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ABSTRACT
This paper highlights usability of PCA based Defuzzification for the improvement of Sugeno Defuzzification method
for knowledge modeling. Research presents designing and implementation of an intelligent system for knowledge
modeling, classification and defuzzification. Knowledge is the key to management of ecological innovations in electric
utilities of power plants. However, knowledge in the process of information gathering has not been modeled in a
formalized way. The system has been evaluated by a sub field of power systems domain of electricity marketing in
power plants. Although Sugeno defuzzification method is considered to be the most computationally effective, there is
uncertainty about the defuzzified output, since it generates a singleton fuzzy values objectively and not well evaluated.
A methodology for PCA based Defuzzification for Sugeno type inference systems has been used directly integrated with
the principal component analyzer, fuzzy inference engine, knowledge base and user interface. The PCA based
defuzzification system has been tested for modelling tacit knowledge for electric utilities in power plants as per
renewable energy. The electric utility assessment tool based on a questionnaire to classify electric utilities (wind,
biomass, and hydro) in percentages and identify electric utility performance index in power plants. The project
highlights usability of fuzzy logic for designing and implementation of an intelligent system by principal component
analysis for renewable energy modeling, classification and defuzzification. The experiment was conducted to investigate
performance of PCA based approach with the Sugeno type inference systems. The accuracy of the PCA defuzzification
approach is 98 %.
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I. INTRODUCTION and defuzzification as features of the system for renewable
electricity generation.
The most popular defuzzification methods are the center of
gravity method and the mean of maxima method, which are
computationally inexpensive and easy to implement within
fuzzy hardware chips although a full scientific reasoning has
not been established. Many researchers have attempted to
understand the logic of the defuzzification process. Yager and
Filev contributed to the process of defuzzification from the
perspective of invariant transformation between different
uncertainty paradigms, including basic defuzzification
distribution (Filev, etal., 1991; Yager, et al., 1994), semi-

1.2 Problem statement

Although so many defuzzification methods have been
proposed so far, no one method gives a right effective
defuzzified output for commonsense knowledge modeling.
The computational results of defuzzification methods often
conflict, and they don’t have a uniform framework in
theoretical view.Most of the existing defuzzification methods
attempt to make the estimation of a fuzzy set in an objective

linear defuzzification (Yager, et al., 1993) and generalized
level set defuzzification (Filev, et al., 1993). They all can be
seen as an extension of the center of gravity method. Research
has been also carried on the fast computation of the center of
gravity defuzzification method (Wang, et al.,, 2000;
Broekhoven, et al., 2006). It should be noted that with the
developments of intelligent technologies, some adaptive and
parameterized defuzzification methods that can include
human knowledge have been proposed. (Saneifard Saneifard
2010) used neural networks for defuzzification. Since it is a
more compact and computationally efficient representation
than a Mamdani type fuzzy inference system, the Sugeno
system lends itself to the use of adaptive techniques for
constructing fuzzy models This is further explained as
development of intelligent electric utility assessment system
for power plants. It is mainly concerned with the development
of electric utility assessment, model refinement, classification

way. However, an important aspect of the fuzzy set
application is that it can represent the subjective knowledge
of the decision maker; different decision makers may have
different perception for the defuzzification results. Although
Sugeno type inference system is considered as the most
computationally effective, there is uncertainty about
defuzzified output, because it generates singleton fuzzy
values objectively and not well evaluated.

2.0 REVIEW OF LITERATURE

Zhang [1] propose a novel approach to using an improved
genetic algorithm (IGA) combined with the dynamic
autoregressive with outside input (ARX) Takagi-Sugeno (T-
S) fuzzy model. The IGA algorithm automatically generates
the input variable, the appropriate fuzzy if-then rules, and the
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ARX structure to characterize the dynamic nonlinear feature
of the oxygen content by processing the operation data from
the industrial coke furnace. The study by Eminli [2] propose
fuzzy modeling algorithm to improve Takagi-Sugeno fuzzy
model. This algorithm initially finds desirable number of
rules at once, in advance, and then identifies the premise and
consequent parameters separately by fixing number
determined. The proposed algorithm consists of three stages:
determination of the optimal number of fuzzy rules, coarse
tuning of parameters and fine tuning of these parameters. To
find the optimal number of rules, the new cluster validity
algorithm that is based on the validity criterion Vsv adapted
to the usage of FCRM-like clustering, is proposed. Chang [3]
addresses  one  specific  aspect of  complexity
reduction/interpretability improvement in fuzzy systems —
how to limit the number of unique singletons in 0-th order
Takagi-Sugeno (TS) systems, where the common practice is
to assign a unique singleton to each rule. While abundance of
free parameters makes O-th order TS systems effective in
data-driven identification, it also presents a computational
load and an obstacle for interpretability and reliability of
fuzzy rules. The developed reduction algorithm that utilizes
singleton mapping matrix, subtractive clustering and least
squares estimation algorithms, is able to bring the number of
unique singletons down to the desired level without
substantial accuracy loss. A research has been presented a
new Tagaki-Sugeno (TS) type model whose membership
functions (MFs) are characterized by linguistic modifiers. As
a result, during adaptation, the trained local models tend to
become the tangents of the global model, leading to good
model interpretability. In order to prevent the global
approximation ability from being degraded, an index of
fuzziness is proposed to evaluate linguistic modification for
MFs with adjustable crossover points. A new learning
scheme is also developed, which uses the combination of
global approximation error and the fuzziness index as its
objective function. By minimizing the multiple objective
performance measure, a tradeoff between the global
approximation and local model interpretation can be achieved
Zhou [3]. By analyzing above mentioned approaches, it is
justified that knowledge modeling in Sugeno type fuzzy
inference systems is really a problem due to defuzzification
process and thereby fuzzy inference systems for modeling
knowledge are not properly addressed.

Knowledge is the fundamental resource that enhances to
function intelligently. Knowledge can be defined into two
types such as explicit and implicit. Commonsense knowledge
is one type of in implicit knowledge [4]. Explicit knowledge
can be presented formally and capable of effective (fast and
good quality) communication of data to the user whereas
implicit knowledge can be represented in informal way and
further modeling needed for gaining effective communication
[9]. Three ecological innovations are in the focus of the
analysis electricity market restructuring: Biomass, hydro and
wind Energy electric utilities are considered [5] [6].

2.1 Fuzzy logic models in energy systems

Energy projects in developing countries have proved that
renewable energy can directly contribute to poverty
alleviation as well as provide for business and employment
opportunities. However electricity from renewable energy is

argued to be intermittent and hence unreliable. On the one
hand consumers need to be educated on the necessity of using
non-polluting cleaner energy sources while the policy makers
in the government must bring in legislations and reallocations
in the budget spending so as to enhance renewable energy
utilization to a greater extent. If realistic models are
developed to provide reliable, environment friendly energy
from homespun commercial and renewable energy sources it
would aid the global community and leave behind a healthy
environment for generations to come. Fuzzy logic helps in
conceptualizing the fuzziness in the system into a crisp
quantifiable parameter. Thus fuzzy logic based models can be
adopted for effective energy planning to arrive at pragmatic
solutions. Fuzzy logic deals with reality and it is a form of
many valued logic. It deals with reasoning that is approximate
having also linguistic values rather than crisp values. Fuzzy
logic handles the concept of truth value that ranges between
completely true and completely false (0-1). Fuzzy logic has
been applied in many disciplines. Fuzzy logic and probability
are different ways of expressing uncertainty. Fuzzy set theory
used the concept of fuzzy set membership while probability
theory uses the concept of subjective probability. The various
types of membership functions normally used in fuzzy logic
are ‘A’ triangular, ‘[]’ trapezoidal, ‘L’ function, ‘I"” function,
‘S’ function, Gaussian fuzzy set. All of these functions can be
used in the modeling of energy systems. Fuzzy logic based
models in energy systems can range from the most simple to
the most complex. They can be broadly classified as follows:

(a) fuzzy delphi

(b) fuzzy regression

(c) fuzzy grey prediction
(d) fuzzy AHP

(e) fuzzy ANP

(f) fuzzy clustering

(ii) Hybrid models

(a) neuro-fuzzy, adaptive neuro-fuzzy inference system
(ANFIS)

(b) fuzzy genetic algorithm, neuro-fuzzy GA

(c) fuzzy expert system, neuro-fuzzy expert system

(d) fuzzy DSS

(e) fuzzy DEA, neuro-fuzzy DEA

(iii) Multi criteria decision models

(@) fuzzy VIKOR

(b) fuzzy TOPSIS

(c) fuzzy support vector machine

(d) fuzzy particle swarm optimization

(e) fuzzy honey bee optimization

(f) fuzzy cuckoo search optimization

(9) fuzzy quantum particle swarm optimization
(h) fuzzy ant colony optimization [20]

2.2 Electricity supply

Electricity supply sector at present in Sri Lanka is mainly
driven by two primary energy sources; petroleum based
thermal power and hydroelectricity. Since most of the
economical hydro potential in the county has been already
harnessed, Sri Lanka will have to depend on petroleum based
power generation during the next decade, until the next
economical primary source, coal is introduced to Sri Lanka
power sector.
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The different modes of grid connected electricity generation
in Sri Lanka are listed below.

(i) CEB major hydro

(if) CEB non-conventional: presently only wind power

(iii) CEB thermal: presently oil fired (Diesel, furnace oil and
residual oil)

(iv) Independent Power Producers (IPPs): presently oil-fired
thermal (Diesel &

furnace oil)

(v) Small Power Producers (SPPs): presently small hydro and
CHP, embedded in

the distribution network [24]

2.2.1 Wind

Wind Power is one of the fastest-growing renewable energy
technologies. Usage is on the rise worldwide, in part because
costs are falling. Wind turbines first emerged more than a
century ago. Following the invention of the electric generator
in the 1830s, engineers started attempting to harness wind
energy to produce electricity. Wind power generation took
place in the United Kingdom and the United States in 1887
and 1888, but modern wind power is considered to have been
first developed in Denmark, where horizontal-axis wind
turbines were built in 1891 and a 22.8-metre wind turbine
began operation in 1897. Wind is used to produce electricity
using the kinetic energy created by air in motion. This is
transformed into electrical energy using wind turbines or
wind energy conversion systems. Wind first hits a turbine’s
blades, causing them to rotate and turn the turbine connected
to them. That changes the kinetic energy to rotational energy,
by moving a shaft which is connected to a generator, and
thereby producing electrical energy through
electromagnetism. The amount of power that can be
harnessed from wind depends on the size of the turbine and
the length of its blades. The output is proportional to the
dimensions of the rotor and to the cube of the wind speed.
Theoretically, when wind speed doubles, wind power
potential increases by a factor of eight. Wind-turbine capacity
has increased over time. In 1985, typical turbines had a rated
capacity of 0.05 megawatts (MW) and a rotor diameter of 15
metres. Today’s new wind power projects have turbine
capacities of about 2 MW onshore and 3 - 5 MW offshore.

2.2.2Biomass

Biomass, also called Bioenergy, are fuels that is developed
from organic materials. It is a renewable and sustainable
source of energy used to supply mainly heat for various
applications, while it is marginally used for power generation
as well. Bioenergy use falls into two main categories:
’traditional‘and ’modern‘. Traditional use refers to the
combustion of biomass in such forms as wood, animal waste
and traditional charcoal. Modern bioenergy technologies
include liquid biofuels produced from bagasse and other
plants; bio-refineries; biogas produced through anaerobic
digestion of residues; wood pellet heating systems; and other
technologies.

About three-quarters of the world’s renewable energy use
involves bioenergy, with more than half of that consisting of
traditional biomass use. Bioenergy accounted for about 10%
of total final energy consumption and 1.4% of global power

generation in 2015. Biomass has significant potential to boost
energy supplies in populous nations with rising demand, such
as Brazil, India and China. It can be directly burned for
heating or power generation, or it can be converted into oil or
gas substitutes. Liquid biofuels, a convenient renewable
substitute for gasoline, are mostly used in the transport sector.
Brazil is the leader in liquid biofuels and has the largest fleet
of flexible-fuel vehicles, which can run on bioethanol - an
alcohol mostly made by the fermentation of carbohydrates in
sugar or starch crops, such as corn, sugarcane or sweet
sorghum. In Sri Lanka, biomass still plays a dominant role in
the supply of primary energy. Large quantities of firewood
and other biomass resources are used for cooking in rural
households and to a lesser extent, in urban households. Even
though a large portion of energy needs of the rural population
is fulfilled by firewood, there are possibilities to further
increase the use of biomass for energy in the country,
especially for thermal energy supply in the industrial sector.

2.2.3 Hydroelectric Energy

Hydropower is energy derived from falling water. More than
2,000 years ago, the ancient Greeks used waterpower to run
wheels for grinding grain; today it is among the most cost-
effective means of generating electricity and is often the
preferred method where available. The world’s largest
hydropower plant is the 22.5-gigawatt - Three Gorges Dam
in China. It produces 80 to 100 terawatt-hours per year,
enough to supply between 70 million and 80 million
households. Small-scale micro-hydropower projects can
make a big difference to communities in remote locations.
The basic principle of hydropower is using water to drive
turbines. Hydropower plants consist of two basic
configurations: with dams and reservoirs, or without.
Hydropower dams with a large reservoir can store water over
short or long periods to meet peak demand. The facilities can
also be divided into smaller dams for different purposes, such
as night or day use, seasonal storage, or pumped-storage
reversible plants, for both pumping and electricity generation.
Hydropower without dams and reservoirs means producing at
a smaller scale, typically from a facility designed to operate
in a river without interfering in its flow. It is also called "run-
of-the-river" projects. Many consider small-scale hydro a
more environmentally-friendly option. Hydro power is a key
energy source used for electricity generation in Sri Lanka,
which provided almost all the electricity until early 1990s. A
large share of the major hydro potential has already been
developed and delivers valuable low-cost electricity to the
country. Currently, hydro power stations are operated to
supply both peaking and base electricity generation
requirements. A substantial number of small hydro power
plants which operate under the Standardized Power Purchase
Agreement (SPPA) and more are expected to join the fleet
during the next few years.

3. METHODOLOGY

I will postulate a new approach enhancing the ability of PCA
based Defuzzification for the improvement of Sugeno
Defuzzification method for knowledge modeling. This will
be exploited the process of the new approach in following
steps. Approach will evaluate performance index for electric
utilities available for electricity generation by using PCA
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based Defuzzification method. Although  Sugeno
defuzzification method is considered to be the most
computationally effective, there is uncertainty about the
defuzzified output, since it generates a singleton fuzzy values
objectively and not well evaluated. To solve the problem in
electricity generation domain, which contain explicit
knowledge, following model is proposed. A prototype will be
built based on the proposed model and explicit data sets in
electricity generation to be used to verify the accuracy of the
model and the prototype. It consists of following modules.

3.1 Principal Components Analyzer

The process will be carried out with data sets. In the first
instance of knowledge acquisition, a pilot survey has been
done for the purpose of extracting Principal components [8].
The SPSS statistical package is used for conducting the
functions of Principal components extracting. So PCA is
mainly used to reduce dependencies among the variables in
the datasets constructed for acquired knowledge. Once
knowledge has been acquired then | should analyze the
knowledge for finding dependencies. The datasets will be
analyzed using principal component analysis to find
dependencies. In the first instance data will be mapped
knowledge regarding to analysis of electric utilities available
for electricity generation

3.2 Fuzzy inference engine

The fuzzy inference engine carries out the functions of
fuzzifier and defuzzifier whereby the fuzzy inference system
reaches a solution. The principal component analyzer is
integrated with the fuzzy inference engine.

3.3 Fuzzifier

Membership functions will be constructed by using output of
model refinement. Membership functions for Biomass,
hydropower and wind will be constructed using the out puts
of principal component analyzer.

3.4 Defuzzifier

In the case of defuzzification process, finding the singleton
values is considered as an automated process by the principal
component analyzer. The zero-order analyzer takes only one
singleton value from fixed values of the Classifier which
defines Singleton values. Calculation of singleton values take
the proportion of uncertainty values based on Upper Bound/
Lower Bound method.

3.5 Knowledge base

The knowledge base consists of fuzzy membership functions,
fuzzy rules and fuzzy logic operators. Fine tuning analysis for
output generated by the fuzzy inference system will be
processed using Fuzzy membership functions, fuzzy rules
and fuzzy logic operators in the knowledge base. The
knowledge will be implemented using VB 6.

3.6 Database

Extracted principal components will store in MS Access
database, which integrated with the Principal Component
Analyzer through the developer interface. The questionnaire

is consisted of commonsense knowledge stored in the
database that is integrated with the user interface

I postulated a new approach enhancing the ability of
classifying lands using an intelligent system based on
principal component analysis and Fuzzy logic. This exploits
the process of the new approach in following steps. The
approach has been evaluated using land selection in
archaeological sites.

4, INTELLIGENT
ASSESMENT SYSTEM

ELCTRIC UTILITY

This project presents a novel intelligent electric utility
assessment system, which is incorporated in the modeling
knowledge in the electric utilities in power plants on a
modified version of Sugeno defuzzification technique.
Electric utilities in power plants are classified as wind,
biomass and hydro power. These electric utilities have been
used as an input for the intelligent electric utility assessment
system.

Here Principal Component Analysis has been used to reduce
dependencies of variables in the dataset. The datasets have
been classified for the purpose of analysis of the renewable
energy power plants for computing electric utility types
(wind, biomass, and hydro) available in Sri Lanka.

4.1 Constructing the questionnaire

Commonsense knowledge of electric utilities has been
acquired via questionnaire and informal interviews with
energy experts. The knowledge extracted from energy experts
has been mapped in to questionnaire consisted of 30 number
of questions. This knowledge has been entered to system
using the developer mode of the system. Using the
questionnaire editor, each question of the questionnaire and
the marks-range using Likert Scale has been stored in to the
database.

4.2 Principal
dependencies
A survey using 16 numbers of participants including energy
experts have been conducted for the principal component
analysis. Extracted principal components (9 nos.) have been
used for reducing dependencies of the data set.

component analysis for reducing

4.3 Autonomous generating fuzzy membership functions
In this sub phase of Fuzzification, it is basically analysis the
fuzzy set and membership function for commonsense
knowledge modeling in power plants. Membership functions
has been constructed by using output of model refinement.
Membership functions for wind, biomass and hydro have
been constructed by using the out puts of principal component
analyzer.

Fuzzy membership for wind, biomass and hydro (input fuzzy
values of input fuzzy variable of ( EUtilitywind,
EUtilityBiomass , EUtilityHydro ) have been constructed.
For defining the fuzzy membership function, lower bound
and upper bound values have been obtained by using Likert
scale (LS).
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4.4 Fuzzy rule base

The fuzzy output variable (Electric utility performance index
(EUPI)) is based on fuzzy output vlaues (Wind-Biomass,
Wind-Hydro, Biomass-Hydro) of Electric utility in power
plants. However fuzzy output values have been considered
as singleton functions. Computaion of fuzzy input variables
( EUtilitywing, EUtilitygiomass, EUtilitynyaro) has been achieved
by computing fuzzy input values (Wind, Biomass, Hydro)
based on PCA with Fuzzy logic integration.

4.5 Defuzzification
Singleton fuzzy output values has been defined for fuzzy
output variable (EUPI) for singleton fuzzy membership
functions  (WIND-BIOMASSS,  WIND-HYDRO, and
BIOMASS-HYDRO).

The Upper Bound / Lower Bound Method is a way to get a
rough estimate of the uncertainty in a calculated quantity. The
basic procedure is to calculate the fuzzy value, take the
average of the upper and lower bound (Coppia 2014; Renato
2006)

Here ki,kz and ks are defined as singleton fuzzy output values
defined for fuzzy output variable (EUPI) for singleton fuzzy
membership functions (WIND-BIOMASSS, WIND-HYDRO,
BIOMASS-HYDRO).

(Max(giomass (Y): Ao (X)) * K, + (MaX (£ (X), oo (2)) *K; +
EUP| = (Max(giomass (X2), oro (Xa)))* Ky
Max (1o (X): Hgromass () + MaX (2o (X), Livogo (V) +
Max(£giomnss (¥): Moo (2))

Singleton values

Wind Wind Biomass
Biomass Hydio Hydro
44 31748 3240178 2328074

Detuzzified Output
% of EUPI

33.39059

Fig.1: Defuzzification window

4.6 Experiments

The electric utilities in power plants data set has been
applied to the proposed system for evaluation and testing.
The experiments are carried out in in power plants to
enable the Sugeno defuzzification with PCA as given
below.

4.6.1 Calculation of Predicted Value
¢l =Max (wind, biomass, hydro)
€2 = Min (wind, biomass, hydro)
Predicted value = (c1 +c2) /2

4.6.2 Calculation of Error
Error= Predicted value- Actual value

7. RESULT & DISCUSSION

Error has been computed with defuzzification by PCA for
tacit knowledge modeling in electric utilities of power plants.

Fig. 2: Analysis of electric utilities of power plants

quest-id] Wind [Biomass| Hydro |expected output|actua| (defuzzified)l error
1| 32.730| 32.099| 35.170 33.634 33.07329| 0.561590
2|31.75716(34.18274| 34.0601 32.96995 33.33445| 0.3645029
3|32.55424(34.20447 |33.24128 33.37936 33.34216| 0.03719902
4/31.64601|38.29867 [30.05532 34.17699 33.39059| 0.7864094
5142.03994 (38.62689|19.33317 30.68655 33.61294| 2.926387
6/35.25331(34.23647|30.51022 32.88177 33.43092| 0.5491581
7130.74616(26.72419142.52966 34.62692 32.21567| 2.411255
8|31.47714| 28.0929/40.42996 34.26143 32.45794|  1.803493
9|26.71892| 28.4901 |44.79098 35.75495 31.81688| 3.938075
10/32.38631(32.49216 [35.12153 33.75392 33.05221| 0.7017117
11/29.96866(21.34334| 48.688 35.01567 31.71869| 3.296979
12|34.65739(23.53956 [41.80305 32.6713 32.66965 (0.001649857
13|34.25558| 29.3289(36.41553 32.87221 33.11178| 0.2395706
14|34.63979(37.05791 [28.30231 32.68011 33.35405| 0.6739397
15|26.38321(34.76167 |38.85512 32.61917 32.93356| 0.3143921
16|34.37756 24.73784 |40.88459 32.81122 32.71796 | 0.09326172
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Error has been computed with defuzzification by PCA for
tacit knowledge modeling in electric utilities of power
plants.

Accuracy has been considered for knowledge modeling in
electric utilities of power plants. Here accuracy of PCA based
Defuzzification in Sugeno defuzzification method has been
considered

Error

O B, N W b~ U

10 5 10 15 20
quest-id

Fig. 3: Error in electric utilities of power plants

It is shown that error (difference between expected outputs an
actual output) is minimized by 2% of the average error made
by defuzzification by principal component analysis. It can be
conclude that this has happened due to defuzzification by
principal component analysis.

8. CONCLUSIONS, RECOMMENDATIONS &
LIMITATIONS

It has been developed an approach to model tacit/explicit
knowledge by PCA based defuzzification using for enhancing
the ability of Sugeno type inference system. Here, singleton
values in Sugeno defuzzification method have been computed
by using an integrated principal components analysis
approach. Inthisapproach it has been encouraged the domain
experts to present their knowledge to construct a more useful
questionnaire. However, different experts may propose
different questionnaires since their emphasis of domain
knowledge are different. At present our system is based on
one expert view of the domain knowledge. Eventually
Principal Component analysis has been done on that
knowledge and generate the appropriate fuzzy membership
functions for classifying knowledge. Defuzzification for
classified knowledge has been achieved by the statistical
inference system where defuzzification is done with principal
component analysis.

The project highlights usability of PCA based Defuzzification
for the improvement of Sugeno Defuzzification method for
knowledge modeling. Research presents designing and
implementation of an intelligent system for knowledge
modeling, classification and defuzzification. The system has
been evaluated by a sub field of power systems domain of
electric utilities in power plants. The system based on datasets
to classify and compute performance index for electric
utilities in power plants available for electricity generation.
This enable a guide understand, instrumental values,
operating values, and weak values of electric utilities.

The overall system facilitates for a user in modeling
explicit/implicit knowledge that has not been modeled in
existing mechanism of defuzzification method of Sugeno
type inference system. The evaluation of the PCA based
defuzzification for domains with tacit knowledge was done
by testing of the system with a data sets such as electric
utilities in power plants. It has been examined whether the
system was capable of exploring the effects of tacit/explicit
knowledge modelling, with the conclusion that it minimized
the error of 2 % by PCA based defuzzification. This is
considered as an automated way of computing singleton
fuzzy values with minimum error in Sugeno type inference
system. This leads to reducing inconsistency and able to
extract conclusions in higher level of accuracy of
defuzzification process.

The output result for computing electric utility performance
index based on fuzzy output values (wind-biomass, wind-
hydro, and biomass-hydro) has been generated by PCA based
defuzzification process. This autonomous process has been
achieved by integrating PCA with Fuzzy logic.
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