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Abstract This study aim to Comparison in fuzzy time series and fuzzy time and clustering and Proposed Method in the
field production and consumption electric, the basic idea of three methods is to predictive the Possibility of future production
and consumption electric based on historical data of production and consumption electric in the past, Nevertheless, Three
methods have a different approach in transforming the value of production and consumption to the range of the random
variables (the states). This paper considered the production and consumption data of electric in china from January, 2015 to
December, 2019. The accuracy of three methods is verified by using the Mean Absolute Deviation (MAD), Mean Absolute
Percentage Error (MAPE), the result shows that the Proposed Method has smaller MAPE, MAD, From fuzzy time series and

fuzzy time clustering methods.
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1. Introduction

Predicting the size of any phenomenon in the future is an
important matter that helps in understanding the behavior
of the phenomenon with time, and thus how to confront it.
It is not possible to make future plans to confront the
phenomenon except with its future dimensions and knowing
the shape of these dimensions and their patterns. The
consumption of electrical energy and its production within
society has a dynamic character because it is not fixed, as it is
affected by many variables, including the development of
life and the increase in the necessary electrical appliances
used in a necessary manner. So the scale of the problem is
that electricity consumption and production now will not be
the same after twenty years, for example.

To face this problem, it is necessary to make estimates that
monitor its size in the coming years, as it is not possible to
build long-term plans to address this problem without
making quantitative expectations for the size of the problem.

The historical pattern of the problem can only be
determined by the quantities that express its variables, as
well as the increasing demand for electrical energy as a result
of the development taking place in all facilities of life
(industrial, educational, health and agricultural).

The idea of this paper aims at how to build and fit a model
to find the best model in a way that can accurately predict the
rates of consumption and production of electricity for the
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coming years.

Technological advancement, population growth and
increased economic activities have led to a rise of various
issues in the planning of energy such as investment,
allocation as well as search for a new sustainable source of
energy [1]. With electricity being the most formidable and
reliable source of energy at the moment, more advanced use
for it as well as its increased development and advancement
is in consideration [2]. As a way of resolving these rising
issues, there is an importance of having a central unit under
which all this advancements are monitored, controlled as
well as optimized to ensure that the generation and
transmission of energy is uniform and most of all safe. Such
control should be provided for by the power generating
companies or the government. Such a system can help in
automatic obtaining of the load data from networks of retail
stores, factories, as well as office buildings which can then
be self-diagnosed after which a trend analysis can be
conducted to help perform a forecast on such data
accordingly [3]. Such forecasting can be of use to the electric
utility to help in the making of vital decisions such as
decision to purchase or generate power, development of
infrastructure as well as switching the load. Forecasting can
be described as an approach that’s predictive analytical.
Such an approach helps to deal with the prediction of the
future through the use of past data as well as models [4]. The
approach can also be used in different domains such as
personal management, finance management, resource
management and organizational management.

Globally, the study of electric load forecasting
management is still ongoing [5]. Most of the entities more
concerned with such research are the electricity producing
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companies. Such studies help in making and determining
how energy is going to be managed and planned by these
firms. However, there are some methods that are already
in place being used to forecast electricity. They include
regression time series analysis, time series, autoregressive
integrated moving average (ARIMA), artificial neural
network (ANN), particle swarm optimization (PSO), Cluster
analysis and the fuzzy time series (FTS) [6]. The cluster
analysis and the FTS are the commonly used methods in
forecasting since they can easily identify structures within
data [7]. FTS uses different models which have been
proposed by researchers to help in resolving problems. Some
of the fields which use FTS include the enrolment of
universities, stock prices index, financial sectors, evaluation
of temperature and also electricity load consumptions [8].
The models used in FTS helps in the production of rules,
systems and procedures used in forecasting which are all
based on factors such as interval length of discourse universe,
the weight of fuzzy relationship as well as the mathematical
models [9]. These factors help in the determination of in-out
sample forecasts. In order to achieve high levels of
forecasting, the three factors are crucial for FTS [10].

1.1. Statement of the Problem

The problem is the increase in consumption of electrical
energy over time, therefore it is necessary to know the
variables that affect the consumption of electrical energy and
then study the possibility of finding projections of demand
for electrical energy.

1.2. Objectives of the Study

1. Learn about the trend of electricity production and
consumption trend.

2. The importance of the role of the forecasting process
in rationalizing decisions and exploring possible
Consequences, defining the time series method and its
effectiveness in the long-term forecasting process.

3. Building mathematical models that can predict the
quantities of electricity consumed and produced per
month based on accuracy criteria.

2. Summary of Literature Review

2.1. Review of Fuzzy Time Series

The regular set (crisp) is defined as a set of elements that is
an item that can belong to or belong to a group and that the
group may be specified or not defined [11], [12].

Whereas, the set fuzzy group [13], Is that it is a class of
elements with an organic degree and that this group is
distinguished by an organic function that allocates each An
element of a membership degree whose range is between
zero and one, i.e. when the element takes a membership
degree (1), this means that the element belongs entirely to the
fuzzy group and when the membership degree is (0), this
means that the element belongs absolutely to the group and
other degrees vary between zero and one, when The degree

of membership is (0.5), this means that the element belongs
to the ratio (0.5) to the fuzzy group and does not belong to
the group with the same percentage. The element belongs to
the fuzzy group and does not belong to it with a ratio of (0.1)
and this is closer to membership than to whether or not.

Other researchers have provided many definitions of the
fuzzy group, as Kaufmann knew it (1975) as follows [14],
The fuzzy group is the group in which there are precisely
clear boundaries between those elements that belong to it and
those to which they belong. As for the definition that he
provided in 1988 by Zimmerman [15] then the most accurate
definitions are as follows: If X is a group of elements
symbolized by generally denoted by x, the A group in A X is
a set of arranged pairs, Is the membership function x in A
which is a function from X to p as p A p to where (x) the
continuous membership field in the closed period.

Fuzzy set has 2 attributes, namely:

1. Linguistics is the naming of a group that represents a
situation or certain conditions using natural language,
such as: cold, cool, normal, warm and hot.

2. Numerical is a value or number that indicates the size
of a variable such as: 40, 25.50 and so on.

There are several things that need to be known in
understanding fuzzy systems, namely [16]:

1. Fuzzy variables are variables that are to be discussed
in a system fuzzy. Example: age, temperature, sales,
demand and so on.

2. Fuzzy set is a group that represents a certain condition
or condition in a fuzzy variable. Example: Age
variable is divided into 3 fuzzy sets, namely YOUNG,
PAROBAYA and OLD. Variable the temperature is
divided into 5 fuzzy sets namely COLD, COOL,
NORMAL, And WARM and HEAT.

3. Universe of Talk The universe of speech is the whole
value that is allowed to be operated in a fuzzy variable.
The universe of speech is a set of real numbers that
always rise monotonically from left to right. Talking
universe values can be positive and negative numbers.

4. The fuzzy set domain is the whole value that is
allowed in the universe of speech and may be operated
in a fuzzy set. Like the universe of speech, the domain
is a set of real numbers that always rises
monotonically from left to right. Domain values can
be positive or negative numbers.

Literature done by Silva and Lisboa indicates that FTS
model was introduced about two decades ago [10]. Since
then, FTS has been used widely due to its

Superiority while dealing with knowledge that is
imprecise such as linguistics in regard to decision making
[10]. Literature also indicates that there is need for the
improvement of FTS forecasting which has been done
through proposing new methods [17]. Since its discovery,
FTS approach has undergone some modification leading to
improvement to near perfection such as Song’s approach
which offered a simpler forecast method in 1996 [18]. Some
of the main issues with the FTS in regard to forecasting is the
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interval length which greatly affects the accuracy of the
model [9]. Some of literature has addressed the problem
through adjusting the interval lengths using an optimizing or
distribution technique [19].

Other researchers have focused on improving the
weighted forecast models as a way of improving the
accuracy of forecast results.

This model is responsible for chronological order and
various recurrences [20]. Further literature indicates that
there are many forecasting models which are original and
based on FTS, which are presented as well as combined with
novel algorithms and technologies. Some of such models
according to Chen include a model proposed by Singh who
proposed that FTS can be used to forecast methods of crop
production based on different parameters of computational
methods [4]. Research done by Lee and Hong indicates that
several models of FTS such as genetic algorithm, the
simulated annealing algorithm can help forecast temperature
[2].

Research done by Ismail, Efendi and Deris indicates that
the energy system in our case electricity has two aspect that
is, supply and demand, since it is considered to be a product
that has value [3]. Before 1960, the management of energy
was concerned with prior aspect while the latter considered
being a given data hence promoting the narrative of
arranging for adequate supply to ensure that demand is met
and well satisfied [11]. In the 1970s however, the prices
hiked which led to researchers, governments as well as
utilities to begin an investigation to the problem which was
more focused on demand [21]. Ismail, Efendi and Deris
defined energy demand management as “a systematic utility
and government activities designed to change the amount
and/or timing of customer’s use of energy” [11]. These
activities also according to the literature involve utilizing the
energy resources effectively, ensuring reliable supply,
ensuring that the energy resources are managed efficiently,
conservation of energy, a combination of power and heat
systems, renewable energy systems, energy systems that are
integrated and more so power delivery systems that are
independent [22]. Research done by Hong and Lee indicated
that the management of demand constitutes planning,
implementation as well as monitoring of energy utilization
all of which are designed to ensure that the consumers are
encouraged to modify their pattern and level of energy usage
[11]. Chen and Hong indicated that, in the prediction of
energy consumption and demand, fuzzy time series is the
best model since it bases the prediction on the size of the
population, the methods used as well as the forecasting
horizons [4]. Literature by Yu also indicates that the FTS has
been used to forecast energy consumption especially the
forecasting regional electricity loads [23]. FTS is also used
help in the reduction of load forecasting error in short-term
load forecasting problems [24]. Electricity producers and
suppliers also use the FTS to estimate and predict the
demand of electricity for monthly and seasonal changes.

Research done by Ozawa and Niimura indicated that FTS
has been used in countries such as Turkey to forecast

short-term gross annual electricity demand by simply taking
into consideration the political and economic as well as the
electricity market conditions [5]. These are the same factors
that are considered for any form of good which follows the
rules of demand and supply. The two researchers also
indicated that FTS is usually used or rather implemented
while conducting research of fuzzy neural network for
monthly demand of electricity forecasting as well as while
using neural networks which helps in analyzing of several
approaches while predicting the consumption of natural gas
in different regions [25]. Countries such as Poland and
Taiwan have gone on record as users of these models while
using FTS. The FTS concept according to literature is a new
approach which was developed through resolving problems
of linguistic time series data [26]. FTS is an approach that
uses a combination of linguistic variables and the analysis
process of applying fuzzy logic into time series to help in
solving data fuzziness [27]. Literature by Bolturk, Oztaysi
and Sari indicated that FTS has an important aspect which is
the assumption in regard to data which is not needed [6]. This
assumption helps to differentiate FTS from other statistical
approaches.

2.2. Review of Cluster Analysis

After the person discovered that there are common
characteristics in the parts of knowledge about me by
classifying them, and philosophers and thinkers made efforts
to lay the foundations and systems for this classification, and
thus the word "classification" in the language is to
distinguish things from each other in a way arranged in
classes or sections and if arranged and known, it has been
prepared A kind of classification system. Accordingly,
classification can be defined as the process of grouping
similar things together and all members of the first group,
department, or single class resulting from classification
participate in at least one specific characteristic that
members of departments or other classes do not have to
benefit from in scientific fields [28].

It is known that classification methods are divided into
two main groups of techniques, which are cluster analysis
and discriminatory analysis. Cluster analysis is one of the
techniques without supervision, where information about the
classification group is little or no, and the goal is to find
groups of data. Places of discriminatory analysis are an
organic relationship in the pool of training samples and the
main purpose is to build an appropriate classification rule for
unknown new samples.

Cluster analysis [29], [30]. Is one of the methods of
analysis of multiple variables, and according to this analysis
is the division of data into groups (clusters) that have
scientific meaning and significance. The cluster analysis is
often a step to enter into another analysis that carries goals
that depend on the classification of data into clusters that
bear the importance of research in the researcher example it
summarizes the data. Regardless of whether it is the
beginning of a subsequent analysis or classification of data,
cluster analysis includes many scientific uses in various
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fields and disciplines. The concept of this analysis allows
with many of those singular or viewed within a specific
cluster that bear close characteristics to the characteristics
of observations or data within the regular cluster to it,
while those characteristics differ for projects with the
characteristics of observations or data in other clusters.

Clustering analysis depends on mathematical methods and
algorithms in the classification process that have the ability
to determine the extent of homogeneity between the
classification vocabularies or the extent of inconsistency
between its properties, and then give the researcher an
opportunity to explain it within the laws and methods of
cluster analysis.

A cluster analysis is a grouping of community units or
individuals in order to discover data structure. As individuals
within one group are close or seen from one another, but they
differ from individuals in other groups, as the results of the
cluster analysis provide a known structure that can be used to
make hypotheses to interpret the observed data. The cluster
analysis which is described as the task of grouping a set of
objects in a certain way hence forming a similar group
referred to as a cluster is also used in relation to consumption
and production of electricity. Literature indicates that cluster
analysis has been introduced to help in analysis of electric
production and consumption since the invention of smart
grid. Advancement of technology has increased the demand
of electricity hence forcing producers to scale up production.
As such technology which considered more efficient and fast
is usually used to ease and perfect the production and
consumption. The smart grid was introduced into the energy
sphere with the vision of producing and distributing
low-carbon electricity more efficiently and reliably. As such,
the consumers would be in apposition to manage their use
through regulating their usage. In return, costs to both the
consumers and the suppliers would be minimized.

Through introduction of the grid, real time communication
between the grid operator and the end consumer would be in
real time which was intended to help flatten the electricity
loads during pick hours. The process also was intended to
help increase the options to the end user hence increasing the
chances of optimizing the system. According to Rodden and
Spence, this idea was referred to as smart load management
by the end-user which was proven to be effective. This
effectiveness was due to the cluster analysis which according
to literature by Anderson its activities are based on those that
are reported in time-diaries [31]. Clustering analysis helps or
rather allow for assumptions that are empirically grounded in
regard to flexibility that is potential [12]. Further literature
also indicates that it helps to accurately predict flexibility of
customer’s behavior. The cluster analysis according to
literature is based on actual usage of appliances such as
washing machines, cooking equipment’s, television sets and
many more, it also based on collected activities from the
time-diaries [32]. The data collected is usually based on
reported activities in real time sequence of how the appear on
the time-diaries rather than inferring flexibility indirectly
from the load profiles or the time use average values. The

end part is the assignment of data to the electric appliances to
help in the characterization of the aggregate activity patterns.

A survey done by Europe Statistics Group indicates that,
there is one way in which consumers patterns can be traced
which is through the use of data from their time-diaries [23].
This is where the consumer record the activities they are
engaged in on daily basis in a certain sequence. The
clustering approach therefore involves using the activity
sequence deduced from the time-diaries of the consumers
[34]. The analysis will then take into consideration the
presence of any clusters basing on the similarity of the data
gathered. The cluster analysis is used to group the consumers
according to their performing activities by using similar
timing as well as the duration to assist in the estimation of
how the consumers consumes electricity. Some of the
activities commonly used include cooking, watching a TV
and doing laundry [35]. Research indicates that the
consumption of energy is intertwined with people’s ways of
life and also it is closely associated with how people act at
various times of the day and seasons [36]. Cluster analysis in
this research helps to determine the time the activities take
place and how long they take. As such, the clustering
analysis is done for the consumers who are clustered into
different socio economic classes. Anderson’s research
indicates that the lives of consumers are analyzed and
described through and explicit reveal of the timing of
energy-consuming activities [12]. Anderson is said to
introduce new approach of the cluster analysis in this
research through raising questions such as whether there are
flexible users, and whether or not activities are moveable
[12].

Research done by Nicholls and Strangers indicated that,
when cluster analysis is done based on activity rather than
the consumers, energy consumption in regard to activities
causing it vary over the day rendering the approach
irrelevant [37]. In the perspective of policies, when the time
shift is targeted while analyzing electricity consumption,
different groups will be affected differently hence
eradicating the possibility of clustering [38]. However the
policy means will have to depend on what it is aimed for
concerning the flexibility of electricity usage [34] Clustering
in our case is considered effective if individuals adapt to a
shift in consumption of electricity from daytime to evenings
as compared to vice-versa since the normal patterns are
people use more electricity while at home during the evening
hours [39]. Clustering is easier while considering consumers
since people are easy to predict. People for example prefer to
do some things at certain times.

Which can be confirmed by the aggregate activity patterns
as indicated in Anderson’s research [12]. For example,
Anderson conducted a simple survey from which he
observed that, during the time, people in New York preferred
to do laundry during weekends and at lunch times [12].
However, this data had to be verified to determine its
flexibility and whether there is need for complementary
methods to verify the validity of the information for future
reference [40].
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The cluster analysis helps to observe each activity at a
time through isolation. The analysis also helps to evaluate
whether the activities affects each other. For example, does
cooking affect washing or TV time? Does consumption
behaviors affect production and if so how? Research by
Shove indicated that it is vital to collect the practices that
constitute assemblages [41]. Clustering also helps establish
the flexibility of the cluster activity by observing the actions
of the individual before and after an activity [42].

Individuals or rather consumers are interrelated hence
affecting the flexibility and the context of their daily
activities. As such, it is important to synchronize and allow
time-space coupling between consumers from the same
household. To encourage a time-space coupling, data should
be collected from each and every consumer even if there are
multiple users from one household [43]. Research done by
Strengers indicates that the flexibility of a household in
regard to energy consumption is related not only to adults but
also to everyone in the household including the pets hence
determined by the interaction of everyone in the household
not excluding animals.

3. Methods

3.1. Fuzzy Time Series Method

The use of fuzzy time series has been used to predict
student registration data at the University of Alabama. The
concept of fuzzy time series is proposed based on fuzzy set
theory, fuzzy logic and approximate reasoning (Song and
Chissom, 1993) [18]. Forecasting with fuzzy time series
methods can capture patterns from past data to project future
data (Song, 1993b) [19], better performance in forecasting
real problems.

The various definitions and properties of fuzzy time series
forecasting are summarized as follows:

Definition 1: Fuzzy set is an object of classes with a set of
membership values. Suppose U is the universe of discourse,

U= {ul,uz, ..... ui} Where wu; is a possible linguistic value
of U then a fuzzy set 4; linguistic variable of U is defined
by equation 1 following:

4= M) | Hailty) o Hai (i)
H H Hp

Where p,; amembership function is fuzzy set 4; so

G.1.1)

My U— [O,l]. If the membership is from 4; to uy;

is the degree that is owned by u;

Definition 2: Let Y (t) (t=..., 0,1,2,...) subset R! , become
a universe discourse with the fuzzy set f; (t) (i = 1,2,..)
defined and F (t) is a collection of f; (t), f5 (1),...,then F

(t) is called fuzzy time series defined in Y (t) (t=...,0,1,2,...).
From this definition F (t) can be understood as a linguistic
variable f; (t) (=1, 2...) of the linguistic probability value
F (t). Because at different times, the value of F (t) can be

against 4;.

different, F (t) as a fuzzy set is a function.
From time t and universe discourse is different at each
time so Y (t) is used for time t (Song and Chissom, 1993).
Definition 3: Suppose F (t) is caused only by F (t-1)
and appointed with F(¢—1) > F(¢) then there is Fuzzy

Relations between F(t) and F(t-1) expressed by the formula
F (t) =F (t-1)R" (¢, t-1)F () =F (t-1) OR (1, t-1)
(3.1.2)

Where "O " is the Max-Min composition operator. The
relation R is called the first order model F (t).

If fuzzy has relation R (t, t-1) of F (t). (t) Is time
independent so for different times # and ¢,

R(f] . tl - 1) = R(tz . t2 — 1) So that F (t)
time-invariant fuzzy time series.

Definition 4: If F (t) is produced by several fuzzy sets

F(t-n),F(t-n+1)...F(t-1)

Then the fuzzy relationship is symbolized by:
4 Ay ... A, > A; Where

called

>“n
F(t-n)=d;,F(t-n+1)=4y .. F(t-1) 4, F()= 4;

And such relationships are called '

series.

Definition 5: Let F(t) is produced by F(t-1), F(t-2),...., and
F(t-m)(m>0) simultaneously and the relation is time variant
then F(t) called fuzzy time series and the relation can be
expressed with a formula:

order fuzzy time

F () =F (t=)R" (1. t-1)  (3.13)

Where W> 1 is a time parameter (month or year) that is

Affect the forecast F (t).

As per the depiction of the issue, the accompanying
determining procedure is proposed:

Step 1: Definition of universal set U containing the
interval between the least and biggest variations in whole
production and consumption.

Step 2: Division of the universal set U into equal-length
intervals containing variation values corresponding to
distinctive production and consumption rates to understand
how many interval we need.

Step 3: The qualitative description of variation values of
total production and consumption as a linguistic variable,
that’s to say, determining the respective values of linguistic
variable or the set of fuzzy sets F (t).

Step 4: Fuzzifying the enter data or the conversion of
numerical values into fuzzy values. This operation allows us
to mirror the corresponding numerical/qualitative values of
qualitative representations of production and consumption
rates in the value of membership function.

Step 5: Selection of parameter W>1, corresponding to the
time duration prior to the concerned year, calculation of

fuzzy Relationships matrix R" (T) and forecasting of
production and consumption in the next month.

Step 6: Defuzzifying the acquired outcomes or conversion
of fuzzy values into qualitative values.
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3.2. Fuzzy Time Series and Clustering

The proposed clustering algorithm is used to partition
universe of discourse into different lengths of intervals [43].
Step 1: Sort the numerical data in ascending sequence,

Shown as follows:

di,dy,ds, ... d;,....d

v dy.
Calculate the threshold value for stopping condition of the
proposed clustering algorithm, shown as follows:
n—1

Z(dm —-d;)

(3.2.1)

Step 2: Put each datum into a cluster, shown as follows

{dr}{da}s{d s (i s {dn

Where the symbol “{}” denotes a cluster.
Step 3: Assume that there are p clusters, calculate the
cluster center cluster center k of each cluster k as follows:

m
2.4
J=l
cluster _center;, = ,
-

Where dj is the data in Cluster k, r is the number of the
data in Cluster k, and 1<k <p.

Calculate the distance distance

aomil between any

two adjacent cluster centers cluster _center,, and

cluster _center,,, | , shown as follows:
distance,, .| = |cluster _center,, —cluster _center,, |,
Wherem=1,2...p-1. ............ 3.2.2)
Step 4: Find the smallest distance smallest distance:

min
m=1,2,.., p—1

smallest _distance = (distancem’ mt )

Step 5: If smallest distance < 7 , then combine the clusters
having the smallest distance between them into a cluster and
go to Step 3. Otherwise, go to Step 6.

Step 6: Calculate the upper bound cluster uBoundm,, of
Clusterm,, and the lower bound cluster_/Boundm,,,; of

Cluster,,  :

cluster _center,, +cluster center,
cluster _uBound,, = = m = mtl

2

cluster _[Bound,, | = cluster _uBound,,,

(3.2.3)

Where m=1, 2... p-1. Because there is no previous cluster
before the first cluster and there is no next cluster after the
last cluster, the lower bound cluster_/Bound,; of the first

cluster and the upper bound cluster uBound p of the last
cluster can be calculated as follows:
cluster _IBound; =2 x cluster _center, — cluster _uBound,,

cluster _uBound,, =2x cluster _center,, —cluster _[Bound ,.

(3.2.4)

Step 7: Let each cluster Cluster;, form an interval, ,
which means that the upper bound cluster _uBound; and
the lower bound cluster _[Bound,, of the cluster Cluster;
are also the upper bound nterval _uBound, and the lower
of the

respectively. Calculate the middle value mid _value;, of the

bound interval _I[Bound, interval interval;

interval interval; as follows:

(interval_[Bound,, +interval_uBound))
2
Where 1 <k <p. (3.2.5)

Step 1: Apply the proposed clustering algorithm to
partition the universe of discourse.
Step 2: Assume that there are n intervals u,u,,...,u,

mid _value, =

>

obtained in Step 1, and then define linguistic terms
A, A, ..., A, represented by fuzzy sets, shown as
follows:

A] =1/l/ll +0.5/1/l2 +O/1/l3 +0/1/l4 +...+0/un_1 +0/u

n»

A2 =O.5/u1+1/u2 +0.5/M3 +0/1/l4 +...+0/un_1+0/un,
A3 :0/M1+0.5/1/12 +1/M3 +0.5/U4 +...+0/un_1+0/un,

A, =0/uy+0/uy +0/u3 +0/uy +...+0.5/u,_y +1/u,.

Step 3: Fuzzily each historical datum into a fuzzy set. If
the datum is belonging to ; , then the datum is fuzzified into
A;, where 1<i<n.

Step 4: Construct the fuzzy logical relationship based on
the fuzzified data obtained in Step 3.

(Note: If the first order fuzzy time series is used and the
fuzzified values of time t-1 and t are A4 ; and Ay ,

respectively, then construct the fuzzy logical relationship
“A; —> Ag 7, where “ 4,7 and “ 4g” are called the current

state and the next state of the fuzzy logical relationship. If the
nth order fuzzy time series is used and the fuzzified values of

time t-n... t-2,t-1 and t are Aj,n,..., Aj,z» Aj’l and Ay,

respectively, then construct the Fuzzy logical relationship

CAjs o Ajas Ajy— g where T Ay s Aoy Ay

and “ 4y are called the current state and the next state of the

nth order fuzzy logical relationship).

Based on the current state of the fuzzy logical
relationships, let the fuzzy logical relationships having the
same current state to form a fuzzy logical relationship group.

Step 5: Calculate the forecasted output at time t by using
the following principles:

Principle 1: If the fuzzified values at time t-n... t-2, and

t-1 are Aj,n s e Aj,z, and Aj’l , respectively, and there is

only one fuzzy logical relationship in the fuzzy logical
relationship groups, shown as follows:

bl
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Aj o A,

A JA e d Ak ,

Then the forecasted value of time tis my, , where m; are
the middle value of the interval u; and the maximum
membership value of 4; occurs at interval u, .

Principle 2: If the fuzzified values at time t-n... t-2, and t-1

are A;,, ..., 4;,,and 4;;, respectively, and there is

only one fuzzy logical relationship in the fuzzy logical
relationship groups, shown as follows:

Ale’ . Aj,z’ Aj,l —> Akl (xl), AkZ (XZ), . Akp (xp ),

Then the forecasted value of time t is calculated as
follows:

Xy XMy + Xy XMy o +...+)Cp kap

, (3.2.6)

X1 +XZ +...+xp

where x; denotes the number of fuzzy logical relationships

“Ajys s Ao, Aj 1 = Ay 7 inthe fuzzy logical relationship
group, 1< i < p; myy, myy,..., and my, are the middle
value of the intervals uy, uy,,..., and Uiy s respectively,

and the maximum membership values of Ay, Ak, ...,
and AKp occur at interval ukl, uk2,..., and Uy

respectively.
Principle 3: If the fuzzified values at time t-n... t-2, and

t-1 are A ins oo A 25 and A4 i1 respectively, and there is

only one fuzzy logical relationship in the fuzzy logical
relationship groups, shown as follows:

A; Ay, ;1 > #,

YRR

Then the forecasted value of time t is calculated as
follows:

m]-’n +...+ mj,2 + mj’]

n

, (3.2.7)

where m; ,, ..

the intervals u; ,, ..

., mjyand m;; are the middle values of

o Ujo and u;,respectively, and the

gl

maximum membership values of 4, ,,..., 4;, and 4;,

occur at intervals u; ,, ..., u;5 and u;, respectively.

3.3. Proposed Method for Predicting Using Fuzzy Time
Series and Clustering

Through our studies Fuzzy time series and clustering Time
series analysis is an important statistical topic that deals with
the behavior of phenomena and their interpretation over
specific periods. The objectives of time series analysis can be
summed up by obtaining an accurate description of the
special features of the process from which the time series is
generated, building a model to explain the behavior of the
time series and using the results to predict the behavior of the
series in the future, in addition to controlling the process

from which the time series is generated by examining what
can happen when some change Form parameters. To achieve
this, a thorough analytical study of time-series models based
on statistical and mathematical methods are required.

Our proposal includes the same previous steps Fuzzy
Time Series and Clustering but we have specials steps and
they are as follows:

First Step: the data will take 60 months from January 2015
to December 2019 not the same in the section 3.2 we take the
period from December 2015 to December 2019 because our
goal in this paper prediction next months and months.

If you use the same steps in the section 3.2 we cannot
prediction the future just we predict one value.

Second step: the method which used in section 3.2 used.

Definition three in fuzzy time series in section 3.1 in our
proposal method we will us we use time-invariant fuzzy time
series in section 3.1.

Third step: the method which used in section 3.2 take If

A; isnotrelated to any other group, i.e. 4; — 6 where 0

is the empty group, and the highest degree of affiliation with

A; isinthe period uy , then the results of the prediction are

equal to the middle of the period uy .

But we us this relation Mean of monthly variation
This calculated for every month by the equation below

Actual value [ previous value

(3.3.1)

previous value

After that calculate the average mean of monthly variation
for all months then it 4; is not related to any other group.

We will get Forecasted Value of the fuzzy membership by
mid value x (1+ average mean of monthly variation) (3.2.2).

Fourth step: the difficult step and final step how many
order equation I will use first, second, third order equation.

In the method in section 3.2 use first order equation but in
our Proposed Method twelve order equation but the
condition here you must choose the data equal for example
we choose data from January 2015 to December 2019 has 60
elements And we need prediction for 12 months so the data
will be equal 60/12=5.

4. Model Evaluation

The process of evaluating models is intended to evaluate
the field suitability of the model for the pattern in which the
series data is running or the accuracy of the model in
predicting the values of the current and future series, and
there are many measures of the suitability of the model all
depend on the degree of error, which is the difference
between the actual value of the series at a specific time And
the string value that the model expected at that time. In this
study, we will rely on the following methods to compare the
two models used in this paper to find out which one is more
accurate in prediction.
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4.1. Mean Absolute Percentage Error (MAPE)

MAPEzloinYi—M/Y;yn
i=1

@.1.1)

The scale that eliminates the problem that negative error
values cancel out positive values, and does not amplify the
error by squaring, as happens in the sum of squares of errors.
It is possible to compare models across different series. It is
called "Average absolute values of error ratios".

4.2. Mean Absolute Deviation (MAD)

1 n
MAD=—Z

niz

4.2.1)

The mean absolute deviation of a dataset is the average
distance between each data point and the mean. It gives us an
idea about the variability.

5. Data Collecting and Processing

The data used in this research was gathered by the
https://www.ceicdata.com/en from 2015-01 to 2019-12. It
contained the data of production and consumption electricity
in china. in a dataset.

6. Experimental Results and Discussion

6.1. Result Fuzzy Time Series Method and Discussion

The first step: The dynamics of total production over May
2015-December 2020 years (input data for retrospective
forecast) and variation in total production between every
next and previous month. Variation for the current month is
understood to be the difference between the sizes of
production in current and previous months. For example,
variation for Aug 2015 is equal = Aug 2015 — July 2015 then
3738.04336 - 3220.84444 = 517.19892. To define a
universal set U, first of all, the smallest and greatest variation
values must be found over the period [Dec 2015, Dec2019],
later, to ensure the smoothness of boundaries of the interval,
adequate values DI, D2 (positive figures are selected.

After that, the universal set U can be defined as
U:U =[Vyin = Dis Vipae + D3|, where 7, =-6567.178 is

the smallest variation (Jan 2019), V,,,, =1130.145 is the
greatest variation (Mar 2019), D; =332.8, D, =369.85.
Thus, the universal set U will be as follows: U= {-6900,
1500} .

The second step: The universal set U must be divided into
several equal intervals. In our case, this set U is divided into
seven equally- length intervals: ul= [-6900,-5700], u2=
[-5700,-4500], u3= [-4500,-3300], u4= [-3300,-2100], uS=
[-2100,-900], u6= [-900,300], u7= [300, 1500]. Basically
we calculated the length of the interval U which is
(1500)—(6900) =8400 and divided it by 7:8400/7=1200,
then we built our small intervals: (example: ul=
[[-6900,-5700]] which has 1200 as magnitude.

If we take into account the fact that forecasting with fuzzy
time series exhibits the least average error, it’s necessary to
find the middle points of the intervals: uml=-6300,
um2=-5100, um3=-3900, um4=-2700, um5=-1500,
um6=-300, um7=900..

The third step: Fuzzy sets are defined on the universal set
U. In this case “ the variation in total production” is a
linguistic variable that assumes the following linguistic
values: Al=(very low level production electric (VLLPE));
A2=(low level production electric (LLPE)); A3=(changeless
production electric (CPE)); A4= (moderate production
electric (MPE)); AS5=(normal-level production electric
(NLPE)); A6= (high-level production electric (HLPE));
A7=(very high-level production electric (VHLPE)). To
every linguistic value here corresponds a fuzzy variable
which, according to a certain rule is assigned against a
corresponding fuzzy set determining the meaning of this
variable.

For example, the linguistic value “very-low-level
production electric” is given by the fuzzy variable <VLLPE,
=[-6900,-5700], A1>, where Al is a fuzzy set defined on the
domain = [-6900,-5700] of the universal set U. See example
(3).

The fuzzy set A1, A2... A7 is defined on the universal set
U by the following formula (6.1.1):

1

1+[C.(U—u;’n )T

is the middle point of the corresponding interval in

1y, (1) = (6.1.1)

i
m
(1); C is a constant. C is chosen in such a way that it ensures
the conversion of definite quantitative values into fuzzy

values or their belonging to the interval. (In our case
C=0.0001); 4 =(pe;(u;)/u;),u; €[0,1] is a fuzzy set

If the value of the variable U in formula (6.1.1) is accepted
as the middle point of the corresponding interval, the fuzzy
set 4; (i=1... 7) will be defined as follows:

Al1={(1/u1),(0.61/u2),(0.27/u3),(0.15/u4),(0.10/u5),(0.06/
u6),(0.04/u7)}
A2={(0,61/ul),(1/u2),(0.61/u3),(0.27/u4),(0.15/u5),(0.10/
u6),(0.06/u7)}
A3={(0,27/u1),(0.61/u2),(1/u3),(0.61/u4),(0.27/u5),(0.15/
u6),(0.10/u7)}
A4={(0,15/u1),(0.27/u2),(0.61/u3),(1/u4),(0.61/u5),(0.27/
u6),(0.15/u7)}
A5={(0,10/ul),(0.15/u2),(0.27/u3),(0.61/u4),(1/u5),(0.61/
u6),(0.27/u7)}
A6={(0,06/ul),(0.10/u2),(0.15/u3),(0.27/u4),(0.61/u5),(1/
u6),(0.61/u7)}
A7={(0,04/ul),(0.06/u2),(0.10/u3),(0.15/u4),(0.27/u5),(0.
61/u6),(1/u7)}
The fourth step: This step consists of the fuzzification of
the variation calculated at the first step. This time, if
B,,B,€y; is a varation for the i-th month, then

u

membership function for u(y,) is calculated by means of
formula (6.1.1) by holding valid the equality Y= B, , that’s to
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say, by separating the interval, to which belongs the population for the month t-1). For example, by assuming that

considered variation, from the universal set U. w=7, we can define the operation matrix 6 x7 o’ (T)

Here, A™" —t=mn is a fuzzy set of the corresponding (which is the matrix of fuzzy variations in total production
variation for the year t= mxn where May2015<t Dec2019. electric over the months t-2, t-3, t-4, t-5, t-6, t-7) and the

The fifth step: We must select a basis w (1<w<l, where ¢  criteria matrix 1 x7 K(t) (which is the fuzzy variation matrix
is the number of months, prior to the current month included  for the month t-1). Thus for w=7, the previous 8 months data
in experimental evaluation). Resting on the basis W or the are utilized (the total production electric of the (t-8) month
past months, we calculate a fuzzy relationship matrix R"(r) ~ must be known to find variation of the (t-7) month).

At last, for example, in order to forecast the total
production electric for July 2017, the operation matrix O7 (1)
will be established as follows

by means of which is given a forecast. For this purpose, after
the selection of w, we establish an operation matrix iXj

0" (t) (here i is the number of rows, Criteria matrix 1 xj K
(t) (a row matrix corresponding to fuzzy variation in total

0" = (July 2017) for

fuzzy variation in total population for the Dec —2016
fuzzy variation in total population for the Jan—2017
fuzzy variation in total population for the Feb—2017
fuzzy variation in total population for the Mar —2017
fuzzy variation in total population for the Apr —2017
Sfuzzy variation in total population for the May —2017

0 (1990) =
VLLPE | LLPE | CPE MPE | NLPE HLPE VHLPE
Month Fuzzy variations
Dec-16 0.00017 0.000169 0.000169964 | 0.000170497 0.000171 0.000172 0.000172
Jan-17 | 3.12031E-06 | 3.11899E-06 | 3.11767E-06 | 3.11635E-06 | 3.11503E-06 | 3.11371E-06 | 3.11239E-06
Feb-17 0.72 0.79 0.87 0.93 0.98 1.00 0.99

Mar-17 | 0.000100139 | 0.00010038 | 0.000100622 | 0.000100865 | 0.000101108 | 0.000101352 | 0.000101598
Apr-17 | 0.000423512 | 0.000425611 | 0.000427725 | 0.000429856 | 0.000432002 | 0.000434165 | 0.000436344
May-17 | 0.000392229 | 0.000394099 | 0.000395983 | 0.000397881 | 0.000399792 | 0.000401717 | 0.000403656

K (Jul-2017) = [fuzzy variation in total production electric for the Jun2017-th month] - [fuzzy variation in total population
for Jun-2017], That is to say

VLLPE | LLPE | CPE | MPE | NLPE | HLPE | VHLPE

Months Fuzzy variations
Jun-17 | 0.000356733 | 0000358355 | 0.000359988 | 0.000361633 | 0.000363289 | 0.000364956 | 0.000366635

According to the method, the relationship matrix R (t) is Where O"(T) is an operation matrix; P (T) is matrix of

calculated at the next step fuzzy sets, ® -is an operation min ( N ). Later there is

R(t)[i,j] = OW(I)[i,j]('\K(t)[j], defined the forecasted value F (t) for the t year in a fuzzy
Ry Rae. Ry 612 form as follows.

R()=0"()xK(t)=| : F(t):[Max(Rll’RZI:"-aRil)Max(leaRZja-"aRijﬂ
Ry Ry Ry Inourcase 1| < u <6, 1<p< 7 (6.1.3)

0.000168906 | 0.000169434 | 0.000169964 | 0.000170497 | 0.000171033 | 0.000171571 | 0.000172112
3.12031E-06 | 3.11899E-06 | 3.11767E-06 | 3.11635E-06 | 3.11503E-06 | 3.11371E-06 | 3.11239E-06
0.72 0.79 0.87 0.93 0.98 1.00 0.99
0.000100139 | 0.00010038 | 0.000100622 | 0.000100865 | 0.000101108 | 0.000101352 | 0.000101598
0.000423512 | 0.000425611 | 0.000427725 | 0.000429856 | 0.000432002 | 0.000434165 | 0.000436344
0.000392229 | 0.000394099 | 0.000395983 | 0.000397881 | 0.000399792 | 0.000401717 | 0.000403656

R@Jul-17)
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Finally, the results obtained from population forecast for
the July 2017 will be as follows.

FOul-17) | 072 [ 079 | 087 [ 093 | 098 | 100 [ 0.99 |

Forecasting results for other years are calculated in an
same manner.

The sixth step: to fuzzify the obtained results of the 5-th
step, the following formula is proposed

Where ur(y,) is the calculated value of membership

function for the forecast year t, u’, are the middle points of

intervals. For example, after calculating F (Jul-17) =
-2.511164519, that is to say, anticipated production electric
July 2017 equals to -2.511164519. In orders to estimate the
forecasted total production electric for July 2017, we must
add the calculated production electric to the total production
for the June 2016. In other words

7 N (July 2017) = 2959.83+-2.511164519=2957.32.
i
Zﬂ; (u;).uy, Table 6.1.1 and Table 6.1.2 below show the actual and
v =£EL— (6.1.4) forecasted values of production and consumption electric for
27: ) period from January 2016 to December 2019 in GWh the
. l,u AN result has been rounded to the nearest integer.
=
Table 6.1.1. Actual and forecasted values of production electric in GWh
Month| Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
ode 5 = 5] = 5] = 5] = 5] = 5] = 5] = 5] = 5] = 5] = 5] = 5] = 5]
= <9 - <9 - 9 - <9 - 9 - <9 S < S < S < S < S < S <9 St
< £ < S < £ < g < S < g < S < g < S < g < S < g
aé E 2016 |435|5812|435(433[1355|435|1799(1353(2268(1796|2759|2265(3312(2757|3877|3310(4373|3875|4865|4371|5370{4862|6133|5368
= g 2107 |466|6131|466|463[1459|466|1938(1456(2437(1936|2960|2434(3570(2957|4166|3567|4689(4163|5194|4687|5712(5192|6604|5709
§-§ 2018 |523]6602|523(520{1576|523]|2088|1574(2636|2085|3195|2634(3837(3192|4480|3835(5036(4478|5582|5034|6163(5579|7112|6160
= E 2019 [545|7109|545|542(1675|545]|2220(1672(2781{2217|3367|2778|4030|3365|4703|4028(5297(4700(5874|5294|6480|5872|7503|6477
Table 6.1.2. Actual and forecasted values of consumption electric in GWh
Month| Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
. |2 23|85 %)= 8|=| 8|35\ 8|3|8|5|% |5 |8 |z|%8|s|%|3/|%
Modelf] § |E| S| E| 8| E£| S| E| S| E| S| E| S| E| e8| E| e8| E| | E| | E| | £ ¢
>_' < S < S <@ S < S < S < S < S < S <@ S < = < S <@ S
AR R AR A R R A R A R A R R A e A I
E E 2016 |486(5799| 845 (4931290 876 |1732(1350|2189|1807(2662|2280|3167(2773|3678|3326(4134|3889|4584(4386|5049|4875(5802|5382
= %-3 2107 |487|6127| 876 |484(1352| 936 |1809(1444|2282(1928|2776|2424(3329|2948|3892(3555|4389|4155(4878|4686|5385(5199|6130|5731
<)
E kS 2018 |487|6361| 936 [597(1446|1055|1931{1585|2426(2107|2951|2660{3558|3227|4157(3875|4689|4527(5202|5104|5733(5653|6364 (6217
S
B 21 2019 [600|6898|1055(615|1588|1106|2109|1677|2663|2230(3229]|2797|3878|3396|4530|4063|5106|4740|5655|5342(6220(5921{6900|6512

6.2. Result Fuzzy Time Series and Clustering Method
and Discussion

The Proposed Method using the First Order Fuzzy Time
Series.

[Step 1] Apply the proposed clustering algorithm to
partition UoD into different lengths of intervals.

[Step 2] Sorting the numerical data: 5814.57, 435.09,
435.09, 1355.14, 1798.59, 2267.61, 2759.49, 3312.05,
3877.16, 4373.23, 4864.69, 5370.08, 6133.16, 465.77,
465.77, and 1458.72.....etc.

Calculate the threshold 7 for stopping condition of the
proposed clustering algorithm:

{2267.61}, {2759.49}, {3312.05}, {3877.16}, {4373.23},
{4864.69}, {5370.08}, {6133.16}, {465.77}, {465.77},
{1458.72}, {1938.24}, {2436.77}, {2959.83}, {3569.76},
{4165.94}, {4689.14}...............

[Step 4] Based on Eq. (2), calculate each cluster center
cluster_ center, 1<k <49, Based on Eq. (3.2.2), calculate

the distance,, 1, 1<m <49, shown as follows:

Find the smallest distance smallest distance,
i.e.,, 30.68 (the distance distance 2, 3 between
cluster _ center, and cluster _ centery).

Table 6.2.1 show the Distance between clusters for
production electric

49 [Step 5] Because the smallest distance <z, i.e., 30.68 <
2.(di1—d;) 1442519077 is true, then center, (ie., {465.77}) and
r=1 =144.251908. - o -
49 centery (i.e., {522.73}) are combined into one cluster (i.e.,
[Step 3] Put each datum in a cluster, shown as follows: 1465.77, 522.73}), and go to Step 2 the iFe rations of Stg P 3
(5814.57}, {43500}, {435.09}, {1355.14}, {1798.59}. to Step 5 are repeatedly done wuntil the condition

“smallest_distance < 7 ” is false.
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Table 6.2.1. Distance between clusters
cluster _ center 492.0428813
cluster _center, 1406.92839 disancel,z =914.8855088
cluster _center, 1625.505 disance, 3 =218.57661
cluster _center, 1868.415 disance; 4 =242.91

cluster _center

2191.686667

disance, s =323.2716667

cluster _center; 2436.77 disances ; =245.0833333
cluster _center, 2725.51 disanceéj =288.74
cluster _centery 2959.83 disance; g =234.32

cluster _ center,

3291.286667

disanceg g =331.4566667

cluster _ centery 3569.76 disanceg’lo =1278.4733333
cluster _ centerny, 3857.245 disancey;, =287.485
cluster _center,, 4097.995 disance;;;, =240.75
cluster _ center, 4426.65 disancey, 3 = 328.655
cluster _center, 4695.87 disancey 4 =269.22
cluster _ centerys 4864.69 disance, ;s =168.82
cluster _centerq 5036.17 disances ;s = 171.48
cluster _ center, 5287.08 disance g7 =25091
cluster _centerjg 5646.725 disance ;g =359.645
cluster _center,, 5844.371631 disancel&lg =197.6466309
cluster _centery 6147.880026 disancew,zo =303.5083952
cluster _ center,, 6542.0435 disancezom =394.1634739
cluster _center,, 7111.773 disance,) 5, =569.7295
cluster _centery, 7503.43 disance22,23 =391.657

8000

Cluster Centers

6000

4000

2000

. I

Figure 1. Cluster centers of production electric

The final clustering results are in column 2 of the table

6.2.1 show how get it.

[Step 6] Based on Equation (3.2.3), the upper bound and
lower bound of each, 1<k < 11. For example:

cluster _center, + cluster _ centery
2
_3207.68722+3339.665
- 2
=3454.7125
cluster _IBound,3 = cluster _uBound,,
=3273.67611

Because there is no previous cluster before Cluster; , the

cluster _uBound,; =

lower bound of cluster _[Bound, of Cluster is calculated

using Eq. (3.2.4) and because there is no next cluster after
the last cluster, ie., Cluster;q the upper bound
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cluster _uBounds is calculated using. U, [3125.558333, 3430.523333)
cluster _[Bound; =2x cluster _center; —cluster _uBound, Uio [3430.523333, 3713.5025)
=2x491.774505-673.930253 Un [3713.5025, 3977.62)
=309.618758. Un [3977.62, 4262.3225)
cluster _uBounds = 2 x cluster _ centery — cluster _[Bounds Uss [4262.3225, 4561.26)
=2x7503.43-7307.6015 U [4561.26, 4780.28)
=7699.2585 Uss [4780.28, 4950.43)
[Step 7] Let each Cluster; form an interval, and e [4950.43, 5161.625)
calculate the middle value using Eq. (3.2.5). The table 6.2.2 Wy [5161.625, 5466.9025)
below shows Interval Generations from the Clusters and Uss [5466.9025, 5745.548315)
Final intervals from clusters show in table 6.2.3.
al intervals from clusters show in table 6.2.3 Un [5745.548315, 5996.125828)
Table 6.2.2. The Interval Generations from the Clusters Uso [5996.125828, 6344.961763)
Cluster center Lower Band Upper Band Mid value Ua [6344.961763, 6826.90825)
492.0428813 | 34.60012688 | 949.4856356 | 492.0428813 Uss [6826.90825. 7307.6015)
1406.92839 949.4856356 1516.216695 1232.851165 U [7307.6015, 7699.2585)
1625.505 1516.216695 1746.96 1631.588348
1868.415 1746.96 2030.050833 1888.505417 Table 6.2.4. FLR of the first order Fuzzy Time Series
2191.686667 2030.050833 2314.228333 2172.139583 Group 1: Al N Al (4),/11 N Az (2),A] N A3 (2) i
2436.77 2314.228333 2581.14 2447.684167
2725.51 2581.14 2842.67 2711.905 Group2: A, = 4y, 4,
2959.83 2842.67 3125.558333 | 2984.114167 Group3: Ay — A, A; Groupd: A, — As, A
3291.286667 3125.558333 3430.523333 3278.040833
Group 5: A5 —> A4, (3) ,Group 6: Ag — A
3569.76 3430.523333 3713.5025 3572.012917
3857.245 3713.5025 3977.62 3845.56125 Group 7: Ay —> Ay (3).Group 8: Ay — 4y
4097.995 3977.62 4262.3225 4119.97125 G 9 4 (2) 4G 10 A —> 4
roup 9: - , Grou :
4426.65 4262.3225 4561.26 4411.79125 PO Ay AN P 10 12
4695.87 4561.26 4780.28 4670.77 Group 11: A} —> A3 (2).Group 12: Ay — Ay, Ay
4864.69 4780.28 4950.43 4865.355
Group 13: A13 —> AIS’A16 , Group 14: A14 —> A17,A17
5036.17 4950.43 5161.625 5056.0275
5287.08 5161.625 5466.9025 5314.26375 Group 15 A5 — A7, Group 16: Ajg — Az
5646.725 5466.9025 5745548315 | 5606.225408 Growp 17: A5 —> Aig, Ao, Ang
5844.371631 5745.548315 5996.125828 5870.837072
Group 18: Als —> AZO’AZI
6147.880026 5996.125828 6344.961763 6170.543796
6542.0435 6344.961763 | 6826.90825 | 6585.935007 Group 19: Ajg —> Ay, Ay, Group 20: Ayg —> Ay, Ay
7111.773 6826.90825 7307.6015 7067.254875 Group 21: A2] N AI>A23 , Group 22: A22 N Al
7503.43 7307.6015 7699.2585 7503.43

Table 6.2.3. Final intervals from clusters

No Intervals

U, [34.60012688, 949.4856356)
U, [949.4856356, 1516.216695)
Us [1516.216695, 1746.96)
Uy [1746.96,2030.050833)
Us [2030.050833,2314.228333)
Us [2314.228333, 2581.14)
U, [2581.14, 2842.67)

Us [2842.67,3125.558333)

Group 23: A23 -0

[Step 1] Define the linguistic term 4, 4, ,, and 43,
shown as follows:

Al :1/M1+0.5/M2 +0/M3 +0/u4 +...+0/u10 +0/u11,
A2 =0.5/u1+l/u2 +O.5/u3 +0/M4 +...+0/M10 +0/u11,
A3 :O/Ml +0.5/u2 +1/u3 +O.5/1/l4 +...+0/1/l10 +O/u11,

A30 =0/u1+0/u2 +0/1/l3 +0/U4 +...+0.5/H10 +l/u11

[Step 2] Fuzzify each datum that is belonging to ui, where
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1<i< 11 into Ai. Table 6.2.5. Fuzzified production electric
[Step 3] Obtain the fuzzy logical relationships (FLR) of Forecasted Value of the fuzzy membership
the ﬁrst order fuzzy time series Table (6.2.4). Let the FLR Al 9621313188
having the same current state to form a FLR group (FLRG). e 1888 505417
[Step 4] below in Table 6.2.5 we calculate the forecasted
. . . A3 2172.139583
value of the fuzzy memberships by using the mean of mid
values weighted by their corresponding repetitions. Again A4 2309911875
we will give ex: The state A2 comes after state Al 2 times. AS 2711.905
So the forecasted value of A2 is the mid value of A2 two A6 2984.114167
times divided by 2 (1888.505417*2)/2. Not clear enough? A7 3278.040833
We will give another example. A8 3572.012917
The state A8 comes after state A7, A8 once and A10 once. A9 393703125
So the forecasted value of A8 is the Midvale of A8 and the 10 111997125
Midvale of A4 divided by the total number of repetitions NT 4411'79125
(3572.012917*1+4119.97125%1)/2. i
[Step 5] Calculate the forecasting value. In column I we Al2 4670.77
start forecasting our data by using states from the previous Al3 4960.69125
year. How we do this? Let's see some examples: Al4 5314.26375
We forecast the value of February 2016 by looking at the AlS 5314.26375
state of January 2916~ and we affect the corresponding Al6 5606.225408
forecasted value which is (962). ' A7 5382.535425
We forecast the value of July 2016 by looking at the state TS 378239401
of Jun 2016 and we affect the corresponding forecasted value .
from column C which is (3178), Table 6.2.6 and Table 6.2.7 A19 3779648878
below show the actual and forecasted values of production A20 3779.648878
and consumption electric for period from January 2016 to A2l 3997.736441
December 2019 in GWh. the result has been rounded to the A22 4920428813
nearest integer. A23 962.1313188
Table 6.2.6. Actual and forecasted values of production electric in GWh
Month| Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
s |5l 23|83 |88 |=|%|5|%|3|%|z|8|z|%8|z|%8|3|%2|3/|%
-~
<8<l <8l <|8|<|8|=<|8|<|8|<|&8|<|2|=<|8|=<|&
. = 2016 |435(3780({435[962(1355|962(1799(1889|2268|2310(2759|2712|3312(3278|3877|3937(4373|4412|4865({4961|5370|5314({6133|5883
<
g £
g § 2107 [466(|3780|466|962(1459(962|1938|1889(2437|2310{2960{2984|3570(3572{4166|4120|4689[4671|5194|5314(5712|5883|6604(6378
2 &
= E 2018 |523(3998(523(962(1576|962|2088(2172|2636|2712{3195|3278|3837(3937|4480(4412(5036|4961|5582(5606|6163|6378(7112|3780
& 2
N =
80O
2 2019 |545|492 [545]|962(1675|962|2220({2172|2781|2712{3367|3278|4030{3937|4703|4671(5297|5314|5874|5883|6480|3780({7503|3998
Table 6.2.7. Actual and forecasted values of consumption electric in GWh
Month| Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
s 5| B 8|z 8|z 8| %|=z|8|5|8|=|%8|5|%|z|%|3|%|3|%
-~
EIT|E||E| || ||| ||| |||l |&| %&£
= = 2016 |495|3561| 876 (1028[1352{1506|1809(1896(2282(2315|2776|2717|3329(3287|3892|3948|4389(4448(4878|4906|5385|5394(6130(6021
<
g £
;}’3 g 2107 |487(3717| 936 |1028|1446{1506{1931]|1896|2426(2315(2951|2992|3558|3580(4157(4124|4689|4541(5202(5266|5733|5654|6364|6249
2 &
= § 2018 |600| 550 |1055(1028(1588|1506|2109(2178(2663|2717|3229|3287|3878(3948|4530|4448|5106(5137(5655|5654|6220(6249({6900(3717
<
E —
o
é 2019 |617|550|1106(1028[{1680{1506|2233(2178(2799|2717|3398|3287|4065(3948|4742|4541|5344(5266(5923|6021|6514(3561{7226|7226
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6.3. Result Proposed Method for Predicting Using Fuzzy
Time Series and Clustering Discussion

The Proposed Method using Fuzzy Time Series and
Clustering the same steps but we will use data from January
2015 to December 2019 in our proposal method we will us
we use time-invariant fuzzy time series in section 3.1, the
first step and second step The same in section 4.2 and will
start from step three in proposed method.

[Step 3] Obtain the fuzzy logical relationships (FLR) of
the first order fuzzy time series. Let the FLR having the same
current state to form a FLR group (FLRG).

Monthly evolution of electric production.

10000
N | || || ||| |||
o il I|||| il I||| il |||| Ll ||| il |||
2015 2016 2017 2018 2019
M Jan HFeb Mar u Apr
u May June uuly W August

W Septemper B October  WNovember B December

Figure 2. Monthly evolution of electric production

In Figure 2, this histogram gives us a clear idea about the
distribution of our data, we can see that

In every year electrical production rises continually
through the months of the year to reach its peak in December
and fall abruptly in the next month of the year. Because of its
shape that looks the same every year we say that our data is
affected by seasonality with a yearly span. You can figure
out that there are other kind of data which has a span of 6
months (semester) or 3 months (a quarter)... So we would
like that our model reflect this property.

Here we calculated the conditional mean using the mean
of monthly variations from January to December the table
6.3.1 below indicate how get it, this way we can tell that in
average the data should evolve with 6% in the next year. We
will not forecast all data this way but this should be a good

estimation for our problematic states as 4; — 6.

We can see in Figure 2 that the production of electricity is
increasing throughout the years. So we would like that our
forecasting to be affected too. It’s visually clearer below in
Figure 3 (we can also check the mean of variations in row 8
which shows that difference in trend)

Evolution of monthly electrical production during
2015-2019
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Figure 3. Monthly evolution of electric production

[Step 4] we calculate the forecasted value of the fuzzy
memberships by using the mean of mid values weighted by
their corresponding repetitions from table 6.3.2. Again we
will give ex:

The state Al comes after state Al 7 times. So the
forecasted value of Al is the mid value of Al seven times
divided by 7 (491, 774505*7)/7. Not clear enough? We will
give another example.

The state A3 comes after state A3 once and A4 once. So
the forecasted value of A3 is the Midvale of A3 and the
Midvale of A4 divided by the total number of repetitions
(1259,747445*1+1527,9773475%1)/2.

The state that doesn’t have a state that comes after 12
months are basically the states that were realized in their first
time in year 2019, so we'll just suppose how they should
evolve in the next year (6%).

The sate 4,7 — @ which state come after state A26

the forecasted value of A27 by equation (3.2.2)

Mid value (1+ average mean of monthly variation)

6427.901757 % (1+0.06) = 6813.575862

Table 6.3.1. The mean of monthly variation

Month 2016 2017 2018 2019 Mean of monthly variation
Jan -0.1133367 0.07051120 0.12229343 0.041838443 0.101397554
Feb -0.4917724 0.07051120 0.12229343 0.041838443 -0.064282333
Mar 0.03424081 0.07643746 0.08058434 0.062470262 0.063433222
Apr 0.02232403 0.07764415 0.07708539 0.063300841 0.060088605
May 0.02206442 0.07459836 0.08180911 0.054929214 0.058350281
June 0.01861736 0.07260037 0.07929509 0.054076813 0.056147411
July 0.02831728 0.07780981 0.07495461 0.05022242 0.057826034
August 0.03721643 0.07448235 0.07540435 0.049671099 0.059193559
September 0.04150504 0.07223722 0.07400717 0.051737729 0.059871793
October 0.04591796 0.06778232 0.07454138 0.052411213 0.060163221
November 0.04768296 0.06363778 0.07892055 0.051445818 0.060421781
December 0.05479108 0.07684243 0.07681581 0.05507164 0.065880245
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Table 6.3.2. FLR of the first order Fuzzy Time Series nearest integer.
Group 1: 4 = 4, (7) Group 2: 4y = 4, Table 6.3.3. Fuzzified production electric
Group 3: A3 - A3, A 4 Group 4: A , — A 4 AS Forecasted Value of the fuzzy membership
Al 491.774505
G 5:A4; —> A G 6: A4, —> A
roup 51 As = As, Ao roup 6: 45 — 4 A2 491.774505
Group 7: A; = Ag Group 8: Ay = Az, 4y A3 1393.862396
Group 9: 4y = 4, Group 10: 4, = 4 (2),/4“ Ad 1632.009299
AS 1831.56375
Group 11: 4y — 4y Group 12: Ay = A3, 43 A6 2087.223884
Group 13: A3 = A4 Group 14: Ay — A5 AT 2248.782768
A8 2353.177843
Group 15: A15 - A159A177A16 Group 16: A16 -0 A9 2709848068
Group 17: A17 - A187A18 Group 18: A18 - A19,A19 A10 2793.960658
All 3178.71736
Group 19: 4 g —> A, A Group 20: A,, —> A
P9 7 a0 P 0 T7n Al2 3364.194305
Group 21: Ay —> Ap3, Ay Group 22: Ayy — Ay Al3 3574.17403
Group 23: Ay —> Ays Group 24: Ay, — Ays Al4 3808.70806
AlS 4009.706818
Group 25: Ays —> Ayg, Arg Group 26: Ay —> Ayg, Ayq Al6 4255915177
Group 27: Ay, = 0 Group 28: Ay —> Ayg A17 4429.174874
Al 4663.311673
Group 29: Ay — 43 Group 30: A3y — 0
A19 4970.420928
[Step 5] Calculate the forecasting value. In column 1 from A20 5235.54034
table 6.3.3 we start forecasting our data by using states from A2l 3313.69142
the previous year. How we do this? Let's see some examples: A22 5583381938
We forecast the value of February 2016 by looking at the A23 5832.471383
state of February 2015 and we affect the corresponding A24 5832.471383
forecasted value from column C which is (491, 774505).We A25 6143.896952
forecast the value of July 2016 by looking at the state of July A26 6563.989253
2015 and we affect the corresponding forecasted value from A27 6813.575862
column C which is (3364, 194305). Table 6.3.4 and 6.3.5 A28 7082.85575
below shows the actual and forecasted values of production A29 7503.43
and consumption electric for period from January 2016 to A30 7953.6358
December 2019 in GWh, the result has been rounded to the
Table 6.3.4. Actual and forecasted values of production electric in GWh
Month| Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
odae: o = 53 - 5] - 5] - 53 p=1 15 - 5] - 53 p=1 15 - 5] - 53 p=1 15 - 5]
>_‘ 9 S <9 St 9 St <9 S < St 9 St <9 S < St 9 St <9 S < S <@ S
“UE|ICE[ & & & & & &&= |&|“|&|“|&
= 2016 [435|492|435|492(1355[1394(1799{1832(2268(2353(2759(2794(3312(3364(3877(4010{4373(4429|4865[4970(5370(5314(6133(6144
=
§ S| 2107 |466|492|466(492|1459|1394(1938(1832|2437|2353]|2960|2794(3570{3574|4166|4010|4689 (4663 |5194|5236|5712|5832|6604 6564
Q- N
4 § 2018 [523|4921523|492{1576(1632(2088(2087(2636(2710{3195[3179(3837(3809{4480(4429(5036(4970(5582(5583[6163(6144|7112(7083
-9
2019 [545|492|545|492(1675(1632(2220{2249(2781(2794(3367(3364(4030({4010{4703[4663[5297(5314|5874(5832(6480({6564|7503 (7503
Table 6.3.5. Actual and forecasted values of consumption electric in GWh
Month| Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
s |28z %% | %8|z |8|=|8|3| 8|z |%|=|%|3|%|=|/%|%|%|=|%
S~
<8l <8<l =<|&|<|8|<|&|=<|8|<|&|=<|8|=<|&8|<|&|=<|&
= 2016 |495(537| 876 | 929 |1352(1377|1809|1868(2282|2271(2776|2797(3329|3371{3892|3892(4389|4245(4878|4802(5385|5415|6130|5854
=
% S| 2107 |487|537| 936 | 929 |1446|1377(1931]|1868|2426(2271]|2951|2972(3558|3539|4157|4128|4689|4716(5202|5211|5733(5687|6364|6464
Q. e
e g 2018 |600({537|1055( 929 |1588(1621|2109|2191{2663|2635{3229|3178(3878|3892(4530(|4245(5106|5059(5655|5687(6220|5854(6900|6885
%
2019 |617(537|1106(1092{1680(1621|2233|2271(2799|2797(3398|3371{4065|4128(4742|4802(5344|5415(5923|5854|6514|6464|7226|7226
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7. Conclusions

The forecasts obtained utilizing Fuzzy time series method
and Fuzzy Time Series and Clustering and Proposed Method
are discussed in this paper. The aforementioned methods
require only the historical data series of -electricity
consumption to build the forecast. This can be considered as
an important advantage, because the effort and cost linked to
the data mining are very limited. These historical time series
data are analyzed to understand the past and predict the
future. Mean Absolute Percentage Error the mean absolute
deviation.

The results of predictive metrics of electricity production
indicated that the Mean Absolute Percentage Error ranged
from 0.95 (Proposed Method) to 30.06 Fuzzy Time Series
method and mean absolute deviation ranged from
14.97096316 (Proposed Method) to 231.2533488 Fuzzy
Time Series method, Fuzzy Time Series and Clustering
method performed closed to the Proposed Method but Fuzzy
Time Series method deviated a lot (Table 7.1), (Table 7.2).
So, this criterion clearly indicated the superiority of
Proposed Method in forecasting the production of electricity
and consumption electric during 2016-2019. Similarly, the
Proposed Method gave the lowest value thus performed best
followed more than Fuzzy Time Series and Fuzzy Time
Series and Clustering methods. Fuzzy Time Series method
performed the worst in all cases. Similar to the prediction of
electric energy production, Proposed Method performed best
when the consumption of electric energy was predicted. But
it is quite interesting that in case of forecasting the electric
energy consumption.

Table 7.1. The values of evaluation metrics production of electricity

there is no doubt that Proposed Method performed the best
forecasting. So, this method can be used to create a balance
sheet between future forecasting for electric energy
production and consumption, According to our study, the
future consumption of electric energy will increase at a
higher rate in next three years as our prediction showed more
consumption of energy than production in most of the
months throughout a year (table 7.3 and table 7.4), and
balance energy for production and consumption of electric
show that some months we need product more electric for To
fill the electricity shortage (Figure 4). As Proposed Method
produced more reliable information, it can be suggested that
it is time, government took necessary steps to produce more
electric energy for the future to cope up with the future

demand.

Table 7.3. The prediction of Production Electric

Month 2021 2022 2023
Jan 491.989206 503.3697422 510.8906906
Feb 491.989206 503.3697422 510.8906906
Mar 1962.569219 2214.920883 2415.731294
Apr 2710.012313 2711.082843 2716.563877
May 2802.805653 2711.082843 2716.563877
June 3829.126754 4026.063991 4249.983637
July 4440.024397 4713.770666 5000.590303
August 5278.439903 5598.919659 5881.625537
September 5901.678084 6181.533648 6508.320179
October 6511.053799 6946.244241 7284.897621
November 7262.193741 7727.090906 8116.520842
December 8229.341832 8582.642187 8828.813408

Table 7.4. The prediction Consumption of Electric

Evaluations
MAPE MAD
Method Month 2021 2022 2023
Fuzzy Time Series 30.06 231.2533488 Jan 547.0917457 557.4954711 571.6345653
Fuzzy Time Series and Clustering 19.54 103.735 Feb 1118.555133 1031.676219 1092.273382
Proposed Method 0.95 14.97096316 Mar 1632.042481 1659.288374 1630.939523
‘ _ _ N Apr 2365.020587 | 2502.590615 | 2643.732261
Table 7.2. The values of evaluation metrics the consumption of electricity
May 3286.816771 3400.675637 3586.340934
Evaluations MAPE MAD June 3857.29854 | 4083.783012 | 4276.190583
Method
o July 4549.21054 4773.14994 5066.664609
Fuzzy Time Series 26.85 228.420
August 5526.750832 | 5905.615987 6272.6894
Fuzzy Time Series and Clustering 13.81 80.26689528
September 6042.666941 6361.358987 6685.357146
Proposed Method 0.67 16.2021658
October 6835.374338 7255.662489 7752.835402
Statistical model forecast the future demand and November 7544952606 | 8031.050891 8214.429822
production by a mathematical combination of previous December | 8005489112 | 8410.589643 | 8699.081182
demand and production as well as incorporate other
exogenous factors like weather conditions, seasonality etc. This paper compared several methods to forecast

The forecasting accuracy depends not only on the numerical
efficiency of the algorithms employed, but also on the
quality of data analyzed and the ability to incorporate
important fundamental factors, such as historical demand,
demand and consumption forecasts, weather forecasts of fuel
prices. In our study, while all these factors were considered,

production and consumption electric energy for the period of
2016 to 2019. This study has fulfilled the objectives of the
study to propose the production and consumption of future
electricity by different forecasting methods like Fuzzy Time
Series method and Fuzzy Time Series and Clustering method,
and Proposed Method, and then inspect the accuracy of both
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models in forecasting ability.

Balance in Energy For Production and
Consumption Of Electric 2021,2022,2023
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Figure 4. Balance in Energy Production and Consumption for Electric

After examining several models, it was found that
Proposed Method was the best and most appropriate to apply
to study data series of production and consumption
electricity. By analyzing the forecasted value using the
performance evaluation procedure, it is found that use of
Proposed Method for forecasting production and
consumption electricity is better Fuzzy Time Series method
and Fuzzy Time Series and Clustering method.

In the end, we can conclude that Proposed Method
forecasting model help to determine the full intervals of
lengths in the time series and it provides proper intervals
according to different observations. On the other side the
second model, the Fuzzy Time Series and Clustering method
focuses on logical principles that utilize in cluster
multi-dimensional data and it assigns the Centre of the
cluster from 0 to 100 per cent according to the requirement of
the cluster. As compared to traditional hard threshold
clustering, it is considering more powerful and every point is
label exactly. Clustering of fuzzy time series can be
accomplished through proper applications and according to
the classification of new kind of data the output of this
function can be repurposed.

These three methods and their studies help to explain that
forecasting production is very important according to
production scenario and in this regard, the data sets are utile
and measures according to the nature of production.
Consumption of electric and forecasting production plays a
major role and for these developments, these two models
show their major working according to their data sets and
how to manage the data as per their required position,
algorithms are used according to nature and utilization of
datasets.
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