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Abstract

Most of the real life classification problems have ill defined, imprecise or fuzzy class boundaries. Feedforward neura
networks with conventional backpropagation learning algorithm are not tailored to this kind of classification problem.
Hence, in this paper, feedforward neural networks, that use backpropagation learning algorithm with fuzzy objective
functions, are investigated. A learning agorithm is proposed that minimizes an error term, which reflects the fuzzy
classification from the point of view of possibilistic approach. Since the proposed algorithm has possibilistic classification
ability, it can encompass different backpropagation learning algorithm based on crisp and constrained fuzzy classification.
The efficacy of the proposed scheme is demonstrated on a vowel classification problem. © 1998 Elsevier Science B.V.
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1. Introduction

Feedforward neural networks (FFNN) based on
backpropagation (BP) learning algorithm (Haykin,
1994; Yegnanarayana, 1994) are currently used ex-
tensively for pattern classification. However, a major
drawback of the BP agorithm is that it assigns each
input pattern exactly to one of the output classes,
assuming well-defined class boundaries. In real life
situations, however, boundaries between the classes
may be overlapping. There can be certain input
patterns that do not completely belong to a single
class, but partially belong to the other classes too.
This limits the applicability of the BP agorithm on
the real life problems. In order to reduce this limita-
tion, fuzzy sets based classification approach inside
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the basic framework of the BP algorithm, has been
recently investigated. The use of fuzzy concept in
pattern classification is aso supported by the fact
that the psycho-physiological process involved in
human pattern classification does not employ precise
or crisp mathematical formulations. Several interest-
ing feedforward neuro-fuzzy systems have been pro-
posed (Pal and Mitra, 1992; Pedrycz, 1992), and
they cover a wide range of applications (Lin and
Lee, 1996).

This research work proposes a method of embed-
ding fuzzy classification properties into the conven-
tional BP learning algorithm of FFNNSs. Input is
assumed to be crisp for these FFNNs, only the
classification is fuzzy. A network applied for this
kind of classification is needed to be passed through
two phases, namely training and testing phase. In the
training phase the network is trained with a given set
of training patterns as inputs and the corresponding
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classes as target outputs. During training, the net-
work adapts certain parameters, e.g. weights and
bias, such that the network output reaches the target
value. Since the classification is fuzzy, an input
pattern may not necessarily belong to a single class;
rather it may belong to more than one class with
different degrees of belongingness. Consequently,
unlike the conventional BP, the number of target
classes corresponding to each input training pattern
may be more than one. The am of the proposed
learning algorithm during training is to minimize an
error term, henceforth termed as fuzzy mean square
error. The fuzzy mean square error is the overall
weighted sum of the square error between the actual
network output and al possible target outputs, where
the weight signifies the level of belongingness of the
input pattern into the corresponding target class. If a
new input pattern is presented to the network after
training, it yields the output as class membership
values of the corresponding input pattern.

The proposed learning algorithm is derived in
such a manner that the sum total of the membership
values for a particular pattern to all the classes need
not necessarily be egqual to one. This implies that the
membership assignment is not constrained fuzzy (Pal
and Bezdek, 1995); on the other hand, it is possi-
bilistic (Pal and Bezdek, 1995). This idea of possi-
bilistic membership assignment is in the line of
possibility theory, which was first proposed by L.
Zadeh (1978). The possibilistic membership assign-
ment is desirable to signify the ignorance or different
levels of evidence, which are well discussed in belief
theory (Shafer, 1976) and possibility theory (Klir and
Folger, 1993; Klir and Yuan, 1995). In the case of
constrained fuzzy membership assignment, i.e., when
the sum total of the membership values of an input
pattern to al the classes is one, we show that the
attractive learning algorithm, given by Pal and Mitra
(1992), is equivalent to the proposed algorithm. In
addition to it, when the classification is crisp, the
proposed learning algorithm boils down to the con-
ventional BP agorithm. Thus, it turns out that the
possihilistic approach of the proposed algorithm leads
it to encompass both constrained fuzzy classification
and crisp classification. Another aspect of the pro-
posed learning algorithm is that it has the scope for
controlling the amount of fuzziness that is involved
in the classification process.

2. Background of fuzzy classification

In this section we present different theoretica
aspects of fuzzy sets for applying them to pattern
classification problems.

2.1. Fuzzy sets

In traditional two-state classifiers, where a class
A is defined as a subset of a universal set X, any
input pattern x € X can either be a member or not
be a member of the given class A. This property of
whether or not a pattern x of the universal set
belongs to the class A can be defined by a charac-
teristic function w,: X — {0,1} as follows:

/1 ifandonlyif xeA,
#a(X) = 0 ifandonlyif x¢& A

In real life situations, however, boundaries be-
tween the classes may be overlapping. Hence, it is
uncertain whether an input pattern belongs totaly to
the class A. To take care of such situations, in fuzzy
sets (Bezdek, 1981) the concept of the characteristic
function has been modified to membership function
ta: X = [0,1]. This function is called membership
function, because larger value of the function de-
notes more membership of the element to the set
under consideration.

A C-class classification problem for a set of input
patterns {X;,X,,...,Xp} is basically an assignment
of the membership values u(x,) on each x, € X,
Vc=12,...,C, Vp=1.2,...,P. If the membership
values are crisp, then X is partitioned into C sub-
groups during the classification process. In fuzzy
context, C partitions of X are the set of values
{m(xp)}, that can be conveniently arranged on a
C X P matrix U =[ u(x,)]. Based on the character-
istic of U, classification can be of the following
three types (Pal and Bezdek, 1995):

1. Crigp classification:

Mp={UER" | u(x,) €{0,1}Vc,Vp;

C P
Z/-'Lc(xp)=1;o< Z:u*c(xp)<PVC :
c=1

p=1
(1)
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2. Constrained fuzzy classification:

M, = {u € R | ue(x,) €[0,1]Vc,Vp;

ZC: me(Xp) =1,0< XPZ me(Xp) <PVC}-
c=1

p=1
(2)
3. Possihilistic classification:
M. = {U € R | p(x,) €[0,1]Vc,Vp;
P
0< Z,uc(xp)<PVc}. 3
p=1

Fig. 1 shows a situation containing two classes.
Here, both the patterns A and B are equidistant from
the two classes. In crisp classification, the member-
ship value of A in one class will be 1 and in the
other class it will be 0. It is true for the pattern B
also. Obvioudly, this kind of membership assignment
does not reflect the intuitive classification situation
as A and B partialy belong to both the classes. In
constrained fuzzy membership assignment, both the
patterns A and B will be assigned the membership
values equal to 0.5. Although this membership as-
signment is better than the crisp counterpart, it fails
to consider the pattern A as a more typical one than
the pattern B. It is because, here the membership
assignment is a relative one, and it depends on the
membership values to both the classes. In possibilis-
tic membership assignment, the pattern A will re-
ceive equal membership values to both the classes. It

B
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Fig. 1. The crisp membership values of data A and B in both
classes are either 0 or 1. The constrained fuzzy membership
values of data A and B in both classes are about 0.5, which do
not consider the fact that B is much less representative of either
class than A.

is true for B also. But, the membership of B in any
class will aways be less than that of pattern A.
Therefore, the possibilistic assignment may not be
summed to one, and thus, it can distinguish between
equa evidence and ignorance (Krishnapuram and
Keller, 1993). This property of the possibilistic as-
signment makes it attractive compared to the other
two assignments. From the relations (1), (2) and (3),
itisobviousthat My, € My, CM,,.. We will see later
that our proposed learning algorithm is based on the
possibilistic classification, and hence as a natural
consequence, various BP agorithms based on the
constrained fuzzy and crisp classification become
particular cases of the proposed agorithm.

From the above discussion, it is apparent that any
concept that uses fuzzy sets requires the membership
function to be defined. This function is usualy de-
signed by taking into consideration the requirements
and congtraints of the problem.

2.2. Computation of membership values for fuzzy
classification

This part of the discussion describes how to deter-
mine the membership value of each input pattern.
The membership value of the pth input pattern to the
class c is defined as (Pal and Dutta M ajumder, 1986)

1

- 1+ (zo/Fy)™ @

/-Lc( Xp)

where z,. is the weighted distance, and the positive
constants Fy and F, are the denominational and
exponentional fuzzy generators controlling the
amount of fuzziness in this classmembership set.
The weighted distance is discussed in detail later.
Obviously, u(x,) liesin the interval [0,1]. Specifi-
cally, the higher the distance of a pattern from a
class, the lower is its membership value to that class.
In particular, when the distance is zero, the member-
ship value is one (maximum), and on the other hand,
when the distance is infinite, the membership value
is zero (minimum). The method of calculating the
weighted distance is as follows.

Let the N-dimensional vectors m, and o, denote
the mean and standard deviation, respectively, of the
set of training patterns for the cth class. The weighted
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distance of a training pattern x, =
[ Xp1:Xp2: -2 X ]T from the cth class is defined as

(Pal and Dutta Majumder, 1986)

—m. 12
u] Vc=1,...C. (5
I

£

The weight 1/0,; is used to take care of the vari-
ance of the classes so that a feature with higher
variance has less weight (significance) in characteriz-
ing a class (Pal and Dutta Majumder, 1986). Note
that when the ith feature values of al the patterns
from the cth class are the same, then the standard
deviation o; will be zero. In such a situation, we
consider a;; = ¢, where ¢ is a very smal positive
value. In this work the mean and standard deviation
of each class are calculated from the set of input
training data corresponding to that particular class.
Note that here X, u(x,) Vp needs not be equal to
one.

However, while choosing the mean as the proto-
type of a class, we must be careful enough to avoid
the outliers present in the input data set. To avoid the
effect of the outliers, we first calculate the mean m,
and the standard deviation o, of the cth class by
considering all the training inputs from that class.
Then, we recalculate the mean of the cth class by
taking the training input patterns of the cth class
which lie in between m,— 2o, and m_+ 20. It
can be shown that the speech data from each class
form a normal distribution. As the distribution is
normal, we basically recalculate the mean based on
the 95.45% data from the cth class. Since the out-
liers lie at the boundary of the class, there are high
chances that the outliers will come from the remain-
ing 4.55% patterns, that are lying at the boundary of
the class. Thus, the effect of the outliers is reduced.
In order to avoid outliers, we could have chosen the
median in place of the mean as the class representa-
tive. Although the mean and median each provides a
single number to represent an entire set of patterns
from a class, the mean is usually preferred in the
problems of estimation. An intuitive reason is that
the median is generally subject to greater chance of
fluctuation, i.e., it is apt to vary more from sample to
sample. Hence, in this work we decided to choose
mean as the class prototype.

3. Back propagation algorithm with fuzzy objec-
tive functions

Let, the training set in a C-class problem consists
of vector pairs{(xy, ¥;),(X5,¥,), ...,(Xp, Yp)}, Where
x, € RN refersto the pthinput pattern and y, € {t|,
e 1,2,...,C; t. € R} refers to the target output of
the network correspondr ng to this input. Specifically,
if xp is from the kth class, then y,=t,, where

=1land t,, =0Vc, c#k

3.1. Architecture

The network used here is a multilayer feedfor-
ward network which can have severa hidden layers.
Without loss of generality, number of the hidden
layers can be assumed to be one with H hidden
nodes. When an input pattern Xx, =
(Xp1sXpas- -, Xpy)' 1S @pplied at the input layer of
the network, the input units distribute the values to
the hidden layer units. The output of the jth hidden
unit is

1

op; = f"(netf;) = L+ oxp(—ne}) |

pJ J pJ

where net) = XN wix,; + 6. Here, wi is the
weight of the link from the |th input node to the jth
hidden node. 6" and f" are the bias term and
transfer function of the jth hidden node. Similarly,

the output of the kth output node is
1
1+ exp(—netd, )’

fio(netgi) =

where net9, = X wg, f°(net9)) + 6¢. The h and o
superscri pts refer to the quantities in the hidden and
output layers, respectively.

3.2. Training

The adaptive parameters of the FFNN consist of
al weights and bias terms. The sole purpose of the
training phase is to determine the optimum setting of
the weights and bias terms so as to minimize the
difference between the network output and the target
output. This difference is referred to as training error
of the network. The error measure can be fuzzy
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mean square error, which is basically a fuzzy coun-
terpart of the mean square error (Haykin, 1994) used
in the conventional BP algorithm.

In the conventional BP algorithm, the mean square
error for the pth input pattern is defined as E, =

Loty — 0p)>. However, the use of E, as an

error term is justified when each input pattern be-
longs to only one class. But, in fuzzy classification
the input pattern may belong to more than one class
with different degrees of belongingness. It implies
that the target value of an input pattern may be more
than one. In other words, each input pattern can have
al possible target values with different membership
values (certain membership values may be zero also).
Through training the network attempts to reach those
target values weighted by different membership val-
ues. In other words, the problem of training can also
be conceptually viewed as a fuzzy constraint satis-
faction problem. Here, the constraint is that each
input pattern should belong to a particular class, and
the associated membership value signifies upto what
extent this constraint should be satisfied. In the
training phase, the proposed network adapts the pa-
rameters so that these constraints are resolved opti-
mally. Mathematically, for the pth input pattern the
constraints can be expressed as the fuzzy mean
square error term, which is defined as

; p)( ck ng)z' (6)

T\J|H
uMo

Here, the index of u, i.e, qe[0,°) controls the
amount of fuzziness present into the classification.
Different values of q signifies upto what extent, the
constraints should be satisfied. When q=0, each
input pattern tries to attain all the target outputs with
equal importance, and ultimately the network learns
the mean of al the class centers. When the value of
g is greater than one, the constraints associated with
the high membership values get more importance to
be resolved. When q tends to be infinity, only the
input pattern which belongs to a class completely,
i.e. with membership one, is learned. Specificaly,
the larger the q is, the less fuzzier are the member-
ship assignments. Consequently, we can observe that
Eg, decreases strictly towards zero as q increases in
[1,00] for 0 < p(x,) <1 Vc (see Appendix A). On
the other hand, when q is less than one, the con-

straints associated with the high membership values
get less importance to be resolved. Thus, g controls
the extent of the membership sharing between the
fuzzy classes. This can be good; on the other hand,
one must choose q to actualy implement it. In our
work q is assumed to be one. The role of q hereis
quite similar to the index of fuzziness in the concen-
tration and dilation operators found in fuzzy hedge
(Klir and Folger, 1993), and the index of fuzzinessin
fuzzy C-means clustering algorithm (Bezdek, 1981).

Next, we derive the learning laws for the network
following the same method as followed in the con-
ventional BP agorithm (Haykin, 1994). Here, we
assume that the weight updation, Aw, takes place
after the presentation of each input pattern. Assum-
ing the use of same learning-rate parameter n for all
the weight changes made in the network, the weight
changes applied to the weights w,; and w; are
calculated, respectively, in accordance to the gradi-
ent-descent rules:

JIE] aEf

0o _ _ h— P
]

From Appendix B we can write

C
AWE] =7 /-LE( Xp) - Z /J“g( Xp)ogk}
c=1
= n8pk0p], (8
where
c
Sk = | mi(Xp) — 2 wd( Xp) ng}OSk(l - ng)-
c=1
Again, from Appendix C,
C
AW = ( ) Z :L’“E(Xp)
c
-2 nd( Xp)OSk}OSk(l —op)wg (9
c=1
] c
nf(neth; ) Xpi 2 S5Wg, (10)
k=1
= 0%, (11)
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where

55 = f"(net},) Z Spii -

(@]

In the learning equations, for faster learning mo-
mentum (Haykin, 1994) term can be used. Moreover,
to make the whole learning faster, learning-rate can
be adaptive, i.e, its value can increase or decrease
dynamically as the learning algorithm progresses.

The conventional BP algorithm may not converge
quickly in many cases, especialy, when the classes
are overlapping (Pal and Mitra, 1992). It is because
the ambiguous vectors are given full weightage in
one class. In the proposed version, the error to be
backpropagated has more weightage in case of the
nodes with higher membership values, and hence,
can induce greater weight corrections in favour of
that class for an input data that demands such adjust-
ment. Thus, the contribution of the ambiguous or
uncertain vectors to the weight correction is reduced
and as a result the convergence becomes easier. It is
evident that we can obtain this advantage fully only
when the membership assignment is not any way
constrained, i.e., possibilistic.

Now we illustrate the following particular cases
of the proposed learning algorithm.

(1) Crisp Classification: In case of crisp classifi-
cation only one component of ud(x,)Vc=1,...,C,
is one and the remaining components are zero. Thus,
the expression for E{) boils down to the following
expression:

1

. ~ o)’ (12)

Y Y (i

k=1c=1

f_
E,=

which is the mean sguare error term found in the
conventional BP algorithm. Consequently, in a crisp
case the learning algorithm based on mean sgquare
error and fuzzy mean square error become identical.
This can be easily verified by making the member-
ship assignments in (6) and (9) crisp.

(2) Constrained fuzzy classification: When

Yo m(xp)=1Vpand g=1, the learning equations
(6) and (9) achieve simpler forms as follows:
Aw nﬁm pi (14)

where
Sk = [ pi( Xp) — ng]
and

opi(1— 0fy)

8 = £(neth) Z S WP,

We can note down that this particular version of the
proposed algorithm is available as the learning algo-
rithm proposed by Pal et al. in (Pal and Mitra, 1992).
It is also important to note that we are not consider-
ing Pal et a.’s algorithm with fuzzy linguistic input;
rather we are considering it with crisp inputs. In the
future correspondence, the proposed algorithm will
be extended to take care of the fuzzy linguistic input.
Thus, being possibilistic in nature, the proposed
algorithm encapsulates various BP agorithms based
on crisp as well as constrained fuzzy classification.

3.3. Testing

The network learns the fuzzy boundaries between
the classes after training. In this stage, a separate set
of test patterns is given as the inputs to the network.
Generated outputs are the class membership values
corresponding to the respective test inputs.

4. Results and discussion

We consider the task of vowel recognition
(Rabiner and Juang, 1993) to demonstrate the effi-
ciency of the propo&d scheme. For our study we
consider the vowels “*a’, “‘e€’’, “i’’, ‘0"’ and
The data required for training is coIIected from
vowel part of the utterances of consonant vowel
pairs of three different speakers. The raw speech
signal cannot be used directly for training the net-
works because the features are deep hidden. There-
fore, we extract features from the speech signal and
use them for training the network. For this purpose
we consider first three formants obtained from the
utterances of speech as the extracted features. The
formants are extracted by taking the LPC and finding
the frequencies at which the spectrum reaches peaks.

We use different BP learning paradigms to train a
feedforward neural network with 3 input nodes, 5
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Table 1
Classification results of the conventional BP and the proposed BP
on a set of formant data with two different network architectures

No. of hidden nodes Conventiona BP Proposed BP
10 74.87% 80.21%
15 77.05% 82.11%

output nodes and variable number of hidden nodes.
The target patterns are 5-dimensional vectors con-
taining 1 in one location and 0 in al others. Here, we
adopt the strategy of picking the output node with
the highest activation value as the output class corre-
sponding to an input. The learning-rate is adaptively
changed for the learning algorithms in the following
way: If the error decreases during training, then the
learning-rate is increased by a predefined amount. In
contrast, if the error increases, then the learning-rate
is decreased and the new weights and errors are
discarded. As a result, the error always decreases or
stays as it is. The momentum is kept constant
throughout the process. The values of F,, F, and q
are taken as 2, 5 and 1, respectively.

In the first experiment, we use two different
network architectures to compare the performance of
the proposed learning algorithm and the conventional
BP learning algorithm. The two architectures are
based on ten and fifteen hidden nodes, respectively.
The classification performance of the proposed algo-
rithm and the conventional algorithm over these two
architectures are shown in the first and second rows
of Table 1. We take a training set of 200 examples
and evaluate their performances on 1000 samples of
test data From Table 1, we can observe that the
proposed agorithm performs well in both the cases.

Table 2

In the second experiment, we use different learn-
ing techniques on an another training set of 300
examples and evaluate their performances on 1800
samples of test data. We use Bayes classifier for
multivariate normal patterns with the a priori proba
bilities p, = P, /P, where P, denotes (Pa and Dutta
Majumder, 1986) the number of patterns in the ith
class and P is the total number of training patterns.
The covariance matrices for each class is determined
from the training patterns of that particular class.
Classification performance of the Bayes classifier on
the test set is shown in the second column of Table
2. Next we use three different BP learning paradigms
on the data set to train a feedforward neural network
with 3 input nodes, 5 hidden nodes and 5 output
nodes. Classification efficiency of the network on the
test set is demonstrated in the third column of Table
2. The fourth and fifth columns of Table 2 show the
classification performance of the same network
trained with Pal et a.’s algorithm and the proposed
algorithm, respectively.

The Bayes classifier gives optimal classification
performance, provided the parameters of the input
distribution are estimated from the inputs collected
over the whole input space. In practice, the distribu-
tion parameters are estimated based only on a finite
number of training data. As a result, the performance
of the Bayes classifier is no longer optimal, but its
performances approaches the optimal one as the
number of input data is made very large (theoreti-
caly, it is infinity). Nevertheless, in Table 2, Bayes
classifier, based on a finite number of training sam-
ples, is used to compare the performance of the
proposed method. From Table 2, we can observe that
the performance of the conventional BP agorithm is
comparable to that of the Bayes classifier. However,

Results of vowel classification for different types of classification algorithms

Class Bayes classifier Conventiona BP Pal et al.’s algorithm Proposed algorithm

“a’ 84.89% 80.36% 87.09% 90.27%

e’ 82.87% 80.59% 85.66% 86.60%

Y 87.34% 82.31% 87.21% 89.41%

“o” 80.29% 86.89% 83.75% 86.45%

u” 84.75% 87.91% 92.73% 93.78%
overall 84.28% 83.61% 87.28% 89.39%
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the classification results are significantly improved
when Pal et al.’s agorithm is used. This improve-
ment is possible because of the consideration of the
fuzziness involved in the classification process. The
overall classification result is further enhanced when
the proposed algorithms are used. The proposed
algorithms can find the fuzzy decision boundary
more accurately as some input patterns (especialy, at
the borders or away from the classes) may not satisfy
the condition X u(x,) = 1. Thus, the possibilistic
approach is more appropriate here. In this work, we
did not attempt to optimize the number of hidden
nodes of the FFNN. This can be an attractive re-
search issue for the future study. For further reading,
see (Kandle, 1986; Rumelhart et al., 1986).
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Appendix A. E| is a monotonically decreasing
function

For 0< pu(x,) <1, one might suspect that E]
decreases monotonically with g, when g > 1. To see
that this is indeed the case, differentiating EL with
respect to q we get

Ef C 2
B2 T T s u0)) (- 03,
a 2,Z1¢-1
(A1)
1 C C
=§k§ g [Mc(xp)ln( Mc(xp))]
X[ 18 (xp) (1 — 0% - (A2)

With the usua convention that xIn(x) =0 if x=0,
we have [ u(x )INCu(x NI <0 and [ wd™ H(x Nty
—-09)°1>0 Vc k. Both the inequalities being ‘srict
whenever 0 < u(Xx,) < 1. Hence, when 0 < uc(X,)
<1, Ef strictly decreases (Bezdek, 1981) on every
finite mterval of the form [1,b] with 1 < b.

Appendix B. The expression for dEf /9wy,

The expression for JE[/dwg; can be derived as

IE]
IW;
ot (netd,) a(netd,)
== Z Mc(xp)( ck — ) 8(netgk) aWI(()j
(B.1)
C
- Zl/-"“g(xp)(tck OSk)OSK(l—OSk)OSJ (B.2)
e
c
= — | md(Xp) (tie — Ope) + ) Ha(Xp)
Cc= 1c#k
x(tck—ogk)l (1—-0p )opj. (B.3)
Since t,, =1 and t,, =0 Vc#Kk,
OE]
IW;

pl(%p) (1 03) -

) MS(Xp)OSKl

c=1c.
x05(1 o5 ) o, (B4)
C
/J*E( Xp) - Z ,u,g( Xp)ogk}ogk(l o Osk)ogi'
(B.5)

Appendix C. The expression for dE} / dw

The expression for dE[/dwj} can be found as
follows:
JIE;

—r == 2 ¥ nd(X,)(te — 0%)

IW;; k=1c=1
ot (netd,) a(netd,) dog;  a(net))
d(nety)  dop  a(neth;)  Iw;
(C.1)
C C
=-2 Xnu (Xp)(tckopk) (1 0 )Wklfl
k=1c=1
X (neth; ) Xpi (C.2)
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C C
= —fM(neth;) X X X md(%p) (tek — Ok ) OFi

k=1c=1
X (1 - 0g )y, (C.3)

Following the steps involved while deriving (B.5)
from (B.2), we can write

E ) - Z :u“c(xp)opk

= Z :u“g(xp)(tck_o;gk)' (C'4)
c=1
Hence,
IE! ,
P h h
— = —f"(net?. ) x,;
awl_rin 1( PJ) pi
c
Z (Xp) - Z /‘Lc(xp)opk
k=1
X 0% (1—of )wkj. (C5)
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