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Theorem: Suppose u, > p, (i.e., priority policy 4 is optimal if
p, and p, are known). Then
lim R =1.
Jim A6, 8,N)=1
N-oo
In other words, for any given 0 < B < 1, there exist ¢,, §;, and
N, such that for all € < ¢, § < 8;, and N > N,, it is assured that
Ro(e,8,N) =1 - 8.
Proof: From (4)
w8 + o(9)
pyd + o(8)
Cmto(8)/8

Tt o8 m 0(9)

and O(8) > 0 as § — 0. This relation is easily verified by
cross-multiplying. Also.
oV = (pa/m)" + 0(3).

Since p, = O(¢), from (5.2) and (54) for i=1--- N—1,m, =
O(€) and

p=ay/a =

m =1+ (ﬂz/ﬂl)N +0(8) + 0(¢).
Hence from (6)
R,(e,8,N) =m + O(¢)

= [1+ (mo/m)™ + 0(8) + 0()] " + 0(o).
Thus

im R,(¢,8,N) = lim [1+ "1™
eﬁaI—I}O (e ) N_{nw[ (m2/m) ]
—> 00

=1, ifp > p,. QED.

III. REMARKS, SIMULATIONS, AND CONCLUSION

In this work we demonstrated how a simple finite memory
fixed-structure learning scheme may be effectively used to learn
the priority assignment at a single server service station with two
job-streams. The service times of jobs in each stream is exponen-
tially distributed, whose parameters (and hence the optimal prior-
ity assignment policy) are unknown in the beginning. The al-
gorithm parameters, in Section II, may be suitably chosen so that
in steady state the probability of selecting the optimal action is
arbitrarily close to one.

Simulation comparison of the fixed structure scheme and the
variable structure scheme of [2] is presented in Table I. In the
variable structure scheme of [2], the probability of selecting a
policy is updated on the basis of the sample mean estimate
gathered for each stream. This updating depends on a step size a.
By selecting small values of a(a — 0), the steady-state probabil-
ity of choosing the optimal policy may be made close to one as
desired. The sample mean estimate for a stream is updated after
serving each job from that stream. In Table I, each simulation
point is averaged over 500 runs. The fixed-structure scheme is
faster on the average, and it also has a low variance, during
convergence. The reasons for low variance may be found in the
observation that state transitions occur only when events that
provide maximum evidence of one hypothesis against the other
occur. In general, updating events [2] that are not maximum
information events may initially lead the learning algorithm in a
wrong direction. In such a case it takes on the average longer to
converge to the optimum, resulting in slower convergence. For
example, suppose j, > p,, but the arrival rate (A,), for stream 2

is$ much larger than (A;) than for stream 1. Suppose a learning:

~algorithm derives its decision on the basis of sample means (for
each stream), which is updated after completion of every job.
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TABLE
FIXED VERSUS VARIABLE STRUCTURE SCHEMES

Variable Structure

Fixed Scheme [2]

t €e=0056=01,N=20 Step Size a = 0.1
(seconds) Py(t) al(1) Py(t) a3 (1)
0 (start) 0.5 0 0.5 0
50 0.446 0.220 0.472 0.28
100 0.412 0.182 0.435 0.241
150 0.364 0.141 0.392 0.210
200 0.305 0.095 0.354 0.177
250 0.293 0.095 0.323 0.149
300 0.187 0.059 0.291 0121
350 0.133 0.032 0.258 0.095
400 0.102 0.016 0.226 0.068
450 0.079 0.008 0.201 0.042
500 0.058 0.005 0.183 0.027
600 0.054 0.002 0.164 0.018
700 0.054 0.002 0.149 0.009
800 0.053 0.001 0.126 0.006
900 0.053 0.001 0.105 0.005
1500 0.052 0.0004 0.061 0.001

¢t > 0 time in seconds.

A; Poisson, arrival rate (jobs/seconds) for stream i =1, 2.

1/p; average service time in seconds for stream i =1, 2.

A, =025 X, =075 p,=2p = 2.

P,(t) average probability of choosing optimum policy A at time .
a2(t) variance of probability of choosing A at time .

Since A, > A;, the estimate of the mean converges near its true
value pu, faster than that for stream 1. If, however, at this time
the noisy estimate of p, is smaller, then the algorithm would have
drifted near the nonoptimal policy. Hence such a scheme would
take a longer time to converge to the optimum.

The fixed-structure scheme proposed here bears resemblance to
the optimal finite memory scheme of Cover—Hellman [4] for the
two-armed bandit problem. Optimal finite memory schemes for
the multiaction (greater than two) learning problems are not
known in the literature. Extending the results of this paper to the
case of more than two job streams, and relaxing assumption of
the exponential service time to arbitrary distributions, are sub-
jects of further investigation.
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evaluation in pattern recognition problems in terms of their intraclass and
interclass measures. The index value decreases as the reliability of a
feature in characterizing and discriminating different classes increases.
The algorithm developed has been implemented in cases of vowel and
plosive identification problem using formant frequencies and different S
and m membership functions.

1. INTRODUCTION

The process of selecting the necessary information to present
to the decision rule is called feature selection. Its main objective
is to retain the optimum salient characteristics necessary for the
recognition process and to reduce the dimensionality of the
measurement space so that effective and easily computable al-
gorithms can be devised for efficient classification.

The criterion of a good feature is that it should be unchanging
with any other possible variation within a class, while emphasiz-
ing differences that are important in discriminating between
patterns of different types. One of the useful techniques to
achieve this is clustering transformation [1]-[3], which maxi-
mizes/minimizes the interset/intraset distance using a diagonal
transformation, such that smaller weights are given to features
having larger variance (less reliable). Other separability measures
based on information theoretic approach include divergence,
Bhattacharyya coefficient, and the Kolmogorov variational dis-
tance [1]-[7].

The present work demonstrates an application of the theory of
fuzzy sets to the problem of evaluating feature quality. The terms
index of fuzziness [8), entropy [9], and m-ness [10] provide mea-
sures of fuzziness in a set and are used here to define the measure
of separability in terms of their interclass and intraclass measure-
ments. These two types of measurements are found to reflect the
concept of interset and intraset distances in classical set theory.
An index of feature evaluation is then defined using these mea-
sures such that the lower the value of the index for a feature, the
greater is the importance (quality) of the feature in recognizing
and separating classes in the feature space.

It is also to be mentioned here that the above parameters
provide algorithms for automatic segmentation [11] of grey tone
image and measuring enhancement quality [12] of an image.

Effectiveness of the algorithm is demonstrated on vowel, plo-
sive consonant, and speaker recognition problems using formant
frequencies and their different combinations as feature set and §
and 7 functions [13]-[15] as membership functions.

II. Fuzzy SETS AND MEASUREMENTS OF FUZZINESS

A. Fuzzy Sets

A fuzzy set A with its finite number of supports x;, x,, -+, x
in the universe of discourse U is formally defined as

4= {(P‘A(xi)7xi)}’ ey

where the characteristic function p,(x;) known as membership
function and having positive value in the interval [0,1] denotes
the degree to which an event x; may be a member of 4. A point
x,; for which p,(x;) = 0.5 is said to be a crossover point of the
fuzzy set A.

Let us now give some measures of fuzziness of a set 4. These
measures define, on a global sense, the degree of difficulty
(ambiguity) in deciding whether an element x; would be consid-
ered as a member of 4.

n

i=1,2,-,n

B. Index of Fuzziness

The index of fuzziness y of a fuzzy set 4 havmg n supporting
points reflects the degree of ambiguity present in it by measurmg
the distance between A and its nearest ordinary set 4 and is
defined as [8]

v(4) = 1/kd(A A) (2

where d(A, A) denotes the distance between A and its nearest
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ordinary set A. The set 4 is such that
pi(x) =0, if p,(x) <05

(32)

and
pi(x) =1, if p,(x)>05. (3b)

The positive constant & appears in order to make y(4) lie
between zero and one, and its value depends on the type of
distance function used. For example, k =1 for a generalized
Hamming distance, whereas k = 2 for a Euclidean distance. The
corresponding indices of fuzziness are called the linear index of
fuzziness y,(A) and the quadratic index of fuzziness y,(4).
Considering d to be a generalized Hamming distance, we have

dI(A’A) = Z_lﬂ'A(xi) - p‘/f(xi),
= ZI‘AmT(xi)’

i=1,2,,n

4

and

YI(A)= i=112""’n

©)

where p,~ 7(x;) denotes the membership of x; to a set which is
the intersection of the fuzzy set 4 and its complement A4 and is
defined as

Pana(x) = m-in{F'A(xi)’(l

2
_ZI‘AnI(xi)’
ny

_I"'A(xi))}’

i=1,2,--+,n.
Considering d to be an Euclidean distance, we have

Z.(""A(xi) - l"A"(xi))2 1/2’

i=1,2,

v,(4) = T
(6)

C. Entropy

The term entropy of a fuzzy set 4 is defined according to
Deluca and Termini [9] as .

A(4) = —— 55,(k(x),
with
Si(pa(x)) = —pa(x) In(py(x,))

—(1 = pa(x) (1 = py(x)). (8)

In (7) and (8), In stands for natural logarithm (i.e., base e).
However, any other base would serve the purpose because of the
normalization factor In2 in (7).

v(A) and H(A) are such that (from (5)-(7))

i=1,2,---,n

(™

Ymin = Hapin = O(min), forp,(x;) =0o0rl  foralli (9a)
Yoax = Hpax = 1(max), for p,(x;) = 0.5, forall i. (9b)
Suppose p,(x;) = 0.5, for all i. Then pi(x;) =0, for all i,

and

w0 =33(3) -5 -
yq(A)——(;(-li)z)VZ%.g:l
and
H(A) = 5 2 -0 ) = i - win2 -

Therefore, y and H increase monotonically in the interval [0, 0.5]
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and decrease monotonically in [0.5,1] with a maximum of one at
n=05.

D. w-ness
The 7-ness of A is defined as [10]

n(4) =~ £6,(x),

where G, is any 7 function as explained in the Section III.
G, (0 G, < 1) increases monotonically in [x; =0 to x; =
ma,‘/2 say] and then decreases monotonically in [x,,. /2, x.. ]
with a maximum of unity at x,_, /2, where x,,, denotes the
maximum value of x;.

III. MEMBERSHIP FUNCTIONS

Let us now consider different § and « functions to obtain
p4(x;) from x;. The standard S function as defined by Zadeh
[13] has the form

pas(x;; a,b,c)
=0,

i=1,2,-,n (10)

(11a)
—A(x-a)/(c-a),  a<x<b (11b)

=1-2[(x,—¢)/(c—a)]’, b<x,<c (1l
-1, x>c  (11d)

in the interval [a, ¢] with b = (a + ¢)/2. The parameter b is
known as the crossover point for which p,g(b) = S(b; a, b, ¢)
=0.5.

Similarly, the standard = function has the form

pan(x5a,c,a’) = pys(x5a,b,¢), x; < ¢ (12a)
=1-p(x5¢,0,0), x;>c (12b)

in the interval [a, @’] with ¢ = (a + a@’)/2, b= (a + ¢)/2, and
b= (a’ + ¢)/2. b and ¥ are the crossover points, i.e., p 4, (b)
= p 4, () =05, and c is the central point at which p,, = 1.

Instead of using the standard S and = functions one can also
consider the following equation as defined by Pal and Dutta
Majumder [14], [15]

pa(x;) =G(x;) = [1 + (M)

£

x;<a

-F

(13)

which approximates the standard membership functions.

F, and F, (two positive constants) are known respectively as
exponential and denominational fuzzy generators and control the
crossover point, bandwidth, and hence the symmetry of the curve
about the crossover point. %, is the reference constant such that
the function represents an S-type function Gg for £, = x,,,. and
a m-type function G, for X, = x;, 0 < x;, < x,,., where x,,,
represents the maximum value of x,.

Iv. FEATURE EVALUATION INDEX

Let €, G, -+, G, -+, G, be the m-pattern classes in an N-

d.lmens1onal (Xl, Xy, Xq, -+, Xy ) feature space Q. Also, let

-+, m) be 'thé number of samples available from
cfass C The algonthms for computing y, H, and =7-ness values
of the classes in order to prov1de a quantitative index for feature

evaluation are described in this section.

A. Computation of y and H Using Standard w Function

Let us consider the standard # function (12) for computing y
and H of C; along the gth component and take the parameters
of the function as

€= (xq_/)av

S =c+ max{l(xqj)av —

(14a)

(x‘If)maxl’ ’(xq/)av - (x4j)min|}
(14b)
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with
b=2c—-V (14c)
a=2b-c (144d)
a =2 -c (14e)

where (x Davs (Xg;) max> and (%4 min denote the mean, maxi-
mum, an ‘minimum values respectively, computed along the gth
coordinate axis, over all the n; samples in C,.

Since p(c) = p((x,;)a) = 1, the values of vy and H are zero
at ¢ = (x,;),, and would tend to unity (9) as we move away
from ¢ towards either b or ' of the « function (i.e., from mean
towards boundary of C, ) The lower the value of y or H along
the gth component in C, the greater would be the number of
samples having p(x) = l (or the less would be the difficulty in
deciding whether an element x can be considered, on the basis of
its gth measurement, a member of C; or not) and hence the
greater would be the tendency of the samples to cluster around
its mean value, resulting in less internal scatter or less intraset
distance or more compactness of the samples along the gth axis
within C,. Therefore, the reliability (goodness) of a feature in
charactenzmg a class increases as its corresponding y or H value
within the class (computed with 7 function) decreases.

The value of y or H thus obtained along the gth coordinate
axis in C; may be denoted by vy, or Hy;

Let us now pool together the classes C and G, (j Jk=
1,2,---,m, j # k) and compute the mean (xqjk)av, maximum
(xq jk)max and minimum (%) min Values of the gth component
over all the samples (numbering 7, + n k) The value of y or H
so computed with (14) would therefore increase as the goodness
of the gth feature in discriminating pattern classes C; and C,
increases, because there would be fewer samples around "the mean
(%4x) 2 Of the combined class, resulting in y or H = 0, and more
samples far from the (x, 1),y giving y or H = 1. Let us denote
the y and H value so computed by y;; and Hj,, which
increase as the separation between C;, and C, (ie., separatlon
between b and ') along the gth dimension increases or, in other
words, as the steepness of # function decreases.

It is to be mentioned here that one can also replace (x,;),,,
(xqj)max and (xqj)mm of (14) by (xqjk)aw (xq/)aw and (qu)av’
respectively, to compute y,; or H, ;. In this case, only their
absolute values but not their behavior, as described previously,
would be affected.

B.  Computation of vy and H Using Standard S Function

For computing y and H of C; along the gth component let us
now take the parameters of S function (1) as

b= (xqf)av (152)
c=b+ max{l(x‘ﬂ)av - (xqf)max|’ |(xqj)av - (xqj)minl}
(15b)
where
a=2b-c. (15¢)
Since p(b) =

p((x,;)a) = 0.5, the values of y and H are 1 at
b= (x,), and would tend to zero (9) as we move away from b
towards either ¢ or a of the S function. The higher the value of y
or H, the greater would be the number of samples having
p(x) = 0.5 and hence the greater would be the tendency of the
samples to cluster around its mean value, resulting in less internal
scatter within the class. Therefore, unlike the case with 7 func-
tion, the reliability (goodness) of a feature in characterizing a
class C; increases as its corresponding vy,; or Hy; Value within
the class increases.

S1m11arly, 1f we now pool together the classes C; and Cj
(j,k=12,---,m, j# k) and compute the mean, ‘maximum
and minimum values of the qth component over all the samples
(n; + n,), then the value of yg;, or Hy; so computed with (15)
would therefore decrease as the goodness of the gth feature in
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discriminating pattern classes C;, and C, increases; because there
would be fewer samples around the mean of the classes G and
C,, resulting in y or H =1, and more samples far from the
mean, giving y, or H = 0.

It therefore appears that the y,; (or H,;) and v, (or H, ;)
reflect the concept of intraset and interset distances, respectively,
in a classical feature-selection problem. With decrease in intraset
and interset distances along gth component in C; the values of
Y,; (or H ;) and vy, (or H, ;) are seen to decrease, or increase,
when computed using the 7, or S function.

C. Computation of m-ness

Similarly, for computing 7, ; along the gth dimension in G,
the parameters of the # function are set as follows: .

c= (xCIj)av (163)
a’ = ¢+ max { l(xqj)av - (xqj)maxl’ |(xqj)av - (xqj)min{}
(16b)
with

b=(a+c)/2, ¥ =(a+c)/2. (16c)

For computing 7, the classes C, and C, are pooled together
and these parameters are obtained from (7, + n,) samples. Like
the y* (or H*) value obtained with S function, 7,; and T, ik
increase as intraset and interset distances in C; decrease.

Considering these intraclass and interclass measures in each
case, the problem of evaluating feature quality in Q, therefore
reduces to minimizing /maximizing the values of

a=2c~-a,

L4 4 5 2
Yqj OF qu/ Yqj OF qu Or 7y
while maximizing /minimizing the values of
s
Yajk OF Hyji/Ygj 0t Hyppe ot 7,50

The feature-evaluation index for the gth feature is accordingly
defined as

d,,+d
(FEI)q=u,
dqjk
Jy k=12, m, j+*k,qg=1,2,--- N (172)

where d stands for y™ or H™ and

dqjk

i (17b)
dy; + dy

(FED), =

F2 IN Hz

! 1 1 1 1 1 i i 3
1600 1800 2000 . 2200 2400 2600

Vowel diagram in F-F, plane.

where d stands for y* or H® or #-ness. The lower the value of
(FEI),,, the higher is, therefore, the quality (importance) of the
qth feature in characterizing and discriminating different classes

in Qy.

V.

For implementation of the above algorithm, the test material is
prepared from a set of nearly 600 discrete phonetically balanced
speech units in consonant-vowel-consonant Telugu (a major
Indian Language) vocabulary uttered by three male speakers in
the age group of 30-35 years.

For vowel sounds of ten classes (8, a, i, i:, u, u:, e, e:, 0 and
o:) including shorter and longer categories, the first three formant
frequencies at the steady state (F,, F,, and F,) are obtained
through spectrum analysis.

For consonants, eight unaspirated plosive sounds namely the
velars /k, g/, the alveolars /i, d/, the dentals /¢,d/, and the
bilabials /p, b/ in combination with six vowel groups
(8,a,E,I,0,U) are selected. The formant frequencies are mea-
sured at the initial and the final state of the plosives. The details
of processing and formant extraction are available in [14]-[16].

IMPLEMENTATION AND RESULTS

A.  Vowel Recognition

A set of 496 vowel sounds of ten different classes are used here
as the data set with F}, F,, and F; as the features. Fig. 1 shows
the feature space of vowels corresponding to F; and F, when
longer and shorter categories are treated separately.

Fig. 2 shows the order of importance of formants in recogniz-
ing and discriminating different vowels as obtained with intra-
class measures (diagonal cells) and FEI values (off-diagonal
cells). Results using only S function in computing v, and H
values are shown here. Lower triangular part of the matrix
corresponds to the results obtained with standard S and 7
functions ((11) and (12)) whereas, the upper triangular portion
gives the results corresponding to their approximated versions
(13). While using (13) we selected the parameters as follows.

For S-type Function:

for computing v,; or H,; (18a) .

A" = (‘xq})max’

= (%gjt) max»  for computing vy, or H,,,. (18b)
F, and F, were selected in such a way that (x ) av corresponds to
the crossover point, i.e., Gs((x,),,) = 0.5. To keep the crossover
point fixed at (x,),,, different values of F, and F, may be used

to result in various slopes of S function.
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Fig. 2. Order of importance of features.
For w-type Function: TABLE I
u . INTRACLASS AMBIGUITIES FOR SHORT AND LONG VOWEL CLASSES
%, =(x,),,, forcomputing =, (19a)
Membership Vowel Class
: Function
= (X)), for computing . (19b) i b w owm e e o o
As crossover points have no importance here in measuring 7-ness, 201 2 3 4 1 2 2
the selection of fuzzifiers is not crucial. Standard 2 1 2 6 6 1 2 2
The results using (13) (as shown in the lower trianglular part of 1 1 2 6 6 1 2 2
Fig. 2) were obtained for F, =1/16,1/8,1/4,1/2, and 1 with '
the crossover point at (x,),,. These values of F, were also found Approximated 3 1 2 1 5 1 2 1
to yield optimum recognition score in earlier investigations on version 31 2 1 5 1 2 1
vowel and plosive identification [14], [15]. For computing ,; and 11 2 1 11 2 1
7> F; was selected to be 50 for F, = 1/16. 1: RRF 2. KEF
Again, the order of importance as shown in Fig. 2 was ob- 3: FRF 4 EFEF
tained after pooling together the shorter and longer counterparts 5: REF, 6. FEE

(differing mainly in duration) of a vowel. In a part of the
experiment the shorter and longer categories were treated sep-
arately, and the order of importance of formants for the corre-
sponding y,,, H,;, and 7 ; values (intraclass measures) is listed
in Table L This is included for comparison with the diagonal
entries of Fig. 2.

For vowel recognition (except for /E/, as shown from Fig. 2)
the first two formants are found to be much more important than
F; (which is mainly responsible for speaker identification). Fur-
thermore, better result has been obtained for the cases when the
shorter and longer categories are pooled together than the cases
when they are treated separately. The result agrees well with
previous investigation [14]. From the FEI measures of different
pair of classes (off-diagonal cells of Fig. 2), F; is seen to be more
important than F, in discriminating the class combinations
/u,0/, /I,E/, /a,U/, and /8,U/, i.e., between /front and
front/ or /back and back/vowels. For the other combinations,
ike., discriminating between /front and back/ vowels, F, is
found to be the strongest feature. The above findings can readily
be verified from Fig. 1.

Typical FEI values for F}, F,, and F; are shown in Table II to
illustrate the relative difference in importance among the for-
mants in characterizing a class. ‘

Similar investigations have also been made in case of speaker
identification problem- using the same data set (Fig. 1) and
(R BB, F,~ K, F - F, F,/F, F/F) as the feature set.
" FEI values have been computed for each of the three speakers

individually for all the vowel classes. Contrary to the vowel
recognition problem, F; and its combinations were found here to
yield lower FEI values, ie., more important than F, and F,—
resembling well the earlier report [14]. ‘ '

B.  Plosive Recognition

A set of 588 unaspirated plosive consonants are used as the
data set with AF, AF, (the difference of the initial and final
values of the first and second formants), AT (duration), AF, /AT,
AF, /AT (the rates of transition) as the feature set.

The order of importance of the features for plosive recognition
according to FEI values does not seem to be very regular as has
been obtained in case of vowel recognition problem. Here all five
features have more or less importance in determining the plosive
classes, contrary to the case of vowel recognition, where F; has
much less importance than F, and F, in defining the vowel
classes. However, a qualitative assessment has been adopted here
to formulate an idea about the quality of the features based on
the measure of FEL

Table III shows the number of times each feature has occupied
a particular position of importance on. the basis of FEI measure
using y, H, and m-ness values and different target vowels.
Results corresponding to both standard membership functions
and their approximated versions are included for comparison.
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TABLE II
TypicAL FEI VALUES OF THE FORMANTS USING STANDARD MEMBERSHIP FUNCTIONS

FEI Values According to the Parameter

Vowel Index of Fuzziness Entropy 7-Ness
Classes  F b 5 £ B F 5 B F
8,1 0.4521 0.3378 0.7142 0.4829 0.3874 0.6226 0.4828 0.3778 0.6402
a,U 02093 0.3649 0.5970 0.3038 0.4300 0.5860 0.2755 0.4253 0.5963
LE 0.4503 0.4591 0.5894 0.4822 0.4841 0.5581 0.4795 0.4846 0.5649
Lo 0.3133 0.1018 0.6329 0.3994 0.1811 0.5586 0.3826 0.1483 0.5645
U,E 04538 02696 0.5635 0.4839 0.3289 0.5282 0.4822 0.3158 0.5286
U, 0 03126 05196 0.5720 0.3948 0.4999 0.5547 0.3859 0.4994 0.5630
TABLE 111 we have
IMPORTANCE OF PLOSIVE FEATURES ACCORDING TO FEI dg;>dy,
Mgumr}’:ézglp First P"S‘“"“Szgx‘:g’omnce Third ie., the gth feature is more important in recognizing the kth
class than the jth class. Value of the interset ambiguity dg
Standard Ly, Iy, , I,y Vo, 1,5, 1, IVig, 15y, 10y expected, then decreases showing the deterioration in reha{nhty
Approximate IVyy,Vyg,Li; Iy, 154, Vog Iy, Ios, 115, (goodness) of the gth feature in discriminating C; from C,.
Standard L3, 150, 0y 11131,1126,124 139, 11150, Vo Similar behavior would also be reflected for the third (repre-
Approximate IV, Ii7, 11, MLy, Ls, 11144, Ip4, Vi senting skewness of a class) and higher order moments when they

1) Suffixes indicate the number of times the feature has
occurred in the position. _
)L, IL, IT1, IV, V  represent the features

AT, AF, /AT, AF, /AT, respectively

AF, AF,,

Let us now consider the case of unvoiced plosive sounds with
the standard membership function. The features AF,, AT, and
AF, were first in order of importance 36, 34, and 20 times,
respectively. They occupied the second position 42, 25, and 17
times, respectively, and the third 36, 22, and 21 times, respec-
tively. Considering the first three number of occurrences in first
two positions and the first two number of occurrences in first two
positions, it is seen that the set (AF;, AT) is more effective than
(AE, /AT, AFE,), which is again more important than AF, /AT in
discriminating unvoiced plosive sounds. Similarly, the features
(AF,, AT, and AF,) (particularly, AF,, AT) are seen to be more
reliable than the others in characterizing voiced plosives using the
standard membership function.

Let us now consider the cases of using approximate version of
the membership functions (13). To discriminate unvoiced plosives
the set (AF, /AT, AF,/AT) gives better characterizing feature
than AF, and AT, whereas for the voiced counterparts
(AF, /AT, AF,, AT) came out to be the best feature set.

From these discussions, the features AF, and AT are overall
found to be the most important in characterizing and dis-
criminating different plosive sounds. The result conforms to the
earlier findings [15], [16] obtained from the point of automatic
plosive sound recognition.

VI

An algorithm for automatic evaluation of feature quality in
pattern recognition has been described using the terms index of
fuzziness, entropy, and m-ness of a fuzzy set. These terms are used
to define measures of separability between classes and compact-
ness within a class when they are implemented with S and =
membership functions. For example, when these measures are
implemented with « function, d7; (d stands for y or H) then
decreases as compactness wrthm jth class along gth direction
increases and d7, increases as separability between C; and C
increases in the gth direction. If the classes C; and d do not
differ in mean value but differ in second order moment, i.e.,
variances are different, then

[(xqj)max - (xqj)mjn] > [(qu)max - (qu)miu]

(assuming C; with larger variance than C;). From (12) and (14)

Di1scussION AND CONCLUSION

are different for C; and C, with the same mean value. The
algorithm is found to provide satisfactory order of importance of
the features in characterizing speech sounds, in discriminating
different classes of speeches and also in identifying a speaker.

Since F; and its higher formants (F,, F;,---) are mostly
responsible for identifying a speaker, we have considered in our
experiment only F; in addition to F; and F, for evaluating
feature quality in vowel recognition problem.

It is to be mentioned here that the well-known statistical
measures of feature evaluation such as Bhattacharyya coefficient,
divergence, Kolmogorov variational distance, etc., theoretically
take into account the interdependence of feature variables. Their
computation involves multivariate numerical integration and
estimation of probability density functions [4]. In practice in their
computation, the features are usually treated individually to
avoid computational difficulty [17]). Our proposed measure also
treats the features individually. In fact, the present algorithm
attempts to rank individual features according to their impor-
tance in characterizing and discriminating classes. Combination
of features in doing so is not of interest. Furthermore, even in the
case of independent feature, the algorithm is computationally
more efficient than the aforesaid statistical measures.
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