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An Intelligent Data Analysis-Base: Evaluation of Nuclear
Power Plants Output Flow
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Abstract— Abstract In order to realize stable electricity
generation, nuclear power plant (NPP) generators are
evaluated in their performance of generated output power in
term of quality and quantity. Therefore, the evaluation is
realized on the basis of several influential factors, which haveto
be analyzed via the exploitation of heterogeneous data sets
obtained from scatter ed locationsand different types of sour ces.
In this paper, we stress the pivotal role of extended fuzzy
switching regression analysis in handling this type of data,
which come from real world of the NPPs industry. The key
objective of this study is to implement the enhancement of a
convex hull approach in the fuzzy switching regression analysis
processwhich can beviewed asan intelligent data analysis (IDA)
approach. This approach is concerned with the effective
combination of fuzzy sets theory with the analysis of large
amounts of online data. For deploying the multisource data
problem, the fuzzy switching repression analysisis developed as
an IDA by enhancing a fuzzy regression analysis based on
convex hull, specifically Beneath-Beyond algorithm. The
selected | DA becomes a potential analysisvehicleto successfully
reduce the computing time as well as minimize the
computational complexity. It is shown that the proposed
approach becomes an efficient vehicle for the evaluation of
produced output flow by NPPs. The study offers an interesting
and practically appealing alterative platform to evaluate the
quality and quantity of produced output flow of NPPs.

Index Terms— Convex hull, Fuzzy switching regression,
nuclear power plant.

I. INTRODUCTION

Highlight Nowadays, nuclear power plant industry (NPP
industry) is one of power generation entities that provide an
alternative of electricity for the society and industries. Over
the past decade, managers of utilities such as NPPs have
faced with an increasing number of new challenges.
Considering the importance of nuclear energy, one has to
emphasize highly optimized results of analysis related to the
quality and quantity of produced output flow of nuclear
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power realized in atimely manner becomes a key component
for thisindustry [1].

In addition, an intelligent data analysis (IDA) is one of the
pivotal elements which are implemented for different
domainsincluding engineering, management, and healthcare.
Consequently, implementation of IDA purposely for NPPs
related analysis was becomes necessity.

On the other hands, a fuzzy regression analysis exploits
linear programming (LP) to describe dependencies among
variables. In this context, LP is subject to constraints whose
number is proportional to the number of samples (data points)
and exponential to the number of attributes when
constructing fuzzy regression model. The increasing number
of attributes along with sample size might directly raise the
computational complexity as well as the processing time.
Fortunately, this limitation can be handled by using a convex
hull approach [2]. Basically, the convex hull is defined asthe
smallest convex polygon located in multi-dimensional data
space which contains all points (vertices). Therefore, the
enhancement of convex hull approach can efficiently
perform real-time fuzzy switching regression anaysis
implementation process.

Regarding the above problem related to the evaluation of
produced output flow of NPPs and an enhancement of fuzzy
regression analysis, this study elaborates on a potential
vehicle to discover the most influential factors that
significantly contribute to the performance of nuclear power
output flow. In general, factors are revealed based on
collected samples of NPPs data that come from severa
distributed sources, largely unknown and in many varying
formats or in other words, this type of data is considered as
heterogeneous sample of data. By this means, we employ an
exploited concept and algorithm of convex hull in the
realization of real-time fuzzy switching regression analysis
[2]. In addition, the adaptation of a convex hull approach
helps to aleviate the limitations of the standard switching
regression when pursuing real-time data analysis. The main
concern here isto decrease the data analyzing time aswell as
the computational complexity to efficiently support
decision-making procedures, specifically for NPPs' industry.

With the intention to show the obtained results of analysis,
the selected samples of data are originally obtained from a
real world of NPPs" industry. Additionally, the considered
intelligent hybrid approach will help to generate an optimal
result of produced output flow of NPPs' analysis purposely
for generating electricity; we also verify required time for
each group of data samples (initial and newly added samples
of data) during the implementation of the convex hull based
fuzzy switching regression analysis.

The paper is organized as follows. Section 2 offers a
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conciserelated literature review which focuses on the state of
art in NPPs industry and its operation. Also we include an
explanation related to the needs of the evaluation procedure
for produced output flow of NPPs. Next, in Section 3, we
present a basic idea of fuzzy switching regression analysis
and the real-time processing of fuzzy switching regression
model, realized with the use of the convex hull approach.
Section 4 shows anillustrative example of the NPPs analysis,
while Section 5 offers someinterpretation of obtained results.
Finally, Section 6 covers concluding remarks.

Il. THEPRESENT STATE OF ART IN NUCLEAR POWER PLANTS
INDUSTRY

The energy demands of the world are continuously
increasing. Experts expressed concerns about the future of
power generation because of the limitation of supplies of coal,
water and gas to fulfill the needs of mankind in the long term
future. Alternative sources of energy such as nuclear power
energy are being developed. Nuclear power energy has
several advantages over other sources of energy becauseit is
not limited by space or location [3]. Nowadays, nuclear
power energy became one of the most important electricity
energy contributors. Many nations use NPPs to generate
electricity for both civilian and military use and some nations
also utilize nuclear power to run parts of their naval fleets,
especially submarines.

Basically, nuclear reactions fall into two major categories;
fission and fusion. Fission refers to the nuclear reaction
where a heavy nucleus is broken into nuclel of intermediate
atomic number. Fusion refers to the nuclear reaction wherein
light nuclei get combined to form a new nucleus. Energy can
be either released or absorbed during the process depending
on whether the final mass of the products is greater than or
less than the initial mass of the reactants [4].

The above mentioned types of reactions are not of much
use for generating el ectricity energy on their own. It requires
something known as a controlled chain reaction if power isto
be generated in an NPP. Berezna aso highlighted that, when
fission starts in a nuclear material, it can die out slowly,
sustain itself constantly or develop into an uncontrolled
reaction. The first and last options are not useful for
generation of electricity. It is only when we have a sustained
reaction, that we can utilize nuclear power energy in an
effective manner.
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Figure 1 Basic flow of energy in anuclear generating station [4]
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Moreover, NPP is a thermal power station in which the
heat source is one or more nuclear reactors. NPPs are base
load stations, which work best when the power output is
constant. Nuclear generating stations exist for the purpose of
converting the energy obtained from the fission of certain
nuclei to electricity power. This energy conversion takes
place via a number of intermediate stages that require many
pieces of equipment organized into several systems under the
control and protection of both manual and automatic
operations[5]. The basic nuclear generating station of energy
cycleisshownin Figure 1.

Generally, fuel containing fissile material (one that is
capable of sustaining a chain reaction of nuclear fission)
(Uranium) is fed to a reactor where fission takes place. The
liberated energy appearsin the form of heat, which isused to
boil water. The steam produced from the boiling water spins
a turbine-generator set, where the heat is converted first to
kinetic energy in the turbine and to electricity by the
generator; the electricity produced (denoted as
megawatts-MW) is supplied to the el ectric power system. The
details of NPPs operation is discussed in next sub section.

Therefore, related with those situations above, IDA tools
are required to support decision making activities especially
in NPPsrelated industrial analysis. With combination of data
analysis process and artificial intelligent (Al) approach, the
IDA approach is able to efficiently deal with real-time data
analysis as well as some level of data complexity such as
related to the evaluation of produced output flow of NPPs,
The study reported in [6] stresses the need to form a
consistent methodology that supports the development of
high quality models and offers their further maintenance.

One of the main requirements in a successful industrial
data analysis is to perform fast computation with minimal
computational complexity. This is because; obtained
knowledge from this type of analysis became an important
input for decision making procedure. Thisisaninitial step for
achieving companies’ goal and in these case, companies are
referred to the NPP generators [7].

Thus, the integrated methodology amplifies the
advantages of the individua techniques, significantly
reduces the computational time as well as the complexity of
calculation procedure. Therefore, related to this explanation,
we can wrap up here that by utilization of a selected convex
hull based IDA approach, high risk industry such as NPPs
which involve the processing of heterogeneous data sets gets
their benefits as well as accomplishes customer needs and
achieves company’s profit. Overall, this approach will
maximize the precision of the appropriate decision making
towards successful of NPPs supervision process [8] [9].

A. Brief Overview of Nuclear Power Plants Operation
Procedure

In the vast mgjority of NPPs in the world, the heat energy
generated by uranium fuel is transferred to ordinary water
and is carried away from the reactor’ s core either as steam in
boiling water reactors (BWRS) or as superheated water in
pressurized-water reactors (PWRs). In a PWR the
superheated water in the primary cooling loop flows through
a specia heat ex-changer called a “steam generator” that is
used to boil water and create steam in a secondary loop that
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feeds the turbo-generator. The two loop design of a PWR
keeps the radioactivity isolated and only clean steam is
circulated through the turbine [3]. This helps minimize
maintenance costs and radiation exposures to the plant
personnel. Figure 2 illustrates the general diagram of nuclear
power station.
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Figure 2 Basic flow of energy in anuclear generating station

To turn nuclear fission into electrical energy, the most
important NPP operators are to control the energy given off
by the enriched uranium and allow it to heat water into steam.
Enriched uranium is typically formed into inch-long (2.5cm
long) pellets, each with approximately the same diameter asa
dime. Next the pellets are arranged into long rods, and the
rods are collected together into bundles. The bundles are
submerged in water inside a pressure vessel. The water acts
as acoolant. For the reactor to work, the submerged bundles
must be dlightly supercritical. Left to its own devices, the
uranium will eventually overheat and melt [4] [10].

Brain also stated that, in order to prevent overheating,
control rods made of a material that absorbs neutrons are
inserted into the uranium bundle using a mechanism that can
raise or lower the control rods. Raising and lowering the
control rods allow operators to control the rate of the nuclear
reaction. When an operator wants the uranium core to
produce more heat, the control rods are raised out of the
uranium bundle (thus absorbing fewer neutrons). To create
less heat, they are lowered into the uranium bundle. The rods
can also be lowered completely into the uranium bundle to
shut the reactor down in the case of an accident or to change
the fuel.

The uranium bundle acts as an extremely high energy
source of heat. It heats the water and turns it to steam. The
steam drives a turbine, which spins a generator to produce
power. Humans have been harnessing the expansion of water
into steam for hundreds of years[10].

In some nuclear power plants, the steam from the reactor
goes through a secondary, intermediate heat exchanger to
convert another loop of water to steam, which drives the
turbine. The advantage of this design is that the radioactive
water/steam never contacts the turbine. Also, in some
reactors, the coolant fluid in contact with the reactor core is
gas (carbon dioxide) or liquid meta (sodium, potassium);
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these types of reactors allow the core to be operated at higher
temperatures [10].

Based on above description, we believe that, those related
processes involved some uncertainty measure and it should
be highly considered to generate an optimum NPPs output as
well as produced €electricity energy.

B. The Needs of Evaluation Procedure for Produced
Output Flow of Nuclear Power Plants

Basically, the main purpose of evaluation related to the
produced output flow of NPPs s to reduce power generation
costs aswell asfulfill customer needs. The main point of this
reason is the achievement with condition-based maintenance
and optimal operation control of NPPs. Nowadays, NPPs
operation consists of large available data and records related
with their implementation and daily practices. These dataare
fully useful in order to produce an optimum output flow of
NPPs. In addition, major contains of these data are acquired
from general theory of process and procedure which related
with nuclear power industry [9] [11].
Additionally, Miller and Hajek (1989) highlighted that,
there are several behaviors of NPPs which should be fully
considered in order to achieve an excellent performance from
the view point of NPPs management aswell asincreasing the
quality and quantity of produced nuclear power energy. The
following below is the required procedure [7]:
1) Monitor and comprehend the state of the plant,
2) ldentify normal and abnormal plant conditions,
3) Diagnose the abnormal plant condition,
4) Predict the plant response to specific control actions,
5) Select the best available control action, and
6) Implement afeasible control action.
Based on these properties, Kang et al. (1992) proposed an
expert system for performance evaluation, and diagnosis in
NPPs [9]. This system has been developed to support the
plant operator aiming at improving the produced output,
plant efficiency, and operating flexibility. More specifically,
this developed system accomplished several tasks including:
1) Monitor the component performance through the
analysis of the performance effective factors,

2) Detect the deviation from the optimum performance,

3) Diagnose the cause of such deviation, and

4) Suggest the possible operational guides to eliminate
malfunctions.

The necessary evaluation of produced output flow of NPPs
is depending on severa strategies, and objectives [5]. The
objectives of this paper include:

1) Economy;
a) Maximizing profit,
b) Reducing the costs including
maintenance and waste management, and
¢) Increasing the load factor.
2) Sdfety;
a) Maintaining/increasing safety and reliability level
of plants,
b) Protecting the environment and the public,
¢) Reducing occupational exposure, and
d) Managing risk and uncertainty.
3) Other;
a) Modernizing/upgrading a plant, and
b) Enhancing public acceptance.

operation,
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When we refer to the first task of Kang et al. proposed
system and the objectives of output flow evaluation of NPPs,
we recognized that, carefully monitor of related NPPs
component through significant analysis tools becomes the
most important job [9]. Therefore, in order to deal with NPPs
data sets which contain fuzziness and ambiguity appearance,
we need an IDA tool to successfully perform those related
analysis process.

I1l. REVIEW OF FUZZY SWITCHING REGRESSION ANALYSIS

Regression models are statistical models, which describe
the variation in one (or more) variable(s) when one or more
other variable(s) vary. In other words, regression models are
developed to statistically portray the relationship among the
variables, that is, they explain one variable by making use of
variation of some other (independent) variables. Variables,
which are used to explain the other variable, are called
explanatory ones [12] [13] [14]. Moreover inference based
on such models is known as regression analysis.

In addition, ageneric regression analysisis concerned with
data, which originate from a single data source. A single
functional relationship between the independent or input

variables xe %% and the dependent or output variable
ye Risassumed and this relationship holds for all the data
being collected [15]. A general “standard” regression model
isthen described as follows

Y, =h(X;)+¢; 1<i<c, (1)

where A(-)is some function and ¢; are independent random
variables with zero mean and some variance, i =12,...,n.

In real world situation, we aso encounter situations
involving heterogeneous data. In addition, we might have
prior information as to the split (partition) of the overall data
set into some homogeneous subsets. Therefore, switching
regression methods can be considered as a viable design
alternative. Interestingly, switching regression was applied to
various fields such as economics and bio-computing field.

An implementation of switching regression is realized for
heterogeneous data set by forming ¢ homogeneous subsets of
data and determining a regression function for each subset
k(k=12,...,c) . In other words, a mixed distribution is given
and aimed at splitting this distribution into ¢ homogeneous
sets. The performance criterion quantifies the squared
differences between the estimated values y of theregression
function observed in each subset and the corresponding
experimental data. The criterion hasto be minimized over al
data subsets. Additionally, based on Hathaway and Bezdek in
1993, switching regression model has been discussed in a
variety of detail. Assuming that as a single model, it can be
drawn from ¢ modelsin the following:

y=/1i(%6;)+¢ 1<i<c, )

where each 6, € Q; c®¥X, and each ¢; is a random vector

with mean vector x; =0e R7 and covariance matrix, ¥, .
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Generdly, a basic idea of switching regression analysis
has been mentioned on Hosmor research that described an
example from fisheries application problem [16]. According
to this research, the parameters defining the linear growth
curvesfor sexes can be estimated by treating the data analysis
as a switching regression problem. The general models read
asfollows

y=f1(x;61)+ & =011 x+ 615 + €1, 3)
V= f2(x02) + €5 = 01X+ 0 + &3, (4)

Moreover, a hybrid combination of discussed approach
and fuzzy sets is referred to as fuzzy switching regression.
Generally, fuzzy switching regression is a technique for
estimating multiplefuzzy regression modelsfor adata set and
it has been used for capturing non-linear dependencies
among selected input and output variables in many data
mining application [16] [17] [18]. Initially, based on Wu et al.
(2009), Hathaway and Bezdek first combined switching
regression with FCM and referred to them as fuzzy
c-regression (FCR) [19]. FCR is a fuzzy clustering-based
switching regression model where regression errors are also
used to form a clustering criterion in the FCM clustering,
such as iterative optimization procedure [20].

Therealization of fuzzy switching regression is completed
in several phases. We start with the heterogeneous data that
are divided into severa fuzzy sets. For each fuzzy set, a
weighted regression is completed, where the weights of the
corresponding data are given as the membership degrees of
the data to the corresponding subsets. Usually these models
are applied when the results of aregression analysis are very
poor for the overall data set, e.g. the multiple correlation

coefficient, %2is far smaller than 1. On the other hand, it is
assumed that a mixed distribution is given with a reasonable
regression, which could be formed for each component of
this distribution.

A. Convex Hull based Fuzzy Switching Regression
Analysis

Related to this case, initially, Ramli et al. (2009) employed
GA-optimized FCM [21]. Additionally, GA-optimized FCM
was early proposed by Hall et al. [22]. Then, the second part
uses of convex hull approach for the implementation of the
fuzzy switching regression analysis. The complete procedure
can be outlined as a series of the following steps as shown
below, see also Figure 3.

Step 1- Data Selection: Select raw data sampleswhich are
retrieved from distributed local resources.

Step 2- Build Clusters: Given the data, construct the
C(L< C < n) clusters. The number of clusters depends on the
nature of the data. If the number of clustersisnot sufficient to
represent a structure in the data, it hasto be increased. Given
the relevance of the clustering phase, we use an augmented
GA-based version of the FCM. In our case, we concentrate
on Hall ef al. (1999) in which genetically guided clustering
approach was projected [22].

Step 3- Construction of Convex Hull: The adaptation of
the convex hull approach is realized by considering the
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outside points, which were obtained during the previous
process. Such selected points will become vertices and bond
each other to produce convex edges. The connected edges
form a convex hull for the selected data.

Step 4- Carry Out Fuzzy Regression Analysis. Fuzzy
regression isrealized on abasis of the constructed clusters. In
other words, each cluster comes with its own fuzzy
regression models.

Step 5- Process Newly Added Samples: Related to
real-time scenario, newly data are added to the current
processed data. Therefore, if thisgroup of databecomes huge
or we have more processing time, the procedure will restart
from Step 2 else it moves to the next step.

Step 6- Solve LP: By utilizing the convex hull developed
so far, the implementation of the LP is easier because of the
slightly changes (either increasing or decreasing) number of
vertices pointsthat must be considered for further computing.
In other words, the analysis takes into consideration of
selected vertices points which were used for convex hull
polygon construction. These vertices are treated as
constraints in the LP formulation and used generate each of
regression models.

Determine and build clusters
based on distribution of data

NO, constructed
clusters should
be considered

clusters are
sufficient
enough?

YES, constructed clusters are
sufficiently built

Construct an appropriate
convex hull for each clusters

!

Perform a fuzzy regression
analysis for each clusters

YES, newlv added samples arp
considered huge or still have]
time for samples processing

samples is huge
or havemuch
time?

NO.newly added samples
considered small size or have
no time for further samples

processing

SolveLP using constructed
convex hull

Figure 3 The main processing phases of the NPPs" sample of data

Here, we highlight main features of convex hull approach
from the geometric point of view. Based on the origina
method of the determination of the convex hull, the process
has to be realized using all given analyzed data. Ramli et al.
(2009) propose a new method by building a convex hull for
processed data [21]. Focusing on the construction of an
appropriate convex hull for each cluster, see Step 3in Figure
3, the following sub-steps are completed as follows:
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Sub Step 1: Select the outsider points among distributed
analyzed data point. These points will become vertices of
convex polygon.

Sub Step 2: Connect each selected potential vertex points
for constructing convex edges.

Sub Step 3: Connect constructed edges for producing
boundaries of convex hull, H .

Sub Step 4: Omit points which are not included in the
convex hull, Hg.

Sub Step 5: Perform the Beneath-Beyond method to
formulate the convex hull, H, using one of the selected

vertex points which were chosen for building the convex
hull.

Overal the selected IDA hybrid approach purposely for
produced output flow of NPPs analysis may reduce the
computational complexity as well as computing time
required to obtain the best solution for this problem
especialy for real-time implementation.

IV. NUCLEAR POWER PLANTSFLOW ANALYSIS

Since the maximal operating thermal power of any nuclear
plants is bounded by the specific licensing requirements and
existing certain amount of uncertainty in related input
components/items estimation has a direct effect on the
maximum energy that can be produced [23]. In order to show
an IDA implementation of the NPPs flow analysis, we
consider the real-world NPPs data that come from the NPPs
industry. Given the complicated generation process of
electrical power by deployment of nuclear energy, this set of
raw datawas obtained from distributed sources and locations
and as such it is highly heterogeneous.

The approximate flow of the produced output flow of
NPPs, y is determined on the basis of three main input

atributesx;, x,and x3. The details are shown in Table 1.

TABLE 1 MAIN INPUTSAND OUTPUT FOR NPPS' FLOW ESTIMATION.

i. Pump Pressure and differential  pressure
differential transmitters are currently employed in
pressure NPPs to provide a remote indication of

critical pressure  or pressure
differentials, for example, pressure
differences in the primary fluid within
the nuclear reactor between the inlet and
outlet headers of a nuclear steam
generator.

These measurements are used to monitor
the performance of the NPPs' and the
reliable and accurate operation of such
detector is necessary to ensure safe
operations management of the NPPs.

transmitter (xq)

Pressure
transmitter

(x2)

Pressure transmitter may reflect to the
accuracy measure value of a process
parameter. This value refers to the
difference between the actual value of
the process and the value that is
indicated by the sensor. The dtatic
performance or accuracy of pressure
transmitters depends on how well the
transmitter is calibrated and on how long
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it can maintain its calibration.

iii | Vave position

(x3)

A valve position indicating device with
a movable permanent magnet attached
to the valve spindle. Fixed “reed” type
switches are permanently encased in
epoxy in the switch housing. Two sets of
switches provide redundancy, with each
set consisting of three switches
indicating valve closed mid and full
open positions.

iv. | Estimated
produced
output flow of
nuclear power

(»)

The energy released from continuous
fisson of the atoms of the fud is
harnessed as heat in either agas or water
and is used to produce steam. The steam
is used to drive the turbines which
produce electricity (asin most fossil fuel
plants).

As mentioned above, these particular attributes come from
distributed resources and each attribute hasits own weight as
well as specific function. By considering these factors,
greatly believe that their sound combination will successfully
generate an optimum nuclear dispensation in producing
electricity power.

There are two major processes, which are involved in the
implementation of real-time fuzzy switching regression
analysis. The first process concerns the determination of the
clusters. Here we employ the GA-optimized FCM. The
second one is utilization of convex hull approach. As
presented in Figure 3, we first utilize a genetic based
clustering approach to split data into several clusters. The
NPPs samples are placed into two clusters. Due to the
real-time data processing, the data dynamically changed;
therefore the evaluation procedure must be performed
carefully to achieve optimal solutions. Next, we execute the
convex hull approach for each of the clusters constructed so
far. By utilizing coordinates of the selected vertices points,
we can easily form fuzzy regression models for each cluster.
In real-time data processing, this might become an iterative
process based on the frequency of data change.

To demonstrate the dynamical changes of data
representation when carrying out real-time data analysis, we
initially carry out the IDA for 300 data points. We observe
that the constructed convex hull for the first cluster
(triangular shapes) consists of 10 vertices while another one
has 12 convex vertices, see Figure 4. Therefore, utilizing
these vertex points as the constraint part of LP, we can
directly form an appropriate regression models for each
cluster of data.

Next we received 100 more data in real-time. The added
samples were processed in the same manner as discussed in
the previous example and the obtained results are shown in
Figure 5.

There are changes which occurred to the initial constructed
of convex hull due to the distribution of the newly received
data. The reconstructed convex hull for the first cluster was
modified and comes with one new vertex. The convex hull
corresponding to the second cluster has been dlightly
changed and now the total number of verticesis equal to 15.

Finaly, the selected vertices, which are used for the
reconstruction of convex hull polygon in each cluster become
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the constrain part of LP formulation which will generate
fuzzy regression models.
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Figure 4 Constructed convex hulls for both clusters (initial group of selected
NPPs samples of data)
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Figure 5 Reconstruction of convex hulls for both clusters (initial group and
newly added of selected NPPs samples of data)
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V. INTERPRETATION OF RESULTS

Ramli et al. (2009) noted that increasing the sample size
might cause computational difficultiesin the implementation
of the LP[21]. Another problem may emerge as the entire set
of constraints must be reformulated when changes occur with
regard to the variables themselves. The increase of
computing complexity isalleviated by implementing the IDA
approach.

Severa researchers have indicated that a good prediction
model should not only be able to perform well in terms of
sensitivity, specificity, and accuracy but should also be able
to interpret and explain the decision arrived at [24]. For this
reason, we summarize here, the results provided by the
analysis process which was done by convex hull based fuzzy
switching regression for selected NPPs' samples discussed in
the previous section. In addition, in order to obtain the
regression modelsfor this study, an L P approach was used to
estimate the fuzzy coefficients for each of the clusters
determined clustersin fuzzy switching regression models. As
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aresult, the adaptive fuzzy regression produced a prediction
formula, known also as the logistic score.

TABLE 2 FUzZY SWITCHING AND ORDINARY REGRESSION MODELS:
DETAILS.

Regression | Group Regression Models
Method | Sample | (y1-firstcluster, y, - second cluster)
y1 = —(18.01,2.41) - (25.31,2.22)x; —
(25.86,2.35)x5 —(26.77,2.56) x3
300 v =(19.65,2.54) + (6.68E — 02,2.35)x;
samples | 4 (565E —02,2.28)x, +
Proposed (7.14E - 02,2.44)x4
Fuzzy
Switching 1 =—(19.82,2.74) — (26.23,2.69) x1 —
Regression (26.43,2.71)x, —(27.04,2.84) x5
400 vo =(20.52,3.51) +(7.28E —02,3.06)x1
samples | 4 (6.21F —02,3.18)x, +
(6.68E —02,3.25)x5
y1 =-18.66—2.82x; —2.55x, —6.19x3
300 vo =20.56+7.02E —02x4 +5.88E — 02x
samples | +6.97F —02x3
Ordinary
Switching
Regression vy, =-18.71-3.38x; —1.35x, — 7.49x3
400 yo = 20.44+ 3.43E — 02x, + 2.54F — 02x
samples | 4 6.91F —02x3

*general model: y = a+(my,cq1)xq +(my,c0)xp +(m3z,c3)x3
where a = intercept, y = prediction output NPPS
performance flow, x; = input variable Pump differential
pressure transmitter, x, = input variable Pressure transmitter,
x3 = input variable Valve position, and m; = regression
coefficient, and ¢; = regression spread.

Based on Table 2, we can generalize here, the obtained
fuzzy switching regression models for entire sample
(including initial group of data and also plus with newly
arrived group of data set) are shown in atiny spot differences.
For this reason, indicated that, just a slightly changes of
distributed data samples in term of spread points as well as
their related constructed convex hull polygon. Therefore, we
can observe here that the newly added data did not influence
too much the regression models and the produced models are
highly accurate because reconstructed convex hull covers
automatically all points of the analyzed data.

Related to the obtained results interpretation, He et al. in
2005 noted that positive regression coefficients present in
fuzzy regressions imply positive contribution to the
prediction outcome [25]. As clearly stated in the previous
section, this study purposely analyzed and evaluated the
performance of produced nuclear power output flow with
intention for electricity generation. When we refer to the
obtained results, generally we can know here that first cluster
(triangular shape), y,for both group samples are not so

meaningful since the regression coefficients are both
negative. Therefore, we concentrated on second cluster

(round shape), y,which provides more significant results

which can provide good explanation of the related NPPs
acquired knowledge.

Hence, prediction model implies that all input attributes
have positive contribution to performance flow in NPPs since
al of them have positive regression coefficients. Like that,
we generally can assume here, al selected attributes (Pump
differential pressure transmitter, x,, Pressure transmitter,

x; and Valve position, x; ) which related to NPPs

performance flow evaluation. Moreover, each of them have
its own weight to effectively produce electricity based on
nuclear power flow, referring to the obtained regression

coefficients, m; seemthat it should be asimilar precedence

level for each attribute and we highly believe that an
optimum established of produced output nuclear power flow
is supposed highly considered these factors.

Now, we move to the interpretation of obtained regression

spread, c¢; results. These interpretations mostly related with

the fuzzy system theory which can consider for future
enhancement of the implemented approach. Fully considered
this factor, highly optimized regression models which
represent the connection between independent and dependent
attributes might be successfully resulted. In general, spread
value of the fuzzy models depends on maximum and
minimum value of a given sample. As shown in Table 2, the
spread values of the regression coefficients have positive
spreads. Therefore, it means that certain degree of fuzziness
isindeed associated with these input attributes. To efficiently
deal with an evauation of NPPs output flow, such
uncertainty issue must be highly reflected on.

TABLE 3TIME ANALYSIS.

Grou Time
Regression M ethod p Required
Sample
(seconds)
300 _
Proposed Fuzzy Switching samples 00:01.85
Regressen 400 00:02.51
samples
300 _
Ordinary switching samples 00:02.39
regresn 400 00:03.02
samples

In term of the computing time point of view, it was
reported in Table 3, we can discover here that, less time for
obtaining regression models is required in comparison with
the one used by the conventional method. In addition, the
dynamical changes of data size do not influence on the
computation because real-time processing execution did not
affect the performance of used approach. Therefore, the
adequate time of processing will becomes one of the major
advantages in this highly important and critical situation.

Summarizing, we believe that the usage of IDA purposely
for evaluation of NPPs performance flow is highly
significant especially for rea-time data anaysis. The
obtained models are of good quality in terms of their
accuracy. Overal, the interpretation will become beneficial
to NPPs' generatorsin order to evaluate the produced output
flow as well asto improve the company performance.
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V1. CONCLUDING REMARKS

Recently, the visibility of NPPsindustry has increased due
to the needs for alternative electricity sources. Therefore, the
requirement of an adequate IDA becomes an important tool,
which can be used as a supporting evidence to achieve an
optimum produced output flow of NPPs. In this paper, we
have reported on the implementation of IDA development of
fuzzy switching regresson model for analysis produced
output flow of NPPswhich can be regarded as a useful tool to
an array of essential problems of real-time data analysis;
especidly those encountered in the industry and
manufacturing field such as performance of NPPs
production.

We conclude here that the implementation of convex hull
based (specifically Beneath-Beyond algorithm) fuzzy
switching regression approach to the NPPs' samples of data
which concern with the evaluation of produced output flow is
highly significant. Based on the obtained results, We can note
that, al input attributes (Pump differential pressure
transmitter- xq , Pressure transmitter- x, and Valve

position- x5 ) have their own weight and role in order to

support the quality as well as quantity of produced output
flow of NPPs, .

On the other hand, theoretically, real-time data analysis
dealt with dynamically change of data appearance, therefore
the use of the selected algorithm which deploy a fuzzy
switching regression analysis by reconstruction of particular
edges and considering new vertices for which the
re-computing was redlized. This situation is merely suitable
for this evaluation of produced output flow of NPPs. The
implementation of this IDA approach clearly highlights that
the convex edges of the constructed convex hull become data
boundaries under which the other analyzed data points are
found inside the constructed convex hull. In addition, it is
worth stressing the adaptation of the convex hull approach in
order to improve a rea-time fuzzy switching regression
analysis procedure especially for this NPPs related
evaluation case.

Moreover, we successfully showed that the number of
obtained vertices of convex hull edifice will not drastically
change. Therefore, retaining the computing effort is
relatively constant in spite of an increasing number of data
samples, this IDA approach can be applied to real-world
large-scale systems, especially for rea-time computing
environment such as related on performance of produced
output flow of NPPS'. In addition, this approach does not lead
to repetition of computing which focuses only on newly
arriving data, which potentially can become new vertices.
This strategy becomes suitable for implementation of
real-time fuzzy switching regression where the convex hull
can effectively handle new data with low computational
overhead thus decreasing the overall processing time.

In conclusion, our goal was to establish a practical
approach to analyze a performance in term of quality and
quantity of produced output flow of NPPs by solving ahybrid
combination of fuzzy switching regression analysis with an
enhancement of convex hull approach caled
Beneath-Beyond algorithm. We offered some evidence
showing that an implantation of IDA purposely for
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evauation of produced output flow of NPPs is successfully
done where the ability this method performed as a
randomized incremental algorithm that is truly
output-sensitive to the number of vertices. In advance, this
approach uses less space than most of the randomized
incremental algorithm and executes faster for inputs with
non-extreme points, especially when dealing with real-time
data analysis. Therefore, this realization of IDA on the
evauation of produced output flow of NPPs were becomes
an efficient vehicle for analyzing real world data where
uncertainty issue cannot be avoided.
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