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Unsupervised Feature Evaluation: A Neuro-Fuzzy
Approach

Sankar K. PalFellow, IEEE Rajat K. De Member, IEEEand Jayanta Basa&enior Member, IEEE

Abstract—The present article demonstrates a way of formu- methods are classified under supervised [2], [3], [5], [7] or un-
lating neuro-fuzzy approaches for both feature selection and ex- supervised [9]-[11] modes.

traction under unsupervised learning. A fuzzy feature evaluation . . .
index for a set of features is defined in terms of degree of similarity Recently, attempts are being made to integrate the merits

between two patterns in both the original and transformed feature  Of fuzzy set theory and ANN under the heading “neuro-fuzzy
spaces. A concept of flexible membership function incorporating computing” [12] with an aim of making the systems artificially

weighted distance is introduced for computing membership values more intelligent. Incorporation of fuzzy set theory enables
in the transformed space. Two new layered networks are designed. gne to deal with uncertainties in different tasks of pattern

The tasks of membership computation and minimization of the - - .
evaluation index, through unsupervised learning process, are em- recognition system, arising from deficiency (e.g., vagueness,

bedded into them without requiring the information on the number ~ incompleteness, etc.) in information, in an efficient manner.
of clusters in the feature space. The network for feature selection ANN’s, having the capability of fault tolerance, adaptivity,
results in an optimal order of individualimportance of the features. and generalization, and scope for massive parallelism, are
The other one extracts a set of optimum transformed features, by widely used in dealing with learning and optimization tasks. In

projecting n-dimensional original space directly ton’-dimensional - ]
(n’ < n)transformed space, along with their relative importance. the area of pattern recognition, neuro-fuzzy approaches have

The superiority of the networks to some related ones is established Peen attempted mostly for designing classification/clustering
experimentally. methodologies; the problem of feature evaluation, particularly

Index Terms—Feature selection/extraction, fuzzy feature evalu- under unsupervised mode of learning, has not been addressed

ation index, layered networks, soft computing. much.

The present article is an attempt in this regard and provides a
neuro-fuzzy approach for both feature selection and extraction
under unsupervised learning. The methodology involves formu-

EATURE selection or extraction is a process of selectirgtion of two different layered networks for minimization of a

a map of the formz’ = f(z) by which a sample fuzzy feature evaluation index. The fuzzy index for a set of fea-
z(x1, z2, .-+, ¥,) in an n-dimensional measurement spacéures is defined in terms of membership values denoting the de-
(R") is transformed into a poing’(z, x5, ---, «/,) in an gree of similarity between two patterns both in the original and
n’-dimensional ¢’ < n) feature spacé®R™ ). The problem the transformed spaces. The evaluation index is such that, for a
of feature selection deals with choosing someraf from the set of features, the lower is its value, the higher is the importance
measurement space to constitute the feature space. On the adhtirat set in characterizing/discriminating various clusters.
hand, the problem of feature extraction deals with generatingFor the task of feature selection, a set of weighting co-
newz’ s (constituting the feature space) based on semén  efficients is used to denote the degree of importance of the
the measurement space. The main objective of these procegsdividual features in characterizing/discriminating different
is to retain the optimum salient characteristics necessary tunsters and to provide flexibility in modeling various clusters.
the recognition process and to reduce the dimensionality Diie similarity between two patterns in the transformed space,
the measurement space so that effective and easily computatiiamined by incorporating these weighting factors in the
algorithms can be devised for efficient categorization. original feature space, is measured by an weighted distance

Different useful classical techniques for feature selection abétween them. Minimization of the evaluation index through
extraction are available in [1]. Some of the recent attempts magiesupervised learning of the network determines the optimum
for these tasks in the framework of artificial neural network&eighting coefficients providing an ordering of the importance
(ANN’s) are mainly based on multilayer feedforward networksf features individually.
and self-organizing networks [2]-[11]. Depending on whether For feature extraction, the transformed space is obtained
the class information of the samples is known or not, theggough a set of linear transformations. The similarity between

two patterns in the transformed space is computed, as in the
case of feature selection, using a set of weighting coefficients.
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The effectiveness of the algorithms is demonstrated on faiwe corresponding set of features decreases. Therefore, our ob-
different real-life data sets, namely, Iris [13], vowel [14], [15]jective is to select/extract those features for which the evalua-
medical [16], [17], and mango-leaf [18]. The validity of the feation index becomes minimum; thereby optimizing the decision
ture selection algorithm and the superior discrimination abilitgn the similarity of a pair of patterns with respect to their be-
of the extracted features over the original ones are establisthauging to a cluster.
usingk-NN classifier for different values df. The method for ~ Characteristic 2) implies tha increases when similar (dis-
feature extraction is also compared with a principal componesitnilar) patterns in the original space becomes dissimilar (sim-

analysis network (PCAN) [11]. ilar) in the transformed space. That is, any occurrence of such
a situation will be automatically protected by the process of
[l. FEATURE EVALUATION INDEX minimizing £. Similarly, whenu]?q = 0.5 [characteristic 3)],

— i.e., decision regarding the similarity between a pair of patterns
A. Definition g i .
whether they lie in the same cluster or not, is most ambiguous,

Let, 115, be the degree that both theh andgth patterns be- the contribution of the pattern pair # does not have any im-
long to the same cluster in thedimensional original feature pact on the minimization process.

space, and.], be that in then'-dimensional ' < n) trans-
formed feature space. values determine how similar a pair ofB. Computation of Membership Function
patterns are in the respective features spaces. Thamsy be In order to satisfy the characteristics Bf (1), as stated in

interpreted as the membership value of a pair of patterns %ee'ction II-A, the membership functiop in a feature space
longing to the fuzzy set “similar.” Let be the number of sam- may be defined as

ples on which the feature evaluation index is computed.
The feature evaluation index for a seX)(of transformed fea-
tures is defined as

E= 73(52_ 0 >0 %[ufq(l — 1)+ S (1 - uk)] ()
P qFp

d .
upqzl—% if dpg <D
=0, otherwise. 3)

d,, is a distance measure which provides similarity (in terms
of proximity) between theth andqth patterns in the feature

It has the following characteristics: 1) fpf) < 0.5 asu”, —  space. Note that, the higher the valuedpf, the lower is the

0, E decreases. FQE]?,I > 0.5 asufq — 1, E decreases. In similarity betweenpth andqth patterns, andice versa D is

both the cases, the contribution of the pair of patterns to thgarameter which reflects the minimum separation between a
evaluation index?’ becomes minimum=0) whenu;)q =, = pair of patterns belonging to two different clusters. Whgn=
0orl;2)forus < 0.5asul, — 1, Eincreases. Fai5, > 0.5 0 andd,, = D, we haveu,, = 1 and0, respectively. Ifd,,, =

as ufq — 0, E increases. In both the cases, the contributial? /2, 1., = 0.5. Thatis, when the distance between the patterns
of the pair of patterns t& becomes maximum=0.5) when is just half the value of), the difficulty in making a decision,

u]?q = 0 and ufq =1,o0r u]?q = 1and ufq = 0; and 3) if whether both the patterns are in the same cluster or not, becomes
u]?q = 0.5, the contribution of the pair of patternsbecomes maximum,; thereby making the situation most ambiguous.

constant £0.25), i.e., independent ;—fq. The termD [in, (3)] may be expressed as
The characteristics 1) and 2) can be verified as follows. From
(1) we have D = fdya.x 4)
oF 1 whered,,,., IS the maximum separation between a pair of pat-

(@]
m - s(s—1) (1= 241)- @ terns in the entire feature space, @éind 3 < 1is a user defined
constant determines the degree of flattening of the member-

Foru, < 0.5, (0E/dpl,) > 0. This signifies thaf decreases ship function (3). The higher the value 6f more will be the
(increases) with decrease (increase)uﬁ;!. For “r?q > 0.5, degree, andice versa
(0E/dus,) < 0. This signifies thate decreases (increases) The distancel,, (3) can be defined in many ways. Consid-
with increase (decrease)/i@q. Sinceufq € [0, 1], E decreases ering Euclidian distance, we have
(increases) agl — 0(1) in the former case, and], — 1(0)

in the latter.d 5 Ve

Therefore, the feature evaluation index decreases as the mem- dpq = Z(””Pi ~ %qi) ©)
bership value representing the degree of belongingttofand ¢
qth patterns to the same cluster in the transformed feature spa¢rez,,; andz,,; are values ofth feature (in the corresponding
tends to either zero (wheif’ < 0.5) or one (whem:© > 0.5), feature space) gfth andgth patterns, respectively,,.x is de-
and becomes minimum fai), = 4.l = 0 or 1. In other words, fined as
the index decreases as the similarity (dissimilarity) between two
patterns belonging to the same cluster (different clusters) in
the original feature space, increases; thereby making the deci- i Z
sion regarding belongingness of patterns to a cluster more crisp.
This means, if the intercluster/intracluster distances in the trangierezr .. ; andz,;n; are the maximum and minimum values
formed space increase/decrease, the feature evaluation indexfalfie ith feature in the corresponding feature space.

1/2
($111ax i~ Lmini )2] (6)

%
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Fig. 1. Neural-network model for feature selection.

Incorporating Weighting Coefficientstn the above discus- lll. FEATURE SELECTION
sion, we have measured the similarity between two patterns in ] ) ) o S
terms of proximity, as conveyed by the expressiondgy (5). As mentioned in Section II-A, our objective is to minimize

1 Y it
Since,d,,, is an Euclidian distance, the methodology implicitI)IhTe evaluation index (1) which involves the termg™ and
assumes that the clusters are hyperspherical. In practice, this Note th_at the:-dimensional transformed space s o_btamed
may not necessarily be the case. To model the practical sith¥-Introducingw (=fws, ws, -- -, w,]) on then-dimensional

tions we have introduced the concept of weighted distance S,&gtginal space. The computation pf’ requires (3)-(6), while
that ' needs (3), (4), (6), and (7). Therefore(1) becomes a func-

12 tion of w, if we consider ranking of. features in a set.
) ) The problem of feature selection/ranking thus reduces to
g = [Z w; (Xpi — 2qi) ] finding a set ofw;s for which £ becomes minimumiy; s indi-
i 12 cating the relative importance ofs. The task of minimization
5 9 is performed using gradient-descent technique under unsuper-
- [Z Wi Xi] ’ Xi = (Epi — Tqi) (") vised mode. The network designed for performing all these
‘ operations (i.e., computation pf’ andy”', and minimization)
where w; € [0, 1] represents weighting coefficient correds described below.
sponding toith feature. Connectionist Model:The network (Fig. 1) consists of an
The membership valug,,, is now obtained by (3), (4), (6), input, a hidden, and an output layer. The input layer consists of
and (7), and becomes dependentgnThe values ofy; (<1) a pair of nodes corresponding to each feature, i.e., the number
make theu,,, function of (3) flattened along the axis @f,. The of nodes in the input layer i8n, for n-dimensional (original)
lower the value ofw;, the higher is extent of flattening. In thefeature space. The hidden layer consista ofumber of nodes
extreme case, whem; = 0, V4, d,,, = 0, andp,, = 1 for all which compute the pant? of (7). The output layer consists of
pair of patterns, i.e., all the patterns lie on the same point makitvgo nodes. One of them compute§’, and the othep.”. The
them indiscriminable. index £ (12) is computed from thege-values off the network.
The weightw; [in (7)] reflects the relative importance of the Input nodes receive activations corresponding to feature
featurex; in measuring the similarity (in terms of distance) of/alues of each pair of patterns.#h hidden node is connected
a pair of patterns. The higher the valuexof, the more is the only to anith and(¢ + »)th input nodes via weights-1 and

importance ofz; in characterizing a cluster or discriminating—1, respectively, wherg, ¢ = 1,2, ---, n andj = 4. The
various clustersy; = 1(0) indicates most (least) importance ofoutput node computing®-values is connected tozah hidden
;. node via weight¥; (=w]2»), whereas that computing’-values

Note that, one may defineg,, in a different way satisfying the is connected to all the hidden nodes via weightseach.
above mentioned characteristics. The computatigr,ein (3) During learning, each pair of patterns are presented at the
does not require the information on class label of the patterngput layer and the evaluation index is computed. The weights
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W;s are updated using gradient-descent technique in orderatal

minimize the indext. Note that, the values @f,,, (computed 1 Pye)
from the unlabeled training set) apgduser specified) are stored (2) - (ug?>)—(1/2) dur_
in both the output nodes for the computation/of Whenpth Ovp” _ _ 2 ow; 7 if (ugg))lﬂ <D
andqth patterns are presented to the input layer, the activation 3W D . -
produced byith (1 < ¢ < 2n) input node iso!” = w{*” where =0, otherwise (15)
W =z,  fori<i<n and o
and Jup” _ (1
aw, ~ v (16)
Ei)n =24, fori<i<n (8) After minimization, i.e., whenE(W) attains a local min-

imum, the weightsi; = wf) of the links connecting hidden
are the total activations received iy and(i+n)th (1 <i <n) nodes and the output node computjmf-values, indicate the
input node, respectively. The activation receivedjtiyhidden order of importance of the features. Note that this unsupervised

node is given by method performs the task of feature selection without clustering
the feature space explicitly and does not need to know the
ul? =1 xo{? + (~1) x v, forl<i<n (9) number of clusters presentin the feature space.
and that produced by it 'ns<1) (1)) . The total activation re- IV. FEATURE EXTRACTION
ceived by the output node WhICh computésvalues, m@) In the case of feature extraction, the original feature spale (
>, W "), and that received by the otheri§ = =3, v(l). is transformed ta’ by a matrixa (=[] xr). i.€.,
Thereforeug) andug) represen , asgivenby (7) and (5), 25

respectwely The actwauonséf) andvg), of the output nodes
represent?, andyuS, for pth andgth pattern pair, respectively. The jth transformed feature is, therefore

Thus, z; = Z i (7)
(2)\1/2 i
@ _, _ (ur) £ (2172
vpt =l——pH—, if (ur’)*/* <D wherea;; (j = 1,2, ---,n/,i = 1,2, ---, n,andn > n’') is
=0, otherwise (10) a set of coefficients. Then the distantg betweerpth andgth
patterns in the transformed space is
and r 27 1/2
(2)\1/2 d = Z 2 <Z (@i — ))
2 (uy’) ) 2 g w’ aji(Tp — Ty ;
o =1- WO i@y < 5 \4
=0, otherwise (1D r 27 1/2
_ 2 s e
The evaluation index (which is computed off the network), in - Z wj <§; O‘ﬂXz> v Xi = Tpi — Lyqiy
terms of these activations, is then written [from (1)] as - ’ 12
212
EW o) zp: z#: = = EJI wﬂ/’j] Y= z; aji(®p; — qi)  (18)
7P -

. [U§3>(1 — Py 4P (1 - Ué@)} . (12) and the maximum distana&,ax

- 91 1/2
As mentioned before, the task of minimizationfofW) (12) do — - o
with respect toW is performed using gradient-descent tech- EJ: 27: il (Tmaxs = Fanini) ’
nique, where the change W; (AWj) is computed as - ’ 12
oF - 2 o )
oy =12, w OIS SIMIEEE
aWJ J T

(19)
wherer is the learning rate.
For computation ofd E/dW ;) the following expressions are Weighting coefficients«,) representing the importance of the
used: transformed features, make the shape of clusters in the trans-
formed space hyperellipsoidal.
JEW) 1 [1 o (2)} 8vT (14) The membership” is computed using (3), (4), (18) and (19),
oW ) oW while 1:°, as in Section I, is done by (3)—(6). Therefore, the
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2nd hidden layer

1st hidden layer

Fig. 2. Neural-network model for feature extraction.

evaluation indext’ (1) becomes a function af andw. The input nodes via weightg-1 and —1, respectively. Aj>th node
problem of feature extraction thus reduces to finding a setof in the second hidden layer is connected tg th node in the
andw; for which £ (1) becomes a minimum. The task of min{irst hidden layer via weigh;, ;, . The output node computing
imization has been performed by gradient-descent techniquig-values is connected to #&th node in the second hidden
under unsupervised learning. Like feature selection method, lajer via weightiV;, (=w]2»2), and that computing©-values is
these operations (i.e., computationét andy”, and minimiza-  connected to g, th (n + 1 < j; < 2n) node in the first hidden
tion for learninger andw) are performed in a single network.layer via weights+1 each. The node represented by the black
This is described below. circle is connected via weightsl with the second hidden layer
Connectionist Model:The network (Fig. 2) consists of anand also with the output node computing-values.

input, two hidden and an output layers. The input layer consistsDuring learning, each pair of patterns are presented to the
of a pair of nodes corresponding to each feature. The first hiddaput layer and the evaluation index is computed. The weights
layer consists ofn (for n-dimensional original feature spacek,,;, andW;,s are updated using gradient-descent technique
number of nodes. Each of the firshodes computes the paft  in order to minimize the indeX¥. Whenpth andgth patterns

of (18) and the rest compus€ . The value of £, ; — Tmin ;) are presented to the input layer, the activation producedroy

is stored in each of the firstnodes. The number of nodes inthg1l < ¢ < 2n) input node isugo) = u§°> where

second hidden layer is takensa(s in order to extract’ number ©) )

of features. Each of these nodes has two parts; one of which u; =api, forl<i<nand
computingy? of (18) and the othep? of (19). The output layer uE?}rn) =4, forl<i<n. (20)

consists of two nodes which compyié and;© values. There ©

is a node (represented by black circle) in between the outpuyt’ (1 < i < 2n)is the total activation received by ath input
node computing:” -values and the second hidden layer. Thigode. The activation received byth node in the first hidden
node computes ..« (19) in the transformed feature space ant®yer is given by

sends it to the output node for computing. The value of3 is e8] (0) (0) .

. L =1 ; -1 S for1<i< 21
stored in both the output nodes. The feature evaluation itlex Y X o (= 1) X iy =t=n (1)
(25) is computed from thege-values off the network. and that produced by it is

Input nodes receive activations corresponding to feature
values of each pair of patterns.jath node in the first hidden
layer is connected tith (1 < ¢ < n)and(i+n)th (1 <i < n) = (uﬁ))Q, forn+1<7 <2n. (22)

v](»i) :(ug)), for1 <j; <n
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The activation received bysth node in the second hidden layerand

@ _

(u(Q)

J2

computes:”

by the other,

Therefore

n

= Ejl:l Qa1 Uy,
)2. The total activation received by the output node which

‘| and that produced by it s\’ =

+*?, and that received

g3
-values isuy” =37, Wiv

. 3 2n 1
ISLE)) = Zh:n-l—l U§1)'

,ué?) andug’) represendf,q as given by (18) and

(5), respectively. The activationséf)’) and vg’), of the output
nodes represem;—fq and u]% for pth andgqth pattern pair, re-
spectively. Thus,

(3172
O (ug )Y L if )2 < D, (23)
=0, otherwise
and
(3) (“g)))l/2 ; (3172
vo) =1- g —, i (uy)2<D (24
=0, otherwise.

au(?)

J2
ao‘jzh

= f(}(,l)’

" for1<j; <n (32)

The evaluation index, in terms of these activations, can then §d
expressed [from (1)] as

E(o, W)

2 1
T D) DI I U RRt o
p

a#p
(25)

oD [3 Lmaxj; — Lminj;
O = ( Zl 2 ) Z |aj2i|($maxi - -Tmini)
J271 max P
(33)
oF 1 (3) 8v§f’)
= (1 — 2L 34
3
3 1(u§§>)_1/2_3u(T)
e ey e L AU ORLES
J2
=0, otherwise (35)
EC)
aw}j = Vjs- (36)
J2

After minimization, i.e., wherE(«, W) attains a local min-
imum, the extracted features are obtained by (17) using the op-
timuma-values. The weights of the links, connecting the output

The task of minimization oF(«, W) [(25)] with respect to node computing:”-values and the nodes in the second hidden

andW;

Qs ja

J21

dient-descent technique where the changes;in, (A«j,;,)

andW;, (AW;

,,) are computed as

Aajzjl =—h Y Vi1, Jo, and (26)
J2J1
oF .
AW;, = _772W7 v j2 (27)
J

wherer; andr, are the learning rates.
For computation 0B E /¢, ;, anddE /dw,, the following

expressions

where

are used:

oE 1 o'
=01 - 2091 (28)
aajzjl 2 Qo1
v £ (31
= _— /2
Doy, D Tlwr)msD (29)
=0, otherwise
v — Dl(u(z))—l/Q duy) YMONTE oD
2 r aajzjl r aajz]i’
2
np ol
= (30)
aajzjl aajzh
(2) (2)
avjz . UI(Q) aulz (31)
e
aajzjl aaijl

for all j; andjs, is performed using simple gra-

layer, indicate the order of importance of the extracted features.
Like feature selection, the method does not need to know the
number of clusters in the feature space, and provides feature ex-
traction without clustering the feature space explicitly.

V. RESULTS

Here we demonstrate the effectiveness of the above men-
tioned algorithms on four data sets, namely, Iris [13], vowel
[14], [15], [19], medical [16], [17], and mango-leaf [18]. An-
derson’s Iris data [13] set contains three classes, i.e., three va-
rieties of Iris flowers, namely, Iris Setosa, Iris Versicolor, and
Iris Virginica consisting of 50 samples each. Each sample has
four features, namely, sepal length (SL), sepal width (SW), petal
length (PL), and petal width (PW). Iris data has been used in
many research investigations related to pattern recognition and
has become a sort of benchmark-data.

The vowel data [14], [15], [19] consists of a set of 871 In-
dian Telugu vowel sounds collected by trained personnel. These
were uttered in a consonant-vowel-consonant context by three
male speakers in the age group of 30—35 yr. The data set has
three featured;y, F», andF3 corresponding to the first, second,
and third vowel formant frequencies obtained through spectrum
analysis of the speech data containing six overlapping vowel
classesd, a, i, u, e, 0). The details of the data and its extrac-
tion procedure are available in [14]. This vowel data is being
extensively used for more than two decades in the area of pat-
tern recognition.

The medical data consisting of nine input features and four
pattern classes, deals with variottkepatobiliary disorders
[16], [17] of 536 patient cases. The input features are the
results of different biochemical testaz., glutamic oxalacetic
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transaminate (GOT, Karmen unit), glutamic pyruvic transam- TABLE |

inase (GPT, Karmen Unit), lactate dehydrase (LDH, iufl), w'VALUSiTAFOR RIS

gamma glutamyl transpeptidase (GGT, mu/ml), blood urea

nitrogen (BUN, mg/dl), mean corpuscular volume of red blood Feature w Rank

c_e_II (MCV, fI)_, mean corpuscular _hgmoglobln (MCH, pg), total SL 0058414 | 4

bilirubin (TBil, mg/dl) and creatinine (CRTNN, mg/dl). The sw |o0194421 | 3

hepatobiliary disorders alcoholic liver damage (ALD), primary PL 0.965575 .

hepatoma (PH), liver cirrhosis (LC) and cholelithiasis (C), ’

constitute the four output classes. PW 0603508 | 2
The mango-leaf data [18], on the other hand, provides in-

formation on different kinds of mango-leaf with 18 features, TABLE I

(i.e., 18-dimensional data) for 166 patterns. It has three classes w-VALUES FORVOWEL DATA

representing three kinds of mango. The feature set consists of

measurements like Z-value (Z), area (A), perimeter (Pe), max- Feature | w Rank

imum length (L), maximum breadth (B), petiole (P), K-value Fy ] 0.590065 | 2

(K), S-value (S), shape index (Sl), L+P, L/P, L/B, (L+P)/B, A/L, F 0.896044 | 1

A/B, A/Pe, upper midrib/lower midrib (UM/LM) and perimeter Fy 0.120944 | 3

upper half/perimeter lower half (UPe/LPe). The terms “upper”

and “lower” are used with respect to maximum breadth position. TABLE Il

i i o RECOGNITION SCORE WITHk-NN CLASSIFIER FORIRIS DATA
A. Feature Selection/Ordering of Individual Features

Tables | and Il provide the degrees of importaneceflue) of Feature % classification
different features corresponding to Iris and vowel data obtained k=11k=3 k=5
by the neuro-fuzzy approach. Note that, their initial values were SL 48.67 | 66.67 | 67.33
considered to be random numbers[in 1] while training the Sw 15533 (5267 | 52.67
network. The order of importance of the features for the vowel PL | 9333|9533 9533
data is found, from Table II, to bé&> > Fy > F3, where pw 18933 | 96.00 | 96.00

x > y means feature is more important thag. This con-
forms to those obtained in several earlier investigations based
on both feature evaluation and classification under supervige@posed algorithm, although being unsupervised, performs
mode [14], [15], [18], [19]. For Iris data, the best two featuregomparable/superior to the method under supervised learning.
are found to be PL and PW (Table I). This is also in agreementIn order to show the validity of these orders of importance,
with those obtained using supervised neural [2] and neuro-fu2#g¢ consider both scatter plots akdNN classifier fork = 1, 3,
[19] methods. and5. The results are shown only for Iris data. From the results

In the case of medical data, the proposed unsupervigtidi-NN classifier (Table Ill), PL and PW are found, as in
method results in the order of importance of the nin&able I, to be the best two individual featurd3L is seen to be
features aszOT > LDH > CRTNN > MCH > betterthanPW fork = 1, and itis the reverse fdr = 3 and5,
TBil > BUN > MCV > GPT > GGT, whereas it is although the difference is not significant. From Tables | and Il it
MCV > GOT > GPT > LDH > GGT > MCH > isseenthatboth-values and recognition scores corresponding
TBil > CRINN > BUN, obtained by an earlier investi- to featuresP L and PW are much higher than those 8 and
gation using supervised learning [19]. From these results, itV . This signifies the larger difference in importancelof,
interesting to note that the relative importance of five featureEV overSL, SW. All the six scatter plots, given in [19] also
e.g.,GOT > LDH > MCH > TBil > BUN, remains the reflect the similar observation that the feature gdh’, PW'}
same in both the approaches, although their individual ranigsthe best of all. Further, it is hard to discriminate the relative
are different. Further, the featuré&)7 and LDH have come importance of’L and PW (Fig. 3).
out as members of the sets of best four features by both thé\ote that, there is no unsupervised connectionist feature se-
methods. Similarly for mango-leaf data, such common featur§tion approach available in literature, to our knowledge. For
are found to be¢ and A/ Pe out of best four by these methodsthis reason, we have compared our results only with those of
(To restrict the size of the article, tables for these data sets h&e related supervised methods.
not been included.) ,

One may note that the recognition scores obtained-byN B Feature Extraction
classifier using{GOT, LDH, MCH, CRTNN} are44.22, As mentioned in Section IV, the number of nodes in the
41.98, and47.57 for £k = 1, 3 and 5, respectively, whereas second hidden layer determines the desired number of extracted
the corresponding figures are 44.40, 48.51, and 47.76 for features. That is, in order to extragt number of features,
set{GOT, GPT, LDH, MCV}. On the other hand, for the one needs to employ exacth/ nodes in the second hidden
mango-leaf data, these results are 77.71, 69.88, and 69.88 utaygr. For each data set, we performed experiments for different
the set{Pe, K, S, A/Pe}, and 61.90, 67.86, and 64.29 bynumber of nodes in the second hidden layer for finding different
{K, A/L, A/Pe, UPe/LPe}. These demonstrate that thesets of extracted features. The particular set for wilietalue
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Fig. 3. Scatter ploPL — PW of Iris data. Here *,” “+,” and “0” represent classes Iris Setosa, Iris Versicolor, and Iris Virginica, respectively.

TABLE IV and
VALUES OF & AND E FOR EXTRACTED FEATURE SETS OFIRIS DATA

I, =0.009 «+ SL+0.024 + SW —0.269 « PL —0.066 « PW.

Extracted Coefficients (a) of E | iina the i .  the featd dI
w-values representing the importance of the featiiyesnd I,

feature set SL SW PL PW Eqgn. .

e ur.e .ge (Ean. (1)) are found to be 0.712 669 and 0.889 967, respectively.
containing Similarly, the dimension of the best extracted feature space
one feature | 0.072 | -0.029 | 0.195 | 0.140 | 0.1024 is found to be two for vowel data (Table V), and eight for both

two 0.001 | 0.001 |-0.003 | -0.051 | 0.1016 medical and mango-leaf data. (For medical and mango-leaf
features | 0.009 | 0.024 | -0.269 | -0.066 data, tables are not included to restrict the size of the article.) In
three -0.017 | 0.005 |-0.123 | -0.153 order to demonstrate the effectiveness of the feature extraction
features | -0.004 | -0.025 | -0.006 | -0.084 | 0.1048 m?thotd,dwfe htave CorT‘tEat:]ecithfetﬂ'sc”m!”ar'”g capa;:tyNof the
0.024 | -0.004 | 0237 | 0.200 extracted features wi at of the original ones, usinly

classifier fork = 1, 3, and5. For Iris and vowel data, Tables
[, VI, and VIl demonstrate the percentage classification using

TABLE V the extracted feature set and all possible subsets of the original
VALUES OF & AND w FOR THE BEST EXTRACTED FEATURE SET OF feature set. In the case of Iris data, the recognition score using
VOWEL DATA

the extracted feature set is found to be greater than or equal

- to that obtained using any set of the original features, except
Extracted Coefficients (o) of w | Rank for one case (e.g., thg s{agL, SW, PL, PQIJ/V} with & = 5). P
Features B P s Similar is the case with the vowel data, where the extracted fea-
Vi -0.0057 | 0.0507 | 0.0006 | 0.7101 | 2 ture pair performs better than any other set of original features,

Va 0.0008 [ -0.1598 | 0.0009 | 0.7376 1 except the sef I, F», F5}. For medical and mango-leaf data,

comparison is made only between the extracted feature set and
the entire original feature set (Tables VIII-IX). Table IX shows
is minimum in a fixed number of iterations is considered to bat the classification performance in the eight-dimensional
the best. extracted feature space of mango-leaf data is much better than
Letus consider the case of Iris data. Table IV shows the valugst of its 18-dimensional original feature space for all values
of avj; [in (17)] for different sets of extracted features along withyf 1. Similar finding is obtained in the case of medical data,
their E-values. The extracted features are obtained by (17). N@)@cept fork = 1 (Table VIII).

that, the set containing two extracted features results in min-, 5 part of the experiment, the neuro-fuzzy method for fea-

imum E-value, and therefore, is considered to be the best of o eyiraction is compared with the well-known principal com-
all. The expressions for these two extracted features are t

written. from (17 rE)%?went analysis in a connectionist framework, called principal
en, from (17), as component analysis network (PCAN) [11]. Here, we provide the
I; =0.001 x SL+0.001 « SW —0.003 * PL—0.051 * PW  comparison for Iris data only. Scatter plots in Figs. 4 and 5 show
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and Iris Virginica, respectively.

the class structures in the two-dimensional extracted planes ohe may refer to scatter plot fétL — PW (Fig. 3). Note that
tained by our neuro-fuzzy method and the PCAN, respectivefy’L, PW} is found, in Section V-A, to be the best feature pair
The number of samples lying in the overlapping region is seéer Iris data. The extracted feature plahe- 1> (Fig. 4) is seen
to be more for the latter case. This is also verified from the r&2 have more resemblance with that in Fig. 3, as compared to
sults of fuzzye-means clustering algorithm (fer= 3), where Fig. 5.
the number of misclassified samples (lying in other regions) is
14 for the former case, as compared to 17 in the latter.

In order to compare the said class structures of the extractedn this article we have demonstrated how the concept of
planes (Figs. 4 and 5) with that of the original feature spaasguro-fuzzy computing can be exploited for developing a

VI. CONCLUSIONS
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TABLE VI
RECOGNITION SCORE WITH k-NN CLASSIFIER (CONTINUED FROM
TABLE Ill) FORIRIS DATA

Data Feature % classification

set set k=1{k=3 k=3
{SL,SW} 74.67 | 76.67 | 76.00

{SL,PL} 95.33 | 93.33 | 95.33

(SL, PW} 94.67 | 94.00 | 94.00

{SW,PL} 94.67 | 92.00 | 93.33

{SW, PW} 90.67 | 94.00 | 94.67

Original {PL,PW} 93.33 | 96.00 | 96.00

{SL,SW,PL} | 94.00 | 94.00 | 94.00
{SL,SW,PW} | 93.33 | 93.33 | 92.00
{SL,PL,PW} | 96.00 | 96.67 { 96.00
{SW,PL,PW} | 94.00 | 96.67 | 95.33
{SL,SW,PL,PW} | 95.33 | 96.00 | 96.67

Extracted {1, I} 96.00 | 96.67 | 96.00

TABLE VII
RECOGNITION SCORE WITHk-NN CLASSIFIER FORVOWEL DATA

Data Feature % classification
set set k=1|k=3|k=5
{Fl} 26.52 | 27.21 | 27.21

{Fy} 38.58 | 38.23 | 47.76
{3} 26.06 | 33.41 | 33.87

Original {F, F»} 56.37 | 68.20 | 76.35
{F, F3} 44.32 | 46.84 | 55.80

{F,, F3} 58.21 | 63.03 | 63.95

{F1, P, F3) | 78.42 | 81.29 | 82.43

Extracted W, W} 74.63 | 75.78 | 76.35

TABLE VI
RECOGNITION SCORE WITHA-NN CLASSIFIER FORMEDICAL DATA

Feature % classification
set k=1]k=3|k=5
Extracted | 53.92 | 56.34 | 59.89

Original | 55.22 | 56.16 | 59.14

TABLE IX
RECOGNITION SCORE WITHk-NN CLASSIFIER FORMANGO-LEAF DATA

Feature % classification
set k=1|k=31k=5
Extracted | 85.71 { 88.10 | 92.86

Original | 71.69 | 68.67 | 70.48

evaluation index are embedded into them. Both the algorithms
consider interdependence of the original features.

Since there is no unsupervised connectionist feature selec-
tion method available in the literature, to our knowledge, we
have compared our results with those of many related super-
vised algorithms [2], [14], [15], [18], [19]. Interestingly, our
unsupervised method has performed like supervised ones. Its
validity is demonstrated in terms of both classification perfor-
mance and class structures with the hel-™N classifier and
scatter plots.

The extracted feature space has been able to provide better
classification performance than the original ones for all the data
sets. The extent of overlapping region in the extracted plane of
the neuro-fuzzy method is less (as found by the scatter plots
and fuzzye-means algorithm) than that of the PCAN. Moreover,
the neuro-fuzzy feature extraction preserves the data structure,
cluster shape and inter pattern distances better than the PCAN.
Here we mention that the scatter plots obtained by the PCAN
and Sammon’s nonlinear discriminant analysis (NDA) network
[6] are alike.

Note that, the task of feature extraction by the neuro-fuzzy
method involves projection of am-dimensional original space
directly to ann’-dimensional transformed space. On the other
hand, in the case of PCAN, this task involves projection of an
n-dimensional original space to andimensional transformed
space, followed by selection of best number of transformed
components.
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