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Neural Computing: An Introduction and Some Applications
ASHISH GHOSH, NIKHIL R PAL AND SANKAR

J\.

PAL, FIETE

Machine Intelligence Unit, Indian Statistical Institute, 203 B T Road, Calcutta 700 035, India,
Artificial neural network models have been studied for many years with the hope of designing information
proeessing systems to produee human-like performance. The present artiele provides an introduction to neural
computing by reviewing three commonly used models (namely, Hopfield's model, Kobonen's model and the
Multi-layer perceptron) and showing their applications in various fields such as pattern classification, image
processing and optimization problems. Some discussions are made on the merits of fusion of fuzzy logic and
neural network technologies, and robnstness of network based systems.

HE primary task of all neural systems is to
T control
various biological functions. A major
part of it is connected with behaviors, ie, controlling
the state of the organism with respect to its environ
ment. Human being can do it almost instantaneously
and without much effort because of the remarkable
processing capabilities of the nervous system. For
example, if we look at a scene or listen to a music,
we can easily (without conscious effort and time)
recognize it. This high performance rate must be
derived, at least in part, from the large number of
neurons (roughly 1011) participating in the task and
also from the huge connectivity (thereby providing
feedback) among them. The neurons participating
operate in parallel and try to pursue a large number
of hypotheses simultaneously thereby providing
output almost in no time.
Artificial Neural Network (ANN) models
[1-14] try to simulate the biological neural network:!
nervous system with electronic circuitry. ANN
models have been studied for many years with the
hope of achieving human like performance (artifi
cially), particularly in the field of speech and image
recognition. The models are extreme simplifications
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of the actual human nervous system. The computa
tional elements (called neurons/nodes/processors)
are analogous to the fundamental constituents
(called the neurons) of the biological nervous sys
tem. The biological neurons have a large number of
connectivity to its neighbors via synapses, whereas
in the electronic neural model the connectivity is
very low. Like biological neurons the artificial
neurons also get input from different sources,
combine them and provide a single output. The
topological organization of these neurons tries to
emulate the organization of the human nervous
system.
Figure I shows the structure of a biological
neuron. Such a neuron gets input via synaptic con
nections from a large number of its neighbors. The
accumulated input is then transformed to provide a
single output which is transmitted to other nemons
through the axon. If the total input is greater than
some threshold e, then the neuron transmits output
to others and is said to have fired. Total amount of
output given by the neuron is measured by its firing
rate, ie, the number of times the neuron fires per
unit time.
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A schematic representation of an eleen-onic
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and then amplifying it) and passed on to other
neurons. So, as far as the primitive type of opera
tions are concerned, an electronic neuron emulates
a biological neuron. The artificial neurons are then
connected to form a network structure which topol
ogically as well as functionally tries to emulate the
human nervous system. The resistance value by
which a neuron is connected to another determines
the connection strength (weight) between the neu
rons. The larger is the resistance, the smaller is the
connection strength and vice versa.
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LEARNING PARADIGM
The learning situation in neural networks can
be broadly categorized into following two distinct
types.
(

(i)
(ii)

l-SynoPsQ

Fig 1 Biological neuron
neuron IS given in Fig 2. The neuron gets input
through the resistors from other neighboring neu
rons. By the operational amplifier the total input is
then converted to a single output (summing the input

Associative Learning: In associative learning
the system learns to produce a particular pattern of
activation on one set of units whenever another
pattern appears on another set of units. This further
can be classified into
• autoassociator, and
• hetero/pattern associator.
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In auto associator a set of patterns is repeat
edly presented and the system is supposed to store
the patterns. Then, later, a part of one of the original
patterns or possibly a pattern similar to one of the
original patterns is presented and the task is to
'retrieve' the original pattern through a kind of
pattern completion. This is an autoassociative proc
ess in which a pattern is associated with itself so
that a degenerated version of the original pattern
can act as a retrieval cue. Essentially it acts as a
content addressable memory (CAM).
In hetero/pattern associator a set of pairs of
patterns is repeatedly presented for training or learn
ing of the network parameter. The system is to learn
that When one member of the pair is presented, it
produces the other. In this paradigm one seeks a
mechanism in which an essentially arbitrary set of
input patterns can be paired with an arbitrary set of
output patterns. Therefore, associative learning is
supervised Where a set of training samples (samples
of known classes/origin) is first of all used to learn
the network parameters and then based on this
learning it provides output corresponding to some
new input.

GENERAL DESCRIPTION OF
NEURAL NETWORKS
ANN models [1,3,4,15,16] attempt to capture
the key ingredients responsible for the remarkable
capabilities of the human nervous system. A wide
variety of models has been proposed for a variety of
purposes; they differ in structure and details, but
share some common features.
The common features are :

•

Each node/neuron/processor is usually
described by u single real variable (called its
state), representing its output.

•

The nodes are densely connected so that the
state of one node affects the potential (total
input) of many other nodes according to the
weight or strength of the connection.

•

The new Slate of a node is a non-linear
function of the potential created by the firing
activity of other neurons.

•

Input to the network is given by setting the
states of a subset of the nodes to specific
values initially.

•

The processing takes place through the
evolution of the states of all the nodes of the
net according to the dynamics of a specific
net and continues until it stabilizes.

•

The training (learning) of the net is a process
whereby the values of the connection strengths
are modified in order to achieve the desired
output.

Regularity detector
In this type of learning the system learns to
respond to 'interesting' patterns in the input. In
general, such a scheme should be able to form the.
basis for the development of feature detectors ana
should discover statistically salient features of the
input population. Unlike the previous learning
methods, there is no prior set of categories into which
the patterns are to be classified. Here, the system
must develop its own featural representation of the
input stimuli which captures the most salient fea
tures of the population of the input pattern. In this
sense, this learning is unsupervised because this does
not use label samples for learning the network
parameters. It may be mentioned that this type of
learning resembles the biological learning to a
great extent.

t07

An artificial neural network can formally be
defined as: Massively parallel interconnected net
work of simple (usually adaptive) processing ele
ments which are intended to interact with the ob
jects of the real world in the same way as biological
systems do.
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Neural networks are designated by the net
work topology, connection strength between pairs
of neurons (weights), node characteristics and the
status updating rules. Node characteristics mainly
specify the primitive types of operations it can
perform, like summing the weighted inputs coming
to it and then amplifying it The updating rules may
be for that of weights and/or states of the processing
elements (neurons). Normally an objective function
is defined which represents the complete status of
the network and the set of minima of it gives the
stable states of the network. The neurons operate
asynchronously (status of any neuron can be up
dated at random times independent of the other) or
synchronously (parallelly) thereby providing
output in real time. Since there are interactions
among the neurons the collective computational
property inherently reduces the computational
task and makes the system robust Thus ANNs are
most suitable for tasks where collective decision
making is required.
ANN models are reputed
following four major advantages

to enJOy the

(ii)

Kohonen' s model of self-organizing neural
network. (regularity detector/unsupervised
classifer),

(iii)

Multi-layer perceptron (hetero associator/su
pervised classifer).

In the following sections we will be describ
ing three popularly used network models.

Hopfield's model

J J Hopfield [7-9] proposed a neural network
model which functions as an auto-associative
memory. So, before going into the details of the
dynamics of the network and how it acts as an
associative memory, we should first specify '~ow we
can construct an associative memory ( > ~fer
[3,4 J).
Let there be given an associated pattern pair
(x.' Yk) where x k is an N j dimensional vector and Yk
is an N 2 dimensional column vector. The matrix,
(1)

*
*

adaptivity-adjusting the connection strengths
to new data/information
speed-due to massively parallel architec
ture;

can serve as an associative memory where Yk X kl is
the direct product/dyadic product between the
two vectors. The retrieval of the pattern Yk can be
obtained when the input x k is given, using,

robustness-to missing, confusing, ill-defined!
noisy data;

*

Though there are some common features of
the different ANN models, they differ in finer
details and in the underlying philosophy. Among
the different models, mention may be made of the
following three.
(i)

:= (X'k,Xk)

optimality-as regards error rates in classifi
cation.

Hopfield's model of associative memory.
(autoassociator/CAM),

:=

Yk

(2)

Yk
[if

X'k,Xk :=

1].

For illustration, let us consider the vector xk
and Yk to be of 3-dimensional.
Then,

(

Ykl

Xu

Yu

X k2

Yk3

X k2

Yki xk)

y~x.)

Yk3

X k3
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Retrieval is as follows,
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is possible if the stored patterns xk constitute a set
of orthogonal basis vectors spanning the N] dimen
0 when
sional space. For such pattern (x'....x m )
k ;t. m and (x'm,xm)
I.

=

=

If the actual stimulus is a distorted version of
the original stored pattern, that is if we have x'm in
stead of x m then the regenerated response will be a
degraded version of Ym •

If the stimulus is nol x . . but is x'.. , a distorted form
of x.. ' then the response is,
(3)

So, y... will be recovered in undislorted form with
amplitude (x.. . x'.. ). In case of a set of associated
pairs, the associative memory is formed as,
(4)

Recal1 of .Y n, on presentation of stimulus x m is
obtained as,

= (x'm·xm) Ym + 1: (x.... x
k

m)

Y...

(5)

'* m

the Kronecker delta. From eqn (5), a perfect recall

Hopfield's model of ANN acts as an associa
tive memory storing the patterns in the above
mentioned fashion. The network model consists of
completely connected networks of idealized neurons.
Here the cross products Qf the input patterns (vec
tors) are represented as the weights linking two nodes
(whereas in matrix associative memory it becomes
the elements of the matrix). The details of the model
will be given later. In the associative memory we
can store and retrieve several patters. In case of a
network or physical system, the stored patterns can
be represented as locally stable states of the system.
So any physical system whose dynamics in the state
space is dominated by a substantial number of locally
stable states can be regarded as an associative
memory/content addressable memory (CAM). Con
sider a physical system described by a vector X. Let
the system have locally stable points X.' Xb'· .... , X n'
Then, jf the system is started sufficiently near to
any point X.' say at X. + Ii , it will proceed in time
until X = X.' We can regard the information stored
in the system as the vectors X.' Xb ' ... , X n ' The starting
point X X. + Ii, represents a partial knowledge of
the item X.' and the system then generates the total
information X.' The dynamics of such a network
governing the states and the status updating rules
can either be discrete or continuous as described
below.

=

Case I: Discrete model
In this model two state neurons are used. Each
neuron i, has two possible states, characterized by
the output V, of the neuron having values -lor +1.
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The input to a neuron comes from two sources,
external input bias I, and inputs from other neurons
(to which it is connected). The total input to a neuron
i is,

u=l:w

IJ

1

E( V) is said to be a Liapunov function in V' if it
satisfies the following properties

3 a 8 such that letting O(V ',8) be the open neigh
borhood of V' of radius 8, we have,

(6)

V+I
J
I

i)

)

where Wij (the weight) is the synaptic interconnec
tion strength from neuron i to neuron j.

ii)

Useful computations in this system involve
change of state of the system with time. So the
motion of the state of the neural network in state
space describes the computation that it performs.
The present model describes it in terms of a sto
chastic evolution. Each neuron samples its input at
any random time. It changes the value of its output
or leaves it fixed according to a threshold rule with
the threshold e,. The rule is,

iii)

V~-lifu<e
\
J I
~

I

jf U, >

8 .

(7)

\

The interrogation of each neuron is a stochas
tic process, laking place at a fixed mean rate for
each neuron. The times of interrogation of each
neuron are independent of that of others thereby
making the algorithm asynchronous.
The objective function (called the energy of
the network) representing the overall status of the
network is taken as,
E

=- I. I. w

II

Vr VI -

I. 1

I

V+
I

I. 8

I

V.I (8)

E(V) > E (V') \IV

dE
(V')

E

= 0,

O(V',o), V

j;.

V',

and

dt
dE
(V) < 0 \IV

E

C(V', 0), V

j;.

V'.

dt

If the state V, of the neuron i is changed to V, + i1 V,
by the thresholding function (7), then the change 6E
In the energy E (8) is,
f1E

=: -

U
.

WII VI + I I -

.I

~ f1 V .
I

I

(9)

Now if i1V, is postllve then from the thresholding
rule we notice that the bracketed quantity in eqn (9)
is also positive, making tJ:.: negative. Similarly, when
i1 V; is negati ve, the bracketed quantity becomes
negative resulting again t:"E negative. Thus any
change in E under the previous thresholding rule (7)
is negative. Since E is bounded, the lime evolution
of the system is a motion in the state space that
seeks out minima in E and stops at such points. So
gi ven any initial state, the system will automatically
update its status and will reach a stable state. The
condition which guarantees convergence flow is,
W lJ

=:

Wand
W
II

= o·

It'

ie, the weight matrix is symmetric and zero diago

nal.

j

For a particular set up (fixed I, W, e), the
energy E is a function of the status V of the nodes.
The local minima of this function correspond to the
stable states of the network. In this respect, the
energy function E is a Liapunov function. A function
I

IJ

I

The previously mentioned model can be used
as a con lent addressable memory (CAM) or associa
tive memory. The operation of the net is as follows.
First give the exemplars for all pattern classes. During
this training the weights between different pairs of
neurons get adjusted. Then an unknown pattern is
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imposed on the net at time zero. Following this
initialization, the net iterates in discrete time steps
using the given formula. The net is considered to
have converged when the outputs no longer change
on successive iterations. The pattern specified by
the node outputs after the convergence is the actual
output. The above procedure can be written in
algorithmic form as follows.
Step I: Assign connection weights as,

w=
'I

I~x'.x'.
s

o

=I

W)
if i = j

al : NWRAL COMPUTING

III

jars of the discrete model. Let the output variable V,
for ith neuron lie in the range [-1, + 1], and be
continuous and monotonically increasing (non lin
ear) function of the instantaneous input U, to it. The
typical input/output relation
~

= g(U)

(10)

is usually sigmoidal with asymptotes -I and + 1. It
is also necessary that the inverse of g exists ie,
g-I (~) is defined.
A typical choice of the function g is (Fig 3),

g(x)

=2------1
I +

WIJ is the connection strength between node
i and j. x', is the ith component of the sth
pattern (assuming there are M N-dimensional
patterns).

e-V~)/e\l

(I I)

e

Here the parameter
controls the shifting of
the function 8 along the x axis an e" determines the
steepness (sharpness) of the function. Positive val
ues of shift g(x) towards positive x axis and vice
versa. Lower values of 6" make the function steeper
while higher values make it less sharp. The value of
g(x) lies in (-I, [) with 0.0 at x
e.

e

Step 2 : Present the next unknown pattern,

v,

(0)

=x"

I ~ i ~ N

=

Here V,et) is the output of node i at time
index t.

Let for the realization of the gain function g
we use a non linear operational amplifier With

Step 3: Iterate until convergence,

1.0

N

V, (1+ I) = g( L
j= 1 j

W'I.vP».
;t:j

g(x/

The function g(.) is the thresholding function
(eqn (7». The process is iterated until the net
work stabilizes. At the converged stage the
node outputs give the exemplar pattern that
best matches the unknown pattern.
Step 4 : Repeat by going to Step 2.

-2

o

Case 2 : Continuous model

-L

This model is based on continuous variables
and responses but retains all the signi ficant behav

Fig3 Sigmoidal transfer function with threshold
e= 0 and sharpness e" = I

....- - - , - ... -

.... • .... R·_ , ••

negligible response time. A possible electrical cir
cu't for the realization of a neuron is shown in
Fig 2. n the diagram Vt' V2 , ... Y" represent the
out !,I voltage (status) of the amplifiers (neurons) to
which the ith amplifier is connected. RIJ (=::l/W)
is
I)
the connecting reslstante between the ith and the jth
amplifiers. I, is the input bias current for the ith
amplifier.
i' the input resistance of the amplifier
and C the input capacitance of the same.

'"

. "":: L'

L

VJ -U

I

R lJ

j=l

or, C

U1

+1=
1

R

n

n V

dU,

= L-

dE

-=L
dl

R..IJ

j=l

RIJ

=

n V

U,

_J_

j=l RIJ

R,
n

n

L WV'J J
j

=I

R

1

1

+ I,.

(12)

1

Now lel us consider the quantity,

E=-LL W V.VJ -LVI +
1J

I

1

I J

v,

-J

i

. j

=L

(-C

=-

I
dV
L (C(g-I) ( - ' )2).
dt

Jj

dU,

dt

J

R,

'

dV
)-'
dt

dt

(from eqn (12))

dE

considc(ed to be negligible.

j

dVI

U

W V - I + -' )

R

Here R is the total input resistance of the
amphfier. Th~ output impedance of the amplifier is

i

dt

U1

----+-]
j'-l
R.IJ
R
-

U1

dV,

Since g is a monotonic increasing function
and C is a positive constant, every term in [.) of
the above expression is non negative, and hence,

+1,

( - =L
R1

aE
av

= L (- L

dl

L

1

dt

- ' +11

j=l

".('r")

I

dUI

c

U

-L

J
-

dt

+

II .....

Now,

Suppose V, IS the total input voltage (potential
at the point A, Fig 2) to the amplifier having a gain
function g. Then applying Kirchoffs current law at
lh point A we get,
n

•

L
g-t (V) dV.
i R; 0

(13)

dE
dV
< 0 and - = 0 ~
I

-,

dt

dl

=

°Vi.

The function E is thus seen to be a
Liapunov function. The function is also bounded.
As dE/dl ~ 0, the searching in the direction of gra
dient will lead us to a minimum of E. So the evo
lution of the system is a motion in the state space
that seeks out minima in E and stops at such points.
Thus here also we can infer that given any initial
slate, the system will automatically update its status
and will reach a stable state. The last term in eqn
(13) is the energy loss term of the system. For a
high gain of g (the input output transfer function),
this term vanishes.
The network model with continuous dynam
ics is mainly used for optimiz.ation of functions. Only
thing one has to do is to establish a correspondence
between the energy function of a suitable network
and the function to be optimized. In such optimiza
tion task it is likely that one will be trapped in some
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local optimum. To come out of that, simulated
annealing [17] can be used ie, run the network once
again by giving perturbation from that local stable
state. Repeatedly doing this one can obtain the
absolute optimum. Bopfield and Tank [9] showed
that ANNs can be used to solve computationally
hard problems, in particular they applied it to a
typical example of the Travelling Salesman Prob
lem. Two applications of Hopfield's ANN model
will be shown later.
The previously mentioned network has two
major drawbacks when used as a content address
able memory. First, the number of patterns that can
be stored and accurately retrieved is severely lim
ited. If too many patterns are stored, the network
many converge to a spurious pattern different from
the exemplar pattern. The number of patterns that
can be stored and retrieved perfectly is called the
capacity of the network. The asymptotic capacity of
such a network [18] is n/410gn, where n is the
number of neurons. A second limitation of this model
is that an exemplar pattern will be unstable (ie, if it
is applied at time zero it will converge to some
other exemplar) if it shares many bits in common
with another exemplar pattern, in other words the
input patterns are nOl orthogonal. This shows that
the orthogonality assumption of the storing patlerns
is a must (as in the matrix associative memory) for
perfect retrieval of the stored pattern.
An extension of this associative memory is
made by Kosko [19]. Be introduced the concept of
bi-directionality, forward and backward associative
search. It was shown that any real matrix represent
ing the connection strength or weights of a network
can be considered as a bi-directional associative
memory. This overcomes the symmetricity (of the
weight matrix) assumption of Hopfield's model.
Kosko's mOdel is basically a two layered non-linear
feed back dynamical system. In contrast to
Hopfield's model (which acts as auto-associator) the

present model acts as hetero assoc\at\\le CAM stor
ing and recalling different pattern vectors.

Kohonen's model of self-organized
feature mapping
Self-organization refers to the ability to find
out the structure in the input data even when there
is no prior information available about the structure.
For example, if we look at a picture, we can very
easily distinguish which portion of it belongs to
Object and which portion to background. Though
we did not have prior knowledge of the structure of
the object, we can find it out because of the self
organizing ability of our nervous system. Kohonen's
self-organizing network consists of a single layer of
neurons as shown in Fig 4. The neurons, however,
are highly interconnected within the layer as well as
with the outside world. Let the signal

(14)
be connected as input to all the processing units.
Suppose the length of the input vector be fixed (to
some constant length) and the unit (processor/neu
ron) i have the weights (chosen as random num
bers),
(15)

xo -. - - .- -x j

.. - - - -

x"

\"P\l\

Fig 4 Kohonen's model of neural network
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where, w,] is the weight of the ith unit from )th
component of the input. The ith unit then forms the
discriminant function,

Step I: Initialize weights of the neurons to random
values.
Step 2: Present new input

!l

11

I

=L

W IJ

uI

= W.U
I

( 16)

)=1

where, 11\ is the output of that unit. A discrimination
mechanism will then detect the maximum of 11,. Let,

11 k == max {11,}·

(17)

1

For the kth unit and all of its neighbors (within
a specified radius of r, say) the following adaptation
rule

Wk (/+1) ==

Wk (I) + a. U(t)
IIWk (t) + a.U(t)1I

(18)

is applied. Here the variables have been labeled by
a discrete time index /, a(O < a < I) is a gain pa
rameter that decreases with time and the denomina
tor is the length of the weight vector (which is used
only for normalization of the weight vector). Note
that the process does not change the length of W k ,
rather rotates W. towards U. Note that the decre
ment of a with time guarantees the convergence of
the adaptation of the weights when sufficient input
vectors are presented. This type of learning is known
as competitive learning (regularity detector/unsuper
vised learning/clustering). Here all the processors
try to match with the input signal, but the one which
matches most (winner) takes the benefit of updating
the weights (sharing with its neighbors). The basic
idea is winner takes all. In this context it may be
mentioned that sometimes the learning algorithm is
modified in a way such that the nodes whieh had
won the competition for a large number of times
(greater than some fixed positive number) are nOl
allowed to take part in the competition.
The concept can be written in algorithmic fonn
as follows

Step 3: Compute match 11, between the input and
each output node i using

l1==LW.U
IJ
J
l

•

)

Step 4: Select output node i . as the output node
with maximum 11"
Step 5: Update weights to node i' and neighbors
using eqn (18).
Step 6: Repeat by going to step 2.
When sufficient number of inputs are pre
sented, the weights will be stabilized and the clus
ters will be formed.
The basic points to be noted here are as follows;
Continuous valued inputs are presented.
After enough input vectors have been pre
sented, weights will specify clusters.
The weights will organize in such a fashion
that the topologically close nodes/neurons/
processors will be sensitive to inputs that are
physically close.
The weight vectors are normalized to have
constant length.
A set of neurons (may differ from cluster [0
cluster and from network to network) is allo
cated for a cluster.
The algorithm for feature map formation
requires a neighborhood to be defIned around the
neurons. The size of the neighborhood gradually
decreases with time. An application of Kohonen's
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model t.o image processing (unsupervised classifica
tion/image segmentation) is described later. Appli
cation to supervised classification can also be found
in [20) for speech recognition.
Multi-layer perceptron

A concept central t.o the practice of Patt.ern
Recognit.ion (PR) [21,22] is that of discrimination.
The idea is that a pattern recognition system learns
adaptively from experience and does various uis
crimination, each appropriate for its purpose. For
example, if only belongingness to a class is of inter
est, the system learns from observations of patterns
that are identified by class label and infers a dis
criminant for classification.
One of the most eXCiting developments dur
ing the early days of pattern recognition was the
pereeptron [23). It may be defined as a network of
elementary poeessors arranged in a manner reminis
cent of biological neural nets which will be able to
learn how to recognize and classify patterns in an
autonomous manner. In such a system the proces
sors are simple linear elements arranged in one layer.
This classicai (single layer) perceptron, given two
classes of patterns, attempts to find a linear decision
boundary separating the two classes. If the two sets
of patterns are linearly separable, the percept.ron
algorithm is guaranteed to find a separating hyper
plane in a finite number of steps. However, if t~,<:
pattern space is not linearly separable, the percep
tion fails and it is not known when to terminate the
algorithm in order to get a reasonably good decision
boundary. Keller and Hunt [24] attempted to pro
vide a good stopping criterion (may not estimate a
good decision boundary) for linearly non separahle
classes by incorporating the concept of fuzzy set
theory into the learning algorithm of the perceplron.
Thus, a single layer perceptron is inadequate for
situations with mUltiple classes and non linear sepa
rating boundaries. This motivated the invent of the
multi-layer network with non linear learning algo
rithms known as the multi-layer pereeptron (MLP)
[l ].

A schematic representation of a multi-layer
perceptron (MLP) is given in Fig 5. In general, such
a network is made up of sets of nodes arrangeu in
layers. Nodes of two different consecutive layers
are connected by links or weights, but there is no
connection among the elements of the same layer.
The layer where the inputs are presented is known
as input layer. Similarly, the layer producing output
is called output layer. The layers in between the
input and the output layers are known as hidden
layers. The output of nodes in one layer are trans
mitted to nodes in another layer via links that amplify
or attenuate or inhibit such outputs through weight
ing factors. Except for the input layer nodes, the
total input to each node is the sum of weighted
outputs of the nodes in the prior layer. Each node is
activated in accordance with the input to the node
and the activation function of the node. The total
input to the ith unit of any layer is
(19)

U=:EWV.
IJ
1
I

•

.J

Here V, is the output of the jth unit of the
previous layer and Wil is the connection weight
between the ith node of one layer and the jth
node of [he previous layer. The output of a node
OUTPUT PATTE.RN

k

CUTPUT
L~YER

"'IDDE.N
L~YEK

INPU,

PAT:c.RN

Fig 5 Multi-layer perceptron
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i is V, = g( U), g is the activation function. Mostly
the activation function is sigmoidal, with the form
shown in equation (11) (Fig 3).

Now,
in the learning phase (training) of such a
network we pres~nt the pattern X = {i~}, where i. is
the kth component of the vector X, as input and ask
the net to adjust its set of weights in the connecting
links and also the thresholds in the nodes such that
the desired output {t~} are obtained at the output
nodes. After this we present another pair of X and
[t k ), and ask the net to learn that association also.
In fact, we desire the net to tind a simple set of
weights and biases that will be able to discriminate
among aU lh lnputJoutput pairs presented to it. This
process can pose a very strenuous learning task and
is not always readily accomplished. Here the de
sired output (tk) basically acts as a teacher which
tries to minimize the error. In this context it should
be m ntione Lhat such a procedure will always be
successful if the pattern is learnable by the MLP.
In general, the outputs (V.l will not be the

dE

=- l l - -

au.

1

= -2

I (t - V)2
k

k

k

(20)

where the factor of one half is inserted for mathe
matical convenience at some later stage of our dis
CUSSIon.
e procedure for learning the correct set
of weights·is to vary the weights in a manner cal
c Jilted to reduce the error E as rapidly as possible.
This can be achieved by moving in the direction of
negative gradient of E. In other words the increm
ental change ~ Wkj can be taken as proportional to
-dE / aW~J for a particular pattern, ie, t!" Wk , = -ll

dE I aW

.

.

(21 )

dU•

"IV

a •

I

I

dV
Now if the kth element
layer then

dE
av.

-

=- (tk -

•

•

come~ from

J

the output

V.) (from egn (20»

and thus the change in weight is given by
/), WkJ

= ll(t. -

Vk) g' (Uk) VJ

(23)

'

If the weights do not affect the output nodes
directly (for links between the input and the hidden
layer, and also between two consecutive hidden
layers). the factor aEldVk can not be calculated so
easily. In this case we use the chain rule to write

dE = L -dE
aVk

=L
m

m ~U m

aU
av.

___
m

aE a LW V=L
-
m,
aum dVk

kJ

However, E, the error is expressed in terms of the
Olputs (V ), each of which is a non-linear function
of the lotal input to the node. That is,

)

dVk
--V

dE
::: -ll - g (U) V. (22)

same as the target or desired values (tk ). For a pattern
vector, the error is

E

dE
V :::-ll

Hence

I

m

aE
-au
m

Wmk

·

(24)
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for the output layer and other layers, respectively.
It may be mentioned here that a large value of

11 conc:sponds to rapid learning but might result in
oscillations. A momentum tenn of 0: 11 WkJ (t) can
be added to avoid this and thus expression (22) can
be modified as
11 Wk' (1 + I))
J

aE

= -11 -

aV

g' (UJ VJ +
~

k

0:

11 Wkj (t)

(26)

where the quantity (t + I) is used to indicate the
(t+I)th time instant, and 0: is a proportionality con
stant. The second term is used to ensure that the
change in Wk' at (t+l)th instant should be somewhat
•
.
J
slmllar to the change undertaken at instant t.
During training, each pattern of the training
set is used in succession to clamp the input and
output layers of the network. Feature values of the
input patterns are clamped to the input nodes whereas
the output nodes are clamped to class labels. The
input is then passed on to the output layer via the
hidden layers to produce output. Error is then cal
culated using eqn (2) and is back propagated to
modify the weights. A sequence of forward and
backward passes is made for each input pattern. A
set of training samples is used several times for the
stabilization (minimum error) of the network. After
the network has been settled down the weight spec
ify the boundaries of the classes. The learning of
this type of network is therefore supervised. Since
the error is back propagated for learning the para
meters (weight correction) the process is also called
back propa,gation learning. Next phase is testing/
recognitipn. Here we give an unknown input and
the neurOn with maximum output value will indi
cate the class to which it belongs.

APPLICATIONS
Artificial neural networks are suitable mainly
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for the problems where a collective decision mak
ing is required. Major areas in which the ANN
models have been applied in order to exploit its
high computational power and to make robust deci
sions are supervised classification [25,26J complex
optimization problems (like travelling salesman prob
lem [9] and minimum cut problems (141), clustering
[27], text classification [28J, speech recognition [26],
image compression [29-31], image segmentation
[32], image restoration [33,34], object extraction
[35-38] and object recognition [39]. Among them
only four are described here in short (chosen from
three typical areas such as classification, optimiza
tion and image processing).

Travelling salesman problem
For applying Hopfield type neural network
solve optimization problems, what one has to do is
to design a function (to, be optimized) in the form
of the energy function of this type of network and
to provide an updating rule so that the system auto
matically comes to an optimum of the function and
stops there.
One of the classic examples of computation
ally hard problems is the Travelling Salesman Prob
lem (TSP). The problem can be described as fol
lows: A salesman is to tour N cities, visit one city
once and only once and return to the starting city.
No two cities can be visited at the same time. TI'e
distances between the cities are known. There are
NI/2N distinct possible tours with different lengths.
The question is what should be the order of visiting
the cities so that the distance traversed is minimum?
The problem can be represented in tenns of
network structure as foHows. The cities correspond
to the nodes of the network, the strengths of the
connecting links correspond to the distances between
the cities. For an N city problem, let us consider a
N x N matrix of nodes. If a node is O~.(l), the city
is visited, and if it is OFF (-1), the city is not vis
ited. In the matrix let the row number correspond to ,
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the city number, and the column number correspond
to the time (order) when it is visited.

to be

The energy function of the network which has
in' iz.ed. for the TSP problem is

A
E =-1: I. I. VXI V x +
2 X i j:t=i
)

8

---. 1: 1: 1: VXI VYI
2

+-

c
2

X Y:t=X

(I. I. V _N)2
X i XI

D

+

2

V

I. I.

Xi

J ;-1 (z) dz.

(27)

o

Here A,B,C,D are large positive constants. The
X. Y indices refer to cities and iJ to the order of
visiting. If V X1 1, it means that the city X is visited
allhc ith step, When the network is searching for a
solUlion, the neurons are partially active, which
means that a decision is not yet reached. The first
three terms of the above energy function corres
p nd to t e syntax ie, no city can be visited more
til' onCe, no two cities can be visited at the same
ime, lind a total of N cities will only be visited.
When the ~yntax is satisfied, E reduces to just the
QlUth tenn of it, which is basically the length of the
tour with d XY as the distance between the cities X
and Y. Any deviation from the constraints will
increase the energy function. The fifth term is due
to the external bias. The last tenn is the energy
loss, and 't is the characteristic decay time of the
neurons.

=

To fin ,a solution we select at random an
initial state for the network and let it evolve accord
ing to the 11 dating rule. It will eventually reach a
steady state (a minimum of E) and stop. When the

network has settled down, in each row and each
column only one neuron is active. The neuron which
is active in the first column shows the city which is
visited first, the neuron in the second column shows
the city visited second and so on. The sum of the
weights (dXY ) gives the length of e tour (which is
an optimum one). The en rg I E may have many
minima, deeper minima co espond ~o short tours
and the deepest minimum to the shortest tour. To
get the deepest minimum one can use the simulate<l
annealing [17] type of techniques.

Noisy image se

c tation

Application of associative memory mod I for
image segmentation is described below in short (thi~
will be referred to as Algorithm 1 for the rest part
of the article). For more detaIls see [35]. The
algorithm requires understanding of a few defini
tions which are gi ven first of all. For further refer
ences one can refer [35-38,40-46).
2 D Random FieLd: A family of functions J:( x..y ) (q)1
over the set of all outcomes Q = (q,. q2' .....' q.,) of
an experiment. with (x,y) as a point in the 2-D
Euclidean plane is called a 2-D random field.
Let us focus our attention on a 2-D random
field defined over a finite N 1xN2 rectangular lattice
of points (pixels) characterized by,

Neighborhood system: The dth order neighborhood
(N d) of any element (i.j) on L is described as,
'J

Nd I)

= ( i.

j)

E

L}

such that

•
•

jf (k, l)

ENd,)

then (i,j)

E

Nd.,
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and the neighborhood system Nd

= INd ).
'J

Different ordered neighborhood systems can
be defined considering different sets of neighboring
pixels of (iJ). N
IN\) can be obtained by taking
the four nearest neighbor pixels. Similarly, N 2 =
IN \) consists of the eight pixels neighboring (iJ)
and so on. Due to the finite size of the used lattice
(the size of the image being fixed), the neighbor
hood of the pixels on the boundaries are necessarily
smaller unless periodic lattice structure is assumed.

=

Cliques: A clique for the dth order neighborhood
system Nd defined on the lattice L, denoted by c, is
a subset of L such that,
i)

c consists of a single pixel, or,

ii)
for (i,j) "# (k,l) , (i,j)
that (i,j) E f'oId <I"

E C

and (k, [)

E C

implies

Gibbs distribution: Let JVd be the dth order neigh
borhood system defined on a finite lattice L. A ran
dom field X = [XI) ) defined on L has a Gibbs distribution or equivalently is a Gibbs Random Field
(GRF) with respect to N d jf and only if its joint
distribution is of the form,

p(X

= x) =- 1

e-U(X}

(29)

Vc (x),

(30)

Z
with

v

(x)

=

L

119

e/ a[ : NEURAL COMPUTING

CEC

where Vc(x) is the potential associated with the clique
c, C is the collection of all possible cliques and,
(31)

x
Here Z, the partition function, is a normalizing
constant, and Vex) is called the energy of the

realization. The clique potential Vc(x) is assumed to
depend on the gray values of the pixels in c and on
the clique types. The joint distribution expression in
eqn (29) tells that with decrease in Vex) the
probability p(X == x) increases. Since the clique po
tential can account for the spatial interaction of pixels
in an image several authors have used this GRF for
modeling scenes.
Here it is assumed that the random field X
consists of M-valued discrete random variables IX..)
IJ
taking values in Q = (q" qz' ..... , qnJ To define the
Gibbs distribution it suffices to define the neighbor
hood system N d and the associated clique potentials
Vc(x). It has been further found that the 2nd order
neighborhood system is suffi..:ient for modeling the
spatial dependencies of a scene consisting of several
objects. Hence we shall concentrate on the cliques
associated with N- 2 .

Gibbsian model for image data

=

A digital image Y {Y ,J ) can be described as
an N, x N2 matrix of observations. It is assumed that
the matrix Y is a realization from a random field Y
== (YIJ ). The random field Y is defined in terms of
the underlying scene random field X == IX,)}.
Let us assume that the scene consists of sev
eral regions each with a distinct brightness level and
the realized image is a corrupted version of the actual
one, corrupted by white (additive independent and
identically distributed ie, additive iid,) noise. So Y
can be written as,

Y=X+W
V(i,j)EL
IJ
IJ
IJ

(32)

where WI) is iid noise. It is also assumed that
W - NCO, ( 2).

Segmentation algorithm
Here the problem is simply the determination
of the scene realization x that has given rise to the
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acruat nOISY tmage y. 1n other words, we need to
partition the lattice into M region types such that
X,) =' qln if x,) belongs to the rnth region type. The
realization X cannot be obtained deterministically
from y. So the problem is to estimate Xof the scene
X, based on the realization y. The statistical crite
rion of maximum a'posteriori probability (MAP) can
be sed to estimate the scene. The objective in this
case is to have an estimation rule which yields ~
lhat maximizes the a'posteriori probability p(X ='
\" Y =' y). Taking logarithm and then simplifying, the
function to be maximized takes the form,
M

- r

Vc (x) -

r

I

-

I

2'
CE e m = , 1 (iJ) E Sm
a<

(y 'I

q )2 (33)
In

the output of the ith neuron.

y ~ is the realization of the modeled value x ~ of
the (i,j)th pixel and qro is the value of the Ci,j)th
pixel in the underlying scene, ie, x,) = qm' For a
neural network one can easily interpret x. as he
~
present staus of the Ci,j)th neuron d YLj
th~ initial
bias of the same neuron. Thus e can write ..LJ for
y
and V IJ for q m. Substituting these' n the objective
·IJ
':.I
function (after removing the constant terms) to be
maximized we get (changing the two dimensional
indices to one dimensional index),
I
W V V - (-2 L I V + L V 2 )
i,j 'I I J
2a l
i"
i I

r.,

(35)

So our task reduces to the minimization of
In the present case we shall consider scenes
Iwo regions only, object and background (ie,
M = 2). Without loss of generality, we can assume
that in the realized image gray values are in the
range -I to + I, It is already known that in an image
if a pixel belongs to region type k, the probability
of its neighboring pixels to lie in the same region
t}'pe is very high. This suggests that if a pair of
adjacent pixels is having similar values then the
potential of the corresponding clique should increase
the v' lue of p(X = x), ie, the potential of the clique
associated with these two pixels should be negative.
If the values VI and V,J of two adJ'acent
pixels are of
•
same sign, then Vc(x) should be negative, otherwise
it should be positive.
Wit

I

-Lwvv--LIV+
i,j

'!

j

J

0'2

-

'L

2a2

L• V2L (36)
I

Let uS now consider a neural network with architec
ture as shown in Fig 6 and having a ne ron reali.za
tion as in Fig 7. The expression

One possible choice of the clique potential
x, containing
ith and jth pixels can be
VJx) , of a clique c of the realization

V C(x)

=-

W LJ V I V}

(34)

where WI) is a constant for particular i and j, and
W > O. This W IJ can be viewed as the connection
strength between the ith and jth neurons and V, as

Fig 6 Neural ne$work structure used for
image segmentation
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Fig 7 Electronic neuron used for image segmentation (algorithm 1)

-L:w.IJ VI V-L:/
V+
J
I
I
I,j
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i

R
)

V

J ~-I (v) dv

(37)

o

can be shown to be the energy function of this
network. The last term in the above equation is the
energy loss of the system which vanishes for very
high gain of g. Equation (37) then reduces to,

•
(a)

- L W lJ V' J
V - L / V +

L V1 .

l!

i,j

I

2Rr

(38)

The above expression is equivalent to our
objective function (eqn (36» with proper adjustment
of coefficients. So the minima values of the ohjec
tive function can be easily determined with the
previously described neural network and hence the
actual scene realization. It may be mentioned here
that in this study W.II 's are taken as unity (I).
As an illustration, in Fig 8a the object ex
tracted from the noisy image shown in Fig 8b using
Algorithm 1 is depicted.

(b)
Fig 8 (a) Input image

(b)

Extracted object by algorithm 1
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Ohj '(j
I rad~o
n t rk

ing self-organizing ne raj

quantity.
W(I)) = [\1.)i,)), w,Ci,j), .... woC/,j)].

In this subsecllOn we will be descnbing an
application oj Khonen's model of neural network in
obi'~t eXlraction (image segmentation) problem
v.rll1·il we will be referring as Algorithm 2. For
",remer detatls, s I 7]. I( may he mentioned herc
that In Algorit m I lhe ilnage segmenLalion/object
e"traclion problem IS vIewed as an optimization
problem and IS solved by Hop(1eld type neural
network; but in lhe present algorithm the object
extrac(lo problem is treated as a sel f-organi li ng
task and is ~ul\'~d by employing Kohonen type neural
wltrk atdllteclurc.
An L \evc M x N dimensIonal Image X(M x
tv) C.ln e reDITsented hy a neural network Y(M x
N) hn'lng At x N neurons arranged In M rows and
N columns (r:ig 6). Let (he neuron in the ith row
and ilh column be represented by y(i,)) and let it

take I1lput from the global/local information of lhe
r xel X(I,j) having gray level intenSIty x.

(I, )t1

II HIS already been menlloned that in fealurc
mappIng algorithm, the maximum length of lhe input
and wcight vectors is fixed. Let the maximum length
for each component of lhe input vector be unity. To
keep the value of each component of the input ~ I,
let us apply a mapping,

.r

il.. , I",J

~ lO,1J.

'rr"

Hcre ,~." and
are the highesl and the lowes!
gray levels avaIlable jn the image. The components
of the weight vectors are choscn as random num
bers in [0, I).
The input to a neuron y(ij) is considered to bc
an N-dimensional veclor,

TIle weIght (to a neuron) is also a vector

Then compule the dOL product as,
11

d(i,j), = W(i.)), . U(i,j), -

I: Wk(I,j) u,(i.j) (39)
k=1

where the subscripl
instanl.

I IS

used

10

denote the time

Only those neurons for which d(i,j), > 7 (7 i~
assumed to be a threshnlLJ) are allowed 10 modify
their welghls along wl1h I eir neighbors ("'/I~hln a
specified radius). Conslderalion of a set ( neigh
bors enables one to grow the region by includin o
those elemenls which might ha e been dr\lpped uul
because of tht: randomncss of weights. The wel~'111
updating procedure is same as in I:CJuation ( 18). Tile.:
value of ex Ceqn (18)) decrcasc~ wllh time. In [hc
Dresenl case, It IS chosen 10 bc IIlvcrsely relilted to
the Ilcralion number.
The oulpul (just to check convergence) 01 he
network is calculated as.
(-w)

With
d(i, il, > T.

The procedure for updating of the weigh IS
continued unlil,
10"1 - 0, I < 6

IS

(41 )

where 6 is a pre-assigned very small positive quan
tily. Al this slage the network IS said to have con
verged (settled). After the network has converged.
the pixels x(i,))s (along with their neighbors) with

ASHISH GHOSH el

the constraint dU,}) > T, may be considered to
constitute a region, say, object.
In the above section, a threshold T in WU
plane was assumed to decide whether to update (or
not to do so) the weights of a neuron; ie, the thresh
old T divides the neuron set into two groups (thereby
the image space into two regions, say object and
background). The weights of one group is updated
only. For a particular threshold the updation proce
dure continues until it converges. The threshold is
then varied. The statistical criterion least square error
or correlation maximization can be used for select
ing the optimal threshold.
The extracted object from the image in Fig 9a
by Algorithm 2 is given in Fig 9b for visual inspec
tion.
Robustness with respect to component failure
is one of the most important characteristics of ANN
based information processing systems. Robustness
analysis of the previously mentioned algorithms is
available in [47J. This was performed by damaging
some of the nodes/links and studying the perform
ance of the system (ie, the quality of the extracted
objects). The damaging process is viewed as a pure
death process and is modeled as Poisson process.
Sampling from distribution using random numbers
has been used to choose the instants of damaging
the nodes/links. The nodes/links are damaged ran
domly. The qualities of the extracted object regions
were not seen to be much deteriorated even when
:: 10% of the nodes and links were damaged.

(a)

(b)

Fig 9 (a) Input image (b) Extracted object by algorithm 2
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Classification using multi-layer perceptron
Multi-layer perceptron finds its application
mainly in the field of supervised classifier design. A
few applications can be found in [25,26,48-50J
applied to cloud classification, pattern classification,
speech recognition, pixel classification and histo
gram thresholding of an image. Very recently an
unsupervised classification using multi-layer neural
network is reported by Ghosh et at [38J.
An experiment for the classification of vowel
sounds, using MLP has been described in [26]. The
input patterns have the first three fonnant frequen
cies of the six different vowel classes and the out
puts are the class numbers. The percentage of cor
rect classification was:: 84. In order to improve the
performance (% of correct classification and capa
bility of handling uncertainties in inputs/outputs) Pal
and Mitra [26] have built a fuzzy version of the
MLP by incorporating the concepts from fuzzy sets
[42,51,52J at various stages of the network. Unlike
the conventional system, their model is capable of
handling inputs available in linguistic fonn (eg,
small, medium and high). Learning is based on fuzzy
class membership of the training patterns. The final
classification output is also fuzzy.
At present many researchers have been tryi ~
to fuse the concepts of fuzzy logic (which has shown
enormous promise in handling uncertainties to a
remarkable extent) and ANN technologies (proved
to generate highly non-linear boundaries) in order
to exploit their merits for designing more intelligent
(human-like) systems. The fusion is mainly tried
out in two different ways. The first way is to ineor
porate the concepts of fuzziness into an ANN frame
work and the second one is to use ANNs for a variety
of computational tasks within the framework of pre
existing fuzzy models. Fuzzy sets have shown their
remarkable capabilities in modeling human thinking
process; whereas ANN models emerge with the
promise of emulating the human nervous system
the controller of human thinking process. Fusion of
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UJe..$C: .wu ~hould materialize the creation of human
ike 'ntelligent s siems to a great extent For further
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