­

tions. It was found th a t  sam ples  10 -  60 were adequa te  to  rep resen t  th e  charac te ris t ics  

properly. D uring  preprocessing, th e  n u m b er  of horizontal and  vertical g rids  were set to  16 

and  17. .After ge tt ing  the  m atr ices ,  th e  in p u t  vectors were formed an d  norm alized . T he 

weight m a tr ix  was random ly  g en e ra ted  and  each row was norm alized as s t a t e d  earlier.

T h e  waveform s were ren u m b ered  from 1 to  57. th a t  is. w aveform s 1-10 should  be in 

one g roup ,  11-31 in an o th e r  g ro u p ,  an d  so on. For unsupervised learning, th e  num ber of 

ca tegories  chosen was 7. T h e  n e tw ork  was allowed to  tra in  until t h e  desired  accuracy  was 

o b ta in ed .  It to o k  46 i te ra tions  an d  th e  num ber of categories found was 6 . one m ore  than
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Figure 6.:1: (a) -  (e) P ro to ty p e  waveforms (representing g roups  1 to  5) used for classifying 

waveforms corresponding  to  milt con ten t of varied densities.

w ha t  was in tended . T h e  in itia l value of a  was set to 0..5 and  dec revised monotonically. The 

results a re  listed in Table 6.2.

T h e  tra in ing  results  are  show n in Figure 6.4. W aveforms 1 were divided into two 

groups (group  2 an d  :i in T ab le  6.2) and  are shown in F igure  6.4 (b) an d  (c). .-Vs can be 

seen in th e  figure, th e  w aveform s in g roups  2 and 3 are  identical excep t for the  height of 

th e  surface re tu rn s  and  th e  netw ork  clustered these waveform s in two se p a ra te  groups. ,A.ll 

o th e r  waveforms were c lus tered  as in tended.

T he  sam e waveform s were then  used for supervised learn ing  as listed in a lgorithm  B. 

.A.S before, a  was set to 0..5 and  decreased  gradually. T h e  classification resu lts  are shown 

in Table 6.3. W aveforms 1-10 were designated  as g roup  1. 11-31 as g ro u p  2, and  so on. It 

took 34 i te ra tio n s  and  all th e  waveform s were clustered properly . T h e  results  a re  shown in



Table 6.1; Details o f  training waveform
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C ateg o ry  nam e No. of 

waveforms

Waveform num bers .Assigned 

w aveform numbers

clear w a te r  (group 1) 10 2 - 1 1 1 -  10

high density  milt (group 2 ) 21 1540 -  1560 11 -  31

low density  milt (group 3) 9 1940. 1942 -  1946 

1948-1950

32 -  40

low density  milt

with b o t to m  peak (group 4)

6 2470 -  2475 41 - 46

shallow w ate r  (group 5) 11 2505 -  2515 47 -  57

Table 6.2: G ro u p in g  of waveforms in unsupervised m ode

W aveform num bers G ro u p  num ber

1 -  10 group  4

11- 19 group 2

30. 31

20 -  29 group 3

32 -  40 group 6

41 -  46 group  1

47 -  57 group  5

Figure 6.5.
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F ig u re  6.4: C lustering of waveform s ob ta ined  through unsuperv ised  learning. T h e  num ber 

of c lu s te rs  is more than  in tended  with  a rb i t ra ry  group n u m b e r  ass ignm ents  as shown in 

T able  6.2.

, \ s  expla ined  before, after the  supervised train ing, the weight an d  the  threshold values were 

s to re d .  T h e  original waveform file contained  3162 waveforms. .A.bout 40% of the  waveforms 

were c o n tam in a ted  with digitizer noise and  were elim inated to  leave 1920 waveforms. T hese 

w aveform s were then p re processed and  ran  with the final se t  o f  weights. T he  average 

th resho ld  value was used and  th e  waveforms were classified in to  five different g roups as 

in tended .



Table 6.3: Grouping of waveforms in supervised mode
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Waveform num bers G ro u p  num ber

1 -  10 group  1

11 -  31 group  2

32 -  40 group  3

41 - 4 6 group  4

47 -  57 group  5
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Figure 6.5: C lus te r ing  of waveform s in supervised m ode w ith  an t ic ip a ted  results.

F igure  6.6 (a) to  (e) show s th e  d is tr ibu tion  of each cluster  over th e  sam e  coord ina tes .  

F igure 6.6 (f) shows the  d is tr ib u tio n  o f  all the waveforms toge ther .  T h e  d is tr ibu tion  looks
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Figure  6 .6 : Spatia l  d is tr ib u tio n  o f  file Q06.50022 ob ta ined  by supervised learning, ( a ) -  

(e) D istr ibu tion  of each ca teg o ry  o f  w aveform s with respect to  th e  sam e  norm alized G P S  

coord ina tes ,  (f) d is tr ib u tio n  o f  all w aveform s toge ther .

very consistent.

T h e  sam e weight and  th resho ld  values were used on an o th e r  file (Q06.5002.3). which is 

line 23 and  spans  from 3S472S, .5469303 to  394545. .5471785 in the  ea s te rn  and  n o r th e rn  

d irec tions. T h e  results a re  show n in F igu re  6.7. Spatia l  d is tr ibu tions  of w aveform s in each 

g ro u p  are  p lo tted  aga ins t  th e  s a m e  co ord ina tes .  F igure  6.7 (a) to  (e) shows th e  d is tr ib u tio n  

o f  waveforms in each g ro u p  w hereas  th e  last one shows th e  overall d is tr ib u tio n  of all the 

classified waveforms.
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F igure  6.7: Spatia l  d istribution of file Q06.50023 o b ta in ed  by supervised learn ing , ( a ) -  

(e) D is tr ibu tion  of each ca tegory  of waveform s with respec t to  the sam e norm alized G P S  

coord ina tes ,  (f) d is tribution of all w aveform s together .

6.5.2 Multi-layered supervised network

.A.S a  first exam ple  using th e  two-stage multi-layered feedforward neural netw ork , th e  wave­

form s in th e  previous subsection were assigned a  s ig n a tu re  num ber.  In s tag e  I. in p u t  wave­

form s were m apped  into a  set o f waveform cha rac te r is t ic s  chosen su itab ly  for th e  task  a t  

h an d .  Only  one segment of the  t ra in in g  waveform s (sam ples  10 to 60) was used for the 

learn ing  purpose . T h e  ta rge t vectors were classified in to  7 different fields as defined in th e  

T ab le  6.4. In s tag e  II, these charac te ris t ics  were consolidated  into an a p p ro p r ia te  s ig n a tu re  

nu m b er .  T h e  s tag e  I network con ta ined  272 in p u t  neurons, 12 hidden neurons ,  an d  17 

o u tp u t  neurons. T h e  num ber of in p u t  neurons  co rresponds  to  the  to ta l  n u m b er  of entr ies  

in m a tr ix  S (16 x  17) and the  num ber o f  o u tp u t  neurons is th e  sum o f  neurons assigned to  

each of th e  7 fields. The num ber o f  i te ra t io n s  needed to  converge was 94.



Table 6.4: Details o f  each field in the target vector for stage  I

Field no. No. o f  neurons Description

I I presence/absence o f  surface reflection

2 3 am pli tude  range o f  surface reflection

3 2 peak position

4 I presence/absence o f  bo ttom  reflection

5 4 am p li tu d e  range o f  b o tto m  reflection

6 3 peak position

7 3 position where zero

T he s tag e  II network had 17 in p u t  neurons. 4 hidden layer neurons, and  4 o u tp u t  

neurons. T h e  o u tp u ts  of s tag e  I c o n s t i tu te d  th e  inputs ,  and  th e  ta rg e t  p a t t e r n s  were defined 

as 0 0 I to  1 0 I for five different g roups .  It took  73 i tera tions  to  converge.

To te s t  the  results. 50 different waveform s were picked up from th e  c lus te rs  provided by 

th e  single-layer clustering network. T h e  groupings of the waveforms a re  given in Table 6.5. 

T h e  waveforms were p re processed an d  tes ted  with the tra ined  weights. T h e  results  are 

listed in Table 6 .6 . .A.s can be seen, th e  netw orks assigned th e  s ig n a tu re  num bers  properly. 

Next, th e  whole file (after removing th e  undesirable  waveforms) was te s ted  w ith  th e  stored 

weights. T h e  spatial d is tr ibu tions  o f  th e  different waveforms are shown in F igure  6 .8 . It is to 

be noted th a t  only those waveforms which were successfully classified by  th e  single-layered 

netw ork were plotted for th e  purpose o f  co m par ing  these two m ethods .  point to  be noted 

here is t h a t  in this m ethod , th e  user does not have any control of accep tin g  o r  re jecting  any 

given in p u t  p a t te rn  on the basis o f  th e  o u tp u ts  as is possible in the  s ingle-layer case by using 

th e  th reshold . A  waveform which looks en tire ly  different would still p ro d u ce  an accep tab le  

set o f  o u tp u ts  and  there is no way to  decide w he the r  it is a  genuine misclassification o r  the 

in p u t  p a t te rn  is entirely different from  th e  t ra ined  p a t te rns .
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Table 6.5: Test waveforms for multi-layered networks and  their  t a rg e t  c lu s te r  num bers

Waveform no. .Assigned no. G roup  no.

23 -  30 1 -  8 1

725 -  731 

733 -  737

9 -  20 2

1029 -  1034 

1060 -  1067

21 -  34 3

1594 -  1596 

401 -  403

35 -  40 4

1642 -  1651 41 - 5 0 5

Table  6 .6 : Test results showing o u tp u ts  of s tage  I and  s ta g e  I[ neurons

Waveform O u tp u t s  of s tag e  I 

(decimal values)

O u tp u ts  of s tag e  II

1 -  8 1 6  3 0 0 0 0 0 0 1

9 -  20 1 6  3 0 0 0 6 0 1 0

21 -  34 1 2  3 0 0 0 3 0 1 I

35 -  40 1 2  2 1 3  4 4 1 0 0

41 -  50 1 2 2 1 8 2 2 1 0 1

In th e  last exam ple , waveforms recorded in Dolphin Union S tra i ts  o f th e  C an ad ia n  .Arctic in 

1990 were used for e x tra c t in g  in fo rm ation  a b o u t  w ate r  quality. In all 200 waveform s were 

used for t ra in in g  purposes. T h e  deta ils  o f th e  train ing waveforms a long  with th e  desired 

final o u tp u ts  a re  given in Table 6.7. Sam ples 25-176 were used in tw o  segm ents .  Sam ples 

25-100 were used in segm ent 1 and  sam ples  101-176 were used in segm ent 2. T h e  size o f  the



07

5.472

5.469

5.472

3.84
(a)

3.94 5.4693.84 3.94
(b)

5.472

5.461 84 3.94
(c)

5.472

5.469

5.472

3.84
(d)

3.94 5.4693.84 3.94
(e)

5.472

3.94
(0

Figure 6 .8 : Spatial d is t r ib u tio n  o f  file Q0650022 ob ta ined  by m ulti- layered  neural networks. 

(a )-(e )  D istr ibu tion  o f  each ca te g o ry  o f  waveforms with respect to  the  sam e  normalized 

G P S  coordinates,  (f) d is t r ib u tio n  o f  all waveforms together .

S matrices in each seg m en t was fixed to  16 x  11. T h e  deta ils  of th e  w aveform  charac te r is t ics  

which are the  o u tp u t  o f  s ta g e  I for each o f  the  segm ents  are given in Table  6.8 an d  6.9. .A 

neural network o f  size 176-12-14 was used for segm ent 1 in s tag e  I. It to o k  34 i te ra tio n s  to 

converge. m o m en tu m  te rm  o f  0.9 was used. For segm ent 2. a  n e tw ork  o f  size 176-12-13 

was used. It took  46 i te ra t io n s  w ith  a  m om en tum  te rm  of 0.9. O u tp u t s  from both  the 

segm ents in s tage  I were th en  used as in p u ts  for s tage  II. T he  n e tw o rk  size used in s tage  II 

was 27-4-3 and  it converged in 23 i te ra tio n s  with no m o m en tu m  te rm .  T h e  ne tw ork  was 

tes ted  with 99 waveforms, which were different from th e  tra in ing  w aveform s from th e  sam e 

files. It grouped all th e  w aveform s properly. T he  waveforms are  p lo t te d  in F ig u re  6.9.

It is well known th a t  th e  resu lts  d epend  on the choice of initial w eight m atr ices  and  the
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Table 6.7: Number o f different waveforms used for training and corresponding target output

C ateg o ry  nam e No. of waveforms .Assigned o u tp u t

clear w a te r 40 1

slight tu rb id 40 2

clear, shallow 20 4

clear, m edium  shallow 20 5

turb id , m edium  shallow 20 6

turb id ,  deep 40 f

Table 6.8: Description of each field and  num ber o f  assigned neurons in s tage  I for segm ent I 

for es tim ation  of w a te r  quali ty

. Field no. No. o f  neurons Description

1 I p resence /absence  of surface peak

2 2 am p li tu d e  o f  surface peak

8 2 peak  position

4 I p resence /absence  of b o t to m  peak

5 3 am pli tude  of base of b o t to m  peak

6 3 position of base o f  b o t to m  peak

7 2 am p li tu d e  o f  b o t to m  peak

order in which waveforms a re  presented  for t ra in ing .  T h e  results  ob ta ined  by the tw o-s tage  

multi-layered network were q u ite  satisfactory. T h e  choice of waveforms was ra th e r  a rb i t ra ry  

and  som e waveforms m ay have more representa tives th a n  waveform s from o th er  groups. 

T h e  results ob ta ined  by th e  two m ethods for th e  classification of lidar waveforms rep re-
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Table  6.9: Description o f  each field and num ber o f  assigned neurons in s tage I for segm en t 2 

for es t im ation  of w a te r  quality

Field no. No. of neurons Description

1 1 presence /absence  of bo ttom  peak

2 3 am p li tu d e  o f  base of b o ttom  peak

3 5 position o f  base  of bo ttom  peak

4 4 am p l i tu d e  o f  bo ttom  peak

sea t in g  different milt con ten ts  are com parable. T h e  m ain  difference perta ins to  the  netw orks 

them selves. T he  single-layered network is simple and  takes  much less tim e to t ra in  th a n  the 

multi-layered one. However, the la t te r  one takes in to  accoun t all the im p o r tan t  c h a ra c te r ­

istics of th e  waveforms for training, which is not th e  case for the  single-layer netw ork. On 

top  o f  th a t ,  the single-layered network can classify p a t te r n s  which are linearly sepa rab le  [72] 

th ro u g h  hyperplanes passing through the  origin. O ne  can possibly th ink a b o u t  nonlinear 

m app ing  in these neurons as well. The reason th a t  th is  network successfully clustered  the  

waveforms is t h a t  we are  looking for only 5 or 6 c lu s te rs  in a  huge 272-dimensional hy p er­

space and  hence, the  chance of their being linearly sepa rab le  is very high. On th e  o th e r  

hand ,  the  multi-layered network can classify any  p a t te rn s .  Use of the results is two-fold. 

F irs t ,  waveforms can  be classified based on ce rta in  c r i te r ia  for spatial d is tr ibu tion  purposes. 

T h e  o th e r  use is to  g roup  waveforms into various c lus ters  so th a t  p ar ticu la r  signal p ro­

cessing a lgorithm s can be used on them . Both th e  ne tw orks  are  incremental in th e  sense 

th a t  waveforms can be added  to them  in fu ture . T h e  best  use one can th ink  of is to  use 

all different types of waveforms for learning an d  use th e  tra ined  network d irec tly  in th e  

p roduc tion  phase.

6.6 Conclusions

Tw o different neural netw ork schemes for the classification and ex traction  of in fo rm ation  

from waveform s recorded by th e  L .\R SE N  500 sys tem  have been proposed. T h e  first schem e
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F igure  6.9: G roup ing  of waveforms representing  different d ep th  and  w ate r quali ty  o b ta in ed  

from the C an ad ian  .Arctic region.

uses a  single-layered linear neural network for classifying waveforms into different g ro u p s .  

B o th  unsupervised and supervised learning schemes have been included and  applied  for 

classification o f  waveforms for different milt con ten t  in the  w ate r .  T h e  spatia l  d is tr ib u tio n  

o f  the  milt is consis ten t with t h a t  ob ta ined  from the  observed d a ta .  This m ethod is much 

fa s te r  com pared  to  the  2-stage m ultilayered feedforward neural netw ork. T he  l a t te r  one 

t ransfo rm s  waveforms into charac teris t ics  in th e  first s tag e  and uses this in form ation  in th e  

second s tag e  to  genera te  final o u tp u ts .  A c tua l waveform charac teris t ics  are  used here  for 

th e  final results . T h e  perform ance o f  th e  tw o networks is co m p arab le  and  the  resu lts  a re  

a lm ost identical.



C hapter 7

Im plem entation

7.1 Introduction

T h e  earliest im p lem en ta t io n s  o f  neural  networks used to  be typically  in te rm s  o f  com puter  

sim ula tion . T he  s im ula tion  process is inherently  secpiential an d  th e  real power of neural 

networks lies in th e  use o f  parallel processing o f  inform ation. O n e  can exploit th e  usefulness 

o f  neural nets only if th ey  a re  im plem ented  in specialized h ardw are .  T h e re  has been trem en­

dous  developm ent in th e  a re a  o f  VLSI in recent years and  it is now possible to  implement 

a  whole network in silicon.

Electronic neural netw orks a re  based on simplified models o f  biological neurons. It is 

generally  assum ed th a t  th e  co m p u tin g  power of neural sys tem s, electronic  o r  biological, 

arise from a  collective behav ior  o f  large, highly in terconnected , fine-grained networks [29]. 

In fact, an individual node does very little co m p u ta t io n .  It accep ts  in p u ts  from all o ther  

connecting  neurons and  m ultiplies th em  by th e  respective weights. T h is  sum  o f  th e  weighted 

p ro d u c t  is then  passed th ro u g h  a  decision-m aking or nonlinear func tion .  Traditionally  the 

weights heve been represen ted  by resistors. If Vj is the  o u tp u t  o f  neuron j  and  T,y is the 

conduc tance  between neurons  i an d  j ,  then  th e  sum  of th e  weighted p ro d u c t  is given by

f , =  E  V iT„
i= I

and  the  o u tp u t  o f  neuron i is given by

K = /(/.)

.As is ap p a ren t  from th e  neural  equa tions ,  there are th ree  m a jo r  co m p o n en ts  th a t  one 

needs to  implement electronic neural netw orks. First is the  m ultip lier to  m ultip ly  th e  input

LOI
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voltage by the  co n d u c tan ce ,  th e  second being an adder  to  co m p u te  th e  su m  of all th e  

weighted p ro d u c ts .  And th e  last one  is a  nonlinear amplifier. O th e r  blocks involving th e  

learning process m ay  require additional com ponents  bu t m ore  often th an  n o t .  th e  learn ing  

is im plem ented  off chip an d  learned weights are  downloaded to  the  neural netw orks as an d  

when needed [30].

. \n o th e r  im p o r ta n t  issue th a t  one has to  resolve is to  decide w h e th e r  to  im plem ent 

the  circuits  in an a lo g  o r  d igita l dom ain. T he  choice would certa in ly  be influenced by th e  

problem one in tends  to  solve by th e  network. In th e  ana log  dom ain , one can th ink  o f  

cu rren t  su m m at io n  o r  charge su m m atio n .  This provides an  easy and co m p ac t  way for 

add ing  a  large n u m b er  of values. If built digitally, accum ula to rs  a re  large and  slow because 

th e  whole o p e ra t io n  is sp read  over a  large set of tim e s teps. O n  th e  o th e r  h and ,  m ultipliers 

can be built very co m p ac tly  in ana log  domain. However, ana log  circuits are  sm aller  in size 

only when the  resolution o f  co m p u ta t io n  is not too  high [30]. T h e  o th e r  d raw back  of ana log  

circuits is th a t  th ey  are  susceptib le  to  process p a ram e te r  var ia tions. T h e  noise im m unity  o f  

ana log  circuits  is m uch lower com pared  to  th a t  in their  d igital c o u n te rp a r ts  [33].

W ith  reference to  th e  networks t h a t  have been described in th e  previous chap te rs ,  we 

see th a t  we need fo u r -q u ad ran t  multipliers with one operand  as a  sine or cosine te rm . T h e  

o th e r  operand  is e i th e r  a  filter coefficient or an erro r  te rm . F il te r  coefficients are  typically  

less th an  or equal to  ± 1  and so a re  the trigonom etric  te rm s.  T h e  erro r  values are high 

to  s t a r t  with  and  go down g radually  with time. So an ana log  multiplier with so m ew h a t 

lower dynam ic  range  would solve ou r  purpose. If the o u tp u t  of the m ultip lier is cu rren t ,  

add it ion  is even s im pler.  We can tie the o u tp u ts  of all the  m ultipliers to g e th e r  to  achieve 

th e  su m m atio n .  O f  course, we have to  be careful a b o u t  the  s a tu ra t io n  problem , particu la rly  

when th e  network size is large. T h e  decision-making function for ou r  case is linear and  a  

high-gain o p e ra t io n a l  amplifier would do the  job.

In th e  next section, the  design o f  the multiplier and  th e  amplifier will be considered. 

We will discuss th e  s tra teg ies  t h a t  we have adop ted  to  m ake th ese  circuits su i tab le  for o u r  

task . In th e  last section , a  simple network will be im plem ented  using these blocks which 

can be used to  design F IR  filters. Circuit developm ent and  sim ula tions have been carried  

ou t  using th e  C.AD package Cadence.



10%

7.2 Building blocks

7.2.1 M ultiplier

Several analog m ultip liers  based on th e  variable transconduc tance  techn ique [.57]. th e  q u a r te r  

square  technique [.55]. and  th e  square-algebraic  identity  [62] have been reported  in the 

l i te ra tu re .  T h e  G ilb e r t  multiplier is well established in bipolar technology. However, it 

is not possible to  realize an M OS version of a G ilbert multiplier by sim ply su b s t i tu t in g  

B.IT's by MOS tran s is to rs .  T h is  is due to  the fact th a t  th e  o u tp u t  cu r ren t  in th e  MOS 

source-coupled differential pair depends nonlinearly on th e  bias cu r ren t  / „  and  inpu t  signal 

V', [27]. Consequently , th e  linear range o f  such amplifiers is narrow . . \n  ana log  multiplier 

based on the G ilbert  cell has been described in [57]. Differential ac tive  a t te n u a to r s  have 

been used in the fron t end to  increase signal swing capabilities.

. \  num ber of o th e r  m ultiplier circuits  have been reported  in [27] an d  [39]. M ost of the 

designs have two d raw backs ,  namely, differential inputs  and  o u tp u ts .  Some circu its  need 

inpu ts  of the form V'c ±  V’i / 2  and  ±  V-i/'Z. For our case, genera ting  th e  negatives of the 

filter coefficients or e r ro r  values would require ex tra  hardw are , fdeally. we should  be able 

to  ground one of th e  differential inpu ts .  O ne of the in p u t  term inals  in th e  c ircu it presented  

in [57] can grounded  and  hence t h a t  circuit has been chosen for our  ta sk .  T h e  schem atic  of 

the MOS version of th e  G ilbert  cell is given in Figure 7.1.

We would assum e th a t  all t ran s is to rs  a re  biased in sa tu ra t io n  an d  they  a re  perfectly 

m atched  so th a t  th e  tran sco n d u c tan ces  a re  related such that,

/v'l =  [ \2  =  /v.3 =  A 4 =  A'a 

/v'5 =  A'g =  Kb

Now th e  d ra in  cu r ren t  th ro u g h  M 0 can be w ritten  as

K  =  A'b (V'2_ -  V r f

where it is assum ed t h a t  all t ran s is to rs  have a threshold voltage of V't - Tg- is th e  negative 

term inal for the in p u t  hg. Similarly, Is is given by

Is = Kb (1-2+ -  Vrf
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F igure  7.1; Schem atic  of the  C M O S  G ilbert  cell.

Input voltage 14 can be represen ted  as

1-2 =  ¥-2+ -  1 4 -  =  ( \ Z / 6  -  \/h)

Similarly. V] can be w ri t ten  as

Æ  7 k :

Now

h  +  h  =  h

^ 3 + ^ 4  =  ^6

From (7.2) and  (7.3), we get

7 h  — 7 ^ 7 —~h — \ / A  a

Squaring (7.4), we have

,2 =  0

M )

(7.2)

(7.3)

(7.4)

(7..5)
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Solving (7.5) for we g e t  

1
I ï  = - h ± V K J s V i J 2 -

h

Similarly.

/e ±  \ / K a h V i \  ‘2 -
I< a V {

T he differential o u t p u t  c u r ren t  is given by

lo d  —  ld 2  ~  ^ d l  =  — ^2 ~  ^4 +  f l  +  Id 

-  I t, — / e  — '21-2 +  2 /3

Here we have used (7.3). S u b s t i tu t in g  (7.6) an d  (7.7) in (7.8) and  noting th a t  

th e  differential o u t p u t  cu r re n t  can be w rit ten  as

l o d  =  \ / ' 2 l \ a  ( \ / 7 6  — x / Z s )  ^  1

S u b s ti tu t in g  (7.1) in (7 .9), th e  o u tp u t  curren t can be expressed as

l o d  =  \ / 2 / V a / V 6 V ' i V 2

(7.6)

(7.7)

:7.S)

(7.9)

(7.10)

.As we can see from  (7.10). th e  o u tp u t  cu r ren t  o f  the  m ultiplier is a weighted p ro d u c t  of 

the  in p u t  voltages. By ad d in g  two resistors, a  differential voltage can also be o b ta in ed .  

Input voltages f'l a n d  Vi a re  passed th rough  tw o a t te n u a to r s  before being connected  to  th e  

m ultiplier cell. T h is  enab les  one to  use a higher in p u t  vo ltage swing. For biasing purpose , a  

level sh if ter  is used a t  th e  o u tp u t  o f  th e  a t te n u a to r .  T h e  schem atic  d iagram  of th e  m ultip lier 

is shown in F igure  7.2.

7 .2 .2  A m p lifier

.Amplifiers a re  requ ired  to  im p lem en t the  neurons. For our case, the  neurons a re  co n s tan t  

gain amplifiers. So a n  o p e ra t io n a l  amplifier w ith  a  sufficiently high ga in -bandw id th  p ro d u c t  

would do the  jo b .  .A n u m b e r  o f  schemes are repo rted  in [4] and  [27]. .A m odera te ly  fast 

tw o-stage o p e ra t io n a l  am plifier w ith  a g a in -bandw id th  p ro d u c t  of 1 MHz has been reported
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Figure 7.2: Schem atic  of the  CM OS fo u r -q u ad ra n t  ana log  multiplier.
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Table 7.1: Specifications o f the operational amplifier

O pen-loop  gain >  4000 Load cap ac i to r  =  20 pF V'„ =  - 5  V

G a in -b an d w id th  =  1 MHz Slew ra te  > 2 V  fis 0 / p  voltage range =  ± 4  V

Inpu t com m on  range =  ± 3  V Vdd =  5 V Power dissipation <  10 mVV

in [4] an d  has been adop ted  for designing o u t  ne tw ork .  \  detailed design p rocedure  can 

be found in [4]. T h e  specifications of the  amplifier a re  given in Table 7.1. T h e  schem atic  

d iag ram  o f  th e  amplifier is shown in Figure 7.3.

7.3 D esign  strategies

Ideally o u r  m ultiplier would produce a single ended  cu r ren t  o u tp u t  which will be su m m ed  

over a line and  would be dum ped  into the  ca p ac i to r  Cg in parallel with r^. T h e  cu r ren t  

equa tion  then  can be w ritten  as 

_  ", , du,
^total -  + ^ 3  df

In o rde r  to  achieve this effect, all positive and  negative  term inals  of the m ultip liers  are  

tied to a  positive bus and  a  negative bus. respectively, to  achieve th e  cu r ren t  su m m at io n .  

Ideally, th e  multiplier should have 1000 Q, resis tors  from th e  o u tp u t  nodes to  However, 

when a  n u m b er  of multipliers a re  connected in parallel, th e  am o u n t  of cu rren t t h a t  would be 

flowing th ro u g h  th e  resistors would increase linearly. Consequently , the differential voltage 

th a t  would be available would decrease steadily. In o rd e r  to have a su b s tan tia l  differential 

o u tp u t  vo ltage. 700 Q resistors are added  from th e  buses to  th e  supply  voltage gen e ra t in g  

a  differential voltage. .A.s will be ap p a ren t  in th e  nex t  section, the  o u tp u t  voltage from 

th e  m ultip lier is ac tua lly  a  scaled version of th e  p ro d u c t  of th e  two voltages. . \g a in .  the 

to ta l  w eighted p roduc t  is also multiplied by a  fac to r  (1Q“ ^) to avoid s a tu ra t io n .  P a r t  of 

this scaling is ob ta ined  by the multiplier and  th e  rest is achieved by the  vo ltage- to -curren t
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Figure 7.3: Schem atic  o f  th e  C M O S opera t iona l  amplifier.

converter  which has been used from th e  S P IC E  library. T h e  cu rren t  is then fed to  c a p a c i to r  

Cg in parallel with Cg. T he  voltage developed across Cg and  Cg is then  amplified by th e  

neurons. T h e  proposed scheme is shown in F igure  7.4.
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F igure  7.4; T h e  schem atic  of th e  network.

7.4 Simulation

Since th e  analog s im u la to rs  ac tu a l ly  solve a  set o f differential ecjuations to  find o u t  the 

solution of any circuit,  th e  s im u la tio n  t im e  is really lengthy. In o rder to  op tim ize  th e  tim e 

and  a t  the  sam e tim e to  show  t h a t  ou r  netw ork  does solve op tim iza tion  p rob lem s, we have 

chosen a  simple exam ple . It is to  design an  F IR  filter w ith Wp =  0.4;r. u>a =  0 .6 " .  and 

=  27t. Only  6 sam ple  po in ts  were chosen, th ree  each in th e  passband  an d  s to p b a n d  and  

equally spaced. T h e  filter leng th  was se t  to  12 which requires 6 g n eu rons .  T h e  n u m b er  of 

/  neurons is 6 and th e  to ta l  n u m b e r  o f  m ultipliers is then  78, 36 in th e  connection  m atr ix  

o f g neurons and  42 for /  n eu ro n s .  T h e  e x t r a  6 a re  required to  gene ra te  th e  c u r re n t  for the 

desired response. T h e  sch em a tic  o f  th e  whole schem e is show n in F igure  7.4.

T he  transfer ch a rac te r is t ic  o f  th e  m ultip lier is shown in F igure 7.5. T h e  differential 

voltage is obtained across a  couple  o f  1000 Q resistors. It can  be seen t h a t  th e  m ultiplier 

o u tp u t  is linear and  th e  o u t p u t  is scaled by a  factor of 1:0.00831. In th e  netw ork  itself, we 

are  s tack ing  six multipliers for th e  g  neurons and  seven for the  /  neu rons  te rm in a te d  with
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700 Q resistors. Since we are  using only six (seven for /  neurons) te rm s  to  genera te  th e  sum  

of the  p ro d u c ts ,  a  scaling factor of 10“  ̂ is used. T h e  s tack  o f  multipliers itself a t te n u a te s  

th e  signal by a  facto r o f  1:0.0053. So the vo ltage- to -curren t converte r  adds a n o th e r  scale 

factor of 3 0 /1 6  to  scale th e  to ta l  cu rren t by 10~^. For th e  /  neurons, the  scaling fac to r for 

th e  voltage to  cu r ren t  converte r  is 7 0 /2 .6 3 e l .

0.15
VI =4

0.1 VI =3

VI =2
Si 0.05

VI =1

VI =0

Vl=-1
g -0.05

VI =-2

VI =-3- 0.1

VI =-4

-4.0 - 2.0 0.0 2.0 4.0

V2

Figure 7.5: Differential o u tp u t  voltage of the  m ultiplier for different values of V'l when I 'j 

varies from -4 to  4-4 V.

.A.S was m entioned  in earlier chap te rs ,  the  gain o f  th e  neurons was se t  to  2000. Since 

o u r  scaling fac to r  is 10"^, gain is also reduced by th e  sam e factor, i.e.. a  gain of 2 is used. 

T h e  reasons for doing so a re  as follows. Since our  amplifier has a  gain -bandw id th  p ro d u c t  

o f 1 MHz. a  high gain m eans  we need to  use a n u m ber o f  s tag es  or else will loose th e  speed. 

However, a  ga in  of 2 can easily be obtained in one s tag e  giving rise to  a  m axim um  speed o f  

2 //s. T he  o th e r  point t h a t  is no tew orthy  is t h a t  an /  neuron  co m p u tes  th e  error between 

th e  desired response  and th e  response of th e  filter being designed. T h e  in p u t  voltage o f  th e



i 1

0.5

-0 .5

P>

-1 .5

-2

-2 .5

0.2 0.6
Time

0.4 0.8
5

X 10

Figure  7.6: Convergence of th e  g  neurons over t im e, 

j t h  /  neuron is given by

Uj =  d{^'j) -  ^  a^cosiujj
1 = 0

Instead, in the  network we com pu te  th e  negative o f th e  right hand  side. Hence th e  /  neurons 

employ a inverting amplifier. T he  g neurons employ a  noninverting  amplifier with th e  sam e 

gain. T h e  network was s im ula ted  for 12 fis  and  the  convergence o f  th e  filter coefficients are  

shown in Figure 7.6. T h e  convergence o f  th e  erro r  te rm s  are  shown in F igure  7.7. It can be 

seen th a t  th e  convergence has been achieved in less th an  10 /r secs. N ext,  from th e  o u tp u ts  

of the  g  neurons, th e  filter was designed. T h e  am pli tude  response o f  th e  filter is shown in 

Figure 7.8. It can be seen th a t  the  designed filter m eets the specifications. Because o f  the  

low filter order, th e  s to p b a n d  a t ten u a tio n  is low.
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F igure  7.7: Convergence of the  /  neurons representing th e  errors .

7.5 Conclusion

T h e  basic building blocks for designing th e  neural network have been identified. T h e  specific 

requirem ents  of each block have been addressed  and  existing circuits from th e  l i te ra tu re  have 

been used to  design th e  network. T h e  network was then sim ula ted  to  design an  F IR  filter 

o f very low o rde r  and  with a  few sam ple  points. S imulation results show  th a t  th e  proposed 

m eth o d  is su i tab le  for designing F IR  filters and  can be im plem ented  in silicon very easily. 

T h e  sam e netw ork  was s im ula ted  with random ly  varied circuit p a ra m e te rs ,  e.g.. amplifier 

gains, multiplier charac te ris t ics ,  and  identical results were o b ta in ed  in each o f  th e  cases.
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Figure 7.8: A m p li tu d e  response of th e  filter o b ta in ed  by s im ula ting  th e  neural ne tw ork .  

T h e  s im ula tion  and  design have been ca rr ied  o u t  using th e  C . \D  package C adence.



C hapter 8

C onclusions and Suggestions for 

Future Work

T his  c h a p te r  sum m arizes the  conclusions of th e  thesis and  outlines research direc tions th a t  

can be  un d er tak en  in th e  future.

8.1 Conclusions

T h e  o b jec t iv e  of this d isserta tion  was to  identify a reas  in signal processing where neural 

netw orks can  be used successfully and  to  design those  networks. Two m a jo r  a reas  have been 

identified and  proper neural networks have been developed. In the first a rea , s tud ies  have 

been done  on the  use of neural netw orks as a  tool for th e  design of d igita l filters. In th e  

second a rea ,  neural networks have been used successfully for the  processing o f  b a th y m e tr ic  

d a ta .

In c h a p te r  1, the purpose  of th is  research work has been outlined an d  then  th e  basics 

of neural  netw orks have been in troduced .  T h e  first p a r t  o f th e  work is based on Hopfield's 

l inear p ro g ram m in g  network and, consequently, th e  rest o f th e  chap te r  was devoted to t h a t  

and  o th e r  related work.

In c h a p te r  2. three schemes for designing 1-D F IR  filters have been proposed. In th e  

first p a r t ,  a  neural network was developed to  design an  F IR  filter on th e  basis o f a  given 

am p li tu d e  response. In the  following section , this work was extended to  design filters on 

the  basis o f  given am plitude and phase responses. In th e  last section, a n o th e r  network was 

developed for designing filters satisfying prescribed specifications. Detailed analysis o f  th e

114
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networks has been included an d  the  convergence properties  have been s tud ied  and  su itab le  

exam ples  have been included. All th ree  netw orks have been used for designing F IR  filters 

o f  odd  lengths and  can easily be used for even lengths as well. T he  sa m e  netw orks can also 

be used for designing digital d iffe ren tiators  an d  Hilbert transfo rm ers .

In ch a p te r  i ,  two networks for designing 2-D F IR  filters have been developed. T he  

first network can be used for designing filters on th e  basis of a  given am p li tu d e  response 

and  th e  second can be used to achieve prescribed specification. Only filters w ith  q u ad ran ta l  

sy m m e try  and  linear phase have been considered. However, the work can  be easily ex tended 

to  o th e r  sym m etries .

In c h a p te r  4. two schemes for designing 1-D HR filters were proposed. In th e  first scheme, 

an HR filter was designed using a neural netw ork in th e  m agn itude-squa red  d om ain .  In the 

o th e r  scheme, a  neural netw ork was developed to  design H R filters on th e  basis of a rb i t ra ry  

am p li tu d e  and phase responses.

In ch a p te r  -5. a  new u p d a t in g  a lgo ri thm  for designing equiripple F IR  filters has been 

developed. T h e  basic network is the  sam e  as t h a t  used in ch ap te r  2 for th e  design o f  1-D 

F IR  filters. It was then shown th a t  w ith  som e e x t ra  blocks, the resu lting  netw ork  can be 

used for th e  design of 1-D equiripple F IR  filters, d iffe ren tiators  and H ilbert t ransfo rm ers .

C h a p te r  6 deals with th e  d irect use o f  neural networks for signal processing. T w o differ­

en t neural networks have been proposed to  classify lidar waveforms for various tasks .  The 

first network is a  single-layer network using K ohonen 's  winner-take-all learn ing  algorithm . 

Both supervised and  unsupervised learn ing  schem es have been used. T h e  perfo rm ance  of 

th e  superv ised  learning scheme has fu r th e r  been ex tended  by changing th e  w eights of both 

the  w rong winning neuron and th e  right one which should have won b u t  did not.  T h e  idea 

of using a  th reshold  value has also been in troduced  to  give the  user a  choice o f  accepting 

or re jecting a waveform in the recall m ode. In the  second scheme, a  tw o-s tage  three-layer 

neural netw ork has been developed. In th e  first s tage, the  inpu t  waveform s a re  first t r a n s ­

formed in to  a  set o f  waveform charac te r is t ic s  and  these results  are used in th e  second s tage 

to  assign a  s ig n a tu re  num ber to th e  waveforms. This m ethod  can also be used for ex trac t in g  

various ocean param ete rs  from th e  waveform s. B oth  the  netw orks were used for classifying 

waveforms representing different milt co n ten ts .

In ch a p te r  7, th ree  basic building blocks for im plem enting  the  neural netw ork  in silicon 

have been identified. Existing circuits from th e  l i te ra tu res  have been used an d  a  simple
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network was co n s tru c te d  to  design a  l -D  F IR  filter. T h e  circuit  was s im u la ted  and  the 

result shows t h a t  th e  netw ork  can be easily im plem ented in an a lo g  VLSI. .Vnalog CM OS 

circuits were chosen because they  a re  m ore com pac t  th an  d ig ita l  ones. Because  o f  the 

connectivities, th e  netw ork was found to  be very much to leran t  to  p a r a m e te r  varia tions as 

one would norm ally  expect in ana log  circuits.

8.2 Suggestions for future work

T he research pursued  in th is  thesis can  be ex tended  in several d irec tions.  O ne-d im ensional 

F IR  filters were designed using d irect s t ru c tu re s .  O ne can design ne tw orks  based on transfer 

functions in parallel s t ru c tu re s .  T h e  sam e idea can also be ex ten d ed  for 2-D  F IR  filters. 

T he  design o f  equiripple 2-D F IR  filters is an o th e r  a rea  th a t  requires fu r th e r  s tu d y .  On the 

o th e r  hand, for th e  HR filter case, a n u m b er  of s tra teg ies  can be a d o p te d  to  realize a  s tab le  

filter. O u t  of  th e  two schemes th a t  have been proposed here, no co n s t ra in ts  have been put 

on the  position o f  the  poles. In the design based on the  m ag n i tu d e -sq u a red  d o m ain ,  poles 

occur in pairs, poles inside th e  unit circle and  their  m irror im ages with respec t to  th e  unit 

circle. Rejecting th e  poles ou ts ide  th e  unit circle results in a  s tab le  filter. O n  th e  o ther  

hand, for the design of HR filters on th e  basis o f  given am pli tude  an d  phase  responses, there 

is no control over th e  position of th e  poles. Instead of working on th e  t ran s fe r  function in 

the d irect form, we can possibly use a  cascade or parallel s t ru c tu re  and  pu t  a  c o n s t ra in t  on 

the  filter coefficients so t h a t  th e  poles would always lie within th e  unit circle. O n e  can even 

consider working on th e  tran sfe r  function with only poles and  p u t  a  co n s tra in t  so t h a t  they 

always lie within th e  unit circle. N o th ing  has been done on th e  design o f  equ iripp le  1-D HR 

filters or 2-D HR filters and  t h a t  ce r ta in ly  leaves am ple scope in these  a reas  to o .

.•Another a rea  t h a t  needs fu r th e r  investigation  is the  use of different kinds o f  cost func­

tions. In our  work, we have used least-squares  cost functions for th e  design of th e  different 

kinds of filters. In [26], som e non-LS cost functions have been discussed in conjunction  

with adap tive  F IR  filtering. Research involving different cost functions can be  carried  out 

and  com pared  to  find o u t  th e  best one. Similarly, th e  /  neu rons  we used a re  perfectly 

linear although th ey  are  no t  in Hopfield's linear p rog ram m ing  n e tw ork  [6.5]. T h e  effect of 

nonlinearity  can also be investigated .

T he  networks developed for classifying lidar waveforms represen ting  varied m ilt  con ten ts
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can be used for th e  de tec t ion  of fish. T h e  presence o f  fish is represented  by a  sm all bulge 

and  the  n a tu re  an d  position o f  this bulge d e te rm in es  th e  species an d  location  o f  th e  fish. .-V 

b e t te r  preprocessing  schem e for tran sfo rm in g  lidar w aveform s in to  b in ary  s t r e a m s  can be 

developed for d e tec t in g  these small var ia tions in th e  waveform s. T h e  ex is t ing  netw orks can 

be modified, if required , for classifying waveform s on th e  basis o f  sea -bed  s t ru c tu re s .

Last bu t  no t  th e  least is the  VLSI im p lem en ta t io n .  .Vs m entioned earlier ,  we have used 

com ponen ts  t h a t  a lready  exist in th e  l i te ra tu re .  T h e  m ultip lier  used is very fast an d  can be 

scaled properly  for existing technologies, e.g.. 0.8 n  o r  1.2 /r. T he  am plifier is slow and  one 

can consider designing a  fas te r  version. T h e re  is also scope  in developing s t a n d a r d  cells for 

these co m p o n en ts  which would be very useful for th e  im p lem en ta t io n  o f  th e  whole network 

in silicon.
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