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Abstract-This paper describes a self-organizing artificial neu- 
ral network, based on Kohonen’s model of self-organization, which 
is capable of handling fuzzy input and of providing fuzzy classi- 
fication. Unlike conventional neural net models, this algorithm 
incorporates fuzzy set-theoretic concepts at various stages. The 
input vector consists of membership values for linguistic prop- 
erties along with some contextual class membership information 
which is used during self-organization to permit efficient mod- 
eling of fuzzy (ambiguous) patterns. A new definition of gain 
factor for weight updating is proposed. An index of disorder 
involving mean square distance between the input and weight 
vectors is used to determine a measure of the ordering of the 
output space. This controls the number of sweeps required in 
the process. Incorporation of the concept of fuzzy partitioning 
allows natural self-organization of the input data, especially 
when they have ill-defined boundaries. The output of unknown 
test patterns is generated in terms of class membership values. 
Incorporation of fuzziness in input and output is seen to provide 
better performance as compared to the original Kohonen model 
and the hard version. The effectiveness of this algorithm is 
demonstrated on the speech recognition problem for various 
network array sizes, training sets and gain factors. 

I. INTRODUCTION 

RTIFICIAL NEURAL nets [ 11-[5] are highly parallel in- A terconnections of simple processing elements or neurons 
that function as a collective system with neurons interacting 
via feedback connections. There exist various problems in 
pattem recognition and image processing that humans seem 
more efficient in solving as compared to computers. Neural 
nets may be seen perhaps as an attempt to emulate such hu- 
man performance. These networks can be broadly categorized 
as those that learn adaptively by updating their connection 
weights during training and those whose parameters are time- 
invariant. We consider a network of the first kind here. 

Self-organization [4] refers to the ability of a neural net 
to elucidate or reproduce some fundamental organizational 
property of the input data without benefit of supervised training 
procedures. In Kohonen’s model, the network automatically 
performs a mapping transformation from an input space to 
generally a lower-dimensional output space such that the latter 
acquires the same topological ordering as the former. 

The benefit of neural nets [1]-[6] lies in the high com- 
putation rate provided by their inherent massive parallelism. 
This allows real-time processing of huge data sets with proper 
hardware backing. All information is stored in distributed 
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form among the various connection weights. The redundancy 
of interconnections produces a high degree of robustness 
resulting in a graceful degradation of performance in the case 
of damage to a few nodes or links. 

It should be mentioned that human reasoning is somewhat 
fuzzy in nature. The utility of fuzzy sets [7]-[9] lies in their 
ability, to a reasonable extent, to model the uncertain or 
ambiguous data so often encountered in real life. Hence, to 
enable the system to deal with the ambiguous (ill-defined) 
data in an effective manner, one may incorporate the concept 
of fuzzy sets into the neural network. 

The present work discusses a self organizing neural network 
model that performs fuzzy classification. It is an attempt 
to extend Kohonen’s model [4] by incorporating fuzzy set- 
theoretic concepts [7]-[lo] at various stages. In the process, a 
separate testing phase is added to evaluate the performance 
of the proposed classifier in recognizing a separate set of 
test patterns. We consider a single layer two-dimensional 
rectangular array of neurons with short range lateral feedback 
interconnections between neighboring units. 

The network under consideration passes through two stages, 
viz., self-organization and testing. In the first stage a set of 
training data is used by the network to initially self organize 
the connection weights and finally calibrate the output space. 
During this stage the weight vector most similar to the input 
pattern vector is rotated toward the latter. The neighboring 
weight vectors are also rotated, but by a lower amount. After 
a number of sweeps through the training set the output space 
becomes appropriately organized. An index of disorder is com- 
puted to provide an evaluation of this ordering. The network 
is now supposed to encode the input space information among 
its connection weights. By calibration we refer to the labeling 
of the neurons, after self-organization, relative to the training 
pattern classes. This procedure also provides some qualitative 
assessment of the topological ordering of the output space as 
compared to the input data space. 

During training, the input vector also includes some con- 
textual information regarding the finite output membership 
of the pattem to one or more classes. Compared to the 
conventional two-state system, which assigns membership to 
one class only and uses no class information in the input, 
the proposed technique produces a more efficient modeling in 
cases where the feature space has overlapping or ill-defined 
clusters. However, during self organization, this part of the 
input vector is assigned a lower weight to allow the linguistic 
and/or quantitative input properties to dominate. 
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During calibration, only the class membership information 
in the input vector is used (in crisp form) while the input 
feature information is kept clamped at zero. In the conventional 
Kohonen’ s model, after self-organization, the training pattern 
vectors are used to label the neurons to which they are 
mapped. This gives the ordering of the pattern classes in 
the output space. In the proposed model, the labeling of the 
output neurons is determined solely by the contextual class 
information associated with the training pattern vectors. This 
is termed calibration of the neurons. Each neuron is labeled by 
the pattern class for which it generates the highest response. 
This corresponds to a hard partitioning of the neurons. Afuur  
partitioning of the output space is also generated to produce 
an appropriate topological ordering with fuzzy data. 

In the second stage a separate set of test patterns is supplied 
to the network and the resulting neuronal outputs verified 
against the calibrated output map. This is an extension to 
the conventional Kohonen’s model which basically performs 
a clustering operation. The proposed model, on the other 
hand, is designed to be a classifier. The calibrated neurons, 
self-organized by the training set, are used to evaluate the 
recognition capability (using best match) of the said trained 
neural net on the test set. Now the input vector contains only 
the feature information. A confusion matrix is generated to 
evaluate the classification performahce (based on best match) 
of the network on the test set. The output is generated in terms 
of fuzzy class membership values. 

The proposed fuzzy neural network model is capable of 
handling input features presented in quantitative and/or lin- 
guistic form. The components of the input vector may consist, 
for instance, of the membership values to the overlapping 
partitions of linguistic properties low, medium, and high cor- 
responding to each input feature. This creates the possibility 
of incoprating linguistic information into the model, if 
necessary, and enhances its robustness in handling imprecise 
or uncertain input specifications. 

The effectiveness of the proposed model is demonstrated 
on the speech recognition problem where the classes have 
ill-defined, fuzzy boundaries. Comparison is made with the 
standard Bayes’ classifier and the conventional Kohonen’s net, 
and the performance of the proposed model is found to be 
quite satisfactory. 

Given the burgeoning interest in fuzzy self-organizing maps 
[11]-[13], it is worth highlighting the major contribution of 
the proposed work. Basically, the Kohonen clustering network 
is used here as a symbol map. There are phenomena which 
are inherently fuzzy but which are associated with physical 
manifestations that can be characterized quite precisely by 
physical measurements. Clustering or classifying solely on the 
basis of these physical measurements is not useful, however, 
because meaningful clusters can be constructed only with the 
assistance of additional factors which cannot be elucidated 
directly from these physical measurements. Human language, 
probably at all levels but especially in the area of phonology, 
is perhaps the best example of such a phenomenon. Thus, 
while a listener recognizes a phoneme from physical cues 
alone, exactly which phoneme class a particular conflation 
of physical features is assigned to by a listener depends 

on factors which are not inherent in these physical features 
(e.g., the formant values used here), but which depend on 
physically extraneous factors such as (in particular but not 
limited to) the language the listener assumes is being spoken. 
There are also, for many reasons, variations among speakers 
such as are evident in the data used in this paper. Thus, 
assignment of speech sounds to phonemes yields clusters 
which are fuzzy at the very least in the sense that different 
listeners may disagree on what they believe themselves to 
be hearing and that different speakers may produce different 
physical manifestations of the same phoneme. The essential 
properties of phoneme clusters, therefore, must be elucidated 
by appeal to essentially psycholinguistic experimentation of 
one kind or another. Now, how can one build a self-organizing 
network which can perform this same classification? Simply 
by doing exactly what we have done, which is to replace the 
arbitrary encoding of the abstract portion of the data vectors 
with fuzzy class memberships. Note that this violates Ritter 
and Kohonen’s “no information about similarities between 
the items” condition ([14], p. 247), but it does not matter, 
because a kind of orthogonality is maintained by the fact that 
z, (attribute part) and z8 (symbol part) of the data vectors here 
are characterized by different “levels” of description (phonetic 
and phonemic). The value of this approach is manifested in 
calibration (clustering, labeling) and in classification, since 
the organized network yields a good fuzzy clustering of the 
neurons after calibration and functions as an effective fuzzy 
classifier. Thus, where there is reason to believe that the 
elements of z, and z, relate to each other not so much as 
purely arbitrary and purely physical (or at least less arbitrary, 
in some sense) but rather as two levels of abstraction, and 
where there is reason to believe that at least one of the 
levels (the “higher” one) is fuzzy, the fuzzification of the z, 
is justifiable and yields excellent results. Attempts at crisp 
calibration and/or the use of purely arbitrary class labels (as 
in the pure Ritter and Kohonen approach, where the labels 
(the semantic concepts) are not connected to each other except 
through the data vectors they label) in such cases will prove 
to be hit less.  Note that this does indeed amount to a kind 
of partial supervision as we have suggested, but it is an 
extremely interesting kind of partial supervision in that it 
arises from reasonable assumptions about the nature of human 
language itself (i.e., its multi-level properties) and not directly 
from expert intervention (Le., the learning is guided not by 
intelligence but by intuition)! 

11. KOHONEN’S NEURAL NETWORK MODEL 

The essential constituents of Kohonen’s neural network 
model are as follows [3], [41, [151-[171: 

an array of neurons receiving coherent inputs and com- 
puting a simple output function, 
a mechanism for comparing the neuronal outputs to select 
the neuron producing maximum output, 
a local interaction between the selected neuron and its 
neighbors, 
an adaptive mechanism that updates the interconnection 
weights. 
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Fig. 1. Kohonen's neural network model [l]. M inputs connected to an 
N x N array of neurons via variable connection weights. The fixed connection 
weight between neurons z and IC is wki. 

Consider the self-organizing network given in Fig. 1. Let M 
input signals be simultaneously incident on each of an N x N 
array of neurons. The output of the ith neuron is defined as 

%(t)  = u b i ( t ) l T Z ( t )  + W k i  V k ( t  - At) (1) [ k € S ,  1 
where z is the M-dimensional input vector incident on the 
neuron along the connection weight vector mi, k belongs 
to the subset Si of neurons having interconnections with the 
ith neuron, W k i  denotes the fixed feedback coupling between 
the kth and ith neurons, a[.] is a suitable sigmoidal output 
function, t denotes a discrete time index and T stands for the 
transpose. 

If the best match between vectors mi and z occurs at neuron 
c, then we have 

llz - mcll = min JIz - mil(, i = 0,1,. . . , N~ (2) 
a 

where 1 1 . 1 1  indicates the Euclidean norm. 
The weight updating rule is given by [4,15] as 

mi(t) + a(t)(z(t)  - mi(t))  for i E N ,  
otherwise 

(3) 

where a( t )  is a positive constant that decays with time and N,  
defines a topological neighborhood around the maximally re- 
sponding neuron c, such that it also decreases with time. (Note 
that a(t)  is a particular case of the more general Gaussian term 
h(x, t )  [16]). Different parts of the network become selectively 
sensitized to different inputs in an ordered fashion so as to 
form a continuous map of the signal space. After a number 
of sweeps through the training data, with weight updating at 
each iteration obeying (3), the asymptotic values of mi cause 
the output space to attain proper topological ordering. This 

is basically a variation of unsupervised learning. The self- 
organization using training pattems enables the ordering of the 
output neurons. These may then be calibrated with the class 
information by applying labeled training patterns at the input. 

Kohonen's net has already been applied to a phoneme 
recognition problem [ 151 and in image compression [ 181. 

111. PATTERN REPRESENTATION IN LINGUISTIC FORM 

In conventional statistical or syntactic classifiers, the input 
patterns are quantitative (exact) in nature. The pattems pos- 
sessing imprecise or incomplete input features (say, due to 
instrumental error or noise corruption) are generally ignored 
or discarded while designing these classifiers. Besides, the cost 
of extracting the exact value of a feature may sometimes be too 
high. In such cases it may become convenient to use linguistic 
variables and hedges [19] like low, medium, high, very, more 
or less, etc., to describe input feature information. 

The proposed fuzzy neural network model is capable of han- 
dling both exact and inexact forms of the input features. Since 
it is easier to convert exact information into linguistic form 
than vice versa, we consider the major linguistic properties 
low, medium, and high as input. Any input feature value can 
be described in terms of some combination of membership 
values for these properties. Hence any imprecise input may 
also be assigned a set of membership values according to this 
concept. 

Fuzzy Sets 

In traditional two-state classifiers [20], [21] an element x 
either belongs or does not belong to a given class A; thus, the 
characteristic function is expressed as 

1 i f x E A  
0 otherwise. P A ( x )  = { 

In real-life problems, however, the classes are often ill-defined, 
overlapping, or fuzzy, and a pattern point may belong to 
more than one class; in such situations, fuzzy set-theoretic 
techniques [7]-[ 101 can be very useful. In a fuzzy context, the 
pattem point x, belonging to the universe X ,  may be assigned 
a characteristic function value or grade of membership value 
p ~ ( x )  (0 5 p ~ ( x )  5 1) which represents its degree of 
membership in the fuzzy set A. This may be represented as 

A = {(PA(x),x)), z E x (4) 

r Membership Function 

defined as [22] 
The r-function, lying in the range [0,1], with x E IR" is 

otherwise 
where A > 0 is the radius of the r-function with c as the 
central point at which r ( c ;  c, A) = 1. This is shown in Fig. 2 
for z E I R ~ .  

A fuzzy set with membership function r(z; c, A) therefore 
represents a set of points clustered around c. In the proposed 
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Fig. 2. a-function when z E R2 

Fig. 3. Coexistence structure of the comaptibility functions for the linguistic 
properties low, medium, and high. 

model we use the a-function (in the one-dimensional form) to 
‘assign membership values for the input features. 

Incorporation of the Linguistic Concepl 

three linguistic property sets we have 

1 
f denom XZOW(F,) = ~ ( C m e d i u m ( F , )  - Fjmln) 

C Z ~ ~ ( F , )  = Cmedzum(F,)  - 0.5 *  how(^,) (8) 
1 

Xhzgh(F,)  = ~ fdenom ( F J m a x  - Cmedsum(F3 1) 

chzgh(F , )  = Cmedzum(F,)  -k 0.5 * Xhzgh(F,)  (9) 

where 0.5 5 fdenom 5 1.0 is a parameter controlling the 
extent of overlapping. 

Unlike in [19], this combination of choices for the A’s and 
c’s ensures that each quantitative input feature value x(1 along 
the j th axis for pattern X ,  is assigned membership value 
combinations in the corresponding 3-dimensional linguistic 
space of (6)  in such a way that at least one of p l o w ( ~ , , ) ( X z ) ,  

enables a more compact and meaningful representation of each 
pattern point in terms of its linguistic properties and ensures 
better handling both during the training and testing phases of 
the proposed neural network model. 

p m e d z u m ( F , , ) ( x z )  or p h z g h ( F % , ) ( X z )  is greater than 0.5. This 

Iv .  INCORPORATION OF CLASS INFORMATION 
IN INPUT VECTOR DURING TRAINING 

The input to the proposed neural network model consists of 
two portions. In addition to the linguistic properties discussed 
in Section 111, there is also some contextual information [14] 
regarding the fuzzy class membership [7] of each pattern used 
as training data during self-organization of the network. 

In the traditional Kohonen’s net model [3], [4], the input 
vector consists of quantitative information only regarding the 
patterns. Generally the training patterns used during self- 
organization are also used later for calibrating the output space. 
This refers to a hard labeling of the output neuron by the 
pattern class corresponding to a training pattern for which 

Each input feature F~ (in quantitative and/or linguistic 

degree of belonging to each of the linguistic properties 
medium, and high. an n-dimensional pattern x i  = 
pil, pi2, . . . , pi,] may be represented as a 3n-dimensional 
[19] vector 

it elicits the maximum response. A qualitative measure of 

from calibration. Note that during self-organization the model 
clusters the training patterns, whereas during calibration it 
labels these clusters with some additional class information. So 
the training phase is completely unsupervised while calibration 
is not. Then, we could add a testing phase to obtain a hard 

can be expressed in terms of membership values indicating a the topological Ordering Of the Output ’pace may be Obtained 

X i  = [ ~ l o w ( ~ , ~ ) ( X i ) ,  P m e d i u m ( F , l )  ( X i ) ,  p h i g h ( F t l )  ( X i ) ,  

. * ‘ > P h i g h ( F , , ) ( X i ) ] .  (6)  

Hence in trying to express an input X i  through its linguistic 
properties we are effectively dividing the dynamic range of 
each feature into three overlapping partitions. The sets low, 
medium, and high for each feature are represented by the 
a-function (5). Fig. 3 shows the coexistence structure of the 
various compatibility functions (a-functions) for a particular 
input feature Fj . 

Choice of Parameters for the a-Functions: Let FjmaX and 
Fjmin denote the upper and lower bounds of the dynamic range 
of feature Fj considering all L pattern points. Then for the 

_ _  
classification of a set of test data by assigning a membership 
value of 1 to only that class corresponding to the partition of 
the neuron (labeled during calibration) eliciting the maximum 
response. 

In many real-life problems, the data are generally ill-defined 
with overlapping or fuzzy class boundanes. Each pattem 
used in training may possess finite membership in more than 
one class. To model such data, it often becomes necessary 
to incorporate some contextual information regarding class 
membership as part of the input vector. However during self- 
organization this part of the input vector is assigned a lower 
weight so that the linguistic properties dominate in determining 
the ordering of the output space. During calibration we use 



MITRA AND PAL: SELF-ORGANIZING NEURAL NETWORK 389 

the contextual class membership information part of the input 
vector (in crisp form as in ( 1  5)) only for determining the hard 
labeling of the output space. A separate fuzzy partitioning 
that allows scope for producing overlapping clusters is also 
introduced. It has been observed that the inclusion of this 
contextual class membership information produces more ef- 
ficient self-organization and is necessary in handling fuzzy 
or imprecise data. This is perhaps because in addition to 
the associated higher input space dimensionality, some sort 
of partial supervision is used here instead of the completely 
unsupervised functioning of the more conventional Kohonen’s 
model. 

While the traditional Kohonen’s model was used for clus- 
tering purposes, the proposed model has been extended to 
function as a fuzzy classifier, Le., as a mechanism for assigning 
input vectors to known output classes. We use partial superv- 
sion in the form of assigning a lower weight to contextual class 
membership information during self-organization. We also use 
a testing phase to evaluate the recognition performance of the 
calibrated neurons on a separate set of test data. 

Class Membership as Contextual Information 

The pattem Xi  is considered to be presented as a concate- 
nation of the linguistic properties in (6) and the contextual 
information regarding class membership. Let the input vector 
be expressed as 

(10) 

where z’ contains the linguistic information in the 3n- 
dimensional space of (6) and 2’’ covers the class membership 
information in an I-dimensional space for an l-class problem 
domain. So the input vector z lies in an (3n, + 1)-dimensional 
space. Both 2’ and 2’’ are expressed as membership values. 
The representation of 2’ has been discussed in  Section 111. 
Here we consider the definition of d‘. 

Weighted distance: Let the n-dimensional vectors 01, and 
Vk denote the mean and standard deviation respectively of 
the training data (used during self-organization) for the kth 
class. The weighted distance of a training pattern X i  = 

[F,1, Fi2, . . . ! Fin]T from the kth class is defined as 

where Fij is the value of the jth component of the ith pattern 
point X i .  The weight 5 is used to take care of the variance 
of the classes so that a feature with higher variance has less 
weight (significance) in characterizing a class. Note that when 
all the feature values of a class are the same, then the standard 
deviation will be zero. In that case, we consider ,uk3 = 1 such 
that the weighting coefficient becomes one. This is obvious 
because any feature occurring with identical magnitudes in all 
members of a training set is certainly an important feature of 
the set and hence its contribution to the membership function 
should not be reduced [7], [23]. 

Membership Function: The membership of the ith pattern 
to class c k  is defined as [7] 

where &k is the weighted distance from (1 1) and the positive 
constants F d  and F, are the denominational and exponential 
fuzzy generators [7], [24] controlling the amount of fuzziness 
in this class-membership set. Obviously Pk(x , )  lies in the 
interval [0,1]. Here (12) is such that the higher the distance of 
a pattern from a class, the lower is its membership value to 
that class. It is to be noted that when the distance is zero, the 
membership value is one (maximum) and when the distance 
is infinite, the membership value is zero (minimum). 

It should be mentioned that as the training data have fuzzy 
class separation, a pattern point X ,  may correspond to one 
or more classes in the input feature space. So a pattern point 
belonging to two classes (say, Ck, and Ck2) corresponds to 
two hard labels in the training data, with X ,  tagged to classes 
Ck, and Ck2 respectively. In other words, there are two or 
more occurrences of point X ,  in the training set such that 
sometimes it is tagged to class Ckl and sometimes to class 
CkL. In this case x, is used in computing o k l ,  ok2, vkl, and 
Vk2 only. Here the I-dimensional vector p ( X , )  has only two 
non-zero components corresponding to &kl and z , k 2 .  However 
in the hard case X ,  corresponds to only one hard label in the 
training data, say c k l ,  such that x, is used in computing o k l  

and Vk, only. Note that p ( X , )  has 1 non-zero components 
in the fuzziest case and only one non-zero component in the 
hard case. 

Fuzzy Modijier: In the fuzziest case, we may use the fuzzy 
modifier INT to enhance contrast in class membership [7]. 
We have 

This is needed to increase the contrast within class membership 
values, i.e., to decrease the ambiguity in making a decision. 

Applying the Membership Concept: For the ith pattem we 
define 

where 0 < s 5 1 is the scaling factor. To ensure that the 
norm of the linguistic part 2’ predominates over that of the 
class membership part IC’’ in (10) during self-organization, we 
choose s < 0.5. 

Note that unlike the model in [ 141, we define the part z” of 
the input vector z in terms of membership functions that attain 
values in the interval [0,1] and provide a measure of belonging 



390 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS. VOL. 24, NO. 3, MARCH 1994 

0 

0 

0 

0 

0 

0 0 0 0 0 0 0  I l l  

to the corresponding fuzzy set. During self-organization we 
allow partial supervision involving s(< 0.5) times the class 
membership information, such that this knowledge may also be 
incorporated into the connection weight values. This enables 
a training pattern with membership, say, 0.9 in class c k ,  to 
be mapped perhaps to a neuron that is not the same as that to 
which another training pattern with membership, say, 0.5 to 
class C k ,  or, say, 0.5 to class c k 2  is mapped. 

0 0 0 0 0 0 0  

0 0 0 0 0  0 0  

0 0 0 0 0 0 0  

0 0 0 0 0 0 0  

0 0 0 0 0 0 0  

- 
b - 

4 

Modijcation of Input During Calibration 

chosen is z = [0, z"], where z" is given by (14) such that 
During calibration of the output space the input vector 

w 

- P 

1 i f q = k  
0 otherwise 

0 0 0 0 0 0 0  

0 0 0 0 0  0 0  

0 0 0 0 0 0 0  

0 0 0 0 0 0 0  

0 0 0 0 0 0 0  

- 
b - 

4 

for IC E { 1, a . ,Z} and s = 1. The N 2  neuron outputs are 
calibrated w.r.t. the 1 classes. Here the class information of the 
training patterns is given full weight while the input feature 
information is suppressed. The primary objective of this stage 
is to label each neuron by the class (partition) for which it 
elicits the maximum response. The resulting hard (labeled) 
partitioning of the output space may be used to qualitatively 
assess the topological ordering of the pattern classes w.r.t. 
the input feature space. Note that while z" contains class 
membership information during self-organization, we use bi- 
nary z" at the input during calibration. We also introduce a 
fuzzy partitioning of the output space by labeling the output 
neurons with the fuzzy membership values of their output 
responses. This helps generate overlapping partitions of the 
output space which are thereby closer to the input feature space 
representation in case of fuzzy data. This concept is explained 
in detail in Section V-C. 

Let us consider the following situation. A pattern having 
class memberships of, say, 0.52 to class c k l  and 0.48 to 
class c k ,  may be mapped to a neuron i (eliciting maximum 
response) that is calibrated as belonging to the hard partition 
of class C k , .  However we should note that the lower yet 
significant membership of this pattern to class c k ,  ought not 
be ignored. Herein lies the utility of thefuzzy partitioning. By 
this, the particular neuron i may be calibrated as belonging to 
both the classes C k ,  and C k , ,  albeit with different membership 
values. 

It should be noted that the traditional Kohonen's net model 
uses unsupervised learning during self-organization. During 
calibration, the training patterns or some reference vectors 
(in case of known samples) are used for the hard labeling of 
the neurons. This provides some insight into the topological 
ordering of the output space thus partitioned. In the semantic 
maps [14], on the other hand, the class information is used 
in this stage to generate the hard labeling of the partitions 
during calibration. We introduce a separate testing phase where 
a different set of fuzzy test patterns (kept aside from the 
original data set while randomly selecting the training set 
for self-organization) are classified using the input feature 
information of the test vector along with the above-mentioned 
fuzzy partitioning information. This procedure is explained in 
detail in Section V-D. 

w 

- P 

C 1 0 

0 0 0 0 0 0  0 0  
4 

I 0 0  0 0 0 0  010 

0 0 0 0 0 0 0 0  

Fig. 4. Topological r-neighborhoods [l] Np as feature maps are formed. 
The neighborhood starts large and slowly decreases in size over time from 
T = 3tOT = 1. 

v .  FUZZY EXTENSION TO KOHONEN'S ALGORITHM 

Consider an (3n + Z)-dimensional input space with the input 
vector z = [z',z"]~ of (10) being incident simultaneously on 
the N x N array of neurons. 

Concept of r-Neighborhood: Each neuron v(ii, j j )  has a 
topological r-neighborhood N,(ii,jj), as depicted in Fig. 4, 
where ii, j j  denote the row and column numbers respectively 
of the neuron. We have 

NT(ii,jj) = { ~ ( ~ , w ) ~ m ~ { ~ u - z i ~ , ~ w - j j ~ }  = r }  

15 u,w 5 N (16) 

where r = 0,1, . . . ,3. Note that the indices ii and j j  will be 
omitted in future reference to avoid clutter. 

Output of a Neuron: The output of the ith neuron is com- 
puted using (l), with the subset Si of neurons being defined 
as its r-neighborhood N,. We choose 

0 i f q < O  
q otherwise. 

This transformation ensures that o(q) 2 0. We also use 
b for r = 1 

{ 0 otherwise. 
w k j  = - %  f o r r  = 2 (18) 

Here b is the mutual interaction weight for the lateral coupling 
W k i .  

Weight Updating 

Initially the components of the mi's are set to small random 
values lying in the range [0,0.5]. Let the best match between 
vectors m; and z, selected using (2), occur at neuron c. Using 
(3), the weight updating expression may be stated as 

mi(t) + hci * ( ~ ( t )  - mi(t)) 
f o r i  ~ N , , r = 0 , 1 , . . . , 3  

mi (t) otherwise 
(19) 

where N,. defines a r-neighborhood by (16) around neuron 
c such that r decreases with time. Here the gain factor h,i 

{ m;(t + 1) = 
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is considered to be bell-shaped like the 7r-function, such that 
Ihc;l is the largest when i = c and gradually decreases to zero 
with increasing distance from c. Besides, lhcil also decays 
with time. 

Gain Factor: We define 

where nt is the number of sweeps already made through the 
entire set of training samples at any point of time, cdenom 
is a positive constant (scaling factor) suitably chosen and 
0 < f < 1. The decay of lhcil with time is controlled by 
nt. The slowly decreasing radius of the bell-shaped function 
h,i and the corresponding change in I h,; I are controlled by the 
parameters T and f. Due to the process of self-organization, 
the randomly chosen initial mi’s gradually attain new values 
according to (2), (19) such that the output space acquires 
appropriate topological ordering. 

Index of Disorder 

An index of disorder D may be defined to provide a measure 
of this ordering. Let msd denote the mean square distance 
between the input vector and the weight vectors in the T -  

neighborhood of neuron e. We define (21) [see top of page] 
where Itrainset1 refers to the number of input pattern vectors 
in the training set. This definition ensures that neurons nearer 
c (smaller T )  contribute more to msd than those farther away. 
Also 

{ 1/2,  0 5 T I 1 otherwise. 

Here IN,[ denotes the number of neurons in the T-  

neighborhood of neuron c such that IN11 I 8, IN21 5 16 
and IN31 5 24 depending upon the position of c in the 
two-dimensional array. Note that NO implies neuron c itself. 

1/4, 0 I T 5 3 for ncnt = 1 
f = 1/3, 0 5 T 5 2 for ncnt = 2 (22) 

The expression for the index of disorder is given as 

D = msd(nt - k n )  - msd(nt) (23) 

where msd(nt) denotes the mean square distance by (21) at 
the end of the ntth sweep through the training set and kn is 
a suitable positive integer such that D is calculated relative to 
an interval of kn sweeps. Initially ncnt is set to 1. Then 

(24) 
ncnt+ 1 if D < 6 

ncnt = { ncnt otherwise 
where 0 < S 5 0.001. The process is terminated when 
ncnt > 3, so that in (22) we always have T 2 1. For 
good self-organization, the value of msd and therefore D 
should gradually decrease. It should be noted that the T and 
f parameters of (20) are determined by (22) and thus depend 

on the ncnt parameter; ncnt, in turn, is itself determined by 
(24) and thus depends on D. 

Partitioning During Calibration 

During calibration the input vector z = [ O , z ” ]  of (10) is 
applied to the neural network. Let the (i1)kth neuron generate 
the highest output qfk  for class c k .  We define a membership 
Value for the output of neuron i when calibrated for class c k  

simply as 

p k ( q i ) = a  f o r i = 1 , . . . , N 2 ,  a n d k = l , . - . , l  (25) 
q f  k 

such that 0 I pk(qi) 5 1 and pk(qi) = 1 f o r i  = (il)k. 
Each neuron i may be marked by the output class c k ,  

among all 1 classes, that elicits the maximal response vik.  This 
generates a hard partitioning of the output space and is used 
in the more conventional model [14]. 

Fuzzy Partitioning: On the other hand, each neuron i has 
a finite membership pk(qi) to class c k  by (25). We may 
generate the crisp boundaries for the fuzzy partitioning of the 
output space by considering for each of the I classes the a- 
cut set { i l p k ( q i )  > a’}, 0 < a’ < 1, where a’ is a suitably 
chosen value. This is done solely for the ease of depiction 
of the various partitions in the output space. Note that the 
generation of overlapping fuzzy partitions for the fuzzy input 
data demonstrates the utility of the process. 

An ordered and unbroken map of the output space indicates 
good self-organization and hence grouping of the pattems 
according to similarity. In cases where the data are fuzzy 
and overlapping classes exist, the hard partitioning contains 
apparent disorder andor discontinuity; the incorporation of the 
fuzzy membership concept alleviates this problem. The utility 
of the fuzzy approach may be appreciated by considering a 
point lying in a region of overlapping classes in the feature 
space. In such cases its membership to each of these classes 
may be nearly equal, and to follow the hard approach of 
calibrating relative only to the neuron for which the point 
elicits the maximum response is to ignore a significant property 
of the data. 

Testing Phase 

After self organization, the proposed model encodes all in- 
put data information distributed among its connection weights. 
The class membership of the training pattems is also learned 
due to the partial supervision used in that stage. During 
calibration, the neurons are labeled by the pattern classes and 
the corresponding membership values are assigned. This is the 
desired fuzzy classifier. In the final stage, a separate set of test 
pattems is supplied as input to the neural network model and 
its performance evaluated. 

During this phase input test vectors z = [d, O l T ,  consisting 
of only the linguistic information in the 3n-dimensional space 
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defined by (6), is applied to the network. Let the plth and 
p2th neurons generate the highest and second highest outputs 
r l f ,  and qsp respectively, for test pattern p .  Furthermore, 
let P k l ( ? ) f P , )  and P k 2 ( V S p m )  be the highest and second 
highest output membership values generated during testing, 
with respect to classes c k l  and c k 2  respectively. It is to be 
noted that kl = k 2  for both choices for pattern points not lying 
in regions of overlapping classes and there is no ambiguity of 
decision in such cases. We define 

and k i  = kl ,  k 2  = k2, if P k i ( V p i )  2 & P k 2 ( V p 2 )  * V s p .  
Otherwise, 

1 

V f P  

P k i  (VfPm) = - P k 2 ( V p 2 )  * V s p ,  

P k z  ( V s P m )  = P k l ( V p 1 )  (27) 

such that kl = k2 and k 2  = k l .  Here kl and k2 refer to 
the output classes (hard partitions) c k l  and c k 2  that elicited 
maximal strength responses at the plth and p2th neurons 
respectively during calibration. c k l  and c k ,  are dependent 
both on the actual output responses during testing and the 
membership values evaluated during calibration w.r.t. classes 
c k 1  and c k 2 .  The membership values on the right-hand side 
of (26), (27) are defined as 

from (25), where r ] f k l  and ~ ( ~ 1 ) ~ ~  are obtained during cali- 
bration for class c k l .  Hence pattern p may be classified as 
belonging to class C k ,  with membership P k l  ( V f p m )  lying in 
the interval [OJ], using the first choice and to class c k 2  with 
membership P k 2  (qSpm) using the second choice. It is to be 
noted that classes c k l  and c k 2  are determined from classes 
C k l  and C k 2  by (26), (27). A confusion matrix [7] may be 
generated to evaluate the performance of this fuzzy classifier 
on the set of test patterns. 

It is worth noting that if we consider the calibrated mem- 
bership values instead of the calibrated strength values on 
the r.h.s. of (28) for substitution into (26), (27), then we get 
membership-based recognition instead of the strength-based 
recognition scheme just described. 

Mean Square Distance for Test Set: The mean square dis- 
tance for test patterns is defined as 

where ltestsetl corresponds to the number of pattern vectors 
used during testing, and consists of the first 3 n  compo- 
nents only of the weight vector of the neuron pl generating 
the highest output response qfp  for test pattern p .  This is a 
measure of the amount of mismatch between the two vectors 
while classifying pattern p .  The factor e is used to make 
the value of msdt comparable to that of msd  of (21). 

VI. IMPLEMENTATION AND RESULTS 

The neural network described in the previous sections 
was tested using a set of 871 Indian Telugu vowel sounds 
collected by trained personnel [24]. These were uttered in 
a Consonant-Vowel-Consonant context by three 30-35 year 
old male speakers. The simulation was in C on a VAX-8650 
computer. Figure 5 shows the feature space of six vowel 
classes ( d , a , i , u , e , o )  in the F 1  - F 2  plane (for ease of 
depiction); the actual data set has three features F 1 ,  F 2 ,  and 
F 3  corresponding to the first, second, and third vowel formant 
frequencies obtained through spectrum analysis of the speech 
data. The dimension of the input vector is 15. Note that the 
boundaries of the classes in the given data set are seen to be 
ill-defined, overlapping, and fuzzy. 

The model has been tested for two-dimensional networks 
with varying numbers of neurons. During self-organization, 
different sizes of training sets have been used by randomly 
choosing perc % samples from each representative vowel 
class. The remaining (100 -perc) % samples from the original 
data set were used as the test set in each case. We selected 
f d e n o m  = 0.8 in (8)-(9), Fd = 5 and Fe = 1 in (12), 8 = 0.2 
in (14), b = 0.02 in (18) and S = 0.0001 in (24) after several 
experiments. 

Output Map 
After self-organization and calibration the resulting output 

map is plotted using both hard and fuzzy partitioning. In Figs. 
6 and 7, (a) corresponds to the hard partitioning obtained by 
mapping each neuron to the vowel class to which it is most 
sensitive. The class number k (1 for d, 2 for a, 3 for i, 4 for 
u, 5 for e, 6 for 0) marks the neuron eliciting the maximum 
response V f k  for that class c k  while the neighboring dot 
indicates the neuron generating the second highest response. 
Parts (b)-(d) of the same figures indicate the boundaries 
for the fuzzy partitioning of the output space by (25) for 
the three pairs (chosen to render the displays as clear as 
possible) of the six classes using cy’ = 0.1. It is to be 
noted that the topological ordering of the vowel classes in the 
two-dimensional output space (considering fuzzy partitioning) 
bears much similarity, including the amount of overlapping, 
to the original Fig. 5 in the two-dimensional feature space. 
The use of fuzzy partitioning is found to help in faithfully 
preserving the mapping of fuzzy or overlapping pattern classes. 

Figure 6 shows the output map generated for an 10 x 10 
array of neurons with perc = 15. The hard partitioning 
illustrates one discontinuous mapping for class 3. However the 
incorporation of fuzzy partitioning alleviates this problem and 
we find overlapping between classes 1,2; 1,5; 25 ;  2,6; 3,5; 4,5; 
4,6; and 5,6. This compares favorably with the overlapping 
observed in the feature space of Fig. 5. It is to be noted that, 
unlike in Fig. 5, the classes 3 and 4 are seen to be adjacent in 
(a) here. This is because there exist no pattern points between 
these two classes in the input feature space and in this sense 
they may be termed adjacent. 

Figure 7 shows the output for the conventional Kohonen’s 
net model (using the same parameters as in Fig. 6) with 
s = 0 in (14) but also incorporating the fuzzy partitioning 
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Fig. 5. Vowel diagram in FI - F2 plane. 

concept as extension. The input feature information part 2' 
of (10) is in the fuzzy linguistic form of (6) for ease of 
comparison with the proposed model while demonstrating the 
utility of the inclusion of the contextual class membership 
part 2'' in the input vector. Note the discontinuities among the 
hard partitions for classes 1 and 3 .  We also observe incorrect 
topological ordering of the vowel classes (as compared to Fig. 
5) .  In (a), contrary to the desired situation, the partitions for 
classes 2,5 and 3,6 are adjacent, while classes 2,6 and 4,5 
are separated. Furthermore, the neurons eliciting the highest 
and second highest responses have been observed to lie in 
the wrong calibrated hard partitions for classes 3 and 4. This 
has an adverse effect on the recognition performance over the 

test set by (26)-(28). The use of fuzzy partitioning introduces 
discontinuities for class 6 in (d) while eliminating the problems 
for classes 1 and 3 in (b). However classes 1,3 and 2,4 are 
found to be adjacent in (b) and (c), unlike the case in Fig. 
5.  A comparison of Figs. 6 and 7 should make apparent the 
value of incorporating contextual information into the neural 
network. 

On Test Set 

As a final step, a separate set of test patterns was applied to 
the model under consideration and its performance evaluated. 
In Figs. 8-10, (a) plots the percentage correct classification 
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Fig. 8. Neural net model with p e r c  = 10 and cdenom = 100. (a) Correct classification (percentage) versus size of neural network 
array. (b) Mean square distance versus size of neural network array, using test patterns. 

while (b) shows the variation of the mean square distance 
msdt of (29) along the ordinate. In (a), the class numbers (k = 
1 , .  - .  ,6) indicate the class-wise correct classification of the 
test set. The variables s and m correspond to the overall correct 
classification of the entire test set using the strength-based 
recognition by (26), (27), and the related membership-based 
recognition schemes, respectively. 

Figure 8 illustrates the effect of varying the size of the 
network. The 10 x 10 array is observed to give best recog- 
nition rates in (a). A smaller size of the network is seen to 
be incapable of handling all the information required while 
a larger size may result in poor performance over the test 

set. However the msdt curve in (b) demonstrates that the 
8 x 8 array results in a much poorer topological ordering as 
compared to the other two network sizes while the 12 x 12 
array yields a slightly Zower value of msdt as compared to the 
10 x 10 network. 

Figure 9 demonstrates the effect of using the index of 
disorder D of (21x24) to control the number of sweeps 
through the training samples during self-organization. This is 
marked as “usual iterations” (i.e., controlled iteration count) 
on the abscissa of the figure. In the traditional Kohonen’s 
model, the network goes through a larger number of sweeps. 
The effect of using 200 iterations without considering the 
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Fig. 9. Comparison between proposed neural net model using index of disorder D marked usual iterations and the more conventional 
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influence of D is also plotted. The proposed model is found to 
yield an improved performance (with only 90 iterations) over 
the more conventional design. 

In Fig. 10 we compare between (ij the proposed model 
(marked “usual” along the abscissa), (iij the “hard” version 
using a crisp linguistic representation for the input vector 
with s > 0 and (iii) the “original” Kohonen’s model with 
s = 0 in (14) but using fuzzy linguistic representation for 
the input vector along with the fuzzy partitioning concept as 
an extension. The different features of these models are listed 
in Fig. 1 1 .  In the hard model, the input feature information 
part in the 3n-dimensional space is assigned crisp values such 
that corresponding to a pattern X.i, along the j th axis, we 

p h i g h ( ~ , , ) ( X i )  of (6) to 1 while the remaining two are kept 
clamped at 0. The gain factor h,i from (20) is not bell-shaped 
and its hard version is defined as h,, = 1/ [l + ( e)2]. 
The contextual class information, though present, is not in the 
form of graded membership values but is expressed in crisp 
terms giving a membership of 1 to only one class. The original 
model (method (iii)) is used with the Sn-dimensional fuzzy 
linguistic representation for the input feature information and 
the bell-shaped gain factor h,i of (20). 

Note that the hard model is seen to have the worst recog- 
nition rate, while the proposed model yields the best overall 
classification efficiency. Inclusion of fuzzy concepts (as in- 

clamp the highest of PlO.U;(F,,)(Xi)? ~ L , , d r u r r L ( F , , ) ( X i ) r  and 

troduced in methods (i) and (iii)) is found to enhance the 
performance w.r.t. the hard version (method (iij). On the 
other hand, the incorporation of class information with s > 0 
enables the proposed model (method (ij) to score over the more 
conventional original version (method (iiij). This underscores 
the utility of involving fuzzy concepts in conjunction with 
partial class membership information in the proposed model. 

It is observed that the msdt curve in (b) exhibits better 
resultant topological ordering for the hard version as compared 
to the original model. This is in contrast to the findings for the 
recognition rate (%) in (a) of the figure where it is seen to have 
poorer performance. We should note that the hard version uses 
partial supervision ( s  > 0) although with crisp input, output 
and partitioning. This contextual class information generates 
a better ordering of the output space (along with a lower 
msd+ value) although the recognition rate is poorer due to 
the hurd representation used. However the proposed model 
has a supenor performance w.r.t. both the recognition rate and 
m s d t ,  as it incorporates both fuzziness and partial supervision. 

Table I compares the recognition score (on test set) of the 
proposed neural net model to that of the Bayes’ classifier [20], 
[21] and the standard fully supervised fuzzy approach [24]. We 
have used the Bayes’ classifier for multivariate normal patterns 
with the u priori probabilities p, = 9 where IC;( indicates 
the number of patterns in class C, and N is the total number of 
pattern points. The dispersion matrices are different for each 
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Model Input Class Information Gain Output 
Feature Scale Factor Membership Factor Partition- 

Informa- ing 
tion 

Proposed fuzzy s = 1 for calibration fuzzy bell- fuzzy 
(usual) linguistic 0.5 > s > 0 for shaped 

self-calibration 

0.5 > s > 0 for 
self-calibration 

Hard crisp s = 1 for calibration crisp pulse fuzzy 
linguistic 

Original fuzzy nil nil bell- fuzzy 
linguistic shaped 

TABLE I 
COMPARJSON OF RECOGNITION SCORE (%) BETWEEN BAYES’ 

CLASSIFIER, STANDARD SWERVISED FUZZY CLASSIFIER, AND THE 
PROPOSED NEURAL NET MODEL WITH perc  = 10. NEURAL 

NETWORKIS OF SIZE 10 x 10 WITH cdenom = 20 

Class Baves’ Classifier Standard FUZZY Prouosed Neural 
Classifier Model 

a 44.6 51.4 23.0 
a 83.9 81.7 97.5 
i 81.9 78.0 74.8 
U 88.9 67.6 73.5 
e 82.8 77.1 88.7 

Fig. 11. The different features of the three models, viz., proposed (usual), 0 77.7 78.8 92.6 
the hard version, and the original Kohonen’s network. Overall 19.6 73.4 79.6 

pattern class. The overall performance of the proposed model 
is found to be quite satisfactory. It is to be noted that the Bayes’ 
classifier is the best that is theoretically possible and neural 
nets should not do better. A good statistical classifier, however, 
requires a lot of sequential computation and a large number of 
reference vectors. The value of the proposed approach resides 
in the fact that a neural network is massively parallel and can 
generalize well with a smaller set of training patterns. 

As a rule, test patterns are misclassified by the network 
only into one of the neighboring classes in the vowel triangle 
(Fig. 5). The correct classification rate for an 10 x 10 network 
considering both the first and second choices by (26)-(27) is 
illustrated in Table 11. The confusion matrix for this particular 
set of parameters, as shown in Table 111, also supports this 
claim. 

TABLE II 
REcocmo~ SCORE (S) WITH cdenom = 60 

AND perc  = 10 FOR A 10 x 10 NETWORK 

Class First choice Second choice Net score 
a 53.8 7.7 61.5 
a 76.5 21.0 97.5 
i 79.3 3.9 83.2 

e 64.7 23.0 87.7 
0 90.1 1.9 92.0 

Overall 73.5 11.2 84.7 

21 66.9 13.2 80.1 

In Table IV we compare the performance of the proposed 
model for various choices of the parameters T and f used 
in the computation of the gain factor h,i of (20). Model A 
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TABLE 111 TABLE V 
CONFUSION MATRIX WITH cdt‘nom = 60 COMPARISON OF RECCGNITION SCORE (%) BETWEEN PROFWED NEURAL NET 

MODEL AND THE CONVENTIONAL KOHONEN’S NET FOR VARIOUS SIZES OF 
TRAINING SET perc  USING 10 x 10 NETWORK ARRAY WITH cdenom = 100 

AND P ~ T C  = 10 FOR A 10 x 10 NETWORK 

d a 2 U c 0 

d 35 16 0 0 13 1 Model Conventional Kohonen’s Net ProDosed Neural Net 
a 18 62 0 0 0 1 perc  10 20 30 40 50 10 20 30 40 50 
i 0 0 123 0 32 0 d 43.0 44.8 39.2 77.2 80.5 47.7 43.1 43.1 61.3 47.2 
7l 4 0 0 91 3 38 a 96.3 65.2 90.4 40.7 0.0 74.0 59.7 47.6 0.0 37.7 
t‘ 57 0 7 1 121 1 z 31.6 26.8 53.7 36.5 34.8 74.8 78.9 57.0 78.8 62.8 
0 4 9 0 0 3 146 t i  27.9 44.6 0.0 39.5 31.5 63.9 72.7 49.0 39.5 48.6 

e 59.3 83.7 76.5 79.2 77.8 70.0 74.1 91.0 88.0 98.0 

TABLE IV 
COMPARISON OF RECOGNLTION SCORE (’3%) FOR VARIOUS CHOICES OF 
PARAMETERS r AND f IN THE GAIN FUNCTION h,, FOR A 10 x 10 

NEURAL NET MODEL WITH cdenom = 100 AND pert = 10 
Class Model 

d 7.7 0.0 1.5 47.7 
a 51.8 98.7 100.0 74.0 
i 69.0 89.6 68.3 74.8 
U 24.2 80.8 66.9 63.9 
e 94.6 73.8 74.8 70.0 
0 88.8 63.5 58.0 94.4 

Overall 64.6 72.5 65.2 73.5 

refers to the case where f = in (22) for all values of ncnt. 
Although both lhczl and r decay with time, this constitutes 
a slight variation of the proposed neural net model D (due 
to the constant value of f ) .  Network B uses 0 5 r 5 3 
and f = a for all values of ncnt in (22). Note that here 
only Ih,-l decays with time by (20) while its radius remains 
constant. In model C the term (1 - r * f) is eliminated from 
the numerator of (20) and the radius (0 5 r 5 3 )  of the 
gain function is kept constant (as in B) .  Here the function 
h,, is no longer bell-shaped and only lhcz[ decays with time. 
The significance of the proposed gain factor in model D, 
where both \hctl and T decay with time, is obvious from the 
results. 

Table V illustrates a comparison in the performance on the 
test set (using first choice) of the proposed model with the 
more conventional Kohonen’s model (with fuzzy linguistic 
feature information 2’ of (6), (10) only at the input) for various 
sizes of training data set p e w .  This is to demonstrate the 
necessity of incorporating the contextual class membership 
information 2’’ into the input of the proposed network for 
modeling fuzzy data. We observe that the proposed model has 
a superior recognition score compared to its more conventional 
counterpart. Note that an increase in the size of the training set 
(abundance of attribute data) for the vectors under analysis has 
no appreciable impact on the performance of the conventional 
model. On the other hand, the incorporation of the contextual 
class membership information, with s > 0, seems to boost 
the efficiency of the proposed model (with identical parameter 
values) in classifying the same fuzzy data. This further demon- 
strates the utility of using class membership information in the 
input vector. 

In Table VI we demonstrate the effect (on the recogni- 
tion efficiency) of using various numbers of input attributes 
(dimensions) on the standard Kohonen’s net (with fuzzy lin- 

o 56.8 79.8 57.9 41.2 92.2 94.4 62.5 95.2 95.3 93.3 
Overa1150.3 59.8 53.2 53.2 56.5 73.5 68.3 69.4 68.0 71.1 

TABLE VI 
COMPARISON OF RECOGNITTON SCORE (%) BETWEEN PROPOSED 

NEURAL NET MODEL AND THE CONVENTIONAL KOHONEN’S 
NET FOR VARIOUS NUMBER OF INPUT ATTRIBUTES USING 

10 x 10 NETWORK ARRAY WITH cdenom = 100 AND perc 

Model Conventional Kohonen’s Net Proposed Neural Net 
Input Vector fuzzy linguistic features fuzzy linguistic features 
Components with s = 0 with 0.5 > s > 0 
Dimension 9 18 27 15 

a 43.0 52.3 100.0 47.7 
a 96.3 0.0 0.0 74.0 
a 31.6 69.0 51.6 74.8 
U 27.9 71.3 0.0 63.9 
e 59.3 75.9 0.0 70.0 
0 56.8 97.5 0.0 94.4 

Overall 50.3 68.4 18.4 73.5 

guistic input feature information as an extension) and compare 
with the proposed model using contextual class membership 
information at the input. A very high input feature space 
dimensionality with too many attributes is found to hinder 
the efficiency of the conventional network. Partitioning the 
primary linguistic properties among low, medium, and high 
yields nine attributes for the given data set. Incorporation 
of the hedge very (for each of the three linguistic terms) 
yields 18 attributes while further addition of the hedge more 
or less leads to 27 attributes for the conventional model. 
The latter version is seen to be incapable of classifying the 
given pattern set. Note that the incorporation of the contextual 
class membership information (with s > 0) in the proposed 
model results in the best performance, both overall and class- 
wise. 

VII. CONCLUSIONS AND DISCUSSION 

A neural network model based on self organization and 
capable of performing fuzzy classification was presented. 
Basically, the Kohonen clustering network is used here as a 
semantic map. The algorithm passed through two stages, viz. 
self-organization and testing. The model had the flexibility of 
accepting linguistic input and could provide output decision 
in terms of membership values, The input vector incorporated 
partial class membership information during self-organization. 
An index of disorder was used to determine a measure of 
the ordering of the output space and control the number of 
sweeps required in the process. Unlike Kohonen’ s conven- 
tional model, the proposed net was capable of producing fuzzy 
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partitioning of the output space and could thereby provide 
a more faithful representation for ill-defined or fuzzy data 
with overlapping classes. Incorporation of fuzziness in the 
input and output of the proposed model was seen to result 
in better performance as compared to the original Kohonen’s 
model and the hard version. The problem of vowel recognition 
was used to demonstrate the effectiveness of the proposed 
model for various network array sizes, training sets and gain 
factors. 

It should be noted that only three linguistic properties Zow, 
medium, and high were used here. Incorporation of additional 
input feature information in the form of fuzzy hedges like more 
or less, very, nearly, etc., may improve the performance of 
the proposed model, due to the resulting more detailed input 
description, but then the cost of nodes and interconnections 
would also increase. 

Representation of input in terms of r-sets low, medium, 
and high also enables the system to accept imprecisehague 
features Fj in various forms, namely, Fj is about 500, Fj is 
between 400 and 500, F3 is low, medium, very low, more 
or less low or F3 is missing etc. In these cases Fj needs 
to be transformed into 3-dimensional vector consisting of 
membership values corresponding to the primary properties 
low, medium, and high. A convenient heuristic method for the 
determination of these membership values may be found in 
U91. 

Neural net performance in fuzzy classification of the speech 
data was found to compare favorably with that of the Bayes’ 
classifier trained on the same data. In the model described here, 
massively parallel interconnection links with simple process- 
ing elements (neurons) permit the computational complexity 
of standard statistical techniques to be avoided. Therefore 
with the necessary parallel hardware backing the proposed 
model should be able to perform much faster and hence more 
efficiently. 

It has been observed that a critical size of the network was 
required for satisfactory performance. The fact that a larger 
size resulted in poorer recognition of the test patterns was 
favorable in the sense that more neurons would lead to an 
increased cost. 
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