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Abstract. This paper presents a fuzzy expert system for Textile manufacturing system using fuzzy cluster
analysis. The proposed approach consists of two phases. The first phase is developed with an unsupervised
learning and involves a baseline design to effectively identify a prototype fuzzy system. At this phase, a
cluster analysis approach is implemented. For the aim of determination of the optimal values of clustering
parameters, i.e., weighting exponent (m), and the number of clusters (c), Genetic Algorithms (GAs) are used.
At the second phase, fine tuning process is done to adjust the parameters identified in the baseline design,
subject to supervised learning. This phase is realized by using approximate reasoning module. Approximate
reasoning parameters are also optimized, using GAs. Finally, the proposed approach is tested and validated
by applying it to scheduling system of a Textile industry and comparing the results with a Sugeno-type fuzzy
system modeling that uses subtractive clustering in its structure identification stage. The results show that the
proposed fuzzy system has a better representation of the behavior of the complex systems, such as Textile
industries.

Keywords: unsupervised and supervised learning, fuzzy cluster analysis, fuzzy genetic algorithms, textile
industry, fuzzy scheduling

1 Introduction

Knowledge-based expert systems or knowledge systems, employ human knowledge to solve problems
that ordinarily require human intelligence[12]. In classical expert systems, IF-THEN rules are the most preva-
lent way to represent the human expertise. The conventional approaches to knowledge representation are based
on bivalent logic. A serious shortcoming of such approaches is their inability to come to grips with the issue of
uncertainty and imprecision. As a consequence, the conventional approaches may not provide adequate modes
of reasoning for commonsense reasoning.

Fuzzy Logic (FL) is viewed as an extension of classical logic systems, providing an effective conceptual
framework for dealing with the problem of knowledge representation in an environment of uncertainty and
imprecision[1]. Fuzzy expert systems are constructed by using human knowledge. However, when we take a
black box approach to modeling, we have to build a dynamical model using only input-output data. This stage
of modeling is usually referred to system identification. Zadeh[17] introduced the concept of system identifi-
cation and its formal definition in the early 1960s. According to Zadeh[17], the system identification problem
involves identifying a model within a class, which may be regarded as equivalent to a target system with re-
spect to input-output data pairs. When fuzzy systems are used as a class of models for system identification,
it is called “ fuzzy system identification”. Sugeno and Yasukawa proposed the most influential approach to
this problem[13]. For constructing a fuzzy expert system, one should determine (i) the structure of the model
(structure identification or rule construction), and (ii) parameters of the model (parameter identification or
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fixing the parameters of antecedents and the consequent in each rule). The identification of fuzzy models is a
very complex task, since we usually face with an optimization problem which may lead to local minimum.

Genetic Algorithms (GAs) are powerful tools for optimization problems. Since GAs consider many
points in search space simultaneously, they may reduce the chance of converging to local minimum. In lit-
erature there exist many research papers and scientific manuscripts that discuss the usefulness of merging
GAs with fuzzy theory. Cordon et al.[1] have presented a review paper on combination of fuzzy systems and
GAs. They have classified the different genetic-algorithm-based approaches into two groups: genetic parame-
ter identification and genetic structure identification approaches. The genetic structure identification approach
is further classified into three subgroups according to the genetic learning methods that they use: Michigan
Approach, Pittsburgh Approach, and the Iterative rule Learning Approach.

This paper proposes fuzzy system modeling approach in two phases. The first phase is developed with
an unsupervised learning and involves a baseline design to effectively identify a prototype fuzzy system for a
target system from a collection of training input-output data set (structure identification). At the second phase,
the fine tuning process is used to adjust the parameters identified in the baseline design subject to supervised
learning, for a given training input-output data set. This phase is realised by using approximate reasoning
module.

This research uses Sugeno and Yasukawa[13] approach to structure identification. According to their
approach, first the output data is clustered through a fuzzy clustering approach. Then, fuzzy output clusters
are projected onto the input spaces to select the most effective input variables. At this stage the IF-THEN rules
are constructed.

The most effective parameters of fuzzy clustering algorithm are: (i) weighting exponent (m) which de-
termines the degree of fuzziness; (ii) the number of clusters (c); and (iii) the norm matrix of the system (A).
We use GAs to determine the optimal values of these parameters. The fitness function is based on modified
Fukuyama-Sugeno cluster validity index[5] that uses Mahalanobis distance measure.

It should be noted that in approximate reasoning, several factors should be optimized: t-norm, s-norm,
linguistic model parameters, and difuzzification parameter. In this paper these factors are also optimized by
using GAs. The fitness function at this phase is root mean square error (RMSE).

The rest of this paper is organized as follows: In section 2 the proposed approach is represented. Section 3
discusses the implementation of proposed approach in a textile dyeing-printing-finishing shop scheduling sys-
tem. Section 4 presents the comparison of the proposed approach with a Sugeno-type fuzzy system modeling
with subtractive clustering. Finally, discussions and future works are presented in section 5.

2 Fuzzy system modeling

This paper uses multi-input single-output (MISO) fuzzy system modeling. The configuration of MISO is
as follows:

Rl: IF x1 isr Ã1
1 and x2 isr Ã1

2 and · · ·xn isr Ã1
n, THEN y1 isr B̃k

where, Rl(l = 1, 2, · · · , c) is the lth fuzzy rule, xis(i = 1, 2, · · · , c) are the input variables, yl is the
output variable of the fuzzy rule Rl, Al

i is the fuzzy set defined in the universe Xi of the physical domain
of xi, and isr is a short form for “is similar to”, “is compatible to”, “is related to”, etc, [14]. For the sake of
simplicity, we consider only the MISO case because Multiple-Input-Multiple-Output systems can always be
decomposed into a collection of MISO systems. The proposed fuzzy system modeling involves two distinct
phases as follows:

2.1 Phase one: baseline design (structure identification)

Most common approaches to structure identification are based on fuzzy clustering techniques of input-
output data. Sugeno and Yasukawa[13] proposed a new approach for large scale systems. In their approach,
output data is clustered to determine the number of the rules in MISO. Then, the output space is projected
onto input spaces to determine the most significant inputs.

Rule generation consists of three basic modules: (1) input and output clustering, (2) input and output
membership function assignments, and (3) rules simplification.
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2.1.1 Input and output clustering

There are two sub-modules in the input-output clustering module:
(a) Determination of the optimal number of the clusters (c), the degree of fuzziness (m) and formation of

output membership functions.
(b) Input selection and formation of the inputs membership functions.
I. The steps of the determination of the optimal number of the clusters and the weighting exponent of the

system are demonstrated in Fig. 1. It is seen in this figure, the Genetic Algorithms generate random values of
m and c as individuals of initial population. Generated m and c are used in Fuzzy c-Means (FCM) clustering
algorithm to produce initial fuzzy partition matrix U0. Minimum Cluster Volume (MCV) algorithm uses FCM
algorithm as an initialization. Thus, this algorithm uses: (i) generated initial fuzzy partition matrix (U0) by
FCM, and (ii) m and c generated by GAs and produces optimum fuzzy partition matrix and optimum cluster
centers’ vector. These matrixes are introduced to modified Fukuyama-Sugeno cluster validity index (in which
data mean vector x̄ is replaced by the mean vector of fuzzy partition)[5] as fitness function and its value is
introduced to GAs as fitness value. The GA uses its special operators for determination of optimum values of
m and c.

Fig. 1. Phase one-baseline design

· Minimum Cluster Volume (MCV) Fuzzy Clustering Algorithm
Clustering algorithms such as the k-means and FCM are based on the minimization of the trace of the

fuzzy within-cluster scatter matrix. As a matter of fact, this criterion is effective only when all clusters are
roughly spheroidal with similar volumes. Other algorithms have also been developed and they take into ac-
count clusters of different shapes and sizes. For example, the Gustafson-Kessel (G-K) algorithm[7] tries to
accommodate ellipsoidal clusters by individualizing the norm matrix for each cluster. This approach works
better when the clusters are expected to be ellipsoidal rather than spherical, but still requires that the volume
of the clusters are roughly equal[7].

Krishnapuram and Kim[11] explore the use of determinant (volume) criteria for clustering. They derive
an algorithm called the minimum cluster volume (MCV) algorithm that minimizes the sum of the volumes
of the individual clusters. They propounded that their proposed algorithm is more versatile and can be used
in a wider variety of applications, and the form of the clusters have fewer effect on its performance. They
used MCV algorithm with other algorithms such as G-K and K-means, and showed that FCM initialization
increases its performance[11].

In MCV objective function is obtained by summing the individual hypervolumes of the clusters:
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Jfv(B,U ;X) =
c∑

i=1

|Cfi|1/2 (1)

where, B is cluster centers vector, U is fuzzy partition matrix, X is data set, c is cluster numbers, and |Cfi|
denotes the determinant of the covariance matrix Cfi , where,

Cfi =
1

n∑
j=1

um
ij

n∑
j=1

um
ij (xj − ci)(xj − ci)T (2)

is the covariance matrix of cluster i, m is the degree of fuzziness and n is the number of data. Then, an or-
thogonal linear transformation of the data set is performed so that any given covariance matrix (C ′

ft) becomes
diagonal. The term of above objective function, i.e., i = s, which corresponds to |C ′

fs|1/2 = |Cfs|1/2 can be
rewritten as:

Jfv(cs, Us;Xs) = J ′fv(c
′
s, Us;Xs) =

1

(
n∑

j=1
um

sj)p/2

 p∏
k=1

{
n∑

j=1

um
sj(x

′
jk − c′sk)

2}

1/2

(3)

where, Us is the row of matrix U and the primes indicate transformed points and p is the number of data
feature. Now, the update equation for Cs is derived by setting the derivation of (3) with respect to Cs to zero.
Equivalently ∂J ′fv(cs, Us;X)/∂c′st = 0 is used, where c′s = [c′s1, · · · , c′st, · · · , c′sp]T . This yields

c′st =

n∑
j=1

um
sjx

′
jt

n∑
j=1

um
sj

for t = 1, · · · , p (4)

or

cs =

n∑
j=1

um
sjxj

n∑
j=1

um
sj

for t = 1, · · · , p (5)

The Mahalanobis distance between xt and cs is defined as:

MDst = (xt − cs)TC−1
fs (xt − cs) (6)

and

Dst =
|Cfs|1/2(MDst − p)

n∑
j=1

um
sj

(7)

Let Nt = {k|MDkt − p ≤ 0, 1 ≤ k ≤ c} and it = argmin1≤k≤cDkt (arrangement of the clusters so that
D1t ≤ D2t ≤ · · · ≤ Dct). Nt denotes the set of indices of clusters to which the distances from point xt is
negative, and it denotes the closest cluster to xt. The update equation for the memberships ust, s = 1, · · · , c
is given by [7]:

ust =


(Dst)1/(1−m)

cP
k=1

(Dkt)1/(1−m)
, if Nt = ∅

0 if Nt , ∅ and s , it
1 if Nt , ∅ and s = it

(8)
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· Modified Fukuyama-Sugeno Cluster Validity index
Fukuyama and Sugeno[5] have introduced the following criterion as cluster validity index:

S(c) =
n∑

k=1

c∑
i=1

(µik)m(||xk − vi||2 − ||vi − x̄||2) (9)

where, n is number of data, c is number of clusters, xk is kth data, x̄ is average of data, vi is vector expressing
the center of the ith cluster, || · || is any norm, uik is the grade that kth data belongs to ith cluster, and m
is degree of fuzziness. In this paper, we use modified Fukuyama-Sugeno index introduced in [18] and [2] as
cluster validity index, in which data mean vector x̄ is replaced by the mean vector of fuzzy partition as follows:

x̄ =
1

n∑
k=1

c∑
i=1

(µik)m

n∑
k=1

c∑
i=1

(µik)mxk (10)

Moreover, we use Mahalanobis distance measure:
||xk − vi|| =

|cft|1/2(MDik−p)
nP

k=1
(µij)m

cft = 1
nP

k=1
(µik)m

n∑
k=1

(µik)m(xk − vi)(xk − vi)T
(11)



||vi − x̄||2 = |cft|1/2(MDik−p)
nP

k=1
(µij)m

cft = 1
nP

k=1
(µik)m

n∑
k=1

(µik)m(xk − vi)(xk − vi)T

x̄ = 1
nP

k=1

cP
i=1

(µik)m

n∑
k=1

c∑
i=1

(µik)mxk

(12)

II. Input membership values are determined in two sub-steps.
(i) First, the output membership functions are projected onto the input space variables. Here the projection

method proposed by Sugeno and Yasukawa[13] is implemented.
(ii) Second, with respect to the proposed approach of Fazel Zarandi[18] that is shown in Fig. 2, first, the

ranges in which input variable membership function adopt value 1 are determined. Then the data points are
classified, using GAs by given m and c, which were determined in the pervious stage, as follows:

We determine the interval in which an input membership function adopt value 1 (i.e., ¯V1V2). Then, the GA
generates pairs of random value V1 and V2 as individuals of initial population. The initial values are chosen to
be in the range of ¯V1V2. These values are introduced to objective function of classification algorithm as fitness
function of GA that is given by:

J(U j , Xj) =
n∑

k=1

c∑
i=1

(µj
ik)

m∆(xjk, ¯V1V2) (13)

where, n is number of data, c is number of clusters (we use m and c that obtained from output variable clus-
tering stage), Xj and U j are input data set and their partition matrix, respectively, and ∆is distance function
defined as:

∆(xjk, ¯V1V2) =


V1 − xjk if xjk < V1

0 if V1 < xjk ≤ V2

xjk − V2 if xjk > V2

(14)
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Fig. 2. Projection of output onto the input spaces

The value obtained from (13) is introduced to GA as fitness value. GA uses its operations for choosing
optimum value of V1 and V2. Now, U j matrix can be driven from:

µj
ik =

1
c∑

i=1
(∆j

ik/∆
j
lk)

2/(m−1)

1 ≤ i ≤ c, 1 ≤ k ≤ N (15)

2.1.2 Assignment of input and output membership function

For the given input and output variables, a curve fitting algorithm is implemented to generate member-
ship functions of each cluster representing the relations between inputs and output. Here, scatter diagram
information obtained in 2.1.1 is used.

2.1.3 Rules simplification

The automated approaches for acquisition of fuzzy models from data, such as product space fuzzy cluster-
ing or parameter adaptation (neuro-fuzzy) techniques, lead to a certain degree of redundancy in the obtained
model. With fuzzy clustering techniques, redundancy occurs when the clusters are projected onto the indi-
vidual antecedent variables, as shown in Fig. 3. The projection of clusters C1, C2 and C3 onto antecedent
variables x1 and x2 results in similarity between A1 and A2. Furthermore, B3 is similar to the universal set
(µ = 1) as it covers the entire domain of x2. Simplification of the rule bases is achieved by merging similar
fuzzy sets and by removing fuzzy sets similar to the universal set (these fuzzy sets do not contribute to the rule
bases)[2].

2.2 Phase two: fine tuning

This phase is realized with using approximate reasoning module. In this paper, approximate reasoning
is based on a parameterized inference formulation. There are four parameters in inference stage, (i) Type of
the t-norm for the “AND” connective of the antecedents, i.e. input variable clusters and its related parameter
(ii) type of s-norm of the “IMPLICATION” connective and its related parameter (iii) parameter is for the
convex linear combination of two reasoning methods which are Mamdani and logical, and (iv) parameter for
the power of the generalized defuzzification method.

It is proposed that the formulas of Mamdani and logical reasoning methods be combined with parameter
β[18], such that:

µF (y) = βµFm(y) + (1− β)µFl(y) 0 < β < 1 (16)
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Fig. 3. Redundancy in terms of similar membership functions as a cluster projection [2].

where, µFm(y) is Mamdani reasoning method and µFl(y) is logical reasoning method. Here, if β → 1 the
system has the behavior of Mamdani’s approach and when β → 0 the behavior of the system is Logical
approach.

Yager and Filev[16] have suggested a general defuzzification method, called Basic Defuzzification Distri-
bution (BADD) method:

y· =

y1∫
y0

y(µF (y))αdy/

y1∫
y0

(µF (y))αdy 1 < α <∞ (17)

As a matter of fact, BADD method is essentially a family of defuzzification methods parameterized by α.

2.2.1 Parameter optimization

Using GA subject to supervised learning for training input-output data set optimizes these parameters.
Root Mean Square Error (RMSE) given by:

RMSE(ya, ym) =
||ym − ya||

(n)1/2
(18)

is used as fitness function where, ya is the actual output, and ym is the computed output from the model for
the kth sample observed data vector (xm, ym) = (x1m, x2m, · · · , xrm, ym), k = 1, 2, · · · ,K, n is the number
of data, and ||ym − ya|| is calculated from:

||ym − ya|| =

[
n∑

i=1

(|ymi − yai|)2
](1/2)

(19)

3 Test and validation

The proposed approach was tested and validated in modeling of a textile dyeing-printing-finishing shop
scheduling system. Textile production systems contain multi-production operations such as warp making,
weaving, dyeing, printing, finishing and cloth cutting. In these systems, the combination of make-to-stock
and make-to-order production, make the scheduling problem very hard. In other words, the above specific
characteristics makes the production planning, scheduling and control of the textile shops a difficult task[9].
Elmaghraby and Karnoub[3] modeled the production planning and scheduling in a textile plant as a problem
in planning and scheduling in a hybrid flowshop (sometime also referred to as flexible flowshop, or a se-
ries/parallel process). Gupta[6] has shown that this so-called hybrid flowshop problem is NP-complete. The
scheduling problem of the dyeing-printing-finishing shop can be modeled as a hybrid flowshop scheduling
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problem. This flow shop is NP-complete problem[4]. Thus, human experts, by using practical rules, have the
key roll in solution of these kinds of hard problems. This leads to the idea of a scheduling approach that
mimics the behavior of human experts.

Turksen and Fazel Zarandi[15] propounded that generally the actual structure of the operating rules in
scheduling are hidden due to complex interactions of a large number of variables and various procedures
implemented by schedulers. They also propounded that such interactions are not well describable in a crisp
way and that such interactions generally demonstrate highly non-linear and fuzzy patterns that can be elicited
via fuzzy system structure identification[15].

In this subsection our aim is to model a dyeing-printing-finishing shop scheduling system and to analyze
the complex fuzzy interactions of variables affecting this scheduling system and its performance under current
operation conditions with proposed approach. The proposed approach would identify the structure of ”hidden”
rules which would select important variables and their fuzzy patterns as well as their connectives that affect
system performance measure. Such system models would predict performance measure indicator for given
customer orders under current operating rules of scheduling procedures.

3.1 Dyeing-printing-finishing shop scheduling

A typical dyeing-printing-finishing shop, as depicted in Fig. 4, consists of four workstations: pretreat-
ment, dyeing, printing and finishing to produce final products: finished white fabric, dyed fabric and printed
fabric. According to the type of fabrics and one or multi-component of yarns which have been used in fab-
ric, dyeing and finishing processes can be comprised of various stages. In dyeing-printing-finishing section,
where the study has been carried, the main materials are: warp and weft cotton, polyester-cotton and polyester-
viscose. Moreover, various operations may be done on fabrics according to the customers’ demands. The out-
put of pretreatment is the input to the dyeing, printing and finishing work stations. Thus, the lack of efficiency
in pretreatment, affects the efficiency of other chemical and physical treatments. Different operations may
either be done on only one machine, such as scouring, bleaching, etc., or on parallel machines, such as heat-
setting, drying and final finishing process that are done in two stenters.

The main objectives of the scheduling system are as follows:
(i) Maximization of productivity of the system.
(ii) Maintenance of a high quality.
(iii) Maximization of on-time deliveries.
(iv) Minimization of shade difference between sequence dyeing orders that is operated under dyeing opera-
tion.
(v) Minimization of difference between operation conditions of sequence orders that are operated by stenter-
ing.
(vi) Minimization of flow time orders.
(vii) Minimization of the tardiness of customer delivery due dates.

These objectives are often in conflict. For example, scheduling for minimizing the flow time of some
special orders may lead to sequences of these orders that have different operational conditions in stenter.
This needs more set-up times (to adapt the temperature of each compartment of the stenter with the desired
temperature) for the orders. Consequently prolongation of the set up time causes delay in stentering of the
next orders and increasing the flow time with tardy deliveries. Moreover, the change of temperature in each
stenter compartment from one order to the next is an important factor in scheduling with respect to the quality
of the final products. If the temperature of the compartment doesn’t reach to the desired degree, it will have
negative effect on the fabric that results in low quality and low prices of the products. The same negative effects
should be considered for scouring, bleaching and continuous washing units, which are usually being used for
dyed and printed fabrics. The lack of consideration of the dissimilarity of the orders, i.e., different fabric
constitutions and dyed fabric with different depth or printed fabrics with different classes of dyes, may cause
stop of machines during the sequence, unloading the machine, loading up the machine with new chemicals, as
well as needed auxiliary products and delay between 20-30 minutes in operations. These facts usually reduce
the productivity and cause some difficulties in wastewater treatment.
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Fig. 4. Major parts of a typical dyeing-printing-finishing shop

3.2 Modeling

Based on several interviews with the experts, we have reached an agreement that the prediction of the
various customer orders’ flow time is a very important issue. Also, based on the long discussions with the
experts, the most important variables that affect the flow times were determined as follows:

(i) Type of fabric (that includes type of warp, weft and other features), (ii) type of process (dyeing,
printing, etc), (iii) meter of order, (iv) width of order, (v) grams per meter of order, (vi) numbers of order
process, (vii) maximum of process speeds, (viii) minimum of process speeds, (ix) average of process speeds,
and (x) priority. The output of the system is flow time that should be minimized.

We have used 100 data vector as training input-output data set. The sample data is available in Appendix
1. For the sake of simplicity in execution of modeling stages, different ranges were assigned for the system as
follows:

a) Parameter of the fabric type: integers in the range of 1-8, which indicates there are eight fabric type in
this shop.

b) Parameter of the process type: integers in the range of 102-103, which indicates white finished, dyed
and printed fabric.

c) Parameter of the priority: integers in the range of 1-10, representing very low (1-2), low (3-5), medium
(5-7), high (7-9) and very high (10) priorities.

Then, we have executed the modeling steps described in section 2.

3.2.1 Determination of optimal values of m and c

For determination of the optimal values of m and c, we insert different ranges of these two parameters in
Genetic Algorithm and compute cluster validity index. The results are shown in Tab. 1. According to this table,
the cluster validity index has taken minimum value for c = 12 and m = 4.47. Thus, the optimal numbers of
clusters of output variable are 12. Consequently, the numbers of the rules of the fuzzy system model are also
twelve, too. The characteristics of the GA are shown in Tab. 1.

Table 1. Values of cluster validity indexes of optimal values of m & c

Range of c Range of m c m Cluster validity index
2-15 1-8 9 7.56 -8.0910e-014
2-18 1-8 12 7.62 -8.05524e-014
2-20 1-8 8 4.47 -8.3651e-014
2-21 1-8 21 7.78 -7.1440e-014
2-22 1-8 16 5.93 -6.8396e-014
2-24 1-8 12 4.47 -1.1519e-013
2-25 1-8 20 7.02 -1.0378e-013
2-30 1-8 18 5.61 -6.8169e-014
2-35 1-8 25 6.37 -7.3649e-014
2-38 1-8 11 8.00 -8.7132e-014
2-40 1-8 11 6.26 -8.0286e-014
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Table 2. Characteristic of the GA

Characteristic Type and Value
Generation Number 30
Population Size 31

Type of Selection
Operator

Tournament selection and size of
tournament is equal to two

Crossover Rate 0.8
Number of Crossover Points 2
Mutation Rate 0.008

3.2.2 Determination of the membership functions of the output variable

Each row of the optimal partition matrix U , that are obtained from clustering algorithm, determines
membership values of output data in each of the clusters. With data sorting and drawing curve of membership
values of data in contrast to data values in each of the clusters, type and shape of membership functions
of output variable are obtained. Fig. 5 shows the obtained triangular membership functions for the output
variable.

Fig. 5. Membership functions of output variables

3.2.3 Determination of the membership functions of the input variables

The interval [V1, V2] is obtained by projection of the output variable membership function onto each input
variable space. Then, optimal values of V1 and V2 are obtained, using GA. Here, the characters of the GA is
similar to the pervious stage and its population size is 61. Then, for the development of the optimal partition
matrix U , the ¯V1V2 is introduced to the classification algorithm. Thus, by using the stages that were introduced
in subsection 3.2.2, the membership functions of the input variables are produced. Tab. 3 shows ¯V1V2 values,
their related optimal values, and obtained membership function for minimum speed parameter.

3.2.4 Rule simplification

According to the fact that some of the input variables’ membership functions are similar to the universal
set, that do not affect the rules, thus, these membership functions have been removed from the rule-bases. Fig.
6 shows the input-output membership functions in the rules. In order to optimize the model, we use Gaussian
membership function instead of trapezoidal, according to the Tab. 3.
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3.2.5 Approximate reasoning

We use Micro GA[10] for approximate reasoning. Here, both Yager and Schweizer-Sclar t-norms and
s-norms are implemented. The optimal values of the parameters of the model are shown in Tab. 4.

4 Comparison with subtractive clustering

In order to determine the validation of proposed fuzzy system modeling, we model the same data set with
a Sugeno-type fuzzy system modeling that uses subtractive clustering algorithm in its structure identification
module. The generated rules by using this model are shown in Fig. 7. According to the values in Tab. 5, it is
observed that the number of the rules in the proposed approach is less than subtractive approach. Moreover, the
RMSE (Root Mean Square Error) of the proposed approach is less for both training and checking input-output
data set.

Table 3. ¯V1V2 values, its optimal value and obtained membership function for minimum speed parameter

Optimal
Mmbership
Function

Membership
Function

Optimal
Value of ¯V1V2

¯V1V2
Fuzzy
Set

gaussmf (0.4,44.5) Trimf (45,45,45) 37-45 20-45 1
gaussmf (2.4,29.1) Trapmf (27,28,30,34) 28-30 20-35 2
gaussmf (10,27.9) Trapmf (18,20,35,45) 20-35 20-35 3
gaussmf (7.3,31.4) Trapmf (25,27,35,45) 27-35 20-35 4
gaussmf (10.3,28) Trapmf (18,20,35,45) 20-35 20-35 5
gaussmf (6,32.9) Trapmf (28,30,35,45) 30-35 30-35 6
gaussmf (6.8,31.9) Trapmf (27,28,35,45) 28-35 20-35 7
gaussmf (0.4,44.5) Trimf (35,45,45) 39-45 30-45 8
gaussmf (6,32.9) Trapmf (28,30,35,45) 29-35 25-35 9
gaussmf (5,20.1) Trapmf (15,15,25,27) 15-26 15-30 10
gaussmf (3.7,21.5) Trapmf (17,18,25,27) 18-25 18-30 11
gaussmf (1.6,30) Trimf (28,30,34) 29-30 25-34 12

Trimf=triangular membership function; Trapmf=trapezoidal membership function;
gaussmf=gaussian membership function

Table 4. Optimal values of type of t-norm, s-norm, p, q, β and α for produced model with Fuzzy Genetic Algorithms

α β q p
Type of t-norm &
s-norm class Parameter

1.1-100 0.01-0.99 0.1-100 0.1-100
Yager and
Schweizer-Sclar

Type and range
of parameter

3.7 0.34 76 82 Schweizer-Sclar Optimal value

Table 5. Comparing between genetic fuzzy algorithms and subtractive clustering methods

Data
Method Training Checking

Genetic fuzzy
Algorithm 1.5 2.1

Subtractive
Algorithm 2.7 3.5
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5 Conclusions and remarks

In this paper, we attempt to demonstrate a system analysis of aggregate scheduling for Textile industries
through our proposed fuzzy system modeling approach. The cluster analysis of the output data (flow times)
with covariance matrix results in the number of the clusters equal to 12, and the degree of fuzziness equal to
4.47.

We used fuzzy genetic algorithm for optimization of C and m. The most significant variables have been
selected by the projection of output space onto input spaces by proposed model of variable selection. Then,
the rules have been tuned and the optimal parameters of the operations of approximate reasoning have been
gained by genetic algorithm, too.

In turn, such a system model could be used for forecasting method to determine when one should expect
to get, say, flow time measure, if specification of the customer order falls into certain cluster regions of each
variable. By comparing the proposed model with the pervious work, i.e., subtractive clustering method, we
show the superiority of the model with respect to complexity (number of rules), degree of fuzziness, and error
of the system.

There are some potential future works in this research. In this work we encounter with single criterion.
In the next future, we will develop a multiple criteria expert system for scheduling of Textile industries.
Moreover, automated norm selection is another potential work for clustering module.
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Fig. 6. Generated rules using proposed genetic fuzzy algorithm method

Fig. 7. Generated rules using subtractive clustering method
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