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Abstract
It is more than a fact that electrical energy is a main production factor of every
economic activity. Since electrical power is not easy to store, it needs to be consumed as it is
generated in order to keep a constant balance between supply and demand. As a result, for
developing an efficient energy market it is significant to create a method for accurately
forecasting the electricity consumption.
This thesis describes a method for analyzing data provided by the ENTSO-E
transparency platform. The ENTSO-E (European Network of Transmission System Operators)
is a network of electricity operators from 36 countries across Europe. Its main objective is to
provide transparency concerning data of electricity generation and consumption in Europe in
order to promote the development of efficient and competitive electricity markets.
By using the method described in this thesis, one may use historical data provided by
ENTSO-E to forecast the electricity consumption of an EU country for the years to come. As an
example, data of electricity consumption in Greece during the years 2015-2018 have been used
in order to calculate the average load demand of a weekday during the year 2030.
On the other hand, in order to correctly predict the electricity demand of a specific
region over the next decade, one should take into account some crucial parameters that may
influence not only the evolution of the load demand, but also the fuel mix that will be used in
order to cover our future electricity needs. Advances in power generation technologies,
evolution of fuel prices, expansion of electricity grid and economic growth are a subset of
parameters that should be taken into account for an accurate forecast of the electricity
consumption in the long run.
Particularly for Greece, a set of parameters that may affect the electricity
consumption are being computationally analyzed in order to evaluate their contribution to the
load demand curve by the year 2030. These include the interconnection of Greek islands to
the mainland, the development of Hellinikon Project and the increase of the share of electric
vehicles.
The author of this thesis has developed code in Python programming language that
can be found in the Appendix. These scripts and functions that implement most of the
calculations described in the following chapters can also be used for forecasting the load
demand of other EU countries that are included in the ENTSO-E catalogue. The datasets used
as input to these algorithms may also be used from the readers to identify more patterns for
predicting the load demand for a specific region and time.
A sustainable energy system is based on consumers with environmental awareness. As
a result, citizens living inside the European Union should become a member of a community
that promotes energy saving measures, investments in renewable energy sources and smart
metering applications.
Keywords: ENTSO-E, Load Demand Curve, Spatial Load Forecasting, Python, Demand Side
Management, Hellinikon Project, Non Interconnected Islands, Electric Vehicles, Renewable
Energy Sources.
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Chapter 1: Introduction
1.1 Background
Spatial Load Forecasting (SLF) is the science that tries to determine the evolution of
electricity demand. SLF is expected not only to answer the question of how much load is
expected at a specified geographical region and time, but also to identify locations that will
receive new loads. Load growth inside the service area of an electric utility is caused by the
change of the habits of existing customers and the development of new areas of activities [1].
Load forecasting techniques can be grouped in long, medium and short term [2]. Long-term
load forecasting corresponds to a period of more than one year and is being used by electric
utilities for investment analysis: to construct new power lines, to build new power plants and
to invest in new infrastructure. Medium-term analysis refers to a period ranging from one
week to one year and can serve as a tool to utility companies in order to schedule fuel supply
and unit management. On the other hand short-term forecasting can be performed on an
hour or week basis as it is important to organize daily market operations: to decide which
power plants will be on/off, to calculate the most cost-effective fuel mix etc.
Moreover, due to the fact that electricity generation from renewable energy sources is
stochastic in nature, SLF should be combined with electricity generation forecasting
techniques. For example, by forecasting the wind speed on a site on a particular day, we may
estimate the wind power generation for that day; the rest energy that is needed to meet the
expected electricity demand, will be probably generated by fossil power plants [1][2].
Within the framework of this thesis the term Load will be synonymous with the demand for
electricity. As we may see in the following chapters, historical data of load demand in Greece
for the years 2015-2018 are going to be analyzed in order to develop a method for forecasting
the average electricity consumption for a specific week.
In general, the Greek energy system is relatively isolated compared to EU countries and
energy generation in based on fossil fuels. Domestic energy sources include lignite which
covers 50% of the overall electricity generation. However, during the last decade natural gas
has become an increasingly important fuel, raising its share to nearly 30% in power generation.
Solar energy plays also an important role in the Greece’s energy mix as the overall solar
thermal systems installed exceed 3 GWth - the second largest in Europe. During the years 20152018 wind energy generation has a steady growth of approximately 0.4 TWh/year, while
electricity generation from photovoltaics remains unaltered to nearly 3.5 TWh/year [3].
The economy of Greece is service based which means that the load demand within a day
maximizes in late afternoon as several residential and commercial activities are taking place at
the same time. However, an efficient and competitive electricity market needs to apply
measures in order to keep the load demand curve (LDC) as steady as possible. Demand Side
Management (DSM) techniques may contribute to a technology enabled economic rationing
system for electricity supply.
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A sustainable energy system is based on consumers with environmental consciousness. As a
result, in order to apply a DSM strategy based on voluntary rationing, the Greek Ministry of
Energy & Environment in cooperation with the Greek Ministry of Education should give
incentives for educating people about the importance of saving energy and investing in
renewables.

1.2 Aims
A first objective of this thesis is to develop a framework that will use historical data of load
demand in Greece in order to execute the following tasks:






Simulate the frequency distribution of load demand for a specific year.
Calculate the capacities of base, regulation and peak power plants.
Calculate the evolution of renewable energy generation.
Simulate the curve of load demand for a specific day.
Forecast the average load demand of a specific week.

A second objective is to estimate the evolution of the load demand curve for the year 2030.
This is a difficult task as several parameters should be taken into account:







The economy of Greece is still overcoming from the recession of 2008 [3].
The population of Greece is slowly decreasing [4].
The tourism development starts to play a significant role in Greece’s economy.
Several islands will be interconnected with the main electricity grid [3].
The Hellinikon project (a whole new city nearby Athens) will be under construction.
The share of electric vehicles is expected to significantly increase.

Finally, measures for optimizing the electricity consumption and simultaneously reduce the
number of peaks in load demand are going to be evaluated. For this purpose, a framework is
going to be analyzed in order to encourage people to apply energy saving measures, invest in
renewables and shift some residential activities during night hours.
The author of this thesis has developed code in Python programming language that can be
found in the Appendix. The code is as simple and generic as possible in order to encourage the
reader to use the same functions for analyzing load demand of other EU countries.

1.3 Limitations
Although in most regions there is a baseline for load demand, short term variability in
electricity consumption is inevitable due to changing in weather conditions. Within the
framework of this thesis, the average temperature of a week of a particular location (Athens)
is going to be used in order to estimate the change of electricity demand for a weekday.
However, in order to get more accurate results, a forecasting method should be able to
collect and analyze measurements of weather conditions on multiple locations.
On the other hand, over long time frames (a decade or more), the economic growth and
changing consumer trends also become important factors for variations of load demand [1].
For simplicity reasons the main parameters that will be taken into account in this thesis in
order to forecast the evolution of the load demand curve in Greece are: the development of
8

the Hellinikon project, the interconnection of a subset of islands in the mainland and the
increased use of electric vehicles.
Last but not least, the effects of climate change should be taken into account when trying to
accurately forecast the electricity consumption for the years to come. However, within the
framework of this thesis these effects will not be analyzed.

1.4 Research questions
The main research questions that this thesis will try to answer are:










Which are the main sources of electricity generation in Greece?
Which are the Institutions in Greece that play a major role in the electricity market?
How can we extract data of load demand over the internet?
Which is the evolution of load demand in Greece during the years 2015-2018?
Which is the share of renewable energy sources in electricity generation?
How can we analytically describe the average load demand of a weekday?
How can we use historical data in order to plot the load curve of the next week?
Which is expected to be the load demand curve of Greece at the end of 2030?
Which are the DSM techniques that utilities should apply in order to reduce the peaks
in the load demand curve?

1.5 Methodology
At first, data of electricity consumption in Greece are going to be analyzed. The corresponding
tables of load demand and electricity generation are downloaded from the ENTSO-E
transparency platform [5]. For this purpose, different functions have been developed in
Python programming language to extract-correct-transform the initial elements and visualize
the results.
By analyzing the load demand for the years 2015-2018, one may extract useful information not
only for the overall electricity consumption, but also for the profile of the consumers in
Greece. After completing these tasks the first objective of this thesis has been completed: to
simulate the curve of the average load demand for a weekday and to develop a forecasting
method.
Afterwards, in order to complete the second objective, which is to forecast the load demand
of the years to come, we shall use an inverse calculation: by evaluating the effects to the load
demand of the previously mentioned parameters, we shall calculate a new curve of the
average load demand for a weekday. This curve will help us understand of how the electricity
consumption in Greece will probably evolve over the next decade.
Finally, measures to reduce the “spikes” of load demand are going to be proposed. These
measures will focus on the significance to collect more information of how consumers use
energy in order for the utilities to invest on corresponding DSM systems. For example, by
taking advantage of smart-metering technologies, Greek government could invest in systems
that raise the public awareness and strategically encourage decentralized micro-generation of
energy.
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Chapter 2: Theory
Part I: Electricity Generation in Greece
The main objectives of the first part of this chapter are:
 Describe the primary sources of electricity generation in Greece
 Describe the main Institutions that supervise the electricity market
 List the main power stations operating in Greece

2.1 Energy generation in Greece
Energy generation in Greece is fossil fuel dependent and its overall energy needs are covered
by approximately 60% by imports. Over half of its energy consumption is covered by
petroleum products which are not only used in the transport sector, but also to cover the
electricity needs of the non-interconnected Greek islands (NIIs) [6].
Domestic energy sources include lignite which covers 50% of the overall electricity generation.
Lignite, which is often referred to as brown coal, is a combustible rock formed from naturally
compressed peat. The Greek lignite is considered to be of low quality as its heating content is
low compared to other reservoirs around the globe. This makes the electricity generation
from lignite in Greece the costliest in Europe reaching approximately 60 euros/MWh [7].
Solar energy plays also an important role in the Greece’s energy mix: the average solar
irradiation is high (1,500 kWh/m2) and the overall solar thermal systems installed exceed 3
GWth, which is the second largest in Europe after Germany. Most of them are solar water
heaters of the thermosiphon type installed on rooftops. The installed capacity of
photovoltaics (PV) is around 2.5 GW out of which 375 MW are small PV systems up to 10 kWp
that have been installed under the Special Photovoltaic Rooftop Programme [6].
The economic wind energy potential in Greece is estimated to be 10 GW. Although the
national target is 7.5 GW until 2020, at the end of 2018 the installed capacity was nearly 2.4 GW
[6]. However, as we shall see in the next chapters of this thesis, wind energy generation has a
steady growth from around 3.7 TWh to 5.5 TWh over the period 2015-2108, while electricity
generation from solar power remains unaltered to 3.5 TWh. There is also a potential for other
renewables, such as off-shore wind farms, geothermal, biomass (co-firing with lignite) and
concentrated solar power which are still unexploited.
A national target of 20% Renewable Energy Sources (RES) share in overall energy
consumption has been defined under Law 3851/2010. This target can be broken down into the
following sub-targets: 40% RES for generating electricity, 20% for heating and cooling and 10%
for transport. The path for achieving this goal is being defined in the National Renewable
Energy Action Plan (NREAP) of 2010.
The national target defined in the NREAP is going to be achieved using a combination of
energy efficiency measures and increasing penetration of RES technologies. Although there
has been a significant progress in generating electricity from wind a solar power which has
reduced the overall Green House Gas (GHG) emissions, the 10% target for RES in transport is
still far from being achieved [6].
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On the other hand, since the economic crisis of 2008 Greece has made progress by reforming
the energy sector: state-owned companies have been restructured and the electricity market
has been liberalized. This led to a financially viable energy market with low prices to
consumers. Another important step that Greece has made is the liberalization of the retail
markets which makes it attractive to investors and increases the penetration of natural gas to
the total fuel supply.
For increasing its security of energy supply, Greece has to adopt a more balanced energy mix.
The imported gas for heating in the residential sector has doubled during the last decade,
however, there are several gas pipeline projects that will establish Greece as a gas hub in
South Eastern Europe and will eventually increase its security of supply. On the other hand,
large interconnection projects of the islands with the mainland will reduce Greece’s
dependence of oil. These projects should run in parallel to the expansion of RES which are
reliable domestic fuels and still play an important role to the stability of energy supply [3].
Renewable energy generation from wind and solar, has been impressively increased in Greece
since 2010 due to generous feed-in-tariffs (FiTs) and decreasing technology costs. Due to the
fact that the support programme ended up with high cost, Greek authorities should speed up
the processes for applying new regulations and simplifying the licensing and permitting
processes in order to further increase the penetration of renewables especially in the nonelectricity sector, such as transport. The introduction of electric vehicles should pose a
challenge to Greece as the electricity demand is expected to increase and alternative
infrastructure is going to be needed [3].
Concerning energy efficiency policies, Greece has mainly transposed the requirements of EU
Commission’s Energy Efficiency Directives into Greek Law. However, the implemented
measures have not provided the expected results due to the economic crisis, low public
awareness and lack of funding. The implementation of the energy audit policy is an
opportunity for cooperation between energy suppliers and industries in order to reduce
Greece’s energy footprint [3].
The overall energy consumption in Greece has fallen during the period 2008-2015, following
the economic and financial crisis. More specifically, the total final consumption (TFC) in Greece
has fallen by nearly 30%, which results from several activity-structural-efficiency factors. A key
component of the compliance with the EU Directive is that reduction in energy use by 1.5 % per
year is achieved by energy suppliers and distributors. However, due to the poor performance
in energy savings of the previous years, Greece has to achieve cumulative energy savings over
the next decade [16].
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2.2 Energy Institutions in Greece
The Greek Energy Sector is mainly supervised by the following Institutions:
 Ministry of Environment and Energy (YPEN): It has the responsibility to protect the
natural environment and resources, to mitigate the implications of climate change and
to implement the national energy policy. The Ministry supervises a number of public
institutions and organizations which are described in the following paragraphs [9].
 Regulatory Authority for Energy (RAE): Its main duties consist of monitoring the
operations of all sectors of the Greek energy market, collecting and analyzing
information of all affiliated parties and making recommendations to YPEN of the
appropriate measures needed to be taken for securing and improving the energy
supply. RAE plays an important role in providing the regulatory framework for
reforming the energy sector [10].
 Operator of the Electricity Market (LAGIE): It implements the operational rules of the
Greek electricity market according to Law 4001/2011. Fossil fuel and large hydro
electricity producers submit their offers to a day-ahead market headed by LAGIE. On
the other hand for RES producers, LAGIE purchases electricity according to agreed
feed-in-tariffs [11].
 The Public Power Corporation SA (PPC): It is the main producer and supplier of
electricity in Greece with approximately 7.4 million customers. PPC generates
electricity from conventional thermal, hydroelectric power plants and renewables,
holding more than 60% of the total installed capacity in Greece [12].
 The Independent Power Transmission Operator (IPTO/ADMIE): IPTO is 100%
subsidiary of PPC, however, it has independent management and operation. IPTO has
the duties of a Transmission System Operator (TSO) and owns the Hellenic Electricity
Transmission System and its interconnections. IPTO is also responsible for forecasting
the day-ahead load demand and for optimizing the day-ahead schedule [13].
 The Hellenic Electricity Distribution Network Operator (HEDNO/DEDDIE): It is also an
organization 100% subsidiary of PPC and is responsible for the operation, maintenance
and development of the power distribution network in Greece. On the noninterconnected islands HEDNO owns the electricity generation facilities and makes
power purchase agreements (PPA) with RES producers [14].
The following figure summarizes the ownership of the electricity grid in Greece.

Figure 2.1: The electricity grid of Greece [14]
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The Greek electricity market is operated as a pool market where demand and supply are
matched on a day-ahead basis. LAGIE is in charge of the day-ahead scheduling (DAS) and sets
the marginal price of the market. On the other hand, ADMIE is responsible for clearing any
imbalance of the DAS through a special mechanism where deviations are compensated with
prices based in the same cost-minimization algorithm. Cross border trading is based on a
separate auction system and Greece together with Bulgaria and Italy, are moving towards a
market-coupling model.
According to the new legislation introduced in 2016, Greece has to reform its existing market
structure in order to develop the following four wholesale markets:





A forward market with physical delivery of energy (LAGIE).
A day-ahead market that will not have any techno-economic constraint (LAGIE).
An intraday market that will allow the adaptation of renewable energy producers.
A balancing market (operated by ADMIE).

Intraday and balancing markets will allow remuneration of flexible units will encourage
investments in storage and will stimulate the participation of demand in the market. This
provides an adequate flexibility for a cost-effective integration of wind and solar energy in the
system. On the other hand, market coupling optimizes the usage of interconnection capacity,
facilitates the development of a competitive market and enhances the security of supply.

2.3 Electrical power stations
The total installed capacity of the Greek interconnected system is 17.1 GW including 3.9 GW
lignite, 4.9 GW natural gas, 3.4 GW hydroelectric (hydro water reservoir, hydro run-of-river
and hydro pumped storage), 2.3 GW wind onshore and 2.4 GW PV [10]. At the end of 2016 the
overall electricity consumption was 50.1 TWh including transmission and distribution losses of
around 3% [6]. Table 2.1 gives the main fuels used for electricity generation in Greece and
Table 2.2 lists the largest generation units [5].
Table 2.1: Installed capacity per production type
Production Type
Biomass
Fossil Brown coal/Lignite
Fossil Coal-derived gas
Fossil Gas
Fossil Hard coal
Fossil Oil
Geothermal
Hydro Pumped Storage
Hydro Run-of-river and poundage
Hydro Water Reservoir
Other renewable
Solar
Waste
Wind Offshore
Wind Onshore
Total Grand Capacity
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2019 [MW]
51
3912
n/e
4902
n/e
0
0
699
299
2403
69
2441
n/e
n/e
2355
17131

Table 2.2: Production and generation units
PU Name
LAVRIO4
MEGALOPOLI_V
KOMOTINI
KREMASTA
KORINTHOS_POWER
PROTERGIA_CC
HERON_CC
ALIVERI5
ELPEDISON_THISVI

PU Installed Capacity (MW)
550
500
476
437
433
432
422
417
410

Production Type
Fossil Gas
Fossil Gas
Fossil Gas
Hydro Water Reservoir
Fossil Gas
Fossil Gas
Fossil Gas
Fossil Gas
Fossil Gas

Greece is connected with its neighboring countries and in addition to domestic power
generation, it is becoming an active player in trading electricity (See Figure 2.3). The overall
electricity imports have increased to nearly 10 TWh in 2015 mainly from Bulgaria (30%), Turkey
(25%), FYROM (25%) and Italy (15%). However, Greece is also an exporter of electricity, mainly
to Italy and Turkey (See Figure 2.2).

Figure 2.2: Electricity imports and exports of Greece [13].

Figure 2.3: The grid connection of Greece with other countries [8].
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Part II: The ENSTO-E transparency platform
The main objectives of the second part of this chapter are:
 Introduce the ENSTO-E transparency platform
 Describe the Python ecosystem

2.4 The ENTSO-E transparency platform
Transparency in data concerning electricity is essential for the creation of an efficient and
competitive market. According to the EU Regulation No 543/2013, it is mandatory for
European Member State data providers to submit information about electricity generation,
load transmission and balancing for publication in the European Network Transmission
System Operators Electronic (ENTSO-E) Transparency Platform. This gives a crucial role to
ENTSO-E to promote the development of efficient and competitive electricity markets across
Europe [5].
The main responsibilities of ENTSO-E are to design of Internal Energy Markets, develop IT
tools for supporting these markets and provide regular recommendations for the network
expansion. It also responsible for enhancing the regional coordination by working in close
cooperation with Transmission System Operators (TSO)s by exchanging information and best
practices in order to ensure consistency between them.
The information published by ENTSO-E is collected from electricity providers such as TSOs,
power exchangers and other qualified third parties. There are 43 TSOs from 36 countries that
are active members of ENTSO-E transparency platform [5]. The growth towards the coupling
of European day-ahead electricity markets started with voluntary projects of Scandinavian
countries and at the end of 2015 almost all EU countries contribute to this effort [17].
Since the beginning of 2015 where the ENTSO-E platform was launched, the following actions
were performed:
 ENTSO-E published the Manual of Procedures which describes the rules for uploading
and downloading data to and from the platform.
 A new website was launched and data for the years 2011-2014 are being stored to a
separate section of the same website (using the link “Data pre 05.01.2015”).
 The ENTSO-E Transparency User Group (ETUG) was formed giving the ability to get
feedback from active users. This gives the opportunity to optimize the usability and
content of the platform.
The statistics published in ENTSO-E are based on various datasets of historical data which are
received and aggregated by country. These datasets include monthly domestic values,
monthly hourly load values, physical energy flows, net generating capacities and inventories
of generation and transmission.
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The ENTSO-E actively supports research and innovation and at the end of 2018 a new project
was launched for a new service that will make use of data from space assets for the benefit of
power system operators. This service will make use of existing satellite applications for:
 Predicting consumption and demand peaks.
 Developing Internet of Things for smart homes and electric vehicles.
 Increasing the reliability of data exchange between European TSOs in case of failure in
other communication channels or cybersecurity incidents.
 Enhancing real-time grid management.
 Predict weather patterns and renewable energy generation.
The project is going to be developed in cooperation between ENTSO-E, the European Space
Agency (ESA) and the European Distribution System Operators’ Association (ENDSO) [17]. The
European Space Agency is an international organization with 22 Member States that ensures
that investments in space deliver benefits to citizens of Europe. On the other hand, the
European Distribution System Operators’ Association focuses on gathering the corresponding
European operators in order to bring smart grids from vision to reality [15].
The main website of the ENTSO-E transparency platform offers a map that illustrates the
transmission system network operated by members of the EU Network of TSOs. The next
figure gives a map of the electricity grid in Europe, consisting of transmission lines higher than
220 kV and generation stations with capacities higher than 100 MW [8].

Figure 2.4: The European Union electricity grid [8]
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2.5 Data provided by ENTSO-E
The ENTSO-E platform provides data for electricity generation, transportation and
consumption of the pan-European market. This thesis will be based on electricity data analysis
for the years 2015-2018. As we have mentioned before, data for the years 2011-2014 will not be
included, however, they are accessible on a separate section which can be found on the same
website by clicking the link “Data Pre-5.1.15” [5].
The main tables that are going to be analyzed are included in Load and Generation tabs of the
website. These two tabs include useful information for electricity generation and
consumption for each EU country. Examples of some important columns of the tables that
will be used in this thesis are:
 Actual Total Load: It gives the real electricity consumption provided by the TSO or
electricity provider at a particular region on an hour basis.
 Day-ahead Total Load Forecast: It gives an estimation of the electricity demand for a
particular region or country on an hour basis.
 Generation Forecast for Wind and Solar: It provides an estimation of the expected
Wind and Solar Energy Generation on an hour basis.
 Actual Generation per Production Type: It gives information about the electricity
generation per primary fuel on an hour basis.
 Installed Capacity per Production Type/Unit: It gives a list of some useful
characteristics concerning the major generation units available for producing
electricity such as installed capacity, location and voltage connection level. The listed
plants are grouped according to their primary fuel such as lignite, fossil gas etc.

2.6 Data analysis and machine learning using Python
Load demand data analysis is the process of inspecting, cleansing, transforming and modeling
electricity consumption datasets in order to extract useful information. It plays a crucial role in
decision making in order for an electric utility to achieve its goals. However, in order to handle
large datasets an organization should automate its everyday processes using sophisticated
computational tools.
With increasing penetration of renewables into energy markets it is desirable to have a smart
grid that matches fluctuations in supply. Taking into account that this supply should also be
equal to a fluctuating load demand, it is imperative to forecast the electricity consumption of
a region using data analytics techniques. Short-term load forecasting has been implemented
using triple exponential smoothing (Holt-Winters method) to calculate the load demand on
an hour basis with exceptional accuracies [46].
On the other hand, algorithms for forecasting peak electricity consumption are essential for
dispatch scheduling. These algorithms can be developed by taking advantage of the
computational power of deep learning methods as they can identify common patterns
between a given input and output [22].
Within the framework of this thesis we will use Python which is a powerful general-purpose
programming language that is popular in data science as its code is readable and easy to
write. It has a clean structure and syntax, dynamic typing, high-level built-in data types, it can
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be object oriented and brings to the data analysis community a great number of free modules
with sophisticated functions for fast computations and advanced visualizations. Python has
also the advantage of being popular to the scientific and financial communities and as a result,
a lot of documentation and examples can be found over the internet. There are also other
high level languages that can be used for data analysis, such as Matlab and Java. However,
Matlab has the disadvantage of not being open-source and Java needs a lot of code writing in
order to perform simple calculations.
On the other hand, Python is a higher level language that gives the programmer the ability to
spend more time of making sense of the data and less time to write code. A drawback of
Python is that computations are not performed as fast as Java or C. However, there are some
tools such as Cython that give the ability to write Python versions with speed gain.
Scientific computing may include matrix operations, integration, differentiation and statistics.
By default, Python does not perform these operations except some basic mathematical
functions. For solving advanced problems with sophisticated and efficient algorithms, Python
comes with a great number of external packages. The core Python functions and these
packages comprise the Python ecosystem [19]. The most significant packages are:
 Numpy: Numpy (Numerical Python) is an open-source package that can be installed on
top of Python core modules and gives functionalities comparable to MATLAB. Numpy
is assumed to be the basis of many other Python packages and adds support for large
multi-dimensional arrays and matrices along with a large collection of sophisticated
mathematical functions to perform operations [19].
 Pandas: Pandas is a software library for data manipulation and analysis. It is written in
Python and its name derives from “panel data” which is an econometrics term for
data sets collected over long time periods.
 Matplotlib: Matplotlib (Mathematics Plotting Library) generates high quality
interactive graphs in a variety of formats. Although it originates from MATLAB
graphics, it is developed in a “Pythonic” object-oriented way, and makes heavy use of
Numpy [19].
 Scipy: Scipy is a collection of mathematical algorithms that provides high-level
commands and classes for data manipulation including optimization, linear algebra,
integration, interpolation and signal processing [20].
 Sympy: According to the syntax of Python, each variable has to be assigned with a
value before it is used in a statement. Sympy (Symbolic Python) is a library that
enables symbolic mathematics, which means that a variable can be defined
unevaluated as a mathematical object [51].
 Scikit-learn: The Scikit module offers simple and efficient tools for data mining,
machine learning and data analysis in a Pythonic way. It makes heavy use of Numpy,
Scipy and Matplotlib and gives the scientific community the ability to implement
algorithms for classification, regression, clustering, dimensionality reduction, model
selection and preprocessing [21].
Within the framework of this thesis we are mainly going to make use of Pandas for
performing operations on datasets concerning electricity demand, Scipy for optimizing the
extracted results and Matplotlib for generating the final plots. The author of this thesis has
developed code using the above mentioned modules (Appendix 1) that can be used for
feature extraction and information generation based on data for electricity generation of
regions inside the European Union.
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Chapter 3: Method
Part I: Analyzing data of the ENSTO-E transparency platform
The main objectives of the first part of this chapter are:
 Analyze data of electricity consumption in Greece
 Analyze data of wind and solar power generation in Greece
 Develop a forecasting method for load demand

3.1 Correcting the ENTSO-E tables
First of all we download the Total Load – Day Ahead / Actual table for Greece by visiting the
official website of ENTSO-E. After having downloaded the corresponding data, we may see
that some elements within the tables are incorrect. Examples of some rows that needed to be
corrected are given in the following array:
Table 3.1: Load demand table with wrong elements
Datetime

Load Forecast (MW)

Actual Load (MW)

29.03.2015 01:00 – 29.03.2015 02:00

4628.0

4593.0

29.03.2015 02:00 – 29.03.2015 03:00

nan

nan

29.03.2015 03:00 – 29.03.2015 04:00

4426.0

4353.0

29.03.2015 04:00 – 29.03.2015 05:00

0.0

0.0

29.03.2015 05:00 – 29.03.2015 06:00

0.0

0.0

29.03.2015 06:00 – 29.03.2015 07:00

4546.0

4333.0

These values are going to be corrected by using the following formula which takes into
account the load demand of nearby rows:
Load row_i = (Load row_(i +1) + Load row_(i - 1))/2 (Equation 3.1)
If the neighboring load values are also incorrect we will use the next correct one. This can be
performed with a function implemented in Python programming language that automatically
identifies and corrects all non-numeric and zero values in the table. An example of the
corrected version of the initial elements is given in the following table:
Table 3.2: Load demand table with corrected elements
Datetime

Load Forecast (MW)

Actual Load (MW)

29.03.2015 01:00 - 29.03.2015 02:00

4628.0

4593.0

29.03.2015 02:00 - 29.03.2015 03:00

4527.0

4473.0

29.03.2015 03:00 - 29.03.2015 04:00

4426.0

4353.0

29.03.2015 04:00 - 29.03.2015 05:00

4456.0

4348.0

29.03.2015 05:00 - 29.03.2015 06:00

4501.0

4341.0

29.03.2015 06:00 - 29.03.2015 07:00

4546.0

4333.0
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Comparing the elements of Table 3.1 and Table 3.2 we may see now that in the latter array
there is a smooth transition between non numerical elements which allow us to continue
performing statistical evaluation of the initial data. We should also mention that different
columns need different strategies in order to be corrected: for the load demand zero values
are assumed to be incorrect, however, as we may see in the next paragraphs the renewable
energy generation columns (wind and solar) includes a great number of zero elements.

3.2 Calculating the overall electricity consumption in Greece
Taking into account the Actual Total Load of electricity in Greece, we may calculate the overall
electricity consumption for the years 2015-2018. Using the LinearRegression function of the
sklearn.linear module implemented in Python [21] (Appendix 1), we may use these historical
values of load demand to predict the electricity consumption during 2030. The following table
presents the calculated results from the ENTSO-E transparency platform:
Table 3.3: Overall electricity consumption in Greece
Year Electricity Consumption (TWh)
2015
50.918
2016
50.684
2017
51.592
2018
51.208
2030
53.50
One may also calculate the electricity consumption by generating a histogram of the actual
load demand. By this histogram we may use the mean and standard deviation and generate
the Gaussian Distribution (GD) for the load demand. As we may see in the next paragraphs
this simulation is a simplification of the real situation due to the fact that highest values are
usually more frequent, generating a distribution with an elongated right tail. However, the
area under the GD still gives us a sense of the overall electricity consumption.

Figure 3.1: The Gaussian distribution of load demand per year
From the above plot one may come to the following conclusions:
 The GD of the load demand for values lower than 4,500 MW is approximately the
same for the years 2015-2017.
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 During the year 2017 the load demand appears to have a greater number of peaks with
approximately 100 hours exceeding 9,300 MW.
 For the year 2018 the electricity usage follows a more normalized curve. The Greek
Energy Market has been regulated in order to shift peaks in load demand into periods
of time where the electricity consumption is low and produce a more normalized
distribution.

3.3 The frequency distribution of load demand
As we have seen earlier, for a specific year, one may plot the histogram of the actual load
demand which depicts the frequency distribution of electricity consumption through the year.
The following graph is generated using the hist() function of matplotlib module, divides the
data of load demand for the year 2017 in ten bins and plot their occurrence frequencies.

Figure 3.2: Histogram of load demand of year 2017
As we may see from the above generated graph the distribution is not exactly a Gaussian as it
is not symmetrical in the highest and lowest values. For this purpose we may use the rightskewed distribution implemented in scipy.stats.skewnorm in Python [48]. This generalizes
the normal distribution in order to include more values at the right end of a normal one
(Appendix 1).

Figure 3.3: The skewnorm distribution of load demand of year 2017
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Using the skewnorm function we may calculate the probability density functions for all years.

Figure 3.4: The skewnorm distribution of load demand for the years 2015-2018
The results from Figure 3.4 agree with what we have already mentioned by analyzing the
curves on Figure 3.1: during the year 2018 there has been a more rational use of electricity as
there has been a shift in the frequency of the lowest values of load demand and the “spikes”
have been deteriorated.
Generally speaking, electricity use can vary dramatically within short time frames. By analyzing
the above generated graphs, one may conclude that for Greece, the peak load demand is
assumed to be the electricity demand that exceeds 9,000 MW/h. These spikes occur when
activities of different nature occur simultaneously and the wholesale system must adjust by
dispatching additional generation, usually using less efficient sources. The financial and
environmental cost of using these peaking sources is huge and this can be reflected in the
retail pricing system [1].
The time of occurrence of peaks of electricity demand depends on several factors, such as the
type of economy, the season, the climate of that particular region and the day of week. In
industrialized countries, such as Germany, the peak load occurs mostly on daytime. However,
in service based economies such as Greece the peak load demand occurs in late afternoon as
residential and commercial activities are taking place at the same time [1].
In order to respond to a peak electricity demand, the energy utilities have to apply DSM
techniques that encourage consumers to use less energy during the day or to move some
activities during nighttime. These techniques are not expected to reduce the overall electricity
consumption, however, they reduce the need for investing in enhanced networks and new
power plants for meeting the increased demand.
DSM techniques can also be implemented with smart grid technologies that include the
communication of residential or industrial appliances with the utility in order to be switched
off when the demand exceeds a peak value. Within the European Union smart grid
technologies are organized by the Smart Grid European Technology Platform [23].

22

3.4 Calculating the cumulative load distribution
As it is previously mentioned, we have generated tables with correct numerical elements that
include the load demand forecast and actual values. We may now use the vstack function of
the numpy module of Python programming language in order to vertically stack these tables
for the years 2015-2018. The final generated table can be now used to extract more useful
information.
The cumulative load distribution describes the percentage of time that the load demand
exceeds a particular value. The inspection of such graphs may help us estimate the capacity of
the plants covering the loads grouped in three major categories: base, regulation and peak.
Base load power plants in Greece include lignite fired and hydroelectric stations, natural gas
fired plants and imported electricity are used for regulating the demand and peak load power
plants usually burn other fossils (Appendix 1).

Figure 3.5: The cumulative load demand of Greece for the years 2015-2018
The capacity of base load power plants can be extracted from the above mentioned graph by
finding the load demand of approximately 10% of the samples. As we may see for Greece this
capacity is estimated to be nearly 4.4 GW. From the above graph we may see that base load
capacity is increasing by approximately 100-200 MW/hour from the year 2016. The capacity of
regulative power plants can be approximately estimated for the percentage range 10-95%,
which in our case is 3.3 GW. Finally peak load power plants usually cover the load demand for
the highest 5% of samples, which in our case is nearly 1.5 GW.
We may see that peak load power plants were used more frequently during 2017. These
“spikes” of load demand could possibly be explained by the economic growth of Greece
during this year: customers needed more electrical energy and the utility did not apply
effectively a corresponding DSM strategy. On the other hand, during the year 2018 we may
see that these spikes have been significantly deteriorated by balancing the increased demand
during specific periods of time.
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3.5 Calculating the average load demand for each day
From Table 3.1 one may see that ENTSO-E does provide the exact date-time of the actual load
demand, however, it does not provide the name of the corresponding day. For this purpose
one may use a modified version of the datetime.datetime class implemented in Python: by
extracting the year-month-day information from the date-time column as a datetime object,
we may make use of the strftime function that returns the name of the day for this particular
date. As a result, our table will be reformed as:
Table 3.4: The load demand table including the name of the day
Date
01.03.2015
01.03.2016
01.03.2017
01.04.2015
01.04.2016
01.04.2018

Actual Load (MW)
6822.0
6446.0
6659.0
6665.0
6122.0
6005.0

Day
Sunday
Tuesday
Wednesday
Wednesday
Friday
Sunday

Year
2015
2016
2017
2015
2016
2018

We may now generate a figure showing the average consumption for each day by grouping
our initial data by the name of the day and year:

Figure 3.6: Average load demand per day and year
As one would expect, the average consumption is increased during weekdays. However, a
clear difference after the year 2017 is that the average consumption has been increased on
Sunday. This can be explained by the fact that the Greek government gave the permission to
commercial stores to operate during some weekends within this year.
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3.6 Calculating the average load demand for each month
By following the same strategy as we did for calculating the average load per day and year, we
may proceed to analyzing the corresponding data for each month. The following figure
describes the average electricity consumption for each month and year.

Figure 3.7: Average load demand per month and year
As expected, the months with the lowest electricity demand are April and May as the climate
is mild and there is no need for electricity consumption for heating or cooling. On the other
hand, the months with the highest demand for electricity are December during winter and
July during summer.
By examining the Figure 3.7, one may also come to more specific conclusions:




During the year 2016, one may easily see that the average electricity consumption is
rather low. This can be explained by the decline of economic growth in Greece after
the capital controls which were applied during the summer of 2015. However, during
July there is a significant increase in electricity demand. This can be explained by the
high temperature and humidity during this specific period and the increased number
of tourists that visited Greece. The same applies to December of the same year, where
the temperature was lower than other years.
During the year 2017 the electricity consumption was rather high during January and
July. This could be explained by extreme weather conditions which led to increased
demand for heating and cooling correspondingly.
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3.7 The highest and lowest values of load demand
We may also make use of the sort function included in numpy table objects. In this way we
may try to identify common patters of the minimum and maximum values of load demand.
The following table gives the lowest and highest values of load demand for each year.
Table 3.5: Highest and lowest values of load demand
2015

2016

Maximum Load

Maximum Load

Time

Load(MW)

Day

Time

Load(MW)

Day

08.01.2015 18:00

9358.0

Thursday

01.08.2016 13:00

8814.0

Monday

28.07.2015 13:00

9405.0

Tuesday

02.08.2016 12:00

9000.0

Tuesday

31.07.2015 13:00

9575.0

Friday

31.12.2016 18:00

9063.0

Saturday

29.07.2015 13:00

9621.0

Wednesday

14.07.2016 12:00

9162.0

Thursday

30.07.2015 12:00

9749.0

Thursday

15.07.2016 12:00

9260.0

Friday

Minimum Load

Minimum Load

01.05.2015 20:00

5423.0

Friday

01.05.2016 20:00

4676.0

Sunday

11.10.2015 19:00

5439.0

Sunday

02.05.2016 20:00

4800.0

Monday

12.04.2015 20:00

5526.0

Sunday

29.04.2016 19:00

5048.0

Friday

10.05.2015 11:00

5567.0

Sunday

22.05.2016 20:00

5399.0

Sunday

18.10.2015 19:00

5582.0

Sunday

28.10.2016 18:00

5445.0

Friday

2017

2018

Maximum Load

Maximum Load

Time

Load(MW)

Day

Time

Load(MW)

Day

09.01.2017 11:00

9408.0

Monday

19.07.2018 12:00

8602.0

Thursday

10.01.2017 11:00

9425.0

Tuesday

06.07.2018 12:00

8620.0

Friday

30.06.2017 12:00

9560.0

Saturday

16.07.2018 12:00

8738.0

Monday

12.07.2017 13:00

9661.0

Thursday

23.07.2018 12:00

8891.0

Monday

13.07.2017 12:00

9715.0

Friday

17.07.2018 12:00

9112.0

Tuesday

Minimum Load

Minimum Load

16.04.2017 20:00

4707.0

Sunday

08.04.2018 20:00

4776.0

Sunday

14.04.2017 19:00

5089.0

Friday

09.04.2018 20:00

5205.0

Monday

17.04.2017 11:00

5157.0

Monday

06.04.2018 19:00

5308.0

Friday

01.05.2017 20:00

5375.0

Monday

15.04.2018 20:00

5571.0

Sunday

28.05.2017 11:00

5512.0

Sunday

27.05.2018 20:00

5589.0

Sunday

From the above table on may easily see that the maximum load demand for the years 2015
and 2017 differs from the corresponding values of years 2016 and 2018. The main conclusions
that can be extracted from the above generated table are:




The maximum load demand for the years 2015 and 2017 (orange colored rows in table)
occurred right after Christmas, where most people return from holidays, and on July,
where temperatures are high and tourism in Greece reaches a maximum value.
The highest value of load demand during 2018 is lower by approximately 700 MW
compared to 2017.
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3.8 Renewable energy generation
Greece has a plenty of renewable energy sources (RES) and their share has seen a remarkable
growth, especially in wind and solar, mainly due to generous feed-in-tariffs. Market based
premiums are also being developed to avoid large cost overruns, however, licensing and
permitting processes should be simplified in order to improve the current situation. The
interconnection of the islands to the main grid could also increase the contribution of wind
energy and diversify the fuel mix for electricity generation [3].
According to the ENTSO-E transparency platform, datasets of renewable energy generation
for Greece include only wind and solar power. The evolution of these two types of RES runs
according to the following graph:

Figure 3.8: Wind and Solar power generation
As we may see from the above figure, the solar energy generation is rather stable over the
period 2015-2018 and equal to 3,600 GWh/year. On the other hand, we see a steady growth in
wind power generation from 3,700 GWh/year to 5,500 GWh/year during the same period of
time.
In Greece, there are two major construction groups for wind farms: Terna Energy and Eltech
Anemos. Wind farms are being installed at a constant rate and during the first quarter of 2019
the largest wind farm in Evia Island will start operating with a total installed capacity of 154
MW. This will be an adequate energy source for more than 100,000 households and will lead
to a reduction of CO2 emissions by 400,000 tons per year. As a result, one may conclude that
at the end of the year 2019, wind energy generation would reach 6,000 GWh.
The following figure describes the Wind and Solar Power Generation per year and month. For
wind power generation we may see that the power production is at maximum during August
and December months.
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Figure 3.9: Wind power generation per year and month
For solar power the most productive months, as expected, are July and August. However, one
may notice that solar power can be assumed as a stable power source, providing more than
500 MW/h during summer and more than 200 MW/h during winter.

Figure 3.10: Solar power generation per year and month
An interesting topic is to check whether wind and solar power complement each other in
contributing to a stable power source from RES. The next figure reveals that the sum of these
two energy sources provides a rather stable solution with average values greater than 650
MW/h.
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Figure 3.11: RES energy generation per year and month
Another interesting feature is to examine the penetration of renewable energy sources in
electricity generation which is defined by the ratio of electricity generated by RES and the
total electricity consumption:
RES penetration = Electricity RES / Electricity Total (Equation 3.2)

Figure 3.12: RES penetration per year and month
We may see from the above generated graph that the lowest penetration values occur on
winter months (January and February) and the maximum values during summer.
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3.9 Simulating the load demand for a weekday
Forecasting methods can be categorized as qualitative and quantitative. Qualitative methods
include the Delphi and Curve Fitting, while quantitative methods consist of regression analysis
and Box-Jenkins [24]. In this section we are going to follow a Curve Fitting approach in order
to model the load curve during the period of time where the electricity consumption gets a
maximum value. As we have seen in the previous graphs for the years 2015-2018, on Thursday
the load demand is increased in comparison to the other days of a week. The following graph
plots the average load demand for this particular day and for the year 2017.

Figure 3.13: Bar-chart of average load demand for Thursday and year 2017
We may see that the load demand during the periods 5:00 am – 15:00 pm and 15:00 pm –
24:00 pm can be approximated with two distinct exponential curves. A plot of this family of
curves that are going to be used in order to simulate the load demand is generated using the
Sympy module of Python programming language [51].

1

Figure 3.14: Sympy curve for the function: f(x) = 100 ∗ exp(− (10) ∗ (𝑥 − 3)2 )
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A general equation that is going to be used in order to model the load demand (L) versus time
(t) for hours 5 am – 24 pm is the following:
1

L(t) = 𝐿0 ∗ 𝐿 ∗ exp(− (𝑏) ∗ (𝑡 − 𝑡𝑚)2 ) (Equation 3.3)
where L0 is the minimum Load demand during this period, L is the load variation, tm is the time
where the load demand maximizes and b is a parameter affecting the width of the curve.
In order to calculate the optimum set of the above mentioned parameters, we are going to
make use of the leastsq function of the scipy.optimize module. The leastsq takes a function, a
set of parameters and an array of real data as input and returns the most optimum solution
that fits to this array [25]. In the following graph a plot of the most optimum set of solutions is
given for the periods 5 am – 14 pm and 15 pm – 23 pm (Appendix 1). As we may see the set of
parameters that best fit our data are:
5 am – 14 pm: [tm, b, L, L0] = [10.9, 91.1, -4080, 10968]
15 pm – 23 pm: [tm, b, L, L0] = [18.2, 40586, -2463634, 2470490]

Figure 3.15: Curve fit of the average load demand for a weekday of 2017
From the returned list of parameters which are plotted as legends in the above graph, we may
see that the maximum load demand occurs twice within a day: at first it occurs during
morning around 11:00 am and the second during evening around 19:00 pm. As we have
mentioned before, it is common in service based economies, such as Greece, for the load
demand to maximize on early evening. This can be explained by the fact that a subset of
residential activities, such as washing and cooking are taking place at the same time with a
subset of commercial activities.
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3.10 Identifying the relation between the peaks of load demand
Peak load demand and weather conditions can serve as independent variables for building
classification models and increasing the accuracy of a forecasting method [47]. As we have
already seen from the previous graphs the average load demand maximizes two times during
a weekday: the first highest value occurs around 11:00 am and the second at 19:00 pm. The
following graph shows how these two parameters correlate to each other.

Figure 3.16: Scatter plot of maximum values of load demand within a day
One may see an interesting feature that most of the points in the scatter plot are found
around two distinct lines. The upper cluster of points corresponds to days where electricity
consumption is increased during evening hours and this normally occurs on winter where
households need more energy for heating purposes. On the other hand during summer
months, households need more energy for cooling services before sunset, and these days
correspond to the lower cluster of points. The following graph gives two distinct plots, for
winter and summer months correspondingly.

Figure 3.17: Scatter plot of maximum load demand within a day of winter and summer
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Using again the leastsq function of the scipy.optimize module and using data only for
weekdays of winter and summer months, one may calculate the line that fits best to our data
and plot the results (Appendix 1).

Figure 3.18: Curve fit for maximum load demand within one day
As we may see from the above figure, the two distinct equations that relate the morning and
evening maximum load values are:
Winter:

max(LoadEvening) = 0.9 x max(LoadMorning) + 1526.7 (MW) (Equation 3.4)

Summer: max(LoadEvening) = 0.7 x max(LoadMorning) + 1362.9 (MW) (Equation 3.5)
As electricity consumption is subject to fluctuations on a seasonal-weekly-daily basis, the
above mentioned set of equations can be used to estimate the maximum load demand during
evening, if the maximum value before 11:00 am is already known. By analyzing the scatter plot
in Figure 3.18, it should be mentioned:
 The points that lie at the upper right part of the graph can be correlated with extreme
weather conditions - cold days on winter and hot days on summer. The inverse
happens for the scatter points found at the lower left part of the plot – mild climate
for both winter and summer months.
 The scatter points found above each line indicate the days where the maximum load
during evening is much higher relatively to the morning hours of the same day. It may
be partially explained by residential activities (preparing food, washing, cleaning and
using appliances) that run simultaneously with commercial and industrial. Load
shifting can be achieved by implementing a DSM strategy. However, it requires a deep
understanding of how people use appliances and ways that can some activities
automated to run during the night [14].
The same information can be extracted using machine learning algorithms implemented in
Python. Artificial Neural Networks (ANNs) has emerged to a prominent technique that
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receives much attention from the researchers. In load forecasting it gives the ability to solve
complex relationships and to identify patterns in large datasets with high accuracy [50]. In our
case, we may divide the year into quarters and develop ANN that learns of how the evening
load demand is correlated with the temperature and the load demand before 13:00 pm
(Appendix 1).
The most popular high-level framework for machine learning is Keras and gives the possibility
to develop an efficient Ann with less than 10 lines of code [45]. In general, the core of the Ann
is a neuron that receives one or more inputs from the neurons in the previous layers. To map
the functionality of each neuron a model is needed that operates on the sum of inputs
multiplied by corresponding weights.
The following graph is generated using an Ann of three layers: an input layer of 3 neurons
including the load demand between 8-11 am and the average temperature of the day, a hidden
layer of ten neurons and an output layer that calculates the load demand at late afternoon.
The R2 score (R-squared) mentioned in the graph gives us a sense of the difference between
true and generated values: if it is close to 1 our predictions are good. The dataset that has
been used includes the load demand of only winter months and was divided into three sets:
 The training set that includes approximately 80% of the initial dataset and is being
used to develop an efficient Ann.
 The validation and test sets which consists of nearly 20% of our dataset and is being
used to evaluate the performance of the final version of our Ann.

Figure 3.19: Prediction of maximum load demand using ANNs
To sum up, the load variation within the same day depends on the climate, building types,
appliances in use, price of energy and consumer activities. Peaks of electricity demand can be
described as a social phenomenon and in most cases occur by running simultaneously a
number of different services. The temporal and spatial order of social activities play a crucial
role for forecasting the load demand in order to apply a load shifting strategy [1].
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3.11 Identifying the relation between temperature and load demand
Weather is an important parameter that affects the load demand. Over the last decade, a
great research effort has been given in building regression models and ANNs for short-term
load forecasting using temperature and humidity as independent variables [47].
Using data of various meteorological stations in Greece, we may add a column to our initial
table, including the average temperature for each day. We may also add a column containing
the number of the week for each year by using the isocalendar() function of Python. This
function takes a datetime object as input and returns the year-week-day in number format.
After adding the average temperature and week number columns we will filter our data to
contain only December month for the years 2015, 2016 and 2017. We focus on this particular
month for simplification reasons, as the average temperature of each week is gradually falling
and the effects in load demand would be easier to be evaluated.
Finally we are going to group our data by the week number and check what happens to the
average electricity consumption between two succeeding weeks where the average
temperature has fallen by 1 degree.

Figure 3.20: Curve fit for load and temperature correlation
Using again the leastsq function of the Scipy module, the optimized solution of the equation
describing the above generated graph is the following:
L(i + 1) = 𝐿(𝑖) ∗ 1.05 − 54 (𝑀𝑊) (Equation 3.6)
This equation basically depends on the following parameters:
 Building location and characteristics (such as insulation).
 The efficiency of appliances to convert electricity to heat.
 The average occupancy of each household, for example the number of occupants per
square meter.
35

3.12 The forecasting method
Based on historical data, a method has been developed in order to forecast the average load
demand of a specific week. As we have already mentioned in the previous paragraphs, there is
an incremental growth of the average load demand from November to December which is
shown in Figure 3.7. As a result, a demonstration of the method is expected to produce more
obvious results during weeks 45-52 of each year.
In the next paragraphs, we shall describe the steps for forecasting the average load demand
for a working day of week 48 and year 2018. We have chosen this week as there is a gradual
change of the electricity consumption due to the fact that the temperature is usually
decreasing. For simplicity, we shall also focus for the time period 14:00 – 24:00 pm as the
electricity demand maximizes within the day. The main steps of the method include:
 Identify the evolution of load demand for the previous years: In our example we are
going to simulate the evolution of the average load demand for weeks 46-47-48 of the
years 2015-2016-2017.
 Learn from the previously mentioned evolution in order to make a forecast for the
current year: In our example we are going to forecast the average load demand for
week 48 of year 2018 taking into account the average load demand of week 47 of the
current year and the evolution of load demand of previous years.
In order to perform the above mentioned steps, the average temperature of all weeks is
needed. The following plot gives the evolution of the load curve for weeks 46-47-48 as it has
been recorded during the years 2015-2017. The legend of the plot includes the number of the
week and the average temperature.

Figure 3.21: Curve of average load demand for weeks 46-48 of previous years
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The increase of the electricity consumption between weeks 46-48 can be partially explained
by the corresponding temperature fall by 3 degrees. What can be extracted from this figure is
the average increase of load demand between weeks 47 (L47) and 48 (L48) on an hour basis
(Appendix 1).
Table 3.6: Learned coefficients for the evolution of load demand
Hour
Coeff2015-2017 =
(L48 – L47)/ L47

14

15

16

17

18

19

20

21

22

23

0.0446

0.0388

0.0348

0.0315

0.0291

0.0271

0.0258

0.0250

0.0246

0.0248

We continue the analysis by examining the load demand of the current year (2018). As we may
now see the electricity demand for weeks 46 and 47 is not the same although the average
temperature has not fallen.
Taking into account the pattern of previous years (Table 3.6), the load demand for week 48 of
year 2018 is expected to evolve as given in the following equation and figure (Appendix 1).
L(48) = 𝐿(47) ∗ (1 + Coeff) (𝑀𝑊) (Equation 3.7)

Figure 3.22: Forecasted curve of load demand for week 48
Machine learning algorithms, such as regression and neural networks perform well in
predicting the load demand [46]. However, as one may see in the above generated graph (the
green line is the forecasted curve of load demand and the red dashed line is the real value),
although there has been no fall in the average temperature during these weeks, the least
squares method succeeded in forecasting the increase of the load demand.
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Part II: Parameters affecting the load demand curve of Greece by 2030
The main objectives of the second part of this chapter are:





Calculate the load demand curve of Hellinikon community by the years 2030 and 2040.
Describe the effects of interconnecting a part of Greek islands to the national grid.
Estimate the increase in load demand caused by electric vehicles.
Describe methods for optimizing the load demand.

3.13 The Hellinikon project
A prerequisite for the Greek economy to recover is to have a developing rate higher than 2.5%,
which requires investments of approximately 20% of the National Gross Domestic Product
(GDP). A crucial parameter towards these targets is the utilization programme of the
Hellinikon region as it is expected to attract the interest of a number of foreign investors.
According to this programme, the former airport of Hellinikon (located near Athens) is going
to be transformed to a community with multidimensional activities including: residencies,
hotels, hospitals, educational facilities, offices, shopping centers, museums etc. [26].
The Hellinikon project will require 7.2 billion euros in order to be in full operation until 2040.
This project is expected to have a huge effect not only to the urban renewal of that particular
area, but will also have macroeconomic effects to the Greek economy. The annual incomes of
utilizing the Hellinikon are calculated to be 1.4 billion euros which can be grouped into the
following activities: offices and shopping centers (75%), hotels (10%) and amusement activities
(10%). The tax revenues deriving from this project over the next twenty years are expected to
reach 14 billion euros [26].
The development of infrastructures for a new conference center and a new casino next to the
sea will also create new business activities that will not substitute the existing ones. These
activities are going the boost the country’s tourism development and produce thousands of
new job openings. Moreover, the cash inflow from the abroad will be increased and this is a
crucial prerequisite for the stability of the banking system in Greece. All the above mentioned
effects will send a strong signal all over the globe that Greece is a safe and attractive place for
investments [26].
To the author’s point of view, the Hellinikon project can serve as an example of sustainable
urban development for all Greek municipalities. After thirty years of overbuilding in the Attica
region, it is possible to organize the Hellinikon Community “from scratch” in order to apply
modern standards of living that have been applied in other Scandinavian municipalities which
are assumed to be pioneers in sustainable power generation. Τhe Hellinikon Community (HC)
can serve as a brilliant example for Attica in terms of energy saving and smart electricity
consumption.
In addition, the new educational structures (private Schools and Universities) that will be
created within the region could serve as innovation centers for environmental awareness
and RES applications in which citizens and organizations can be informed. Last but not least,
Lambda Development (LD), which is the organization responsible for developing the
Hellinikon project, will have the opportunity to install in all buildings intelligent energy
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management systems in order to give the opportunity to the prospective owners of the
residencies to have the lowest electricity bills of all Greece.
In the next figure we may see the location of the Hellinikon Community and the main
infrastructure that will support the above mentioned activities. In the upper part we may see
the existing infrastructure - the former airport that is not in use - and in the lower part the
area after the project has been completed.

Figure 3.23: The Hellinikon project [27]

3.13.1 Electricity consumption inside the Hellinikon Community
The Hellinikon project will be developed over an area of 6 million m2 and according to the
project plan this area will be divided according to the following main usages [26]:
 Residencies: The project is planned to include 10,000 residencies of various types.
 Offices and shopping centers: The overall area that will be offered for commercial
activities and services will reach 600,000 m2.
 Hotels: At the end of the project there will be 7 hotels with 3,000 rooms available.
 Amusement activities: These activities include the development of the coast, an
aquarium, sport facilities, museums and a number of restaurants and cafeterias.
 Health services: A private hospital will be developed with nearly 300 rooms.
 Educational services: The project includes educational structures such as primary,
secondary and higher education.
According to the above data, in the following table the electricity consumption of Hellinikon
Community is calculated for the years 2030 and 2040:
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Description of activities in the Hellinikon project (overall area of 6 million square meters)

Size (m )

Average electricity
consumption
(kWh/ m2)

Annual electricity
consumption
by 2030 (GWh)

Annual electricity
consumption
at the end of the project
(GWh)

Area Usage

Activity Description

Percent of
operation
by 2030

Shopping Centers

(as described above)

40%

300.000

200

24

60

160

19,2

48

0

0

2

Offices

(as described above)

40%

300.000

Coastline

(as described above)

40%

50.000

Fun Park

(as described above)

40%

20.000

200

1,6

4

Casino

(as described above)

40%

15.000

200

1,2

3

Restaurants

The area will include 30 restaurants,
200 fast food restaurants
and 200 coffee shops

40%

50.000

400

8

20

Sport Centers

(as described above)

40%

350.000

100

14

35

Private Hospital

(as described above)

0%

35.000

250

0

8,75

Educational Facilities

These facilities will
include private Schools
and University Campus

15%

160.000

100

2,4

16

Residencies

The project is planned
to include 10.000 residencies
of various types.
5000 kWh/capita x 10000 residents = 50 GWh
annually
plus 5000 kWh/capita for tourists x 10000 = 50
GWh annually
giving a total of 50 GWh annually

25%

100.000

-

25

100

Hotels

The project is planned
to include 7 hotels with an
overall of nearly 3000 rooms

25%

1.5

6

Conference Center

(as described above)

25%

20.000

100

0,5

2

SUM

95,9

296,75

Table 3.7: Expected electricity consumption inside the Hellinikon community [26][27][28].
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As we may see in Table 3.7 the overall electricity consumption of the Hellinikon Community is
expected to reach 300 GWh/year by 2040. This means that the average electricity
consumption of this particular region will be nearly 6 GWh/week, however, during July and
December months the load demand is expected to be increased. This increased consumption
can be calculated using data of load demand for Greece provided by ENTSO-E:
Greece's Load Demand (TWh)
Average Load Demand
for 2018 per month
4,2

Total Load Demand
for July 2018
4,8

Total Load Demand
for December 2018
4,62

Table 3.8: Greece’s load demand for July and December 2018
We can see from the above table that the electricity consumption for July and December
months is increased by a factor of 4.8/4.2 = 1.15, and as a result, the corresponding load
demand for the Hellinikon municipality is expected to reach 6 x 1.15 = 7 GWh.
Taking into account the bar chart for Greece, describing the average load demand for a day on
winter and summer months, we may generate a similar curve for the consumption inside the
Hellinikon Community. As a result, the following graph gives an estimation of the load curve
for the Hellinikon Community for the years 2030 and 2040:

Figure 3.24: The forecasted curves of load demand for the Hellinikon Community
As a result the load demand of the Hellinikon Community is expected to reach 15 MW/h by the
year 2030 and 50 MW/h by 2040.
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3.13.2 Optimizing the electricity consumption of Hellinikon
Investing in roof-mounted PV systems
As we have already mentioned, the project plan includes 10,000 residencies of various types. A
part of these residencies is expected to be purchased by foreign residents who will live or rent
their properties only during summer months. As we will explain in the next paragraphs, it
would be beneficial to the overall energy system of the municipality, if this particular type of
residents choose to install small-scale photovoltaic (PV) systems on their rooftops. This is
due to the fact that they consume electricity only during summer months, however, the PV
system generates energy all year long and as a result, the net energy is positive for the
community.
For example, assume that a residency is occupied by 2 persons for 3 months per year. The
annual electricity consumption for this residency is:
(Eannual/(12 months) ∗ (Nmonths) ∗ (Npersons) (Equation 3.8)

In our case Eannual = 5,000 kWh/person (for Greece) [6], Nmonths = 3 and Npersons = 2. If we
execute the above mentioned calculation, we can estimate that this residency will consume
2,500 kWh of electrical energy per year.
On the other hand, the average electricity generation of a 4 kW PV system installed in Attica
prefecture is approximately:
4 kW x (1,250 kWh per kW and year) = 5,000 kWh per residency and year [29].
It should be mentioned that the above energy generation requires a roof area of 30 m2 and a
good roof tilt. By subtracting the overall energy generated by the PV system and the
electricity consumption, one may see that from a single residency the net energy fed into the
grid is nearly 2,500 kWh per year. As a result, the new owners of the residencies should
choose to invest in RES in order not only to have reduced annual electricity costs, but also
contribute to a cleaner and safer environment for the Hellinikon municipality.
If Lamda Development succeeds in installing 4 kW PV systems to 1,000 residencies, the annual
net energy generated from the community will be 2.5 GWh. By modeling the electricity
generation from PVs using the MIND method and taking into account that the electricity price
is nearly 0.1 euro per kWh, the annual reduction of electricity cost is expected to reach
250,000 euros (Appendix 2) [44]. It should be mentioned that at the time this thesis has been
written, the cost of installing a grid connected 4 kW PV array is approximately 4,000 euros,
and as a result the overall cost for installing 1,000 roof-mounted systems is 4 million euros.
This measure would not only contribute to a cleaner environment for the entire Attica
prefecture, but will also reduce the energy footprint of Greece regarding the Green House Gas
(GHG) emissions. Lamda Development should pursue the installation of such systems by the
future owners of the residencies by explaining to them the economic and environmental
benefits of investing in RES. For this purpose a framework should be developed where the
owners that decide to invest in PV systems, are awarded with reduced electricity bills, lower
price for activities inside Hellinikon etc.
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Investing in CHP for district heating and cooling
Cogeneration of Heat and Power (CHP) plants are systems that generate electricity and heat
at the same time. It is a more efficient technology of generating energy, as the wasted heat
from electricity generation is put to other productive usages, such as to heat buildings. EU
promotes the cogeneration, due to the fact that traditional electricity power stations are
inefficient (efficiency is lower than 40%) and transmissions losses can reach 3% [30].
The next figure describes a typical CHP system that uses natural gas as primary fuel. We may
see that the overall efficiency of converting gas into electricity and heat can reach 80%.

Figure 3.25: A natural gas fired CHP plant [30]
CHP can provide energy to a whole community with multiple benefits. A great example is the
district heating and cooling system of Västerås city in Sweden. The system consists of
multiple CHP plants that use oil and renewable fuels for satisfying the electricity-heatingcooling loads with an efficiency that reaches 90%. It is significant to mention that the
customers of Västerås community enjoy a price level that is among the lowest in Sweden
[31].
As we have already mentioned, the main goals for Hellinikon Community are: at first to have a
diversity of fuels and technologies that secure the energy supply and secondly to minimize
the cost of energy use for the customers. Following the example of Västerås community,
Lamda Development could invest in a natural-gas fired CHP power plant for delivering
sustainable energy that can lead to an annual cost reduction of 0.1 million euros for
residencies inside the Hellinikon region (Appendix 2) [44].
As we have seen in the previous sections, multiple activities will be held inside the Hellinikon
community that will be taking place during winter and summer months. Taking also into
account the risks of climate change which may cause increased temperatures during summer
months, the Hellinikon Community should be ready for increased peaks in load demand that
may result in power black-outs. In that particular case, a CHP power plant could steadily
deliver energy to a subset of buildings which are crucial to operate without interruptions.
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Investing in energy management systems
Demand side management (DSM) refers to initiatives and technologies that encourage
people to optimize their energy use. DSM has been viewed as a means of reducing peak
power demand, reducing power outages and increasing energy security. Smart Grid (SG)
applications are also coping with the problems of increasing energy demand and
environmental pollution. DSM and SG are usually correlated to each other giving various
applications such as automated demand response, smart consume sequence and remote
energy generation and consumption [32].
Lamda Development could also invest in DSM-SG applications for all buildings inside the
community. The load demand curve as described in Figure 3.24 can be transformed into a
more stable one by applying a DSM framework that can be implemented into different phases
according to the project development:
 Phase I: During the planning phase of the Hellinikon project, different DSM
technologies should be evaluated. For choosing the most appropriate solution, Lamda
Development should focus on delivering a final system that minimizes the cost of
electricity consumption. The role of evaluating different solutions should be assigned
to a dedicated team of employees. This team should apply an agile project
management method for running – evaluating – upgrading the initial.
 Phase II: During the development phase of the Hellinikon project, Advanced Metering
Infrastructure (AMI) should be installed in all buildings inside the municipality. These
systems should be able to: collect data from all appliances and enable/disable a set of
“energy-hungry” appliances for specific periods of time.
 Phase III: Prior to delivering the properties to the end users, the team should be in
contact with them in order to provide adequate information of the significance to use
SG applications in order to have to a lower electricity bill and contribute to a cleaner
environment. In parallel Lamda Development should propose a win-win solution to
the users in order to invest in RES and other DSM applications.
In order to evaluate the effects of applying a DSM measure we will assume the following
scenario: 700 residencies inside the Hellinikon region, agree to shift a 1 kW residential activity,
such as washing, from 19:00 pm (price of electricity 0.1 euros/kWh) to 23:00 pm (price of
electricity 0.07 euros/kWh). Using again the MIND method for modeling this measure, the
reduction of the electricity consumption cost inside the Hellinikon Community can be up to 0.1
million euros per year (Appendix 2) [44].
As we may see in the next paragraphs, over the next decade DSM applications will be very
useful for efficiently charging electric vehicles (EVs). For this reason, LD should take the
following actions in order to optimize the activities inside the Hellinikon Community:
 Develop a well distributed network of EV charging stations inside the community.
These stations could be used not only to charge EVs, but also to charge electric buses
that will transport people that live, visit or work within the Hellinikon region.
 Install a socket suitable for fast charging EVs in all buildings. Systems for smart
controlling the time for charging vehicles should also be included, in order to consume
electricity during night where the overall load demand is low.
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A proposed energy management framework
As we have previously mentioned, Lamda Development should focus on making the Hellinikon
Community an example of sustainable urban area. It is crucial to mention here, that
researches show that well-informed energy consumers may lead to energy savings up to 15%
[33]. As a result, people with environmental awareness should be motivated to participate in
a framework that will contribute to a clean and safe local environment. These people can
serve as an example for other residents to be actively involved in future energy saving
programmes.
A cornerstone towards this objective is to understand the consumer profile inside the
Hellinikon region. By this way, different energy efficiency solutions and RES technologies can
be investigated. For this purpose, people who live inside the Hellinikon and wish to invest in
renewables or to take part in a DSM programme should be awarded with “green certificates”
(GCs). People with GCs could for example enjoy services offered inside Hellinikon at lower
prices, have lower electricity bills etc.
The next figure describes an initial framework with the name “Optimize-Save-Innovate” (OSI)
that can be sequentially applied during the 3 phases as previously mentioned:

Figure 3.26: The Optimize – Save – Innovate (OSI) framework
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3.14 Interconnection of the Greek islands
The first interconnections of the nearest to the mainland islands (Saronic and Sporades
islands) were made in the 1960s. However, the majority of Greek islands within the Aegean
Sea are still electrified autonomously mainly by local thermal power plants with wind farms
and PV arrays having lower shares [34].
The electricity market of non-continental regions consists of 32 non-interconnected islands
(NIIs) which can be grouped according to their maximum load demand [34]:
 19 of them are small scale with peak demand up to 10 MW
 11 are average sized with peak demand between 10 and 100 MW
 2 are large systems with load demand between 200 and 600 MW.
The operation and management of the corresponding markets and networks is headed by
HEDNO. The benefits of interconnecting the islands with the continental system are lower
charges per kWh of electricity, improvement of the local environment and exploitation of the
high RES potential of the islands.
According to the Greek Regulatory Authority of Energy (RAE) the following interconnection
projects will be in full operation until 2030 [34]:
 Project I - interconnection of Syros-Paros-Naxos-Mykonos: These islands are a subset
of “Cyclades” which are known for their increased tourism development. This project
is planned to be completed before the end of 2020 and it is given inside the blue
rectangle in Figure 3.25.
 Project II - interconnection of Crete: Crete is one of the largest islands in Greece and
its population has increased to nearly 630,000 by 2017. It has a load demand that
maximizes on July due to increased tourism activities and services. The
interconnection of Crete project is planned to be completed at the end of 2021 and it
is given inside the green rectangle in Figure 3.25.
 Project III - interconnection of Santorini-Folegandros-Milos-Sifnos-Serifos: These
islands are the rest subset of “Cyclades” and this project is planned to be completed
until 2030. Their location is given inside the orange rectangle in Figure 3.25.
It is significant to mention that the interconnection of Crete to the mainland is planned to be a
part of a greater project, the EuroAsia Interconnector. This project will connect Greece,
Cyprus and Israel in order to enhance Europe’s energy security and diversity. It will not only
stimulus the economic development but will also attract large investments of nearly 10 billion
euros to the host countries. Moreover, it will help the better utilization of the recently found
natural gas deposits in Cyprus and Israel which can be used as a more efficient electricity
source. The project plan consists of three interconnection phases: Crete-Attica (completed by
2022), Cyprus-Crete (completed by 2023) and Cyprus-Israel (completed by 2024). A descriptive
map of the project is given in Figure 3.26 [35].
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Figure 3.27: The interconnection project of islands to the mainland

Figure 3.28: The EuroAsia Interconnector [35]
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In order to forecast the effects of the interconnection of NIIs to the mainland we will use the
LinearRegression function of the sklearn.linear_model module implemented in Python [21].
In the following table we may see an estimated value for the electricity consumption in Greek
islands by the year 2030. The column of “2030 min scenario” is based on all available data
including the period 2010-2013 where Greece suffered from economic recession. On the other
hand, the column of “2030 max scenario” is based only on the years 2014-2016 where Greek
economy started to overcome the economic crisis of 2008. Within the framework of this
thesis, we will select an average value of the min-max scenarios only for the islands that will
be interconnected with the mainland by the year 2030, which are highlighted as green-colored
rows in the next table (Appendix 1).
Table 3.9: Electricity consumption (MWh) of Greek Islands [37]
NIIs

2010

2011

2012

2013

2014

2015

2016

2030
min
scenario

2030
max
scenario

2030

St_Eustrations

1074

1058

1066

1102

1115

1118

1096

1232

1232

1232

Agathonisi

529

522

542

599

650

702

749

1298

1298

1298

Amorgos

9806

9816

9633

9354

9334

9865

10551

11000

17155

17155

Anafe

1135

1110

1137

1199

1223

1259

1277

1683

1746

1746

Astepalaia

6741

6997

7022

7089

6599

6772

7430

7674

10669

10669

Donoussa

635

676

717

667

721

810

841

1264

1264

1264

HEreikousa

711

710

664

746

697

795

832

1080

1319

1319

Thera

119517

117957

120057

120817

135772

152375

164522

266310

375053

270000

Ikaria

30189

28845

29096

28977

27423

28658

30436

28296

43573

43573

Karpathos

38590

37829

38784

38988

36928

37966

42339

44642

65297

65297

Kythnos

8382

8309

8719

8672

8240

8607

9408

10559

15719

15719

Kos_Kalemnos

357626

351959

361514

361681

351942

367337

418464

490891

701026

701026

Lesvos

312157

308454

307864

300822

285542

296582

346598

343051

592761

592761

Lemnos

65823

62710

61795

61743

58486

60244

67629

60918

101232

101232

Megisti

2598

2751

2973

3126

3152

3207

3479

5307

5500

5500

Melos

42697

45819

48272

49952

47885

49834

55301

76134

98656

77000

Mykonos

113702

115071

113615

113027

125916

130123

140149

195574

260157

200000

Othonoi

742

674

709

688

634

634

601

317

481

481

Paros

211637

208206

207254

203622

203727

212569

257546

301713

522898

350000

Patmos

16605

16738

17825

17475

17019

17788

20064

24730

33319

33319

Samos

159581

151017

150604

146503

136178

138186

165646

136381

279182

279182

Serifos

7887

8162

8299

8153

8178

8358

8374

9253

11768

11000

Sifnos

17825

17966

17905

17364

17047

17617

18329

17695

26669

20000

Skeros

16072

16150

15698

15549

15073

15955

16135

15303

23144

23144

Semei

12938

15054

15031

15275

14132

14649

15454

18192

19208

19208

Seros

111624

107270

104608

103443

95227

95202

99587

60148

116216

116000

Chios

217348

214449

215739

212476

196993

202519

231884

213666

364490

364490

Rhodos

763567

764401

780413

790593

760187

791768

940823

1142632

1700076

1700076

Crete

2988286

3014392

2945881

2944351

2866699

2898169

3675190

4109510

7067845

5000000

SUM

6 TWh
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As we may see from the above generated table the overall electricity consumption of the
islands that are going to be connected with the national grid by 2030 (including Naxos and
Folegandros which are not mentioned in Table 3.9) will be approximately 6.5 TWh. We should
mention here that the load demand of the islands follows a different curve compared to the
mainland, as we may see in the following graph describing the load demand of Crete for the
year 2010 [38].

Figure 3.29: The load demand curve for the island of Crete during 2010
We may see from the Figure 3.4 that during an average day the peak load demand occurs
around 13:30 pm and 20:30 pm. This is a major difference with the average load demand curve
of the mainland, which as we have seen in the previous chapters gets a maximum value
around 11:00 am and 19:00 pm every day.
Assuming that the rest of the islands that will be connected to the continental grid follow a
similar load demand curve with that of Crete, the load demand curve of the NIIs during July
and December months is expected to follow the curve of the next figure:

Figure 3.30: Forecasted curve of load demand for NIIs by 2030
As we may see from the above generated graph the maximum load demand of the national
grid is expected to increase by nearly 1,200 MW/h during winter and summer months.
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3.15 Increased share of electric vehicles
An electric vehicle (EV) is a vehicle that uses one or more electric motors for propulsion. There
are mainly three types of EVs, grouped by their primary energy source [39]:
 Hybrid electric vehicles (HEVs) are powered by both petrol and electricity.
 Plug-in hybrid electric vehicles (PHEVs) that offer battery recharging externally.
 Battery electric vehicles (BEVs) that are fully electrical and do not have petrol engine.
Electric mobility is at an early stage of development in Greece, mainly due to the economic
recession, the lack of infrastructure and lack of education concerning the negative effects on
climate of GHG emissions. However, the year of 2017 was significant for the EVs market as it
increased from 0.06% to nearly 0.2%, which means that during that year the overall sales of EVs
reached the 160 in number. PHEVs accounted for 80% of the total sales as the corresponding
manufacturers provided 50 km of autonomous driving range which is suitable for
transportation inside a city. On the other hand the market of BEVs remained unaltered which
indicates the lack of incentives and supporting infrastructure [39].
Experience from other EU countries, showed that more than 80% of the EVs owners, charge
their cars in their own residences. However, a well distributed network of public charging
stations is a crucial parameter for encouraging people to invest in EVs. This assumption comes
from the experience gained from Liquefied Petroleum Gas (LPG) adaptation where after the
construction of LPG stations in urban zones, there has been a rapid increase in sales over the
years 2010-2011. Experience has also gained from the increase of the share of EVs in the United
States: residential charger sales are driven by the increase in the sales of EVs but commercial
charging units are largely based by government support [52].
The chargers of EVs can be categorized in the following groups [52]:
 120-240V AC: these are the most common residential chargers.
 240V AC: they are commonly used at public charging facilities.
 DC fast charging: they provide a fast recharge in just 1 hour and they are most suitable
for commercial and public applications.
According to the Hellenic Institute for Electric Vehicles (HELIEV) there are approximately 65
available charging stations that provide AC power between 3.5 – 22 kW and only one of them
provides fast DC charging of 50 kW. The total capacity reached 1.1 MW in 2017 with the
majority being installed within the Attica prefecture. We should also mention that there are
only 8 stations for EVs in the Greek islands provided by Hotels and services operating only on
summer months [39].
Greece supports the penetration of EVs to the market by analyzing and formulating
corresponding policies and incentives. For example, EVs are being exempted from the annual
circulation tax and from luxury commodity tax charge. This effort derives from the fact that
EVs will replace carbon intensive transportation with vehicles powered with sustainable
energy sources and/or RES. However, the economic recession hindered the further expansion
of the EVs market over the years 2011-2016.
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According to CRES and HELIEV, certain actions should be taken to support EVs:






Invest in infrastructure for generating and distributing energy to charge EVs.
Finance research projects and programmes for electric mobility.
Introduce common rules for validating the quality of EVs.
Familiarize people with the new technologies concerning EVs.
Develop a framework for connecting the charging infrastructure with smart metering.

The future of EVs in Greece is forecasted by CRES, HELIEV and the Greek Ministry of
Environment and Energy: following the most plausible scenario there would be 3,500 EVs by
2020, 8,000 by 2025 and 15,000 by 2030. There is also a prediction for nearly 100 buses
introduced in the Greek public sector by 2030 [39].
Following the scenario described above, we shall calculate the load demand introduced by EVs
in 2030. For this purpose we shall make the following assumptions:
 Half of the overall purchased EVs will be small-sized and will have technical
characteristics similar to VW e-up [40] and the other half will be medium-sized having
technical characteristics similar to VW e-golf [41].
 A small-sized EV travels autonomously for 150 km on average and a medium sized
travels for 300 km.
 Using a 3.5 kW wall-box at home, a small-sized EV takes 5 hours to be fully charged
and a medium-sized EV takes 10 hours.
 Approximately 80% of EVs will be charged in the owners residencies during night. The
rest 20% will be charged in public stations using DC fast chargers [39].
 An EV in Greece travels on average 10,000 km per year (the same as a conventional
car) or nearly 200 km per week [42].
From the above mentioned assumptions we may approximate the small and medium-sized EV
with an average one having the following characteristics:
 225 km of autonomous drive
 7.5 hours of full charging time by using a 3.5 kW residential wall-box
Taking into account that a car in Greece travels 200 km per week on average, our average EV
needs to be charged nearly once a week. As a result, we shall assume that the owner of this
hypothetical average-sized EV, charges it every day by approximately 1 hour. This means that
the load demand in Greece will increase by:
15,000 EVs x 3.5 kW/EV x 1 hour = 52.5 MWh/day
In case that the utilities would not apply an effective DSM strategy, this load will probably be
added at the maximization time of load demand curve during the afternoon. Since we have
made the assumption that 80% of the owners will charge EVs at their residence, there will be
an increase by 80% x 52.5 = 42 MW probably around 19:00 from Monday to Sunday.
DSM applications of EV charging should be able to give customers the ability for off-peak
charging: in this scenario all charging is utility controlled and occurs in residential areas during
night hours, aiming to reduce the cost of charging EVs by 30% (Appendix 2) [52].
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Chapter 4: Results and further discussion
4.1 The evolution of electricity generation and consumption in Greece
As we have previously seen, the overall load demand of the grid-connected system in Greece
is expected to reach nearly 54 TWh by 2030. On the other hand, the maximum load demand of
9100 MW/h during the year 2018 is expected to increase to 9,500 MW/h by 2030 even though
there will be an effort from power utilities to normalize the load demand curve. Once again it
should be mentioned that these forecasts are rather moderate as they take into account the
years 2015-2018 where the Greek economy was still trying to overcome the economic
recession of 2008.
On the other hand, in order to estimate the fuel mix that will be used for meeting this demand
by the year 2030, one should take the following parameters into account [16]:
 Environmental upgrade of lignite power plants: This includes the closure of the most
inefficient power plants, the construction of two new units (Ptolemais V and Meliti II)
as well as the upgrade of some existing power plants (Amyntaio I-II, Megalopoli IV and
Ag. Dimitrios I-IV).
 Expansion of RES: As it has been previously mentioned, the interconnection of Crete
and Cyclades islands will give the opportunity for the exploitation of the high RES
capacity of Greek islands. Due to the fact that wind speed and solar radiation is high in
Aegean Sea especially during summer months, RES could partially cover the increased
load demand derived from tourism development.
 Energy Efficiency Policies: According to the EU Directive, Greece should reduce its
energy use by 1.5% each year. The poor performance in energy savings of the years
2015-2018 will force Greece to make cumulative savings over the next decade. The
expansion and liberalization of the electricity system will also lead to the introduction
of efficient power generation technologies and the modernization of the market.
Taking also into account the data provided from the entso-e transparency platform
concerning the Installed Capacity per Production Type for Greece, we may develop the
following table that forecasts the fuel mix for meeting this increased electricity demand:
Table 4.1: Forecasting Installed Capacity per Production Type [5]
Production Type

2015 [MW]

2016 [MW]

2017 [MW]

2018 [MW]

2019 [MW]

2030 [MW]

Biomass

0

51

51

51

51

173

Fossil Brown coal/Lignite

4459

3912

3912

3912

3912

2599

Fossil Gas

4913

5396

5245

5245

4902

4915
-

Fossil Oil

718

0

0

0

0

Geothermal

46

0

0

0

0

-

Hydro Pumped Storage

693

699

699

699

699

713

Hydro Run-of-river

0

299

299

299

299

1016

Hydro Water Reservoir

2456

2403

2403

2403

2403

2275

Solar

2429

2441

2441

2441

2441

2469

Wind Offshore

0

0

0

0

0

-

Wind Onshore

1613

1875

1875

2228

2355

4377

Total Grand Capacity

17625

17145

16994

17347

17131

18537

52

Over the next decade there will be an increased need for electricity mainly caused by the
expansion of tourism development, the interconnection of Cyclades and Crete islands, the
implementation of the Hellinikon project and the increased use of EVs. As we have previously
mentioned, the interconnection of the NIIs to the mainland will cause an increased load
demand at nearly 13:00 pm and 21:00 especially during summer months (See Figure 4.1). On
the other hand, the increased use of EVs is expected to increase the mainland’s peak of load
demand that occurs at 19:00 pm as researches show that most of them are being charged at
the owner’s residencies. Taking these parameters into account, we may plot the average load
demand curve of Greece for a weekday during the year 2030:

Figure 4.1: Forecasted chart of load demand for Greece by 2030
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4.2 Discussion
4.2.1 Sustainable paths for meeting the increasing load demand
It is mentioned in Chapter 3 that the newly developed city inside the Hellinikon region, can
serve as an example for sustainable urban development for other Greek municipalities. As a
result, the evolution of electricity generation in Greece should be based on the same rules as it
has been described previously for the Hellinikon Community:
 Generate electricity from renewables: It is more than a fact that during the years
2015-2018 the electricity generation from photovoltaics has remained unaltered.
Moreover, the wind power potential of Aegean Sea is still underexploited as there are
no offshore wind farms in Greece. The interconnection of a part of the Greek islands
may serve as an opportunity to exploit the high wind and solar potential of these
islands and partially cover the increased load demand occurring on summer.
 Minimize and control the electricity consumption: Minimization of electricity
consumption can be implemented by promoting energy efficiency policies, such as to
subsidize the insulation of old buildings and encouraging the usage of energy efficient
appliances. On the other hand controlling the electricity consumption is essential for
reducing the peaks of load demand. For this purpose it is essential to subsidize the
installation of systems for smart metering and controlling a part of energy hungry
appliances in each building. By this way a demand side management strategy will be
applicable in order not only to minimize the cost of electricity consumption, but also
to secure the energy supply. Moreover, these systems may be used by power utilities
to collect data of electricity usage in order to develop the energy profile for a typical
consumer in Greece.
 Optimize the fuel mix: As it is mentioned in Table 4.1 electricity generation from lignite
power plants is expected to be reduced over the next decade. As a result, the
increased need for electricity should be met using efficient and sustainable power
technologies. Natural gas and biomass fired CHP plants can serve as a stable and
secure source for meeting the electricity-heat-cooling demand especially in non-urban
areas (such as Crete) where the residuals of agricultural activities may be collected
and combusted to generate various forms of energy.
 Invest in infrastructures for EVs: The development of adequate infrastructure for
encouraging the expansion of the market of EVs is important for the years to come.
For this purpose, it is crucial to develop a well distributed network of charging stations
not only in urban areas but also in the non-interconnected regions (islands).
Moreover, the Greek Ministry of Environment should subsidize not only the purchase
of new EVs but also the installation of systems for smart charging them in public
buildings and residencies.
To sum up, in order to satisfy the increasing load demand (especially during summer months)
and secure its energy supply at the same time, Greece has to implement an energy saving
policy as described in the corresponding EU Directives. On the other hand, a prerequisite for
reducing the capacity of lignite power plants, Greece has to restructure its electricity market
in order to promote decentralized and small scale energy generation.
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4.2.2 Improving the forecasting method
As we have seen in the previous chapters, the accuracy of the forecasting method is limited to
calculate the average load demand curve of a weekday for a particular week. In order to
forecast the load demand for an exact day and time (short-term load forecast) the following
improvements should be taken into account:
 The electricity consumption is highly dependent on the temperature and humidity
especially during winter and summer months. As a result in order to provide a more
accurate prediction of the load demand the average temperature should be
calculated by taking into account multiple locations within the geographical region
we are interested in.
 The load demand also varies according to the type of day. For example, we have
already mentioned that the average electricity consumption is usually lower during
the weekend. The same applies to certain holidays during the year, for example on
Christmas day. As a result, to give an accurate prediction for a particular type of day,
one should use machine learning algorithms for clustering the days of the year into
specific groups.
On the other hand, in order to give a correct long-term load forecast, some other parameters
should be taken into consideration:
 Due to the fact that electricity is a commodity, the overall load demand of a particular
country is dependent of its Gross Domestic Product (GDP). As a result, in order to
forecast the average load demand one should previously make a prediction of the
economic growth for the region under consideration.
 Grid expansion is also a crucial parameter when trying to calculate the evolution of
load demand when using data provided by the entso-e transparency platform. For
example, the interconnection of the Greek islands with the mainland is expected to
have a huge effect on the current fuel mix as it is expected to be a gradual transition
from oil to lignite and natural gas electricity generation.
 The economic growth plays also a significant role to the gradual change from old
energy conversion technologies, to new, more efficient and environmentally friendly.
For example, the expansion of the share of EVs was limited in Greece due to the
economic crisis of 2008. As the Greek economy seems to recover, the increase in
electricity consumption due to electric mobility seems inevitable.
 Last but not least, for long-term load demand forecasting, the effects of climate
change should not be neglected. For example, the increase of the average
temperature should be taken into account when trying to estimate the overall load
demand of Greece over the next decades.
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4.2.3 Other significant research questions
In the previous paragraphs of this chapter, answers have been given of how the load demand
curve and the overall electricity consumption in Greece is going to evolve. As it is mentioned in
the first chapter of this thesis, there are also other significant questions that need to be
answered in order to correctly predict the evolution of electrical power generation and
consumption in Greece:
A. Which will be the main sources of electricity generation in Greece by 2030?
Answer: Electricity generation is based on lignite which is Greece’s domestic fuel. However, as
we may see in Table 4.1, the total installed capacity of lignite power plants is going to be
decreased until 2030 by approximately 30%. However, our increased need for electricity is
going to be covered by PV and wind power generation: the interconnection of NIIs will lead to
a further exploitation of the high potential of RES in Aegean Sea and the overall RES energy
generation by 2030 may reach 15 TWh. The interconnection of NIIs to the mainland will also
lead to a reduction of electricity generation from oil and an increase of the share of natural
gas as primary fuel.
B. How can a researcher extract data for developing a forecasting method?
Answer: The Entso-e transparency platform includes data of electricity consumption for
countries inside the European Union. This is important for developing an efficient electricity
market as access to open data gives the ability to researchers and individuals to make
conclusions about the evolution of electricity consumption and generation for the years to
come. On the other hand, for developing an efficient forecasting method climate data are also
essential. Information of temperature and humidity can be found by exporting data of local
meteorological stations. For long-term forecasting the rise in temperature in different
geographical regions due to global warming is essential for calculating the peaks in load
demand.
C. How can we analytically describe the load demand curve?
Answer: The curve of the average load demand varies for different geographical regions and
time periods. For example, as we have already seen the average load demand curve for a
weekday in Greece can be approximated with two exponential curves. However, the
corresponding load demand of Sweden is different and needs to be mathematically analyzed
using different models. On the other hand, by analyzing data of the electricity consumption
during weekends we may see that both Greece and Sweden have common characteristics
(Appendix 1). Last but not least, for predicting the peaks in load demand on a particular day,
machine learning algorithms may be used for different geographical regions. This reveals the
powerfulness of these algorithms to adapt as a human brain to different datasets.
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Chapter 5: Conclusions
5.1 General conclusions
An accurate algorithm for forecasting the short-term load demand for a particular
country can be based on historical data of electricity consumption but also depends on the
type of economy, the consumer profile and the weather conditions. As wind and solar power
generation constitutes a noticeable percentage of the electricity generation in many countries
inside the European Union, models that predict the overall RES generation for a particular day
and geographical region should run in parallel to spatial load forecasting techniques.
Over the next decade, demand side management and smart grid applications will
generate enormous amount of data every hour. As a result a sophisticated framework for
analyzing not only the load demand but also the information recorded by sensors or even
entered manually by consumers is crucial for optimizing the cost of electricity generation.
Machine learning algorithms can be helpful for achieving this objective as they offer agile and
fast computations.
Particularly for Greece, a policy for subsidizing the installation of residential energy
management systems and roof-mounted PVs is of great importance for the following two
reasons: the tourism development is expected to increase and the interconnection of Greek
islands will increase the peaks of load demand by noon during summer months. As solar
power generation from PVs reaches a maximum value during the same time period, locally
generated power can be a solution for enhancing the security of energy supply. Moreover, the
increase of electricity consumption caused by electric vehicles can be mitigated by
implementing an effective DSM framework.

5.2 Perspectives
As it is previously mentioned, a sustainable energy system is based on consumers with
environmental consciousness. For that reason, the Ministry of Energy & Environment in
cooperation with the corresponding Ministry of Education of each EU country should
subsidize private and public organizations for educating people about the importance of
saving energy, using smart electricity meters, investing in renewables and purchasing EVs. This
thesis tried to evaluate such measures by developing a framework for analyzing data of
electricity consumption and using the MIND method.
Particularly for Greece, the newly developed community inside the Hellinikon region
can serve as an example of sustainable power generation, waste management and off-peak
electricity consumption. The Educational facilities that will be developed inside the community
may offer educational programs concerning energy saving and RES generation not only to
perspective students but also to other people living or working inside the Attica prefecture.
This thesis also introduced the Optimize-Save-Innovate framework described in Figure
3.26, which is a generic DSM method that can be applied in every newly developed city, such
as the Hellinikon Community. People living in all EU cities should be motivated to become a
member of a larger project that focuses to minimize not only the cost of consuming
electricity, but also the footprint of electricity generation to the environment.
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In [1]:

####################### APPENDIX 1 #######################
### the rader may visit the website http://loadforecast.eu.pythonanywhere.com to download code and datasets ###
#
#
#
#
#

This notebook describes the steps of analyzing electricity consumption for an EU country.
For demonstration reasons load demand of Sweden and Greece for the year 2018 is going to be used.
Data have been exported from the official entso-e website - https://transparency.entsoe.eu/
The load demand is included in the "Total Load - Day Ahead / Actual" table.
The table is stored in a textfile with the name 'load.txt'

In [2]: # import pandas and read the actual and forecasted values of load demand for Sweden and Greece
import pandas as pd
df_load = pd.read_csv('load.txt', sep=",", header=0)
# print some initial results of the tables
df_load.head(10)
print("The shape of the datasets is:",df_load.shape)
print("The datatypes of columns are:",df_load.dtypes)
# print the names of columns
print(df_load.columns)
# rename the columns within the table
df_load.rename(columns={'Time (CET)': 'datetime', 'Day-ahead Total Load Forecast [MW] - BZN|GR': 'load_forecast', 'Actual Tot
al Load [MW] - BZN|GR': 'load'},inplace=True)
print(df_load.columns)
The shape of the datasets is: (8761, 3)
The datatypes of columns are: Time (CET)
Day-ahead Total Load Forecast [MW] - BZN|GR
float64
Actual Total Load [MW] - BZN|GR
float64
dtype: object
Index(['Time (CET)', 'Day-ahead Total Load Forecast [MW] - BZN|GR',
'Actual Total Load [MW] - BZN|GR'],
dtype='object')
Index(['datetime', 'load_forecast', 'load'], dtype='object')

object

In [3]: # an interesting feature is the difference between the forecasted and the actual load demand
print("The null elements within the dataset are: \n", df_load.isnull().sum())
print("The average value of actual load demand is: ",round(df_load["load"].mean(),2))
print("The average value of forecasted load demand is: ",round(df_load["load_forecast"].mean(),2))
print("The standard deviation between the actual and the forecasted load demand is: ",round((df_load["load"]-df_load["load_fo
recast"]).std(),2))
The null elements within the dataset are:
datetime
0
load_forecast
1
load
3
dtype: int64
The average value of actual load demand is: 5847.87
The average value of forecasted load demand is: 5908.55
The standard deviation between the actual and the forecasted load demand is:

199.63

In [4]: # correct non numerical elements with the value that appears more often
df_load["load_forecast"]=df_load["load_forecast"].fillna(df_load["load_forecast"].mode()[0])
df_load["load"]=df_load["load"].fillna(df_load["load"].mode()[0])
print("The null elements of dataset are now... \n", df_load.isnull().sum())
The null elements of dataset are now...
datetime
0
load_forecast
0
load
0
dtype: int64
In [5]: # generate day-month-year columns
df_load['Year'] = df_load['datetime'].astype(str).str[6:10].astype(int)
df_load['Month'] = df_load['datetime'].astype(str).str[3:5].astype(int)
df_load['Day'] = df_load['datetime'].astype(str).str[0:2].astype(int)
df_load['Hour'] = df_load['datetime'].astype(str).str[11:13].astype(int)
# generate the weekday and weeknumber columns using pandas
df_load["date"] = df_load["Year"].map(str) + '-' + df_load["Month"].map(str) + '-' + df_load["Day"].map(str)
df_load["date"] = pd.to_datetime(df_load["date"])
df_load["WeekDay"] = df_load["date"].dt.weekday
df_load["WeekNo"] = df_load["date"].dt.week
df_load.head()
Out[5]:
datetime

load_forecast

load

Year

Month

Day

Hour

date

WeekDay

WeekNo

0

01.01.2018 00:00 - 01.01.2018 01:00

5087.0

5141.0

2018

1

1

0

2018-01-01

0

1

1

01.01.2018 01:00 - 01.01.2018 02:00

4958.0

5043.0

2018

1

1

1

2018-01-01

0

1

2

01.01.2018 02:00 - 01.01.2018 03:00

4627.0

4768.0

2018

1

1

2

2018-01-01

0

1

3

01.01.2018 03:00 - 01.01.2018 04:00

4386.0

4510.0

2018

1

1

3

2018-01-01

0

1

4

01.01.2018 04:00 - 01.01.2018 05:00

4285.0

4445.0

2018

1

1

4

2018-01-01

0

1

In [23]: # start data analysis
# caclulate the overall electricity consumption
print("The overall electricity consumption (in TWh) is: ", round(df_load['load'].sum()/10**6,2))
# plot the average load demand during weekdays and weekends
from matplotlib import pyplot as plt
fig = plt.figure(figsize=(10,5),dpi=80)
# Monday = weekday = 0, Tuesday = weekday = 1 ... Sunday = weekend = 6.
df_load_weekday = df_load[df_load['WeekDay']<=4]
df_load_weekend = df_load[df_load['WeekDay']>=5]
# group by hour and plot results
ax = fig.add_subplot(111)
ax.plot(df_load_weekday.groupby('Hour').mean()['load'],label='weekday')
ax.plot(df_load_weekend.groupby('Hour').mean()['load'],label='weekend')
ax.set_xlabel('Hour')
ax.set_ylabel('Load Demand (MW/h)')
ax.grid(True)
ax.legend()
The overall electricity consumption (in TWh) is:

51.23

Out[23]: <matplotlib.legend.Legend at 0x130ea128>

In [7]: # calculate the cumulative load distribution
import numpy as np
fig = plt.figure(figsize=(10,5),dpi=80)
# sort load demand and calculate distribution
data = np.sort(df_load['load'])
H,X1 = np.histogram(data, bins=15, normed=True)
dx = X1[1] - X1[0]
F1 = np.cumsum(H)*dx*100
# plot the curve
plt.plot(F1, X1[1:], label='cumulative load distribution')
plt.ylabel('Load demand (MW/h)')
plt.xlabel('Percent of samples %')
plt.xticks([0,10,20,30,40,50,60,70,80,90,100])
plt.title('Cumulative sum of load demand')
plt.ylim([min(df_load['load'])-1000, max(df_load['load'])+1000])
plt.grid(True)
plt.legend()
C:\Users\sotos\Anaconda3\lib\site-packages\ipykernel_launcher.py:6: VisibleDeprecationWarning: Passing `normed=True` on non-u
niform bins has always been broken, and computes neither the probability density function nor the probability mass function.
The result is only correct if the bins are uniform, when density=True will produce the same result anyway. The argument will
be removed in a future version of numpy.
Out[7]: <matplotlib.legend.Legend at 0xa68a5f8>

In [8]: # plot the average load demand for each month - bar chart
# plot the min and max load demand for each month - plot lines
# group by month
df_load_month = df_load.groupby('Month')['load'].mean()
df_load_month_max = df_load.groupby('Month')['load'].max()
df_load_month_min = df_load.groupby('Month')['load'].min()
# plot bar chart
fig = plt.figure(figsize=(10,5),dpi=80)
plt.bar(df_load_month.index,df_load_month.values,label='mean load demand')
plt.plot(df_load_month_max.index,df_load_month_max.values,label='max load demand')
plt.plot(df_load_month_min.index,df_load_month_min.values,label='min load demand')
plt.ylabel('Load demand (MW/h)')
plt.xlabel('Month')
plt.title('Load demand per month')
plt.grid(True)
plt.legend()
Out[8]: <matplotlib.legend.Legend at 0xa83b128>

In [9]: # plot the average load demand for each day
# group by day
df_load_day = df_load.groupby('WeekDay')['load'].mean()
# plot bar chart
fig = plt.figure(figsize=(10,5),dpi=80)
plt.bar(df_load_day.index,df_load_day.values)
plt.ylabel('Load demand (MW/h)')
plt.xlabel('Day of week')
plt.title('Average load demand per day')
plt.grid(True)

In [10]: # In this section a model of the average load demand for a weekday is going to be presented.
# simulate the average load demand for a specific day
from scipy.optimize import leastsq
# return the parameters of the most optimum solution
def g_curve(params,loadi,houri):
ai, bi, Ai, L0 = params[:]
g_c = L0 + Ai*np.exp((houri-ai)**2/bi)
residual_i = loadi - g_c
return residual_i
# the same function including the plot of the curve
def g_curve_plot(params,loadi,houri,ax):
ai, bi, Ai, L0 = params[:]
hourii = np.linspace(min(houri), max(houri), 100)
g_c = L0 + Ai*np.exp((hourii-ai)**2/bi)
ax.plot(hourii,g_c,color='orangered')
return 'plot executed...'
# select a weekday and get the average load demand for each hour
df_weekday = df_load[df_load['WeekDay']==3] # weekday = 3 = Thursday
# group by hour
df_weekday_gb_hour = df_weekday.groupby('Hour')['load'].mean()
# get the hour and load values as lists
x_vals = df_weekday_gb_hour.index
y_vals = df_weekday_gb_hour.values
In [11]: # find the load demand curves during morning and evening hours where the load demand is increased
fig = plt.figure(figsize=(10,5),dpi=80)
ax = fig.add_subplot(111)
hourii = x_vals.values
loadii = y_vals
colors = ['dodgerblue','skyblue']
iii=0
# separate the load demand into morning (5am-15pm) and evening (16pm-24pm) hours
for start_end in [[5,15],[16,24]]:
houri = hourii[start_end[0]:start_end[1]]
loadi = loadii[start_end[0]:start_end[1]]
ai, bi, Ai, L0 = 10, 10, 1000, min(loadi)
p0 = np.array([ai, bi, Ai, L0])
# call leastsq and plot results
sol = leastsq(g_curve, p0, args=(loadi,houri))[0]
# round the returned solution
myRoundedSol = [round(x,1) for x in sol]
ax.bar(houri, loadi, color = colors[iii], label = start_end)
l_resid = g_curve_plot(sol,loadi,houri,ax)
ax.legend()
iii=iii+1
ax.set_ylabel('Load demand (MW/h)')
ax.set_xlabel('Hour')
ax.set_title('The load demand curve')
ax.grid(True)

In [12]: # for developing the forecasting method the user should also export the load demand tables for the previous years (in our cas
e for years 2015-2017)
# an extra column is also needed including the average temprerature for each day for the particular geographical region the a
nalysis is held
# for demonstration reasons the load_klim.txt file has all the above mentioned information for Greece

In [13]: # read our initial table
load_klimat = pd.read_csv('load_klim.txt', sep=" ", header=0)
# the name of the day can be extracted using the daytime module
load_klimat.rename(columns={'Time (CET)': 'datetime', 'Day-ahead Total Load Forecast [MW] - BZN|GR': 'load_forecast', 'Actual
Total Load [MW] - BZN|GR': 'load'},inplace=True)
# print some data
load_klimat.head(10)
Out[13]:
datetime

load_forecast

load

Year

Month

Date

Day

WeekNo

Hour

DayType

Temp

Low

High

0

01.01.2015 00:00 - 01.01.2015 01:00

6140

5713

2015

1

01.01.2015

Thursday

1

0

Weekday

3.0

1.7

4.1

1

01.01.2015 01:00 - 01.01.2015 02:00

5950

5553

2015

1

01.01.2015

Thursday

1

1

Weekday

3.0

1.7

4.1

2

01.01.2015 02:00 - 01.01.2015 03:00

5550

5227

2015

1

01.01.2015

Thursday

1

2

Weekday

3.0

1.7

4.1

3

01.01.2015 03:00 - 01.01.2015 04:00

5251

4987

2015

1

01.01.2015

Thursday

1

3

Weekday

3.0

1.7

4.1

4

01.01.2015 04:00 - 01.01.2015 05:00

5050

4879

2015

1

01.01.2015

Thursday

1

4

Weekday

3.0

1.7

4.1

5

01.01.2015 05:00 - 01.01.2015 06:00

5100

4910

2015

1

01.01.2015

Thursday

1

5

Weekday

3.0

1.7

4.1

6

01.01.2015 06:00 - 01.01.2015 07:00

5002

4951

2015

1

01.01.2015

Thursday

1

6

Weekday

3.0

1.7

4.1

7

01.01.2015 07:00 - 01.01.2015 08:00

5193

5132

2015

1

01.01.2015

Thursday

1

7

Weekday

3.0

1.7

4.1

8

01.01.2015 08:00 - 01.01.2015 09:00

5775

5739

2015

1

01.01.2015

Thursday

1

8

Weekday

3.0

1.7

4.1

9

01.01.2015 09:00 - 01.01.2015 10:00

6418

6471

2015

1

01.01.2015

Thursday

1

9

Weekday

3.0

1.7

4.1

In [14]: # use historical data of the years 2015-2106-2017 to forecast the average load demand for a particular week of the year 2018
# as an example we shall calculate the load demand for week 48 of the year 2018
from operator import sub, add, truediv, mul
# select a week to forecast the load demand
week_no = 48
# this function returns data for previous years for a selected week
def return_load_temp(weeknumber):
load_klimat_prev_years = load_klimat[(load_klimat['Year']<2018)&((load_klimat['WeekNo']==weeknumber)|(load_klimat['WeekN
o']==weeknumber-1))&(load_klimat['DayType']=='Weekday')]
# group by hour
load_klimat_gb_hour = load_klimat_prev_years.groupby('Hour')['load','Temp'].mean()
x_vals = load_klimat_gb_hour.index
y_vals = load_klimat_gb_hour.values
load_i = [round(x[0],2) for x in y_vals]
temp_i = [round(x[1],2) for x in y_vals]
return x_vals.values,load_i,temp_i
# this function returns the solution of load demand curve for specific weeks of previous years
def prev_years_sol(weekno=week_no):
# initialize loop counters and lists
sol_list = [] # this list will include all solutions for weeks 46,47,48
for week_no in range(weekno-2,weekno+1): # loop for week_no 46,47,48
# get the average load demand and temperature
hourii, loadii, tempii = return_load_temp(week_no)
for start_end in [[14,24]]:
# filter data for specific hours
houri = hourii[start_end[0]:start_end[1]]
loadi = loadii[start_end[0]:start_end[1]]
tempi = tempii[start_end[0]:start_end[1]]
ai, bi, Ai, L0 = 10, 10, 1000, min(loadi)
p0 = np.array([ai, bi, Ai, L0])
# call leastsq for this specific week and years
sol = leastsq(g_curve, p0, args=(loadi,houri))[0]
print(sol)
soli = list(sol)
# round the returned solution
soli = [round(x,2) for x in soli]
soli.append(2017)
soli.append(week_no)
soli.append(tempi[0])
sol_list.append(soli)
print(sol_list)
return sol_list
# this function generates the coefficients learned from previous years
def coef_gen_s(initial_list,ihour,ax):
# read the list of solutions
total_sol_list = []
for isol in initial_list:
ai, bi, Li, L0 = isol[0],isol[1],isol[2],isol[3]
load_list = []
for ih in ihour:
load_f = L0 + Li*np.exp((ih-ai)**2/bi)
load_list.append(round(load_f,2))
# ganerate labels for the different curves on the graph
ilabel = 'week ' + str(isol[5]) + ' - mean temp. ' + str(isol[6])
ax.plot(ihour,load_list,label=ilabel)
total_sol_list.append(load_list)
# perform operations to the corresponding lists
lx = total_sol_list[1]
lz = total_sol_list[2]
lxz = list( map(sub, lz, lx) )
lxzz = list( map(truediv, lxz, lx) )
return lxzz

In [15]: # run simulation
# get solutions of previous years
prev_year_list = prev_years_sol()
# the hour range we are interested in
ihour = np.arange(14,24)
# plot results
fig = plt.figure(figsize=(10,5),dpi=80)
ax = fig.add_subplot(111)
# call the method - the next variable will be used in the following steps
learn_coef = coef_gen_s(prev_year_list,ihour,ax)
ax.set_ylabel('Load demand (MW/h)')
ax.set_xlabel('Hour')
ax.set_title('Average load demand curve for previous years')
ax.grid(True)
ax.legend()
[ 1.77985606e+01 1.12196318e+05 -7.37749202e+06 7.38406445e+06]
[ 1.77989453e+01 7.46299914e+04 -5.18927704e+06 5.19610625e+06]
[ 1.76855455e+01 2.27353995e+05 -1.58116941e+07 1.58187260e+07]
[[17.8, 112196.32, -7377492.02, 7384064.45, 2017, 46, 15.1], [17.8, 74629.99, -5189277.04, 5196106.25, 2017, 47, 13.78], [17.
69, 227354.0, -15811694.09, 15818726.02, 2017, 48, 12.75]]
Out[15]: <matplotlib.legend.Legend at 0xc54b898>

In [16]: # forecast the load demand for week 48 of the current year (in our case 2018)
# we introduce modified versions of g_curve just for presenting better the results
# this function returns data for current years for a selected week
def return_load_temp_cur_year(weeknumber=week_no):
load_klimat_prev_years = load_klimat[(load_klimat['Year']==2018)&(load_klimat['WeekNo']==weeknumber)&(load_klimat['DayTyp
e']=='Weekday')]
# group by hour
load_klimat_gb_hour = load_klimat_prev_years.groupby('Hour')['load','Temp'].mean()
x_vals = load_klimat_gb_hour.index
y_vals = load_klimat_gb_hour.values
load_i = [round(x[0],2) for x in y_vals]
temp_i = [round(x[1],2) for x in y_vals]
return x_vals.values,load_i,temp_i
# g_curve with plots
def g_curve_plot(params,loadi,houri,tempi,ax,week_no):
ai, bi, Ai, L0 = params[:]
hourii = np.linspace(min(houri), max(houri), 100)
g_c = L0 + Ai*np.exp((hourii-ai)**2/bi)
c_label = 'week ' + str(week_no) + ' - mean temp. ' + str(round(sum(tempi)/len(tempi),2))
ax.plot(hourii,g_c,lw=0.9,label=c_label)
return 'plot ended...'
# g_curve with distinct plots for forecasting load demand
def g_curve_plot_f(params,loadi,houri,tempi,ax,week_no):
ai, bi, Ai, L0 = params[:]
hourii = np.linspace(min(houri), max(houri), 100)
g_c = L0 + Ai*np.exp((hourii-ai)**2/bi)
c_label = 'forecasted curve for week 48'
ax.plot(hourii,g_c,'r--',lw=0.9,label=c_label)
return 'plot ended...'

In [17]: # initialize the plot
fig = plt.figure(figsize=(10,5),dpi=80)
ax = fig.add_subplot(111)
colors = ['lightgray','skyblue','cyan','lightgray','lightgray','limegreen','khaki']
# initialize loop counters and lists
iii=0
sol_list = []
# loop for week_no 46,47,48
for week_i in range(week_no-2,week_no+1):
# get the average load demand and temperature
hourii, loadii, tempii = return_load_temp_cur_year(week_i)
# the loop can be used to calculate the load demand for other periods, for example 5am-15pm
for start_end in [[14,24]]:
# filter data for specific hours
houri = hourii[start_end[0]:start_end[1]]
loadi = loadii[start_end[0]:start_end[1]]
tempi = tempii[start_end[0]:start_end[1]]
# call leastsq for this specific week and plot results
ai, bi, Ai, L0 = 10, 10, 1000, min(loadi)
p0 = np.array([ai, bi, Ai, L0])
sol = leastsq(g_curve, p0, args=(loadi,houri))[0]
print(sol)
soli = list(sol)
soli.append([2018,week_i,tempi[0]])
myRoundedSol = [round(x,1) for x in sol]
# ax.bar(houri, loadi, color = 'lightgray')
l_resid = g_curve_plot(sol,loadi,houri,tempi,ax,week_i)
# in the last loop load the coeeficients learned from previous years and present results
if week_i==week_no-1:
# calculate forecast
lxz = list( map(mul, loadi, learn_coef) )
lxzz = list( map(add, loadi, lxz) )
sol = leastsq(g_curve, p0, args=(lxzz,houri))[0]
l_resid = g_curve_plot_f(sol,lxzz,houri,tempi,ax,week_i)
iii=iii+1
sol_list.append(soli)
ax.set_ylabel('Load demand (MW/h)')
ax.set_xlabel('Hour')
ax.set_title('Load forecast for week 48 of year 2018')
ax.grid(True)
ax.legend()
print(sol_list)
[ 1.77099633e+01 9.69678984e+04 -6.87772770e+06 6.88456288e+06]
[ 1.76840387e+01 9.31585314e+04 -6.20579321e+06 6.21276533e+06]
[ 1.75033631e+01 1.41518549e+05 -9.49920717e+06 9.50634235e+06]
[[17.709963287637922, 96967.89835044299, -6877727.704137422, 6884562.884764386, [2018, 46, 12.92]], [17.684038682152597, 9315
8.53143592489, -6205793.206740782, 6212765.331040428, [2018, 47, 14.48]], [17.50336312440567, 141518.5489013998, -9499207.171
48755, 9506342.352761969, [2018, 48, 12.3]]]

In [18]: # in the following example we develop an Artificial Neural Network (ANN) for forecasting the maximum load demand at late afte
rnoon based on electricity consumption before 15:00 pm
# this correlation is different for winter and summer months as during summer there is an increased load demand for cooling p
urposes
# choose winter months
load_winter = load_klimat[((load_klimat['Month'] >= 11)|(load_klimat['Month'] == 1)) & (load_klimat['DayType'] == 'Weekday')]
load_winter_morn = load_klimat[load_klimat['Hour'] < 15].groupby('Date')['load'].max() # load_klimat[(load_klimat['Hour'] <=
12)&(load_klimat['Hour'] >= 10)]['load'] # select load demand for 10-11-12 am
load_winter_aft = load_klimat[load_klimat['Hour'] >= 15].groupby('Date')['load'].max()
load_groups = load_klimat.groupby('Date')
x_vals = []
y_vals = []
for ii in load_groups.groups.keys():
load_klimat_i = load_klimat[load_klimat['Date']==ii]
x_vals.append(load_klimat_i[load_klimat_i['Hour'] < 15]['load'].max())
y_vals.append(load_klimat_i[load_klimat_i['Hour'] >= 15]['load'].max())

In [19]: # make validation and test dataframes
x_vals = np.array(x_vals)
y_vals = np.array(y_vals)
n_df = len(load_winter_morn)
test_val_length = int(n_df/10)
# y values for train-test-validate datasets
train_x = x_vals[:n_df-2*test_val_length]
validate_x = x_vals[n_df-2*test_val_length:n_df-test_val_length]
test_x = x_vals[n_df-test_val_length:]

In [20]: # y values for train-test-validate datasets
train_y = y_vals[:n_df-2*test_val_length]
validate_y = y_vals[n_df-2*test_val_length:n_df-test_val_length]
test_y = y_vals[n_df-test_val_length:]

In [21]: # develop an ANN that learns predicts the maximum load demand at late afternoon based on mording load demand
from sklearn.metrics import r2_score
import keras
nn_model = keras.models.Sequential()
nn_model.add(keras.layers.Dense(20, input_dim=1, activation='relu'))
nn_model.add(keras.layers.Dense(1))
nn_model.compile(optimizer='adam',loss='mean_squared_error',metrics=['accuracy'])
early_stop = keras.callbacks.EarlyStopping(monitor='loss', patience=2, verbose=1)
history = nn_model.fit(train_x,train_y,epochs=100, batch_size=10,verbose=1, callbacks=[early_stop], shuffle=False,validation_
data=(validate_x, validate_y))
y_pred_test_nn = nn_model.predict(test_x)
print("The R2 score on the Test set is:\t{:0.3f}".format(r2_score(test_y,y_pred_test_nn)))
plt.figure(figsize=(10,5),dpi=80)
plt.plot(range(len(test_y)),test_y,'b-', lw='0.6',label='True')
plt.plot(range(len(y_pred_test_nn)),y_pred_test_nn,'r--', lw='0.8', label='NN')
plt.title("NN's Prediction on load demand")
plt.xlabel('Samples')
plt.ylabel('Load Demand (MW)')
plt.legend()
plt.show()
Using TensorFlow backend.
WARNING:tensorflow:From C:\Users\sotos\Anaconda3\lib\site-packages\tensorflow\python\framework\op_def_library.py:263: colocat
e_with (from tensorflow.python.framework.ops) is deprecated and will be removed in a future version.
Instructions for updating:
Colocations handled automatically by placer.
WARNING:tensorflow:From C:\Users\sotos\Anaconda3\lib\site-packages\tensorflow\python\ops\math_ops.py:3066: to_int32 (from ten
sorflow.python.ops.math_ops) is deprecated and will be removed in a future version.
Instructions for updating:
Use tf.cast instead.
Train on 1169 samples, validate on 146 samples
Epoch 1/100
1169/1169 [==============================] - 0s 335us/step - loss: 52196205.9966 - acc: 0.0000e+00 - val_loss: 25155764.1918
- val_acc: 0.0000e+00
Epoch 2/100
1169/1169 [==============================] - 0s 54us/step - loss: 12845599.8518 - acc: 0.0000e+00 - val_loss: 3658353.5856 val_acc: 0.0000e+00
Epoch 3/100
1169/1169 [==============================] - 0s 55us/step - loss: 1444958.7455 - acc: 8.5543e-04 - val_loss: 298510.8187 - va
l_acc: 0.0000e+00
Epoch 4/100
1169/1169 [==============================] - 0s 55us/step - loss: 241154.0905 - acc: 0.0000e+00 - val_loss: 199118.2083 - val
_acc: 0.0000e+00
Epoch 5/100
1169/1169 [==============================] - 0s 54us/step - loss: 209644.7680 - acc: 0.0017 - val_loss: 201775.8177 - val_ac
c: 0.0000e+00
Epoch 6/100
1169/1169 [==============================] - 0s 54us/step - loss: 209614.5743 - acc: 8.5543e-04 - val_loss: 202060.2910 - val
_acc: 0.0000e+00
Epoch 7/100
1169/1169 [==============================] - 0s 54us/step - loss: 209690.2908 - acc: 8.5543e-04 - val_loss: 202149.0530 - val
_acc: 0.0000e+00
Epoch 8/100
1169/1169 [==============================] - 0s 54us/step - loss: 209756.6976 - acc: 8.5543e-04 - val_loss: 202241.2912 - val
_acc: 0.0000e+00
Epoch 00008: early stopping
The R2 score on the Test set is:
0.724

In [22]: # the following function plots the load demand curve for NIIs for the year 2030
# for this purpose we make the following assumptions: the curve will be similar with that of Crete and the load demand will b
e approximatley 6.5 TWh by 2030
# the following list is the load demand for Crete during august and january months
aug_jan_crete = [[370,380,350,330,300,290,280,290,330,390,450,480,500,530,530,510,470,460,460,480,490,510,460,420],
[340,280,250,230,220,210,210,250,290,350,400,425,440,440,430,410,380,370,420,470,480,470,430,380]]
load_crete_2010 = 2.73 # total electricity consumption of Crete in 2010
x_vals = range(24)
gr_vals = aug_jan_crete # the load demand is set as for Crete island
niis_cons = 6.5 # NIIs consumption by 2030 in TWh
gr_cons = load_crete_2010 # Crete consumption in TWh
cons_coef = niis_cons/gr_cons # this calculates how much higher will be the consumption to NIIs
label_month = ['July','December']
iii=0
for load_season in gr_vals:
print(sum(load_season))
fig = plt.figure(figsize=(10,5),dpi=80)
ax = fig.add_subplot(111)
hel_vals_rounded = [ round(elem*cons_coef, 1) for elem in load_season ]
print(sum(hel_vals_rounded))
ax.bar(x_vals, hel_vals_rounded, color='lightgray', label=label_month[iii])
ax.set_ylabel('Load (MW/h)')
ax.set_xlabel('Hour')
ax.set_title('Average load for NIIS for year 2030')
ax.legend()
iii=iii+1
10060
23952.5
8575
20416.6

In [36]: # forecast the electricity demand in Greece by 2030
from sklearn.linear_model import LinearRegression
def scikit_sol(xArr,yArr,test_val):
xArr = xArr
yArr = yArr
test_val = np.array(test_val).reshape(1, -1)
model = LinearRegression()
model.fit(xArr,yArr)
predicted_value = model.predict(test_val)[0]
return 'skicit predicts a load demand (in TWh) of %0.2f' % predicted_value
total_load = [[2015,50.918],[2016,50.684],[2017,51.592],[2018,51.208]]
xArr = np.array([x[0] for x in total_load]).reshape(-1,1)
yArr = np.array([[x[1]] for x in total_load]).reshape(-1,1)
scikit_soli = scikit_sol(xArr,yArr, 2030)
print(scikit_soli)
skicit predicts a load demand (in TWh) of 53.50
In [ ]:

Appendix 2: Optimizing the energy flow of Hellinikon
A method for evaluating the effects of generating electricity using a set of sustainable
energy systems is presented in the next paragraphs. In the next simulations we will make
use of the MIND method for modeling and optimizing the electricity usage inside the
Hellinikon Community (HC).
Figure 1 is a model of Hellinikon using conventional energy systems. For developing the
model, we make the assumption that the annual energy consumption per capita in
Greece is approximately 17,000 kWh. For simplicity reasons we will assume that Hellinikon
includes the following facilities:
 Offices and shopping centers
 Educational facilities and Sport centers
 Residencies of various types
The above mentioned facilities are assumed to be electrified directly by the grid (PPC),
and heated from boilers that burn natural gas.

Figure 1: A simplified model of Hellinikon energy system
Taking into account that during the time this thesis has been written the price for
electricity consumption is nearly 0.1 euros/kWh and the corresponding price for natural
gas is 0.05 euros/kWh, the calculated cost for energy consumption inside the Hellinikon
Community will be 36 million euros per year.
We extend our base model of Hellinikon by including 4 kW – roof mounted PV systems
installed on top of 1,000 residencies. We should mention that the price of installing a grid
connected PV array of this type is nearly 1,000 euros per kWp by the time this thesis has
been written. The model calculates that after installing PV arrays, the overall electricity
cost will be reduced to 35.7 million euros per year.

Figure 2: A model with electricity generation from PV arrays
We continue extending our model by introducing a 550 kW - natural gas fired CHP power
plant with an efficiency of 85% (42% electrical and 43% thermal).

Figure 3: A model with electricity generation from PV arrays and a CHP power plant
After executing optimization using the MIND method we may see that the expected cost
for electricity and heat generation is reduced to 35.6 million euros per year.
The final step is to apply a Demand Side Management strategy in order to shift some
residential activities that normally occur at late afternoon (19:00 pm) to run during night
(23:00 pm) where the electricity price per kWh is lower. For this purpose we can define a
new time slot in the MIND method and set a new lower price for electricity consumption.
After executing the model, we may see that the overall cost of electricity consumption is
reduced to 35.5 million euros per year.

