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Abstract

Assessment of the electricity market shows that, electricity market data can be considered big data.
this data has been analyzed by both conventional and modern data mining methods. The predicted
variables of supply and demand are considered to be the input of a defined multi-objective for predict-
ing electricity price, which is the result of the defined model. This shows the advantage of applying
the new algorithms for big data mining.
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Introduction

These data

He global growth of data in different areas is
T substantial. Over 2.5 Exabyte of data are
generated worldwide every day. This amount of
data is rapidly expanding. Such extensive gen-
eration of data has resulted in a new concept
called big data [1, 2]. There are different defini-
tions of big data. For instance, Manyika believes
that big data are those data which are too large
for current software applications to analyze and
store.According to the majority of researchers,
the most important feature of big data is the vol-
ume [3, 4]. This massive volume of data cannot
be analyzed with classic data mining methods,
something which results in serious challenges on
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data mining quality and time [5].
are mostly non-structured and non-framed [7, 8].
Therefore, the institutes providing new platforms
for the exploitation of big data can properly ben-
efit from latent values of such data in decision-
making and organizational processes [11, 12, 13].
Some of the most important applications include
identifying procedures and making strategic and
operational decisions. (It should be noted that
making such decisions requires up-to-date and re-
liable information. However, necessary data are
scattered in different information sources, includ-
ing information systems, spreadsheet files, and
even geographical data, so that it is complicated
to access and analyze them.) Other applications
include modeling patterns and risk management
models. (The main risk management principle
is to use up-to-date data in modeling, something
which can only be possible through the use of
big data analysis tools with regard to the mas-
sive volume and high speed of data generation.)
Given the above-mentioned applications and the
immediate need of organizations for data analysis
to achieve agility, dynamism, and sustainability,
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it is essential to pay attention to big data and
codify appropriate solutions for the exploitation
of latent values in data [1, 2]. As a result, enter-
prises and institutions using data analysis in this
area can gain competitive advantages and will
benefit from more accurate prediction and fore-
sight regarding different issues [14]. Irans electric-
ity market was established in 2001. The mission
of this market was to provide a system for the
purchase and sale of electricity in supply and de-
mand. This system was set up to determine the
electricity price [18]. Electricity production, dis-
tribution, and transmission were managed unan-
imously in the old electricity industry structure.
These sectors operate independently in the new
structure [18]. In addition, the electricity mar-
ket will act as an intermediary among the above-
mentioned sectors. This market is regarded as
one of the infrastructures required for privatiza-
tion. Accordingly, the Energy Exchange began
its work in early 2012, and subscribers are going
to be able to purchase electricity directly from
the Electricity Exchange in the foreseeable fu-
ture [19]. The two most important variables of
the electricity market are the price of electricity
and the load of electricity at power plants. Us-
ing accurate and intelligent data mining methods
to deal with energy production data and making
correct decisions will result in huge savings in the
costs of energy production and the accurate pre-
diction of needs for energy as well as the presen-
tation and codification of appropriate electricity
price. Using proper data analysis to make correct
decisions, the purchasers and buyers of this mar-
ket gain advantages over their rivals. However,
the analysis of data in this area is a serious chal-
lenge because of the features of big data [16, 17].
With an increase in new sources of data genera-

Figure 1: A Schema of Relationships among Dif-
ferent Players in the Electricity Market [23].

tion, a significant volume of data is created and
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stored every day, something which is observed to
a greater or lesser degree in different industries.
Many papers have investigated the application of
big data in different applied areas, for example
a multi-variate time series model for predicting
electricity prices (Cuaresma et al. (2004)), paper
on the provision of a neural network based model
of effective parameters in predicting demand and
electricity prices (Yamashita et al. (2004)), pa-
per on the prediction of future electricity prices
in the European countries using the neural net-
work [22]. Another category of articles in this
area is to present a variety of single or multi-
purpose models with constraints designed to pre-
dict future electricity prices, such as, concerning
modeling the price of electricity, taking into ac-
count randomized change [21], a model for fore-
casting future contracts with random parameters
[9], or providing a model for epex forecasting tak-
ing into account renewable energy in the model
(Florian et al. (2015)). Also studied the use of
big data in health [11] and investigated the ap-
plication of big data in the expansion of access
to financial services in China [12]. This study
investigates the main features of big data, such
as volume and variety, in addition to the data
stored in Irans electricity database to show that
they are big data. Therefore, new algorithms of
big data are required to analyze them, and clas-
sic methods are not efficient enough for analysis.
Thus, a player of the energy industry that uses
the analysis of big data in the purchase and sale
of electricity will gain an advantage over rivals
in making decisions [15] However, the conclusion
points out that big data analysis methods should
undoubtedly be developed. In other words, anal-
ysis should be done using algorithms resulting in
a better quality of response and doing data min-
ing tasks in shorter periods of time. moreover,
we determine the minimum value of electricity
and its distribution method from power plants,
transfer companies and calculate the price of elec-
tricity. Therefore, the advantage of fair pricing
analysis using data mining based on big data as
well as the improvement by the proposed model
is indicated. Improving runtime and increasing
the accuracy of predictions, shows that the algo-
rithms used for big data, require intelligent data
mining methods.
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2 Method

In the electricity market, a prediction of supply
and demand needs to be used, which is applicable
to all production data in all circumstances, even
when demand and supply trends are removed
from the routine and predictions are not accurate
with time series. To be used. It is also very im-
portant to use a method that is an image of all the
past data.This study investigates data that were
previously obtained from Irans electricity market
databanks to ascertain whether they are big and
to show the necessity of using new methods for
the analysis of big data. After determining the
bigness of data, two data mining methods (clas-
sic and modern) are used to show that the nature
of the electricity market data is big. Therefore,
such data can provide better competitive advan-
tages for the players of this market if big data al-
gorithms are utilized. Next, the model of cost op-
timization uses the predicted parameters resulted
from data mining to establish the appropriate dis-
tribution type of electricity and fair pricing.

3 Case Study: Seven Features
of Big Data in Irans Electric-
ity Market

3.1 Volume

The most important feature of big data is vol-
ume. Companies that can use a higher volume
of data in their models in different areas will
gain better results [5, 8] This big volume of data
is obtained from various sources, such as sen-
sors, webserver logs, audio streams, stock mar-
ket interactions, webpage contents, and govern-
mental documents in different industries [14] Re-
garding energy and the electricity market in par-
ticular, there has been an increase in the vol-
ume of data on parameters influencing the pur-
chase and sale of electricity resulting from dif-
ferent sources, such as power plants, the stock
market, the performance of power transmission
and distribution companies, and regional power
companies since the creation of this market in
Iran in 2001. This increase is still growing. Af-
ter changing the wholesale market into the retail
market and implementing the smart grid across
Iran in the coming years, it is predicted that this
volume of data will increase very rapidly. Accord-
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ing to the applied and effective data of different
databases from 2002 to 2015, the volume of data
reached from 7016 gigabytes to 10158 gigabytes
( Fig 2). According to the experts of Niroo Re-

Data volume

Figure 2: Data Growth Prediction until 2022.

search Institute, the double exponential smooth-
ing prediction method was used to predict this
trend until 2022. Based on the mean of results
gained from experts predictions and the double
exponential smoothing prediction method, this
volume of data will reach 14766 gigabytes in 2018
and 21116 in 2020. Data growth in the electricity
market is obvious and exponential. The predic-
tions show that this growth will continue in the
coming years ( Table 2). These valuable data
will influence the prediction of important vari-
ables, i.e., price and load. Given the time period
in which data are generated in Irans electricity
market, there are different rates and volumes of
accumulated data. The objective of this market
is to generate momentary data so that the pro-
cess of changing parameters can be thoroughly
monitored. The use of this procedure may result
in a significant increase in the volume of gener-
ated data. According to Kaile Zhou et al. (2016),
by making the power industry intelligent and us-
ing measuring tools for parameters and their re-
lationships with the electricity market databases,
over 1.82 terabytes of data will be generated on
average [10]. All of these data will directly and
indirectly influence the analyses of the electricity
market and change the current database trend.
However, making Irans electricity market intelli-
gent is part of the next plan, and it has not been
completely fulfilled. Even if making the power
industry intelligent is neglected, there will be a
significant volume of data [14].
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Table 1: Predicting the Growth in the Volume of Irans Electricity Market Data between 2016-2022
Year Experts Prediction (GB) Smoothing Method of Prediction (GB) Average (GB)
2016 11000 12433.2 11716.6
2017 12500 13733.3 13116.65
2018 14500 15033.3 14766.65
2019 15000 16333.4 15666.7
2020 18000 17633.5 17816.75
2021 20000 18933.6 19466.8
2022 22000 20233.6 21116.8

3.2 Velocity

The velocity of input data stream is another fea-
ture of big data that can be caused by feedback
loops and cycles resulting from making instant
decisions in a system. This rapid movement of
data requires a powerful structure so that it can
process and store input data quickly in order to
provide the data necessary for a quick and accu-
rate decision. Therefore, discussion on the veloc-
ity of creating data is the discussion on the cre-
ation of such structures [5, 8] In Irans electricity
market, there are different velocities of data gen-
eration based on collection time periods. Some
parameters, such as peak electricity consumption
and the prediction of minutely load, are put into
records; however, some other parameters, such as
the average total power plan price or proposed
sales stairs, are collected daily. Therefore, there
will be different updating periods in the velocity
of producing such data depending on their impor-
tance. The more we move towards data records
in more limited periods of time, the greater the
velocity and volume of data generation will be,
and the features of generated data will be closer
to the features of big data. Therefore, it will
be easier to analyze the resultant data [14]. In
the electricity market data analysis, the princi-
ple is to generate and record daily-collected data
into shorter periods of time, such as each minute;
therefore, this approach will result in an increase
in the generation rate of data in this industry.
Figure 3 indicates the differences in the rate of
data generation with respect to the collection pe-
riod. Charts with slower slopes have longer pe-
riods of time for data update, meaning one day.
On the other hand, charts with steeper slopes in-
clude data generation in shorter periods of time,

such as every minute. It should be noted that
if the electricity market becomes more competi-
tive, so that more players work on purchase and
sales in this market, it will be necessary to have
databases that can store data with higher rates
of generation.

Figure 3: Rates of Different Recessive Parame-
ters in Irans Electricity Market.

3.3 Variety

Big data are data with various structures. Such
data include structured, semi-structured and
non-structured data [5, 8] Most information is
directly obtained from humans; therefore, errors
are inevitable. This variety influences the in-
tegrity of data because more various data are
prone to more errors [4]. Regarding the electricity
market, data are obtained from main resources,
i.e., electricity-generating power plants, distribu-
tion companies, transmission companies, and re-
gional electricity companies regarded as buyers.
Each of these sectors and their subsidiaries have
a role in the generation of this volume of data.
With the expansion of public and private compa-
nies operating in the electricity market in recent
years, data generation sources have been increas-
ing, which has increased the volume of data. In-
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Table 2: Comparing the Number of Data Generation Sources in Each 10 Years

Year Power Plants Distribution Companies Regional Power Companies
2015 46 16 9
2016 90 37 16

creasing data generation sources in the electric-
ity market has resulted in the more accurate pre-
diction of parameters, i.e., load and price. The
growth of parameters and sources can be seen in
Figure 3. It is predicted that this increasing trend
will continue in the number of parameters and
sources. It is also predicted that other parame-
ters will be included for more accurate analysis
and conclusions. The number of data generation
sources changed from 71 to 143 between 2007 and
2015. In this same period, the number of param-
eters changed from 8 to 22. However, with the
development plan of Irans electricity market, it is
predicted that organizations involved in the pur-
chase and sale of electricity (public and private)
will enter the industry. For instance, there have
been more regional electricity companies operat-
ing as the purchasers of the electricity market in
recent years, and the majority of these compa-
nies are present in 2015. Therefore, the number
of data generation sources is increasing. More-
over, the creation of intelligent electricity net-
works in Irans market will significantly increase
data sources in the foreseeable future. With the
implementation of the intelligent electricity mar-
ket, new parameters can be defined in electricity
consumption, and every household consumer of
electricity will become a data generation source
[15]. Table 2 indicates the growth and disper-
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Figure 4: The Growth of Parameters and Sources
of Data Generation in Electricity Market

sion of power plants, distribution companies, and
regional electricity companies in Irans electricity
market. Figure 5 shows the number of parame-

ters and sources. The growth of participation in-
creased the volume and variety of generated data.

uuuuuuu

Figure 5: The Dispersion of Players in Irans Elec-
tricity Market: a) 2005 b) 2015.

3.4 Veracity

Given that data are obtained from different
sources, they may not be reliable. Moreover,
it is not easy to ignore the great volume of
information[7]. Some investigations introduced
this challenge as the maintenance of all the fea-
tures of big data to guarantee quality and accu-
racy However, the second definition is true about
the drivers of big data to generate a group of data
that can indicate the features of main data. In
the expanding volume of electricity market data,
each parameter has a level of accuracy over the
recession time; therefore, they have different lev-
els of errors depending on what sources they come
from[1, 2]. Figure 6 shows the average prediction
error of the two important variables of electricity
market (load and price) between 2002 and 2015.
As observed, the values of errors in these two vari-
ables can be regarded as indicators for the accu-
racy of electricity market data with fluctuations
in different years. These fluctuations are caused
by errors in parameters that can predict the two
variables. Increasing the volume of data increases
the accuracy of predictions and the probability
of errors in collected data used to predict vari-
ables, something which is a feature of big data.
As Figure 5 shows, the error percentage has been
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decreasing in recent years; however, a percentage
of errors has always been observed in the most
important data of the electricity market, i.e., the
predictions of load and price.

Figure 6: The Average Error in the Predictions
of Load and Price.

3.5 Validity

Assuming that data are accurate, they may not
be suitable for some applications. In other words,
they may not be valid enough for use in other
applications[7]. The coefficients of correlation be-
tween parameters and variables (load and price)
can be investigated to determine how much data
influence the predictions. Table 3 indicates the
correlations of some parameters with effective
variables (load and price). It can be concluded
that the parameters having the strongest correla-
tion with the electricity market variables have the
greatest impact on predictions, and there are also
parameters that have weaker correlations with
load and price. Therefore, parameters show dif-
ferent levels of validity in the prediction of impor-
tant variables. However, maintaining all param-
eters, even those having the slightest correlation
with main variables, results in the maintenance of
big data features. Thus, such parameters are al-
ways recorded and investigated for the integrity of
data. The implementation of data mining meth-
ods in Irans electricity market is meant to investi-
gate the effectiveness of the parameters that have
indirect impacts on the electricity market. There
are parameters such as the rates of secondary ser-
vices that have much weaker correlations than the
important parameters, but investigating their im-
pacts will make data mining methods more accu-
rate. Table 3 indicates the interval of the coef-
ficients of correlation between some parameters,
selected as samples, and the main variables of the
electricity market.
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Irans electricity market databases are record-
ing the parameters, which include a wide range of
correlation with predicted variables Figure 7 indi-
cates the minimum and maximum coefficients of
correlation between parameters selected in Table
3 and the two important variables of the electric-
ity market as well as the expansion of range.

Correlation with Load Correlation with Price

2009 2009

2015, 2010 2015 2010
204 2011 2014 @ 2011
2013 2012 2013 2012

=@=)in =@=)Max =@=)in ==@=)Max

Figure 7: Comparing the Ranges of Correlation
between Selected Parameters and Variables (Load
and Price).

3.6 Volatility

The values of different data can change at dif-
ferent speeds over time. In an ordinary electronic
commerce system, data do not fluctuate very fast.
It is possible that data can maintain their values
for one year. However, there are great fluctua-
tions in other applications, such as currency and
stock analysis, and data change their values very
quickly. However, it is important to store infor-
mation for a long time to analyze the changes
and fluctuations in data. Increasing the storage
period will definitely have high implementation
costs, which should be taken into account. In
Table 4, the moving average method and the ex-
ponential smoothing method were used based on
real information to predict load and price [17].
The coeflicient of the smoothing method was 0.8,
while that of the moving average was 3 periods
of prediction. Therefore, the latter is more im-
portant than the former when using older data.
Comparing the error resulting from these two
methods with respect to the low error of the ex-
ponential smoothing method for the prediction of
both parameters, it is obvious that historic data
kept their values. More accurate predictions were
made by using historic data; however, the fluctu-
ations in errors can be caused by different factors,
such as the accuracy of assumed parameters.
Figure 8 shows the predictions calculated by
using the exponential smoothing method with 0.6
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Table 3: Coefficient of Correlations between Parameters and Variables (Price and Load).

Year | 2009 |

2010

| 2011 | 2012

parameters Price Load Price

Load Price Load Price Load

Power 0.6 0.8 0.5
Plant
Storages

0.6 0.5 0.8 0.7 0.6

Energy 0.3 0.5 0.2
Production
Rate

0.2 0.3 0.6 0.4 0.6

Productivity 0.5 0.3 0.3
Coefficient

of Power

Plants

0.2 0.6 0.4 0.4 0.3

Rate of 0.4 0.5 0.3
Secondary
Services

0.3 0.2 0.2 0.4 0.5

Proposed 0.4 0.9 0.2
Sales Stairs

0.6 0.2 0.8 0.4 0.8

Corrective 0.3 0.4 0.3
Coefficients
of Consumers

0.2 0.4 0.3 0.5 0.3

Coefficient 0.2 0.4 0.3
of Productivity

for Power

Plants

0.2 0.1 0.3 0.1 0.4

Average 0.4 0.6 0.6
Heat Value

0.4 0.3 0.4 0.5 0.5

Coefficient of 0.4 0.4 0.3
Readiness Fee

0.2 0.3 0.3 0.6 0.5

Electricity 0.2 0.5 0.4
Import

0.3 0.3 0.3 0.3 0.3

Electricity 0.4 0.4 0.2
Export

0.2 0.3 0.5 0.5 0.2

Coefficient 0.5 0.6 0.3
of Productivity

based on

Power Plant

0.4 0.4 0.5 0.6 0.5

and 0.4 coefficients. The bigger coefficient in-
cludes smaller errors, which means that consider-
ing previous data is important to a certain extent.
Therefore, there will be fewer prediction errors.

3.7 Value

Value refers how many data are important in
making decisions in terms of information. In
other words, it ascertains whether the expendi-
tures spent on maintaining and processing in-

formation are worth making decisions or not.
Data can usually be moved between different lay-
ers. Higher layers have higher values of data.
Therefore, some organizations can afford the high
maintenance expenditures pertaining to higher
layers. 'The initial investment is in creating a
hardware and software structure for the stor-
age of information and data; however, there will
be much lower costs required to upgrade these
structures afterwards. In Irans electricity mar-
ket, the income from creating hardware and soft-
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Tabel 3. Continue

Year 2013 ‘

2014 | | 2015

parameters Price Load

Price Load Price Load

Power 0.5 0.5
Plant
Storages

0.5 0.4 0.2 0.7

Energy 0.4 0.4
Production
Rate

0.3 0.2 0.3 0.3

Productivity 0.6 0.2
Coefficient

of Power

Plants

0.6 0.3 0.2 0.2

Rate of 0.4 0.2
Secondary
Services

0.3 0.1 0.1 0.2

Proposed 0.4 0.7
Sales Stairs

0.5 0.8 0.3 0.8

Corrective 0.2 0.3
Coefficients
of Consumers

0.2 0.3 0.4 0.5

Coefficient 0.3 0.2
of Productivity

for Power

Plants

0.1 0.3 0.3 0.5

Average 0.3 0.5

Heat Value

0.1 0.7 0.5 0.5

Coefficient of 0.5 0.4
Readiness Fee

0.2 0.3 0.3 0.3

Electricity 0.3 0.4
Import

0.1 0.6 0.1 0.3

Electricity 0.5 0.3
Export

0.1 0.4 0.4 0.3

Coefficient 0.3 0.3
of Productivity

based on

Power Plant

0.3 0.5 0.4 0.4

ware databases come from appropriate decisions
made in this industry. The income of predicting
a price unit appropriately is equal to the price
of one megawatt per hour (4.20), and the sav-
ings of predicting the required electricity appro-
priately in one megawatt per hour is equal to
11.80. Since the creation of Irans electricity mar-
ket and the increase in the volume of collected
data, the prediction error has increased with the

definition of different parameters. Decreasing the
prediction error in the consumed electricity load
and predicting the accurate electricity price have
resulted in an increase in the income of producers
and consumers [18]. Therefore, when the volume
of data becomes bigger, big data methods will be
required to provide more savings. In the same
way, the profit of accurate predictions has been
increasing. According to Figure 9, the break-even
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Table 4: Calculating the Average Error with Moving Average Method and Exponential Smoothing Method

(specified weights = 0.8).

Prediction Parameters Values 2005 2006 2007 2008 2009 2010
50.5cmPrediction of Price  Real Value 144000 145100 155544 156652 168320 169500
Moving Average 144550 145100 148214 150324 153859 154000
Error Percentage 3 1 ) 4 8 9
Exponential Smoothing 143820 144848 153409 156004 160066 168000
Error Percentage 0.12 0.17 1.37 0.41 4.72 0.9
50.5cmPrediction of Load Real Value 31250 31680 32200 32450 32560 32000
Moving Average 32831 33006 33172 33311 33455 32500
Error Percentage b) 4 3 3 3 1
Exponential Smoothing 32771 32960 33129 33274 33419 33450
Error Percentage 0.18 0.14 0.13 0.11 0.11 0.95
Table 4. Continue
Prediction Parameters Values 2011 2012 2013 2014 2015 Average
50.5cmPrediction of Price  Real Value 168000 169000 178000 188000 189000 -
Moving Average 156215 158042 160536 163587 166128 -
Error Percentage 7 6 10 13 12 6.9
Exponential Smoothing 167520 168704 176141 185628 188326 -
Error Percentage 0.28 0.17 1.04 1.26 0.35 0.9
50.5cmPrediction of Load Real Value 33000 33200 33500 33550 34920 -
Moving Average 33634 33792 33990 34295 34100 -
Error Percentage 2 2 1 2 2 2.7
Exponential Smoothing 33591 33751 33943 34224 34124 -
Error Percentage 0.13 0.12 0.14 0.21 0.07 0.14

Figure 8: a) Average Error in the Prediction of
Price with Exponential Smoothing Method b) Av-

erage Error in the Prediction of Load with Expo-
nential Smoothing Method.

point of creating and maintaining the electricity
market data was observed in the first year of im-
plementation (2002). Then it started to produce
income. The maintenance of previous data will
be fruitful with the current structure, although
there are still some problems in the analysis of
data.

Comparing the Costs and Incomes of Power Plants Data

Figure 9: The Growth of Parameters and Data
Generation Sources

4 Optimization and fair pricing
of electricity

4.1 Definition of

model

multi-objective

The multi-objective model shall be used to mini-
mize the costs for electricity consumers and sup-
pliers. The determined indexes, sets, parameters
and variables are as follows:
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Table 5: Indexes, sets, parameters and variables of the model.

index Description

1el Index of each plant

jed Index of each electricity transmission companies

ke K Index of electricity distribution companies

teTl Index of each period

Sets Sets

I Set of electric power plants

J Set of electricity transmission companies

K Set of electricity distribution companies

T Set of period

Parameters Description

N The total number of power plants

M The total number of transmission companies

L The total number of distribution companies

dy Unit k Demand in period t

dmazi The maximum capacity of unit i

Qmini The minimum capacity of unit i

Qo j The maximum power transmission capacity of unit j

q;m»nj The minimum power transmission capacity of unit j

Ay The maximum allowable number of power plants
to supply electricity transmission company in period t

By The maximum allowable number of electricity transmission companies
to supply electricity distribution companies in the period t

C’i(t) The cost of generating a unit load in plant i in period t

1- Minimization of total operating costs is in
1:
min Q = Zivzl Z;bil Z;‘Ll wit[Cit(qije) + Sit] +
ZjM:1 Zi:l 23:1 wje ;/‘t (Q;'Ict) + 8] (1)

2- Minimization of the total cost of electricity
power plants in 2:

min R = Z’f\il ZzT:1 P (2)
3- Minimization of the cost of electricity
not supplied by the electricity distribution
companies in 3 and 4:

min§ =Y o' jkeq jkeVk € K,Vt € T (3)

minU = pQ + @' R+ ¢"S (4)

4- Indicates the minimum required spinning
reserve in time t :

Sl Wikd ke > dw + RuVk € KVt € T (5)

5- These constraints include the minimum
and maximum of production and the minimum
on and off times of production and transfer
units, which is of the operational constraints of

production units in 6 to 11:

Wit Qmini < Z]-Nilwijtqijt < UitGmaziVi € IVt € T

(6) B

(XI5 = T (wirn

on.i 7

—wuy) > OVi € I,Vt € T (7)
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Table 5. Contunue.

Cﬁ Load transmission cost by company j from Unit i to Unit k in period t
Sit Fixed generation cost in Unit i in period t

it the profits Percent generation in Unit i in period t

Qi the profits Percent generation in Unit i in period t

S;-t Fixed cost of transmission by Unit j in period t

Ry Ry k Units Spinning reserve required in period t

T*® Minimum time that the Unit i should be in operation

" Minimum time that Unit j should be in the circuit transmission
Tdown Minimum time that the Unit i should be shutdown

T jd"“’” Minimum time that Unit j shouldnt be in the circuit transmission
Variables Description

Xt . operation duration time of Unit i in period t

Xéff.i Shutdown duration time of Unit i in period t

X0 Operation duration time of Unit j in period t

Xri Shutdown duration time of Unit j in period t

AL, Affordability of unit k in period t

Qijt Amount of loud that generated in Unit i and transferred by Unit j in period t
Tixt Amount of loud that generated in Unit j to Unit k in period t

P; The price of electricity for Unit i in period t

Uit If unit i in period t is generating is 1 else is 0

Uit

u}t If unit j in period t is in circuit is 1 else is 0

uly

Wijt If Unit i supply Unit j in period t is 1 else 0

wékt If Unit j supply Unit k in period t is 1 else 0

(thl _ T_down

of f.i

(8)

Y Wity — wie) > OV € IVt € T e = 0 (i Cirwigedige) + Sie + Corye(wiinerine) +

S,k € KVt € T (12)

WijtQrming < Sony WrjktQrjkt < Wjt@maz;Vk € K,¥t € T 7- Constraint of the balance of supply

9)

(Xon.s
(10)

(Xiofrs —

(11)

chain: total delivered load amount of trans-
fer companies is equal to the amount de-

— T;")(urjgr) — wye) > OV € Jvt € T  livered to distribution companies in 13:

SN WiseGige > Yoy wiike @k € J,VE € T (13)

UMY (W) — wye) > OV € Jvt € T 8 Restriction on the relationship between

profit, cost and revenue is indicated by the
following equation in 14:

6- Constraints on payments to ensure that
all winner units cover their proposed costs of no P, = (1 + a)(Cu Z;.‘il(wijtqijt) + Siu) + (1 +
load, installation and production of energy in 12:  8)(Ciye Y10 (wiykiaine) + Sit)Vi € IVt € T (14)
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9- Limiting the maximum link of distribu-
tion and transfer companies as well as the
maximum link of transfer companies to power
plants in 15 and 16:

ZZN:1 ZJAi1 wijt > ApeVk € K,Vt € T (15)
Sl wike > BrVk € KVt € T (16)

10- If the power plant (i) is operating within
circuit in time t, it should be the same in the
next periods. Moreover, if the transmission
company of (j) operates within circuit at time
t, then it should be the same in the next two
periods in 17 and 18 :

Wit > Ui(ep1) + Uir2)VE € 1, .., T (17)

Ut 2> Upje41) + Wiy VE €1, .., T (18)

4.2 Classic and Modern Data Mining
Methods for the Electricity Mar-
ket Big Data

After explaining the above-mentioned model and
its associated limitations, it is necessary to con-
duct data mining in order to estimate the input
parameters which include demand estimation and
minimum and maximum capacity of power plant
to supply electricity. In other words, the input
parameters of the model are calculated as the
estimated variables of past data clustering. Ac-
cording to previous investigations of the features
of big data, it is obvious that the data of this
field are big. Therefore, modern data analysis
methods are required. Different methods have
been proposed for the analysis of big data. For
instance, there are some methods in which time
and space are not important, such as Map Reduce
and Graph Lab methods. On the other hand,
there are some methods in which time limita-
tions are considered, such as STORM, SAMOA,
or SVMGA [20]. However, there are classic data
mining methods that have severe limitations in
the analysis of big data. In this section, a classic
data mining method, K-means, is compared with
SVMGA. In the electricity market, price predic-
tion and load prediction are two important vari-
ables. Therefore, the data obtained from Irans
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electricity market are used in separate years to
cluster data. Table 5 shows the results of cluster-
ing data in 2015 by using SVMGA with R ver-
sion 3.1.0 software [20]. After defining the status
of each of the parameters included in the table 5,
it is necessary to determine the distance between
points and cluster centers to identify the nearest
cluster. Other target parameters are determined
by the cluster after identifying the number of the
appropriate cluster. An example of parameter de-
termination is given in the table 6. These values
are in fact input parameters of minimizing model.

solve the model

4.3

After obtaining the parameters from the clus-
tering of big data on the electricity market
database and the other given parameters, Multi-
objective model will be solved by considering
26 plants, 31transmission companies and 56 dis-
tribution companies. The maximum allowable
power plants to supply are 3 and the maximum
number of transmission companies are 5 units.
The permitted Profit for power plants is 30 per-
cent and for transmission companies is 25 per-
cent. the optimization of price is as follows. This
is a fair price based on a minimum of three ob-
jectives have been achieved

5 Results

Data mining using big data techniques for the
analysis of the big data of electricity market pro-
vides more accurate and faster prediction of the
parameters such as customer demand and pro-
duction capacity of power plants. Given the
largeness of data, it is necessary to employ new
techniques of big data to improve the response
quality and speed-up data mining. Graph 10
presents an average improvement by 6 percent in
the price estimating quality and graph 11 presents
the improvements made by the algorithm and
Since there is a large volume of data since 2004,
the analysis cannot be handled by the traditional
methods of data mining. After data mining
and estimations of demand and minimum and
maximum electricity generating capacity of power
plants and other required parameters, the multi-
objective model is implemented by the director
of the Electricity Market Department to mini-
mize the costs. When the electricity distribu-
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Table 6: Clustering Results Using SVMGA Based on Data in 2015.
Cluster Price Load Elec. Con. Elec. Con. Tot. Power FElec. Power Powerhouse Industries
No. in Peak (Last Year) Exch. Exp. Emp. Storage Elec. Exch.
1 3228 1112 353 951 1456 0 21989 25194 30910
2 3823 9044 343 1102 1445 32625 32633 32843 31693
3 3605 10197 391 882 1273 0 30132 25400 38451
4 3775 9842 364 1362 1726 32670 34104 33359 33581
5 2862 7643 370 935 1305 0 21165 26266 31697
6 3654 10147 414 789 1203 32613 33877 31098 41100
7 2981 6985 365 717 1082 0 30785 31219 34791
8 3682 14148 519 757 1276 32497 33679 28656 44478
9 4147 14327 387 717 1104 0 31165 33891 34863
10 4200 16011 581 703 1284 32429 30690 27639 38185
11 3905 17203 393 699 1092 0 26289 33092 42823
12 3703 14187 570 866 1436 29726 32964 32207 33732
13 3608 12959 371 876 1247 0 30300 27018 39073
14 4030 14611 630 864 1494 31233 31437 30336 39095
15 2936 4031 360 677 1037 0 21842 28788 31412
16 4017 13494 536 845 1381 32058 33090 30450 41255
17 3054 9730 364 650 1014 0 25002 28114 41987
18 3002 551 411 1071 1627 32247 34157 29990 33796
19 3958 12640 390 798 1188 0 31340 33136 37168
20 2965 7704 452 812 1406 30720 31273 25471 33492
21 3400 7523 368 618 986 0 22014 26900 33780
22 3690 12542 600 644 1244 31908 33893 30148 41079
23 3826 11465 397 620 1017 0 30966 26900 39751
24 3814 12197 588 1044 1632 31836 34126 25487 30304
25 3852 10884 448 803 1251 0 31022 30444 34831
26 3948 11496 624 912 1536 29424 34381 26322 41256
27 3770 11317 416 845 1261 0 31047 32851 37487
28 4203 13557 580 862 1442 30365 31489 33715 44158
29 3482 627 427 825 1252 27600 27461 27271 31093
30 3668 12228 680 882 1562 31511 32990 29817 44364
31 3685 11689 370 535 905 0 30318 25725 32453
32 3522 2073 188 1591 1779 26486 43068 30312 36619
33 3242 1599 295 1526 1821 45046 42426 26804 38923
34 3390 2973 525 1605 2130 44800 43165 25860 41696
35 3317 2546 649 1492 2141 45144 43153 32541 4275
36 3290 1681 376 883 1259 39459 38540 33767 37201
37 3456 1879 601 1510 2111 45095 45135 28563 44481
38 3609 1181 606 1515 2121 44647 45197 25087 41812
39 3501 692 351 1054 1405 42310 43002 25905 31383
40 3540 1295 359 847 1206 29330 30087 26821 30166

tion method is determined in the supply chain,
the electricity will be fairly priced in the model.
The following graph 12 presents the implementa-
tion of meta-heuristic genetic-based algorithm to
optimize objective functions and changes in the
26 values for fair prices: The price is suggested
by the director of the Iranian Electricity Market
Department for the new period and is a bench-
mark for the market exchanges. Because of high
volume of exchanges in the electricity market, im-

proved predictions of demand and electricity gen-
erating capacity as two important input param-
eters for the problem and also other parameters
required for the model lead to accurate prediction
of electricity price, hence incredible savings in this
market. Figure 13 presents a graph of revenues
(the product of multiplying the volume of elec-
tricity generation by power plants and the price
per unit) for 5, 6 and 7 percent improvements in
parameter estimations based on data mining.An
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Table 7: Model parameters Results Using SVMGA Based on Data in 2015.

Cluster No. i j k Tmaz (i) Tmin(s) q:mr(j) q;m.n(j) dyt ClusterNo.
i .] k Amaz (i) Amin(i) q:naw(j) q:nzn(]) dkt
1 1 1 1 560 542 1.4 1.1 4.1 1
1 14 1 534 521 1.3 0.8 4.2
1 1 2 1 532 520 1.6 1.3 4.8 1
1 15 1 546 540 14 1 4.2
1 1 3 1 542 504 1.6 1.2 3.6 1
1 16 1 569 540 14 1 4.2
1 1 4 1 536 480 2.1 1.8 2.3 1
1 17 1 598 534 0.8 3.5 3.6
1 1 5 1 534 523 2.3 2 3.5 1
1 18 1 534 501 0.8 3.6 3.1
1 1 6 1 562 502 2.4 2 3.5 1
1 19 1 546 509 1.8 3.5 3.1
1 1 7 1 524 492 3.4 1.2 3.1 1
1 20 1 522 497 2.1 3.7 3.5
1 1 8 1 528 503 3.6 2.3 3.5 1
1 21 1 534 489 2.1 3.6 3.9
1 1 9 1 549 496 3.8 2 3.6 1
1 22 1 565 490 1.8 3.6 4.1
1 1 10 1 489 480 3.4 2.1 4.1 1
1 23 1 513 478 1.8 3.2 4.3
1 1 11 1 495 490 1.5 0.8 4.1 1
1 24 1 567 508 1.2 3.5 4.6
1 1 12 1 509 498 1.2 0.8 4.2 1
1 25 1 555 534 1.2 3.1 4.4
1 1 13 1 521 502 1.1 1 4.6 1
1 26 1 554 503 1.2 3.3 4.2
Table 8: Model parameters Results Using SVMGA Based on Data in 2015.
1 Py i Py i P;
1 11.3765 10 9.9975 19 11.0547
2 10.5757 11 9.7175 20 10.5775
3 11.4 12 8.56 21 10.639
4 10.579 13 8.061 22 11.675
5 10.59 14 8.614 23 11.640
6 10.814 15 11.141 24 11.163
7 10.692 16 11.08 25 11.08
8 10.94 17 11.14 26 10.80
9 10.80 18 11.33 - -

accurate prediction of parameters of electricity
demand and generating capacity of power plants
is effective in accurately predicting the electricity
price in the next period, and since high volume
of investments are involved in the market over
the years, the slightest improvement can make
great revenue (in dollar) for sellers and signifi-

cantly reduce costs for purchasers. The promising
future in the electricity market is for the actors
who carry out a more efficient data mining in this
competitive field. Data generated in the electric-
ity market undoubtedly has the characteristics of
the big data. Characteristics that have been ex-
amined case by case in the electricity market of
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