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A ethod of integrating rough sets and fuzzy multi-
fayer perceptron (MLP) for designing a knowledge-
based network for pattcrn recognition problems is
described, Rough set theory is used to extract crude

knovwledge from the input domain in the form of

rules. The syntax of these rules auwtomatically deter-
mines the optimal number of hidden nodes while
the dependency factors are used in the initial weight
encoding. Results on classification of speech duta
demonstrate the superiority of the system over the
Juzzy and conventional versions of the MLP.

Keywords: Classification: Fuzzy MLP; Knowledge-
based netwoerks; Rough sets

1. Introduction

There has recently been a spust of activity (o inte-
grate diffcrent computing paradigms such as fuzzy
set theory, neural networks, genetic algorithims and
rough set theory, for generating move eflicient hybrid
systems that can be classified as soft compufing
mcthodologies {1,2]. The purpose is to provide
flexible information processing systems that can
exploit the tolerance for imprecision, uncertainty,
approximate reasoning and partial truth in order (o
achicve tractability, robustness and low cost in real
life ambiguous sitvations [3]. During hybridisation,
the individual tools act syvergetically  (not
competitively) o increase the application domain of
cach other. The present article describes such a
fivbrid paradigm involving rough sets, fuzzy sets
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and Artificial Neural Networks (ANNs) to design a
knowledge-based network for pattern recognition.

Generally, ANNs consider a fixed topology of
neurons connected by tinks in a pre-defined manner.
These connection weights are usually initialised by
small random  values. Knowledge-based networks
{4,5] constitute a special class of ANNs that consider
crude domain knowledge to generate the initial net-
work archilecture which is later refined in the pres-
ence of training data. This process helps in reducing
the searching space and time while the network
traces the optimal solution. Node growing and link
pruning are also made in order to generate the
optimal network architecture.

The theory of rough sets [6] has recently emerged
as another major mathematical approach for manag-
ing uncertainty that arises from inexact, noisy or
incorplete information. It has been investigated in
the context of expert systems, decision support sys-
lcms, machine learning, inductive learning and vari-
ous other arcas of application. It is found to be
particularly effective in the area of knowledge
reduction. The focus of rough set theory is on the
ambiguity caused by limited discernibility of objects
in the domain of discourse. The intlention is to
approximate a rough {(imprecise) concept in the
domain of discourse by a pair of exacr concepls,
called the lower and upper approximations. These
cxacl concepts are determined by an indiscernibility
relation on the domain, which, in tum. may be
induced by a given set ol afiributes ascribed to the
objects of the domain. These approximations are
used to define the notions of discernibility matrices,
discernibility functions (7], reducts and dependency

Juctors [6], all of which play a fundamental role in

the reduction of knowledge.
Many have looked into the implementation of
decision rules extracted from operation data using
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rough sct formaiism, especially in problems af
machine learning from examples and control theory
[8]. In the context of neuwral networks, an attempt
of such implemcntation has been made by Yasdi
[9]. The intcntion was to use rough sets as a ool for
structuring the ncural networks. The methodology
consisted of generating rules (rom training examples
by rough-sct learning, and mapping the dependency
lactors of the rules into the connection weights of
a four-layered neural network. Application of rough
sels in neurocomputing has also been made [10,11],
However, in these methods, rough sets were uscd
cither for knowledge discovery at the level of data
acquisition (viz.. in preprocessing of the feature
veelors) [10] or for reduction of (he initial data scl
[L1], and not for structuring the network.,

In this arlicle, we have altempled to intcgrate
rough sets and a three-layered Tuzzy multitayer per-
ceptron (MLP) for designing a knowledge-based
system. The fuzzy MLP described in [12, 13] incor-
poerates fuzzy set-theorelic concepts at the input and
output levels and during learning. The input is mod-
eled in terms of the 3n-dimensional linguistic cature
space while the output consists of class membership
values. Rough set theory is utilised for extracting
crude domain knowledge that 15 encoded among the
connection welghts. A method is derived 1o moded
convex decision regions with single object represen-
tatives. The feature space gives us the condition
attributes and the output classes the decision atlri-
butes, so as to resull in a decision table. Rules are
then generated [rom the table by computing rclative
reducts. The dependency faclors of these rules are
encoded as the initial connection weights ol the
fuzzy MLP. The network is next trained to refine
its weight values.

The knowledge cnceding procedure, unlike most
other methods [4,5], involves a non-binary weighling
mechanism based on a detailed and systematic esti-
mation of the available domain information. It may
be noted that the optimal number of hidden nodes
is automatically determined. The classification per-
formance is found to be better than the conventional
and fuzzy versions of the MLP. The modcl is
capable of handling mput in numerical, lingujstic
and set forms, and can tackle uncertainty due to
overlapping classes.

2. Fuzzy MLP Model

In this section we describe, in bricf, the fuzzy MLP
[12] which is used for designing the knowledge-
based network. Consider the three-layered netwaork
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Input

Fig. I. The three-layered MLP.

given in Fig. 1. The output of a ncuren in any layer
(/1) other than the input layer is given as

1
W = (h

! h— o=l
Ftexp (=2, 3" Pwi ™ 1)

where W'~ " is the statec of the {th neuron in the
preceding (4 — [)th layer and W/~ " is the weight
of the connection from the ith neuron in layer (h
— 1) to the jth neuron in layer (A). For nodcs in
the input layer, " corresponds to the jth component
of the input vector. Note that x” = X
wo U wi T as depicted in Fig. 1. The Mean
Square Error in output vectors is minimised by the
backpropagation algorithm using a gradient descent
with a gradual decrease of the gain factor.

2.1. Input Vector

An n-dimensional pattern F; = [F,.F;, ...
represented as a 3n-dimensional vector [14]

» Fual ds

Fi = {tiower, (),
e s'LLhtgh(I"m)(Fi)}
= [y &y (2)

where the w values indicate the membership func-
tions of the corresponding linguistic mr-sets Jow,
medium and high along cach fcalure axis. The three
overlapping m-sels along a {calure axis are depicted
in Fig. 2.

When the input feature is numerical, we use the
a-sets (in the one dimensional form), with range
[0,1]. represented as
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Fig. 2. Overlapping linguistic w-scls.
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where A(>> () is the radius of the 77 —funclion with
¢ as the central point.

When the input feature F, 15 linguistic, its mem-
bership values for the w-sets fow, medinm and high

are represented as [14, 12, 15]

0.95 © {095
0.05 7l F, o S /\jm @l F, R 6, Au,
fow = | - - . e -
L M H
0.95 L {095
T (I"J (?) i )\J,) 0.95 r (F, (7/;]‘); G Aw.)
medinm = q -~ L, -
L M H
(r (().95 A (0,95 e
high = NN A e M) s
e = L ’ M T H
)
Hcre Cip ’\m € /\,-m, o Ajh indicate he centres and

radii of the three linguistic properties along the jlh
. 0.95 0.95 (.95
axis, and F, ) I, ) F, 0 denote the

corresponding feature values F; at which the three

linguistic properiics attain membership valucs of
0.95.

2.2. Qutput Representation

Consider an [-class problem domain such that we
have ! nodes in the output layer. The membership
ol the ith pattern in class &, lying in the range [0,1],
is defined as [16]

I

2 /.
L+ {2
9

where z,, is the weighted distance of the training
paticrn F; from class ¢,, and the positive constants
L and f, are the denominational and exponential
(uzzy generators conlrolling the amount of fuzziness
in this class-membership set,

Then, for the ith inpul pattern, the desired output
of the jth outpul node is defined as

d, = u,(F) (6)

According to this definition a pattern can simul-
lancously belong o more than one class, and this
ts determined from the traming set used during the
fearning phasc.

Lot us consider a simple example to explain how
the fuzzy MLP works. Let the two-dimensional input
for the ith pattern F; be given in linguistic form as
F,, = low, F, = medium. This translates into a
six-dimensional veclor with components (say) [0.95,
0.6, 0.02, 0.7, 0.95, 0.7} by Egs (2)-{4). Let there
be two output classes, such that the desired two-

) = (5)
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dimensional output vector d has components [(L9,
.3] by Eqs (5)-(6). This implics that I; belongs (o
class | with membership 0.9 and to class 2 with
membership 0.3.

Such input—output pairs are used [or training the
fuzzy MLP. During testing, when an unknown pat-
tern is clamped at the input, the trained fuzzy MLP
infers its class membership vector y* by Eq. (1),
where H corresponds to the output layer. This rep-
resenis the degree of belongingness of the test pat-
lein Lo the various classes.

3. Rough Set Preliminaries

Here we present some requisite preliminaries  of
rough sct theory, the details of which are availabic
in [6,7]. Belore that, let us provide an example to
cxplain the concept of rough set theory. Consider
an information system < U, {a} >, wherc the
domain {/ consists of the students ol a school, and
there is a single attributc a — that of ‘belonging to
a class’. Then U is partitioned by the classes of
the school.

Now take the situation when an infectious disease
has spread in the school, and the authorities take
the lollowing steps:

(i) 1f at least one student of a class 1s infccted,
all the students of that class are vaccinated.
l.et B denote the union of such classes.

(i) If cvery student of a class is infecled, the
class is lemporarily suspended. Let B denole
the union of such classes. Then BCE.

Given this information, let the following problem
be posed:

Identify the collection of infected students.  Clearly,
there cannol be a unique answer. But any set [ that
is given as an answer, must contain B and al least
one student [rom cach class comprising 5. In other
words, it must have B as its lower approximation
and B as its upper approximation. I is then a rough
concepifset in the information system << U, {a} >,

Further, any set /' given as another answer, is
roughly equal 10 [, in the sense that both are rcp-
resenled (characterised) by B and 8.

An information system is a pair f = < U, A =,
where U/ is a non-empty finite set called the wniverse
and A a non-empty finite set of attribures. An
attribute @ can be regarded as a function [rom the
domain {/ lo some value set V.

An information system may be represented as an
attribute-value table, in which rows are labelled by
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objects af the universe and columns by the attri-
bules.

With every subset of attributes BCA, onc can
casily associate an equivalcnce relation /; on Ut

Iy = {xy) e U:

forevery a € B, alx) = a(y)}.
Then Iy = N,y Lo
If X C U, the sets {x e U:Ix],C X} and {x e
U x],nX # ), where [x]; denotes the equival-
ence class of the object x e U relative to [y, are
called the B-lower und B-upper approximation of X
in & and denoted BX, BX, respectively.

Let U = {x, ., x,}and A = [a,, ---, a,} in
the information system ¥ = < U, A >. By lhe
discernibility matrix (denoted M) of & is meant
an 1 X p-matrix such that

ey, ={aeAraly) Falx)h Lj=1,...,n

"
(7)
A discermbility (unction f, 1s a boolcan function of
i boolean variables 4, -+, ¢, corresponding o the
attributes ay, ..., «,, respectively, and defined as fol-
lows:

f!‘,"(al! "'Jam) (8)
=NNeg): T =j<iz=nc,+ )

where \/{c,) is the disjunction of all variables 4
with a & ¢

An attribute b e B{C A) is dispensable in B if
{p = Lypypy, otherwise b s indispensable in B, B(C
Ay is independent in F il every attnibute from B s
indispensable in B. Otherwise, B is dependent in &
B3 is called a reduct in & if B is independent in 2f
and f; = [,

It can be seen [7] that {a,. ...
i if and only if a, /A
mplicant  (constituent  of
lorm) of f,.

Let B,C C A. C depends on B if and only if /,
C [, ie. information due to the altributes in C is
dertvable from that due to the attributes in 8. This
dependency can be partial, in which case one intro-
duces a dependency fuctor df, 0 = df = 1. Formally,

_ card(POS,(C))
B card({)}

where POS,(C) = Uy, and card denotes cardi-
nality of the set. (

We are concerned with a specific type ol infor-
mation system & = < {/, A >, called a decision
table. The attributes in such a system are dis-
tinguished into two parts. viz. condition and decision
altributes,  Classification  of the domain due to
decision attributes could be thought of as that given
by an expert.

,a ) is A reduct
ot .
AN a, s a prime
the disjunctive normal

()
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Knowicdge reduction now consists of climinating
supcrfluous values of the condition aitributes by
computing their reducts, and we come to the notion
of a relative reduct.

An atribute b € B(CO) is D-dispensable in
B, if POSKD) = POSpu, (D), otherwise b is D-
indispensable in B.

If every attribute from B is D-indispensablc in B,
B is D-independent in .

A subset B of Cis a D-reduct in 3 1f B is D-
independent in & and POSAD) = POS,D).

Relative reducts can be computed by using « D-
discernibility matrix. Il U = {x. ...x,}, it is an n
> i matrix {denoted M,(F)), the /i jth component
of which has the form

= {u e Cra(x) # alx) and (x.n) & f,)]
(10)

<y
for iy = 1, ...,

The relative discermibility function f,, is con-
structed from the D-disceraibdity matrix in an analo-
gous way as fi, from the discernibility matrix ol ¥
{cf. Eqs (7), (8)). It is once more observed that [7]
{a,....,a;} Is a D-reduct in # if and only if
/\.../\(rfp is a prime implicant of fp.

4. Network Configuration using
Rough Sets

Here we formulate a method for rule generation
and knowledge encoding for configuring an optimal
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nctwork. 1t works on the assumption that each object
of the domain of discourse corresponds to a single
decision atéribute. From the perspective of patiern
recognilion, this implies using a single prototype Lo
model a (convex) decision region.

The crude domain knowledge, so extracted, is
encoded among the connection weights, leading to
the design of a knowledge-based network. Such a
network s found to be more efficient than the
conventional versions for the foliowing reason. Dur-
ing learning an MLP searches for the set of connec-
tion weights that corresponds to some local minima.
In other words, it searches for that set of weights
that minimises the differcnce between the target
vector and the actual output (obtained by the MLP).
Note that there may be a large number of such
minimum values correspending to various geoed sol-
utions, If we initially set these weights so as to be
near one such good solution, the searching space
may be reduced and learning thereby becomes faster.
The architccture of the network becomes simpler
duc to the inherent reduction of the redundancy
ameng the connection weights.

A block diagram in Fig. 3 illustrates the entire
rule generation and knowledge encoding procedure.

Let & = < U, A > be a decision table, with C
and D 1ts sets of condition and decision attributes,
respectively. In this method we assume that there
Is a decision attribute ¢, € D corresponding to each
chject x, € U, in the sense that all objects other
than x, are indiscernible with respect to d,.
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Fig. 3. Block diagram of the rule gencration and knowicdge cncoding procedure.
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4.1. Rule Generation

For cach D-reduct 8 = {b,, ..., b} (say), we deline
a discernibility matrix (denoled M(8)} from the 0-
discernibility matrix (given by Eq. (10)) as follows:

¢, = [ae Bralx) + alx)} (1)

for ij = 1, ..., n
Now for each object x; of {/, we cansider the
discernibility (unction f73 which is delined as:

M=)l = =snj#i¢, #¢)
(12)

where \/(c,) Is the disjunction of all members of ¢,
S5 is brought 1o its coniunctive normal form
(cnly PoFor i = |, ..., n, [ then gives rise (o
a dependency wule r, vizo Po— d, where d, & D
corrcspends o the object &,
It may be noliced that each cemponent of P,

induces an cquivalence relation on U as fellows. I

a componentl is a single attribute b, the relation /,
1s taken. If a component of the c.nd. is a disjunct
ol attribules, say by ooeny b‘r e B, we consider the
transitive closure of the unmion of the relations !,,{I,

-y 1y, Let ) denote the inlersection ol all these

1

cquivalence relations.
The dependency [lactor df: for 7, is then given by

i = Cad(POS(d)
dh = ()
where POS(d) = Uy, 1(X), and [(X) is the lower

approximation of X with respect Lo /..

{13)

4.2. Knowledge Encoding

Here, we formulate 2 methodology lor cncoding
imitial knowledge m the [uzzy MLP of ref. |12],
following the above algorithm.

Let us consider the case ol feature F, for class
¢, in the {-class preblem domain. The inputs for
the ith representative sample I, arc mapped o the
corresponding  3-dimensional  feature  space  of
Metonis ) (F, Mmmlmm(F”){Fi) and Poinghir,) () by Eq.
(2). Let these be represented by L, M, and H,
respectively, We  consider only  those  attribules
which have a numerical value grealer than some
threshiold Th (0.5 = Th < 1), This implies clamping
those  tealures  demonstrating  high  membership
values with a 1, while the others arc fixcd at 0. In
this manner an [ X 3n-dimensional allribule-value
(decision) table can be generated [rom the n-dimen-
sional data sct.

As sketched in the previous section, one gencrales
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the dependency rules lor cach of the { classes, such
that the antecedent part contains a subset of the 3n
attributes, along  with the corresponding  depen-
dency factors.

Let us now design the initial structure ol the
three-layered fuzzy MEP. The input layer consists
ol the 3n attribute values and the output fayer is
represented by the [ classes. The hidden layer nodes
moded the disjuncts (/) in the antecedents of the
dependency rules. For each disjunct, corresponding
w one output class (one dependency rule), we dedi-
cale onc hidden node. Only those input attributes
that appear in a disjunct arc connccled to the appro-
priate hidden node, which in lurn is cennected 1o
the corresponding output nede. Each conjunct (/)
is modelied at the output luyer by joining the corre-
sponding hidden nodes. Nele thal a single attribute
{invelving no disjuncts) is directly connected to the
appropriate oulpul node via a hidden node.

Next we proceed lo the description of the initial
weight encoding procedure, Let the dependency fuc-
tor for a particular dependency rule for class ¢, be
« by Eq. (13). The weight w{)’ belwecn a hidden
node i and output node & s set at affuc + € where

Juc relers to the number of cenjunctions in the

antecedent of the ruie and € is a smalt random
number taken to destroy any symmelry among the
weights. Note that fuc = ] and cach hidden node
1s connected to only one ocutput node. Let the initial
welght so clamped at a hidden node be denoted as
B. The wcight wf,‘,’]) between an attribute a, (where
¢ corresponds to low (L), medium (M) or high (H)},
and hidden nede ( 1s sct to Bffacd + €, such that

Jacd is the number of altributes connccted by the

corsesponding disjunct. Note thal fucd = 1, The
sign of the weight is set to positive (negative) if
the corresponding cntry in row k&, column a, is |
{0). Thus for an I-class problem domain we have al
least ¢ hidden nodes. All other possible coancclions
in the resulting fuzzy MLP are sct as small random
numbers. H is to be mentoned that the number of
hidden nodes is determived from the dependency
rules.

The connection weights, so cncoded, are then
relined by training the nclwork on the patlern set
supplied as input.

S. Implementation and Experimental
Results

Here we Implement the method on real life speech
data. The initial weight encoding scheme is demon-
strated and recognition scores are prescnted.

The speech dals VYowel [17] deals with 871
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samples of the six Indian Telugu vowel sounds
(d,aiue0). These were ultered in o Consonant-
Vowel-Consonant context by three male speakers in
the age group of 30 to 35 years. The overfapping
data sel shown in Fig. 4 (depicled in two dimensions
for case of understanding) has three {eatures: F|, F;
and f5 corresponding to the first, sccond and third
vowel formant frequencies oblained through spec-
trum analysis of the speech data. Let the above
classes be denoted as ¢y, ..., ¢, respectively.

The training set considered 50 per cent of the
data sclected randomly from cach ol the patlern
classes. The remaining 50 per cent data constituled
the test set. Iy found thal the knowledge-based
model converges 10 a good solution with a small
number of training epochs (iterations} in both cases.

The rough set-theoretic technigue is applicd on
the vowel data to extract some knowledge which is
initially encoded among the connection weights of
the fuzzy MLP. The data is first transformed into
the 3n-dimensional linguistic space ol Eq. {2). A
threshold of Th = 0.8 is imposed on the resultant
input components such that v = 1 if y = 0.8
and O otherwise. The resulting information 1s rep-
resented in the form of a decision table & = < U,
A > as in Table 1. U consists of six objects xy, ...,
Xy lhe condition allributes are L,l..05, M MsMs,
H\.H;Hy and the decision attribute set I consisls
of the six vowel classes ¢,, ...,¢s. Bach entry in
row j, column 7 corresponds to the input v [or

23

Table 1. Atribute-value table (Vowel).

Ly M, M, L, My H, L M, H, D
A 0 | 0 I I 0 | 0 0 ¢
vs 0 0 | 1 0 0 | I ¢ o
X i o 0 0 0 1 0o o 1 Cy
Ay | 0 0 | 0 0 ¢ I ¢ c
Xs 1 | o 0o 0 I 0 { 0 ¢
X 1 I 0 1 0 0 i 0 0 ¢

class ¢, Note that these inputs are used only for
the knowledge encoding procedure.  During  the
refincment phase, the network learns from the orig-
inal 3n-dimensional training set with 0 = @ =
(Eq. (2)).

The decision table is abbrevialed by pulling all
the decision attributes in one column (this does not
result in any ambiguity, as we assume that object
x, corresponds Lo the decision attribute ¢; only (i =
I, ....60.

The D-reducts obtained are as follows:

Lo AN My AN L), (Ly ALy, A M, (L A M, A
Ha), (L AN Hy A M), (L) A M A M), (L A M,
ALy A Hy), (M, A H) A Ly, A M), (H AL,
A M, A M, (M, A H, A M, AL, (H, A M,
A Hy, A My, (M, A H A M, A M)LWM, AL,
AMy ALy, (L, A My A Ly A My), (M, A M,

Input n- Linguistic Threshold (Th} | Attribute Discemﬂ:ﬂi:y’ D-reducts
pattems | fynction °| representation Single object value table | fmetion fD C )
representation
n-dimensions 3n-dimensions In x 1 array
[ classes 1 classes
Training
data
O Disc. func. Rules P;, _a?fgsgdedf;w fnitiel nowledge
Xyl N i= A 1 - .
fp', =kt el i=1,,1 |weight encoding |connection | Learning &
of weights | Refinement
| fuzzy MLP ¢
Connectivity

Classification

Fig. 4. Yowel dala.
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ALy AMY, (M, A M, ALy A HY, (L A H,
ALy ALy A MY, (L A Ly AMy, AL, A HOWL,
AH, A Hy ALy AHDL, A My, A Hy, ALy A
Hy, (Hy A Ly A My A Ly A HOH, A M, A H,
ALy AN HDAM, A A M, A Ly A HL).

Let us consider (he reduct set B = (L, /A M, A\
M), Then the discernibility function f7 (in c.n.l)
for i = 1, ..., 6, obtained [rom the discemnibility
matrix M,(8) (using Egs (11) and {12)) arc:

.ff‘)I:LI/\{MI\/\ﬁ/]A)- 5= L AN Mo MY, TS
= M]/\‘MB‘ fi = L /\ My N M, f.:; -
My N M 5 =L AN M M,

The dependency factors df; Tor the resulting rules
rol= 1, 6we 2/3,2/3, 1,1, 1, 1, using Eq. {13).

In the same way we consider (he remaining 0-
reducts and find the corresponding rules and their
dependency factors. These lactors are encoded as
the initial connection weights of the fuszy MLP.
Let us now cxplain the process by an example.
Consider the rule ry, viz. Ly N (M, v M) —
with dependency factor df;, = 2/3. Herc we require
two hidden nodes corresponding (o class ¢, to model
the operator /A, The two links from the output node
sepresenting class oo to these two hidden nodes are
assigned weights of df5/2 to keep the weights cqually
distributed. From Table 1 we find that the entries
for Ly, M,, My in case of class ¢, are Q, 0, I,
respectively. The attribules M, and M., connccled
by the operater \/, are combined at onc hidden node
with link weighls ol —dfy/4, df2/4 respeclively, while
the link weight for attribule L, is clamped 0 —df5/2
{sincc there is no further bifurcation). All other
cennection weights are assigned very small random
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The resultant network is finally refined during train-
ing using a training scl. The performance of the
nelwork s tested on the remaining Llest set. Figure
5 iltustrates this weight encoding procedure for
class ¢y

Table 2 shows the resulls obtained with a three-
layered knowledge-based network whose conaection
weights are initially encoded as explained caclier. It
is observed that this method works more elficiently
with a smaller network. Therelore, we demonstrate
the resulls corresponding to six hidden nodes (the
lower bound in this case) only. The performance
was comparcd with those of a conventional MLP
and a fuzzy MLP [12], having the sanie number of
hidden nodes but with no initial knewledge enco-
ding. It was seen that the conventional MLP with
six hidden nodes is unable (o classify the data
Hence this is not included in the table. It may be
noticed that this mcthod generated D-reducts  of
different sizes. In the table, R, indicates a collection
of D-reducts with # components (atiributes).

e

6. Conclusions

The present paper describes a methodology for inie-
grating rough sets and fuzzy MLP for designing a
knowledge-based network., Rough  set thecry is
utilised for encoding the crude domain knowledge
in (he form of rules. This investigation also provides
a mecthod that is capable of generating the oplimal
nelwork  architecture  and  improving  the  classi-
fication performance.

As was noted earlier, a study of an integration,

Fig. 5, litial weight cncoding for class ¢ Remaining weights are initialised o small random values.
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Attributes Fuszy
MLP
R,

HL, LM, L.H.

M., H,, L,

LyH, LuH LGH,
training 80.88 0.65 8318 7996
T it 21.6 24.3 62.2 27.0
c a 822 88.9 82.2 88.9
5 i 94,1 04.1 82.4 95.3
1 i 87.8 90.2 87.8 87.8
s ¢ 838.7 36.8 90.6 87.7
C 17 95.1 L3 a5.1 us.1
( Nel 84,44 85.12  B6.04 8558

Rough-Fuzzy MI P

R, R,
Lidae MM, HM, MUH,. LM, LM,
M.,

LoHy  LoHy H.My LoM, L, H,
84.56 8341 8226 795 80.65 8387
04.9 459 541 297 270 405
77.8 344 867 889 389 844
84.7 94.1 859 94 824 847
87.8 87.8 878  87.8 87.8 902
80.2 90,6 943 90.5 972 96.2
96.3 939 951 939 95.4 939
83.9% 8696  87.19 8581 8535 865

imvolving only neural nets and rough scts, was
presented by Yasdi [9]. However, only one layer of
adaptive weights was considered while the input and
output layers involved fixed binary weights. Maux,
Min and Or operators were applied at the hidden
nodcs. Besides, the model was not tested on any real
problem, and no comparative study was provided to
bring out the effectiveness of this hybrid approach.
We, on the other hand, consider here an integration
of the three paradigms, viz., ncural nets, rough sects
and fuzey sets. The process of rule gencration and
mapping of the dependency faclors to the connection
weight valucs is novel to our appreach. Morcover,
the three-layered MLP used has adaplive weighls at
all layers, Effectivencss of the model is demon-
strated on speech data.
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