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ABSTRACT

The purpose of this study is to analyze the performance
of feed forward neural network for the pattern
classification of hand written English vowels using
conventional back propagation algorithm for multi layer
feed forward neural network and decent gradient learning
for radial basis function network. This analysis has been
done with five different samples of hand written English
vowels. These characters are presented to the neural
network for the training. Adjusting the connection strength
and network parameters perform the training process in
the neural network. By using a simulator program, each
algorithm is compared with five data sets of handwritten
English language vowels. The 5 trials indicate the
significant difference between the two algorithms for the
presented data sets. The results indicate that the
performance of the neural network is much efficient and

convergence for the RBF network.
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1. INTRODUCTION

An artificial neura! network (ANN) is a well-established
technique for creating the artificial intelligence in the
machine. This is an attempt to simulate the human behavior
in the machine for the various pattern recognition tasks
[1]. Neural networks consist of computer programmable
objects called as neurons. These neurons are programmed
to perform a simple mathematical function or to process
a small portion of data. A neuron is interconnected with
other neurons with the connection strength known as
weight, These weights of the neural network are adjustable
in nature to adept the behavior of input pattern
information, Thus, by adjusting the weights of the network,
the behavior of the neural network can be altered and
controlled. This mechanism in neural network system is

known as learning.

Neural networks have been used in a number of
applications such as pattern recognition & classification
[2,3,4,5], remote sensing [6], dynamic modeling and
medicine [7]. The increasing popularity of the neural
networks is partly due to their ability to learn and
generalization. Particularly, feed forward neural network
makes no prior assumption about the statistics of input
data and can construct complex decision boundaries [8].
This property makes neural networks, an attractive tool
to many pattern classification problems such as hand

written curve scripts [3, 9, 10, T1].

This research has been focused on the recognition of
handwritten English vowels in its most basic form ie.

individual character classification. The rationale for this
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study 1s to improve the efficiency of neural network for
handwritten character classification task. In this paper we
propose a more suitable and efficient learning method for
feed forward neural networks when neural networks are

used as a classifier for the hand written English vowels.

There are different types of architectures and designs for
the neural networks, but here we discuss the most common
. ong, i.e. feed forward manner. In a feed forward neural
network the nodes are organized into layers; each
“stacked” on each other. The neural network consists of
an input layer of nodes, one or more hidden layers, and
an output fayer [12]. Each node in the layer has one
corresponding node in the next layer, thus creating the
stacking effect. The input layer’s nodes consists with
output functions those deliver data to the first hidden layers
nodes. The hidden layer(s) is the processing layer, where
all of the actual computation takes place. Each node in a
hidden layer computes a sum based on its input from the
previous layer (either the input layer or another hidden
layer). The sumis then “compacted” by an output function
(sigmoid function), which changes the sum down to more
a limited and manageable range. The output sum from the
hidden layers is passed to the output layer, which exhibits
the final hetwork result. Feed-forward networks may
contain any number of hidden layers, but only one input
and one output layer. A single-hidden layer network can
learn any set of training data that a network with multiple
layers can learn {13]. However, a single hidden layer may

take longer to train,

In neural networks, the choice of learning algorithm,
network topology, weight and bias initialization and input
pattern representation are important factors for the
network performance in order to accomplish the learning.
In particular, the choice of learning algorithm determines

the rate of convergence, computational cost and the
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optimality of the solution. The multi layer feed forward is
one of the most widely used neural network architecture,
The learning process for the feed forward network can
consider as the minimization of the specified error (E)
that depends on all the free parameters of the network,
The most commonly adopted error function is the least
mean square error. In the feed forward neural network
with T processing units in the output layer and for the

/" pattern, the LMS is given by;

P 1
E'==>(d;~¥}) (1.1)
2 j=]
where [ = 1 to L{total number of input-output pattem pairs

of training set }

Here d;- and yj. are the desired and actual outputs
corresponding to the 1™ input pattern. Hence, due to the
non-linear nature of E, the minimization of the error
function is typically carried out by iterative techniques
[14]. Among the various learning algorithms, the back
propagation algorithm [15] is one of the most important
and widely useci algorithms and has been successfully
applied in many fields. It is based on the steepest descent
gradient and has the advantage of being less
computationally expensive. However, the conventional
back propagation learning algorithm suffers from short
coming, such as slow convergence rate and fixed learning
rate. Furthermore it can be stuck to 2 local minimum of

the error.

There are numerous algorithms have been proposed to

improve the back propagation learning algorithm. Since,

_the error surface may have several flat regions; the back

propagation algorithm with fixed learning rate may be
imefticient. In order to overcome with these problems,
vogel et. al. [16] and Jacobs [17] proposed a number of
useful heuristic methods, including the dynamic change

of the learmning rate by a fixed factor and momentum based
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on the observation of the error signals. Yu et. al. proposed
dynamic optimization methods of the learning rate using
derivative information [18]. Several other variations of
back propagation algorithms based on second order
methods have been proposed [19-23]. This method
generally converges to minima more rapidly than the
method based solely on gradient decent method. However,
they require an additional storage and the inversion of the
second-order derivatives of the error function with respect
to the weights. The storage requirement and computational
cost, increases with the square of the number of weights.
Consequently, if a large number of weights are required,
the application of the second order methods may be

expensive.

In this paper, we consider the two neural networks
architectures (NN1 & NN2). The NN1 is trained with the
conventional back propagation learning algorithm with
incorporation of momentum terms & Doug ’s Momentum
descent term [24]. The NN2 network architecture has been
' implemented with the Radial basis function [25] in the
single hidden layer. The performance of these two network
érchitecmres has been analyzed for the handwritten
English vowels. Analysis has been conducted with the
series of tests to determine which of two learning
algorithms, back propagation or decent gradient with RBF,
trained the feed forward neural network faster and more
efficiently. The rate of convergence and the number of
epochs for each pattem are important observation of this
study. The simulated results are determined from the
number of trails with five sets of handwritten characters

of English vowels.

The next section presents the implementation of the neural
network architecture with Radial basis function. The
simulation design and algorithmic steps of the problem

are represented in section 3. The experimental results and
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discussion are presented in section 4, Section 5 contents
the conclusion of this paper and the future research

directions.
2., IMPLEMENTATION OF THE RADIAL BASIS FUNCTION

There are various methods for classification problems {26]
jike the handwritten English characters recognition and
cach of them has pros and cons. Table 1 presents 2
surnmiary of the evaluation of the representative pattern
classification methods based on the training time and
classification time for the conventional back propagation
algorithm and decent gradient with the Radial basis
function (DG-RBF).

Table 1 : A summary of the evaluation based on the
training time & classification time for DG-RBF & BP

Classifiers | Training time | Classification time
DG-RBF | Short Short
BP Long Long

The table.1 shows that the DG-RBF network is having
better than the BP classifiers. Therefore DG-RBF network
could be a reasonable choice for those classification

problems, which do not have any particular requirements.

The architecture and training methods of the RBF network
are well known {27, 28, 29, 30, 31, 32] & well established.
The Radial basis function network (RBFN) is a universal
approximator with a solid foundation in the conventional
approximation theory. The RBFN is 2 popular alternative
to the MLP, since it has a simpler structure and a much
faster training process. The RBFN has its origin in
performing exact interpolation of a set of data points ina
multidimensional space [33, 25]. The RBFN is having,
network architecture similar to the classical regularization
network [28], where the basis functions are the Green’s
functions of the Gram operator associated with the

stabilizer. If the stabilizer exhibits radial symmetry, the
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basis functions are radially symmetric as well and an
RBFN is obtained. From the viewpoint of approximation

theory, the regularization network has three following
desirable properties [34, 35]:
1. It can approximate any multivariate comntinuous

function on a compact domain to an arbitrary

accuracy, given a sufficient number of units,

2. The approximation has the best-approximation

property since the unknown coefficients are linear,

3. The solution is optimal in the sense that it minimizes

a functional that measures how much it oscillates.

An RBEN is a three layer feed forward network that
consists of one input layer, one hidden fayer and one output
layer as shown in figure (1), each input neuron corresponds
to a component of an input vector x. The hidden layer
consists of K neurons and one bias neuron. Each node in
the hidden layer uses an RBF denoted with @(7), as its

non-linear activation function.

M

Y2

Y

Figure 1 : Architecture of the RBFN. The input layer has N nodes; the hidden and the output layer have K

and M neurons, respectively. @, (x)} =1, corresponds to the bias.

The hidden layer performs a non-linear transform of the

input and the output layer this layer is a linear combiner
which maps the nonlinearity into a new space. The biases
of the output layer neurons can be modeled by an
additional neuron in the hidden layer, which has a constant
activation function ¢, (#) = 1. The RBFN can achieve a
global optimal solution to the adjustable weights in the
minimum MSE range by using the linear optimization
method. Thus, for an input pattern x, the output of the j*

node of the output fayer can define as;
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yi(x)= wagﬁf’k ("xi - ﬂk") + Wy, (2.1

for j=(1,2,.....,, M) where ¥;(x)is the output of
the j " processing element of the output layer for the

RBFN, W, is the connection weight from the k" hidden

unit to the j* output unit, £, is the prototype or centre of

the k* hidden unit. The Radial Basis Function @(.) is
typically selected as the Gaussian function that can be

represented as:
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e el

15 f ) for

¢, (x,) =exp(—

k=120, K) 2.2)

and 1 for k = (bias neuron)

Where x is the N- dimensional input vector, £, is the
vector determining the centre of the basis function ¢, and

O, represents the width of the neuron. The weight vector

between the input layer and the k* hidden layer neuron

can consider as the centre £z, for the feed forward RBF

neural network.

Hence, for a set of L pattern pairs {(x;, ¥,)}, (2.1) can

be expressed in the matrix form as

Y=w¢ 2.3)

where W =W ccnennnee w,, ] is a KxM weight matrix,
7 .

Wy = Wy jperensenns wy)'s B=[Pyin $.]isakK

x L matrix, @, =[@)5eeeeeen @, 1" is the output of the

b,

is a M x L matrix and

hidden layer for the 1™ sample, &, =¢(\|x, —-c,
Y =[30 20Vl
Yi =

The important aspect of the RBFN is the distinction
between the rules of the first and second layers weights. H
can be seen [24] that, the basis functions canbe interpreted
in a way, which allows the first layer weights (the
parameters governing the basis function), to be determined
by unsupervised learning. This leads to the two stage
training procedure for RBFN. In the first stage the input
data set {x"} is used to determine the parameters of the
basis functions. The basis functions are then keep fixed

while the second — layer weights are found in the second
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"phase of training. There are various techniques have been

proposed in the literature for optimizing the basis functions
such as unsupervised methods like selection of subsets of
data points [36], orthogonal least square method [37],
clustering algorithm [28], Gaussian mixiure models [38]

and with the supervised learning method.

It has been observed [39] that the use of unsupervised
techniques to determine the basis function parameters is
not in general an optiral procedure so far as the subsequent
supervised training is concerned. The difficulty with the
unsupervised techniques arises due to the setting up of the
basis functions, using density estimation on the input data
and takes no consideration for the target labels associated
with the data. Thus, it is obvious that to set the parameters
of the basis functions for the optimal performance, the
target data should include in the training procedure and it
reflects the supervised training. Hence, the basis function
parameters for regression canbe found by treating the basis
function centers and widths along with the second layer
weights, as adaptive parameters to be determined by
minimization ofan error function. The error function has
considered in equation (1.1) as the least mean square error
(LMS). This error will minimize along the decent gradient
of error surface in the weight space between hidden layer
and the output layer. The same error will minimize with
respect to the Gaussian basis function’s parameter as
defined in equation (2.2). Thus, we obtain the expressions
for the derivatives of the error function with respect to the -
weights and basis function parameters for the set of L

pattern pairs (x! s y" ) as; where [ =1 to L.
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oF'
Aw, =-n

Jk 1 awjk

Ay =—n OB

Ay 7, %,
oF'
and Ao, =-11, “a_
O

1 M
here, £’ =“2*Z(dj- -y
=l
and Y} = Z wad (%' - i)

T
and ¢, (| —ﬂkli)uexp(-j_;z—)
Hence, from the equation (2.4) we have,

oE' aE ay

Aw, = 1), awjk 3y aw _“'771 By’r ¢k”x #k"
oE'  3si(¥)) ' -’
A —L exp(— e
or w_p{ ™ 6sj (yj) ay; exp( 20_: )
, ¢ i P’
—mZ(a' - st (y,)ZeXP( S
k
I “ I ”)
So, that Aw,, = ZZ(d - ¥;)s5 (v yexp(- —m—)
J=1 k=1 Gk
Now, from the equation (2.6) we have
Ay =1, oE' aE’ gyf_
! aﬂki ay! -
OE' (% — 4] )
= 772 a;j-w!cexp( “ 2 :h” ) ( fﬂkr )
' ! ” el “) x ﬂia
or Ap, = thZ(a’ —y)si (Vi w,,.exp(- ) (1
71 k=1 0';, oy

Now, from the equation (2.6) we have
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(2.4)

(2.5)

(2.6)

2.7)

(2.8)

(2.9)
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o oE! oy
Ao, = -1, oo, T ay; 80‘1
oF' (f_ li)l !{_ ;'52
g A
i = 2
or, Ao, = naii(a’j — ) )sh () )ow-exp(— (1|x,-2 ’i"'”) )”l‘ f‘" (2.10)
J=l k=l O-k O'k

So that, we have from equations (2.8), (2.9) & (2.10) the expressions for change in weight vector & basis function
parameters to accomplish the learning in supervised way. The adjustment of the basis function parameters with supervised
learning represents a non-linear optimization problem, which will typically be computationally intensive and may be
prove to finding local minima of the error function. Thus, for reasonable weli-localized RBF, an input will generate a
significant activation in a small region and the opportunity of getting stuck at 2 local minimum is small, Hence, the
training of the network for L pattern pair i.e. (xl , yf) will accomplish in iterative manner with the modification of
weight vector and basis function parameters corresponding to each presented pattern vector. The parameters of the

network at the m™  step of iteration can express as;

ME (bt~ )
W (m) = wy, On =47, > (d) = ¥})85(¥))expl-=— ) 2.11)
=1 k=l 3
M K i !
o) = =D+ 1,2 D =) AR (x,f).@f—;#ﬁ) (2.12)
j=1 k= k
ME H I ”xf _:L[ii 12
o (m)=0, (m-1) +773Zﬂz:,(dj; - yj)Sj(J’f.')-wjk XN ()”:)T (2.13)
J=l k= 3

where 7,,77, &7, are the coefficient of learning rate.

The discussed gradient decent approach for implementation of RBFNNs system is incremental learning algorithm in
which the parameters update for each example (x’ , yI ) . The RBFNNs trained by the gradient-decent method is capable
of providing the equivalent or better performance compared to that of the multi layer feed forward neural network
trained with the back propagation. The gradient decent method is stow in convergence since it carmot efficiently use the
locally tuned representation of the hidden layer units. When the hidden unit receptive fields, controlled by the width
&, are narrow for a given input only a few of the total mumber of hidden units will be activated and hence only these
units need to be updated. Thus, there is no guarantee that the RBFNN remains localized after the supervised learning
[28]. As a result the computational advantage of locality is not utilized. Indeed, in numerical simulations it is found that
the subset of the basis functions may evolve to have very broad responses. It has been realized that some of the main
advantages of the radial basis function network, is fast two-stage training and interpretability of the hidden unit

representation.
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Herce, among the neural network models, RBF network
seenis to be quit effective for pattern recognition task such
as handwritten character recognition, Since it is extremely
flexible to accommodate various and minute variations
in data. Now, in the following subsection we are presenting
the simulation designed and implementation details of
redial hasis function worked as a classifier for the
handwritten English vowels recognition problem and
compare the results with the back propagation algorithm
for the MLP network.

3. SimuLATION DESIGN AND IMPLEMENTATION DETAILS

The experiments described in this segment were designed
to evaluate the performance of feed forward neural
neiwork when evolved with the back propagation
algorithm for MLP & RBF network with decent gradient
method.

3.1 Experiments

The parameters used for both experiments are described

in Table 2 and 3.

Table 2: Parameters Used for Back propagation Algorithm.

Parameter Value
Back propagation learning Rate (:7) 0.1
Moementum Term {e) 0.9
Doug’s Momentum Term (—Lm) (—}_J
—(2) —(@)
Adaption Rate (k) 3.0
Minimum Error Exist in the Network (MAXE) 0.00001
Initial weights and biased tenn values Randomly Generated Values Between 0 and 1

36




Performance analysis of pattern classification for the Handwritten English vowels with
Back propagation & DG-RBF Feed forward Neural Networks

Table 3: Parameters Used for Decent Gradient -RBF Algorithm.

Parameter Value
Back propagation learning Rate (7;) 0.1
Momentum Term () 0.9

o)

1
Doug’s Momentum Term ( ]

1-(a)

Adaption Rate (k) 3.0

Spread parameter © 1.0

Mean of inputs( c) Between maximum & minimum values

Minimum FError Exist in the Network

' 0.00001

(Maxz)

Initial weights and biased term values Randomly Generated Values Between 0 & 1
The task associated to the neural networks in both b '
experiments was to accomplish the training of the ! q A
handwritten English language vowels in order to generate ¢ ja
the appropriate classification. For this, first we obtained T‘"‘“‘"‘ S o —
the scanned image of five different types of samples of :_,_,. " L‘*
handwritten English language vowels as shown in figure i %' %"‘"‘

- E
(2). After collecting these samples, we partitioned an ““‘E"‘ v
English vowel image in to four equal parts and calculated } I
the density of the pixels, which belong to the central of e .
gravities of these partitioned images of an English vowel. T

Like this, we will get 4 densities from an image of ({:’?} G
handwritten English language vowel, which we use to |

provide the input to the feed forward neural network. We

use this procedure of generating input for a feed forward
neural network with each sample of English vowel scanned
images. Figﬁre 2: Scanned images of five different samples

of handwritten English language vowels.
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3.2, RBF Implementation in the Neural Network Architecture

The first neural network (NN1) structural design was based on feed forward multilayer generalized peiceptron. Four
input units have been used, with two numbers of hidden layers of six numbers of neurons and five numbers of neurons
in output layer. The second neural network (NN2) structural design was also based on a completely connected feed
forward multilayer generalized perceptron. But four input units have been used, with single hidden layer of six neurons
and five neurons in output layer. The NN1 network is employing the sigmoid function for generating the output signal
from the processing elements of all the hidden layers and output layer. The NN2 is using the same sigmoid function for
the processing elements of output layer, but the Gaussian form of radial basis function is used for the hidden layer
elements. The hidden layers were employed to investigate the effects with back propagation and decent gradient-RBF
would have on the hyper plane. The MLP network has a single output layer with the following activation and output |

functions for the pattern vector (x,,y,)

K
¥i= ) wusi(qh) G.1)
k=0
1 ! ! &
and, S;(¥;) = fLy;1= 112 wysi(gh)] (3.2)
k=0

for j=(L2,.....,,M) and [ = (1,2,...., L) ,where function f[y/] can define as,

1
Iy _
s:(v;) —‘**—l_l_ 7 (3.3)

Now, similarly, the output and activation value for the neurons of hidden layers and input layer can be written as,

N

I —
q; = Z Wi Xy

i=0

N
and, Si(9:)=F10:1= ST wex] | for h=(1.2,......K) (.4)
i=0
si(gy) = (—*1—,) (3.5)
1+ 5 '

In the Back propagation learning algorithm the change in weights are being done according to the calculated error in the

network, after each, iteration of training. The change in weights and error in the network can be calculated as,

X oE! 1
Aw, (t+1)=- Aw, .\
wy (e +1) 77;8% ta W:g()+—(——)1_ Ty (.6)
2 oE' 1
Aw, [t +1)=— Aw, B e —
er( + ) ﬂéa - +a er(t)""l_(aéw&(t)) 3.7
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E'=

It

I i, 2
I(a’ -s'(y )) (3.8)

o |
—

2
Where (d I s/ )) is the squared difference between the actual output value and the target output value of output

layer for pattern/ . Here, we have used the doug’s momenturn term [24] with momentum descent term for calculating the
change in weights in eqn. (3.6) & (3.7). Doug’s momentum descent is similar to standard momentum descent with the
exception that the pre-momentum weight step vector is bounded so that its length cannot exceed 1 (one). After the
momentum is added, the length of the resulting weight change vector can grow as high as 1 /(1 - momentum). This
change allows stable behavior with much higher initial learning rates, resulting in less need to adjust the leamning rate as

training progresses.

Now, in the decent gradient learning for the RBF network the change in weights and basis function parameters can be

computed as;

e b R N
Aw, (t+1)= m;;(d - ¥y exp(- o, )+ ahw, () + (e, @) (3.9)

_ LIy A “ i #’““ Jula e
Ap(1+1)= szz(df yf)'sf (yf)'wf"'eXp( 20, ) ( )t ab O+ 1- (o, Ap (1))

(3.10) and

_ E oy gt “ i ”f“" x #:a v

Ao—k(t'{'l)_?h;;(dj _yj)'sj(yj)'wjk‘exp( 20’k ) ( C";, )+O! Aok(t)+1 (a3Acrk(t))
(3.11)

Here, again we are using the Doug’s Momentum Term with momentum decent term for calculating the change in

weights and basis function parameters.

The redial basis function network has the single output and hidden layer with the following output functions for the

pattern vector (x', y').
> Wi (el - i) (3.12)
and S5 = S1¥1= 11 Z Wt (5 = 2] (3.13)

for j=(1,2,...M)&i=(12,.,N)
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(3.14)

)

2
k

decent gradient with RBF network.

il

!
2¢

exp(~ ”xi

D

Az

i

1

1+e™
b, (! - g

)

!
i

Table 4: Results for Classification of Handwritten English Vowels using Back propagation for MLP and

fication Epochs for two learning

algorithms.
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4.1 Results for First Trial of Simulation

Where function [ [yf,] can define as;

f
b J (y
and
4, RESULTS

Figure 2: The Comparison Chart for Handwritten English Vowels Classi
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4.2 Results for Second Trial of Simulation

Table 5 : Results for Classification of Handwritten English Vowels using Back propagation for MLP and

decent gradient with RBF network.
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g apdwesg

535

748

59
5208

32

¥ apdwieg

03

628
1533

36
628

¢ ajdmeg

0.2

322
72

92
41270

7 opdweg

0.4

0.2

5339

02
0.3

I apdueg

625

741
589

78

Back propagation Epochs

g apdweg

0.4

0.4
0.4

0.4
0.4

p odueg

0.4

04
0.4

0.4
0.4

¢ ajdureg

0.4

04

0.4
04
0.4

7 spdureg

0.4

0.4

6.4
6.4
04

1 aydmeg

141

0.4

0.4
0.4

0.4

—=— Backpropagation epochs

—— DG-RBF epochs

sapRIVYD)

ON'S

Figure 3: The Comparison Chart for Handwritten English Vowels Classification Epochs for two learning

algorithms
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4.3 Results for Third Trial of Simulation

The Results for Classification of Handwritten English Vowels using Back propagation for MLP and

.
.

Table 6

decent gradient with RBF network.
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4.4 Results for Fourth Trial of Simulation

Table 7: The Resuits for Classification of Handwritten English Vowels using Back propagation for MLP and

decent gradient with RBF network.
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4.1 Results for Fifth Trial of Simulation

Table 8 : The Results for Classification of Handwritten English Vowels using Back propagation for

MLP and decent gradient with RBF network
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5. DiscussioN

The results presented in previous section are
demonstrating the large significant difference exist
between the performances of BPNN and DG-RBFN for
handwritten English language vowels classification

problem.

Tables 4, 5, 6, 7 & 8 are representing the results for
handwritten English language vowels classification
problem performed (5 times) with both algorithms up to
the maximum limit of 50000 iterations. All the five results
contain five different types of handwritten samples for

each English vowel character. The training has been

performed in such a way that repetition of same input

sample for a character can not be happen simultanecusly,
i.e. if we have trained our network with a input sample of
a character then next training can not be happen with the
other input sample of the same character. This input sample
will appear for training after other samples of other

characters training.

Figures 2, 3, 4, 5& 6 are representing the comparison
charts, designed on the basis of values available in the
tables 4, 5, 6, 7& 8. These graphs are representing the

graphical justification of the results shown in the tables.

It can observe from the results of tables and graphs that
BPNN has converged conversing approximately for the
20 percent cases but the RBEN has converged for 75

percent cases.

The tables are showing some real numbers. These entries
represents the error exit in the network after executing
the simulation program up to 5000¢ jterations i.e. up to
50000 iterations the algorithm could not converge for a
sample of a hand written English language vowels into

the feed forward neural network.

The simuiation program, which we have been developed

in MATLAR 6.5, for testing these two networks for
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handwritten English language vowels classification
problem, generates initial weights randomly through its
random generator. So the epochs for the algorithms will
be different every time with the same network structure

and the same training data set.
6. Concrustons & Future WoRk

The results described in this paper indicate that, for the
handwritten English language vowels classification
problem, feed forward neural network trained with back
propagation algorithm does not perform better in
comparison to feed forward neural network trained with
decent gradient with RBF. We found that, in each and every
case, the DG-RBF network gives better results for the
classification of English vowels, in comparison to the back
propagation for the MLP network. It has been also
observed that the RBF network has also stuck in local
minima of error for some of the cases. The reason for this
observation is quite obvious, because there is no guarantee
that RBFNN remains localized after the supervised
learning and the adjustment of the basis function
parameters with the supervised learning represents a non-
linear optimization, which may lead to the local minimum
of the error fanction. But the considered RBF neural
network is well localized and it provides that an input is
generating a significant activation in a small region. So
that, the opportunity is getting stuck at local minima is
small. Thus the number of cases for DG-RBFNN to trap

in local minimum is very low.

The direct application of DG-RBF to the handwritten
character classification has been explored in this research.
The aim is to introduce as alternative approach to solve
the handwritten character classification problem. The
results from the experiments conducted are quite
encouraging and reflect the importance of radial basis
function for the optimal classification to the given

problem. Nevertheless, more work need to be done
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especially on the tests for large complex handwritten
characters. Some future works should also be explored.
For instances, current work is showing the performance
of DG-RBF over back propagation for MLP network in
classification process up to handwriiten English language
vowels but we can proceed further to use this idea for
more complex handwritten character problems in which
the character are not of the same size and may be not
having the same rotation angle, The conjugate decent for
the weights between hidden fayer and output layer and
for the parameters of basis function can also be calculated
to increase the performance of the network for

convergence as the extension work.
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