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A method of infegrating rough sety and fuzzv modii-
laver percepivon (MLP) for designing a knowledge-
hased network for partern recognition problems is
dexeribed Rough set theory ix wsed to extract crude
knowledee from the inpwi domain in the form of
rules. The syatax of these rules automatically deter-
mines the optimal number of hidden nodes while
the dependency factors ave wged n the inittal weight
encoding. Resulis on classification of speech data
demonstraie the superiority of the svsiem over the
Juzzy and conventional versions of the MLP,
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1. Introduction

There has recenlly becn a spurt ol aclivity to inte-
graic differcnl compuling paradigms such as (wery
set theory, neural networks, genetic algorithms and
rough set theory. for generating more efficient hybrid
systems thal can be classified as soff computing
methodologies [1.2] The pupose 18 10 provide
flexible information processing systems that can
exploit the tolersmce for imprecision, uncertainty,
approximate reasomng and partial ttuth in order to
achicve traclabilily, robusiness and low cost in real
life ambiguous situations [3]. During hybridisation,
thi  individual tools  acl  synerpetically  (not
competitively) o increase the application domain of
geach other. The present article describes such a
hybrid parudipm mvolving rough sets, fuzzy sets
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and Artificial Neural Networks (ANNs) to design a
kmowledge-based nerwork for pattern recognition.

Generally, ANNs consider a fixed topology of
neurons conneeled by links in a pre-delined meanner,
These connection weights arc usually initialised by
small random  values. Knowledoe-based nerworks
[4.5] constitute 4 special class of ANNs that consider
erude domain knowledge (o reneriate the initial net-
work architceture which iy laier relined in Lhe pres-
ence of training data. This process helps in redocing
the searching space and time while the network
lraces the oplimal solution, Node growing and link
pruning are alse made in onder W generale the
optimal network architectire.

The theory of rongh sets [6] has recently emerged
ds another major mathematical approach for manag-
ing uncerlainly (hal anscs from inexact. noisy or
incomplete information. 1 has been dnvestigated in
the context of expert svsiems, decision supporl sys-
tems, machine leaming, inductive learning and vari-
ous ather areas ol applicalion. I 15 found to be
particularly effective in the arca of  knowhedge
reduction. The focus of rough set theary is on the
ambigully cavsed by limited discemnibility of objects
in the domwin of discourse. The intention is to
approximate a rough (imprecise) concepl in the
domain of discourse by a pair of exocr congepls,
called the lower and upper approximations. These
cxact concepls are determined by an indiscernibility
relation on the domain, which, in turn, may be
induced by a given set of atiributes ascribed to the
objects of the domain, These approximations ae
used to define the notons of discernibility matrices,
discernibilivy functions [7], reducts and dependency
Jaciors [6], all of which play a fundaments] role in
the reduction of kmowledge.

Many have looked inle the implementation of
decision rules extracted from operation data using
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rough set formalism, especially in problems of
machine learning from examples and control theory
[BL In the context of newral nelworks, an aliempl
of such implementation has bheen made by Yasdi
[9]. The Intention was to use rough sets as a too] for
structunng the nevral networks, The methodology
comsisled of generating rules [rom lraining examples
by rough set learning, and mapping the dependeney
factors of the rales into the connection weights of
a four-layered nevral network. Application of rough
scls m neurocompuling has also been made [10,11).
However, in these methods, rough sels were used
cither for knowledae discovery al the level of data
acquisition {viz., in preprocessing of the feamre
vectors) {10] or for redoction of the Initial data set
[11], and not for structuring the network.

In this article, we have alcempied o inlegrle
rough seis and a three-layered Tuzey muhilayer per-
ceptron (MLP) for designing a knowledge-based
system. The fuzzy MLP described i |12, 13] incor-
porates tuzzy set-theoretic concepts at the mput and
outpul levels and during learning, The inpul s mod-
cled in teems of the 3a-dimensional linguistic feature
space while the ourput consisis of class membership
values., Rough set theory 1s utilised for extracting
crude domain knowledge thal 15 eneoded among the
connection weights. A method is derived o model
convex decision regions with single ohject represen-
tatives. The feature space gives us the condition
attributes and the outpul classes the decision alin-
bubes, sooas W resull in a decision lable. Rules are
then generated from the table by computing relative
reducts. The dependency factors of these rules are
encoded as the imitial comnection weights of the
fwgey MLE. The network is next trained o refine
its weight values.

The knowledge encoding procedure, unlike most
other methods [4.5], Involves 4 non-binary weighling
mechanism based on g detmled and systematic esii-
maiien of the availlable domain information. T may
be noted that the optimal number of hidden nodes
s automatically determined. The classificalion per-
Formance 1% found Lo be beller than the conventional
and fuzzy wversions of the MLP. The model is
capable of handling mput in numerical, linguisiic
and sel lorms, and can lackle uncerlainly due o
overlapping classes.

2. Fuzzy MLP Model

In thiy seclion we describe, in brief, the lueey MLP
{12] which iz used for desigming lhe knowlodge-
based network. Consider the three-layvered network
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Fig. 1. The throe-layersd M.

ziven in Fig. 1. The output of & neuron in any laver
{f) olher than the inpul layer 1s piven us

1
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where ¥~ Y is the state of the ith neuron in the
preceding (B — Thih layer and Wi~ " iy the weight
of the connection from the ith newaron in layer (&
— 1} to the jth neuron in layver {%). For nodes in
the input layer, " corresponds to the jth component
of the impul wvecior. Nole that " — X
v AR as depicted in Figo 1.0 The Mean
Square Crror in output vectors is minimised by the
backpropagation algorithm wsing a gradient descent
with a gradual decrease of the guin laclor,

2.1. Input Vector

An p-dimensional pattern By = [0, - Tl s
represented as a 3n-dimensional vector [14]

F;, — I.#’luw[l’-”]{-FI):
i -,mu;uﬁi,,]ﬁ",-}]
¥ {2)

where the po values indicaie the membership func-
tions of the corresponding linguistic -sets [low,
mecdium and high along cach lealure axis. The three
overlapping w-sets along a fearre axis are depicted
in Fig. 2.

When the inpur feanwe is oumerical, we use the
m-scls {in the one dimensional Torm), with range
10,11, represented as

- [}rimﬂ'rgn!-
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where A{= () is the radins of the = —function with
¢ as the central point.

When the input feature F, is linguistic, its mem-
bership values for the w-sels low, medinm and high
are represcrled ws (14, 12, 13]
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Here o A o0 AL €0 Ay indicate the centres and

radii of the rlu'ee linguistic properties along the jth
: 095 095" .95

axis, and F; ( I ) ( Y, ] F; ( 7 ] denole the

corresponding feamre values F, at which the three
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linguistic properiics atlain membership values of
(095,

2.2, Ouiput Representation

Consider an {-class problem domain soch. that we
have f nodes In the owtput layer. The membership
of the fth pattern in class &, lying in the range [0.1],
is defined as [16]

1
mlFy) = ———— (3

1 (?*)JE

where 7, 1% the weighted distance of the training
pattern F, from class ¢, and the positive constants
fooand f. are the denominational and exponential
{uzey generators controlling the amownt of fuzriness
in this ¢lass-membership scl.

Then, for the ith inpatl pattermn, the desized owgpu
of the jth output node is defined as

d; = (k) (%)

According 1o this defliniion a pattern can simulb.
taneously belong to more than one class. and this
15 determined from the training sei used during the
learming phuse,

Let us consider a simple example o explain how
the tuzzy MLP works. Let the two-dimensional input
{ir the ith pattern ¥} be given in linguistic form as
F., = low, F., — medium. This translates into a
six-dimensional vector with components (say) [(h935,
(e, 0.02, 07, 095, (07 by Yy (23 {4 Lel there
be two ootput classes, such that the desired two-
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dimensional outpul vector d has components [0.9,
0.3] by Egs {36, This implies that I, belongs o
class | with membership 0.9 and to class 2 with
membership 0.3,

Such input outpul paivs are used Tor training the
furzy MLP. During testing, when an unkaown pat-
tern is clamped at the inpot, the trained fuzzy MLP
infers its class membership vector ¥ by Eqg. (1),
where H commesponds 1o the outpul layer, This rep-
resenls the degree of belongingness of the test pal-
tern o the warious classes.

3. Rough Set Preliminaries

[lere we present some requisite preliminaries of
rough set theory, the details of which are avallable
in |6,7]. Belore thal, led os provide an cxample o
cxplain the concept of rongh set theory. Consider
an information systeme <2 U, [a| =, whore he
domuin & consists of the sludenls of a school, and
there is ¢ single auribuie a - that of ‘helonging to
g class’. Then L is partitioned by the classes of
the school.

Mow take the situation when an infectious diseuse
has spread in the school, and the authoritics lake
the lollowing sleps:

{iy 1M a least one smudent of a class is infected,
all the smudents of that class are vaccinated.
Let B denote the viion of such classes,

(i} If every sludenml ol a class is infected, the
clasy is lemporarily suspended. et B denote
the union of such classes. Then BCE.

Criven this information, let the following problem
be posed:

fentify the collection of infecied students. Clearly,
ihere cannot be a unique answer, Bot any set I that
Is given as an answer, muost contain B and al least
one student from cach class comprising /. In other
waords, 1L must have B as its lower approcimaiion
and B as its upper approximation. I is then a rough
conceptfsel in Lthe infommation system =2 L {a} =

Further, any sei {° ziven as another answer, is
reghly equal o I, in the sense that both are rep-
resented {characterised) by # and B,

An information svsiem (s a pair & = < U, A =,
where U7 is 4 non-emply (imile set called the eniverse
and A s non-cmpiy [nite set of adribules. An
attribute @ can be regarded as a funclion from the
domain £ 1o some value sel V.

An Infonmation system may be reprosented as an
attripate-value wable, in which rows are labelled by

8 Mt er ol

pbjects of the universe and columns by the atiri-
butes.
With every subset of arributes BCA, one cin
casily wssociale an cguivalenee relation {5 on LS
I, = iz e I
for every a e B, alx) = alv)}.
Then Iy = Myep f..
N X C U the sels [y = L0 |xzC XY and {x =
Lo |x]nX # QY where [x)e denoles the equival-
ence class of the object © = 17 reladve w [, are
called the B-fower and B-upper approximation of X
in ¥ and denoted BX, BX, respectively,
ler &F = {x, -, x)and A = {a, ..., a,] in
the informatton system ¥ — < [7 A = By the
discernibility matrix (denoted M)} of ¥ is meant
an # ¥ wp-matrix such thar

ey = {aeAalx) Falx))ij=1..,n

(N
A discemibilily Junetion f is a boolean Tunction of
m boolean variahles g, -, g, corresponding to the
atrributes u,, ..., @, respectively, and defined as fol-
lows:

I;J{EIF """'Envl {ﬂ)
= Afteg s 1 =j<i=n e+

where “/(c,) is the disjunction of all variables
with @ = oy

An auribuic & = B(C A) 15 divpeavable in # 0
fg — fypy. otherwise Bois indispensable In B, B(C
AV is independent In I if every attiibute from B is
indispensable in B, Otherwise, 8 is dependent in #,
B is called a reduct in F A B is independent in 7F
and g = 1,

It can be seen [7] that {a,, .., a,.P} i5 a reduoct
in ¥ if and only if &, / ... A a is & prime
implicant {constilvent ol the disjunctive  normal
lorm) of £,

Tet B.C C A C depends on B If and only 1f Iy
C I ie information due to the atributes in C 1s
derivable from that due to the allribules in 8. This
dependency can be partial, in which case one intro-
duces a dependency factor df, O = &f = |, Formally,

eand{POSHC))

- cardi £/}
where POSH{C) — Uz, and card denotes cardi-
nality of the set.

We are concemed wilh a speciiic type ol infor
mation sysiem F — =0 U A >, called a decision
fable. The attributes in such o system arc dis
tinguished inlo two parts, vie. condition and decivion
attributes. Classification of the domain duee 1o
decision attribuies could be thought of as that given
by an expert.

(9)
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Knowledge reduction now consists of ¢liminating
superflluons  values of the condition alinibuics by
compuling their reducts, and we come W the nolion
ol a refative redhuct.

An alimibule & = BCO) iy D-dispensable in
B, if POSUD) — POS,,. (D). otherwise b is D-
indispensable in B,

I every aftdbule from B is D-indispensable in B,
B is N-independent in F.

A subset B oof Cis a D-reduct in 0F if i D-
independent in & and POSAD) = POSHD}

Relative reducts can be computed by using a4 D-
discemmibility matrix, W U = {x,, ...}, 1 is an #
#* on matrix {denoted MLCFY, the ©jth component
of which has the form

Gy — fa s Cralx) + alx) and (x.x) e Ip)
(10}

for if = 1, ..., n

The relative discemnibility function f,, 1s con-
structed from the D-discemnibility matrix in an analo-
gous way as fi, from the discemibilily mainx of 5
icf. Tigs (7, (8)). Tt is once more obhserved that |7
[ A d’}*} is a D-reduct in F if and only if «
.-"\...f'\a,-r is a prime implicant of f,.

4. Network Configuration using
Rough Sets

Here we formulate @ method for rule generation
and knowledge cncoding [or configuring an aptimal

2

network. Tt works on the assumption that cach ohject
of the domun of discourse corresponds to a single
decision anribute. From the perspective of patiern
recognition, this implies using a single prototype to
model a (convex) decision region.

The crode domain knowledge, so extracted, is
cncoded among the connection weights, leading 1o
the design of o knowledge-based network, Such a
network is found to be more efficient than the
conventional versions for the following reason. Dur-
ing learning an MLP searches for the set of connec-
tion weights that corresponds o some local minima,
In other words, 30 scarches Tor thal set of weighis
that mimimises the difference between the rtarget
vector and the acmal outpur (obtained by the MLP).
Note that there may be a large namber of such
minimum values comesponding o vanows geod sol-
wiions. IT we inilially scl these weighls so as o be
near one such good solution, the searching space
may be reduced and leamning thereby becomes faster.
The architecture of the network hecomes simpler
doe to the inherent reduction of the redundancy
among Lhe connection weights,

A block diggran in Fig. 3 illustrates the entire
rile generation and knowledge encoding procedure.

Tet iF = = {7, A = b a decision lable, with €
and 13 i sels of condition and decision attributes,
respeclvely, In this method we assume that there
15 4 decision attribute d; « I} corresponding (o each
object &, = IJ, in the sensc ihat all objects other
than t; are indiscernible with respect to 4.

a0

Fy in Hz

SIZC  FRECUENGY OF DCCURENCES

G S 1200

1500

Fain Hz

Fig. 3. Block diagram uf the ruls generation apd knowledze cncoding procedure.
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4.1. Rule (zeneration

For euch D-reduct B = b, ..., &} {say), we define
a discermibility mattix (denoted M (5)) from the D-
discernibility matrix (given by Eq. (100) as follows:

cy = la = B alx) # alx)], (1)

for if — 1, ..., n
Now for each object &, of U/, we consider the
discernibility function f7 which is defined as:

fa="le) V=j=nj+ i ey @Y
f12)

where */{c;) 1s the disjunctica of all members of ¢,

fii 1% broughl 1o 1y conjunclive nonmal form
(cnf) P Tor i = 1. ... n, £ then gives rise (o
a dependency mle r, viz. P, — d, wherne d; = 0
corresponds o the ohject x,.

It may be noticed that each component of F,
induces dn eguivalence relation on U7 as tollows, 1f
w componenl is a single altribuwe b, 1he reluion 7,
is 1aken. IF a component of the el is a disjunc
ol aliribuies, say b . -.., b“'." c ., we congider the
transitive closure of the union of the relations 7, ,

ey By Lel L denote the interscetion of all these
[
equivalence relations.
The dependency factor &f; lor r; 1s lhen given by
- _ card{(POS, ()
i cacd(LN
where POS() — Uy X}, and LX) is the lower

(13}

approximation of X with respect w f.

4.2, Knowledge Eneoding

Here, we lormuolale a methodology for encoding
inftial knowledee in the fuzzry MLP of ref [12],
following the above algorithm.

Let vs consider the case of leaure F; for class
ep in the f-class problem domain, ‘The inputs for
the ith representative sample Fy are mapped to the
corresponding  3-dimensional  fealure  spuce ol
Perawi Pyt ik I-‘«meuiumf_.l-':-,-]mjj and Heigiis) (F) by Tg.
(2} Let these be represented by L, M, and H,
respectively. We consider only those attributes
which have a numerical valoe preater than some
threshold TH (0.5 = Th == 1), This implies clamping
those  Jealures  demonstrating  high  membership
values with a 1, while the others are fixed at 0, In
this manner an { X 3p-dimensional atriboe-valoe
{eddeeision} iable can be generated from the s-dimen-
sional data set,

Ax skelched in the previons section, one Fenerates

5 M at al.

lhe dependency rules for each of the ! classes, such
that the astecedent parl conlaing 8 subscl ol the 3a
attriburtes, along with the corresponding  depen-
dency factors.

Let us new design the mitial strocture of the
three-layercd  Turey MLE, The inpul layer consists
of the 3x attribute values and the oulput layer is
represented by the ! classes. The hidden layer nodes
model the disjuncts /) m the antecedents of the
dependeney rules, For each disjunct, corresponding
o one oupul class (one dependency k), we dedi-
cate one hidden node. Only those inpul attributes
that appear in a disjunct are connected to the appro-
priate hidden node, which in turn is connected to
the corresponding outpul node, Fach conjunct (54)
is madelled at the ougput layer by joining the corre
sponding hidden nodes. Note thar a single attribuie
(involving no disjuncts) is directly connected to the
appropiiate ouiput node via & hidden nede.

MNexl we provecd 10 the deseriplion of the inidal
weight encoding procedure. Tet the dependency Tac-
tor for a particular dependency mle for class ¢, be
a by Eq. ([3). The weight wi’ between o hidden
node §oand owpot node & 15 sel al effae + e, where

fae refers to the number of conjunctions i the

antecedent of the mle and € s a small random
nuinber taken 1o destroy any symmetry among the
welghls. Mote thal foc = 1 and cach hidden node
is conneeted o only one output node. Let the initial
weight so clamped at a hidden node be denoted as
8. The weight wi¥ belween an atrbule o, (where
a corresponds Lo low (£), medium (M) or high (7)),
and hidden node s set o Bffacd + e such that

faed is the number of attributes connected by e

corresponding  disjunct. MNote that facd = 1. The
sign ol the weighl is sel o positive (negative) (7
the comesponcding enlry in row ko colamn a; is |
i1). Thus for an f-class problem domain we have at
least I hidden nodes. All other possible connections
in the resulting furzey ML arc scl as small random
mmbers. 11y 10 be mentioned that the number of
hidden nodes is determined from the dependency
rules,

The commection  woights, so encoded, are then
refined by waining the network on the pattern set
supplied as mpuot.

5. Implementation and Experimental
Results

Here we fmplement the method on real life speech
data. The initial weight encoding scheme 15 demon-
strated and recognition scores are presented.

The spocch duta Vowel [17] deals with 871
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samples of the six Indian Telugu vowel sounds
{dadieo). These were uttered in a Consonant-
Vowel-Consonant context by three male speakers in
the age group of 30 35 years. The overlapping
data set shown in Tig. 4 (depicied in two dimensions
for ease of understanding) has three feamres: I, I,
ad Fy corresponding to the first, second and third
viowel [ommant frequencies oblained  through spee-
trum analysis of the speech data Let the above
classes be denoted as ¢, ..., ¢, respectively.

The training set considered 30 per cent of the
dita selected randomly [tom each of the pailern
classes. The remaining 50 per cent data constituted
the test set. Tt is found that the knowledge-based
model converges to 4 good solution with a small
numnber ol imimng cpochs {lleralions) m both cases,

The rough set-theoretic wehnigque is gpplicd on
the vowel data to extract some knowledge which is
mitially encoded among the connection weights of
Lhe Tuwezy MLEP. The data is first transtormed into
the Jn-dimensional hnguisiic space of Eg. (23 A
threshold of Th — (L8 is imposed on the resultant
input components such that ™ — | if W = 08§
andd ) otherwise. The resulting information is rep-
resented o the Torm of 8 decision table F = <2 [,

= as in Table 1. I7 comsgists of six objecls xp. ...,
X, the condition atributes are L L., M M, M.
H, H: Hy and the decision attribute set DD consisis
of the six vowel classes o, ...,0q Bach entry in
row f, column ¢ corresponds 1o the inpul ¥ for

23

Table 1. Aurbuic value tuble (Yowel}

LM OH L, M H oL, M, H D
X 0 1 1] i | [ I [ | B
x» 0 0 1 1 1 I B | I 0 o
X LI ¥ B Y B | S 1 I &y
Xy 1 0 0 I a 04 0 1 0 &
X | 1 o 0 0 L o I 0 e
X 1 1 1] L L | e

class c,. Note that these inputs are used anly [lor
the knowledge encoding procedure. During the
relinemenl phase, the nclwork leans from the orig-
inal 3n-dimensional raining sel with O = @ = 1
{Eq. {2)).

The decision table is abbreviated by putting all
the decision alldbutes In one column (this does not
resull in any ambipuily, as we assume that object
x; corresponds 1o the decision alifibuie o; only (f =
Y

The D-reducts obtained are as follows:

L oMy o Lalo Ly Pvls AN Aol
Hg}, {Li -"In"'- H2 f'n‘\ M;]? '[L| -"H\ Ml .-"ﬁ'k 3}, {Ll -"ﬂ". M-|
Molg ACHS) (M AR AL A M), (H A L,
AWy M), My A H A M A, (H A M
AT M M S Hy A My S MM, L,
S M, A Lgh, (L OOMy ALy S ML M, S M,

3

Tnput (1)
pattems
- dimensions
1 classss
Disc. func. Rules P;, » Knowledge
i - 1= 1 a
fpt Ll [T 1= b b e U [ Peig  encoding |connection | Learning &
A |
of weights | Refmement
fuzzy MLP '
Connectivity ¢
Classification

Fig. 4. Vowel dala
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SOHy AL, (M. S H, AT S ML), (M, A M,
ALy A M), (M, A M, A Ly A Hy) (L A H,
ALy ALy A H, (B A Ly A My A Ly A HGE,
A e S e DS B S W 25 Ha s Bl
Hy), (H, A Ly A M, ALy A HH, A M, A H,
ALy A HDM, A T AOM, ALy A Hy)

Let us consicer the reduct set B = (L, /M, A
M, Then the discernibility function f::'] {in ¢.n.l)
for i = 1, ..., 6, obtained from the discemnibility
mualrix My(B) (using Eqs (11} and {12)) are:

= Ly AM, MY, =L A M T M), T8
= MAM, fB = L A MAM, f§ =
My AM,, f=L A M A M,

The dependency factors df tor the resulting rules
Foi= 1, ... 6are M3, 23, 1,1, 1.1, using Eq. (13).

In the same way we consider the remaining £-
reducts and find the eorresponding rules and their
dependency factors. These factors are encoded as
the initial connecton weights of the fuzzy MLP.
Tet us now explain the process by an example.
Consider the rule », viz. L; O (M, W Ma) — o
with dependency factor df, — 2/3. Here wo require
two hidden nodes corresponding to class o W model
the operator /. The two links from the output node
representing class ¢ to these (wo hidden nodes are
assigned weights of dfy2 to keep the weights equally
distributed. From Table 1 we find that the cntrics
for £,. M,. M, in case of class ¢; are 0, 0. 1,
respectively. The attributes M, and Ay, connected
hy the operator 7, are combincd at one hidden node
with link weights of —dfe/d, dfo/4 respectively, while
the link weighl for atiribate L) is clamped to —dfa/2
{since there s no forther bifurcalion). All other
commeenion weights are assigned very small random
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weighls € lying in the range [ (.005, +0.0035].
The resultant network is finally relined during train-
ing vsing a training set. The performance of the
network, is fested on the remaining test set. Figure
5 illustrates this weight encoding procedure [or
class ..

Table 2 shows the resulls obtsined with a three-
lavered knowledge-based network whose connection
weights are initially encoded as explained earlier, 1L
iy observed that this method works more clficiently
with a smaller network. Therelore, we demonstrate
the results comesponding 1o six hidden nodes (the
lower bound in lhis case) only. The performance
was compared with those of a conventional MLP
and a fuzry MLFP [12], baving the same nomber of
hidden nodes but with no initial knowledge enco-
ding. It was seen thal the conventional MLP with
six hidden nodes is unable o classify the daa
Hence this is not incloded in the table. Tt may be
noticed that this method gencrated [J-reducts of
different sizes. In the lable, 8, indicates a colleclion
of D-reducts wiih s components {attributes).

6. Conclusions

The present paper describes 2 methodology for inre-
grating rough scts and fuzzy MLP for designing a
knowledge-based network. Rough set theory s
ulilised for encoding the crude domain knowledge
in the form of rules, This vesligation also provides
a method that is capable of generating the optimal
network architecture and improving the classi-
fication perlormance.

As was noted earlier, & study of an integration,

Fig. 5. Initial weight encoding lor class oo Kemaining weights are imitialised wr small random values,



Rough Krowledge-baved Network, Fuzziness and Classificarion 25
Table 2. Recognition scorcs (%) for Vowel.
Auiribules Furry Rough-Fuzzy MILP
MLP =
fi L R,

It LMy L H), L.l MM, H.M, M.H,. LM, LM,

A, H, EN M-,

laHy  LaHy LA, I H IH, MM, LM L. H,
wraining L8R 8o B3O8 79095 #4556 8341 2226 795 2065  HB3IEY
T d 24 24.3 62.2 27.0 64,0 4540 51.1 7 270) 40,5
e ) B2 BEO 2.2 HE.G TR wd 4 BT sR.9 B89 B4
5 i 94.1 94,1 24 053 4.7 941 859 0| 814 B4
I [ RTR a0.2 878 78 878 878 #7.8 878 H57.8 90.2
5 & BR.7 B6.83 la BT 80.2 0.6 94.3 0.5 972 96.2
C a 5l LERY 95.1 45,1 u6.3 3.9 3.1 R RS | Wit
L Ml B4.44 8512 #6504  BAS3H B398 B9 #7983 RE353  BeS
invﬂlviug U[I].}' neural nets and [ngh sols,  was 3. Towell GG, Shaviik Jw. KIIDWlﬂjgﬂ-basﬁ.] arlificial

presenied by Yasdi [9) However, only one layer of
adaptive weights was considered while the input and
output layers involved fixed binary welghts. Max,
Min and Or operalors were applied at lhe hidden
nodes. Besides, the model was not tested on any real
problem, and no comparative study was provided to
hring out the effectiveness of this hybrid approach.
We, on the other hand, consider here an intepration
of the three paradigms, vie, neural nels, nough sets
and Twery seis. The process of rale generation and
mapping of the dependency factors (o the connection
weight values i1s novel to our approach. Moreover,
the three-luyered ML used has adaptive weightls al
all layers, Elfeedivensss of the model s demon-
steated on speech dara
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