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PhD Dissertation

Artificial Intelligence Tools for the Modern Electricity Markets

Vasileios Laitsos

Abstract

The electricity market is one of the most dynamically changing sectors on a global scale
and it is undergoing remarkable reforms in many areas. In its early stages (e.g., solar and
wind), new needs and challenges are emerging that must be addressed. Additionally, new
technologies—such as the rapid development of artificial intelligence (AI)—are creating new
possibilities that provide excellent tools for market operation. At the same time, new regula-
tory rules aimed at abolishing market monopolies and creating a unified, liberalized electricity
market are generating new values and demands to ensure smooth operation.

In order to ensure the smooth operation of the wholesale electricity market, it is impera-
tive to create and use advanced artificial intelligence tools capable of addressing these new
challenges. The adoption of state-of-the-art Al mechanisms can create favorable conditions
to predict both the electricity demand of end users and the fluctuations in electricity prices
with optimal accuracy.

The main objective of this PhD dissertation is to develop advanced and novel algorithms
for electricity load and price forecasting, specifically for the operation of modern wholesale
market mechanisms. More precisely, the research focuses on developing algorithms and ad-
vanced Deep Learning models that can achieve very high short-term forecasting accuracy,
serving as effective tools in innovative programs within the modern electricity market.

The research aims to cover various aspects of the modern electricity market by examining
electricity mechanisms—specifically the Day Ahead Market, Intraday Market, and Balanc-
ing Market—and by exploring applications for active consumer participation such as De-
mand Side Management (which includes peak clipping, valley filling, load shifting, and load
conservation) as well as Demand Response, in addition to forecasting the load of electric
vehicles (EV Load) and investigating Transfer Learning with particular consideration given
to the more challenging case of the day-ahead market.

This dissertation innovates in the following key components:

Xiii
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* Development and creation of advanced and novel Deep Learning models: These mod-
els can be used both for electricity load and price forecasting, as well as for other time

series scientific tasks, such as problems in the economic and industrial sectors.

* Implementation of Novel Deep Learning Models for Electricity Demand Forecasting:
These models can predict energy demand under various periods and conditions, assist-

ing power producers adjust their generation and optimize operations.

» Implementation of novel Deep Learning Models for Wholesale Electricity Price Fore-
casting: This enables energy producers to make decisions regarding large-scale market

operations and production, taking into account the forecasted prices.

* Analysis of the Price Formulation Framework in Wholesale Markets: By using data
from different energy markets, trends, market players’ strategies, and their interactions

are analyzed to better understand how the final hourly prices are determined.

* Implementation of Transfer Learning Methods for the Day-Ahead Electricity Market:
The developed models perform optimally in forecasting 24 hourly steps ahead, a chal-

lenging task in the current literature.

* Investigation of Demand Side Management and Demand Response Programs: These
strategies are examined for their integration into market operations through active con-
sumer participation. In this way, optimization functions to optimize the network oper-

ation and cost, covering both production/supply side are used.

* Development of New Methods for Forecasting the Load of Electric Vehicles: Consid-
ering five different datasets, the distinctive patterns of the EV-load curve are detected,

isolated, and forecasted separately.

* Investigation of the new trends emerging in the operation of the modern electricity mar-
ket through the study and presentation of various studies, which use different datasets

and cover the full spectrum of forecasting algorithms.

keywords

Deep Learning; Machine Learning; Electricity Market; Exploratory Data Analysis; Price

Forecasting; Load Forecasting; Smart Grids
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AdakTopikn Alatpifin

Epyaieia Texyvntig Nonnoovvng ya tig Xoyypoveg Ayopéc HiekTpukng
Evépyerog

Baoilerog Aditoog

Iepiinyn

H ayopd niektpikng evépyelag givor évag amd tovg Topeig mov veioTavtal Tig mo dv-
VOKEG aAAoyEG 6€ TayKOGL0 eminedo Kot voketol o€ adloonpeimteg petappuduicslg og
TOALOVG TOUELS. ZTO apyIKA TNG GTASL (TT.)., NAIOKT KO OLOALKT] EVEPYELDL), OVOKVTTTOVV VEEG
AVAYKES KOl TPOKANGELG TTOV TPETEL VOL AVTILETMOTIGTOVV. EmumAéov, véeg texvoroylec—OmmG
N paydoaio EEMEN TG TEXVNTNG VONUOGUVIC—ONUIOVPYODV VEES SLVOTOTNTEC TOV TTOPE-
xouv eEapetikd epyaleia yuo T Aettovpyia g ayopds. Tavtdypova, véor pubuctikol Ko-
vOVEG TOV GTOXEVOLV GTNV KATAPYNOT TOV LOVOTOM®V TG ayopds Kot 6T dnpovpyio piog
eviaiag, ameAevfep®UEVNG 0yOPAS NAEKTPIKTG EVEPYELOG TTOPAYOLV VEEC aElEG KOl OTTOLTNGELS
Yo TN SLCPAALGT) TNG OLOANG AgtTovpyiog TN,

[Tpoxeévon va dcPAMGTEL 1| OUOAN AglTovpYior TNG YOVOPIKNG AYOPAG NAEKTPIKNG
EVEPYELOG KOL VO OVTOTTOKPLOEl amoTELECUATIKA OTIC VEES eEEMEELS, elval emTAKTIKN 1 ON-
povpyio Kot ypnon TPONYUEVOV EPYAAEI®V TEXVNTIS VONUOGOVNG, TKOVAV VO, OVTILETMOTI-
oOLV OVTEG TIG VEEG TPOoKANGoELS. H v10BEtnon TV TTo 6hyypovemy UNYovVIGUAOV TEYVNTHS VO-
NUOGVVNG UTOPEL VO OMUIOVPYNGEL EVLVOTKEC GLVONKEC Yia TNV TPOPAEYN TOGO TS (RTNoNG
NAEKTPIKNG EVEPYELNG OO TOVG TEAMKOVG XPNOTES OGO KOl TOV SIOKVUAVGEDY TOV TYLDV TNG
NAEKTPIKNG vEPYELNG e PEATIOTN axpifeta.

O K0Op1Log 6TOYOC TNG SOAKTOPIKNG StaTtpPng etvar 1 avamTuén Tponyrévav adyopiduwmv
Babidc Mabnong ot omoiot Ba pmopovv va ypnoyorombovv otn Aertovpyio TV cOYYPO-
VOV UNYOVIGLOV TNG YOVOPIKNG ayopdc evépyetoc. TTio cuykekpiuéva, 1 Epevuva EMKEVIPO-
VETOL GTNV AVATTLEN OAYOPTIOLL®VY Kol KAVOTOU®V LOVTEAMY TOL UITOPOVV VAL ETLTVYOLV TOAD
vynAn akpipeta TpOPAEYNS POPTIOL KOl TIUNG XOVOPIKNG OyOpds eVEPYELNS GE Ppayvmpdbe-
opo opilovia, AEITOVPYDVTOG MG ATOTEAEGLOTIKA EPYUAEID GE KOVOTOUO TTPOYPAULOTO TG

oLYYPOVNG 0YOPAG NAEKTPIKNG EVEPYELOG.

XV
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Xvi Hepiinymn

H épevva avaiiel og BdBog OAo ta paopo Tov 01€meL T cLYYPovN ayopd evépyetag. ITo
ovyKeKpéva, avaivetal 1 Ayopd g Enopevng Huépag (Day Ahead Market), n Evoon-
uepn Ayopd (Intraday Market) kon n Ayopd E&iooppodmnong (Balancing Market). Eniong,
LE GKOTO TNV LEIWMGN TOV VTOAOYIGTIKOD KOGTOVG Kot xpovov, uébodot kot otpatnyké Ba-
Oeioc Metapepopevng Mabnong mapovctdloviol EKTEVOG e OKOTTO TNV EVGOUATMOT TOVG
OT0 GVYYPOVO, VITOAOYIGTIKG GUGTILLOTO, TTOL Sl EPILoVTOL TNV AEITOVPYIN TOV EVEPYELUKDV
GLGTNUATOV.

[Ip6cBeta, onuavtikd Tunpa g O TPIPg ETIKEVTPOVETUL GTIG EPUPUOYES EvEMETNG Kol
EVEPYNC GLUUETOYNG TOV KATOAVOADTOV GTNV AEITOVPYIO TNG AYOPAS, OTMG T TPOYPAUUOTO
Awyeipron g Znmong (mov mephapfaver to Peak Clipping, to Valley Filling, to Load
Shifting kot to Load Conservation) kafmg kot Amoxpion otn Zinnon (Demand Response).
TéNog, Loy g ouveXDS av&avouevng avamtuéng Tov Topéa TG NAEKTPOKIVIIONG, TO TEAEL-
Toio TURUO TG STPIPNG SEPEVVE TNV CLUTEPLPOPA TOV POPTIOV NAEKTPIKAOV OYNUAT®V
(Electric Vehicle Load) kot avantiocet kavotopeg Aoelg mpopfreyng.

H napovca datpif] kavotopet ota axkdAov0ovg factkovg TUADVEC:

* Avdmtoén Ko dnpovpyio TponyUEVEVY Kol KatvotOpmv povtédmv Babiie Mdadnonc:
AVTA o LOVTEA LITOPOVV VA, YN GO 000UV T060 Yo TV TPOPAEYT TOL POpTiov
KOl TOV TIUAV TOL NAEKTPIGHOV, OGO Kol Yo, GAAL EMIGTNUOVIKA TPOPAN LT XPOVO-

GEPDOV, OTMG EIVOL 01 EPUPLOYEC GTOV OIKOVOUIKO Kot BLopmyovikd Topéa.

* Epoppoyn xawvotdpmv povtélwv Kot epyalreiov Babidg pabnong yio v npofieym
™G {Mnong niektpikng evépyeog: Ta povtéda avtd umopodv va a&tomombovv yio
™V TpOPAEYT TG {NTNOMG EVEPYELNG OE SAPOPES YPOVIKEG TEPLOOOVS KOl LITO d1APO-
PETIKEG oLVONKEG, GLUPBAALOVTOG GTNV VTOCTNPIEN TOV TOPAYOYDV EVEPYELNS DOTE
Vo TpoGapUOLOvV TV TAPOY®YN TOLS KOl VO BEATICTOTOOVV TIG EMLYEIPTCLOKES TOVG

Aertovpyieg.

* Epoappoyn xawvotdépmv poviédov Babidg pabnong yo tv pdfreyn tov TIHOV NG
YOVOPIKNG 0yOPAS NAEKTPIKTG EVEPYELONS: ME auTOV TOV TPOTO, 01 TAPUYMYOL EVEPYELOG
UTOPOVV VoL AAUPAVOLY TEKUNPLOUEVES ATOPACGELS GYETIKA LLE TIG AEITOVPYIEG LEYAANG
KApaKog oty ayopd Kot Ty Topaymyn, Aapfdvovtag veoyn T TPoPAETOUEVES TL-

HEG.

* Avdlvor tov TAAGIon SUOPP®ONG TOV TILAV GTIG YOVOPIKES aryopéc: Méow g avd-
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Lepiinyn Xvii

Avong dedopévarv amd d1dpopeg ayopés evépyelag, e&etdlovtal ol TAGELS, Ol GTPOTN-
YIKEG TOV SOPOPOV TOPAYOVTOV TNG 0yopds KaOMDS Kot 01 GAANAETIOPAGELS TOVGS, UE
GTOY0 TNV KAADTEPT KATOVONGT TNG JAOIKAGT0G KOAOOPIGHOD TV TEMK®OV 0ploimV Ti-

U@V

* Epappoyn pebddmv ko otpatnykemv Metapepdpevng Mdadnong yia tv Ayopd Emo-
pevng Huépa: Ta avoartoypéva povtéda emttuyydvoouv Bértiom anddoon oty mpod-
BAeyn 24 oploiov Prudtov, po TpOKANoT TOL TAPAUEVEL IOI0ITEPO, OTTOLTITIKT) GTNV

tpéyovca BiAoypapio.

* Agpedhivnon tov tpoypappdtov Atuyeipiong kot Arokpiong otn Znon: E&etdlov-
TOL GTPOTNYIKES Y10 TV EVOOUATOOT] QVTOV TOV TPOYPOUUATOV GTIG AEITOVPYIES TNG
ayOpAG LEGM TNG EVEPYOVS GUUUETOYNG TOV KOTAVOA®TOV. M€ vtV TOV TpOTO, EQOp-
polovrtan Aettovpyieg PeEATIOTONOINGNG TOV GTOYEVOVY 61N PeATimon TG Asttovpyiag
Kot 611 pelwomn Tov KOGTOVG TOV JIKTVOV, KAADTTOVTOG TOGO THV TAEVPA TOPUYWYNG

0G0 KOl TNV TAEVPA TPOGPOPLG.

* Avantoén vémv pebddmv yia v TpoPAreyn Tov POPTIOL TOV NAEKTPIKOV OYNUATOV:
Aappavovtog vroyn TEvte dSPOPETIKE GUVOAL dedOUEVOV, EVTOTILOVTOL, OTOUOVO-
vovtal Kot TpoPAEmovTol EEXMPIETA TO O10KPITA HOTIRO TG KAUTVANG POPTION T®V

NAEKTPIKOV OYNUATOV.

* Agpedhivnon tov vEoV Tdcemv Tov LEavifovTol 6T AerTovpyia TS cOYYPOVNG 0YOPAS
NAEKTPIKNG EVEPYELNG LECH TNG LEAETNG KO TAPOVGIAONG S10POPOV EPEVVMV, O1 OTOLES
YPNOLOTOLOVV SLUPOPETIKE GOVOAL SESOUEVAOV KOl KOADTTOVV TO TANPEG PACLO TOV

alyopiBuwv mTpdPieymg.

keywords

Babid MdaOnon, Mnyavikn Mdabnon, Ayopd Hiextpikng Evépyetag, Atepevvntiky] Avdivon
Aedopévav, IIpoPreyn Tywomv Ayopdg Evépyetlag, [TpoRreyn @optiov, Eveun Aiktva,
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Chapter 1

Introduction

The modern power system is undergoing a rapid transformation driven by decarboniza-
tion, decentralization, and digitalization, posing, therefore, significant challenges. The inte-
gration of renewable energy sources (RES) such as solar and wind energy, while essential
for reducing carbon emissions, introduces variability and uncertainty into the grid. These
energy sources are weather dependent and cannot be fully controlled, making it difficult to
maintain a balance between supply and demand. This variability requires the development
of robust forecasting models and advanced grid management strategies to ensure balance

between electricity supply and demand, stability and reliability.

Another pressing challenge is the decentralization of energy systems, exemplified by the
proliferation of distributed energy resources (DER), such as rooftop solar panels, electric
vehicles (EV) and energy storage systems. These assets shift the traditional unidirectional
flow of electricity to a complex, bidirectional one. Managing this decentralized architecture
requires real-time coordination and sophisticated control mechanisms, placing new demands
on grid infrastructure and communication networks. Additionally, ensuring interoperability

between diverse technologies is critical but remains a complex issue.

Economic and market challenges further complicate the modern power system. Tradi-
tional electricity markets were designed for centralized power generation and are not well-
suited for handling the dynamics introduced by renewables and DERs. The rise of prosumers—
consumers who also produce energy—necessitates novel pricing models, market mecha-
nisms, and incentives. Ensuring fairness, efficiency, and transparency in these emerging mar-
kets is vital for encouraging participation while avoiding congestion and inefficiencies in the
grid.

1
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2 Chapter 1. Introduction

Also, cybersecurity and resilience are also paramount in today’s power systems. Increased
digitalization and reliance on smart technologies expose the grid to potential cyber threats.
Attacks on critical infrastructure can disrupt operations, jeopardize reliability, and compro-
mise sensitive data. Building a secure and resilient grid infrastructure involves addressing
vulnerabilities, implementing advanced monitoring systems, and leveraging artificial intelli-

gence to predict and mitigate potential threats.

Additionally, as electrification expands to include transportation and heating, the demand
on electricity infrastructure increases dramatically. Scaling up capacity while maintaining af-
fordability and accessibility, particularly for underserved populations, requires strategic in-
vestments and innovative approaches. Deep learning and Al-based solutions play a crucial
role in tackling these multifaceted challenges, enabling predictive analytics, optimization,
and decision-making capabilities that are essential for managing complexity in the modern

electricity market.

Based on these consideration, this PhD dissertation aims to delve deeply into and thor-
oughly analyze the new dynamics that have emerged in modern electrical energy systems, as
well as the challenges introduced by the new frameworks governing this market. In particu-
lar, the study seeks to explore how evolving technologies, regulatory changes, and shifting
market conditions are reshaping the structure and operation of energy systems. The focus
will be on identifying the critical factors driving these transformations, understanding their
implications for stakeholders, and proposing strategies to address the complex challenges
they present. By providing a comprehensive assessment, the research aspires to contribute
valuable insights to the ongoing discourse on sustainable and efficient energy management
in the contemporary era. To provide a deeper understanding of the purpose behind this dis-
sertation, a detailed analysis follows regarding the new regulatory frameworks governing the
energy-economic sector of the market, which are shaping new operating conditions for the
systems. Additionally, the aspects of energy market liberalization are presented, and the new

dynamics that have emerged and continue to develop on a global level are made clear.

So, the primary objective is to develop advanced and novel Deep Learning algorithms
for forecasting electricity load and price, essential for the operation of modern wholesale
electricity market mechanisms. Specifically, the research focuses on creating algorithms and
advanced Deep Learning models that can achieve high forecasting accuracy over short-term

horizons. These models are intended to serve as robust tools for use in innovative programs

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



1.1 Dissertation contribution 3

within the contemporary electricity market.

The goal is to comprehensively address the forecasting needs across all three main elec-
tricity markets: the Day Ahead Market, the Intraday Market, and the Balancing Market. These
models are expected to be instrumental in applications that promote active consumer partic-
ipation, such as Demand Side Management (DSM) and Demand Response (DR) programs.
In addition, the developed tools focus on forecasting the load associated with electric vehi-
cle (EV) charging, which is an increasingly important component of the overall electricity
demand landscape.

Finally, the dissertation explores the domain of Transfer Learning, with particular atten-
tion to its application in the challenging context of the day-ahead market. This exploration
aims to leverage Transfer Learning techniques to enhance forecasting capabilities in environ-
ments with limited data availability or where data characteristics vary significantly between

regions or market segments.

1.1 Dissertation contribution

This dissertation presents several key scientific achievements in the realm of electricity
market forecasting and demand management. More specifically, the main axes of contribution

are the following:

* In the field of electricity load forecasting, advanced and novel Deep Learning models
are developed. These models effectively predict energy demand across various time
frames and under different conditions, assisting energy producers in optimizing pro-
duction schedules and improving operational efficiency. Their accuracy and adaptabil-

ity enhance the management of demand fluctuations.

+ Innovations in the field of electricity price forecasting for the wholesale market through
the development of innovative Deep Learning models and solutions. The exploita-
tion of these models enables energy producers to make well-informed decisions for
large-scale market transactions and production strategies. Furthermore, a comprehen-
sive analysis of price formation mechanisms in wholesale markets is conducted. This
includes studying trends, participant strategies, and market interactions, providing crit-
ical insights into the determinants of final hourly prices and fostering market trans-

parency and efficiency.
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* The implementation of Transfer Learning methods and the integration in the Deep
Learning area for the day-ahead electricity market. This finding introduces models
capable of forecasting 24 hourly steps ahead. This challenging task, rarely achieved in
the existing literature, offers a more accurate and reliable forecasting tool crucial for

day-ahead market operations.

¢ Investigation of Demand Side Management (DSM) and Demand Response (DR) strate-
gies, emphasizing active consumer participation in market operations. Various DSM
techniques, such as Peak Clipping, Valley Filling, Load Shifting, and Load Conserva-
tion, are explored. Additionally, an application is developed to simulate active con-
sumer participation with load-shifting capabilities. This application employs a unified
optimization function that optimizes network operations and costs, addressing produc-

tion, transmission, and consumption aspects holistically.

* Electric Vehicle Load Management and Forecasting. New forecasting methods and
tools for electric vehicle (EV) load are developed, leveraging data from five different
datasets. The unique patterns of EV-load curves are identified, isolated, and forecasted
separately. This work addresses the specific challenges of predicting EV-related de-
mand patterns, which constitute an increasingly significant component of overall en-

ergy consumption.

* The state-of-the-art short-term forecasting approaches for electricity load and prices,

underscoring the need for precise predictions of demand fluctuations and price volatil-
ity.
* An in-depth mathematical analysis of various forecasting models, including statistical,

machine and deep learning, and ensemble approaches.

* The application of statistical, artificial intelligence, and hybrid models in the time-

series analysis of diverse load and price data, crucial for enhancing forecast accuracy.

* An extended review of evolving trends in Electricity Load Forecasting (ELF) and Elec-
tricity Price Forecasting (EPF), incorporating economic and engineering perspectives

that drive these trends.

These contributions collectively advance the state-of-the-art in electricity market fore-

casting and management. They provide practical tools and methodologies that can be directly

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



1.2 Dissertation organization 5

applied in real-world scenarios, supporting the transition to more efficient and resilient energy

systems.

1.2 Dissertation organization

The subsequent chapters of this dissertation will delve deeper into each of these aspects,

presenting detailed methodologies, case studies, and empirical analyses. Specifically:

* Chapter 1: A general introduction to the dissertation topic and to the motivation and
objectives of the work is provided, and all the scientific fields to which the work carried

out contributes are analyzed.

* Chapter 2: An introduction to Modern Power Systems and Market Liberalization is
provided. The new challenges arising from the transformations in the energy market
are analyzed, and the all the mechanisms that constitute the modern power systems are

presented in detail.

* Chapter 3: The new challenges and innovations introduced by Demand Side Manage-
ment and Demand Response programs are presented in detail, along with two experi-

mental applications.

» Chapter 4: It constitutes an extensive collection of techniques that are applied to time
series forecasting problems. All the most widely used pre-processing methods are ana-
lyzed, and all the models—statistical, machine learning, deep learning, and ensemble—

are presented, which are applied in contemporary research.

 Chapter 5: An introduction to the field of load forecasting is provided, and all statistical
methods, Machine Learning, Deep Learning, and Ensemble methods are analyzed, ul-
timately outlining the reasons why the Deep Learning approach we study outperforms

the Statistical and Machine Learning methods.

 Chapter 6: The field of electricity price forecasting is introduced, and emphasis is given

to all the new models and innovations developed in this work.

* Chapter 7: A presentation of the field of Transfer Learning and its broader applications

in market operations is provided.
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* Chapter 8: An introduction to Electric Vehicles (EVs) is provided, and the need for
accurate forecasting of EV load is analyzed for the operation of advanced programs
in which consumers actively participate (Smart Charging Solutions for Demand Re-

sponse).

 Chapter 9: The general conclusions of the research and its overall contribution to sci-
ence are presented, while simultaneously emphasizing the proposals for future study

that emerge.
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Chapter 2

Introduction to Modern Power Systems

and Market Liberilazitation

2.1 Key Drivers and Challenges of Market Liberalization

The restructuring of electricity markets aims to introduce competition among various
electricity providers. Traditionally, these markets were dominated by state-owned or verti-
cally integrated utilities that controlled generation, transmission, and distribution. Liberaliza-
tion seeks to separate these functions and foster competition, particularly in the generation
and retail segments. Economic efficiency is a primary driver, as competitive markets tend
to be more efficient than monopolies, encouraging cost-cutting, efficiency, and innovation.
Technological advancements, such as smart grids and renewable energy sources, have en-
abled the entry of more players into the market, challenging the old monopolistic models.
Regulatory changes by governments and international bodies recognize the benefits of lib-
eralization and have enacted measures to dismantle monopolies and promote competition.
Additionally, consumer demand for more choices, better services, and lower prices is a sig-
nificant factor in driving liberalization efforts.

Also, liberalization can lead to cost reductions as competition among electricity providers
typically drives down prices, benefiting both consumers and businesses. It also spurs inno-
vation, with new market entrants introducing advanced technologies and business models
that support cleaner and more efficient energy solutions. The quality of service improves
as multiple providers compete for customers, creating greater incentives to enhance service

quality and customer satisfaction. Furthermore, a competitive market attracts private invest-

7

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



8 Chapter 2. Introduction to Modern Power Systems and Market Liberilazitation

ment, which fosters the development of new infrastructure and technologies. Despite its ad-
vantages, liberalization poses several challenges and risks. Incumbent utilities may still exert
significant market power, potentially stifling competition and manipulating prices. Effective
regulatory oversight is crucial to prevent anti-competitive practices and ensure fair access to
the market for new entrants. Liberalized markets can also be more volatile, with prices fluctu-
ating due to supply and demand dynamics, potentially leading to instability. Additionally, the
transition from a monopolistic to a competitive market can incur significant costs, including

the need for new regulatory frameworks, infrastructure upgrades, and consumer education.

In addition, the deregulation and liberalization of the electricity market have been a cor-
nerstone of the European Union’s energy policy since the late 1980s. The closed nature of
national energy markets was seen as incompatible with the EU’s broader objective of cre-
ating a unified and competitive economic area. The main impetus for deregulation was to
improve the efficiency of energy operations and the energy system as a whole, ultimately
aiming to reduce electricity costs for consumers. This transformation also unlocked signifi-
cant entrepreneurial opportunities within the energy sector, driving competition and fostering
innovation to deliver more affordable retail electricity prices. Moreover, the liberalization of
the electricity market had positive spillover effects on related sectors, such as the produc-
tion of renewable electricity and the development of energy derivative markets, which added

depth to the market ecosystem [|L].

Market liberalization enabled participants to become more adaptable to rapid economic
and environmental changes, including those posed by climate change. In several countries, the
pace of deregulation outstripped national legislative timelines, allowing for faster progress
than initially anticipated. Despite the initial goals of maintaining service standards and re-
ducing prices in a transparent yet previously low-competitive environment, electricity prices
have since risen. This indicates that the process of developing fully competitive electricity
markets is still incomplete. Many EU citizens and businesses continue to face limited choices
when it comes to electricity suppliers, as market fragmentation, high levels of vertical inte-
gration, and concentrated market power in the hands of a few major players hinder the full
realization of a truly internal electricity market. With the opening and liberalization of the
electricity market, electricity itself became a commodity that could be freely traded, further
driving competition and efficiency. Figure 2. 1| visualizes the wholesale energy market before

and after liberalization.
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Liberalization of Energy Markets
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Figure 2.1: Liberalization of Energy Market

Parallel to these developments, climate change has increasingly become a global prior-
ity over the past few decades, as its impacts have intensified, causing serious economic and
social disruptions across different regions. In response, countries worldwide have focused
their energy policies on reducing carbon dioxide (CO2) emissions to promote sustainable
economic growth and development. However, the short-term costs of adapting to and miti-
gating climate change are substantial, as nations set ambitious emission reduction targets that
require significant investments in new infrastructure and cleaner technologies. Fossil fuels,
such as natural gas, oil, and coal, remain the primary sources of CO2 emissions, making the

transition to renewable energy a particularly difficult challenge for large economies [[1]].

Data from the Statistical Review of World Energy shows that CO2 emissions in the Eu-
ropean Union (EU) fell from 4081 million tons in 2000 to 3466 million tons in 2018, while
fossil fuel consumption decreased by approximately 15.32% over the same period. Fossil
fuels, which have been the dominant energy source in driving economic growth, are largely
responsible for the climate change impacts observed worldwide, including extreme weather
events such as droughts, floods, and severe storms. To counter these effects, various inter-
national organizations and governments have proposed policies aimed at moving away from

fossil fuels and toward more sustainable, renewable energy sources. The EU has been a lead-
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10 Chapter 2. Introduction to Modern Power Systems and Market Liberilazitation

ing force in these efforts, advocating for environmental policies that promote a greener and
more sustainable future, characterized by lower emissions, efficient use of resources, and

increased competitiveness that also benefits its citizens’ well-being [3].

According to the International Energy Agency (IEA), the EU’s carbon dioxide emissions
declined from 4036 million tons in 2000 to 3475 million tons in 2017, representing 10.8% of
the world’s total emissions. Despite this progress, the energy sector still accounts for a signif-
icant portion (35.9%) of the EU’s CO2 emissions due to its continued reliance on fossil fuels.
However, the growing competition from renewable energy sources has begun to reshape the
market. For the first time since 2008, energy prices in the EU fell in 2017, driven by increased
competition from renewables. That year, renewable energy sources generated 30.7% of elec-
tricity and 19.7% of heating demand, with biomass, solar thermal, and geothermal energy

playing key roles in heating [3].

The EU’s relatively higher income levels have enabled member states to prioritize envi-
ronmental protection, setting ambitious targets for CO2 emission reductions. One key policy
has been the liberalization of the internal energy market, encompassing both natural gas and
electricity sectors. The third energy package, approved in 2011, extended market liberaliza-
tion to include both domestic and non-domestic markets. This policy aimed to create a more
competitive electricity market, prioritizing consumers while encouraging the production of
decarbonized electricity. The goal was to deliver a competitive, secure, sustainable, and ac-

cessible energy service for all.

In line with these efforts, the EU, in cooperation with the European Parliament, has set
ambitious targets to improve energy efficiency, expand consumer choice in energy suppliers,
and contribute to climate goals. These include a 40% reduction in greenhouse gas emissions
by 2030 and the achievement of net-zero emissions by 2050. The transition to a low-carbon
economy is expected to gain further momentum as new green technologies and products

emerge, further driving sustainability efforts [4].

The liberalization of the internal energy market is crucial for increasing the consumption
of renewable energy by removing trade barriers and other obstacles that have historically
hindered the development of this market. Nevertheless, while this process offers numerous
opportunities for innovation and growth, it also presents challenges. The market distortions
that arise during the transition phase pose risks to the overall goal of reducing CO2 emissions.

Careful management of these risks will be essential to ensure the long-term success of the
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EU’s decarbonization efforts.

2.2 European targets and policies on reducing carbon emis-

sions

Climate change has a profound impact on Europe, with significant effects already ev-
ident across the continent. According to recent data, European temperatures have risen by
approximately 1.2°C since pre-industrial times, a rate that is notably higher than the global
average values. This warming trend has led to more frequent and severe weather events,
including intense heatwaves, heavy rainfall, and prolonged droughts. For instance, Europe
experienced its hottest summer on record in 2019, with temperatures reaching unprecedented
levels. The continent is also seeing a marked increase in the frequency of extreme weather
phenomena, such as storms and flooding, which have caused substantial economic and social
damage. Also, sea levels around Europe are rising due to thermal expansion and melting ice,
contributing to coastal erosion and increased flooding risks. These changes are not only al-
tering natural ecosystems but also impacting agriculture, water resources, and public health.
In response, European countries are investing heavily in climate adaptation and mitigation
strategies, aiming to reduce greenhouse gas emissions and build resilience against future cli-
mate impacts [5].

In its 2023 Sixth Assessment Report, the Intergovernmental Panel on Climate Change
(IPCC) highlighted that human activities have contributed approximately 1.1°C to global
warming since the early 20th century. These activities primarily include burning fossil fuels
like coal, oil, and gas, along with deforestation and agricultural practices.

An infographic detailing the European Union’s greenhouse gas emissions for 2022 illus-
trates their distribution across major sectors and is presented in Figure R.2. Energy supply con-
tributed 27.4% of emissions, while domestic transport accounted for 23.8%. The industrial
sector was responsible for 20.3%, with residential and commercial activities adding 11.9%,
and agriculture contributing 10.8% [6].

On the other hand, land use, land-use change, and forestry played a mitigating role by ab-
sorbing carbon dioxide through vegetation. This sector offset emissions by an amount equiv-
alent to 7% of the EU’s total emissions [[7].

To combat climate change, the European Parliament enacted the European Climate Law,
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Greenhouse gas emissions
in the EU by sector
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Figure 2.2: Greenhouse Gas European Emissions

which mandates a minimum 55% reduction in net greenhouse gas emissions by 2030, com-
pared to the previous target of 40%. This law also establishes the goal of achieving climate
neutrality by 2050 as legally binding. The European Climate Law is a cornerstone of the Eu-
ropean Green Deal, the EU’s comprehensive plan to transition to a sustainable and climate-

neutral economy [8].
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Figure 2.3: Fit for 55 Package

2.3 Towards Climate Neutrality: The EU’s Fit for 55 Leg-

islative Package

In December 2019, European Union launched a broader new strategy in order to reduce
the environmental pollution, named the European Green Deal. The Fit for 55 package, which
is illustrated in Figure P.3, is a set of proposals, introduced by the European Commission on
July 14, 2021 and is part of the European Green Deal. This package is a legislative initiative
under the European Green Deal, designed to achieve the updated climate goals. It consists of
various interlinked laws and proposed measures focused on climate and energy. A key com-
ponent of this package is the reform of the EU Emissions Trading System (ETS), the world’s
largest carbon market, which covers around 40% of EU greenhouse gas emissions. The ETS
requires companies to purchase permits for each tonne of CO, they emit, incentivizing the
reduction of emissions [§].

Also, it includes several key initiatives aimed at reducing emissions and aligning EU cli-
mate policies with its 2030 and 2050 targets. It proposes a comprehensive revision of the EU
Emissions Trading System (EU ETS) to achieve a 61% emissions reduction in affected sec-

tors by 2030, including phasing out free allowances in aviation and extending the system to
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maritime, road transport, and buildings. Member States’ binding emissions reduction targets
will increase, with an EU-wide goal of 40% reduction in greenhouse gases compared to 2005.
The package sets a target for net removals of greenhouse gases through land use, forestry, and
land use change at 310 million tonnes of CO2 equivalent by 2030 [8]. The renewable energy
directive will be updated to require at least 40% of energy from renewable sources, while
energy efficiency targets will rise to 36% for final energy consumption and 39% for primary
energy. Infrastructure for alternative fuels and power supply will be expanded, and new CO2
emission standards will require a 100% reduction by 2035 for cars and vans, accelerating the
shift to electric vehicles. A revision of the energy taxation directive will align energy product
taxes with EU climate goals and rationalize tax exemptions. The carbon border adjustment
mechanism (CBAM) will prevent emission leakage by imposing tariffs on carbon-intensive
imports. The package also aims to reduce the aviation sector’s environmental impact through
sustainable fuels and cut ships’ greenhouse gas intensity by up to 75% by 2050. Lastly, the
Social Climate Fund, with €72.2 billion allocated for 2025-2032, will address the social im-

pacts of emissions trading on Member States [10].

Additionally, to decrease energy consumption, which accounts for more than three-quarters
of EU greenhouse gas emissions, new rules were adopted in July 2023. These rules require
an 11.7% reduction in energy consumption at the EU level by 2030 compared to 2020 pro-
jections, along with an average annual savings rate of 1.5%. The heating and cooling of
buildings, which constitute 40% of the EU’s energy consumption, are also targeted for im-
provements, with aims to achieve zero-emission buildings by 2050 [[L1].

Finally, the EU is also enhancing the development of RES. By 2030, 42.5% of the EU’s
energy consumption should come from renewables, with a 45% aspirational target. The EU
has fast-tracked permits for renewable energy projects and is phasing out funding for natural

gas infrastructure, redirecting resources to hydrogen and offshore renewable energy projects

(.

2.4 Global Perspective

The liberalization of electricity markets worldwide has followed diverse paths, reflecting
regional differences in infrastructure, regulatory frameworks, and economic development. In

the European Union (EU), a series of directives, notably the Electricity Directive and the
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Electricity Market Regulation, have progressively established a single electricity market.
This has fostered greater integration, transparency, and competition across member states,
driving down prices and encouraging innovation. Leading markets like the UK, Germany,
and the Nordic countries have seen significant competition and consumer choice, particu-
larly in renewable energy and smart grid technologies. The establishment of the European
Internal Electricity Market (IEM) allows electricity to flow freely across borders, improving

efficiency and enhancing energy security.

However, the pace of liberalization has been uneven across Europe. While countries like
Germany and UK have embraced fully liberalized markets with a high degree of competition
and private sector participation, others, particularly in Southern and Eastern Europe, have
been slower to reform. In some cases, historical reliance on state-owned utilities, insufficient
grid infrastructure, and regulatory hurdles have delayed the full implementation of compet-
itive electricity markets. The European Commission has worked to address these disparities
through initiatives like the Clean Energy Package and the Energy Union, aimed at harmoniz-

ing market rules, improving cross-border interconnectivity, and enhancing grid flexibility.

In countries such as France and Spain, market liberalization has occurred alongside strong
state intervention. France’s electricity market, for example, continues to be dominated by
EDF, the state-owned utility, though competition has gradually increased through reforms.
Spain has pursued liberalization through mechanisms such as capacity markets and subsi-
dies for renewable energy, though regulatory challenges and high consumer prices remain

contentious issues.

In addition to market competition, Europe’s electricity liberalization has been shaped by
its ambitious climate goals. The EU’s Green Deal and the Fit for 55 package have placed de-
carbonization at the forefront of energy policy, pushing member states to accelerate the shift
towards renewable energy sources. This has created new market opportunities for renewable
energy developers and has also sparked innovation in energy storage, demand-side manage-
ment, and grid modernization. The EU’s carbon pricing mechanism, the Emissions Trading
System (ETS), plays a crucial role in driving investments in low-carbon technologies and

disincentivizing fossil fuel-based power generation.

In contrast, other regions such as parts of Asia and Africa are at earlier stages of lib-
eralization, often hindered by infrastructure and regulatory challenges. In many developing

countries, electricity markets remain heavily centralized and dominated by state-owned util-
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ities, with limited private sector participation. These regions face significant barriers such as
outdated infrastructure, financial constraints, and political instability, making it difficult to
implement market reforms and attract investment. Efforts to introduce competition and pri-
vate investment in these regions often require substantial reforms to regulatory frameworks,

as well as investments in grid infrastructure and capacity building.

In the United States, the process of electricity market liberalization is not uniform across
states. Texas has fully deregulated its electricity market, resulting in increased consumer
choice, innovation, and a thriving renewable energy sector. Other states, such as Califor-
nia and New York, have partially deregulated markets, focusing on promoting clean energy
and enhancing grid resilience. In contrast, many states in the Southeast and Midwest have re-
tained more traditional, vertically integrated market structures, where state-regulated utilities
control generation, transmission, and distribution. This patchwork of regulatory approaches
reflects the complexities of transitioning towards more competitive electricity markets in a

federal system, where energy policy is largely determined at the state level.

The variations in liberalization efforts, both within countries like the United States and
across global regions, highlight the complexities and regional specificities in transitioning
towards more competitive electricity markets.Local economic conditions, regulatory frame-
works, and infrastructure capacities are key factors that determine how quickly and effec-
tively these changes occur. For instance, Europe’s efforts to integrate markets and reduce
carbon emissions have introduced complex issues in grid management, market design, and
energy equity. As a result, each country or region must customize its liberalization strategy
to address challenges such as market structuring, consumer protection, infrastructure invest-
ment, and decarbonization. Moving forward, the continuously evolving nature of electricity
markets will demand adaptive policies and regulatory measures that balance competition,

sustainability, and energy security on a global scale.

2.5 Analysis of the Modern Electricity Market

In this section, we will delve into the modern functions of electricity markets and analyze

all the sectors that comprise them.
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2.5.1 Why electricity is trading?

Before proceeding with the analysis of the mechanisms governing the modern electric-
ity market, let us first answer a fundamental question: Why is electricity traded? Liberalized
markets for electricity emerged following deregulation efforts in the late 20th century, which
replaced vertically integrated monopolies with competitive frameworks. Power traders, utili-
ties, and often large industrial or commercial electricity consumers engage in day-ahead trad-
ing to manage their electricity production and consumption effectively. This process helps
them balance their electricity portfolio, ensuring that the amount of electricity they plan to
consume or produce matches their actual needs. This balancing act is managed within what
is known as a balancing group.

Entities responsible for these balancing groups, known as balancing responsible parties
(BRPs), must ensure that the electricity volume within their group—both sold or consumed
and bought or generated—is consistently balanced. To manage their portfolios and mitigate
risks over the long term, these parties typically utilize futures markets available on power
exchanges. In these markets, they can secure contracts to buy or sell electricity months or
even years in advance, helping to stabilize their balancing group ahead of the actual delivery
date.

Based on the above and in what is analyzed in the dissertation, electricity trading encour-
ages investments in power generation technologies and show the long-term trends in prices
and demand. It helps keep the grid stable by setting prices for services such as frequency
regulation and reserve capacity. Market systems—whether centralized auctions or decentral-
ized peer-to-peer platforms—improve the flow of electricity across regions and support the

integration of variable renewable energy sources.

2.5.2 Modern Energy Market Mechanisms Analysis

This section introduces the fundamental concepts and mechanisms of energy markets,
focusing on how modern electricity markets operate. It will provide an in-depth overview
of the market structures, the roles of various stakeholders, and the regulatory frameworks
that govern these markets. The emphasis will be placed on the Target Model, which is the
current regulatory framework adopted by the European Union for electricity markets and aims
to create an integrated and efficient energy market across Europe, promoting competition,

improving supply security and facilitating the integration of renewable energy sources.
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General Overview of the Main Participants of Energy Market

Energy markets are platforms for buying and selling electricity, divided into key seg-
ments. Wholesale markets handle large-scale electricity transactions between producers, sup-
pliers, and major consumers. Retail markets serve end users, including households and busi-
nesses, by providing electricity through various suppliers. Ancillary services markets support
grid stability and reliability by facilitating the trade of essential services, such as frequency
regulation and reserve capacity.

The primary participants in energy markets include:

* Producers: Entities that generate electricity using various energy sources (e.g., coal,

natural gas, nuclear, renewables).
* Suppliers: Companies that purchase electricity in bulk and sell it to end consumers.

» Transmission System Operators (TSOs): Organizations responsible for transporting elec-

tricity over long distances through high-voltage networks.

* Distribution System Operators (DSOs): Companies that manage the distribution of elec-

tricity to consumers through low-voltage networks.

» Consumers: End users of electricity, including residential, commercial, and industrial

users.

* Regulators: Government bodies and agencies that oversee market operations and en-

force regulations to ensure fair competition and protect consumers.

2.5.3 Europe’s energy legislation phases

Europe’s integrated energy market took shape through four key legislative phases. The
process began with the First Energy Package, which launched Directive 96/92/EC for elec-
tricity and Directive 98/30/EC for gas. These laws laid the groundwork for shifting national
energy systems from closed, state-controlled models to competitive markets. The Second
Energy Package deepened these changes with Directive 2003/54/EC and Regulation (EC)
1228/2003. The regulation, in particular, tackled cross-border electricity infrastructure and

trade rules, pushing countries to work more closely together. Over time, these laws broke
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2.5.3 Europe’s energy legislation phases 19

down monopolies and aligned standards across EU member states, fostering a more inter-

connected and fair energy network [[12], [[13].

During the third stage of European energy policy reform, a package comprising two direc-
tives and three regulations was launched to transform electricity markets. Central to these re-
forms was Directive 2009/72/EC, which established uniform operational standards for the in-
ternal electricity market. Complementing this, Regulation (EC) 714/2009 set out procedures
for managing cross-border grid access, while Regulation (EC) 713/2009 created ACER—
the Agency for the Cooperation of Energy Regulators—to streamline oversight among na-
tional authorities. Enacted in September 2009, these policies governed market operations
until Directive 2009/72/EC was eventually replaced by revised electricity market regulations
in January 2021. This phase notably advanced market integration by resolving regulatory

fragmentation and bolstering supranational governance structures [[14].

Regarding the fourth package, known as the Clean Energy for All Europeans (CEP), it
proposed eight interconnected measures: four directives and four regulations. Central to elec-
tricity sector reforms are Regulation (EU) 2019/943, which defines core principles for the
EU’s integrated electricity market—emphasizing competitive wholesale markets and trans-
parent grid management—and Directive (EU) 2019/944, outlining frameworks for electricity
production, transmission, distribution, supply, and storage. The latter prioritizes consumer
rights, enabling active participation through mechanisms like dynamic pricing and renew-
able energy communities. Adopted in mid-2019, these rules modernized the bloc’s energy
architecture, phasing out earlier frameworks to align with decarbonization goals and digital

innovation in the sector [[14].

The fifth energy package, that is named “Fit for 55”, was analyzed in Chapter 1. It in-
cludes a set of proposals and Directives aimed at achieving higher targets for greenhouse
gas emissions reduction and increasing the share of renewable energy sources (RES) in the
EU energy mix by 2030. The “’Fit for 55 targets include a 55% reduction in greenhouse
gas emissions and a 40% increase in RES by 2030, relative to 1990 levels. Key elements
of this package include revisions to the Emissions Trading System to increase the emission
reduction obligation, amendments to the Energy Efficiency Directive to improve overall en-
ergy efficiency, the introduction of a Carbon Border Adjustment Mechanism to protect EU

industries, and incentives for investments in renewable hydrogen energy projects.

These efforts have been translated into network codes that establish principles for the ef-
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ficient and reliable operation of the market. These codes describe the design of the European
internal electricity market and include significant legislation such as Directive 2009/72/EC,
Directive (EU) 2019/944, and Regulation (EU) 2019/943. Additionally, Regulation (EU)
714/2009 outlines conditions for network access for cross-border electricity exchanges. Spe-
cific guidelines, such as the Electricity Balancing Guideline (EB GL) and the System Opera-
tion Guideline (SO GL), provide detailed rules for integrating balancing energy markets and
harmonizing rules for transmission system operators (TSOs), distribution system operators
(DSOs), and significant grid users.

In Greece, these efforts towards an integrated energy market are embodied in the imple-
mentation of the Target Model, which has been in effect since November 1, 2020, based on
Greek Ministry Laws 4425/2016 and 4512/2018 [[15]. The reformation of the Greek electricity
market began several years ago, with foundational legislation such as Law 2773/1999, which
introduced the Regulatory Authority of Energy (RAE) to oversee and control the electricity
market. Subsequent legislation, including Law 3426/2005, accelerated market liberalization,
and Law 4001/2011 further reformed the sector by transitioning to the Independent Power
Transmission Operator (IPTO) model and strengthening RAE’s autonomy. Additional laws,
such as 4336/2015, 4389/2016, and 4393/2016, introduced the NOME auctions to enhance
market competition. The most recent regulatory reform is Law 1090/2018, which details the
operation of the electricity market in Greece and establishes the Hellenic Energy Exchange

(HEnEXx) to oversee market transactions [[14].

2.5.4 Target Model: Working Mechanism and Key Components

As analyzed above, the modern wholesale electricity market is a dynamic and complex
system where electricity is bought and sold primarily through competitive bidding processes.
It comprises various participants, including generators, retailers, and large consumers, who
interact in day-ahead, intraday, and real-time markets to ensure an efficient and reliable supply
of electricity. Market operators and power exchanges facilitate these transactions, ensuring
transparency and fair pricing. The market incorporates advanced technologies and algorithms
for demand forecasting, price setting, and grid management, while also integrating renewable
energy sources to promote sustainability. Regulatory frameworks vary by region but aim to
balance competition, reliability, and environmental goals.

Bilateral contracts affect electricity markets by providing stability and predictability in
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pricing for both buyers and sellers, reducing market volatility. They facilitate long-term plan-
ning and investment in energy infrastructure, and can help hedge against price fluctuations
in the spot market. The general idea about Electricity Market working sequenceis presented
in Figure 2.4.

The Target Model mechanism involves a structured approach utilizing four distinct mar-
kets: the Forward Market (FM), Day-Ahead Market (DAM), Intraday Market (IDM), and
Balancing Market (BM). These markets collectively work to establish a unified electricity
price across EU countries while managing the generation, transmission, delivery, and con-

sumption of electricity at various stages.

OTC Trading 3 Intra-day 3 3
| Market | !
; ' | Physical |
Energy ; ; | delivery |
Forward | ' |Balancing | |
Energy | D;l/[y-all(letad | Energy | | In::)lalanci
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ahead

day ahead  hours ahead

Source: [II4]

Figure 2.4: Energy Market Working Sequence

In terms of regulatory frameworks, they are essential for ensuring that energy markets
function efficiently and fairly. The Target Model is designed to harmonize the rules and reg-
ulations governing electricity markets across member states. Key components of the Target

Model include [|16]:

* Price Coupling of Regions (PCR): Integrating national markets to facilitate cross-border

electricity trading, enhancing market efficiency and price convergence.

* Capacity Allocation and Congestion Management (CACM): Rules for allocating trans-

mission capacity and managing congestion to ensure optimal use of the grid.

* Balancing Markets: Mechanisms for maintaining the balance between electricity sup-

ply and demand in real-time, ensuring grid stability.
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* Integration of Renewable Energy Sources: Policies and mechanisms to support the in-
corporation of renewable energy into the grid, promoting sustainability and reducing

carbon emissions.

2.5.5 Price Coupling of Regions

Price Coupling of Regions (PCR), which was launched in June 2009, is a collaborative
initiative by European Power Exchanges aimed at developing a single price coupling solution
for calculating electricity prices across Europe, taking into account the constraints of trans-
mission network capacity on a daily basis. This venture is crucial for achieving the overarch-
ing goal of the EU to create a harmonized European electricity market. A unified European
electricity market is expected to increase liquidity, efficiency, and social welfare. The PCR
initiative is open to other European power exchanges wishing to join and operates on three
core principles: a common algorithm, robust operation, and the ability to handle decoupled
energy exchanges. The common algorithm provides a fair and transparent determination of
day-ahead electricity prices and a net position of a bidding zone across Europe. The algorithm
was developed considering the specific characteristics of various energy markets throughout
Europe and the constraints of the electricity network. It optimizes overall welfare and en-
hances transparency.

The project is operated by eight Power Exchanges: EPEX SPOT, GME, HEnEx, Nord
Pool, OMIE, OPCOM, OTE, and TGE. The PCR is used to couple the following countries:
Austria, Belgium, Czech Republic, Croatia, Denmark, Estonia, Finland, France, Germany,
Hungary, Italy, Ireland, Latvia, Lithuania, Luxembourg, Netherlands, Norway, Poland, Por-
tugal, Romania, Slovakia, Slovenia, Spain, Sweden, and the United Kingdom. The process
is based on decentralized data sharing, ensuring robust and resilient operations. Finally, the
PCR Matcher and Broker service enables the anonymous exchange of orders and transmis-
sion network constraints to compute bidding zone prices and other reference prices and net

positions for all bidding zones [|17].

2.5.6 Wholesale Energy Market Analysis

The purpose of this content is to elaborate in detail on the mechanisms and individual

components that govern the operation of the modern electricity market.
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2.5.7 Forward Market

The Forward Market (FM) functions by establishing electricity prices for future delivery,
spanning from several years ahead up to the day before the actual delivery date. This market
is designed to protect participants from the volatility of spot market prices by allowing them
to lock in prices through long-term contracts. A crucial mechanism in the FM for mitigating
risk from the Intraday Market (IDM) volatility is hedging. In this market framework, sev-
eral financial instruments are used. Forward contracts are agreements to buy or sell a fixed
amount of electricity at a specified price and future date. Unlike standardized exchanges,
these contracts are traded over-the-counter (OTC), providing flexibility in terms of date and
price customization. Futures contracts, on the other hand, are standardized agreements that
obligate the buyer or seller to physically deliver electricity at a pre-agreed price and date,
typically traded on futures exchanges such as the European Energy Exchange (EEX). These
contracts standardize the quantity and quality of the electricity traded, offering greater cer-

tainty and ease of trading.

Another key instrument in the FM is options, which provide the right, but not the obliga-
tion, to buy or sell a specific quantity of electricity at a predetermined price during a future
time frame. This flexibility allows the holder to decide whether to exercise the option based
on market conditions, such as the availability of generating units and the pool price behavior.
Unlike forward contracts, options come with an upfront cost that is non-refundable, known
as the premium. The trading of futures and options on an exchange ensures that participants
have clarity about prices, bids, offers, and access to clearing services, reducing the risk of

trade defaults.

In the FM framework, electricity prices are set within bidding zones, which often span
across national borders and may include multiple countries. Trading occurs both within and
between these zones. Cross-zonal trading requires the allocation of transmission capacity,
which is explicitly managed through auctions. Before engaging in cross-border electricity
trades, market participants must first secure physical transmission rights (PTRs) in the for-
ward capacity market. The Joint Allocation Office (JAO), comprising 25 TSOs from 22
EU countries, coordinates these allocations, serving as the Single Allocation Platform. From
Greece, the Independent Power Transmission Operator (IPTO) is a member of JAO, holding

a 5% stake in its share capital [|16].
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2.5.8 Day-Ahead Market

The Day-Ahead Market (DAM) is a crucial component of the Target Model for electricity
trading. Transactions are scheduled for delivery on the day following the auction. At the
close of each DAM session, the scheduled generation must match the forecasted demand,
adjusted for net imports or exports. In this market, producers are required to participate, while
other entities may choose to participate voluntarily. Each participant must submit a balanced
portfolio, known as nominations, to the system operator, detailing the planned generation or
consumption for each of their units. The price accepted in the DAM is set at the marginal

price, which serves as the basis for the financial settlement of energy transactions [16].

Additionally, bilateral over-the-counter (OTC) contracts and contracts requiring physical
delivery are included in the DAM, often originating from the Forward Market (FM) and
explicitly allocated within the DAM framework. The integration of various EU countries’
DAMs is facilitated through the implicit allocation of transmission capacity, meaning bids
are accepted up to the point where congestion might occur.

The European Union is currently working towards the completion of the Single Day-
Ahead Coupling (SDAC), a unified cross-zonal electricity market across Europe. This initia-
tive is part of the Price Coupling of Regions (PCR) project and aligns with the Capacity Allo-
cation and Congestion Management Guideline (CACM GL). The SDAC aims to optimize the
allocation of limited cross-border transmission capacity by integrating the electricity markets
of different regions using a common algorithm. This algorithm, known as the Pan-European
Hybrid Electricity Market Integration Algorithm (EUPHEMIA), ensures compliance with
CACM GL requirements. For effective market coupling, data from all involved Nominated
Electricity Market Operators (NEMOs) and Transmission System Operators (TSOs) is pro-
cessed, matching bids, offers, and network capacities with constraints. The resulting outputs,
including matched trades, clearing prices, and scheduled exchanges, are then disseminated to
NEMOs and TSOs. These operations are carried out within strict timelines to ensure optimal
economic outcomes, high performance, and robustness. In 2023, a flow-based implicit allo-
cation method will be implemented as part of the Core Flow-Based Market Coupling Project,
enhancing the efficiency and reliability of the DAM [[14], [[18] .

In DAM, the bidding time period typically refers to the timeframe during which market
participants submit their bids and offers for the next operating day. The general timelines

and processes involved in the DAM, including the bid submission deadline and the delivery
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period are the followings [[18]:

* Bid Submission Deadline: 12:00 PM (noon) on day D-1.
» Market Clearing and Results Publication: Usually by early evening on day D-1.

* Operating Day (Day D): The delivery period typically starts at 12:00 AM (midnight)
and covers the full 24 hours of day D.

Figure 2.9 includes the DAM, as well as the IDA (Intra-Day Auction), which are detailed

below.
D-1 D-1 Gate closure .
D .xl T

12:00 15:00/16:00 IDA shvery
. . . :
. ' . : R
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DAM i ’ Delivering of
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Figure 2.5: Day-Ahead Market (DAM) and Intra-Day Auctions (IDA)

This market aligns electricity supply and demand before production and delivery by gath-
ering bids from producers and consumers to set hourly prices, ensuring market equilibrium.
Market Pools or Power Exchanges publish these hourly prices for the following day. This in-
formation helps synchronize the anticipated electricity supply with expected customer usage.
In the bidding process, participants indicate the volume of electricity they are willing to buy
or sell each hour, along with the corresponding price levels in EUR/MWh (or USD/MWh).

The regulations for DAM trading can differ greatly between national markets. These vari-
ations include lead times, trading intervals, minimum tradable quantities, pricing mechanisms
in the auction process, gate closure times, and other specific details. DAM results include the
Market Clearing Price (MCP) for each market time unit of the delivery day, the net delivery
position for each bidding zone, and the acceptance status and ratio of submitted orders, par-
ticularly for block orders. These results are subsequently integrated with the Intraday Market
(IDM) through the exchange of essential information. This information includes (i) market
schedules, which detail the energy schedule derived from the DAM, considering the accepted

orders from generating units, Renewable Energy Sources (RES) portfolios, load portfolios,
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pumping units, RES feed-in-tariff (FiT) portfolios, rooftop photovoltaics, and the virtual bal-
ancing entity for the small connected system of Crete, and (ii) the scheduled imports and
exports. The quantities from accepted sell and buy orders are recorded as physical delivery
nominations and physical off-take nominations.

The clearing price for each market time unit is determined when the aggregated demand
and supply curves intersect. The market operates continuously, covering 24 hours a day,
7 days a week. Nominated Electricity Market Operators (NEMOs) implement harmonized
limits on the maximum and minimum clearing prices for the DAM as determined by the
EUPHEMIA algorithm. According to ACER Decision 04/2017, the harmonized maximum
MCP for the DAM is capped at +4000 EUR/MWh, while the minimum MCP is set at -
500 EUR/MWh. These harmonized prices also consider the maximum value of lost load
(VoLL) [19].

In Greece, clearing is conducted by EnExClear, based on the results from the DAM.
EnExClear operates as a Clearing House for the Day-Ahead and Intraday Markets. It inter-
venes between the counterparties in transactions on the Energy Market (DAM and IDM) of
the Hellenic Energy Exchange and assumes the role of buyer for every seller and seller for
every buyer, handling the settlement of the financial aspects of these transactions.

Finally, the objective of the DAM auction, managed through the EUPHEMIA algorithm.
This algorithm is trying to optimize the social welfare across the interconnected European
DAMs. This entails maximizing the total surpluses from both sell and buy orders (DAM_S)
within the integrated market, in addition to maximizing the congestion rent (DAM_CR) re-

sulting from price disparities between neighboring bidding zones linked by interconnections.

2.5.9 Euphemia Algorithm

Euphemia is an algorithm designed to solve the problem of coupling day-ahead power
markets in the Price Coupling of Regions (PCR) area. The development of Euphemia began
in July 2011, based on the existing COSMOS algorithm, which had been in use in the Central
Western Europe (CWE) region since November 2010. A stable version capable of cover-
ing the entire PCR scope was completed in July 2012. Since then, the algorithm has been
continuously updated with corrective and evolutionary changes. Euphemia was first used in
production on February 4, 2014, to couple the North Western Europe (NWE) and South-

Western Europe markets in a synchronized mode. Subsequently, on February 25, 2015, the
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Italian energy exchange GME was successfully integrated. On May 21, 2015, the Central
Western Europe region was coupled for the first time using the Flow-based model. Addition-
ally, on November 20, 2014, the 4M MC coupling was launched, integrating the markets of
the Czech Republic, Hungary, Romania, and Slovakia [20].

Market participants begin by submitting their orders to their respective power exchanges.
These orders are aggregated and processed by Euphemia, which determines which orders
should be executed and which should be rejected, setting the corresponding prices. The pri-
mary goals are to maximize social welfare—which includes consumer surplus, producer sur-
plus, and congestion rent across the regions—and to ensure that the resulting power flows do
not exceed the capacity limits of the relevant network elements. This algorithm is capable of
handling both standard and complex order types, adhering to all specified requirements. The
algorithm quickly finds an initial viable solution and then iteratively improves it to enhance
overall welfare. It is designed to be flexible, with no strict limits on the number of markets,

orders, or network constraints, treating all orders of the same type equally [21].

2.5.10 Formulation of Marginal Price in DAM

In DAM, the marginal price, also known as the market clearing price (MCP), is deter-

mined through a market clearing process. This process involves the following steps [22]:

1. Bid Submission: Electricity generators submit bids indicating the quantity of electricity
they are willing to supply at various price levels. Similarly, consumers or load-serving
entities submit bids for the amount of electricity they are willing to purchase at different

prices.

2. Bid Ranking: The market operator ranks the supply bids from the lowest to the highest
price, creating a supply curve. This curve represents the order in which generation

resources will be dispatched, starting with the least expensive options.

3. Demand Matching: The market operator matches the supply bids with the demand bids,
starting from the lowest cost generation. The equilibrium point, where the total demand

equals the total supply, determines the market balance.

4. Marginal Price Determination: The marginal price, or the system marginal price (SMP),

is set at the highest price of the last unit of electricity required to meet the total demand.
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All generators that are called upon to supply electricity receive this marginal price for
the electricity they provide, irrespective of their bid price. Similarly, consumers pay

this marginal price for all the electricity they consume.

5. Congestion and Locational Pricing: In some markets, transmission constraints can lead
to different prices in different locations, known as Locational Marginal Prices (LMPs).
LMPs reflect the cost of delivering electricity to specific locations, accounting for
transmission losses and congestion. When transmission lines are congested, the cost

of delivering electricity increases, resulting in higher LMPs in the congested areas.

2.5.11 Merit Order Principle

The merit order is a fundamental principle in electricity markets used to rank power plants
based on their marginal costs, which is the cost of producing one additional unit of electricity.
This ranking determines the sequence in which power plants are dispatched to supply elec-
tricity, starting with the cheapest available source. RES are positioned at the bottom of the
merit order curve due to their very low marginal costs. Nuclear power follows, given its low
running costs compared to fossil fuel plants. Fossil fuel plants like coal and natural gas are
positioned higher up the curve, and the most expensive are the peak plants, such as those us-
ing diesel or gasoline, which are designed to cover short-term spikes in demand [23]. Figure
R.4 indicates the merit order principle formulation, as analyzed above.

Electricity producers submit bids indicating how much power they can provide at var-
ious price points, forming the supply curve. Concurrently, consumers submit demand bids,
forming the demand curve. The market clearing price is set at the intersection of these two
curves, determining the price at which all dispatched plants are compensated, irrespective of
their individual costs. This market clearing price is critical as it reflects the most expensive
marginal unit needed to meet demand. An increase in RES energy supply generally lowers
the market clearing price, as these cheaper sources reduce the need for more expensive plants.
This dynamic has led to decreased wholesale electricity prices in countries such as Germany
and Belgium. However, these reductions in wholesale prices do not necessarily translate into
lower prices for consumers due to other cost components, such as taxes, levies, and distribu-
tion fees [22], [24].

The difference between the market clearing price and the marginal cost for each plant

is known as the inframarginal rent. These rents are essential for covering the fixed costs of
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power plants, ensuring the viability and profitability of power generation facilities. If the
market clearing price consistently exceeds the sum of marginal and fixed costs, it signals
an attractive environment for investment in new generation capacity, which is crucial for
maintaining a secure and reliable electricity supply. To mitigate the investment risks associ-
ated with new generation capacity, grid operators may employ capacity mechanisms. These
mechanisms provide additional payments to generators to ensure there is sufficient capacity

available to meet peak demand, thereby enhancing the security of the electricity supply [25].
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Figure 2.6: Merit Order Principle Formulation

2.5.12 Pricing Mechanisms in different DAMs

The specific rules and mechanisms for determining the marginal price can vary based
on the market design and regulatory framework of each region. Some markets may include
additional features such as capacity payments, ancillary services, and uplift payments to en-
sure reliability and encourage the availability of essential services beyond energy supply. The
marginal price mechanism ensures the efficient use of resources by prioritizing the most cost-
effective generation options. It also provides price signals to both generators and consumers,
encouraging optimal production and consumption behaviors, such as increasing production
during high-demand periods or reducing consumption when prices are high.

The main functions of day-ahead markets include balancing supply and demand by en-

suring that anticipated electricity supply aligns with expected demand for the following day,
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maintaining market equilibrium through a fair and competitive auction process that matches
bids and offers transparently, and optimizing resource allocation by signaling which genera-
tion plants should operate based on the forecasted prices.

In typical DAMSs, from the bid submission deadline to the start of the delivery period,
there are typically approximately 12 hours [26], [27], [28]. Tables 2.1], and .3 present
the typical DAM auctions of three different markets, the PJM Interconnection, the New York

Independent System Operator and the California Independent System Operator, respectively.

Table 2.1: PJM Interconnection Schedule

PJM Interconnection
Action Description
Bid Submission Deadline 12:00 PM (noon) Eastern Time on day D-1
Market Results Published Typically by early evening on day D-1
Delivery Period 12:00 AM (midnight) to 11:59 PM on day D

Table 2.2: NYISO Schedule

New York Independent System Operator
Action Description
Bid Submission Deadline 5:00 AM Eastern Time on day D-1
Market Results Published By 10:00 AM Eastern Time on day D-1
Delivery Period 12:00 AM (midnight) to 11:59 PM on day D

Table 2.3: CAISO Schedule

California Independent System Operator
Action Description
Bid Submission Deadline 10:00 AM Pacific Time on day D-1
Market Results Published By 1:00 PM Pacific Time on day D-1
Delivery Period 12:00 AM (midnight) to 11:59 PM on day D
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2.5.13 Intraday Market

In Intraday Market (IDM) the electricity is trading on the same day as delivery. This
market provides participants the opportunity to adjust their positions close to the time of
physical delivery, particularly to correct deviations from the DAM and thus minimize their

exposure to imbalance costs. About the main functions of IDM, these are [29]:

* Managing Imbalances: Allowing market participants to manage deviations from their

scheduled energy deliveries, reducing penalties and costs associated with imbalances.

 Offer opportunities for market participants to optimize their positions and mitigate risks

associated with imbalances.

* Enhancing Market Efficiency: Providing opportunities for market participants to adjust

their positions closer to real-time conditions, improving overall market efficiency.

IDM nominations are integrated with day-ahead nominations, addressing upward and
downward deviations. The financial settlement in the IDM is based on market equilibrium
prices, which apply equally to both upward and downward adjustments. The IDM allows for
adjustments to be made closer to the actual delivery time, accommodating changes in demand

forecasts and generation availability. Here are the general timelines [30]:

 Continuous Trading: Intraday markets often operate on a continuous trading basis, al-

lowing participants to trade up until a few hours before delivery.

* Gate Closure Times: These vary by market but are typically set a few hours before the
delivery period starts. For example, gate closure might occur 1 to 2 hours before the

delivery period.

* Delivery Period: The intraday market covers the hours remaining in the operating day

(day D).

The methodology for pricing cross-zonal IDM capacity is outlined within the framework
of the Cross-Border Intraday (XBID) trading and the Single Intraday Coupling (SIDC) so-
lution. The XBID initiative is a collaborative effort to establish a common cross-border im-
plicit continuous intraday trading solution across Europe, aiming to optimize the allocation

of cross-border capacities. It is designed to enhance overall intraday trading efficiency and
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generate welfare benefits. This consortium includes several European Nominated Electricity
Market Operators (NEMOs) like EPEXSPOT, GME, NordPool, OMIE, and various Trans-
mission System Operators (TSOs). This solution supports both explicit allocation and implicit
continuous trading across all bidding zone borders and aligns with the EU Target Model for

an integrated IDM [31].

The adoption of the XBID project has led to the development of SIDC, which facilitates
continuous cross-border trading throughout Europe, aiming to create a unified EU cross-zonal
intraday electricity market. SIDC offers several benefits, including reducing the need for re-
serves and associated costs while maintaining system security, as it provides adequate time
for system operation processes. Within SIDC, three pan-European auctions, known as Com-
plementary Intraday Auctions (CRIDASs), are currently held and will eventually be replaced
by regular intraday auctions. The IDM also utilizes an implicit continuous trade-matching
algorithm, which operates on a first-come, first-serve basis, in line with the Capacity Allo-
cation and Congestion Management Guideline (CACM GL). This algorithm integrates the
IDMs across Europe [31].

The execution of CRIDAs for pricing cross-border capacity employs the EUPHEMIA
algorithm, which calculates energy allocation, net positions, and electricity prices across Eu-
rope, thereby maximizing overall welfare and enhancing the transparency of price and power
flow computations. Orders placed by market participants in one country can be matched with
orders from participants in another, provided there is available cross-zonal capacity. SIDC
supports both explicit and implicit continuous trading and adheres to the EU Target Model for
an integrated cross-zonal IDM. The SIDC has been implemented in several phases, known as
waves. The first go-live wave occurred in June 2018, including 15 countries, followed by a
second wave in November 2019, which added seven more countries. A third wave, including
Italy, occurred in September 2021, and Greece was expected to join the SIDC network by the
end of 2022.

The primary objective of intraday trading is to maintain balance within a company’s own
balancing group through same-day trading. This practice helps fulfill balancing group com-
mitments and minimizes potential imbalance costs. As power assets become more flexible,
intraday trading allows for rapid power generation adjustments, optimizing profitability and

maintaining system stability.
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Mechanism and Operation of Single Intraday Coupling

The Single Intraday Coupling (SIDC) aims to establish a unified cross-border intraday
electricity market across the European Union, enabling market participants to trade elec-
tricity continuously on the day it is needed. This market integration enhances efficiency by
promoting competition, increasing liquidity, facilitating the sharing of generation resources,
and allowing for adjustments in response to unexpected changes in consumption or genera-
tion outages. As renewable energy sources, particularly intermittent ones like solar, become
more prevalent, the importance of intraday markets grows, as they allow for more precise

balancing of supply and demand closer to real-time [32].

SIDC is a collaborative initiative involving Nominated Electricity Market Operators (NEMOs)
and Transmission System Operators (TSOs). It builds upon the Cross Border Intraday Project
(XBID), which introduced a platform for continuous trading in June 2018. Initially launched
across 15 countries, SIDC has since expanded to include 25 countries by November 2022,
following several phases of integration. The platform operates under the Capacity Allocation
and Congestion Management (CACM) EU Target Model, which aims to standardize and op-
timize cross-border electricity trading across Europe. The SIDC platform utilizes three key

components:

 Shared Order Book (SOB): Aggregates orders from market participants across differ-

ent countries, facilitating the matching of buy and sell orders.

* Capacity Management Module (CMM): Manages the available cross-border transmis-

sion capacity, ensuring that trades do not exceed network limits.

* Shipping Module (SM): Handles the logistical aspects of electricity delivery, ensuring

that physical exchanges match the financial transactions.

These components enable both explicit and implicit trading. In explicit trading, partici-
pants trade transmission capacity separately from the energy itself, while in implicit trading,
capacity and energy are traded together. This system allows for seamless and efficient market
operations, as orders can be matched across borders provided sufficient transmission capacity

1s available.
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Market Dynamics and Matching Process

In the SIDC framework, the matching of orders is conducted on a first-come, first-served
basis, prioritizing the highest buy prices and the lowest sell prices. When a market participant
places an order, it is immediately compared with existing orders in the Shared Order Book
(SOB). If a matching order is found, the trade is executed, and the involved capacities are
updated in the Capacity Management Module (CMM). This real-time update mechanism
ensures that the most current data is always used for decision-making, enhancing the market’s

responsiveness and reliability.

Impact of Renewable Energy and Market Inframarginal Rents

The increasing integration of renewable energy sources, which often have low or zero
marginal costs, has significant implications for the SIDC and wholesale electricity prices. As
these sources are incorporated into the market, they typically displace more expensive forms
of generation, leading to lower overall market clearing prices. This phenomenon has been
observed in markets like Germany and Belgium, where the growth of renewable energy has
contributed to a downward trend in wholesale electricity prices. However, the reduction in
wholesale prices does not always lead to lower consumer bills, as these also include taxes,

levies, and distribution costs.

The concept of inframarginal rents—where power plants earn more than their operational
costs— plays a crucial role in covering fixed costs and incentivizing investment in new gener-
ation capacity. The presence of inframarginal rents indicates a healthy market that can attract
new investments, which are essential for maintaining and expanding the energy infrastruc-
ture. To further support investment, grid operators may implement capacity mechanisms,
providing additional financial incentives to ensure sufficient capacity is available to meet

peak demand and enhance system reliability.

Different Intraday Markets

Tables R.4 and P.3 present the timing auctions of European Power Exchange - EPEX
SPOT and Nord Pool.
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Table 2.4: EPEX SPOT (European Power Exchange) Trading Features

European Power Exchange - EPEX SPOT

Action Description

Continuous Trading | Available up to 5 minutes before delivery in some regions.

Gate Closure Typically 30 minutes to 1 hour before delivery in most
regions.
Delivery Period Covers the remaining hours of the operating day.

Table 2.5: Nord Pool Trading Features

Nord Pool
Action Description
Continuous Trading Available up to 1 hour before delivery.
Gate Closure 1 hour before the delivery period starts.
Delivery Period Covers the remaining hours of the operating day.

2.5.14 Balancing Market

The primary function of the Balancing Market (BM) is to address imbalances between
electricity supply and demand in real-time. In this context, the TSOs of each country procure
both the necessary balancing capacity and energy to address real-time discrepancies between

production and demand side. The BM can be categorized into three main submarkets [[19]:

 Balancing Capacity Market: Ensures that sufficient reserves are available.

 Balancing Energy Market: Activates energy in real-time to maintain system balance

while meeting energy and reserve demands.

» Imbalance Settlement Process: Allocates BM revenues and costs among participants.

In the balancing capacity market, BRPs (balancing responsible parties) are required to
submit their forecasted energy production and consumption to the system operator one day
before delivery. Contracts in this market can be secured as early as a year ahead of delivery
or as late as one day prior. Once these agreements are in place, the same parties then offer
balancing energy on the respective markets. In the balancing energy market, BSPs (balance

service providers) present bids to the system operator, who procures the necessary energy to
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keep the system balanced, with the volume of energy activated being determined by real-time
imbalances. Any differences between the BRPs’ forecasts and the actual activated energy
are reconciled during the imbalance settlement process, where the TSO is responsible for
deploying reserves and setting tariffs for these imbalances.

The BM is used to ensure real-time balance between supply and demand. It involves the

activation of reserves to handle unforeseen imbalances. Here are the general timelines:

* Real-Time Operation: The Balancing Market operates in real-time, with continuous

adjustments being made to balance supply and demand.

 Activation of Reserves: Reserve power is activated as needed to address imbalances.

This can occur at any time during the operating day.

» Settlement: Imbalances are settled after the operating day, based on the actual devia-

tions from scheduled supply and demand.

Figure 2.7 visualizes the Balancing Market Auction, along with DAM and IDA.
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Figure 2.7: Balancing Market Auction

The BM utilizes various types of reserves, including frequency containment reserves
(FCRs) for immediate frequency stabilization, manual frequency restoration reserves (mFRR)

for restoring system balance within seconds to 15 minutes, automatic frequency restoration
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reserves (aFRR) for similar purposes but with automated control, and replacement reserves
for addressing major imbalances when FRRs are insufficient. These reserves are activated as
needed, with FCRs responding instantly, mFRR and aFRR handling mid-term imbalances,

and replacement reserves addressing longer-term issues.

A key aspect of calculating imbalance prices is the imbalance settlement period, which
determines the frequency of imbalance price signals sent to BRPs. These prices reflect real-
time balancing costs, which are allocated to BRPs to encourage them to maintain balanced
energy portfolios. BSPs providing upward regulation receive compensation based on either
a marginal price or a bid price, depending on the pricing mechanism used. Conversely, BSPs

providing downward regulation pay the respective downward regulation price or bid price.

The Electricity Balancing Guideline (EBGL) regulation and the recast of electricity regu-
lation outline clear provisions for imbalance settlement, including establishing a harmonized
time unit of 15 minutes for calculating BRP imbalances. A core component of the EB GL
regulation is the implementation of platforms for the exchange of balancing energy, with
projects like Trans-European Replacement Reserves Exchange (TERRE) for RR, Manually
Activated Reserves Initiative (MARI) for mFRR, Platform for the International Coordination
of Automated Frequency Restoration and Stable System Operation (PICASSO) for aFRR,

and International Grid Control Cooperation (IGCC) for imbalance netting (IN).

Within the BM framework, redispatching of generation units also occurs. Redispatching
involves system operators modifying the generation or load pattern to alter physical flows
in the transmission system and alleviate congestion. This measure is necessary when market
outcomes lead to potential violations of operational limits within a bidding zone. The Clean
Energy Package (CEP) mandates that redispatching should be organized in a market-based
manner. In most EU countries, generation units are legally required to participate in redis-
patching, and compensation is provided based on regulated prices or prior opportunity costs

from the wholesale market.

Remuneration for activated redispatching, whether internal or cross-zonal, varies across
EU countries. Different pricing mechanisms are used, including pay-as-bid pricing, regulated
pricing based on market prices like day-ahead prices, or cost-based pricing that covers fuel

and other related costs.

Concerning the remuneration of the aforementioned products, starting from the launch of

the Balancing Market (BM) on November 1, 2020, until the initiation of continuous trading in
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the SIDC, the maximum and minimum price limits for balancing energy were set at +4,240
EUR/MWh and -4,240 EUR/MWh, respectively. Similarly, the price limits for balancing
capacity were established at +3,000 EUR/MWh and 0 EUR/MWh. However, after the imple-
mentation of Continuous Intra-Day Trading (XBID), the price limits for balancing capacity
changed to +9,999 EUR/MWh and 0 EUR/MWh. Additionally, following the introduction
of Coordinated Redispatching and Countertrading Initiatives (CRIDAs) and before the Inde-
pendent Power Transmission Operator (IPTO) integrates into the European platforms MARI
or PICASSO, the price limits for balancing energy were adjusted to +9,999 EUR/MWh and
-9,999 EUR/MWh [19].

In Greece, IPTO is working on reforming the existing BM through participation in the
MARI and PICASSO European balancing platforms. These platforms aim to standardize lo-
cal manual Frequency Restoration Reserve (mFRR) and automatic Frequency Restoration
Reserve (aFRR) processes, in line with the standard products outlined in ACER Decision
01/2020. Both platforms are scheduled to become operational in Greece by 2022. Specif-
ically for aFRR, the full activation time will be shortened from 7.5 minutes to 5 minutes
by December 2024, with a minimum bid size of 1 MW, consistent with the French Trans-
mission System Operator’s requirements. Upon IPTO’s integration into either MARI or PI-
CASSO, the price limits for balancing energy will adjust to +15,000 EUR/MWh and -15,000
EUR/MWh, respectively, within a maximum of 48 months from the implementation deadline
specified in Articles 20 and 21 of the Electricity Balancing Guideline (EBGL). Forty-eight
months after this deadline, the price limits will further expand to +99,999 EUR/MWh and
-99,999 EUR/MWh [[19].

The final component of the Greek Balancing Market involves the imbalance settlement
market, which operates post real-time to compensate or charge participants for any discrepan-
cies between their actual energy usage and the final market schedule or dispatch orders. This
process ensures a transparent calculation of any imbalances and their corresponding com-
pensation. Bids not related to balancing purposes, such as those for redispatching or voltage
control, are excluded from this imbalance price calculation. The imbalance settlement period,
which has been set to 15 minutes since November 1, 2020, aligns with the requirements of

ACER Decision 18/2020.

The pricing in the BM reflects the real-time cost of adjusting electricity supply or de-

mand, often resulting in higher prices compared to the DAM due to the immediate nature
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of the required actions. The costs incurred in the BM are typically recovered through im-
balance charges levied on market participants whose deviations from their scheduled posi-
tions necessitated the balancing actions. This mechanism incentivizes participants to adhere
closely to their scheduled commitments and enhances the overall efficiency and reliability
of the power system. Additionally, the BM plays a vital role in integrating renewable energy
sources, which are often variable and less predictable. By providing a responsive and flexible
platform for managing these variations, the BM supports the increased penetration of RES
into the grid. Overall, the Balancing Market ensures the continuous, real-time alignment of
electricity supply and demand, thereby maintaining grid stability and operational reliability
while promoting efficient market behavior.

All the market mechanisms that were analyzed above constitute a cornerstone for the
Demand Side Management and Demand Response programs, which are presented in the fol-

lowing chapter.
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Chapter 3

Demand Side Management: Advanced

Strategies and Innovations in the Energy

Market

In this chapter, the field of Demand Side Management will be extensively presented. The
importance of active consumer participation in the operation of the energy market will be
analyzed, and then two experimental approaches will be presented. The first investigates an
incentive-based demand response program, and the second involves an extensive simulation

with direct load control on residential consumers.

3.1 Consumer Active Participation in the Operation of the
Energy Market

Customer active participation in the energy market, often referred to as prosumerism,
marks a paradigm shift in how consumers interact with the energy system. Traditionally,
consumers were passive participants, merely consuming energy supplied by centralized utili-
ties. However, technological advancements and evolving market structures are enabling con-
sumers to become active participants, who not only consume but also produce, manage, and
even sell energy. This transformation is driven by several key factors, including the prolifer-
ation of DERs, the rise of smart technologies, and the development of supportive regulatory
frameworks.

First, the availability and affordability of DERs, such as rooftop solar panels, small-scale

41
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wind turbines, and home energy storage systems, are crucial enablers of customer active
participation. These technologies allow consumers to generate their own electricity, thereby
reducing their reliance on the grid and lowering their energy bills. In many cases, consumers
can also sell excess energy back to the grid, participating in feed-in tariff schemes or sim-
ilar programs, thereby generating additional revenue. This shift to decentralized generation
disrupts traditional energy market dynamics. It transforms consumers into prosumers—both
producers and consumers of energy—who can influence supply and demand. As prosumers,
customers can help stabilize the grid by providing additional power during peak times or re-
ducing consumption during periods of low generation. This decentralized approach can also
enhance energy security and resilience, as it reduces the dependence on centralized power

plants and large-scale infrastructure.

Also, Smart technologies Systems play a pivotal role in enabling and optimizing customer
participation in the energy market. Smart meters, for example, provide real-time data on en-
ergy consumption and generation, enabling consumers to make informed decisions about
their energy use. Home energy management systems (HEMS) can further optimize energy
consumption by automating appliances based on real-time data and dynamic pricing signals,
such as time-of-use rates or real-time market prices. The integration of Internet of Things
(IoT) devices allows for more sophisticated energy management. For example, smart ther-
mostats can adjust heating and cooling settings based on occupancy patterns, weather fore-
casts, and energy prices. Similarly, smart appliances can operate during off-peak hours when
energy is cheaper and cleaner, further reducing costs and carbon footprints. These technolo-
gies not only empower consumers to reduce their energy bills but also contribute to grid
stability and efficiency. By providing a more predictable and manageable load profile, con-
sumers can help smooth demand peaks and valleys, reducing the need for expensive peaking

power plants and enhancing the integration of renewable energy sources.

Additionally, active customer participation introduces new dynamics into the economic
energy market and implications. It fosters competition and innovation, as traditional utilities
are challenged to adapt to a more distributed and decentralized system. New business mod-
els are emerging, including energy aggregators who bundle the flexibility of numerous small
prosumers to sell as a larger, more valuable resource to the grid. These aggregators can par-
ticipate in demand response programs, providing grid services such as frequency regulation,

voltage support, and spinning reserves.
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Furthermore, prosumers can participate in peer-to-peer (P2P) energy trading platforms,
where they can buy and sell energy directly with other consumers. This not only empowers
consumers with more control over their energy sources and costs but also promotes local

energy markets and can help reduce transmission losses and infrastructure costs [33].

3.2 Regulatory and Policy Framework

The growth of customer active participation necessitates the evolution of regulatory frame-
works to accommodate and encourage this new dynamic. Policies that support the integra-
tion of DERs, such as net metering, feed-in tariffs, and incentives for energy storage, are
critical. Regulators must also address the challenges associated with bi-directional flows of
electricity and the need for enhanced grid infrastructure to manage distributed generation.
Moreover, regulators face the challenge of ensuring fair access to these technologies and
market opportunities. There is a risk that the benefits of active participation may be dispro-
portionately accessible to wealthier consumers who can afford the upfront costs of DERs
and smart technologies. Policymakers must therefore consider measures to ensure that low-
income households can also participate, such as subsidies, financing options, or community
energy programs.

Despite its potential benefits, active customer participation poses several challenges. From
a technical perspective, the increased penetration of DERs and the variability of renewable
energy sources can complicate grid management and require significant upgrades to existing
infrastructure. There are also challenges related to data privacy and cybersecurity, as smart
technologies and digital platforms collect and process vast amounts of sensitive data. From a
market perspective, the integration of a large number of small, decentralized energy resources
requires new market structures and rules. This includes developing mechanisms for valuing
and compensating the services provided by prosumers, such as capacity, ancillary services,
and environmental benefits. It also involves creating transparent and accessible platforms for
P2P trading and aggregation.

Looking forward, the role of prosumers is likely to expand as technologies continue to
advance and as market and regulatory frameworks evolve to support more active participa-
tion. This could lead to a more democratized and resilient energy system, where consumers

are not just passive recipients of energy but active participants in a dynamic and interactive
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market ecosystem. The continued development of digital platforms, enhanced grid capabili-
ties, and supportive policies will be crucial in realizing the full potential of customer active

participation in the modern energy market.

3.3 Role of Flexibility in the Energy Market

The concept of flexibility and active customer participation in modern energy markets
is integral to the transformation of the energy landscape. As the energy sector undergoes a
significant transition towards sustainability, the roles of both flexibility and customer engage-
ment have become critical in ensuring the stability, efficiency, and resilience of electricity
systems. Flexibility refers to the ability of the electricity system to efficiently balance sup-
ply and demand under varying conditions. This capability is increasingly vital as the grid
integrates a growing share of intermittent renewable energy sources, such as wind and solar
power, which are characterized by their variability and unpredictability. Flexibility can be
provided by various means, including demand-side response (DSR), energy storage systems,
flexible generation, and interconnection with other grids [34].

The increasing share of renewable energy, such as wind and solar power, introduces vari-
ability into the electricity supply due to their dependence on weather conditions. This variabil-
ity requires additional mechanisms to balance supply and demand. Flexibility in the energy

market is achieved through various means, including [35]:

* Demand Response: This involves the adjustment of electricity consumption by end-
users, either manually or automatically, in response to price signals or other incentives.
This can include reducing or shifting demand during peak periods or increasing con-
sumption during times of low demand and surplus generation. Energy storage systems,
such as batteries, offer another avenue for flexibility by storing excess energy during
periods of low demand and discharging it when demand is high. Additionally, flexi-
ble generation sources, like gas-fired power plants, can quickly ramp up or down their
output to match demand fluctuations. Finally, interconnection with other grids allows

for the sharing of resources across regions, enhancing overall system flexibility.

* Energy Storage: Technologies like batteries and pumped hydro storage can store excess

energy when supply exceeds demand and release it when there is a deficit. Energy

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



3.3.1 Challenges and Problems of Flexibility 45

storage helps smooth out fluctuations in renewable energy generation and provides

backup power.

* Flexible Generation: This includes power plants that can quickly ramp up or down their
output to match the grid’s needs. Examples include gas-fired power plants, which can

respond rapidly to changes in demand.

¢ Interconnections and Grid Infrastructure: Enhanced grid infrastructure and intercon-
nections between regions allow for the sharing of resources and balancing of supply
and demand across wider areas. This reduces the reliance on local generation and in-

creases system resilience.

Market mechanisms and regulatory frameworks play a vital role in promoting flexibil-
ity. For example, electricity markets can implement real-time pricing, which reflects the true
cost of electricity at different times and encourages consumers to adjust their usage accord-
ingly. Ancillary services markets can also be established to provide additional capacity and
frequency regulation services. Despite the benefits, achieving flexibility poses several chal-
lenges. These include the need for significant investment in new technologies, regulatory
adjustments, and the development of new business models. Furthermore, as the share of re-
newables continues to grow, the need for more sophisticated grid management and forecast-
ing tools becomes increasingly important. The future of flexibility in the energy market will
likely involve a greater emphasis on digitalization, smart grid technologies, and the integra-
tion of decentralized energy resources. These advancements will help create a more dynamic
and responsive energy system, capable of meeting the demands of a decarbonized and elec-

trified future.

3.3.1 Challenges and Problems of Flexibility

Despite the benefits, there are several challenges to achieving widespread flexibility and
active customer participation. Technical challenges include the need for enhanced grid infras-
tructure and advanced control systems to manage the increased complexity and variability
introduced by DERs and flexible resources. There are also issues related to data privacy and
cybersecurity, as the increased use of digital technologies and data exchange in smart grids

raises concerns about the protection of consumer information.
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From a policy perspective, ensuring equitable access to the benefits of the modern energy
market is crucial. There is a risk that the transition to a more flexible and participatory energy
system could widen existing inequalities if only affluent customers can afford the necessary
technologies, such as solar panels and home batteries. Thus, policy measures should aim
to ensure that all consumers, regardless of income, can participate in and benefit from the
evolving energy market.

Also, flexibility and active customer participation are pivotal to the successful transition
to a modern, sustainable energy system. They offer significant benefits in terms of efficiency,
cost savings, and enhanced grid stability. However, realizing these benefits requires overcom-
ing technical, economic, and regulatory challenges. As the energy market continues to evolve,
it will be essential to develop policies and technologies that support widespread participation

and ensure that the benefits of the modern energy system are accessible to all.

3.4 Implementation and Challenges of Demand Side Man-

agement

Demand Side Management sector is a critical component of modern electricity markets,
enabling active consumer participation and contributing to grid stability, economic efficiency,
and the integration of renewable energy sources. These programs are expected to play a very
significant role, as well as pose challenges, in modern energy systems. More specifically,

regarding their implementation, we have the following:

* Smart Grids and Advanced Metering Infrastructure (AMI): The deployment of smart
grids and AMI enables real-time monitoring and control of energy usage, facilitating
the implementation of DSM strategies. Smart meters provide consumers with detailed
information about their energy consumption patterns, allowing for more informed de-

cisions.

* Automated Demand Response (ADR): ADR systems automatically adjust power con-
sumption in response to signals from grid operators or utilities. This can involve pre-
programmed responses in smart appliances, thermostats, and industrial equipment, en-

hancing the responsiveness and effectiveness of demand response programs.
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* Consumer Education and Engagement: Educating consumers about the benefits and
methods of DSM is crucial for its success. Programs that raise awareness and provide

incentives for participation can lead to significant changes in consumption behavior.

* Regulatory Support and Market Incentives: Effective DSM requires supportive regu-
latory frameworks and market incentives that encourage both consumers and utilities to
engage in demand-side activities. Policies that promote dynamic pricing, subsidies for
energy-efficient technologies, and financial rewards for demand response participation

are essential.

While DSM offers numerous benefits, there are also challenges to its widespread adop-
tion. The adoption of advanced DSM programs faces several challenges. High technological
and infrastructure costs can hinder implementation for both utilities and consumers. Encour-
aging widespread consumer participation is another hurdle, requiring effective communica-
tion, incentives, and educational efforts. Additionally, regulatory and market structures must
adapt to support DSM, including the development of flexible pricing models and market rules
that encourage active consumer engagement. Furthermore, the collection and use of detailed
consumption data raise concerns about privacy and security, making it essential to establish
robust data protection measures to ensure consumer trust and program success.

The following sections will explore the development and application of advanced DSM

techniques and their impact on contemporary energy market operations.

3.4.1 Techniques and Categories of Demand Side Management

Six basic types have been established as techniques for DSM to control the consumer

load curve, as shown in Figure B.1.

1. Peak Clipping: This technique is designed to reduce peak load by either directly con-
trolling consumer equipment or through pricing agreements that require customers to

lower their consumption at specific times of the day [36].

2. Valley Filling: Programs using this method seek to boost energy usage during off-peak
periods, thereby smoothing the overall load curve. As aresult, power plant components—

such as generators, transformers, and both transmission and distribution lines—operate
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at approximately 80-90% of their rated capacity instead of only 15-20% during low-
demand hours. This leads to increased efficiency and reduced operating costs thanks

to an improved load factor [37].

3. Load Shifting: Load shifting involves moving consumption from peak to off-peak pe-
riods. While this reduces peak demand, the total energy consumed remains unchanged,

making this one of the most crucial load management strategies [37], [36].

4. Load Reduction (Energy Conservation): Also known as energy conservation, this method
focuses on decreasing electricity usage uniformly throughout most or all hours of the
day. Although it manages overall consumption on a general basis—often including
reductions in electricity prices and adjustments in usage patterns—it is not typically

classified as a traditional load management technique [37], [36].

5. Load Growth (Load Building): This approach aims to increase market demand, thereby
raising overall electricity sales. It does so by promoting new applications, such as in-
vestments in industrial automation systems and advanced electric vehicles. Figure 5

illustrates the resulting upward shift in the demand curve [36].

6. Flexible Load Shape: The core concept of this method is to establish contracts be-
tween utilities and consumers, whereby participants agree to modify their electricity
usage when needed in exchange for financial incentives. These programs empower
consumers to adjust their demand curves to either address immediate grid requirements

or to help secure the system’s energy reserves [36].

3.4.2 Categories of Demand Side Management

Based on the timing and impact of applied strategies on consumer energy usage, DSM can

be categorized into four main types, the first three of which are presented in Figure 3.2 [39]:

1. Energy Efficiency (EE): Long-term measures aimed at reducing energy consumption
without compromising performance. Energy Efficiency refers to measures taken by
a consumer or the electricity transmission management company to mitigate energy
waste. This includes permanent equipment upgrades, such as replacing an outdated,
low-performance ventilation system with a modern, high-efficiency alternative, or im-

proving a system’s technical characteristics (e.g., adding additional insulation to a
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Source: [38]

Figure 3.1: Demand Side Management Techniques

building) to reduce losses and enhance overall efficiency. These measures result in
immediate and long-term energy savings, lower greenhouse gas emissions, and con-

tribute to the efficient use of technical and financial resources.

2. Time of Use (TOU): The primary objective of TOU tariffs is to encourage consumers
to shift their electricity usage away from peak periods, thereby optimizing energy pro-
duction and improving equipment utilization. This shift extends the lifespan of energy
infrastructure and reduces overall system costs. The variation in rates across differ-
ent tariff zones reflects the expected benefits for all stakeholders involved in energy

generation and distribution.

Implementing variable electricity pricing based on demand fluctuations throughout the
day. Time of Use (TOU) is a load management approach that involves measuring and
billing electricity consumption based on the time it occurs. TOU tariffs are a common
method of managing consumer demand, where electricity prices are higher during peak
demand periods and lower during off-peak hours. These pricing schedules are prede-
termined and communicated to consumers in advance, enabling them to adjust their

consumption habits accordingly.

One key advantage of TOU programs is their ability to accommodate high electricity

demand (e.g., heating) during low-load periods when market prices are below average.
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Source: [41]

Figure 3.2: Categories of Demand Side Management

This enables electricity to remain competitively priced in comparison with alterna-
tive energy sources. Consumers benefit from significantly lower rates during off-peak
hours, providing a financial incentive to adjust their consumption patterns. Empirical
studies have demonstrated that TOU pricing effectively reduces peak energy demand.
TOU can also be considered a basic form of Demand Response, though it lacks two-

way communication and dynamic interaction between energy suppliers and consumers.

3. Demand Response (DR): Adjusting energy consumption patterns in response to grid
conditions or price incentives. Is is categorized in Price or Market-based DR and Incentive-

based DR programs, all of which are analyzed in detail below.

4. Spinning Reserve (SR): Utilizing reserve power sources to balance fluctuations in de-
mand and supply. The term Spinning Reserve is widely used in the electricity systems
community and refers to the reserve power output available to generate active power
within a given timeframe in response to operational disturbances (e.g., generator fail-
ures, transmission line faults) or peak demand periods. The primary function of SR
is to restore balance between generation and consumption, regulate frequency back to
nominal levels, and maintain stable power exchange across interconnected systems.
Reducing peak loads enhances reserve capacity, thereby increasing system security

margins [40].

Additionally, based on their type and the manner in which participating consumers adjust
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their load profiles, DR programs are divided into two main groups: Price-based and Incentive-
based programs. Figure B.3 illustrates these two categories along with their respective sub-

categories.

Source: [H2]

Figure 3.3: Categorization of Demand Response programs

3.5 Comparison of Price-based and Incentive-based Pro-
grams

The key distinction between these two categories lies in their approach to demand reduc-
tion. In Incentive-based Demand Response programs, customers receive financial compensa-
tion for reducing a specific amount of load within a given time frame. Conversely, in Price-
based programs, customers voluntarily adjust their consumption in response to economic
signals that fluctuate based on market prices. Unlike Incentive-based programs, Price-based

programs do not require participants to meet a predefined reduction target [39].

Price-based Programs

In Price-based programs, consumers modify their electricity usage based on energy prices

provided by utilities. The primary types of Price-based programs include [43]:

* Time-Of-Use rates (TOU): A predetermined pricing structure where electricity rates
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vary depending on the time of consumption.

 Real-Time Pricing (RTP): Consumers are charged dynamic prices that fluctuate at short

intervals, reflecting real-time market conditions.

* Critical Peak Pricing (CPP): Utilities set higher prices during anticipated peak demand

periods or system emergencies to encourage reduced consumption.

Incentive-based Programs

Incentive-based programs offer financial rewards or direct control mechanisms to encour-

age customers to adjust their energy usage. The main types include [43]:

* Emergency Demand Response Programs (EDRP): Participants voluntarily reduce con-

sumption in response to emergency signals.

* Interruptible/Curtailable rates (I/C): Customers agree to lower electricity prices in ex-

change for the obligation to reduce consumption during high-demand periods.

* Direct Load Control (DLC): Utilities or system operators remotely manage customer

electricity usage by controlling appliances or equipment.

* Capacity Market Programs: Customers commit to providing load reductions when needed

to help maintain grid stability.

* Demand Bidding Programs (DB): Consumers submit bids to limit their electricity us-

age at competitive prices.

* Ancillary Services Market: Customers contribute to power system reliability by pro-

viding services that help maintain grid stability and power quality.

3.6 Demand Response Programs

Demand Response emerged as an innovative strategy to maintain optimal grid capabil-
ity and utility. Over the past two decades, these programs have attracted significant attention
from the global research community because they offer novel ways to balance electricity sup-
ply and demand. Rather than requiring grid operators to activate additional industrial power

sources during peak periods, Demand Response shifts the responsibility to consumers by
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curtailing demand. This approach enables utility operators to leverage the flexibility of in-
dustrial, commercial, and residential consumers, ensuring a smooth and efficient operation
of the power system [44].

The term Demand Response Programs is derived from their function: they are initiated in
response to signals—such as pricing adjustments, high wholesale prices, or compromised sys-
tem reliability—that call for reduced electricity consumption. Moreover, Demand Response
represents a modern solution whereby locally installed energy resources deliver mutual ben-

efits to both the grid and consumers.

3.6.1 Participation of Demand Response Programs in the Wholesale

Energy Market

Demand Response benefits both suppliers and consumers by limiting the ability of large
market players to manipulate electricity prices. Participants gain increased market flexibility,
allowing them to manage their consumption more efficiently and influence market conditions,
especially through dynamic and market-based pricing schemes [45].

Figure B.4 offers a simplified illustration of how a Demand Response program can affect
wholesale electricity market prices. The market-clearing price is determined at the intersec-
tion of the cumulative supply and demand curves—the supply curve slopes upward while
the demand curve slopes downward. Consumer-driven Demand Response has been shown
to limit the pricing power of companies with a dominant market share. For example, during
the California energy crisis of 2000-2001, a demand reduction of roughly 5% resulted in an
electricity price drop of nearly 50%, demonstrating the exponential sensitivity of the system
when operating near its maximum capacity. A modest decrease in demand can lead to a sub-
stantial reduction in production costs, ultimately lowering the price. The steepening of the
supply curve as energy capacity increases reflects either the drive to maximize production
profits or the high operating costs associated with generating large amounts of power.

The initial DC1 demand curve is vertical because it is initially assumed that DR programs
are not implemented in the market. DR programs introduce a negative slope in the demand
curve of participating customers and lead to a small reduction in demand and a fairly high
reduction in the market price, as in the DC2 curve. The equilibrium value p; is the value at
which the quantity offered and the quantity demanded are equal, and F; is the equilibrium

point at which the curves DC1 and ECI intersect.
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Figure 3.4: Impact of Demand Response on Electricity Market Prices

If consumer demand is represented by DC1, then the supply side will be able to manipulate
and shape the price of electricity, thus shifting the supply curve to DC2 and increasing the
market price to ps, which corresponds to the new equilibrium point E5. On the other hand, in
case the demand side participates in DR market programs, it will be able to respond to prices,
thus limiting price manipulation and achieving a different equilibrium point, Fs, at a lower
value ps.

In other words, the number of suppliers in the market is increasing through the improve-

ment of the competition, and the prices are becoming more and more consumer-friendly.

3.6.2 Demand Response Benefits

Demand Response creates benefits mainly from saving resources that improve electricity
supply significantly. It is essential to track the flow of these benefits through the market to
determine who is earning and how much. It is therefore important to identify the key benefits

that these programs offer, which are described below [45], [47]:

* Lower operating costs and savings on customer billing accounts.

» The lower prices in the wholesale market resulting from Demand Response (DR) create

reduced supply costs for retailers, with the result that almost all retail customers usually
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benefit from the savings of their accounts.
* Greater stability and robustness of the power system.

» Environmental benefits, including better land use, as a result of avoiding the installation

of new electricity generation and distribution infrastructure [48].
* Real-time communication between the supply and the demand side.

« Sustainability: by shifting loads during peak hours and keeping the grid working steadily,
DR programs help protect the system by managing real-time demand, achieving max-

imum efficiency, and ensuring back-up conditions [44].

3.7 Implementation of Incentive-Based Demand Response

Program

3.7.1 Introduction

As global electricity demand continues to rise, traditional power systems struggle to
meet production requirements reliably. Population growth drives higher energy consumption,
while climate change necessitates a shift away from fossil fuels, further straining conventional
energy infrastructures. These systems face several limitations, including slow response times
due to mechanical switches, one-way communication between energy generation and con-

sumption, and minimal data processing capabilities.

To address these challenges, advanced energy management strategies are being devel-
oped to enhance the flexibility of transmission and distribution networks, transforming con-
ventional grids into smart grids. A Smart Grid (SG) integrates digital technologies with large-
scale distribution networks to optimize energy use. Unlike traditional grids, which primarily
function to transmit and distribute electricity from power plants to consumers, SGs incorpo-
rate sensors along transmission lines to monitor normal and faulty conditions in real time.
Additionally, they leverage computational tools to improve operational efficiency and strate-

gic planning.
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3.7.2 Description of the Problem

The increasing demand for electricity contrasts with European-level objectives, which
focus on sustainable development and environmental protection. In this context, optimizing
electricity consumption has become a key area of research. An environmentally friendly ap-
proach to meeting rising demand involves integrating Renewable Energy Sources (RES) into
the grid and encouraging active consumer participation in reducing peak demand, thereby
smoothing the overall load profile.

This research explores the efficient and cost-effective use of electricity from a Demand
Side Management (DSM) perspective and presents the implementation of a fully parameter-
ized, explicitly constrained incentive-based demand response program. The program lever-
ages the Particle Swarm Optimization algorithm, highlighting the benefits of RES integra-
tion while enabling two-way communication between energy production and consumption,
as well as bidirectional power exchange between the main grid and RES.

The implementation described in the current research addresses mainly Load Shifting,
Peak Clipping and Valley Filling. There are works in the area of Load Shifting and Peak
Clipping, which demonstrate the effects of such techniques on system reliability. In constraint
programming is used in order to construct an optimal schedule for home appliances. In [24]
the MOGA algorithm is used for load scheduling. Our implementation regards the optimal
power reduction of a system at a specific time period, where the system comprises a main grid,
a microgrid of RES and a conventional generating unit, and consumers. Emphasis is placed
on using as much as possible RES and the application of Demand Response when most of the
load must be covered by conventional generation. The main value of our implementation is
in the model construction via mathematical formulations and in the explicit use of constraints
that guide the application of the optimization algorithm.

The Demand Side of a pilot incentive-based Demand Response (DR) program covers a
one-day (24-hour) period. A first attempt was presented in [49]. The overall system consists

of both Supply Side and Demand Side subsystems [48].

3.7.3 Supply Side

The Supply Side comprises the following two subsystems:

1. Microgrid: Microgrids have proven to be a critical technology for harnessing Renew-
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able Energy Sources (RES), increasing network stability and reliability, and reducing
the environmental carbon footprint. In this implementation, the microgrid includes a

conventional diesel fuel generator, a wind turbine, and an array of photovoltaic cells.

2. Main Grid: The main grid is responsible for meeting the required demand when the
power generated by the microgrid is insufficient to satisfy consumer needs. Addition-
ally, if the microgrid produces excess power, it can sell the surplus back to the main

grid, thereby generating financial profit.

3.7.4 Demand Side

The Demand Side consists of two low-consumption commercial consumers participating
in an incentive-based Demand Response program. The pilot implementation engages these
consumers actively throughout the 24-hour period, providing them with strong incentives to

limit their energy demand. Figure B.3 visualizes the high-level functionality of the system.

MICROGRID

=

SUPPLY SIDE DEMAND SIDE

Figure 3.5: Overall System Functioning

In order to find the optimal and most cost-effective solution that will lead us to the ideal
hourly energy mix of sources and consumption, the Particle Swarm Optimization (PSO) al-
gorithm is utilized to model and solve the problem described in subsection 3.7.2. PSO is a
computational method that finds an optimal solution by iteratively improving a candidate

solution with respect to a given objective function [50], [51].
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In our domain of investigation, we deploy PSO in order to determine the best strategy for
the power system to satisfy the total load of the two commercial consumers over a 24-hour
period, giving priority to the use of the Renewable Energy Sources (RES) of the microgrid

(installed wind turbine and photovoltaic array). The aim is twofold:

1. Minimize both the cost of purchasing energy from the main grid and the production

costs of the conventional diesel generator;

2. Maximize the financial benefit of the microgrid operator.

The mathematical formulation of the problem is presented below.

3.7.5 Mathematical Model Formulation Strategy of Supply and Demand
Side

This subsection presents all mathematical models used in the PSO algorithm.

Mathematical Model of Photovoltaic Array

The hourly power generation of the photovoltaic array is given by the following equation
[52,53]:
Py = npy - A, - H(pu) (3.1)

where:
* npy is the efficiency of the photovoltaic array,

+ A, is the total area (in m?) covered by the array,

* H(pu) is the hourly solar radiation index (kW-h/m?) on the PV array.

Mathematical Model of Wind Turbine

The output power of a wind turbine depends on both the magnitude and direction of the
wind speed, i.e., the stochastic behavior of the wind, which is influenced by the turbine’s
location, air density, rotor blade geometry, and the efficiency of converting the wind’s kinetic

energy into electricity. The model to convert hourly wind speed into power is as follows [54]:
Pying = 0.5 0y + pair - Cp+ A+ V? (3.2)

where:
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* Ping 1s the power generated by the wind turbine,

* 1), 1s the efficiency of the wind turbine (as provided by the manufacturer),

* pair 18 the air density,

* (), is the power coefficient of the wind turbine (dependent on its geometry),
+ A is the swept area of the wind turbine blades,

» V is the wind speed at a specific height.

Transfer Power Cost between Main Grid and Microgrid

The main grid compensates for any shortfall in electricity due to high consumer demand,
covering the intermittent operation of RES. It is assumed that a trading program is in place,
where power can be bought from the main grid in case of shortage or sold to it from the
microgrid in case of surplus. When the microgrid supply cannot meet the total demand, extra
energy is purchased from the main grid, and vice versa. Our objective is for RES to take
precedence over other energy sources. The total cost at time ¢ (with ¢ = 1,...,24) for the

transferred power between the main grid and the microgrid is expressed as:
Cirans(t) = price « Pypans(t) (3.3)
where:
* Cirans(t) is the total cost of the transferred power at time ¢,
* price is the electricity charge per hour (€/kW),
* Pirans(t) is the transferred power at time ¢.

This equation yields a positive value when power flows from the main grid to the micro-
grid (Pyans(t) > 0), a negative value when it flows from the microgrid to the main grid
(Pyrans(t) < 0), and zero when there is no transfer.

Hence, the first objective function, funl(t), is defined as:

24
funl(t) = Cirans(t) (3.4)
t=1
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Cost of Conventional Generator

The fuel cost function of the conventional generator, Cy.,, (%), is modeled as a quadratic
function:

Cyen(t) = ki - Ppen(t)? 4+ my - Pyen(t) 3.5)
where:
* P,.,(t) is the power generated by the conventional diesel generator,
* k; and m; are the fuel cost coefficients.

Thus, the second objective function, fun2(t), is defined as:

24

fun2(t) =Y Coenl?) (3.6)

t=1
Consumer Contract Design

The cost of reducing a consumer’s power consumption depends on both the type of con-
sumer and the magnitude of the reduction. The cost function for a customer, C'(0, z), is de-
fined as [55]:

Clo,z2) =K, - 2*+Ky-2—Ky-2-0 (3.7)

where:
» K and K, are cost coefficients,
* x is the reduction in consumption (in kW),

* 0 is a continuous variable representing the type of customer, taking values in the closed

interval [0, 1].

This variable allows us to model different customer types by assigning different cost values.
For example, § = 1 is set for customers more willing to reduce their electricity consump-
tion, whereas 6§ = 0 is for those with the least inclination. As 6 varies, the term K5 - x - 6
changes accordingly, resulting in different marginal costs. Consequently, customers with low
6 incur lower marginal costs than those with higher 6, leading to greater marginal benefits
from reducing their consumption. Note that 6 can also take discrete values, a scenario that
will be employed in subsequent modeling. For customers with zero reduction in consumption

(x = 0), the cost C'(6,z = 0) is equal to 0.
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3.8 Demand Response Program Overview

The parameter 6 is not directly known by the utility company. Instead, based on its own
estimation of the customer profiles it serves, the utility establishes an incentive function,
y(x), which specifies the monetary compensation offered to customers for reducing their
power consumption by an amount z. In other words, this function indicates the total payment
a customer will receive in exchange for a specific reduction in energy use.

Participants in the program independently decide on the quantity of power reduction,
x, by referring to the provided incentive function. Naturally, no customer will opt to reduce
consumption unless there is an economic reward for doing so. The consumer benefit function,

denoted as V], is formulated as follows:
Vi=y—cllz)=y—K -2*—Ky-x+Ky-x-0 (3.8)
where:

V] represents the consumer’s net benefit,

* g is the incentive offered,

* K and K are cost coefficients,

* x is the reduction in power consumption (in kW),

* @ is a continuous parameter that characterizes the customer’s type.

To encourage new customers to join, many Demand Response (DR) programs provide
an initial fixed bonus as part of the total compensation for reducing consumption. In our
implementation, participation is contingent on the following conditions, which are derived

from financial contract theory [56]:

* A customer’s decision to participate should yield a positive surplus; that is, 1} > 0,

ensuring that there is a clear monetary incentive to reduce consumption.

» The benefit function in (8) must be monotonic with respect to ¢ and non-decreasing
with respect to x. Under the incentive compatibility requirement, each participant should
be rewarded in proportion to the amount of demand reduction they achieve. This con-

dition is mathematically expressed as:

Vig = Vigo (9) (3.9)
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where 0° represents the customer type if incorrectly declared.

Furthermore, the utility can assess the monetary impact of being unable to supply a certain
amount of power to a consumer. This cost is characterized by the parameter A, measured in
€/kW, and can be computed using established optimal power flow methods. Essentially, A
quantifies the expense incurred by the utility for not delivering the required energy. With

knowledge of )\, the utility defines its own benefit function, V5(6, \), as follows:
Va(6,)) = A-2(6) — y(60) (3.10)
Here:
* V5(0, \) is the benefit (or net cost) to the utility,
* )\ is the cost associated with energy shortfall,
* z(0) is the reduction in consumption (in kW),
* y(0) is the incentive payment corresponding to that reduction.

The utility’s objective is to maximize its overall benefit from the DR program over a

24-hour period. Therefore, the third objective function is defined as:

fun3(t) = i i { = Va(0(k, ). Ak, 1) } = i i {he =M} GID

t=1 k=1 t=1 k=1

In summary, three objective functions are established:
1. To minimize the cost of energy purchased from the main grid.
2. To minimize the fuel expenses of the conventional generator.
3. To maximize the financial benefit to the microgrid operator.
Accordingly, the overall objective function is given by:
Objiota(t) = 21 - [funl(t) + fun2(t)| + 2z2 - fun3(t) (3.12)

where z; and 2, are weighting factors for the respective objectives.
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3.8.1 Solving Strategy

In our study, we assign equal weights to the functions by setting z; = 2o = 0.5. This
choice reflects an equal priority between reducing costs for consumers (via z; ) and maximiz-
ing benefits for the utility company (via z5). It is also possible to explore alternative scenar-
ios by varying these weights (provided that z; + 2z, = 1), especially to analyze cases where
consumer benefits are deemed more important than utility gains. Note that since consumer-
related costs are also linked to environmental impacts, higher values of z; might represent
scenarios where environmental protection is a primary concern.

The analysis covers a full day (24 hours) and considers the following decision variables

for each hour:
 The active power output of the wind turbine, Py .
* The active power output of the photovoltaic array, Ppy .
» The power exchanged between the main grid and the microgrid, Pi,qs-
* The output power of the conventional generator, P,,.
* The power reduction for each consumer in response to demand constraints, x; and 5.

* The incentive payments for power reduction, y; and ys.

3.9 Datasets

3.9.1 PV Array Generated Power Data

Solar data is obtained from the Photovoltaic Geographic Information System (PVGIS),
which offers open access to solar radiation data for any location on Earth. This service sup-
ports both interconnected and autonomous grid systems across various technologies. In our
study, the nominal power of the PV array is set to 30 kW. We use the PVGIS-SARAH
database to retrieve hourly average solar radiation data. The installation site is chosen in
the Thessaly region, with coordinates 39.371° latitude, 22.812° longitude, and an altitude of
216 m. System losses are assumed to be 14%. Table B.1| presents data of the generated hourly
PV power values for August 17, 2016.
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Table 3.1: Hourly PV Power Generated Data

Time (Hours) | PV Power (kW) | Time (Hours) | PV Power (kW)
1 0 13 19.48
2 0 14 16.41
3 0 15 11.74
4 0 16 6.04
5 0.24 17 1.25
6 0.39 18 0
7 10.06 19 0
8 15.24 20 0
9 18.9 21 0
10 21.1 22 0
11 22.06 23 0
12 21.47 24 0

3.9.2 Conventional Generator

Table 3.2 presents the fuel cost coefficients of the conventional diesel generator, its min-
imum and maximum generated power, and the maximum rates of production increase and

decrease [52].

Table 3.2: Conventional generator data

Parameter Value
Poenmin (KW) 0
Pyenmax (kW) 9

k; 0.04

m; 0.3
Max Increase Rate (kW) 8
Max Decrease Rate (kW) 8
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3.9.3 Wind Turbine Power Prediction Data

The wind power generation data were adjusted to a nominal value of 22 kW [57] and are

presented in Table B.3.

Table 3.3: Wind Power Generation Data

Time (Hours) | Wind Power (kW) | Time (Hours) | Wind Power (kW)
1 17.56 13 21.02
2 16.50 14 20.05
3 16.25 15 20.67
4 17.48 16 20.98
5 18.48 17 19.37
6 19.42 18 19.61
7 19.82 19 19.70
8 19.35 20 18.72
9 20.08 21 17.21
10 19.01 22 16.75
11 20.04 23 16.03
12 21.68 24 16.90

3.9.4 Total Initial Consumer Demand

The total average hourly load demand of the two consumers is presented in Table B.4.
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Table 3.4: Total Average Initial Demand per Hour
Time (Hours) | Demand Power (kW) | Time (Hours) | Demand Power (kW)
1 31.83 13 39.67
2 31.40 14 41.70
3 31.17 15 42.10
4 31.00 16 41.67
5 31.17 17 40.70
6 32.10 18 40.07
7 32.97 19 38.63
8 34.10 20 36.40
9 37.53 21 34.10
10 38.33 22 32.80
11 40.03 23 32.50
12 41.17 24 32.00

3.9.5 Commercial Consumer

For the two commercial consumers, Table 3.9 lists the consumer type (represented by 6),

daily power interrupt limits, and cost coefficients [52].

Table 3.5: Consumer Type, Daily Power Interrupt Limits, and Cost Coefficients

Consumer | 6 | Max Limit/Day (kW) | K, K,
Consumer 1 | 0.5 50 0.108 | 0.132
Consumer 2 | 0.6 60 0.184 | 0.164

3.9.6 Hourly Values of \ parameter

The parameter ), defined as the “power outage” cost for the utility company, is determined

via optimal power flow techniques [55]. Table B.6 presents the hourly values of \ (€/kW)

adjusted by [57], which are common to both consumers.
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Table 3.6: Hourly Values of A

Time (Hours) | A\ (€/kW) | Time (Hours) | A (€E/kW)
1 0.157 13 0.73
2 0.140 14 0.78
3 0.220 15 0.85
4 0.376 16 0.71
5 0.450 17 0.68
6 0.470 18 0.63
7 0.504 19 0.58
8 0.535 20 0.42
9 0.670 21 0.38
10 0.616 22 0.301
11 0.638 23 0.253
12 0.682 24 0.142

3.10 Constraints

A central feature of our implementation is the explicit incorporation of constraints that
guide the PSO algorithm in finding the optimal solution. All constraint equations refer to
parameters that can be set for each run, thereby allowing experimentation with varying mi-
crogrid sizes, numbers of consumers, generation capacities, utility incentive budgets, policies

for different consumer profiles, and more. The constraints are detailed as follows:

* Power Balance: For every hour ¢, the system must maintain power balance. The total
power produced by the wind turbine, photovoltaic array, conventional generator, and
main grid must equal the total required power of the two consumers. This is mathe-

matically expressed as:
2
Pgen<t) + PPV(t> + PWG<t) + Brans<t> = TD(t) - Z Pcurtail,k<t) (313)
k=1

where T'D(t) is the total power requested by the consumers and P14 1(t) is the

curtailed power for consumer £ (with £ = 1, 2).
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* Generation Limits: For each hour ¢, the output of both the photovoltaic array and the

wind turbine must be within their operational limits:
0< PPV(t) < PPV,max (314)
0 S PWG’(t) S PWG’,max (315)

* Main Grid Exchange Limit: The active power exchanged between the main grid and

the microgrid must remain within specified limits:

’Ptrans (t)’ S ptrans,max (316)

* Conventional Generator Limits: The conventional generator’s output must adhere to
its operational bounds:

Pgen,min S Pgen (t) é Pgen,max (317)

 Rate of Change of Generator Output: The change in generator output from time ¢ to

t + 1 cannot be instantaneous but must be limited as follows:
_Plimit,min S AR S Bimit,max (318)

where AP, = Py, (t+1) — Pyen(t), Plimit max 1S the maximum allowable increase, and

Piimit min 1s the maximum allowable decrease.

* Daily Compensation Budget: The utility company, which knows the cost coefficients
K, and K, for each customer, sets a daily total compensation budget (denoted as
Total ycost) of €150. This constraint is expressed by:

2

24
Z Z Y. < Total ycost (3.19)
t=1

k=1

* Daily Reduction Limit: The maximum daily power reduction capability for each con-
sumer, denoted as Max Limit/Day,, must be at least as great as the total power reduc-
tion achieved over the day:

24
Max Limit/Day, > Yz, k=1,2 (3.20)
t=1

* Exchange Power Pricing: For the pricing of power exchanged between the main grid

and the microgrid, a rate of 0.12 €/kWh is applied [58].
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3.11 Analysis of Results

The initial total hourly demand of the two commercial consumers of the program is pre-
sented in Table B.4. It is noteworthy that the peak of demand appears between the hours
10 a.m.—7 p.m., which may be due to increased commercial needs the two consumers are

required to cover during that time.

3.11.1 Conventional Generator Power

Table B.7 presents the optimal hourly power produced by the conventional microgrid
diesel generator for the period of 24 hours, with the generator presenting a continuous oper-

ation at all hours.

Table 3.7: Optimal Conventional Generated Power Over 24 Hours

Time (Hours) | Py, (kW) | Time (Hours) | Py, (KW)
1 6.68 13 1.18
2 6.90 14 6.17
3 6.92 15 1.02
4 5.52 16 8.95
5 8.69 17 7.29
6 8.44 18 7.21
7 5.26 19 6.93
8 0.69 20 5.68
9 6.21 21 8.89
10 4.42 22 8.05
11 2.89 23 8.47
12 1.43 24 7.10

3.11.2 Exchange Power between Main Grid and Microgrid

The optimal hourly exchange between the main grid and the microgrid, as a result of the
simulation of our algorithm taking into consideration a specific scenario in terms of param-

eters and the imposed constraints, is presented in Table 3.8
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Table 3.8: Optimal Transferred Power Over 24 Hours

Time (Hours) | Pyans (KW) | Time (Hours) | Pyans (KW)
1 4 13 -4
2 4 14 -4
3 4 15 4
4 3.99 16 -4
5 4 17 4
6 4 18 4
7 4 19 4
8 4 20 4
9 -4 21 4
10 -4 22 4
11 -4 23 4
12 -4 24 4

3.12 Formulation of Supply and Demand Side Datasets with

Demand Response Program

3.12.1 Wind Turbine and PV Generated Power

Figure B.G shows the optimal variation of the hourly produced power from the wind tur-

bine. Also, Figure B.7 shows the optimal variation of the hourly PV produced power.

3.12.2 Optimal Hourly Consumer Reduction Power

The optimal hourly values of the power reduction of the two consumers of the system,

due to their participation in the Demand Response program, are presented in Table B.9.

3.12.3 Hourly Incentive Payment

The hourly amounts that the two consumers receive as compensation for their participa-

tion in the Demand Response program are presented in Tables and B.11].
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Figure 3.7: Optimal hourly PV Generation

3.13 Discussion

The results of the implementation present interesting data regarding the behavior of the
microgrid and its cooperation with the main grid. According to Figure B.8, the conventional
diesel generator operates almost uninterruptedly throughout the 24-hour period, except at 8
o’clock where it presents almost zero output. However, it does not reach its nominal operating
value at any point in time, because power demands are partly covered by the RES.

It is observed that during the hours when there is a lack of solar energy—and therefore the
PV system shows zero output—the presence of the conventional generator is more intense,

reaching an output power of up to 8.95 kW. The stronger presence of Renewable Energy
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Table 3.9: Optimal Power Reduction of the Consumers Over 24 Hours

Time Consumer 1 | Consumer 2 Time Consumer 1 | Consumer 2
(Hours) (kW) (kW) (Hours) (kW) (kW)
1 0 3.58 13 0 0
2 0 4 14 0 0
3 4 0 15 0 0
4 0 4 16 4 0
5 0 0 17 3.99 0
6 0 0 18 4 4
7 0 0 19 4 4
8 0 0 20 4 4
9 0 0 21 4 0
10 0 0 22 4 0
11 0 0 23 4 0
12 0 0 24 0 4
30 '
----- Conventional Power
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Figure 3.8: Total hourly power generation of all sources

Sources (RES) reduces the reliance on conventional forms of production, which is desirable.
However, during periods of low RES penetration, Demand Response (DR) plays a critical
role and is most used in order to balance load demand and generation.
It is worth highlighting the curve of exchanged active power between the main grid and

the microgrid. When it is positive, the microgrid purchases power from the main grid, and
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Table 3.10: Hourly Incentive Payment for the Two Consumers (Hours 1-12)

Time (Hours) | Consumer 1 (€) | Consumer 2 (€)
1 0 2.6
2 0 3.22
3 1.99 0
4 0 3.22
5 0 0
6 0 0
7 0 0
8 0 0
9 0 0
10 0 0
11 0 0
12 0 0

when it is negative, it sells excess power to it. According to Figure B.8, during the first 8
hours the microgrid purchases energy to meet consumer demands. Then, for a period of 8
hours, the microgrid is able to sell energy back to the main grid, until the solar power output
becomes zero and the need to buy energy for the rest of the day arises again. When the RES is
operating at full capacity, there is surplus power available for sale to the main grid, especially
when the photovoltaic array is fully operational.

As can be observed, wind and solar power are the primary sources of the microgrid, with
the goal of operating them continuously over a 24-hour period, which is achieved in this case.

Regarding the participation of customers in the DR program, it is observed that both
consumers are forced to reduce their demand when the PV array produces zero or relatively
low output, since the combined power from the wind turbine and the grid input cannot meet
the initial total hourly demand.

The total energy reduction in the total consumption of the two consumers and the corre-
sponding monetary reward that each customer receives are presented in Table B.12]. The table
also includes savings resulting from load shifting from on-peak to off-peak periods, due to
participation in the demand response program, which offers the consumer a 30% return of

the total compensation as an incentive.
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Table 3.11: Hourly Incentive Payment for the Two Consumers (Hours 13-24)
Time (Hours) | Consumer 1 (€) | Consumer 2 (€)

13 0 0

14 0 0

15 0 0

16 1.99 0

17 1.99 0

18 1.99 6

19 6 3.21

20 1.99 3.22

21 6 0

22 6 0

23 1.99 0

24 0 3.21

Table 3.12: Total energy reduction and total compensation for each consumer

Consumer | Energy Reduction (kWh) | Total Compensation (€) | Incentive Saving (€)
Consumer 1 35.99 29.95 8.99
Consumer 2 27.58 24.70 7.41
Total 63.57 54.65 16.40

Both consumers are forced to reduce their consumption, without, however, having to

reach the upper limits, as agreed with the program administrator. Thus, the system is able

to respond to and handle unpredictable conditions of electricity shortage, which is a primary

objective of large-scale and advanced Smart Grids.

This result is encouraging, as it enables the creation of backup conditions during emer-

gencies, such as in the event of a temporary failure of the photovoltaic array during certain

hours of the day. The parameters ¢ are almost identical for the two consumers, which in

turn contributes to the total final reduction in power and, correspondingly, to the monetary

compensation for each one.
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3.14 Summary and Future Work

This work discusses an implementation of an incentive-based Demand Response (DR)
program, which employs the Particle Swarm Optimization (PSO) algorithm to encourage
customers to reduce their energy consumption. Beyond the obvious benefits of replacing con-
ventional power generation with Renewable Energy Sources (RES), as demonstrated through
the implementation, the main contribution of this work to the broader area of Demand Side
Management (DSM) lies in its modeling approach, particularly in the explicit incorporation

of constraints.

All values specified in the constraint equations are parameterized, allowing experimenta-
tion both from the perspective of the customer and the utility company. From the customer’s
perspective, this is indirectly linked to the environmental impact of power generation. Such
experimentation can be especially useful to policymakers—for instance, in determining ap-
propriate incentive tariff values or evaluating how many RES units can be deployed to meet

environmental targets such as net zero emissions by 2050.

Moreover, utility companies may offer tailored incentives to customers based on their
past consumption patterns, the revenue they generate for the grid, and the time periods during

which they typically consume energy (on-peak, mid-peak, or off-peak).

In the future, we intend to apply the model to scenarios with varying numbers of con-
sumers, different consumer profiles, diverse incentive tariffs, and different levels of RES
availability depending on geographical and climatic conditions. Through this, we hope to
contribute to the development of a testbed for other incentive-based demand response pro-

grams.

The primary goal of DR is typically to flatten the demand curve, which often results in
cost reductions for both suppliers and consumers, as well as lower emissions. Other studies
utilize PSO similarly but with predefined target values. In contrast, our approach explores
potential target values, with their achievability determined through further experimentation

using our implementation.
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3.15 Scalability and Impact of Direct Load Control: En-

hancing Demand Side Management Efficiency

3.15.1 Summary

This experimental application employs the IEEE 13-bus test feeder and aims to simulate
the operation of a system containing 629 residential consumers. In each household, there
is an installed passive controller, which can be controlled via the system operator (Direct
Load Control) and adjusts the consumer’s demand. These consumers participate in a Direct
Load Control Demand Response Program, according to which their household’s demand is
adjusted in real-time according to fluctuations in electricity prices. The goal of the simulation
is to draw reliable conclusions regarding the program’s impact on customer participation in

reducing demand and, as a result, decreasing system overload.

3.15.2 Introduction and Key Features of IEEE 13-Bus Test Feeder

The IEEE 13-bus test feeder is a benchmark distribution system used for power flow
analysis, fault studies, and smart grid research. It is part of the IEEE Distribution Test Feeder
set and represents a real-world radial distribution system with certain meshed characteristics
[59].

About the key features, this system is widely used for various applications, including
power flow analysis for unbalanced distribution systems, short-circuit studies, and protection
coordination. It also plays a critical role in voltage stability assessment and reactive power
management, which are essential to maintain system reliability. In addition, the feeder is
used to study the integration of distributed energy resources (DER), such as renewable energy
sources, and to advance research in microgrids and smart grid technologies. More specifically,

the key features are summarized below [60]:

* Network Topology: The IEEE 13-bus test feeder is composed of 13 buses arranged in
a primarily radial structure. It includes both single-phase and three-phase components,
allowing for unbalanced power flow studies. Additionally, it contains a small loop,

making it useful for weakly meshed system analysis.

» Voltage Levels: The system operates at a nominal voltage level of 4.16 kV. Step-down
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transformers are included for voltage regulation, ensuring voltage stability across dif-

ferent sections of the feeder.

* Load Characteristics: The IEEE 13-bus test feeder includes a combination of constant
power, constant impedance, and constant current loads. The presence of unbalanced
loads provides realistic conditions for phase imbalance studies, making it a valuable

benchmark for distribution system analysis.

* Line and Transformer Models: The feeder uses detailed line models with various con-
ductor types and lengths to accurately represent distribution network characteristics. It
also incorporates delta-wye and wye-wye transformers, which are essential for phase

shifting analysis and evaluating different transformer configurations.

 Capacitor Bank and Voltage Regulation: A capacitor bank is included in the system
for reactive power compensation, helping to manage power factor and voltage stability.
Additionally, a voltage regulator is present to maintain proper voltage levels throughout

the network, ensuring reliable system operation under different load conditions.

3.15.3 Software Environment

GridLAB-D is an open-source power distribution system simulation tool developed by the
U.S. Department of Energy’s Pacific Northwest National Laboratory (PNNL). It is designed
to model large-scale electric power distribution networks with a focus on integrating renew-
able energy sources, demand response, and smart grid technologies. Unlike traditional power
flow analysis tools, GridLAB-D incorporates advanced time-series simulation capabilities,
allowing users to analyze not only steady-state conditions but also dynamic interactions be-
tween loads, distributed energy resources, and grid controls over time. The software supports
modeling of residential and commercial buildings, electric vehicles, solar PV systems, and
various grid automation components, making it a comprehensive tool for grid modernization
studies.

One of the key strengths of GridLAB-D is its ability to perform high-fidelity simula-
tions with a detailed representation of customer behavior, load variations, and power system
controls. It includes built-in modules for load modeling, market operations, weather data in-
tegration, and voltage regulation, enabling researchers and utilities to evaluate the impact of

emerging technologies on distribution networks. The software is designed to work with other

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



Chapter 3. Demand Side Management: Advanced Strategies and Innovations in the Energy
78 Market

grid analysis tools, such as OpenDSS and MATPOWER, through co-simulation techniques.
Due to its extensible architecture, users can develop custom modules or integrate GridLAB-D
with external applications to enhance its functionality. Its widespread adoption in academia
and industry makes it a valuable resource for studying the transition to a more resilient and

sustainable power grid [61].

3.15.4 Description of the Problem

In this task the IEEE 13-bus network is utilized. Figures B.9 and illustrate a segment
of the network where nodes are represented by circles in a light grey hue, and the connections
with overhead line or underground line between each node are depicted as light grey straight
or dashed lines, respectively. The transformers within the network are highlighted using or-
ange lines. Additionally, the graphic denotes distribution transformers and the triplex meters
installed at each household using black dots and switch component with dark grey line. More

specifically, there is a feeder transformer at node 650, the technical specifications of which

are presented in Table B.13:

Table 3.13: Feeder Transformer Specifications

Parameter Value
Connection Type WYE WYE
Installation Type PADMOUNT

Power Rating 5 MVA
Primary Voltage 33000 Volt
Secondary Voltage 2401.777 Volt
Impedance 0.00033+0.0022j [Ohm]

Also, there is a distribution transformer, the specifications of which are presented in Table
and two capacitor banks, the specifications of which are presented in Tables and
3.16.

Moreover, as outlined in Table B.17, a total of 629 residential units are employed within
this test network. This table provides a detailed account of the number of houses attributed
to each node and phase.

Each house object in the GridLAB-D model represents a well-insulated residential build-
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Table 3.14: Distribution Transformer Specifications

Parameter

Value

connect _type

SINGLE PHASE CENTER TAPPED

install_type

POLETOP

shunt_impedance

10000-+10000j [Ohm]

primary_voltage

2401.777 Volt

secondary voltage

120 Volt

power_rating (kVA)

varies

impedance

0.00033-+0.0022j [Ohm]

Table 3.15: Specifications of Capacitor 1

Attribute Value
Phases ABCN
Name CAP1

PT Phase ABCN
Parent 675

Phases Connected ABCN
Control VOLT
Voltage Set High 2700.0
Voltage Set Low 2250.0
Capacitor A 0.10 MVAr
Capacitor B 0.10 MVAr
Capacitor C 0.10 MVAr
Control Level Individual
Time Delay 300.0
Dwell Time 0.0

Switch A Closed

Switch B Closed

Switch C Closed

Nominal Voltage 2401.7771
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Table 3.16: Specifications of Capacitor 2

Attribute Value
Phases ABCN
Name CAP2

PT Phase ABCN
Parent 675

Phases Connected ABCN
Control VOLT
Voltage Set High 2440.0
Voltage Set Low 2375.0
Capacitor A 0.05 MVAr
Capacitor B 0.05 MVAr
Capacitor C 0.05 MVAr
Control Level Individual
Time Delay 300.0
Dwell Time 0.0

Switch A Closed

Switch B Closed

Switch C Closed

Nominal Voltage 2401.7771

ing with an energy-efficient heating and cooling system. It utilizes a heat pump or gas for
heating and an electric system (HVAC) for cooling, where electricity powered sources are
controlled by passive controllers that adjust setpoints based on market conditions. The house
is designed with a diverse scheduling mechanism to simulate realistic energy usage patterns.
It also includes a ZIP load model for lighting and other electrical appliances, balancing differ-
ent types of power consumption. Additionally, a water heater with a demand-based control
strategy optimizes energy use while maintaining comfort levels. The thermal properties of
the house ensure stable indoor temperatures, and the integration of market-based controls
allows for dynamic responses to electricity pricing, improving overall efficiency and cost-
effectiveness.

The simulation encompasses a total of 20 schedules dedicated to water heating and 8
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Table 3.17: Total Houses per node and phase

node No Phase A Phase B Phase C

645 0 22 0
646 0 19 0
652 42 0 0
671 63 60 72
675 74 113 71
632 2 6 10
611 0 0 7
692 53 10 5

schedules for heating and cooling. These are then allocated to the houses in a random manner.

The stubauction object in the GridLAB-D model represents a simplified market mecha-
nism that updates every five minutes to simulate dynamic electricity pricing. It incorporates
a player object, which reads price data from an external file and continuously loops through
the dataset to provide real-time price signals. A recorder object is also included to track key
market statistics, such as the 24-hour average price, standard deviation, and the most recent
price, logging this data at one-minute intervals into a CSV file. This market model enables
demand-responsive behavior in connected loads, allowing smart appliances, HVAC systems,
and water heaters to optimize energy consumption based on price fluctuations. By integrating
this pricing mechanism, the model supports transactive energy strategies, helping to balance

grid demand and improve cost efficiency for consumers.

Passive Controller Description

The passive controller module functions as a demand-side control mechanism that pas-
sively adjusts a building’s thermostat setpoint (like cooling temperature) in response to mar-
ket signals. Instead of actively optimizing or forecasting, it uses statistical expectations and
observed values to influence system behavior within predefined limits. In this case, the con-
troller operates in RAMP mode, which means that it smoothly adjusts the cooling setpoint
based on a market signal, most likely an electricity price value referred to as next.P. The
degree to which the controller responds to the price signal is governed by the sensitivity

parameter.
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To make intelligent decisions, the controller needs two key inputs: One input provides a
statistical expectation of the market signal, such as a 24-hour average value (avg24), helping
the controller understand what a “normal” price looks like. The second input gives a real-time
or forecasted value, such as the next anticipated market price (next.P), letting the controller
compare current or near-future conditions to that normal baseline. The controller then calcu-
lates a control signal by determining how far the current or forecasted value deviates from the
average, using parameters like “range low” and range high” to define the meaningful range
of variation. If the signal falls within a configurable band (“ramp low” to “ramp high”), the
thermostat setpoint is adjusted accordingly, for instance, increasing the setpoint slightly dur-
ing high-price periods to reduce energy use, and lowering it during cheap electricity periods

to take advantage of low costs. Figure presents the above controller.

Figure 3.11: House Passive Controller

A separate flag lets the system know whether the controller is actively influencing the set-
point or not. Fundamentally, this controller facilitates a minimally invasive, market-sensitive
approach to adjusting energy consumption patterns without necessitating continuous opti-
mization, making it particularly suitable for environments where simplicity, predictability,

and responsiveness are paramount.

3.15.5 Methodology and Results

We run the simulation for 24 hours on the 1st of August with two configuration, a) market

price is steady and b) market price fluctuates based on the Table .18, which contains the
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hourly market prices of this day. The main goal of this simulation is to find if the demand

response program helps to reduce the energy consumption.

Table 3.18: Hourly Market Prices

Hour | Market Price | Hour | Market Price
0 0.065139609 | 12 | 0.084471806
1 0.063279907 | 13 | 0.093280668
2 0.047926635 | 14 | 0.097517265
3 0.054980748 | 15 | 0.090978092
4 0.054144897 | 16 | 0.099465131
5 0.052692165 | 17 | 0.103445608
6 0.025675894 | 18 | 0.118779549
7 0.048756545 | 19 | 0.122554232
8 0.060731834 | 20 | 0.121734869
9 0.067444366 | 21 | 0.110559158
10 | 0.077139106 | 22 | 0.092833806
11 | 0.085129386 | 23 | 0.081005661

The simulation results indicate that, without direct control, the daily energy consumption
of household HVAC systems reached 350 MW. However, by implementing the direct con-
trol program, consumption was reduced to 295 MW, representing a 15.7% decrease. More
specifically, with regard to the active and reactive power of the transformer as well as the

HVAC loads, the following observations can be made.

Active Power in each phase with and without Demand Response

Regarding the real power in each phase of the distribution transformer, it is observed that
at most time points, the power reduction is noticeable. Figure presents the total active
power of the consumers without demand response in blue, and with demand response in
orange. The reduction is particularly more pronounced in phases A and C, especially between

timesteps 800—1000.
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Figure 3.12: Total Active Power in each phase with and without Demand Response

Reactive Power in each phase with and without Demand Response

Regarding the total reactive power, which is presented in Figure it is worth empha-
sizing that, in all three phases, the power factor shifts from inductive to capacitive under
the influence of demand response. This change is attributed to the simultaneous reduction in
HVAC consumption by residential users, combined with the operation of the two capacitors.
This coordinated action significantly reduces the demand for reactive power, leading to a

surplus, which in turn results in a capacitive power factor.

HVAC Power in each phase with and without Demand Response

In Figure B.14, we observe the variation of total HVAC power in relation to the hourly
change in temperature. In the first plot, it is evident that power consumption increases sig-

nificantly in the case of demand response, reaching its peak just below 78°F. The second
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Figure 3.13: Total Reactive Power in each phase with and without Demand Response

plot, which perhaps provides the most reliable insight into the impact of demand response,
shows that the total load is consistently lower under the DR scenario, with the only exception

occurring between timesteps 900 and 1000.

3.15.6 Summary of the results and Conclusion

The study’s simulations demonstrate that implementing a direct control strategy yields
substantial energy savings in residential HVAC operation. Over a 24-hour period, uncon-
trolled HVAC systems consumed 350 MW, whereas the direct control program curtailed this
to 295 MW—a reduction of 15.7%. Phase-wise analysis of the distribution transformer’s real
power confirms that demand response consistently lowers load in all phases, with the most
pronounced decreases observed in Phases A and C between timesteps 800—1000. These re-

sults illustrate that targeted control not only shifts peak consumption but also smooths overall

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



3.15.6 Summary of the results and Conclusion

87

=

Average coecling setpoint

TEmperature in of
= A

|

— WO DR
With DR

Sum of HVAC load

1000
800
]
400

Power in MW

M

i
.-M"[ \

Market clearing price $/MW

Market price in §/MW

Figure 3.14: Total HVAC Power in each phase with and without Demand Response

400

£00 800 1000 1200
Timesteps

demand, effectively flattening the daytime HVAC load profile.

1400

Also, the coordinated operation of residential HVAC load shedding and the two capaci-

tors fundamentally alters the network’s reactive behavior. Under demand response, the trans-

former’s power factor transitions from inductive to capacitive across all three phases, re-

flecting an excess of reactive capacity. This arises because reducing HVAC reactive draw,

combined with capacitor injection, overcompensates for the network’s prior inductive needs.

Finally, when examining HVAC power against hourly temperature variations, demand re-

sponse proves particularly effective: although momentary spikes occur—most notably just

below 78 °F and between timesteps 900—1000—the overall HVAC load remains consistently

lower under the DR scenario. These findings validate direct control as a dual-benefit mech-

anism, cutting both active and reactive power demands and enhancing grid stability.
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Chapter 4

Time Series: Analysis and Forecasting

Approaches

In this chapter, the field of time series will be introduced, their characteristics will be
discussed, and a detailed analysis will be provided for all the models and algorithms used in
forecasting problems, as well as the most common techniques applied for data preprocessing

before they are used as inputs to the models.

4.1 Introduction to Big Data

Big Data is the sector that refers to the massive and complex datasets that exceed the ca-
pacity of traditional data processing systems to manage, analyze, and store efficiently. These
datasets are defined by the “three Vs”: volume, velocity, and variety. Volume pertains to the
sheer scale of data generated daily, from sources such as social media, sensors, and digital
transactions. Velocity is the rapid rate at which data is produced and needs to be processed,
often in real-time. Variety captures the different formats of data, including structured, semi-
structured, and unstructured forms such as text, images, videos, and logs. The growth of Big
Data has been driven by advances in digital technology, ubiquitous computing, and the pro-
liferation of data-generating devices.

The handling of these datasets introduces unique challenges that require advanced strate-
gies for data collection, storage, and analysis. Traditional database systems are often inade-
quate for managing these large-scale datasets, leading to the development of new paradigms

such as distributed computing frameworks, cloud storage solutions, and scalable data ware-
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90 Chapter 4. Time Series: Analysis and Forecasting Approaches

houses. Additionally, ensuring data quality and integrity becomes increasingly difficult as
the volume and diversity of data grow. Addressing these challenges is crucial for leveraging
these datasets to derive meaningful insights and support evidence-based decision-making
across fields such as healthcare, environmental science, and business analytics. Also, this
field requires not only technical innovation but also robust governance frameworks to ensure

privacy, security, and ethical use of the data [62].

4.2 Time Series and challenges in Big Data

Time series data is a sequence of data points collected or recorded at successive points in
time, typically at uniform intervals. Examples include stock prices, weather data, and sensor
readings. Time series analysis is a critical component of Big Data analytics, offering insights
into temporal patterns and trends. Time series data can be high-dimensional, especially when
dealing with multiple sensors or financial instruments. Managing and analyzing such data re-
quires sophisticated dimensionality reduction techniques. The volume of time series data can
be enormous, necessitating efficient storage and retrieval mechanisms. Techniques such as
data compression and indexing are often employed to handle large datasets. Time series data
is often noisy and may contain missing values. Robust preprocessing techniques, including
smoothing, interpolation, and outlier detection, are essential to prepare the data for analysis.
Many applications require real-time analysis of time series data, such as monitoring industrial
equipment or tracking financial markets. Stream processing frameworks like Apache Kafka
and Apache Flink enable real-time data ingestion and analysis.

Also, these data presents several challenges, starting with its high dimensionality, espe-
cially when collected from multiple sensors or financial instruments. This complexity often
requires advanced dimensionality reduction techniques to manage and analyze the data ef-
fectively. Additionally, the large volume of time series data necessitates efficient storage and
retrieval methods. To handle extensive datasets efficiently, techniques such as data compres-
sion and indexing are crucial.

Another significant issue is the presence of noise and missing values, which can impact
analysis. To address this, preprocessing methods like smoothing, interpolation, and outlier
detection are essential for preparing the data. Furthermore, some applications, such as indus-

trial monitoring or financial tracking, require real-time analysis. For these scenarios, stream
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processing frameworks like Apache Kafka and Apache Flink are employed to facilitate real-
time data ingestion and analysis [63].

Finally, about the application, time series analysis finds extensive applications across
various domains, leveraging its ability to uncover temporal patterns and trends. In finan-
cial markets, it is used for stock price prediction, algorithmic trading, and risk management,
enabling competitive trading strategies. In healthcare, time series data from wearable de-
vices and electronic health records support patient monitoring, anomaly detection, and dis-
ease outbreak prediction. Manufacturing benefits from time series analysis through predictive
maintenance, quality control, and production optimization, reducing downtime and enhanc-
ing efficiency. The energy sector utilizes it for load forecasting, demand response, and grid
management, ensuring efficient energy distribution. As part of Big Data analytics, time se-
ries analysis addresses the challenges of volume, velocity, and variety, requiring advanced
methods for real-time processing and accurate predictions. While issues like data quality,
integration, and privacy remain critical, advancements in statistical and machine learning
techniques are expanding the potential of time series analysis in driving innovation across

industries [64].

4.3 The Evolution and impact of Machine Learning in Big

Data

The methods by which big data is processed have evolved over time, as the ability to col-
lect and store an ever-increasing volume of data has grown more and more in recent years.
Initially, the approaches to these kinds of problems included statistical methods, such as those
analyzed above. In recent years, due to rapid technological progress, artificial intelligence
models have almost completely taken over this particular field, gaining more and more ap-
plications. Machine learning, a subset of artificial intelligence, has undergone substantial
evolution since its inception. In its early stages, machine learning was primarily focused
on developing algorithms capable of identifying patterns and making predictions from data.
The history of machine learning (ML) spans several decades, beginning with foundational
theoretical work in the mid-20th century. In 1943, Warren McCulloch and Walter Pitts in-
troduced the first mathematical model of neural networks, inspired by the workings of the

human brain. The 1950s marked further progress with Arthur Samuel coining the term “ma-
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chine learning” in 1959 while developing programs that allowed computers to play checkers.
Frank Rosenblatt’s creation of the perceptron in 1957 represented a significant early step in
enabling computers to classify and make decisions based on binary inputs. After a period of
slower progress in the 1960s and 1970s, advances in computational power and the develop-
ment of backpropagation algorithms in the 1980s reignited interest in neural networks. The
1990s emphasized data-driven approaches, introducing techniques like support vector ma-
chines and the use of recurrent neural networks. The 2000s saw the rise of large datasets and
improved computational resources, enabling advancements in fields like image recognition.
Deep learning techniques matured in the 2010s, transforming areas such as natural language
processing, while recent years have seen widespread applications of ML across industries,
marking its evolution from theory to impactful real-world technology [65], [66].

As the availability of large-scale data and computational power increased, the field of ma-
chine learning experienced a significant transformation. This shift was marked by the emer-
gence of deep learning, a subset of machine learning characterized by neural networks with
multiple layers. Deep learning models, inspired by the structure and function of the human
brain, have demonstrated remarkable capabilities in learning from large and complex datasets.
The development of convolutional neural networks (CNNSs) has been pivotal in advancing im-
age and video processing. CNNs excel at capturing spatial hierarchies in data, making them
highly effective for tasks such as image recognition and object detection. Meanwhile, recur-
rent neural networks (RNNs) and their variants, such as long short-term memory (LSTM)
networks, have significantly improved the analysis of sequential data, which is crucial for
applications like speech recognition and natural language processing. The success of deep
learning can be attributed to its ability to automatically learn hierarchical representations of

data, reducing the need for manual feature engineering.

4.4 Applications of Machine Learning and Deep Learning

in Power Systems

Machine learning (ML) and deep learning (DL) have found extensive applications in
power systems, addressing various challenges and enhancing efficiency and reliability. One
ofthe key applications is load forecasting, where ML models predict future electricity demand

based on historical consumption data and other relevant factors. Accurate forecasting is es-
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sential for efficient grid management and planning. DL techniques, particularly RNN-based,
are well-suited for handling time series data in power systems. These models can capture
complex temporal dependencies, making them ideal for tasks such as predicting short-term
and long-term energy demand, detecting anomalies in power consumption, and identifying

patterns in renewable energy generation.

In the realm of predictive maintenance, ML algorithms can analyze data from sensors
and other monitoring devices to predict equipment failures before they occur. This proactive
approach helps in minimizing downtime and reducing maintenance costs. DL models, with
their ability to process large volumes of data and detect subtle patterns, enhance the accuracy
of predictive maintenance systems, also. Another significant application is in optimizing the
integration of RES, such as solar and wind farms, into the grid. These models can predict
the variability in renewable energy generation and optimize energy storage and distribution
accordingly. This ensures a stable and reliable power supply while maximizing the utilization

of renewable resources.

Moreover, these models employed in enhancing the security and stability of power sys-
tems. These technologies can detect cyber-attacks and other security threats by analyzing
patterns of network traffic and system behavior. By identifying anomalies and potential vul-
nerabilities, machine learning models contribute to the resilience of power systems against
cyber threats. Overall, the integration of machine learning and deep learning in power sys-
tems offers substantial benefits, including improved forecasting accuracy, enhanced predic-
tive maintenance, optimized RES integration, and strengthened security. As these technolo-
gies continue to evolve, their applications in power systems are expected to expand, driving

further advancements in the efficiency and reliability of energy management [67].

4.4.1 Time Series Preprocessing Techniques

Preprocessing time series data is a crucial step in preparing it for meaningful analysis and
modeling. Unlike conventional datasets, time series data is inherently sequential, meaning
that the order of observations carries significant temporal relationships. This characteristic
necessitates specific preprocessing techniques to address issues such as missing data, outliers,

non-stationarity, noise, and trends.
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1. Handling Missing Data: Missing data is a common problem in time series, arising from
sensor failures, human errors, or transmission issues. Various imputation techniques can be

applied depending on the context and the nature of the data [68]:

* Linear interpolation and polynomial interpolation are effective for smoothly vary-

ing datasets.

* Forward fill and backward fill methods are commonly used in real-time applications

where the last observed value holds relevance.

* For more complex cases, model-based imputation methods, such as those relying on

k-nearest neighbors or regression, can provide more accurate estimates.

2.Smoothing Techniques: Smoothing is a key method to reduce noise in time series, which
is often characterized by random fluctuations or irregularities. The key factors are the follow-

ing [68]:

* Moving Averages: Involves averaging each data point with its neighbors. This tech-
nique effectively smooths out short-term fluctuations and highlights longer-term trends

by creating a smoothed version of the original time series.

* Exponential Smoothing: Assigns exponentially decreasing weights to past observa-
tions, allowing more recent data to have a greater influence on the smoothed values.
Variants include:

— Simple Exponential Smoothing: Suitable for data without trend or seasonality.
— Holt’s Linear Trend Model: Accounts for linear trends.
— Holt-Winters Seasonal Model: Incorporates both trends and seasonal patterns.

* Kernel Smoothing: Utilizes a kernel function to weigh data points, offering a flexible

approach that adjusts to the structure of the data. This method helps in smoothing by

considering the local data distribution around each point.

3. Normalization and Scaling: Normalization and scaling are essential preprocessing tech-

niques for time series data, ensuring that the data is in a consistent format suitable for analysis
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and modeling. These methods are particularly important when working with algorithms sen-

sitive to the scale of input features, such as distance-based methods and neural networks.
Normalization involves adjusting the values of time series data to a common scale without

distorting differences in the range of values. Common normalization and scaling methods

include [69]:

* Min-Max Scaling: This method scales the data to a specified range, often between 0
and 1, using the formula below:

X — Xmin

X =— "
Xmax - Xmin
It is effective when the data does not contain significant outliers, as it preserves rela-

tionships between data points.

+ Standard Scaling (Z-Score Normalization): This method transforms the data to have
a mean of zero and a standard deviation of one. The formula is:

X —p
a g

X/

where 1 is the mean and o is the standard deviation of the time series. It is particularly
useful for datasets with varying distributions and for algorithms that assume normally

distributed data.

Other scaling techniques, such as robust scaling, address the presence of outliers by using
the median and interquartile range (IQR) instead of mean and standard deviation. These pre-
processing methods enhance model convergence, improve interpretability, and ensure con-

sistency in time series forecasting tasks.

4. Data Cleaning: Data cleaning is a crucial step in the preprocessing pipeline for time
series data, ensuring that the dataset is accurate, complete, and suitable for analysis or mod-
eling. Time series data often contains noise, missing values, outliers, and inconsistencies that
can degrade the performance of forecasting and analytical models. Effective data cleaning
mitigates these issues, resulting in more reliable and interpretable results [69].

Key tasks in time series data cleaning include:

* Outlier Detection and Removal: Outliers, which deviate significantly from other data
points, can distort model performance. Techniques to detect and handle outliers include

z-score analysis, interquartile range (IQR) methods, and domain-specific thresholds.
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* Noise Reduction: Time series data often includes random fluctuations or noise that
can obscure meaningful patterns. Techniques like moving averages, smoothing filters,

and wavelet transforms are commonly applied to reduce noise.

* Handling Duplicates and Inconsistencies: Duplicate entries and inconsistent format-
ting in timestamps or values can lead to inaccuracies. These issues are addressed by

removing duplicate entries and standardizing formats to ensure uniformity.

5. Stationarity and Trend Removal: Time series models often assume stationarity, where
the statistical properties of the series (mean, variance, etc.) remain constant over time. How-
ever, real-world time series frequently exhibit trends or seasonal patterns, violating this as-
sumption. Differencing, which involves subtracting consecutive observations, is a common
technique for removing trends and achieving stationarity. Seasonal decomposition methods,
such as STL (Seasonal and Trend decomposition using Loess), further isolate the trend, sea-

sonality, and residual components, enabling more focused analysis [70].

6. Feature Engineering: Feature engineering in time series analysis involves creating fea-

tures that enhance model performance by capturing relevant patterns and dependencies [71].

» Temporal Features: Extracting components such as trend, seasonality, and cyclical pat-
terns helps in capturing long-term movements and periodic fluctuations. Decomposing
the time series into these components provides valuable insights into its underlying

structure.

» Lag Features: Creating features based on previous time steps, or lag values, helps the
model to learn temporal dependencies and patterns from past observations. This is

crucial for capturing how past values influence future ones.

* Rolling Statistics: Features such as moving averages and rolling standard deviations
smooth out short-term fluctuations and reveal longer-term trends. These statistics help

to understand the data’s underlying patterns more clearly.

* Differencing and Transformations: Techniques like differencing (calculating the dif-
ference between consecutive observations) help to stabilize the mean of the time se-
ries, while transformations (e.g., logarithmic or power transformations) can stabilize

variance and make the data more suitable for modeling.
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» External Features: Incorporating additional variables such as calendar features (day
of the week, holidays), weather data, or economic indicators can provide additional

context that influences the primary time series.

7. Resampling and Synchronization: Resampling is essential when time series data is
recorded at different frequencies. Upsampling involves interpolating intermediate values to
increase the frequency, while downsampling aggregates values (e.g., by calculating means
or sums) to reduce the frequency. Synchronizing time series with inconsistent time stamps,
such as aligning data collected from multiple sources, ensures uniformity, which is critical

for comparative analysis or multi-variable modeling.

By addressing these preprocessing challenges, time series data can be transformed into a
more manageable and informative form, paving the way for effective modeling and insight-
ful analysis. Proper preprocessing ensures that temporal relationships are preserved while
eliminating noise and inconsistencies, thereby enhancing the reliability of downstream ap-

plications [69].

4.4.2 Forecasting Methods

The methodologies used for timeseries forecasting tasks have been enhanced and pro-
gressed in high level the last five to ten years. Despite the fact that in the early years we
saw statistical models being used, with advances in technology, there is an increasing trend
toward the use of Machine Learning (ML), Deep Learning (DL), and Ensemble Methods,
which appear to dominate over the former due to the flexibility and high performance they
offer. Starting from traditional methods, there will be an extensive mathematical presenta-
tion of the most fundamental models, both statistical and those involving machine, deep, and
ensemble learning methods. This section provides a detailed overview of the most common
models used for these purposes. Initially, the statistical models are presented, followed by
the machine and deep learning, and finally, the ensemble methods are analyzed. For a better
understanding of the categories and the variety of the models, Figure @. 1| graphically presents

the aforementioned.
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Figure 4.1: Timeseries Forecasting Methods

4.4.3 Statistical models

Statistical models are essential in ELF and EPF, providing robust frameworks to un-
derstand and predict trends in time series data. Among the most prevalent models are Au-
toRegressive Integrated Moving Average (ARIMA) models, which combine autoregression,
differencing, and moving averages to model temporal dependencies and achieve stationarity.
Seasonal ARIMA (SARIMA) models manage seasonal changes effectively by using seasonal
differencing and seasonal autoregressive and moving average parts. Exponential Smoothing
methods, like Holt-Winters, are popular for being simple and effective in dealing with sea-
sonality and trends in time series. Generalized Autoregressive Conditional Heteroskedasticity
(GARCH) models are used to capture and predict volatility patterns, mainly in financial data.
State Space Models and Kalman Filters offer a flexible way to model dynamic systems, es-
pecially for time-varying processes. These methods are important in the energy sector and

are presented in detail below.

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



4.4.3  Statistical models 99

AutoRegressive Integrated Moving Average

AutoRegressive Integrated Moving Average (ARIMA) analyzes time series data and pre-
dicts future trends based on historical values. This model is characterized by three main pa-
rameters: p, d, and q. The first parameter p is the number of lag observations of the model,
which constitutes the autoregressive part (AR). The second parameter d is the number of
times the raw observations are differenced to achieve stationarity, which is the integrated
part (I). The third parameter q refers to the Moving Average part of the model (MA) [72].

The basic equations of this model can be expressed as follows:

P q
Yy =c+ Z GiYr—i + Z €t + € (4.1)
i=1 j=1

where, y; represents the value at time point ¢, ¢ a is a constant, ¢; are the coefficients for
the AR part, 6; are the coefficients for the MA part, and ¢, is the error term at time . The
autoregressive (AR) part of the model means that the output is directly influenced by its past

values and can be written as:

p
Yo =c+ Z GiYr—i + € (4.2)
i=1

The integrated (I) part of the model is used for differencing the raw observations, in order

to make the data more stationary. It can be expressed as:

y; =Yt — Yt—1 (4.3)

Finally, the MA part represents the dependency between an observation and a residual

error. It can be written as:

q
Yy =c+e+ Z € (4.4)

j=1
Seasonal AutoRegressive Integrated Moving Average

Seasonal AutoRegressive Integrated Moving Average (SARIMA), is an extension of the
ARIMA model, because its capability to handle seasonality in time series. The model inte-
grates both non-seasonal and seasonal components. Three parameters p, d, q are represent the
seasonal part and four parameters P, D, (), s are for the non-seasonal part. p is the number

of non-seasonal AR terms, d is the number of non-seasonal differences, and q is the number
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of non-seasonal MA terms. For the seasonal components, P indicates the number of seasonal
autoregressive terms, D represents the number of seasonal differences, and Q represents the
number of seasonal moving average terms. Finally, the parameter s is the length of the sea-
sonal cycle [73].

The main formulation of SARIMA can be expressed with the following equation [[73]:

p q
Yp=c+ Z OiYr—i + Z Oj€r—;
i=1 j=1

P Q
+ Z DY) g + Z Or6—1s + €&

k=1 =1

(4.5)

where, ¢; are the non-seasonal AR factors, 6; are the factors of MA part, ¢, are the factors
for the seasonal AR part, ©; are the MA seasonal factors, s is the seasonal period, and ¢; is

the error term at time ¢.

Non-seasonal and Seasonal Parts: The non-seasonal part is similar to the ARIMA model
and can be written as the equation (1). The seasonal part operates for the seasonal fluctuations

and can be written as:

P Q
Y, = Z LY ps + Z O€1—1s (4.6)
k=1 =1

where, Y; represents the seasonal component of ;.

Differencing: The seasonal and non-seasonal differencing part can be expressed as fol-
lows: The non-seasonal differencing can be expressed as the equation (3), while the seasonal

differencing can be written as:

Y/ =Y -Y,, (4.7)

Exponential Smoothing

Exponential Smoothing (ES) method is suitable and effective in dealing with univariate
datasets. It gives more importance to recent data values by applying weights that reduced
in exponential way from the recent to the older data, so recent observations influence the
forecast more than older ones.

There are three main exponential smoothing methods:
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+ Single Exponential Smoothing (SES): This method is suitable for time series without

trend or seasonality.
* Double Exponential Smoothing (DES): Proper for data with a trend.

* Triple Exponential Smoothing (TES): Or Holt-Winters, which is suitable for data with

both trend and seasonality patterns.

Single Exponential Smoothing (SES): The main equation for SES is:

U1 = oy + (1 — )G (4.8)

where, 7,1 1s the prediction for the time ¢ 4 1, «v is the smoothing parameter with 0 < o < 1,

y; 1s the actual and g is the predicted value at time ¢, respectively.

Double Exponential Smoothing (DES): DES introduces a second equation to account for

trends:

Utp1 = g + b (4.9)
li = oy + (1 — o) (l—1 + by—1) (4.10)
b= BU — 1) + (1= B)bis @11

where, [; is the level component at time ¢, b, is the trend component at time ¢, and o and (3

are smoothing parameters, with 0 < «, 5 < 1.

Triple Exponential Smoothing (TES) - Holt-Winters: TES or Holt-Winters method, adds

a seasonal component, as follows:

Ytam = bt + bym + Stym—s (4.12)
b= a4 (1= @) (-1 + b (4.13)
t—s
by =Bl — li—1) + (1 — B)bi—y (4.14)
5= 77 + (L= 7)sis (4.15)
t

where, [; is the level component at time ¢, b; represents the trend component, s; is the seasonal
component, s is the length of the seasonal cycle, o, 3, and 7 represent the smoothing variables,

with values between 0 and 1, and m is the number of periods ahead to be forecasted [74].
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Generalized Autoregressive Conditional Heteroskedasticity

The Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model is a
statistical model used to forecast future fluctuations in time series. It is mainly useful in
financial applications, where GARCH predicts the volatility of financial markets. This model
utilizes lagged terms of both the error and its variance and can be expressed through the mean
and variance equations, as follows [[75]:

The mean equation:

Y=+ € (4.16)

where, y; represents the value at time ¢, ¢ is the mean, and ¢, is the error term.

The variance equation:
q p
ol =ap+ Z i€+ Z /Bjaf_j (4.17)
i=1 j=1

where, o2 is the conditional variance at time ¢, oy is a constant, o are the coefficients for the
lagged squared residuals (¢7_,), (3; are the coefficients for the lagged variances (o7 ;)» pisthe
order of the GARCH terms, and ¢ is the order of the ARCH terms. Finally, the error term ¢,
is typically modeled as:

€ = 0124 (4.18)

where, z; is a white noise process with zero mean and unit variance.

4.4.4 Machine learning models

Machine Learning (ML) models are effective in ELF and EPF tasks, and are capable of
dealing with complex and nonlinear datasets that contain fluctuations and volatility. They are
used for both regression and classification tasks and the most commonly models are presented

below.

Support Vector Machine

Support Vector Machine (SVM) is a supervised learning model, of which the basic work-
ing mechanism is to find the hyperplane that best separates the data into two different groups,
maximizing the margin among them. Given a set of training data {(x;,y;)}",, where z; is
the feature vector and y; is the label, the alrorithm aims to find the optimal hyperplane for the

best data separation. There are two categories, the linear and non-linear approach [76].

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



4.4.4 Machine learning models 103

Linear SVM: For linear SVM, the working function is given by:

fle)=w-x+0b (4.19)

where, w is the weight vector, and b is the bias term.

The optimization problem of finding the optimal hyperplane can be formulated as:

1 2
min o jw] (4.20)
subject to the constraints:
yi(w-z; +b) >1 foralli=1,2,...,n 4.21)

Non-linear SVM: For non-linearly separable data, SVM can be extended using the kernel

trick. The function becomes as follows:

fl@) =" awK(z;,z) + b (4.22)
=1

where, «; are the Lagrange multipliers, and K (x;, z) is the kernel function, which computes

the inner product between two feature vectors in a high-dimensional space.

Support Vector Regression

Support Vector Regression (SVR) is an extension of SVM model used for regression
tasks. It aims to find a function that approximates the relationship between input features and
continuous output values with minimal error, while maintaining model simplicity.

The objective of the model is to find a function f(x) = w - z + b that approximates the
target values y; within a margin of ¢, while keeping the model complexity as low as possible.

The SVR optimization problem is expressed as:

min_ 2 flwl? +C (6 + ) (423)
=1

w’bafi 75»3:

Subject to the constraints:

yi — (w- i +b) <e+ ¢
(Wi +0) —y; < e+ & (4.24)
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where, w 1s the weight vector, b is the bias term, §;and £ are slack variables for points outside

the margin, C'is the regularization parameter, and n is the number of training samples [76].

Linear Regression

Linear Regression (LR) is a machine learning method, which assumes a linear relationship

between an input variable = and the target variable y. The model can be represented as [[77]:

y=P5+ bz +e (4.25)

where, y is the target variable, [, is the intercept, (3, is the slope (coefficient) of the input
variable x, and ¢ is the error term.
The objective is to find the values of 3y and ; that minimize the sum of squared residuals

(the difference between the observed and predicted values):

min Y (y; — (Bo + B12:))? (4.26)
Bo,b1 —

where, n is the number of observations.

Multilinear Regression

Multilinear Regression (MLR) extends Linear Regression by modeling the relationship
between a continuous target variable and multiple input features. It assumes a linear relation-
ship between the target variable y and multiple input variables x = (x1, x, . .., x,). Similarly

with Linear Regression, this model can be represented as [77]:

y=0o+ ...+ Bpr,+e€ (4.27)

where, y is the target variable, 3, is the intercept, 5; are the coefficients of the input variables

x;, € 18 the error term.

The objective is to find the values of 3y, 31, ..., 3, that minimize the sum of squared
residuals:
n p
min P — + ))? 4.28
50,51y (ys — (Bo ;@ i) (4.28)

where, n is the number of observations, and p is the number of input variables.
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Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is a very effective and scalable algorithm used
for supervised learning tasks. It belongs to the ensemble learning family and is based on the
gradient boosting framework. XGBoost combines the outputs of several models, typically
decision trees. It trains each tree sequentially, with each tree correcting the errors made by
the previous trees.

The objective function in XGBoost includes two parts: the loss function, which measures
the difference between predicted and true values, and a regularization term, which manages

model complexity to reduce overfitting.

n K

Obj(©) = > L(yi. i) + Y Qfi) (4.29)
k=1

i=1
where, O represents the model parameters, L(y;, 9;) is the loss function measuring the differ-

ence between the true label y; and the predicted label ¢;, and Q( f;) is the regularization term

for the k-th tree fy.
About the Loss Function, XGBoost typically uses the mean squared error (MSE):

L(yi, 9i) = (yi — 9i)° (4.30)
where, y; is the predicted probability of class 1.

Finally, in order the models to avoid overfitting, the regularization term, consists of two

parts: tree complexity term and leaf weight regularization term. It can be writtern as:

fi) = T + S\ ul} (@31)

where, 7' is the number of leaves in the tree f;, and w are the weights associated with the leaf

nodes [78].

Random Forest

Random Forest (RF) is an ensemble learning algorithm, which is a combination of multi-
ple decision trees. This model generates a set of decision trees during training and produces
the final output by taking the mode of the average predictions from each individual tree. Each
decision tree is trained on a random subset of the training data, and at each split in a tree, a
random subset of features is considered. This randomness helps in making the model robust

and reducing variance.

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



106

Chapter 4. Time Series: Analysis and Forecasting Approaches

Mathematically, the prediction ¢ of a Random Forest model is given by [79]:

1 T
i= ; fulw) (4.32)

where, T is the number of trees in the forest, f;(z) is the prediction of the ¢-th tree for the

input . For classification, the mode of the class labels predicted by each tree is taken, while

for regression, the average of all tree predictions is used.

4.4.5 Deep learning Models

Similar to ML algorithms, the most commonly used DL models are the presented below.

Multilayer Perceptron

The Multilayer Perceptron (MLP), which is presented in Figure #.2], is a simple feedfor-

ward neural network (FNN) model that consists of one input layer of nodes, hidden layers,

and one output layer, which creates the final prediction. Each node in each layer is connected

to every node in the previous and next layer, through neurons, in which correspond synaptic

weights, which are used for the transmission of information across the model. An activation

function, such as the rectified linear unit (ReLU) is used in order to calculate the output of

each node.

Given an input vector z, the output of a node j in the hidden layer i can be calculated as

follows:

Tlinput
A=) wlha + b (4.33)
i=1
a? = f(zjh) (4.34)

where, ninpy 1s the number of nodes in the input layer, wlhj is the weight of the connection

between the ¢-th node in the input layer and the j-th node in the hidden layer, b;-‘ is the bias

of the j-th node in the hidden layer, and f is the activation function.

Similarly, the output of a node £ in the output layer can be computed as:

Mhidden

s = S a4 g 43)
7=1
CLzutput — f ( ZZUtPUt) (43 6)
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Figure 4.2: Multilayer Perceptron

The training of MLP model is carried out through backpropagation method, in which
the error between actual and forecasting values is minimized by adjusting the weights and
biases using gradient descent. The loss function used is based on each different task. Usually,
mean squared error is used for time series forecasting and cross-entropy loss for classification

tasks [80].

Long Short-Term Memory

Long Short-Term Memory (LSTM) is a type of recurrent based architecture, more suitable
to manage sequential data, like energy consumption, and capture long-term dependencies
between them from RNNs. LSTM networks, unlike regular RNNs, are capable of maintaining
information for extended periods, which helps solve the vanishing gradient problem that often
occurs in simple RNNs.

LSTM networks are composed of LSTM cells, which main structure are presented in

Figure §.3, and has three main gates:
* Forget Gate: Determines what information to discard from the cell state.
* Input Gate: Selects which new information to store in the cell state.
* Output Gate: Chooses what part of the cell state is proceed to the output.

The equations for the LSTM cell are as follows:
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Figure 4.3: Long Short Term Memory Structure

Forget Gate
ft = O'(Wf . [htfl, ZL’t] + bf) (437)
Input Gate
it = o (Wi [he—1, ] + ;) (4.38)
C, = tanh(We - [hy_y, ] + be) (4.39)
Cell State Update
Cr=fi- Cooy 41 Cy (4.40)
Output Gate
Oy — O'(Wo . [htfl, l’t] -+ bo) (441)
ht = Oy * tanh(Ct) (442)

where, x; is the input at time step ¢, h;_; represents the hidden state from the previous time
step, C;_1 is the cell state from the previous time step, f; is the forget gate activation, ¢, is
the input gate activation, ét is the candidate cell state, C; is the updated cell state, o; is the
output gate activation, h; is the hidden state at time step ¢, W, W;, W, W, are the weight
matrices, by, b;, bc, b, are the bias vectors, o is the sigmoid activation function, and tanh is

the hyperbolic tangent activation function [81]].
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Convolutional Neural Network

A Convolutional Neural Network (CNN) includes convolutional layers, pooling layers,
and fully connected layers. More specifically, its structure is presented in Figure %.4 and

includes the following:

Convolutional Layer: In this layer, convolution operations are applied to the input data
through a series of learnable filters (also known as kernels). Each filter slides across the

input, generating a feature map. The convolution process is defined as:

(f*2)(i,5) =>_ Y a(i+m,j+mn) f(m,n) (4.43)

where, x is the input, f is the filter, and * denotes convolution.

Pooling Layer: This layer reduces the spatial dimensions (height and width) of the feature
maps, helping to decrease the number of parameters and computational load in the network.

One common pooling operation is Max Pooling, which is defined as:

y(i,j) = maxz(i +m,j +n) (4.44)

m,n

where, z is the input and y is the pooled output.

Final Fully Connected Layer: The fully connected layer creates the final prediction. Each
neuron of this layer is connected to every neuron in the previous layer. The output is computed

as:

y=W-.-x+0 (4.45)

where, W is the weight matrix, x is the input vector, and b is the bias vector [81].

Hybrid CNN-LSTM Model

The CNN-LSTM model is a hybrid deep learning algorithm that uses the CNN layers
for feature extraction of the input dataset and the LSTM model for sequence prediction, like
multistep ahead forecasting of time series. Although the process of this model is divided into

two parts, the operation of each of the two components-models separately is the same as
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Figure 4.4: Convolutional Neural Network Architecture

Input Layer CNN-LSTM Output Layer

Figure 4.5: CNN-LSTM Model Architecture

described above for LSTM and CNN algorithms, respectively. Figure §.3 shows the CNN —
LSTM’s architecture.

Temporal Convolutional Networks

Temporal Convolutional Network (TCN) is a relatively new type of deep learning model
that has a dilation of CNN- 1D layers with the same input and output length. The working
principle of TCN's is the following [82]:

* At first, the model computes the low-level features using the CNN-1D modules encod-

ing the spatial - temporal information,

* Secondly, the model feeds this information and classifies them using Recurrent Neural

Networks.
Recent studies have proven that TCNs have great performance in predicting time series

with multiple seasonalities and trends. Figure §.6 presents the basic architecture of a TCN.
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Figure 4.6: Temporal Convolutional Network

Transformer Models

Transformer models have revolutionized time series forecasting with their ability to han-
dle complex dependencies through self-attention mechanisms. It is a deep learning architec-
ture designed for sequence-to-sequence tasks such as machine translation and text generation.
Unlike earlier models that relied on recurrent or convolutional structures, the Transformer
employs only attention mechanisms to process input sequences in parallel, significantly im-
proving efficiency and scalability.

The Transformer consists of two main components: the encoder and the decoder.

- Encoder: Processes input sequences.

- Decoder: Generates output sequences from encoded representations.

The Encoder: The encoder is responsible for processing input sequences and generating
context-aware representations. The process begins with input embeddings and positional en-

coding. Since the model lacks recurrence, it requires positional encoding to maintain order
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information. The input tokens are first converted into dense vector representations (embed-
dings) and then combined with positional encodings.

Within each encoder layer, a multi-head self-attention mechanism is employed. Each to-
ken attends to every other token in the input sequence, allowing the model to capture de-
pendencies regardless of distance. This is achieved using scaled dot-product attention, which
computes weighted sums of token representations based on their relevance. The output of the
attention mechanism 1is then passed through an addition and normalization layer, ensuring
stable gradient flow and improved learning. Following this, a fully connected feed-forward
layer is applied independently to each token’s representation, introducing non-linearity to the
model. The encoder consists of multiple such layers stacked on top of each other, progres-

sively refining token representations [83].

The Decoder: The decoder generates the output sequence one token at a time, utilizing
the encoder’s context-aware representations. Similar to the encoder, input embeddings are
combined with positional encodings before being processed through multiple identical layers.

Each decoder layer begins with a masked multi-head self-attention mechanism. Unlike
the encoder’s self-attention, the decoder applies a mask to prevent positions from attending
to future tokens, ensuring proper autoregressive generation. The output is then processed
through an encoder-decoder attention mechanism, which allows the decoder to attend to the
encoder’s output and incorporate context from the input sequence. A feed-forward network
and normalization layers further refine the token representations. The final processed rep-
resentations are passed through a linear transformation and softmax activation to produce
output probabilities over the vocabulary [83].

Each of these comprises multiple identical layers, containing key operations such as
multi-head attention, feed-forward networks, and normalization layers [81]:

The core component is the Self-Attention Mechanism, which computes the attention

scores using the following equations [83]:

Scaled Dot-Product Attention:

. QKT
Attention(Q, K, V) = softmax | —— | V
Vdj,

where, () is the query matrix, K is the key matrix, V' is the value matrix, and dy, is the dimen-

sion of the key vectors.
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Figure 4.7: Transformer Model Architecture
Multi-Head Attention:
MultiHead(Q, K, V') = Concat (head,, head,, . . . , head;,) W (4.46)
where, each head is computed as:
head; = Attention(QW 2, KWK vivY) (4.47)

and I/ViQ, WX, WY are parameter matrices for the i-th attention head, and WO is the

output matrix.

Figure §.7 visualizes the typical structure of Transformer model.
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Key Advantages of the Transformer Model: The Transformer model provides several
advantages over traditional sequence-to-sequence architectures. Due to its parallelization ca-
pability, it processes entire sequences simultaneously, significantly reducing training time.
The self-attention mechanism enables direct interactions between distant tokens, improving
performance on long texts. Moreover, its scalability has led to widespread adoption, serving

as the foundation for modern large-scale models such as BERT and GPT.

Ensemble Methods

Ensemble methods combine predictions from multiple models to improve accuracy. Tech-

niques such as Random Forests and Gradient Boosting are commonly used:

M
§=_ wnfn(x) (4.48)
m=1

where M is the number of models, w,, are weights, and f,,(z) are the model predictions.

The choice of model for time series forecasting depends on various factors, including the
nature of the data, the required forecast horizon, and the computational resources available.
Traditional models offer simplicity and interpretability, while advanced ML and DL models
provide the capacity to capture complex patterns and dependencies. The ongoing develop-
ment in these areas continues to enhance the capabilities of forecasting systems, making them
crucial tools in a wide range of applications.

The primary concept underlying ensemble methods is to capitalize on the advantages of
different algorithms and combine their ultimate predictions, resulting in enhanced accuracy
and robustness. These models can be applied to a variety of tasks, including statistical, as
well as ML and DL models for classification, regression, and clustering tasks.

A key benefit of these algorithms is their capacity to decrease overfitting, which leads to
bad forecasting performance and variance, which represents the level of fluctuation in predic-
tions across different models within the ensemble, respectively. By combining the forecasts
of several models, ensemble methods help minimize variance and produce more reliable pre-
dictions.

Regarding the disadvantages, they are typically more complicated to implement and in-
terpret compared to individual models, and in most cases they require significantly more
computational power. Their performance is highly dependent on the combination of models

used, which makes identifying the best set of models a difficult task. Additionally, the ensem-
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ble’s method quality is pivotal due to the fact that poorly performing models can negatively
affect the ensemble final prediction, leading to issues such as overfitting or underfitting.
The most common techniques used to create ensemble models are bagging, boosting, and

stacking, which are analyzed below [84].

Bagging

Bagging consists of training each model individually and then combining their predictions
using a weighted average. This approach can be used with any type of model and is effective
at reducing variance and preventing overfitting. Initially, several iterations of the dataset are
executed, each containing distinct subsets of the initial data. After, these subsets are used
to train models separately, and finally their predictions are integrated to produce the final
output. By merging predictions from different models in a weighted average process, bagging

improves both the accuracy and reliability of the final predictions [81, 84].

Boosting

Boosting is a technique where each model is trained to correct the errors in predictive data
analysis. Models are trained using labeled data to make predictions about unlabeled data. This
method improves the accuracy of the final predictions but is more vulnerable to overfitting
in comparison to bagging method. Boosting begins with a simple model and gradually adds
more complex models, each focusing on the data points that were wrongly labeled by previous
models. Each of the different forecasts is merged using a weighted combination based on their

final accuracy [81,84].

Stacking

Stacking, also called stacked generalization, involves combining the predictions from
various base models—sometimes known as first-level models or base learners—to produce
a conclusive prediction. This approach entails training multiple base models on an identical
dataset and utilizing their output as input for a higher-level model, termed a meta-model or
second-level model, to produce the final outcome. The fundamental concept is to improve
predictive accuracy by combining the outputs of various base models, rather than depending

on a single model [81, 84].
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4.4.6 Evaluation Metrics

In terms of related work, the evaluation metrics that are most frequently employed are

included in Table §.1] [85,86, 87]:

Table 4.1: Common Evaluation Metrics for Time Series Forecasting

Metric Equation Description
Mean Absolute L&
MAE = =% [y — Measures the average absolute
Error (MAE) t=1 _
difference between actual and

predicted values. Lower values

indicate better performance.

Mean Squared
Error (MSE)

MSE = % > (e —Z)t)z

Penalizes larger errors more than
MAE by squaring the differences,

making it sensitive to outliers.

Root Mean Squared

RMSE =+vVMSE

Provides the error in the same units as

Percentage Error (SMAPE)

Error (RMSE) . .
the original data, making
interpretation easier.
Mean Absolute
MAPE = Expresses error as a percentage, useful
Percentage Error (MAPE) L& )
- Z yt yt x 100 for comparisons across datasets. Can
B be problematic if y; is close to zero.
Symmetric Mean Absolute ) .
sMAPE = A symmetric version of MAPE that

100 Clye—gel
Z (yel+19e)/2

prevents issues with division by small

values.

Mean Absolute
MASE = Scales errors relative to a naive
Scaled Error (MASE n
( ) 1 Z lye—e| baseline model, more robust for
t=1 Z lyt—ye—1]
=2 intermittent demand.
R-squared n X
a R?=1-— M Measures the proportion of variance
(R2) 2t (=)
explained by the model. Values close

to 1 indicate a better fit.
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where x;, y;, ;, and y are the forecasting values, the actual values, the mean of the fore-
casting values, and the mean of the actual values, respectively.

Apart from the above metrics, it is observed that some publications additionally use the
following: Mean Arctangent Absolute Percentage Error (MAAPE), Mean Percentage Error
(MPE), Error Sum of Squares (SSE), Sum of Squares (SSE), Mean of Mean Squared Er-
ror (FMSE), Symmetric Mean Absolute Percentage Error (sMAPE), Median Absolute Error
(MedAE), Matthews Correlation Coefficient (MCC), Relative Root Mean Square (rRMSE),
Normalized Root Mean Square Error (NRMSE), Coefficient of Variation (CV), and Accu-
racy, which is measured by the proportion of correct predictions out of the total number

of predictions.
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Chapter 5

Electricity Load Forecasting for the

market mechanisms

In this chapter, we will delve into the field of Electricity Load Forecasting. Initially, the
reasons and importance of accurate load forecasting will be highlighted. Next, we will pro-
ceed with an extensive literature review, in which notable works exploring this specific field
will be analyzed, covering all types of models, from statistical, machine learning, deep learn-
ing, to ensemble methods. Following this, we will present two advanced implementations

and emphasize valuable conclusions that arise.

5.1 TheImportance of Electricity Load Forecasting in Mod-
ern Power Systems

The ability to accurately predict electricity is the cornerstone of modern power system
planning and operation. Accurate predictions of future electricity demand are essential to en-
sure the reliability, efficiency, and economic viability of power systems. This section delves
into the multifaceted importance of load forecasting, exploring its critical role in infrastruc-
ture development, operational management, integration of renewable energy sources, and the
facilitation of competitive electricity markets [88].

The importance of ELF spans infrastructure development, operational efficiency, integra-
tion of renewable energy, market stability, demand-side management, reliability, and envi-
ronmental sustainability. As the energy landscape continues to transform, the role of accurate

and sophisticated load forecasting will become increasingly vital in ensuring resilient and ef-

119
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ficient power systems. More specifically, the importance of accurate forecasting is analyzed

on the following pillars.

5.1.1 Enhancing Operational Efficiency

In the short term, load forecasting is vital for the efficient operation of power systems.
Day-to-day management relies on accurate demand predictions to schedule generation units
effectively, optimize fuel usage, and minimize operational costs. By anticipating demand
fluctuations, system operators can adjust generation schedules to maintain a balance between
supply and demand, thereby reducing the need for expensive peaking power plants and min-

imizing operational inefficiencies.

5.1.2 Facilitating Renewable Energy Integration

The global shift towards renewable energy sources, such as wind and solar energy, in-
troduces additional variability and uncertainty into power systems. The forecast of load, in
conjunction with the forecasts of generation for renewable sources, is crucial to maintaining
the stability of the grid. Accurate load predictions help schedule flexible resources, such as
energy storage systems and demand response programs, to accommodate the intermittent na-
ture of renewables. This integration ensures a reliable supply of electricity while promoting

the use of cleaner energy sources.

5.1.3 Supporting Competitive Electricity Markets

In deregulated electricity markets, load forecasting plays a pivotal role in market opera-
tions. Market participants, including generators, retailers, and traders, rely on demand fore-
casts to make informed bidding and trading decisions. Accurate load forecasts contribute to
efficient market clearing, price discovery, and risk management. For example, overestima-
tion of demand can lead to oversupply and depressed market prices, while underestimation
can cause supply shortages and price spikes. Thus, precise load forecasting is essential for

the stability and efficiency of competitive electricity markets.
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5.1.4 Enhancing Demand-Side Management

Load forecasting is integral to demand-side management (DSM) strategies, which aim to
influence consumer demand to achieve desired objectives, such as peak load reduction and
energy conservation. By predicting periods of high demand, utilities can implement DSM
programs, such as time-of-use pricing and demand response initiatives, to encourage con-
sumers to shift or reduce their energy usage. These programs not only alleviate stress on the
power system during peak periods but also lead to cost savings for both utilities and con-

Sumers.

5.1.5 Foundation for Infrastructure Planning

Long-term load forecasting provides the necessary data for the development of strategic
infrastructure. Power plants, transmission lines, and distribution networks require significant
lead times for planning, approval, and construction. Accurate demand projections enable util-
ities to make informed decisions about when and where to expand capacity, ensuring that sup-
ply meets future demand without unnecessary overinvestment. Conversely, underestimating
future load can lead to capacity shortages, jeopardizing system reliability, and leading to po-
tential load curtailments. Therefore, precise load forecasting is indispensable for the timely

and cost-effective expansion of the power system infrastructure.

5.1.6 Improving Reliability and Risk Management

Reliability is a paramount concern in power system operations. Load forecasting enables
utilities to anticipate demand patterns and prepare for potential contingencies. By under-
standing expected load profiles, system operators can develop reserve strategies, plan main-
tenance activities, and implement emergency response plans effectively. Moreover, accurate
load forecasts aid in risk assessment and management, allowing utilities to identify and mit-

igate potential threats to system stability and reliability.

5.1.7 Economic and Environmental Benefits

Accurate load forecasting contributes to the economic efficiency of power systems by
optimizing resource allocation and reducing operational costs. By aligning generation with

demand, utilities can minimize fuel consumption and reduce reliance on expensive peaking

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



122 Chapter 5. Electricity Load Forecasting for the market mechanisms

plants. Additionally, efficient load management leads to lower greenhouse gas emissions, as
it enables greater integration of renewable energy sources and reduces the need for fossil
fuel-based generation. Consequently, load forecasting not only supports economic objectives

but also promotes environmental sustainability.

5.1.8 Technological Advancements

The field of load forecasting has evolved significantly with advancements in data analyt-
ics, machine learning, and artificial intelligence. Modern forecasting techniques leverage vast
amounts of data, including historical load patterns, weather information, and socio-economic
indicators, to improve prediction accuracy. The integration of smart grid technologies and
the proliferation of Internet of Things (IoT) devices provide real-time data, enabling more
dynamic and responsive forecasting models. As power systems continue to evolve, ongo-
ing research and development in load forecasting methodologies will be essential to address

emerging challenges and harness new opportunities.

5.2 Related Work on Electricity Load Forecasting

In this section, important related studies that have significantly contributed to the field of
load forecasting are extensively analyzed. Initially, statistical models are presented, followed
by publications focusing on ML and DL, and finally, emphasis is given to Ensemble Methods.
Because most studies typically present models from both the ML and DL categories, it was
chosen to present them in a common subsection, for a more substantial presentation of the

related works.

5.2.1 Statistical Models

In the field of ELF, several methodologies and techniques have been investigated. These
can be separated into two basic groups, the statistical and the modern models. Statistical mod-
els include models like AR, ARMA, ARIMA ,model s with exogenous features, like ARMAX
and ARIMAX, grey (GM) and ES. In tis way, Sethi et al. in [89] compare ARIMA method
with other ML models for load prediction. Evaluation is done using RMSE and Mean Bias Er-
ror (MBE) and as case study is used a commercial building (amusement park) in San Diego.

Chou et al. in [90] conduct a comparative analysis, using SARIMA model. The study use
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real-time consumption data collected from a smart grid infrastructure that is connected to a
three-floor building in Xindian District, New Taipei City, Taiwan. Several metrics including
R-squared, Maximum Absolute Error (MaxAE), RMSE, MAE and MAPE are used for the
evaluation process. Hadri et al. in [91] conduct a comprehensive research employing ARIMA,
SARIMA, XGBoost, Random Forest (RF), and LSTM. For the evaluation period, Mean Per-
centage Error (MPE), MAPE, MAE, and RMSE are utilized. Simultaneously, Vrablecova et
al. in [92] apply ARIMA models in order to create short-term forecasts on public Irish CER
dataset.

Some publications conduct comprehensive analysis of various statistical models used for
ELF in different European Countries. Following the above, Pelka et al. in [93] investigate
the performance of different statistical models, including ARIMA, ETS, and Prophet model.
The target is to forecast monthly power demand, which estimates the correlation between
past and future demand trends. As case study, electricity time series data for 35 European
countries in a monthly resolution are used. In addition, Elamin et al. in [94] introduce a fore-
casting approach, utilizing a SARIMA model, incorporating both exogenous and interaction
variables, to predict hourly load electricity demand. Finally, Mado et al. in [95] smooth the
training and testing datasets of Java-Madura-Bali interconnection, Indonesia and propose a
SARIMA model for short-term ELF, which considers double seasonal patterns in electricity

consumption. The achieve MAPE equal to 1.56%.

5.2.2 Machine and Deep Learning Models

The ELF sector has undergone high transition towards the use of ML and DL models,
which offer superior accuracy and adaptability compared to traditional statistical models. ML
models are capable of handling with complex non-linear relationships in electricity consump-
tion data. Meanwhile, DL models, including RNNs, LSTMs, and CNNs, excel in handling
large volumes of data and uncovering intricate temporal patterns. These advancements play a
critical role for improving the performance and sustainability of modern electricity systems,
enabling better demand management, grid stability, and integration of RES. According to the
above, Abumohsen et al. in [96] utilize several DL models, such as RNN, GRU and LSTM,
in order to predict electricity consumption based on current measurements data. Forecasting
models are crucial for reducing costs, optimizing resources, and improving load distribution

for electric companies. Among the models tested, GRU exhibited superior performance, with
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MSE equal to 0.00215, MAE of 0.03266 and R-squared equal to 90.228%. Li et al. in [97]
introduce a model named TS2ARCformer. This model utilizes multi-dimensional, demon-

strating significant forecasting performance, in comparison with to benchmark models, like

LSTM and GRU The results show reductions of 43.2% and 37.8% in the aspect of MAPE.

Additionally, the model proposed in [98] utilizes neural network techniques enhanced
with PSO to assess the Iranian power system. This approach, based on neural networks,
showed lower prediction errors by effectively adapting to the underlying patterns of the con-
sumption load. The evaluation was done using the RMSE metric, which was equal to 0.028,
0.045, 0.035, and 0.040, respectively, for multiple lengths of training input data. In stud-
ies [99,100], empirical modal decomposition (EMD) was used in order to break down the
original electricity consumption time series data into various intrinsic mode functions (IMFs)

with different frequencies and amplitudes.

Also, in another study a hybrid prediction model is proposed. This model combines a
temporal convolutional network (TCN) with variational mode decomposition (VMD). For
better accuracy an error correction process is followed. The weighted permutation entropy
process is followed, in order to determine the optimal decomposition number and penalty
factor for VMD. The accuracy and performance of the proposed model are demonstrated

using the Global Energy Competition 2014 dataset [[101].

In the same way, Javed et al. in [[102] research the short-term load forecasting problem,
comparing eight state-of-the-art linear and non-linear models, which are ARX, KNN, AR-
MAX, Bagged Trees, SVM, OE, NN-PSO, and a single hidden dense layer ANN-LM and
a two hidden dense layer ANN-LM, on real-time demand time series. Simultaneously, He
et al. in [[103]], compare individual and decomposition-based forecasting methods. About the
the individual models, these include LSTM, SVR, MLP, LR, and Random Forest Regressor.
The decomposition-based methods include Empirical Mode Decomposition-LSTM (EMD-
LSTM) and ensemble EEMD-LSTM models.

Additionally to the above, He et al. in [[104] introduce a novel DNN architecture for short-
term load forecasting. The model integrates various types parameters as input by employing
appropriate NN elements designed to process each feature effectively. CNN components are
used to extract features and patterns from the historical load time series, while RNN compo-
nents are used to model the implicit dynamics. Additionally, Dense layers are employed to

transform other types of features, improving the generalization of the models in understanding
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complex trends and patterns. Shi et al. in [[105] suggest a model to tackle the unpredictability
in electrical load patterns by applying DL and ML techniques to forecast household energy
use in Ireland. This research introduces an innovative pooling-based deep RNN (PDRNN)),
which combines various load curves of consumers into a comprehensive set of inputs. The
performance of the PDRNN is compared with ARIMA, SVR, and RNN models. The results
demonstrate that the PDRNN method outperforms the other models, with RMSE values (in
kWh) of 0.4505 for PDRNN, compared to 0.5593 for ARIMA, 0.518 for SVR, and 0.528 for
RNN. Amarasinghe et al. in [106] suggested a framework to forecast short-term electricity
consumption in residences by utilizing smart meter data from various properties. Following,
Wand et al. in [[107] propose an optimized SVM model using genetic algorithm (GA-SVM)
in order to predict the hourly electricity demand of a commercial center located in Xin town,

China.

Residential forecasting is an area that gathers a lot of scientific interest. Bessani et al.
in [[108] study the short-term residential forecasting task across multiple households employ-
ing Bayesian multivariate networks, which provide a structured, probabilistic approach to
model complex dependencies between multiple variables, enabling efficient inference and
decision-making even with incomplete data. This algorithm predicts the forthcoming house-
hold demand by analyzing historical consumption patterns, temperature, humidity, socioeco-
nomic variables, and energy use. The assessment utilized actual data sourced from the Irish
Intelligent Meter Project. According to the results, the proposed technique provides a robust
single forecast model, which is capable of accommodating hundreds of households with var-
ious consumption patterns. The reported metrics include an MAE of 1.0085 kWh and a Mean
Arctangent Absolute Percentage Error (MAAPE) of 0.5035, highlighting its effectiveness in

accurate load forecasting.

Regarding RNN-based approaches, Caicedo-Vivas et al. in [[109] analyze the issue of
short-term load prediction by employing dataset from a Colombian grid operator. The pro-
posed DL model utilizes a LSTM to predict load across a seven-day time horizon (168 hours
ahead). It combines historical data from a specific region in Colombia with calendar attributes
like holidays and the month’s index relevant to the forecasting week. Unlike traditional LSTM
approaches, this model enables LSTM cells to process multiple load measurements concur-
rently, with supplementary information (holidays and current month) appended to the LSTM

output. This methodology improves the model’s ability to capture and utilize temporal and
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contextual factors for more accurate load forecasts. Also, Kong et al. in [[110] conduct a com-
parative study between the LSTM model and the extreme learning machine (ELM), back-
propagation NN (BPNN), and KNN. They demonstrated significant reduction in prediction
errors by employing the LSTM structure. The aggregated average MAPE for their forecasts
was 8.18%, while the average MAPE for individual forecasts was 44.39%. This study under-

scores therich performance of LSTM models in short-term residential forecasting.

Following the above, Gao et al. in [99] investigate the impact of decomposition meth-
ods, which simplify complex data by breaking it down into underlying components, mak-
ing it easier to analyze patterns, reduce dimensionality, and improve model interpretability.
For this reason, the authors propose an EMD Gated Recurrent Unit with feature selection
(EMD-GRU-FS) for short-term electricity forecasting, using Pearson correlation to identify
the relationship between subseries and the original series. Experimental results indicated that
this method achieved average prediction accuracies of 96.9%, 95.31%, 95.72%, and 97.17%
across four datasets. Additionally, Yuan et al. in [[100] present an enhanced model combin-
ing integrated EMD and LSTM for short-term load forecasting, where the recurrent model is
used for feature extraction and creating load predictions. For the final consumers, short-term
electricity consumption predictions were obtained by aggregating multiple target prediction
results. The results show that the proposed model performs achieving MAPE 2.6249% in

winter and 2.3047% in summer, respectively.

Some studies integrates Internet of Things (IoT) solutions in order to enhance ELF and
improve localized forecasting, by gathering detailed, real-time data from devices like smart
meters and local sensors. loT-driven insights can optimize energy distribution, minimize sup-
ply mismatches, and support the integration of renewable sources, leading to a more reliable
and efficient power grid. Besed on these, Imani et al. in [[111] introduce a clustering forecast-
ing approach in which divides the consumers’ consumption based in two different features,
collecting their data from an loT connection from smart meters. As case study, an Irish dataset
is used and the MLP model is proposed. Additionally, Hadri et al. in [91]] developed load
forecasting techniques that can be integrated with occupancy predictions and context-aware
control of building appliances. The researchers investigated the accuracy of multiple meth-
ods for predicting energy consumption. They deployed an loT and Big Data-based platform
to collect real-time electricity values. The acquired data was used to build predictive models

using XGBoost, RF, ARIMA, SARIMA and LSTM. The models’ evaluation was done using
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metrics such as RMSE, MAE, MAPE, R and maximum absolute error (MaxAE). Finally,
Raju et al. in [|112] introduce an advanced and novel IoT method utilizing Machine Learning
algorithms. LR, SVM, Gaussian Processes (GP) and Ensemble Methods are used and MAE,
MSE and RMSE metrics are measured, in order to draw usefull conslusions for a smart home

in which an Arduino Uno system has been installed.

Other works focuses on forecasting the energy usage of residential consumers. Accurate
forecasting of residential consumers’ load is critical because it enables efficient energy man-
agement, reduces operational costs, and improves grid stability. Based on these, in another
study the authors conduct a comparative study between ARIMA and SARIMA, as well as
RF, XGBoost, and LSTM models using MAPE, MAPE, Mean Percentage Error (MPE), and
RMSE [91]. Li et al. in [[113] developed a novel short-term forecasting model based on a
modified LSTM model and an autoregressive, which is used for feature selection. The aim is

to create forecasts for household electricity consumption.

Other studies explore how advanced techniques can be built into Deep Learning models
to make their conclusions more accurate and reliable. Online learning is also essential in this
context because it enables models to update continually as new data arrives. This constant
updating allows the system to adjust to real-time changes in the market, adapting its responses
to reflect current conditions. This method, known as online or continual learning, supports
accurate, timely insights that are crucial for businesses operating in fast-changing, data-driven
settings. Following these, Fekri et al. in [[114] introduced an online adaptive RNN, which is

capable of continuous learning from recently acquired data and adaptation to various patterns.

About CNN-based models, which have proven effective for timeseries forecasting by
capturing local patterns and dependencies within sequential data, Andriopoulos et al. in [[115]
introduce an advanced CNN model that is concentrating on mathematical analysis of statisti-
cal data and advanced preprocessing of time series data for short-term load forecasting. This
approach converts the data into a 2-D image format to leverage CNN-based models, which
excel in handling stationarity and temporal volatility. The proposed model is compared with
LSTM, considered the state-of-the-art solution for load forecasting. Following CNN models,
Alanazi et al. in [[116] present a novel approach, combining a residual CNN model and a
layered Echo State Network (ESN), in order to handle efficiently both spatial and temporal
patterns. Residential datasets from the Individual-Household-Electric-Power-Consumption

(IHEPC) from Sceaux, Paris, and the Pennsylvania—New Jersey—Maryland (PJM) region are
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used. The developed model achieves MSE, MAE, and RMSE equal to 0.0713, 0.1978, and
0.2670 MW, respectively. Also, Jalali et al. in [[117] study and propose a novel approach for
short-term ELF using a deep neuroevolution algorithm, in order to develop a CNN model
in automatic way, using an enhanced grey wolf optimizer (EGWO) as a modified advanced
algorithm. Finally, Chitalia et al.in [[118] present a strong forecasting framework in order
to accommodate fluctuations in building operations across different types and locations of
commercial buildings.

Another promising method used in load prediction studies are graph neural networks
(GNNs), which capture dependencies within graph-structured data [[119]. For instance, Vont-
zos et al. [120] used a GNN-RNN algorithm to forecast the consumption of a multistory
educational building that exhibits in a graph the structure of the building zones with multiply
methodologies. Additionally, Hu et al. [[121]] study incorparates urban building energy model
that synthesizes the solar-based building interdependency and spatio-temporal graph convo-
lutional network (ST-GCN) algorithm to predict hourly energy consumtpion of a university
campus. Especially, we took a university campus located in the downtown area of Atlanta as
an example to predict the hourly energy consumption. In terms of a region load forecasting
Wei et al. [122] propose a method which incorporates limited dynamic time warping (LDTW)
and Graph Convolutional Networks.

Finally, in many researches, weather data like temperature and humidity play a crucial
role in ELF. In this way, Liao et al. in [123] propose the utilization of XGBoost model, using
weekly historical data from a power plant in hourly resolution, incorporating weather fac-
tors such as temperature and humidity. The work additionally addresses the computational

challenges, due to the complexity of the XGBoost hyperparameter optimization process.

5.2.3 Ensemble Methods

Ensemble models have gained interest because they improve predictive performance by
combining multiple algorithms and minimize individual models’ disadvantages. These mod-
els improve forecasting accuracy and generalization, making them effective for complex
datasets, reducing overfitting and variance. Advances in computational power and accessible
tools have made implementing ensemble methods easier, boosting their popularity.

Advanced combinations of different models is followed in Ensemble Learning methods.

In this way, Guo et al. in [124] propose a novel approach to forecasting wind speed using a
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modified EMD-based Feed-Forward Neural Network (FNN). The advantage of the proposed
model is based on the fact that is capable of addressing the nonlinear and non-stationary
nature of wind speed data by decomposing the time series into multiple components and a
residual series, using the EMD techniques. The data used are from Zhangye, China. Alobaidi
et al. in [[125] propose the implementation of an ensemble learning framework to tackle the
issue of forecasting the daily mean demand on an individual household level for the day-
ahead market. The proposed model incorporates a regression network, making the final model
performing with very high accuracy on a dataset from France. Du et al. in [[126] introduce an
advanced hybrid algorithm that effectively retrieves accurate wind speed series using singular
spectrum analysis. This algorithm demonstrates superior adaptive search and optimization
capabilities compared to other methods, offering faster performance, fewer parameters, and
lower computational cost. As case study, this work applies the model to wind speed data in

10 minutes resolution, from three wind farms located in Shandong Province, eastern China.

Simultaneously and following fuzzy logic, Ma et al. in [[127] combine a denoising tech-
nique with a dynamic fuzzy neural network to meet the challenges in wind speed forecasting
tasks. The raw data is smoothed using singular spectrum analysis, optimized by brain storm
optimization, to produce a cleaner dataset. A generalized dynamic fuzzy neural network is
then used for forecasting. The model’s simpler and more compact neural network structure
allows for faster learning and accurate predictions. Experimental results on wind speed data
at 10-minute, 30-minute, and 60-minute intervals show that the model effectively approxi-
mates actual values and can serve as a reliable tool for smart grid planning. Also, Sadaei et al.
in [[128] combine fuzzy time series (FTS) and CNN models for short-term ELF. Multivariate
consumption data, temperature and fuzzified version of load time series in hourly resolution,

was converted into multi-channel images, in order to be used as input in the proposed model.

At the same way, Rafi et al. in [[129] combine CNN and LSTM networks. As case study,
the proposed method is applied to data from Bangladesh electricity network, in order to pro-
vide short-term forecasting. Finally, Wang et al. in [[130] incorporate Q-learning with rein-
forcement learning. The aim for the final ensemble model is the creation of optimal ensemble
weights, achieving predictions with the highest accuracy. As case study, various datasets of
25 households in the Austin area of the United States are used. The evaluation metrics show

that the ensemble model surpass three single models in the testing period.

In summary, we observe that when combining predictions from strong models in en-
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semble algorithms, the final performance improves even further. Additionally, a significant
advantage of Ensemble Methods over single models is that the potential poor performance of
any individual model is minimized in the final outcome, leading to more reliable and stable

results.

5.2.4 Aggregated Studies for Electricity Load Forecasting

In order to present the most of the studies analyzed above in a consolidated manner, Table

is provided.

Table 5.1: Aggregated table with resent publications for load forecasting.

Ref. Year Models Metrics Dataset Origin
ARIMA, MLR,
[89] 2020 RPART, CTREE, MAPE, R2
BAGGING, RF
ANN, SVM, RL,
CR Tree, Voting,

Electricity load data of

a residential area

Real-time data col-
Bagging,
R2, RMSE, lected from a smart

[90] 2018 SARIMA-
MAPE, MaxAE  grid installed in an
MetaFA-LSSVR,

SARIMA-PDO-

LSSVR

ARIMA,

SARIMA, XG-

Boost, Random sMAPE, MAPE,

[91] 2019 N/A
Forest (RF), MAE, RMSE

experimental building

Long Short-Term
Memory (LSTM)

Online SVR, Public Irish CER
[92] 2018 MAPE
MLP, ARIMA dataset

ARIMA, ETS,
[93] 2023 MAPE ENTSOE
Prophet

Continued on next page...
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Table 5.1 — continued from previous page.

Ref. Year Models Metrics Dataset Origin
RMSE, MAE, Tokyo Electric Power
[94] 2018 SARIMAX
MAPE Company (TEPCO)
ARIMA, ARMA, MSE, MAPE,
[131] 2020 Various datasets
SARIMAX MAE
ANN. LR, MLR,
Fuzzy  Regres-
[132] 2016 Various Metrics US utility
sion, ARIMA,
ARMA, GARCH
Java-Madura-Bali
[95] 2022 DSARIMA MAPE interconnection, In-
donesia
LSTM, GRU, R-squared, MSE, Tubas Electricity Com-
[96] 2023
RNN MAE pany, Palestine
North Cyprus based en-
ergy company, Cyprus
[133] 2017 DNN, PSO MAE, MSE
Turkish Electricity Au-
thority (Kib-Tek)
GRU, SVR, REF,
U.S. Public Utilities
EMD-GRU,
[99] 2019 MAPE, RMSE Data Set, Region in
EMD-SVR,
Northwest China
EMD-RF
RNN, EMD,
Region in Guangdong
[100] 2022 LSTM, EMD- MAPE, RMSE
Province, China
LSTM
LSTM, SVR,
MLPR, LR, RFR, RMSE, MAE,
[103] 2019 Hubei Province, China
EMD-LSTM, MAPE (%), R2
EEMD-LSTM

Continued on next page...
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Table 5.1 — continued from previous page.

Ref. Year Models Metrics Dataset Origin
TCN, VMD,
LSTM, GRU,
RMSE, MAPE, Global Energy Compe-
[101] 2022 VMD-LSTM,
R2 tition 2014 dataset
VMD-GRU,
VMD-TCN
LR, SVR, DNN, Hourly loads of a North
[104] 2017 MAPE, MAE
CNN China city
ARIMA, SVR,
RMSE, MAE, 920 smart metered cus-
[105] 2018 RNN, DRNN,
NRMSE tomers from Ireland
PDRNN
Benchmark dataset of
CNN, LSTM, electricity consumption
[106] 2017 RMSE
SVM, ANN for a single residential
customer
Bayesian net- NRMSE, MAE, Real data from the Irish
[108] 2020
works MedAE, MAAPE smart meter project
LSTM, BPNN, Real residential smart
[110] 2019 MAPE
KNN, ELM meter data
Historical load wvalues
LSTM, XG-
[109] 2023 MAPE from aregion in Colom-
BOOST
bia
OE, ARX, AR- Real-time electrical
MAX, SVM, RMSE, MAPE, load and meteorologi-
[102] 2021
ANN-PSO, MAE cal data of the city of
KNN, ANN-LM Lahore in Pakistan
Three open-source,
CNN, LSTM,
[115] 2021 MAE, RMSE publicly available
MLP, ANN
datasets

Continued on next page...
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Table 5.1 — continued from previous page.

Ref. Year Models Metrics Dataset Origin
XGBOOST, MSE, RMSE,
[123] 2019 State Grid Corporation
LSTM MAPE
Persistence, SW-
ARIMA, SW-
Manhattan, New York,
[113] 2021 ETS, SW-SVR, Accuracy
residential building
ConvLSTM,
CLSAF
Five residential con-
[114] 2021 MLP,KNN,RNN MSE, MAE sumers provided by
London Hydro
CNN, EGWO,
RMSE, MAE, Australian Energy Mar-
[L17] 2021 LSTM, SVR,
MAPE ket Operator
MLP
Bangkok, Thailand;
Hyderabad, India;
RMSE, MAPE,
[118] 2020 LSTM, BILSTM Virginia, USA; New
Cv
York, USA; and Mas-
sachusetts, USA
National College Stu-
LSTM, GRU,
MAPE, MSE, dent Mathematical
[97] 2023 TS2ARCformer,
MAE Contest in Electrical
TCN
Engineering
MSE, MAE,
[124] 2012 EMD-FNN Zhangye, China
MAPE
IANN, Bagging RMSE, MAPE, Individual household
[125] 2018
Ensemble Model rRMSE energy consumption
XNN, GRNN, Wind farms in Shan-
AE, MAE,
[126] 2016 BPNN, PSO-BP, dong Province, eastern
MAPE, RMSE
APSOSA-BP China

Continued on next page...
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Table 5.1 — continued from previous page.

Ref. Year Models Metrics Dataset Origin
Historical  short-term
FNN, SSA-
FE, MAPE, wind speed data col-
[127] 2017 GDFNN, BSO-
MAE, RMSE lected from Shandong
SSA-GDFNN
Peninsula of China
A hybrid model
[128] 2019 MAPE N/A
of CNN and FTS
CNN, LSTM,
CNN-LSTM, MAE, RMSE, Bangladesh power sys-
[129] 2021
XGBOOST, MAPE tem
RBFN
Pecan Street datasets
HI-TCN, HI- contain the load power
MAE, MAPE,
[130] 2023 ELM, HI-GRU, data of 25 households
RMSE
HI-BPNN in the Austin area of the
United States
Individual-Household-
Electric-Power-
Consumption (IHEPC)
CNN, CNN- MSE, MAE,
dataset from residential
[116] 2023 LSTM, CNN- RMSE, MAPE,
houses in Sceaux, Paris,
GRU, ESN NRMSE
and Pennsylvania—New
Jersey—Maryland
(PIM)
Data of a large pub-
MAPE, CV-
[107] 2023 SVM, GA-SVM lic building in Xi town,
RMSE, R2
China
Irish social science data
[111] 2018 MLP MAPE

archive (ISSDA)

Continued on next page...
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Table 5.1 — continued from previous page.

Ref. Year Models Metrics Dataset Origin

LR, SVM, Fine
Tree (FT) regres-
sion, Ensemble
Bagged Regres-
RMSE, MSE, Domestic data collected
[112] 2020 sor, Gaussian
MAE from [oT system
Process Regres-
sor, Ensemble

Boosted Regres-

sor
GCN-LSTM,
MAE, MSE, CV- Academic building in
[120] 2024 MLP, CNN,
RMSE, R? Bangkok, Thailand
LST™M

Average, LR,

University campus in
[121] 2022 MLP, XGBoost, RMSE, MAPE

Atlanta, Georgia

GRU, ST-GCN

SVR, LSTM,

LSTM-Att, MAPE, RMSE, Substations data in area
[122] 2024

TCN, Informer, R? of Shanghai

GCN-LSTM

5.3 Consumer Categories

Energy consumption patterns vary significantly across different sectors, each reflecting
distinct operational characteristics and usage behaviors. In this section, we present a detailed
discussion of the load profiles observed in the commercial, industrial, and residential sectors.
We also emphasize the particular challenges encountered in forecasting residential loads due

to their inherent instability and unpredictability [134], [[135].
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5.3.1 Commercial

Commercial consumers stem from establishments such as offices, retail centers, hotels,
and other service-related facilities. The energy demand in this sector is largely dictated by
business hours and customer activity. Typically, commercial buildings exhibit a pronounced
increase in consumption during the daytime when the facilities are in full operation. For in-
stance, office buildings and shopping malls experience well-defined peaks corresponding to
work and shopping hours, followed by gradual declines as business operations wind down.
Although external factors like seasonal variations and special events may introduce minor
fluctuations, the overall demand profile remains relatively consistent. This regularity facili-
tates the development of effective forecasting models and allows energy providers to optimize

grid management and operational planning [[134].

5.3.2 Industrial

Industrial energy consumption is generally characterized by its scale and stability. Fac-
tories, manufacturing plants, and other industrial facilities often operate on fixed produc-
tion schedules or continuous shifts, which result in a steady and predictable load profile.
While some variability can occur due to production cycles, maintenance periods, or seasonal
changes, the baseline demand remains largely constant [[135]. The predictability of industrial
loads enables the implementation of rigorous energy management strategies and supports
the integration of efficient forecasting techniques. In many cases, these facilities also em-
ploy advanced energy management systems that further contribute to maintaining a stable

consumption pattern, thus reducing the complexity involved in grid operation [[134].

5.3.3 Residential

Residential consumers arise from individual households and encompass a wide range of
activities, including heating, cooling, appliance usage, and lighting. Unlike the structured op-
erations seen in commercial and industrial sectors, residential consumption is influenced by
a variety of factors such as individual behavioral patterns, weather conditions, and lifestyle
differences [[135]. Typically, residential load profiles exhibit multiple daily peaks—often dur-
ing the morning and evening hours—corresponding to routine activities like cooking, leisure,

and personal care. However, these peaks are neither uniform nor entirely predictable, as they
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can vary significantly from day to day or across different neighborhoods [134].

5.4 Challenges in Residential Load Forecasting

The forecasting of residential loads is particularly challenging due to the high degree of
variability inherent in individual consumption patterns. The decentralized nature of house-
hold energy use means that aggregated residential demand can be highly erratic, with sudden
spikes or drops that are difficult to anticipate. Additionally, the increasing penetration of dis-
tributed energy resources, such as rooftop solar panels and home energy storage systems,
further complicates the load profile by introducing additional, often intermittent, sources of
power. These factors combine to create an environment where conventional forecasting meth-
ods may fall short, necessitating the development of advanced models that can effectively
capture the stochastic behavior of residential loads.

So, while commercial and industrial loads benefit from structured operational patterns
that lead to relatively stable and predictable demand profiles, residential loads present a
unique challenge. Their inherent variability and the influence of numerous external factors
make accurate forecasting a complex task. Addressing these challenges is critical for en-
hancing grid reliability and ensuring that energy management strategies are robust enough to

handle the dynamic nature of modern residential consumption [136].

5.5 Enhanced Automated Deep Learning Application for

Short Term Load Forecasting

5.5.1 Description of the problem

In recent times, the power sector has become a focal point of extensive scientific inter-
est, driven by a convergence of factors such as mounting global concerns surrounding cli-
mate change, the persistent increase in electricity prices within the wholesale energy market,
and the surge in investments catalyzed by technological advancements across diverse sec-
tors. These evolving challenges have necessitated the emergence of new imperatives aimed
at effectively managing energy resources, ensuring grid stability, bolstering reliability, and

making informed decisions. One area that has garnered particular attention is the accurate
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prediction of end-user electricity load, which has emerged as a critical facet in the pursuit of
efficient energy management. To tackle this challenge, machine and deep learning models
have emerged as popular and promising approaches, owing to their remarkable effective-
ness in handling complex time series data. In this research work, the development of an
algorithmic model, which leverages an automated process to provide highly accurate pre-
dictions of electricity load specifically tailored for the island of Thira in Greece, is intro-
duced. Through the implementation of an automated application, an array of deep learning
forecasting models has been meticulously crafted, encompassing the Multilayer Perceptron,
Long Short-Term Memory (LSTM), One Dimensional Convolutional Neural Network (CNN-
1D), hybrid CNN-LSTM, Temporal Convolutional Network (TCN), and an innovative hybrid
model called the Convolutional LSTM Encoder-Decoder. Through evaluation of prediction
accuracy, it is observed satisfactory performance across all the models considered, with the
proposed hybrid model showcasing the highest level of accuracy. These findings underscore
the profound significance of employing deep learning techniques for precisely forecasting
electricity demand, thereby offering valuable insights to tackle the multifaceted challenges
encountered within the power sector. By adopting advanced forecasting methodologies, the

electricity sector is moving towards greater efficiency, resilience and sustainability.

5.5.2 Main Findings

The Deep Learning topology we propose in this work for STLF is a hybrid model named
Convolutional LSTM Encoder-Decoder which was used by other researchers to forecast
global total electron content [[137] and to predict the El Nifio-related Oceanic Nifio Index
(ONI) and EI Nifio events [[138]. Generally, our research contributions can be summarized as

follows:

1. Proposal of a hybrid model called Convolutional LSTM Encoder-Decoder for power

production time series.

2. Presentation of an automated STLF algorithm which incorporates data pre-processing
techniques, training, and optimization several Al models, testing and prediction of the

results.

The remaining part of the work is organized as follows: Section (5.6 is the Case Study

of the work, and analyzes the dataset, the essential procedures related to the pre-processing
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of the data used for forecasting, the architecture of the artificial intelligence models, and the
automated STLF algorithm. In Section .7, the experiments of the case study are illustrated
and the results of experiments are discussed. Finally, Section 5.8 contains the conslusions,

the summary of this work and suggests some directions for future work.

5.5.3 Proposed Approach: Convolutional LSTM Encoder-Decoder Model

For the proposed model, at the beginning, a description of Convolutional LSTM Network
(ConvLSTM) was made and then the basic operation of Encoder-Decoder Mechanism is
analysed.

ConvLSTM model uses Recurrent Layers, such as simple RNN and LSTM Networks but,
in contrast with these types of models, the internal matrix multiplications are exchanged with
convolution operations, as this model has convolutional structures in both the input-to-state
and state-to-state transitions. As a result, the data that flows through the ConvLSTM cells
keeps the input dimension (3D in our case) instead of being just a 1D vector with features
[[139]. The basic architecture of ConvLSTM model is presented in Figure f.1.

Additionally, the proposed model is a hybrid method that uses an Encoder-Decoder mech-
anism for the hourly prediction of electricity demand. The Encoder-Decoder mechanism pro-
vides efficient techniques for Sequence-to-Sequence (Seq2Seq) forecasting, such as Natu-
ral Language Processing (NLP) and time series forecasting, as well as Image Recognition
and Sentiment Analysis. An Encoder-Decoder model (Figure 5.2) consists of three main

parts [140]:

» The Encoder Component: It is the first component of the Network and its main function
the feature extraction of the input dataset and this is the reason that is called ‘encoder’.
It receives an input the sequence and it passes the information values into the internal

state vectors or Encoder Vectors, creating in this way a hidden state.

* The Encoder Vector: The encoder vector is the last hidden state of the Network which
converts the 2D output of the RNN (ConvLSTM in our case) model to a high length

3D vector, in order to help the Decoder Component to make better predictions.

* The Decoder Component: The Decoder Component consists of one or a stack of several

recurrent units, each one of them predicting an output y at a timestep .
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Figure 5.2: Encoder Decoder Mechanism

One of the main advantages that makes this model stands out from others is that the input
and output vector length may be different, allowing this model to have effective performance

in big Seq2Seq problems and video captioning.
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5.5.4 Automated STLF Algorithm

Using Deep Learning techniques, a DL-based forecasting algorithm was implemented, in
order to easily and efficiently find the best forecasting model for every kind of time series

datasets. The function of the algorithm includes the following steps:
1. The algorithm loads the dataset.

2. The algorithm proceeds to Preprocessing Step, in which the dataset is normalized using
Min-Max Scaling algorithm and the Cyclical Time Features are created using One-Hot

Encoding.
3. The dataset is splitted into Training, Validation and Testing sets.

4. Every Deep Learning Model is trained and evaluated using Bayesian Optimization

Algorithm.

5. Selection of the best model in terms of higher prediction accuracy to be used from the

algorithm for future predictions.

The Automated STLF Algorithm is described also in Figure 5.3.

5.6 Case Study

In this section, we present the case study used to test the proposed approach. The final
dataset used for our experiments incorporates weather conditions and power demand from
the Greek Cycladic Island, in Aegean Sea, Thira also known as Santorini. Thira island is a
non-interconnected island to the Greek electrical bulk network and the power production is
solely based on fossil fuel generators. The dataset period is three years from January 2017
to December 2019. The specific time period was chosen because the power requirements
followed a normal distribution and there were no special events (such as COVID-19) that
would not lead to safe conclusions. Working with this dataset, no such limitations were ob-
served. Regarding the challenges encountered, these came mainly from the parameterization
and adaptation of the algorithms created and their ability to assimilate and train on a dataset

with multiple seasonality, such as the one studied.
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Figure 5.3: Automated STLF Algorithm

5.6.1 Climate Dataset

The climate data was collected from Santorini’s airport Meteorological Aerodrome Re-
ports (METAR) [[141},]142]. The airport’s International Civil Aviation Organization (ICAQO)
code is LGSR. A typical report usually is published from airport’s weather station every
hour or half-hour and aggregates actual values and current conditions for the temperature,
dew point, wind direction and speed, precipitation, cloud cover and heights, visibility, and
barometric pressure. For the current work we retrieve, from METARs, hourly values for tem-
perature in °C, dewpoint in °C, wind speed in m/s and degrees of wind direction. Interpolation

was applied to infill climate data missing values.

5.6.2 Electrical Power Dataset and Exploratory Analysis

Power production dataset contains the actual hourly generated energy from island’s unique
thermal station and is referred to entire island power demand [[143]. Thira exhibits multiple
seasonality throughout year, due to change of numbers of residents and tourists on the island
which affects dramatically the energy demand between different months. Additionally current

energy dataset presents nil number of missing values, fact that leads to realistic experiments
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and safe conclusions.

Table 5.2 presents a descriptive analysis of the power consumption data set. Based on the
above table, it is observed that the dataset contains a total of 25944 values. Also, its mean
value and standard deviation are 23.31 MW and 9.95 MW, respectively. The minimum value
is 8.50 MW and the maximum 51.52 MW. Finally, regarding the intermediate values, it turns
out that 25% of the dataset values are smaller than 14.70 MW, 50% smaller than 21.15 MW
and 75% smaller than 31 MW, respectively.

Table 5.2: Power consumption descriptive analysis

Metric Value

Number of samples 25944

Mean value 2331 MW

Standard deviation | 9.95 MW

Minimum value 8.50 MW

Percentile 25% 14.70 MW

Percentile 50% 21.15 MW

Percentile 75% 31.00 MW

Maximum value 51.52 MW

In order to have a better observation of the daily distribution of power consumption, a
boxplot was created. Figure 5.4 presents the variation of average hourly power per day. It is
worth noting that the peak demand is at 01:00 pm and 08:00 pm every day. The event is more

intense on summer days, due to the increased number of tourists on the island.

Correlation Heatmap

Figure 5.5 presents the Correlation Heatmap which visualizes the strength of relation-
ships between all the numerical variables that have been created. For instance, it is clear that
“temperature” variable has a very strong relationship with “power” variable, which is equal

to 0.81 with maximum possible value of 1.
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5.6.3 Feature Selection

Several input features were studied and evaluated for this study to understand the most

significant for predicting electricity demand. A total of ten input features were studied for

predicting electricity demand one hour ahead. The features used as input variables are the

same for all the Deep Learning Models and are shown in Table 5.3:

Table 5.3: Deep learning models input variables

Input Variable Description
The sequence of 24 hours of load values for 1
Power
day.
The sequence of 24 hours of temperature
Temperature
values for 1 day.
The sequence of 24 hours of dew point values
Dew Point

for 1 day.

Cos of Day of Week / Sin of Day of Week

The Day of the Week converted by One-Hot

Encoding to sine and cosine type.

Cos of Hour of Day / Sin of Hour of Day

The Hour of Day (1-24), converted by One-Hot

Encoding to sine and cosine type.

Cos of Month of Year / Sin of Month of Year

The Month of the Year converted by One-Hot

Encoding to sine and cosine type.

IsWeekend

A dummy variable “Is Weekend”, which takes

0 for working days and 1 for weekends.

5.6.4 Data Prepossessing

Min-Max Scaling

The prepossessing technique for all the dataset that used in this work is Min-Max Scaling,

which scales all the data points between 0 - 1. For this reason, two different scalers were used,

one for input and one for output datasets. The mathematical formulation is given by the follow

equation:

Xactual - Xmm

Xscaled =

Xmax - szn

(5.1)
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Where X, .tuq 18 the real value of a data, and X,,,;,, and X,,,,.. 1s the minimum and maximum
value of the dataset, accordingly. The main reason Min-Max Scaling is used is that it helps
the deep learning models to be trained more efficiently at the training period and converge

faster to the optimal solution of the loss function.

One-Hot Encoding

One-Hot encoding is a mathematical methodology that converts categorical to numerical
vectors and transforms the numerical data to cyclical, using trigonometric transformation.
Using this technique, day of the week, hour of the day and also month of the year were

converted to Sin and Cosine type.

5.6.5 Data Partitioning

The data was split into a training and test set while maintaining the temporal order of
the data. The data from 1 January 2017 to 30 September 2019, were used as the training set
and the last 10% of this were used for the validation of the models. The data from 1 October
2019 to 31 December 2019, were used as the test set. The specific interval is not random but
was chosen because throughout its range it has both an interval with a trend and an interval
which is stationary. Thus, the deep learning models are tested in the most difficult case that
could be extracted from our dataset. Figure [5.d presents the visualization plot of the power

consumption for all the datasets and the individual partitioning sections.

5.6.6 Model Architectures

This subsection details the architectures of each model used in this work, in order to have a
clear understanding of the optimal parameters that were extracted. The hyperparameters of all
models were chosen after applying Bayesian Hyperparameter Optimization Algorithm with
maximum 20 iterations in every search. Initially, several trials were performed with different
values of batch sizes. Due to faster converge and higher accuracy of the DL algorithms, batch
size equal to 128 was chosen for every model created in this work. More specifically, the main
architecture components and the search space of every hyperparameter that were optimized
for each model are presented in Table 5.4. The optimal extracted parameters are presented

below:
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Dataset partitioning in training, validation and testing set
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Figure 5.6: Dataset partitioning in training, validation and testing set
LSTM Model

The LSTM model that performs the best accuracy in the optimization process has the

following hyperparameters:
¢ Units of Istm network =256

» Batch size = 128

ReLU activation function for the LSTM Module, as well as the output Dense Layer

Optimizer = Adam

* Learning rate = 0.0010

Epochs = 100

CNN-LSTM Model

The hyperparameters of the hybrid CNN-LSTM model have been resulted are presented

below:
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« filters = 64

* kernel size =2

* ReLU activation function for the both the CNN and LSTM Module
* 48 units for the LSTM Module

* MaxPooling1D with pool size=2

 Batch size =128

* Optimizer = Adam

* Learning rate = 0.0010

* Epochs =100

Multilayer Perceptron Model

After converging to the optimal forecasting accuracy, the hyperparameters for the MLP

model are formulated as follow:

480 Neurons for the Input Layer

 Batch size =128

* ReLU activation function for the Input Layer, as well as the output Dense Layer
* Optimizer = Adam

* Learning rate = 0.0011

* Epochs =100

Temporal Convolution Network

* Filters =256
* Dilations =[1, 2, 4, 8, 16, 32]

» Batch size = 128
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* Optimizer = Adam
* Learning rate = 0.0010

* Epochs =100

CNN-1D Model
 Filters = 64

» Kernel size =3

MaxPooling1D (pool size=2)

* Neurons of Dense Layer = 16

* ReLU activation function for the CNN Module, as well as the output Dense Layer
* Optimizer = Adam

* Learning rate = 0.0010

» Epochs = 100

ConvLSTM Encoder- Decoder Model

This is the hybrid proposed model of this research that outperforms the other deep learning

models. The hyperparameters that compose the architecture of this model are the followings:
* Filters = 64
» Kernel size = (1,4)

* ReLU activation function for the ConvLSTM2D Module, for the LSTM Layer, as well

as the output Dense Layer
* Encoder Vector with size =1
* 64 Units for the LSTM module
* Optimizer = Adam

* Learning rate = 0.0068
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* Epochs =100

A visualization of each model is presented in Figure [5.7.

5.6.7 Software Environment

The experiments presented in this study were implemented in Python Language, using
the Open-Source software library Tensorflow 2 and the high-level API, Keras. Pandas and
Numpy libraries were used for data analysis and visualization of the problem. The project
was executed on Google Colab Pro platform, using a GPU with the following characteristics:
NVIDIA- SMI 460.32.03, Driver Version: 460.32.03, CUDA Version: 11.2, RAM: 25.45 GB
and Disk: 166.77 GB.

Regarding the time required to train each model, one of the primary factors influenc-
ing this process is the architecture and the level of complexity of each model, and more
specifically the number of trainable parameters which are required to train each algorithm.
Among the models examined, the MLP (Multi-Layer Perceptron) stands out as the simplest
and fastest to train, followed by CNN-1D, CNN-LSTM, LSTM, ConvLSTM Encoder De-
coder, and TCN. Despite their architectural differences, the training times do not exhibit
significant variations. Once the optimization procedure is completed and the optimal hyper-
parameters for each algorithm are determined, the training of each model takes no more than
20 minutes. Finally, regarding the time required for each model to make a complete predic-
tion, i.e., the inference time, it does not exceed 1 minute. So, this remarkably short training
time enables real-time predictions using these models, extending their applicability beyond

the academic realm pursued in this work.

5.6.8 Performance Metrics (Evaluation Metrics)

In this section, we present the performance metrics used in the evaluation of the hourly
power prediction models. Mean Absolute Error (MAE) [[144] is a commonly used metric with
regression models, comparing actual and predicted values, which gives a measure of average
error. MAE is calculated by the following formula where y; is the predicted value and x; is

the actual value in a set of n samples:

MAE = M (5.2)

n
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Moreover, Mean Absolute Percentage Error (MAPE) [[145] is used as a measure of qual-
ity for regression and time series models because it is explains intuitively the relative error.

MAPE is computed by the following formula which uses the same parameters as the MAE

calculation:

100 o~ y; — x;
MAPE = —
n;| — |

T

Table 5.4: Main optimization parameters of each model

Model Type

Model Hyperparameters

LSTM

LSTM module with search space of the
units:

min_value=16, max_value=256, step=16
Optimizer = Adam

Learning rate with search space:
min_value=0.0010, max value=0.010,

sampling="log”

MLP

1 Dense layer with search space of Neu-
rons:

min_value=16, max_value=512, step=16

Dropout layer with search space:

min_value=0, max_value=0.5, step=0.05
Optimizer = Adam

Learning rate with search space:
min_value=0.0010, max value=0.010,

sampling="log”
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Model Type Model Hyperparameters

* Filters of CNN with range:

min_value=64, max_value=128, step=16

* CNN kernel size with search space:

min_value=4, max_value=8, step=2

* Neurons of Dense Layer with search
CNN-1D space:
min_value=24, max_value=120, step=12

* Optimizer = Adam

* Learning rate with search space:
min_value=0.0010, max value=0.010,

sampling="log”

» Filters of CNN module with range:

min_value=64, max_value=128, step=16

 Kernel size with search space:

min_value=1, max_value=3, step=1

« LSTM units with search space:
CNN-LSTM min_value=16, max_value=256, step=16

* Optimizer = Adam

 Learning rate with search space:
min_value=0.0010, max value=0.010,

sampling="log”
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Model Type Model Hyperparameters

* Filters of TCN with search space:
min_value=128, max_value=256,

step=16

* Dilations =[1, 2, 4, 8, 16, 32]

TCN
* Optimizer = Adam

 Learning rate with search space:
min_value=0.0010, max_value=0.010,

sampling="log”

* Filters of ConvLSTM with range:

min_value=64, max_value=128, step=16

 Kernel size of ConvLSTM with range:

min_value=2, max_value=4, step=1

» Repeated Vector with range:

min_value=1, max_value=3, step=1

Conv LSTM Encoder-Decoder * LSTM module with search space of the
units:

min_value=16, max_value=128, step=16
* Optimizer = Adam

 Learning rate with search space:
min_value=0.0010, max value=0.010,

sampling="log”

Furthermore, Mean Squared Error (MSE) [[144] and Root Mean Squared Error (RMSE)
[146] error metrics are included in the performance evaluation of this study. The MSE met-

ric measures the average squared difference between the predicted and the true values. In
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Figure 5.7: Models visualization

this study, we used MSE as the loss function for the training of the neural network prediction
models due to the characteristic that gives a higher weight on extreme error values. Addition-
ally, RMSE metric is the square root of the MSE, use the same parameters as the previously

mention evaluation metrics and the computation formulas are the following:

n

EER o VY
MSE =~ ;(y ;) (5.4)
RMSE = |3 w (5.5)
=1

Additionally, the coefficient of determination or R squared is used as a performance met-

ric on this study, which represents the proportion of variance (of y) that has been explained
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by the independent variables in the model. It indicates a proper model fit and measures how
unobserved samples are possible to be forecasted by the model, through the proportion of
explained variance. R squared can be more informative than the metrics mentioned earlier in
regression analysis evaluation [[146]. R squared is calculated by the following formula where
y; 1s the predicted value, z; is the actual value and 7 is the mean of the actual values in a set

of n samples:

9 sum squared regression (SSR) Doy (i — 13)°
R=1- , =1 — =5 (5.6)
total sum of squares (TSS) Yo (T —xy)?

5.7 Analysis and Discussion of the Results

In the presented work, an automated application was implemented in order to find the
optimal forecasting model for hourly electricity data in MWs. For this purpose, six artificial
deep learning models were created and optimized as shown in the tables above. Essentially,
an application was implemented which will be able to run not only on electric power data but
will be used in any kind of time series forecasting problems.

The results obtained from the algorithmic experiments are presented and an analysis of
their results was made. In Figure 5.§ the daily hourly demand prediction in MWs for the
three-month period, from 1/10/2019 to 31/12/2019 is presented.

More specifically, Table 5.9 presents the values of R, MAE, MSE, RMSE and MAPE
for each model. For better understanding of the results, Table 5.5 has been sorted by MAPE
and in descending order.

Based on the experiments carried out, it is easy to see that the worst models are the CNN-
1D and TCN networks and it seems that the models contain Recurrent Networks, such as
LSTM and the two hybrid models implemented, show the best accuracy. So, an important
finding is that the models that contain only convolution operation present the worst accuracy,
a fact that leads to the conclusion that this mechanism doesn’t allow the models to extract
meaningful features from the input time series data compared to the other models.

More specifically, CNN-1D and TCN have MAE 0.4936 and 0.4576 MW and RMSE
0.7282 and 0.7096 MW, accordingly, while MLP achieves MAE equal to 0.4477 and RMSE
equal to 0.6784 MW. LSTM performs a MAE 0.4275 and RMSE 0.6747 MW and hybrid
CNN-LSTM network has MAE 0.4412 and RMSE 0.6866 MW, accordingly.
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Figure 5.8: The prediction results of each model. Lower subfigure represents the whole test-
ing dataset. Upper subfigures describe different three — day predictions plot from the same

training dataset

Table 5.5: Evaluation metrics.

Method R? (MW) | MAE (MW) | MSE (MW) | RMSE (MW) | MAPE (%)
CNN-1D 0.9906 0.4936 0.5302 0.7282 2.66%
TCN 0.9910 0.4576 0.5036 0.7096 2.40%
MLP 0.9919 0.4477 0.4602 0.6784 2.38%
CNN-LSTM | 0.9917 0.4412 0.4714 0.6866 2.31%
LSTM 0.9920 0.4275 0.4552 0.6747 2.25%
ConvLSTM
Encoder 0.9921 0.4142 0.4454 0.6674 2.15%
Decoder

The proposed model, which has not been used extensively in electricity forecasting datasets
is a hybrid model, called Convolutional LSTM Encoder-Decoder. The advantage of this
model compared to the other implemented models and mainly to the hybrid CNN- LSTM
model is the use of a ConvLSTM Network, which offers better feature extraction and accu-

racy. Thus, the profile of time series with multiple seasonality, such as the one studied in our
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case is recognized in a more efficient way, making this model capable of performing MAE
and RMSE 0.4142 and 0.6674, respectively. Figure 5.9 presents the comparative values of
R?, MAE, MSE and RMSE for each of the six models proposed and illustrated.

1.0 4 BN R"™2
N MAE
s MSE
BN RMSE

0.8

0.6

Errors in MW

0.4+

0.2 4

0.0 -
CNN-LSTM

ConvLSTM Encoder - Decoder
Models

Figure 5.9: Comparison of the models in terms of R2, MAE, MSE and RMSE error metrics

5.8 Summary and Future Work

In recent years, the energy sector has experienced substantial transformations due to con-
tinuous surge in demand and to energy crises. These developments have given rise to new
requirements aimed at addressing emerging situations and ensuring the effective and effi-
cient operation of the power grid. Accurate demand forecasting is a key factor for the reliable
operation and robustness of modern power systems. Especially, in short-term load forecast-
ing, the efficiency is a cornerstone for market flexibility which ensures the balance between
supply and consumption in real time. For those reasons, this study introduces an innovative
and automated Deep Learning forecasting model for use in the energy sector. The load fore-
casting results of five enhanced models, which are the CNN-1D, LSTM, CNN-LSTM, TCN
and MLP, are produced and compared with those generated by a proposed forecasting hybrid
model, named ConvLSTM Encoder-Decoder.

Based on the results obtained and presented, the proposed ConvLSTM Encoder-Decoder,

compared with the other methods, leads to better results, achieving a MAPE equal to 2.15%.
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LSTM follows with 2.25%, hybrid CNN-LSTM with 2.31%, MLP with 2.38%, TCN with
2.40% and lastly CNN-1D, with a MAPE equal to 2.66%. The differences, in terms of the
MAPE, are quite small among them most likely due to the extensive optimization process

carried out in all models.

Regarding the contribution of the current research, it is emphasized the implementation
of a Deep Learning automated algorithm, which is capable to identify the optimal model for
predicting future time series data across various problems. While the present study focused
on load forecasting, the proposed approach could also be applied to predict quantities in sys-
tems involving renewable energy sources, like wind and solar power. Moreover, the system
has potential in predicting building energy consumption in general and specifically in com-
mercial, industrial and military facilities, considering factors such as climate data, indoor

environmental information and occupants’ behavior, which applies to time series problems.

In addition, through the suggested load forecasting model, a new and innovative deep
learning model is presented that achieves the higher forecasting accuracy among the models
studied. This proposed hybrid model consists of a ConvLSTM component, which encodes the
information contained in the input time series vectors. Then, the information passing through

an Encoder Vector, is distributed in an LSTM model, whose target is to predict future data.

Considering the aforementioned contribution of the current research, it becomes appar-
ent that the developed methodology distinguishes itself from the counterparts presented in the
literature review. While the referenced publications primarily focus on comparing outcomes
derived from various statistical and machine learning methods, this work takes a different
approach. The selection of the best model is accomplished through an automated process,
introducing flexibility and performance for potential users of the developed application. Fur-
thermore, an advantage of the proposed approach lies in the introduction of a state of the art
model (ConvLSTM Encoder Decoder) that has not been applied extensively before to load

forecasting problems.

In terms of future research directions stemming from the current research, some note-
worthy propositions emerge. The automated model could be enhanced by incorporating ad-
ditional efficient models such as the Exponential Smoothing LSTM (ESLSTM) and ad-
vanced Multi-Head Transformer. A notable challenge lies in applying the models developed
to medium and long-term multistep prediction tasks to evaluate their stability over extended

sequences. Furthermore, testing the applicability of the proposed approach to other diverse
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types of time series data, can also be a significant challenge. Moreover, conducting a com-
parative analysis of prediction accuracy in time series tasks by combining the models used
in this publications with Custom Activation Functions represents another potential avenue
for future investigation. Lastly, exploring the utilization of these algorithms in Demand Side
Management and Demand Response problems is a challenging prospect, given the high level

of accuracy required for short-term forecasting in such problems.

5.9 Short-term residential Load forecasting for Smart Grids

5.9.1 Summary of the problem

In recent years, the electricity sector has attracted considerable scientific interest due to
global regulatory initiatives promoting sustainability and decarbonization. Transmission and
distribution system operators (DSOs) are facing one of the greatest challenges in their his-
tory: the energy transition of the power system. Sustainable development and technological
advancements, particularly in artificial intelligence and machine learning, play a crucial role
in transforming traditional power networks into smart grids. A key aspect of this transforma-
tion is the accurate prediction of residential electricity consumption.

Smart metering technologies in smart grids generate large volumes of consumption data,
facilitating energy demand forecasting. This forecasting is essential for managing electricity
demand and supporting utilities in load planning. The objective of this work is to analyze
residential consumer behavior and assess the accuracy of demand predictions, which signif-
icantly enhances the operation of smart grids and their interaction with electricity markets.
The assets and consumers connected to the distribution grid can also participate in electricity
markets by providing additional flexibility services.

This study focuses on residential load forecasting for small-scale consumers on the Greek
island of Skiathos. To achieve this, state-of-the-art algorithms are applied to perform short-
term forecasting of electricity consumption. The dataset used consists of hourly-resolution
data aggregated from 15 individual low-voltage consumers. Five different models are devel-
oped to enable a reliable comparative analysis.

The first model is a multilayer perceptron (MLP), consisting of fully connected layers.
Next, a convolutional neural network (CNN) model is designed, followed by a single dense

layer (CNN-Dense). To further explore the problem, a Long Short-Term Memory (LSTM)
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model and a Temporal Convolutional Network (TCN) are implemented, both specifically
designed for time-series forecasting. Additionally, an ensemble model combining CNN and
LSTM predictions is developed. Bayesian Optimization is applied to fine-tune the hyperpa-
rameters of the models for optimal performance. Finally, a Naive model is implemented as a
benchmark to compare the deep learning models against a statistical approach.

The work is structured as follows: First, a literature review provides an overview of related
scientific studies. Then, the methodology and operation of the five forecasting models are
outlined. An Exploratory Data Analysis (EDA) is conducted to examine key characteristics of
the demand time series, including seasonal patterns and peak consumption periods. Following
this, the forecasting errors are analyzed through comparative metrics to evaluate the accuracy
of the models. The study concludes with a discussion of key findings and suggestions for

future research.

5.9.2 Introduction

The energy sector has garnered significant attention from both researchers and investors
in recent years, owing to its rapid growth and transformative changes. Emerging investments
necessitate the deployment of new equipment, accompanied by the formulation of novel rules
and legislation designed to safeguard the environment and address the greenhouse effect.
These developments underscore the sector’s heightened importance and establish essential
conditions for its oversight [[147]. Simultaneously, a widespread and profound energy crisis
has unfolded on a worldwide level, primarily attributed to the ongoing conflict in Northern
Europe. This geopolitical situation has led to the suspension of operations by large industrial
units and businesses, driven by escalating operating costs. The surge in global electricity de-
mand has further exacerbated uncertainties and energy-related risks [81]. Among all these
advances, the short-term prediction of household electricity consumption emerges as a fun-
damental factor for the seamless operation of modern electrical networks [132]. This task
involves forecasting the short-term trends in the electricity consumption of residential con-
sumers, and it plays a crucial role in ensuring the efficient functioning of contemporary elec-
trical grids. A precise understanding of short-term electricity consumption patterns enables
proactive resource management, optimising grid performance, and enhancing overall relia-
bility [[148]. In terms of buildings power usage prediction, different practices were applied

to overcome the difficulties due to its high energy consumption, nonlinearity of data, and
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dynamic occupant behavior [[149]. On one hand, statistical methods are used, as Awerkin et
al. [[150] propose a hybrid model which consists of statistical parametric methods of Fourier
analysis and stochastic differential equations. The findings of the current research conclude
that this model is more suitable for short-term predictions in small time intervals rather than
long-term forecasting horizon. On the other hand, in recent power prediction works, experts
utilise machine learning (ML) and deep learning (DL) algorithms. Dinesh et al. in [[I51]
present a new method for forecasting energy consumption in a house based on non-intrusive
load monitoring (NILM), and affinity-aggregation spectral clustering is introduced, with the
idea of extending it to forecast consumption in a greater number of houses, such as a micro-
grid. Furthermore, Biswas et al. in [[152] developed Artificial Neural Network models based
on the Levenberg-Marquardt and OWO-Newton algorithms, which produce show promising
prediction results using data from TxAIRE Research houses. Kim and Cho in [[153] processed
data an apartment with a resolution of one minute with a sliding window technique to develop
a 60-minute time frame and set the next 60 minutes as a prediction. The multi-variable time
series 1s converted to a two-dimensional array to feed a hybrid forecasting model (Convo-
lutional Neural — Long-Short Term Memory Networks). Furthermore, Ullah et al. in [[154]
examine the use of an intelligent hybrid approach that incorporates a convolutional neural net-
work (CNN) with a multilayer bidirectional long-short-term memory (M-BDLSTM) method
to effectively learn the sequence pattern of the predicted data. The main contribution of this
work lies in the direct application of Deep Learning models to the final demand curve, which
is an important aspect in economic or market contexts. The specificity of this application
is underscored using a limited sample of consumers, deliberately avoiding assumptions and
data smoothing. Despite these constraints, the research asserts that not only is the proposed
task feasible but can be applied and implemented effectively under real-world operational
conditions, such as its integration into the systems developed by the DSO and TSO. From the
DSO perspective, the provision of local flexibility services, such as congestion management
and voltage control is a pivotal role challenge, and from the TSO point of view, these small
consumers will be enabled through IoT devices to participate in a secure manner directly into
the balancing market, for adjusting the frequency of the grid. This emphasis on practicality
suggests a focus on the applicability and robustness of the DL models in addressing real-
world scenarios, offering insights into the potential implications of the findings for broader

contexts beyond the study’s limited data. This work is organized as follows: Section
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discusses the main methodology and the data collection process. Section presents in de-
tal the datasets used for this task. Section analyzes the forecasting models. Section
shows the results of the short-term residential power prediction, and Section concludes

this work, discussing the main conclusions and future study proposals based on this work.

5.10 Methodology

5.10.1 Datasets

The data set of this study refers to the power consumption of 15 residential consumers.
These properties are located on Skiathos Island — Greece. Skiathos Island is a famous tourist
destination during the summer period, so the load curve of consumers presents increased us-
age. Due to the privacy of client data, we studied the aggregated value of the 15 residences,
as presented in Figure 5.10. The investigation period is from 1-08-2020 to 30-06-2023. Data
were provided to the researchers of the current study from the Hellenic Electricity Distribu-

tion Network Operator [[155].

Figure 5.10: Creation of the dataset

In addition, the weather conditions of the island are recovered from the meteorological
station of the Skiathos airport. The International Civil Aviation Organization (ICAO) code
for this airport is LGSK. In general, airport meteorological stations publish reports twice per

hour, named METAR, on the weather conditions that occur on the runway. These reports
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include elements such as temperature, humidity, wind speed, and direction, among others,

which are also the elements that were used for this work.

5.10.2 Software Environment

This work’s trials were conducted in Python language, version 3.10, leveraging the Open-
Source software library Tensorflow 2.14.0 and the high-level API Keras 2.15.0, for training
and testing the deep learning algorithms. Additionally, Pandas 2.1.0 and Numpy 1.26.0 li-
braries for data analysis. Furthermore, the Seaborn and Matplotlib libraries were used for
visualisation purposes of the exploratory analysis and prediction results. The trials were car-
ried out on Google Colab Pro platform, which utilizes GPU NVIDIA (Version 460.32.03),
RAM: 25.45 GB, disk space: 166.77 GB, and CUDA (Version 11.2).

5.10.3 Prediction Evaluation

For this study, the following three most common prediction performance metrics in re-
gression analysis are used:
Mean Absolute Error (MAE): This metric estimates the average of the absolute differ-

ences between the forecasted and true values. MAE is calculated as:
MAE = M (5.7)
n

Root Mean Squared Error (RMSE): This metric calculates the square root of the av-
erage of the squared differences between the predicted and true values. RMSE is calculated

as:

RMSE = M (5.8)

Mean Absolute Percentage Error (MAPE): This metric computes the average of the
absolute percentage differences between the predicted and actual values. MAPE is calculated

as:

y—=9

MAPE =—1%1

n

x 100 (5.9)

where vy is the actual value, g is the predicted value, and n is the number of observations.
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5.11 Data Analysis and Results

In this section, the analysis of the studied data is initially presented, followed by a fo-
cus on the fundamental architectures and hyperparameters of each model. Finally, a detailed

presentation of the prediction results of each algorithm is provided.

5.11.1 Exploratory Data Analysis

Concerning the variation in consumption data, the boxplots in Figures 5.11],5.12and 5.13

illustrate the total average consumption per day of the month, per day of the week, and per
month, respectively. It is observed that the months with the highest consumption are July and
August, a phenomenon that is logical due to the increased temperatures during the summer
period. Notably, during the day, the average hourly consumption follows a consistent trend,
as does the average consumption during the midday hours per week. These variations are
indicative of the non-uniform fluctuation exhibited by the data and the absence of specific

patterns.

Figure 5.11: Daily total average consumption

Figure presents the correlation between the variables of weather characteristics and
electricity consumption. None of the variables exhibit a high correlation, a fact that led us to

utilize univariate prediction methods.
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Figure 5.12: Weekly consumption

5.11.2 Feature Engineering

With the aim of creating appropriate features for the optimal training of models, the One-

Hot Encoding technique is employed. This is a scientific approach that transforms categorical

Figure 5.13: Monthly consumption

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



166 Chapter 5. Electricity Load Forecasting for the market mechanisms

Figure 5.14: Correlation Heatmap

data into numerical vectors and converts numerical information into cyclical patterns through
trigonometric transformation. This method converted weekdays, hours, and months into sine

and cosine representations. Specifically, the features created are as follows:
* Hourly Consumption: The historical 24 hours of values for each predicted hour.
 Sin and Cos of the day: Sin and cosine representation for the day.
* Sin and Cos of the hour: Sin and cosine representation for the hour.
* Sin and Cos of the month: Sin and cosine representation for the month.

* Weekend: Dummy variable where 0 represents working days and 1 represents week-

ends.

5.12 Forecasting Models

5.12.1 Deep Learning Architectures

The hyperparameters for all models were determined through the application of the Bayesian
Hyperparameter Optimization Algorithm. For every algorithm, Adam Optimizer was chosen

due to its adaptive learning rate, efficient handling of sparse gradients, fast convergence, and
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Figure 5.15: Weighted Average Ensemble Model

robustness to noisy data. The specific details of the final hyperparameters are outlined as

follows:
* MLP Model: Batch size = 64, Learning rate = 0.0010128, Neurons for the Dense Layer.

* CNN-1D Model: Filters = 64, Learning rate = 0.0010, Kernel size = 3, MaxPooling1 D
(pool size = 2), Neurons of Dense Layer = 16, ReLLU activation function for CNN and

Dense Layer.

* LSTM Model: Batch size = 128, Learning rate = 0.0010, Units of LSTM network =

48, ReLU activation function.

* TCN Model: Batch size = 128, Learning rate = 0.0010, Filters = 256, Dilations = [1,
2,4,8, 16, 32].

* Weighted Average Ensemble Model: Batch size = 128, Learning rate =0.0010, Filters
= 64, Kernel size = 3, 48 units for the LSTM Module, MaxPooling1 D with pool size
= 2, Contribution of LSTM: W™ = (.5, Contribution of CNN: W = (.5. This
model is visualized in Figure [5.13.

5.12.2 Naive model

The Naive model is a statistical approach that, for each forecast hour, considers the aver-

age value of the same hour one week ago and the same hour two weeks ago. The underlying
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assumption of this method is that the time series exhibits specific patterns, such as seasonal-
ity at the monthly, weekly, and daily levels. This approach serves as a benchmark model for

comparison in time series forecasting tasks.

5.13 Results

Data used in this work were divided into training and testing sets. As the testing set,
the last six months of the initial dataset were selected. The previously mentioned models
were trained, and the values of the relevant metrics used to evaluate the performance of each
algorithm are presented in Table [5.6.

It is observed that all Deep Learning models consistently outperform the benchmark sta-
tistical model used. According to MAE, the best-performing model is the Ensemble, with
a value of 1.580 kW. Additionally, the three individual models, CNN, LSTM, and MLP,
exhibit very close prediction accuracy values, with MAE scores of 1.606 kW, 1.586 kW,
and 1.624 kW, respectively. The poorest prediction model is Naive (Benchmark), achieving
MAE, RMSE, and MAPE values of 2.608 kW, 3.344 kW, and 28.50%, respectively. This fact
implies the superiority of DL and ML models over the statistical model, as the latter is un-
able to capture the non-linear variations in time series and the abrupt changes in instantaneous
values.

For better representation of the results, Figure illustrates the predicted values in
comparison to the actual values for a one-week period for every evaluation month. It becomes
evident that the fluctuation of actual hourly consumption does not follow a specific pattern,
presents multiple seasonality between the duration of the day, and also exhibits volatility, a

factor that complicates the operation and prediction of the models further.

5.14 Summary of the Results and Future Work

In this work, an extensive attempt was made to forecast the consumption of household
consumers from Skiathos Island. Hourly data from 15 households are used. The problem is
that having only a few households makes it hard to create a reliable prediction model. Also,
the amount of electricity used by homes changes based on the time of the month, week, and

day. This happens because people’s electricity usage follows a stochastic pattern at times.
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Table 5.6: Performance metrics of the models

Model MAE (kW) RMSE (kW) MAPE (%)
Naive (Benchmark) 2.608 3.344 28.50
CNN 1.606 2.114 16.25
LSTM 1.586 2.084 16.38
MLP 1.624 2.092 17.55
TCN 1.691 2.192 17.67
Ensemble 1.580 2.109 15.62

Figure 5.16: Actual and Forecasting Results for first 7 days of each month of the testing set

The research findings demonstrate that deep learning models surpass statistical models,

for instance, the naive model employed, in accurately capturing the consumer behavior curve.

Another significant conclusion is that, for a limited consumer sample, weather phenomena,

including temperature, humidity, and wind speed, do not significantly impact the hourly vari-

ation in consumption. This assertion is supported by the low correlation observed among these

specific variables in our research.

Looking ahead to future research ideas based on this study, a key focus is on creating

Artificial Intelligence models tailored for predicting consumer behavior. The close connec-

tion between household activities and electricity consumption is an important area that needs
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in-depth exploration. The strong link observed between household activities and electricity
consumption highlights the potential success of Machine and Deep Learning models in pre-
dicting and understanding consumer energy usage.

Moreover, there is a significant area gaining interest worldwide in research circles: De-
mand Side Management (DSM) and Demand Response (DR) programs. These efforts, aimed
at improving energy usage and enhancing power grid reliability, offer another area for thor-
ough exploration. Companies, such as DSOs in various European countries, are actively in-
volved in these initiatives to achieve intelligent energy conservation.

Consequently, the amalgamation of the algorithms meticulously developed within this
research work holds promise as a crucial determinant for the successful implementation and
functioning of such advanced programs. The potential ramifications of incorporating these
algorithms extend beyond theoretical considerations, suggesting a practical application in the

operationalization of sophisticated energy management initiatives.
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Chapter 6

Wholesale Electricity Price Forecasting

6.1 Challenges and Solutions in Electricity Price Forecast-
ing

Similar to ELF methods, in this section, studies that have significantly contributed to the
field of price forecasting are extensively analyzed. Initially, statistical models are presented,
followed by publications focusing on ML and DL, and finally, emphasis is given to Ensemble
Methods. Similar to ELF, for a more substantial presentation of the related works, the related

studies utilize ML and DL models are presented together.

6.1.1 Statistical Models

Similar to ELF approaches, the statistical models used to predict electricity prices rely
on similar algorithms. Initially, traditional time series forecasting methods, like simple re-
gression techniques, moving averages and smoothing methods were employed. Then, more
complex and advanced models like dynamic regression, models, Box-Jenkins, and hybrid
statistical models [156] to detect trends and seasonality in electricity price time series data
were investigated. Various works, including [[157,158,159,[160], have explored ELF using
the above methods. These foundational models paved the way for the creation of more pow-
erful forecasting techniques. Skopal et al. in [[157] propose a hybrid combination of ARIMA
and a MLP model. The statistical model identified the linear trends, while the neural net-
work handled the modeling of the nonlinear residuals. This approach leaded in lower fore-

cast metrics, measured by the MAPE and mean absolute deviation (MAD), in comparison

171
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to the single models. Similarly, other stydies including [[158,[159], propose multiple autore-
gressive models, like SARIMA and GARCH, as weel as more advanced hybrid algorithms
to predict electricity prices, evaluating their performance through statistical metrics like R?
and MAPE. Their results highlight the effectiveness of these hybrid models. Additionally,
a hybrid model combining ARIMA and multivariate linear regression and Holt-Winters is
developed in [[160]. For the evaluation process, datasets from the Iberian electricity market
are used and MAPE is used. The results show that the combined model achieves satisfactory
performance compared to other benchmark models. Marcjazz et al. in [[161]] focuse on the
selection of optimal calibration windows for day-ahead EPF. The research utilizes six years
of data from three major power markets and involves fitting four autoregressive expert mod-
els to both raw and transformed price time series. Also, Sanchez et al. in [L62] investigate an
ARIMA model using multiple input data for the Pennsylvania-New Jersey-Maryland (PJM)

and Spanish electricity market, in order to generate 24 hours ahead forecasts.

In terms of statistical methods, the authors in [[163] use ARIMA, SARIMA, SARIMAX,
and multiple linear regression (MLR) forecasting methods to forecast day-ahead electricity
prices for Germany, based on a variation of input features. In this article [[164], a collabora-
tive framework is suggested between humans and machines to predict the day-ahead electric-
ity price in wholesale markets. This framework combines numerous statistical and machine
learning models, various exogenous features, a combination of several timeseries decomposi-
tion techniques, and a collection of timeseries characteristics derived from signal processing
and timeseries analysis methods. The researchers in this work [[165] apply traditional infer-
ential statistical methods, among others, for the prediction of electricity prices and proposed
an innovative solution to forecast electricity spot prices. In recent literature statistical meth-
ods are mostly used as benchmark models to compare with Machine, Deep, and Ensemble

Learning models, which are presented below.

Other studies [[166,167,[168] have focused on comparing different time series analysis
methods for EPF. Abunofal et al. in [[166] conduct a comparative analysis between different
autoregressive models, like ARIMA, SARIMA and SARIMAX, which utilizes exogenous
features as input. The aim is to create forecasts for the German DAM. Between the mod-
els, the SARIMAX, achieved the highest forecast accuracy. Also, Banitalebi et al. in [[167]
compare DES and TES for EPF from variability, utilizing elastic net regularization. The fore-

casted results show that TES provides exceptional performance, and regularization helps min-
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imize the MSE. These outcomes aid in making well-informed decisions for power generation
planning within the market. Additionally, various autoregressive statistical models and their
derivatives have produced accurate forecasting results, as discussed in [[168]. The study pro-
vides detailed computational procedures, in detail results, and evaluation metrics, like MAPE,

highlighting promising outcomes and areas for further consideration.

Khairuddin et al. in [[169] explore the Imbalance Cost Pass-Through (ICPT) within Malaysia’s
incentive-based regulation (IBR), emphasizing its role in enabling power producers to adjust
tariffs in response to changing fuel prices, thereby strengthening economic resilience in elec-
tricity generation. The Energy Commission’s biannual reviews of generation costs lead to
either rebates or surcharges for customers. The study proposes forecasting ICPT prices to aid
stakeholders in Peninsular Malaysia, utilizing three models and evaluating performance via
the MAPE. Findings indicate that ARIMA is the most accurate forecasting method in com-
parison to MA and LSSVM, with minimal price differences observed. The forecasted ICPT
prices align closely with actual tariffs, suggesting a potential price drop in the upcoming an-

nouncement. This research could positively impact Malaysia’s energy sector sustainability.

GARCH approaches are advantageous in ELF tasks because they effectively capture price
volatility and temporal dependencies, allowing for more accurate predictions of sudden price
spikes and fluctuations in highly volatile electricity markets. Based on these, Entezari et al.
in [[170] examine methods to quantify risk and forecast the bias of electricity prices to revert
to their historical average in Portugal’s energy market. The data were used are from Jan-
uary 2016 to December 2021. They apply both symmetric and asymmetric GARCH models
to mitigate data fluctuation peaks, with the asymmetric model capturing the distinct effects
of positive and negative shocks. The MSGARCH model, estimated with two distinct states,
successfully captures the shifts between low and high volatility periods, as well as the pro-
longed impact of shocks during high volatility. The advantage of this method is that helps
power producers predict price movements and adjust their operations with high accuracy
accordingly, leading to improved market stability and efficiency. Finally, authors in [[171]
research the financial impact and sustainability of a RES. More specifically, they use a PV
plant with nominal power equal to 5 MWs, which is located in Montenegro. This PV plant
has direct market access instead of a long-term Power Purchase Agreement (PPA). Using
ARIMA for price forecasting, it finds that this riskier strategy is more profitable and offers

a shorter payback period. The study concludes that direct market access is a better option to
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enhance project returns and support energy transformation in developing countries.

6.1.2 Machine and Deep Learning Models

The integration of ML and DL models into wholesale EPF problems has been gaining
increasing application in recent years. Gonzalez et al. in [|172] examine the effectiveness of
two advanced and hybrid models for forecasting next-day spot electricity prices on the APX-
UK power exchange. The first model combines a fundamental supply stack model with an
econometric model incorporating price driver data. The second model extends this approach
by including logistic smooth transition regression (LSTR) to handle regime changes during
structural shifts. The evaluation results in the test set from both hybrid models, particularly
the hybrid-LSTR, perform better than those from non-hybrid SARMA, SARMAX, and LSTR
models. The models’ prediction intervals (PIs) are assessed by comparing nominal to actual
coverage, though no formal tests are conducted. The LSTR model achieves the best results,
followed by the hybrid-ARX and SARMAX models. However, the hybrid-LSTR model tends
to produce too many exceeding prices due to overly narrow Pls.

Moreover, regarding Machine Learning (ML) applications, the authors in [[1 73] present a
three-stage model for short-term electricity price forecasting using ensemble empirical mode
decomposition (EEMD) and extreme learning machine (ELM). In [[174], a probabilistic fore-
casting method for day-ahead electricity prices is proposed using SHapley Additive exPla-
nations (SHAP) feature selection and Long- and Short-term Time-series Network (LSTNet)
quantile regression. The study in [[175] discusses the use of artificial neural networks to pre-
dict the price and demand of the day of electricity, compares different neural network ar-
chitectures and finds that methods that combine fully connected and recurrent or temporal
convolutional layers present better performance. Following the previous, a model for elec-
tricity price forecasting is proposed in [ 76], which improves precision by combining trend
decomposition, temporal convolutional network, and neural basis expansion analysis (STL-
TCN-NBEATS). The authors in [[I77] propose using Support Vector Machine (SVM) and
K-Nearest Neighbor (KNN) classifiers for short-term electricity price and load forecasting.
The modified SVM achieves an accuracy of 88.2740% for price forecasting, while the mod-
ified KNN achieves an accuracy of 89.8605% for load forecasting. In [|178], a novel hy-
brid machine learning algorithm is presented to predict the day-ahead EPF, integrating linear

regression with Automatic Relevance Determination (ARD) and ensemble bagging Extra

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



6.1.2 Machine and Deep Learning Models 175

Tree Regression (ETR) models. Recognizing that each model of EPF has its own strengths
and weaknesses, the combination of several models presents more precise predictions and
overcomes the constraints associated with any individual model. The researchers in [|179]
optimized an electricity price prediction model with inverted and discrete particle swarm
optimization, which utilized variational mode decomposition and the K-means clustering al-
gorithm. Additionally, the authors of [[180] perform simulations for four primary regression
techniques, including Support Vector Machine, Gaussian Processes Regression, Regression
Trees, and Multi-Layer Perceptron. Based on performance, such as MAE, RMSE, R, and the
total number of percentage error anomalies, Support Vector Machine (SVM) stands as the op-
timal selection for predicting the price of the electricity market and, finally, [181]] proposes
a combination of single and hybrid machine learning models for predicting the short-term
price of electricity. The hybrid models outperformed the single models, with the Logistic

Regression - CatBoost model achieving the lowest MAE and RMSE values.

At the same time, open-source platforms provide great flexibility for such problems.
Medina et al. in [[182] investigate the application of advanced GPT tools, such as OpenAl’s
ChatGPT, to improve electricity price prediction in Spain’s complex energy market. By an-
alyzing energy news and expert reports, they generate supplementary variables that enhance
predictive models. Their research includes two methodologies: employing in-context exam-
ple prompts and fine-tuning GPT models. The results show that insights derived from GPT
models closely match post-publication price changes, indicating that these methods can sig-
nificantly boost prediction accuracy and aid market stakeholders and companies in making
informed decisions amidst electricity price volatility. Simultaneously, [[133] investigates the
problem of short-term ELF using PSO methodologies in order to optimize back propagation
feedforward networks. The results comparison is based on MAE and MSE, achieving 8.69%

and 1.62%, respectively.

Furthermore, on the implementation of deep learning (DL) techniques in electricity fore-
casting tasks, [[183] discusses electricity price forecasting using deep learning algorithms such
as long short-term memory networks (LSTM), deep neural networks (DNN), convolutional
neural networks (CNN), CNN-LSTM, and CNN-LSTM-DNN. The accuracy of the models
is evaluated using MAE and MAPE metrics. In addition, [184] presents a hybrid model that
combines discrete wavelet transform (MODWT) denoising and empirical mode decompo-

sition (EMD) with sequence-to-sequence LSTM neural networks for forecasting electricity
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prices. The proposed model outperforms other forecasting models such as LSTM and stacked
LSTM. The authors in [[185], present a modular day-ahead electricity price forecasting ap-
proach that incorporates convolutional and recurrent neural networks to predict electricity
prices. An optimized heterogeneous structure LSTM model is presented in [[186] to forecast
the electricity price, which improves accuracy and stability compared to traditional models.
Researchers in [|187] propose a hybrid neural network model for short-term load forecast-
ing, combining a temporal convolutional network (TCN) and a gated recurrent unit (GRU).
The model is optimized using the AdaBelief optimizer. The authors in [[188] investigate an
efficient method for forecasting the daily electricity price using a LSTM neural network
model. [[189] is about electricity price forecasting based on an enhanced convolutional neural
network, while [[190] proposes a novel methodology for probabilistic energy price forecast
using Bayesian deep learning techniques. It focuses on providing prediction intervals and
densities to enable enhanced bidding and planning strategies considering uncertainty explic-
itly. Following, in [191]] a hybrid model is proposed for electricity price forecasting, which
decomposes the price series, selects significant subseries, predicts each subseries using the
GRU network, calculates the best weights using the particle swarm optimization algorithm
(PSO), and combines the results to obtain the final price prediction. Furthermore, in [[192] a
short-term electricity price forecasting method based on data mining is introduced, using a
fuzzy classification miner and an LSTM model. In [[193] a model is presented for the fore-
cast of electricity prices based on Gated Recurrent Units (GRU). The model considers factors
such as temperature, wind speed, and daily activities to increase the accuracy of the forecast.
The authors in [[194] proposed a feedforward deep neural network with the integration of an

autoregression module to minimize error on day-ahead price forecasting task.

Some works carry out extensive comparisons between ML and DL models. Conte et al.
in [195] explore forecasting techniques to enhance sustainable electricity management in
Brazil by predicting critical variables such as the price of differences settlement (PLD) and
wind speed. They employ two approaches: the first combines deep neural networks (LSTM
and MLP) optimized with a canonical genetic algorithm (GA), and the second uses machine
committees. One committee includes MLP, decision tree, linear regression, and SVM, while
the other consists of MLP, LSTM, SVM, and ARIMA. Their findings indicate that the hybrid
GA + LSTM algorithm performs exceptionally well in PLD prediction, achieving a mean

square error (MSE) of 4.68, and in wind speed forecasting, with an MSE of 1.26. These
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methodologies aim to enhance decision-making in Brazil’s electricity market.

Transformer models are gaining more and more interest in EPF sector, mainly due to
their attention mechanisms, which allow them to focus selectively on relevant time steps, en-
ables parallelization and capture intricate temporal dependencies in sequential data. Laitsos
et al. in [[196] utilize advanced DL algorithms, implementing four different novel models: a
CNN incorporating an attention mechanism, a hybrid CNN-GRU with attention, a soft vot-
ing ensemble, and a stacking ensemble model were introduced. Additionally, they developed
an optimized transformer model known as the Multi-Head Attention model and the Percep-
tron model is selected as benchmark. The results reveal substantial predictive accuracy, par-
ticularly with the hybrid CNN-GRU model, which achieved a MAPE of 6.333%. The soft
voting ensemble and Multi-Head Attention models also demonstrated strong performance,
with MAPEs of 6.125% and 6.889%, respectively. These findings underscore the potential
of transformer models and attention mechanisms in EPF, suggesting promising directions for

future research.

Additionally, the influence of conventional energy forms plays a significant role in shap-
ing the final hourly price. Jin et al. in [[197] aim to enhance electricity market price forecast-
ing by accounting for the discrete influences of fuel costs, large-scale generator costs, and
demand. They introduce two innovative techniques: one focuses on feature generation and
forecasting transformed variables based on fuel cost per unit and the maximum of the Prob-
ability Density Function (PDF) derived from Kernel Density Estimation (KDE). The second
technique involves demand decomposition followed by feature selection, verified by gain or
SHapley Additive exPlanations (SHAP) values. In their case study in the Korean Electricity
Market, they observed improvements across all indicators. Feature generation using fuel cost
per unit improved forecasting accuracy by reducing monthly volatility and error, achieving
a MAPE of 3.83%. The KDE-based method achieved a MAPE of 3.82%. Combining both
techniques resulted in the highest accuracy with a MAPE of 3.49%, while using decomposed
data alone had a MAPE of 4.41%.

Baskan et al. in [198] explore the use of ML and DL methods to predict day-ahead elec-
tricity prices over a 7-day horizon in the German spot market, focusing on the challenge of in-
creasing price volatility. The study underscores the potential of ML models to deliver reliable
predictions in volatile and unpredictable market conditions, presenting a compelling alterna-

tive to traditional models that rely heavily on human modeling and assumptions. Through
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both qualitative and quantitative analysis, the research evaluates model performance based
on forecast horizon and robustness determined by hyperparameters. Three distinct test sce-
narios are manually selected for evaluation. Various models are trained, optimized, and com-
pared using standard performance metrics. The results show that DL models outperform tree-
based and statistical models, demonstrating superior effectiveness in managing volatile en-

ergy prices.

Other studies address the complexity of data that includes numerous block bids and offers
per hour. Pinhdo et al. in [199] present an innovative methodology for EPF by predicting
the underlying dynamics of supply and demand curves derived from market auctions. The
proposed models integrate several seasonal effects and key market variables such as wind
generation and load. The evaluation metrics show the superior performance compared to

benchmark methods, emphasizing the importance of integrating market bids in EPF.

Some studies examine the integration of explainable Al into Deep Learning models in
order to deliver more precise and dependable conclusions. Heistrene et al. in [200] integrate
Shapley additive explanations (SHAP) with LSTM and CNN models in order to introduce
an Error Compensation EPF method. Data from Italian Power Market are used, and RMSE,
MAE and MAPE metrics are used. Also, Heistrene et. al. in [201]] introduce an explainable Al
Deep Learning method using a CNN model, in order to enhance the predictions of electricity
prices from Italy’s and ERCOT’s electricity market. The main findings of these studies are
the important role of Feature Importance, which help identify the impact of each input feature
on model predictions and the models’ interpretability, which helps researchers understand the

functionality pf each model.

Additionally, Duo et al. in [202] introduce a day-ahead forecasting method for China’s
Shanxi electricity market prices, using a hybrid extreme learning machine (ELM), which ran-
domly initializes the weights of the hidden layer and only requires the calculation of the out-
put weights, making it significantly faster compared to traditional neural networks. Initially,
they preprocess trading data by eliminating weakly correlated features using the Spearman
correlation coefficient. Next, they develop a day-screening model based on grey correlation
theory to filter out irrelevant samples. In order to improve the accuracy, they optimize the
parameters of the regularized ELM (RELM) using the Marine Predators Algorithm (MPA).
The proposed model demonstrates superior performance compared to other existing models,

helping to develop strong quotation strategies.
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Finally, Saglam et al. in [203] investigate the influence of exogenous independent vari-
ables on peak load forecasting by employing multiple combinations of multilinear regression
(MLR) models. Data from 1980 to 2020 are used, incorporating factors such as import/export
figures, population, and gross domestic product (GDP) to predict instantaneous electricity
peak load. The performance of these techniques is evaluated throurg MAE, MSE, MAPE,
RMSE, and R-squared. The results show that the ANN and GRO models achieve the highest

forecasting accuracy.

6.1.3 Ensemble Methods

Ensemble models various advantages, as they leverage the capabilities of both statisti-
cal algorithms and machine and deep learning. Kushagra Bhatia et al. in [204] investigate
the influence the impact of RES on price forecasts, using them in in the training process
of the models. The study proposes a bootstrap aggregated-stack generalized architecture
for very short-term EPF, aimed at helping market participants develop real-time strategies.
Guo et al. in [205] introduce an advanced ensemble model, which is called BND-FOA-
LSSVM, by combining three district algorithms. These are Beveridge-Nelson decomposi-
tion (BND), fruit fly optimization algorithm (FOA), and least square support vector machine
(LSSVM). The results show that the proposed model achieves a MAPE of 3.48%, a RMSE
of 11.18 Yuan/MWh, and a MAE of 9.95 Yuan/MWh. These metrics are significantly smaller
compared to those of the ARIMA, LSSVM, BND-LSSVM, FOA-LSSVM, and EMD-FOA-
LSSVM models.

Ensemble Learning (EL) is gaining more and more interest in electricity price forecasting
research. The authors of [206] propose a hybrid decomposition approach that incorporates en-
semble empirical modal decomposition (EEMD) and wavelet packet decomposition (WPD)
within a quadratic framework, coupled with a deep extreme learning machine (DELM) opti-
mized using an improved hunter-prey optimization algorithm (TPHO). The combination of
these techniques improves the precision of electricity price forecasting. Researchers in [207]
propose a short-term electricity price prediction methodology that utilizes days with similar
load consumption among the historical data, and the Ensemble Empirical Mode Decompo-
sition (EEMD) technique. A Gated Recurrent Unit Neural Network (GRU-NN) is used as
the machine learning model and is combined with a feature selection model. The proposed

method outperforms existing techniques in terms of accuracy.
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Yang et al. in [208] research and create a data-driven ensemble DL model (GHTnet)
to capture the temporal variation of real-time electricity price values. For this reason, an ad-
vanced CNN module based on inception architecture is developed, which is called GoogLeNet.
The advantage of this model is the capability of capturing the high-frequency features of data
used, while the inclusion of time series summary statistics has been shown to enhance the
forecasting of volatile price spikes. Datasets from 49 generators from the NYISO are used
for the evaluation of the performance of the models. The final results show that the psoposed
model achieves significant improvements over that of state-of-the-art benchmark methods,

improving the MAPE by 17.34% approximately.

Also, Jahangir et al. in [209] propose a novel method for EPF by using Grey correlation
analysis to select important parameters, denoising data with deep neural networks, imple-
menting dimension reduction, and utilizing rough ANNs. Additionally, Khajeh et al. in [210]
focuse on using ANNs with an improved iterative training algorithm for EPF in such markets.
This work introduces a novel forecasting approach for short-term electricity price prediction,
addressing the inherent complexity, nonlinearity, volatility, and time-dependent nature of
electricity prices. The proposed strategy incorporates two key innovations: a two-stage fea-
ture selection algorithm and an iterative training algorithm, both designed to enhance the

accuracy and reliability of the proposed model.

Following the above, Zhang et al. in [211] introduce a novel hybrid model based on
wavelet transform (WT), ARIMA and least squares SVM (LSSVM). The hyperparameters of
the model are optimized by PSO algorithm, making it capable of achieving high performance
in EPF tasks. The proposed method is tested using data from New South Wales (NSW) in
Australia’s national electricity market. The result show that this method gives more accurate

and effective results compared to other EPF methods.

Finally, Jaime et al. in [212] propose a hybrid EPF algorithm that utilizes a two-dimensional
approach. In the vertical dimension, the final forecasts were generated by combining the out-
puts of XGBoost and LSTM models in a stacked array. In the horizontal dimension, the model
leveraged available market data at the time of forecasting to create price predictions ranging
from 1 hour to 96 hours ahead. Additionally, a new input feature, derived from the slope of

thermal power generation output, significantly improved the accuracy of the model.
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6.1.4 Aggregated Studies for Electricity Price Forecasting

In order to present the most of the studies analyzed above in a consolidated manner, Table

follows.

Table 6.1: Aggregated Table with resent publications for price forecasting.

Ref. Year Models Metrics Dataset Origin
[157] 2015 DNN, ARIMA MAPE, MAD, Czech electricity spot
MFE prices
[158] 2013 ARMA, GARCH RMSE, MAPE Electricity prices in the
electricity market of
New England
[159] 2021 SARIMA, MAPE, RMSE Indian  Energy Ex-
GARCH change (IEX)
[160] 2019 ARIMA, Holt- MAPE Iberian electricity mar-
Winters, MLR ket
[166] 2021 ARIMA, MAE, RMSE EEX (European Energy
SARIMA, Exchange)
SARIMAX
[167] 2021 Exponential MSE Ontario, Canada
Smoothing
[168] 2020 ARIMA, ARI- MAPE Belgorod region in Eu-
MAX ropean part of Russian
coincides
[169] 2024 ARIMA, MA, MAPE Malaysia, the Energy
LSSVM Commission
[172] 2012 NAIVE, MAPE APX power exchange
SARMA, SAR- for Great Britain
MAX, LSTR
[182] 2024  Generative MCC Electricity Spanish
pre-trained trans- market

formers (GPT)

Continued on next page...
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Table 6.1 — continued from previous page.

Ref. Year

Models

Metrics

Dataset Origin

[196] 2024

CNN Attention,
Multi-Head

Attention, CNN-
GRU Attention,
En-
Soft

Stacking
semble,
Voting Ensemble,

Perceptron

MSE,
MAPE

RMSE,

HEDNO (Hellenic
Electricity Distribution

Network Operator)

[170] 2024

GARCH,
GARCH

MS-

Coefficient,
Standard  Error,

t-Value, p-Value

Portugal’s energy mar-
ket

[195] 2024

MLP,  LSTM,
SVM, ARIMA,
GA, PLD

MSE

National electric sys-

tem of Brazil

[197] 2023

XGBoost and
Decomposition

Techniques

MAPE, RMSE,
MDE

Korean power system

[198] 2023

LSTM,  CNN-
LSTM, ARIMA,
Random Forests,
Gradient Boosted
Naive,

KNN,

Trees,
SVM,

Decision Trees

MAE, RMSE

German spot market

[199] 2022

XGBOOST,
Market Curves,
XGBOOST-

Market Curves

MAE, WMAE

OMIE (Electricity Mar-

ket Operator, Spain)

Continued on next page...

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



6.1.4 Aggregated Studies for Electricity Price Forecasting

183

Table 6.1 — continued from previous page.

Ref. Year Models Metrics Dataset Origin
[203] 2024 ANN, SVR, MAE, MSE, Turkish Statistical Insti-
MLR, PSO, DO, MAPE, RMSE tute (TSI), World Bank
GRO Open Database
[202] 2022 CRITIC- SSE, MSE, Shanxi spot market
GRAMPA- RMSE, MAE
RELM,  MPA-
RELM, GA-
ELM, GA-SVM,
ELM, SVM
[L71] 2022 NNAR, ARIMA ME, RMSE, Hungarian Power Ex-
MAE, MPE, chang
MAPE
[204] 2021 LASO, ANN, MAAPE, RMSE, ENTSO-E Trans-
RANDOM FOR- MAE parency Platform
EST, RVM,
XGBOOST-
RVM
[208] 2022 ARIMA, Lasso, MAPE, MAE New York Independent
CNN, ANN, System Operator (NY-
GRU, LSTNet, ISO)
HFnet, Uber, W-
GRU, W-HFnet,
GHTnet (5,9)
[209] 2019 DR-R-SDAE, RMSE, MAE, Ontario, Canada
LSTM, R-DAE, MAPE
SDAE, CNN,
SVM

Continued on next page...
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Table 6.1 — continued from previous page.

Ref. Year Models Metrics Dataset Origin

[210] 2017 RNN, PCA with MAPE Pennsylvania—New
CNN, MLP with Jersey—Maryland
LM, CA with (PIM) electricity
CNN, SVC-RFE markets
with CNN

[211] 2012 ANN, ANN- MAPE, MAE, Australian national
ARIMA RMSE electricity market

[212] 2023 DTR, LSTM, MAE, RMSE Several market players
XGBOOST, in the Alberta electric-
Hybrid ity market

[161] 2018 Several AR mod- MAE Nord Pool (NP; North-
els ern  Europe), PIJM

Interconnection (North-

eastern United States),
EPEX Germany and

Austria (Central Eu-

rope)
[205] 2017 f LSSVM, MAPE, MAE, The daily electricity
BND-LSSVM, RMSE price in the northeast
FOA-LSSVM power grid of China
[162] 2016 several types of FMSE Spanish electricity mar-
ARIMA ket
[200] 2024 XAI CNN, RMSE, MAE, Italian Electricity Mar-
LSTM, XG- MAPE ket, ERCOT Electricity
BOOST Market
[201] 2023 CNN-based mod- MAE Italian Electricity Mar-
els ket, ERCOT Electricity
Market
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6.2 Data-Driven Techniques for Short-term Electricity Price
Forecasting Through Novel Deep Learning Approaches

with Attention Mechanisms

The electricity market is constantly evolving, driven by factors such as market liberaliza-
tion, increasing use of Renewable Energy Sources (RES), and various economic and political
influences. These dynamics make it challenging to predict wholesale electricity prices. Accu-
rate short-term forecasting is crucial to maintaining system balance and addressing anomalies
such as negative prices and deviations from predictions. This research investigates short-term
electricity price forecasting using historical timeseries data and employed advanced deep
learning algorithms. First, four deep learning models are implemented and proposed, which
are: A Convolutional Neural Network (CNN) with an integrated attention mechanism, a hy-
brid CNN followed by a Gated Recurrent Unit model (CNN-GRU) with attention mechanism,
and two Ensemble Learning models, which are a Soft Voting Ensemble and a Stacking En-
semble model. Also, the optimized version of a Transformer model, the Multi-Head Attention
model is introduced. Finally, the Perceptron model is used as a benchmark for comparison.
Our results show excellent prediction accuracy, particularly in the hybrid CNN-GRU model
with attention, achieving a mean absolute percentage error (MAPE) of 6.333%. The soft vot-
ing ensemble model and the Multi-Head Attention model also perform well, with MAPEs of
6.125% and 6.889%, respectively. These findings are significant as previous studies have not
shown high performance with Transformer models and attention mechanisms. The presented

results offer promising insights for future research in this field.

6.3 Introduction to the Electricity Market and the Contri-

bution of this work

In the current age characterized by our increasing dependence on electricity for various
aspects of daily life, the precision of electricity price forecasting (EPF) has emerged as a mat-
ter of paramount importance. With the ever-growing demand for electricity spurred by factors
such as population growth, industrial expansion, and the widespread adoption of electric ve-

hicles, the need for precise and reliable electricity price predictions is more pronounced than
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ever. This research work embarks on an exploration of the critical role that accurate elec-
tricity price forecasting plays, delving into the multifaceted factors and methodologies that
impact this pivotal aspect of the energy sector. A thorough understanding of electricity price
trends is not only crucial for stakeholders within the energy market, but also has significant
relevance for policy makers, consumers and advocates of environmental sustainability. This
understanding directly influences financial decision-making, cost management, sustainability
initiatives, and the broader economic welfare of societies in today’s globally interconnected
world. This research seeks to illuminate the inherent challenges and the increasing signifi-

cance of electricity price forecasting in the context of our contemporary energy landscape.

The significance and advancement of short-term electricity price prediction have garnered
significant attention in recent years. The introduction of innovative market methodologies,
including intra-day timeframes, has further accentuated the demand for precise forecasts.
This, in turn, enables market stakeholders to fine-tune their strategies and enhance the effi-
ciency of their energy trading activities within shorter time intervals. These forecasts are of
essential importance to market participants, allowing them to competently oversee their as-
sets, mitigate risks, and capitalize on opportunities arising from the dynamic nature of market

conditions.

Also, accurate price predictions in the electricity sector are imperative for various critical
facets. For utilities, these predictions are fundamental in resource planning, allowing them
to efficiently allocate resources to meet anticipated demand. Additionally, in energy trading,
precise forecasts play a crucial role in guiding decisions to buy and sell electricity among
market participants. The stability of the grid is crucially influenced by accurate predictions,
helping operators anticipate and manage sudden fluctuations in demand or supply [213]. In
addition, for the integration of renewable energy sources, such predictions aid in balancing
electricity supply and demand, ensuring grid stability in the face of intermittent energy gener-
ation [214]] . Cost-saving measures for consumers, achieved by shifting usage to lower-priced

periods, are facilitated by such forecasts.

Moreover, these forecasts are relevant for investment decisions, particularly for investors
in energy projects who rely on price expectations to assess profitability. In particular, envi-
ronmental impact is also influenced by accurate price predictions, prompting energy com-
panies to opt for more eco-friendly energy generation methods during high-price periods.

In conclusion, the precision of electricity price predictions profoundly shapes efficient and
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informed decision making across resource management, trading, grid stability, renewable
energy integration, investment planning, and environmental considerations. Forecasts are in-
tegral in promoting effective electricity system management and influencing consumer be-
haviors. Several timeseries methods have been used to predict electricity prices, which will
be presented below. In contrast to existing methods that aim to solve the electricity forecast-
ing problem and are presented in the literature review, the methods proposed in this work
employ complex attention mechanisms, making the models proposed capable of assimilating
extremely difficult fluctuations in price timeseries, capturing both the positive and negative
values of the data.

Regarding the contribution of this work, the following key points are highlighted:

1. Novel and advanced deep learning models are developed and proposed for electric-
ity price forecasting approaches using timeseries data. The first is the Convolutional
Neural Network (CNN) with an integrated attention mechanism. The second is the hy-
brid CNN followed by a Gated Recurrent Unit (CNN-GRU) with integrated attention
mechanism, the third is the Soft Voting Ensemble model, which is an Ensemble Learn-
ing model that combines the predictions of the CNN-GRU with attention mechanism
model and a Transformer model, the Multi-Head Attention model, creating a weighted
output, and the fourth is a Stacking Ensemble model, which combines the outputs of
the CNN-GRU with attention and the Transformer model in a Dense Layer, creating
the final prediction. These architectures are robust in predicting data that does not fol-
low specific patterns, such as those under study. More specifically, the proposed Soft
Voting Ensemble model exhibits optimal predictions. These four models not previously
utilized in electricity price prediction instill optimism for future studies based on their

performance.

2. Also, an enhanced and optimized version of the Multi-Head Attention Model is intro-
duced in such a way as to exhibit very satisfactory predictive accuracy, compared to
other works, where the Transformers do not perform as well. This model demonstrates

exceptionally high prediction accuracy within the electricity price framework.

3. Explainability Process: The research contributes to the field by employing an Explain-
ability process, elucidating the impact of variables introduced into the models. This

analysis provides insights into the factors that influence prediction outcomes, aids in
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understanding model behavior, and improves the interpretability of results.

4. Resolution of Sign-Change Challenges: The research addresses a common challenge in
existing algorithms, namely their inability to capture abrupt sign changes in prediction
time series. Considering the correct parameters and conducting thorough preprocessing
analysis, the proposed models demonstrate improved performance in handling such

variations.

In order to present a comprehensive view of the work carried out, this research is struc-
tured as follows. Section [p.4 presents a general description of the mechanisms of the electric-
ity market. Section p.§ clarifies the fundamental architectures of the models being developed.
In Section [6.6, an in-depth analysis of all the data and correlations under examination is car-
ried out. In Section 6.7, the results of the predictions are presented and the respective metrics
are compared with each other. Finally, in Section .8, the key conclusions arising from the

study are outlined, along with notable suggestions for future research.

6.4 The electricity market

In order to make the electricity market more understandable, this section introduces both
the mechanism and the three main markets that constitute the wholesale energy market: the
day-ahead, intra-day, and the balance market.

The electricity market [215] is a complex system that brings together electricity gener-
ators, distributors, retailers and consumers to facilitate the production and consumption of
electricity. The working mechanism of the electricity market can be broadly categorized into
two parts: the wholesale market and the retail market.

In the wholesale market, electricity is traded between generators and retailers, who submit
bids and offers for the supply of electricity. The market clearing price is then determined by
matching the bids and offers, and the generators that offer to supply electricity at or below
the clearing price are dispatched to supply the required amount of electricity. The wholesale
market operates in advance, which means that the market clearing price is set one day in
advance.

In the retail market, retailers purchase electricity from the wholesale market and sell it
to consumers at retail prices. Consumers can purchase electricity from their retailer or gen-

erate their own electricity through distributed generation technologies, such as rooftop solar

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



6.4 The electricity market 189

panels. Retailers also provide various value-added services to consumers, such as billing,
customer service, and energy efficiency advice. The electricity market is regulated by vari-
ous government agencies to ensure that it operates fairly and efficiently. Regulatory bodies
oversee market design, market operations, and market participants to ensure that they comply

with rules and regulations.

The electricity Day Ahead Market (DAM) is a crucial component of the electricity mar-
ket structure, where electricity is bought and sold a day before actual delivery. It functions as
a platform for electricity producers and consumers, enabling them to trade electricity for de-
livery on the following day. Participants, including power generators, distributors, and large
consumers, submit bids specifying the quantity of electricity they are willing to buy or sell at
various price levels for each hour of the following day. The market operator then matches the
bids to determine the clearing price for each hour, considering the supply and demand con-
ditions. This transparent and competitive market allows market participants to manage their
electricity needs, balance supply and demand, and mitigate price volatility while ensuring

efficient and reliable power delivery.

The Intra-Day Market (IDM) is like a special marketplace for electricity that operates
during the day. It is where electricity is bought and sold for very short periods, like hours
or even minutes, before it is actually used. This helps electricity companies and users adjust
their plans and make sure that they have enough electricity to meet the needs of the moment.
It is a bit like a last-minute electricity store, where you can quickly get what you need to keep

the lights on and machines running smoothly during the day.

The Balancing Market involves the continuous matching of electricity supply with de-
mand in real time to ensure grid stability. It is a crucial process that addresses inherent vari-
ability and unpredictability in power consumption and generation. Market operators use ad-
vanced technologies and forecasting tools to anticipate fluctuations in demand and supply,
adjusting electricity generation or consumption accordingly. This involves dispatching ad-
ditional power when demand exceeds forecasts or activating demand response mechanisms
to curtail consumption during surplus periods. Balancing the electricity market is essential
to maintain a reliable and resilient power system, to prevent overloads or blackouts, and to

optimize the use of diverse energy sources in the most efficient manner.
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6.5 Description of the models

In this section, the architecture of the deep learning models developed and explored is
presented in detail. Initially, an introduction to the application of Transformers in timeseries
forecasting was made. After, the four novel models proposed are analyzed, namely the CNN
with attention mechanism, the Hybrid CNN-GRU with attention mechanism, and the two
Ensemble Learning models, the Soft Voting Ensemble and the Stacking Ensemble model.
Following that, the Optimized Version of the Multi-head Attention model is presented, and

finally, the benchmark Perceptron model is analyzed.

6.5.1 Transformers for Time Series Forecasting

Time series forecasting aims to predict future values based on historical data. Classical
models, such as Autoregressive Integrated Moving Average (ARIMA) and Long Short-Term
Memory Networks (LSTMs), have dominated this field. However, these models struggle with
long-term dependencies, irregular patterns, and computational inefficiencies.

The Transformer model, originally introduced by Vaswani et al. in [216], have demon-
strated exceptional performance in natural language processing (NLP) tasks. Its ability to
capture long-range dependencies using self-attention mechanisms has made it an attractive
choice for time series forecasting. Below, we delve into the architecture of Transformers,

their mathematical foundations, and their application in forecasting tasks.

6.5.2 Transformer Architecture

A standard Transformer consists of an encoder-decoder structure, where each compo-
nent is composed of multi-head self-attention layers and feed-forward networks. In time se-
ries forecasting, variations such as Informer [217] and Temporal Fusion Transformers (TFT)
[218] have been developed to enhance efficiency. More specifically, the main architecture of

Transformer model consists of the following mechanisms:

Self-Attention Mechanism

The core mechanism of Transformers is self-attention, which allows the model to focus on

different parts of the input sequence dynamically. Given an input sequence X € R7*?, where
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T' 1s the number of time steps and d is the feature dimension, the self-attention operation is

defined as:

Attention(Q, K, V') = softma (QKT) Vv (6.1)
s s = X .
Vdy,

where: - Q = XW9 K = XWX,V = XWV are the query, key, and value matrices, -
W WX WYV are learnable parameter matrices, - dj, is the dimension of the key vectors.

The scaled dot-product attention allows the model to weigh the importance of different
time steps dynamically.

Multi-Head Attention

Instead of using a single attention mechanism, Transformers employ multiple attention

heads to capture diverse patterns:

MultiHead(Q, K, V') = Concat(heady, ..., head;,)IW° (6.2)

where:

head; = Attention(QWZ, KWK vivY) (6.3)

Positional Encoding

Unlike recurrent models, Transformers lack an inherent notion of sequence order. To in-

corporate temporal information, a positional encoding function is used:

PE(t,2i) = sin(t/10000%/4) (6.4)
PE(t,2i 4 1) = cos(t/10000%/¢) (6.5)

where ¢ represents the position and ¢ is the dimension index.

6.5.3 CNN with attention mechanism model

A CNN with an attention mechanism [219] synergistically integrates convolutional neural
networks (CNNs) and attention mechanisms to improve the model’s proficiency in extracting
crucial features from 2-D images. In addition, the CNN with Attention Mechanism model is

designed to capture complex patterns in time series data, particularly focusing on electricity
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price prediction. The attention mechanism enhances the model’s ability to highlight relevant

features. The key components of the model are described below:

Attention Mechanism

The attention mechanism computes attention scores (o) for each element in the input
sequence, providing a weighted sum for context representation. For the input sequence X

and the attention weights «, the context vector C' is calculated as [220]:

o exp(e;) (6.6)
Zj:l exp(e;)
T
C=> a;-X; (6.7)

where the weights «;; are used to obtain the final weighted value.
The model utilizes the context vector in conjunction with the output of a Convolutional
Neural Network (CNN). The attended feature map (Z ) is obtained by convolving the attention-

weighted context vector with the CNN output:

H W
Zi,j = Z Z Amn Zz'—i—m,j-‘rn (6.8)

m=1n=1

6.5.4 Hybrid CNN-GRU with attention mechanism model

The Hybrid CNN-GRU with Attention Mechanism model represents an innovative ap-
proach for time series prediction, particularly in the context of electricity price forecasting.
Combining CNN, GRU, and Attention mechanisms, this model exhibits a robust ability to
capture intricate patterns in temporal data. Attention Mechanism The attention mechanism
computes attention scores («) to emphasize relevant elements in the input sequence. For input

X and attention weights «, the context vector C' is calculated as [220]:

o exp(e)
o = 2521 —— (6.9)
T
C:Zai'Xi (6.10)
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The Hybrid CNN-GRU model integrates the attention-weighted context vector with the
output of both a CNN and a GRU. The attended feature map (Z ) is obtained through:

H W
Zi,j = Z Z Amn Zz'—i—m,j-‘rn (6.11)

m=1n=1

6.5.5 Soft Voting Ensemble Model

The Soft Voting Ensemble Model, as shown in Figure .1, is a sophisticated ensemble
learning approach that combines the predictive outputs of multiple base models, aiming to
enhance overall predictive accuracy. In this context, it integrates the results of the Multi-

head Attention model and the Hybrid CNN-GRU with Attention model using a soft voting

mechanism.
CNN-GRU
7 [ ™ Atention VY
-
=
o B
e ) g
= —» Woting —» B
] o
|
c
L
L\ _ / _\ /.'i
Multi-head
Transformer

Figure 6.1: Soft voting ensemble model

Multi-Head Attention Model

The Multi-Head Attention model is adept at capturing intricate patterns and dependencies
within time-series data. Utilizing parallel attention heads, each focused on different aspects

of the input sequence, it produces diverse and informative representations of the data.

Hybrid CNN-GRU with Attention Model

The Hybrid CNN-GRU with Attention model seamlessly integrates the Convolutional
Neural Network (CNN), Gated Recurrent Unit (GRU), and Attention mechanisms. This com-

bination allows for effective feature extraction and context-aware processing, contributing to
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the model’s ability to capture both spatial and temporal dependencies.

Soft Voting Mechanism

The Soft Voting Mechanism combines the outputs of the Multi-head Attention and Hybrid
CNN-GRU with Attention models by assigning weights (o;) to each model’s output. The

Softmax function is then applied to the weighted sum to obtain the final ensemble prediction

as presented in equation [6.12.

N
Soft Voting Ensemble Output = Softmax <Z Q; - Outputi) (6.12)
i=1
here, V is the number of base models (2 in this case), «; represents the weight or confidence

assigned to each base model’s output, and Output, is the output of the i-th base model.

6.5.6 Stacking Ensemble Model

The Stacking Ensemble Model, which is presented in Figure 6.2 is an advanced ensemble
learning technique designed to enhance predictive performance by combining the outputs of
multiple base models. In this configuration, it integrates the predictive capabilities of the
Multi-Head Attention model and the Hybrid CNN-GRU with Attention model, creating a
powerful and accurate ensemble. combines the predictions of the Multi-head Attention and
Hybrid CNN-GRU with Attention models in a final Dense layer. The outputs of both models
serve as input features for the Dense layer, which learns to weigh and combine these features

to produce the ensemble prediction.

CNN-GRU
7N [ Attention A
c
k=
E Model De 2
i » odel . nse o
= "| Concatenation | Layer o
g
[
I"\_____/ ) /
Multi-head
Transformer
Figure 6.2: Stacking ensemble model
Ensemble Output = Dense ([Outputy, i head Attentions QOUPULHprid cNn-GRU) ) (6.13)
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6.5.7 Optimized Multi-Head Attention model

The optimized version of the Multi-Head Attention model [221]] is an extension of the
original Transformer architecture using the Optuna optimization algorithm, allowing the model
to jointly attend to different positions or patterns in the input sequence effectively. Using
multiple attention heads, it captures diverse information simultaneously. Below are the key
components and mathematical equations for a Multihead Transformer: The Advanced Trans-
former model leverages the foundational architecture of the Transformer while incorporat-
ing advanced parameterizations for enhanced adaptability. The scaled dot-product attention

mechanism is defined as follows:

Attention(Q, K, V') = softmax <QKT> 1% (6.14)
) Y \/@ .

For multihead attention, the model concatenates individual attention heads, each com-

puted as:

Multihead(Q, K, V') = Concat(head, ..., head,)Wo (6.15)
head; = Attention(QWZ, KWK vivY) (6.16)

where Q, K, V are the Query, the Key and the Value matrices, W=, W/<, W} are learned
weight matrices specific to each head and W is a learnable weight matrix for the output.

The position-wise feedforward (FFN) networks are given by:
FFN(:E) = RCLU(ZEW;[ + bl)Wg + b2 (617)

where Wy, W5, by, and b, are learnable weight matrices and biases.

Layer normalization and residual connections are applied through the following:
LayerNorm(x + Sublayer(z)) (6.18)

As mentioned above, this model is introduced as optimized, using the Optuna hyper-
parameter optimization framework, which is further elaborated in subsection 4.7. The opti-
mization parameters are the Dimension of the model, the Number of attention heads, and the
Number of transformer layers, and the goal is to find the appropriate combination of these pa-
rameters that can minimize the optimization function of the specific optimization algorithm,

which is the validation loss of Mean Squared Error.
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6.5.8 Benchmark Perceptron model

The Benchmark Perceptron model constitutes a fundamental, yet powerful architecture
commonly used as a baseline in various machine learning tasks. This model typically involves
a single Dense layer, also known as a fully connected layer, which serves as the primary com-
ponent for learning and making predictions. The Dense layer accepts input data, processes it
through a set of interconnected neurons, each connected to every neuron in the subsequent
layer, and outputs the final predictions or classifications.

The Perceptron model is a foundational neural network architecture, forming the basis for
more complex neural networks. It consists of a single layer with input nodes, each associated
with a weight, and an activation function that determines the output. Mathematically, the
output () of the Perceptron for input features x, xo, . .., x, and weights wy, ws, ..., w, 1s

calculated as:

{j = activation <Z T w; + b) (6.19)

i=1
where b is the bias term.

Completing the description of the architectures of all models, a brief review of both the
Explainability Process Technique and the Optuna Optimization Framework, on which the

optimization of each model was conducted, is presented.

6.5.9 Explainability Process

In order to enhance interpretability, the current work introduces an explainability process,
shedding light on the impact of variables within the models. The specific equations for this
process may vary based on the chosen explainability technique.

The integration of explainability in electricity price forecasting holds paramount signif-
icance, as it enhances the transparency and interpretability of predictive models. In an era
dominated by complex machine learning algorithms and sophisticated models, understand-
ing the rationale behind price predictions becomes imperative for stakeholders such as energy
traders, grid operators, and policymakers. Explainability not only fosters trust in forecasting
models but also facilitates the identification and mitigation of potential biases or inaccura-
cies. By shedding light on the intricate relationships between input variables and predicted
outcomes, explainable models empower industry professionals to navigate the intricate ter-

rain of electricity markets with greater confidence and precision, ultimately contributing to
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more robust and reliable forecasts.

For this reason, SHAP (SHapley Additive exPlanations) [222] is utilized. SHAP operates
by decomposing the model output into sums of individual feature impacts. It computes val-
ues representing each feature’s contribution to the overall model outcome, enabling a nuanced
understanding of feature importance. However, time series data’s temporal dependencies ne-
cessitate additional preprocessing or the use of models that inherently capture sequential pat-
terns. SHAP values, which indicate the impact of features on predictions, can be interpreted
through visualization, with positive and negative values denoting positive and negative con-

tributions, respectively. It is crucial to consider dynamic features in the analysis.

6.5.10 Optimization Framework

Optuna [223] is a Python framework that automates hyperparameter optimization, mak-
ing the task of finding optimal hyperparameter values to achieve superior model performance
more convenient. It employs a trial-and-error methodology to autonomously explore and pin-
point the best hyperparameter configurations. This algorithm uses a historical record of previ-
ous trials to guide its decision-making regarding which hyperparameter values to investigate
next. These data inform its selection of promising areas within the hyperparameter search
space, guiding subsequent trials in those regions. As new results become available, Optuna
refines its identification of even more promising regions. This iterative process is based on the
knowledge accumulated from previous trials. At the core of this optimization process is the

utilization of a Bayesian optimization algorithm called the Tree-structured Parzen Estimator.

6.6 Exploratory Data Analysis and Features Creation

In this section, the behavior of time series of electricity prices over time is presented and
analyzed in detail. Initially, reference was made to the selection of the dataset, the separation
of the entire data set into training and test sets. Subsequently, the variability of the time series
is extensively presented, including the seasonal patterns it exhibits, and its overall behavior.
This analysis initially includes the visualization and statistical features of the price timeseries,
followed by the analysis of all variables under study and the correlations they exhibit with

the price.
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6.6.1 Dataset selection

For this study, the German electricity market is selected for three main reasons. Germany
has more than 83 million residents and borders nine European countries; Denmark to the
north; the Netherlands, Belgium, Luxembourg, and France to the west; Switzerland and Aus-
tria to the south; and the Czech Republic and Poland to the east. Additionally, in Germany
is presented a diversity of energy sources used at the power plants for electricity production
from conventional energy sources like lignite, coal, gases, and nuclear power to renewable
sources like wind turbines onshore and offshore, photovoltaics, and sewage gases. The se-
lected period to retrieve these data was from 1st of October 2018 to 30th of August 2023.

The actual electricity consumption, electricity generation from all energy plants, and en-
ergy price data were retrieved from the Bundesnetzagentur’s electricity market information
platform SMARD [224]. The resolution of the data is one time step per hour and does not
contain missing values.

Furthermore, the climate condition for the under investigation period is retrieved from
NASA’s Modern Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-
2) [[142]. The parameters retrieved from the M2IINXASM database are air temperature and
air-specific humidity at 2-meters in units K and kg/kg, respectively. The resolution of the
data is one time step per hour. The dataset presents missing values that are filled with mean
value of the same timestep of other years in the dataset.

The final dataset is composed of the primary time series of sources mentioned above
which are processed and combined. Regarding data partitioning, the temporal period from
October 2018 to February 2023 is selected as the training data set for the problem studied.

The next six months of the data set are then designated as the testing set.

6.6.2 Electricity price variation

Initially, a crucial consideration involves evaluating the time series for stable seasonality.
To achieve this, Figure 6.3 illustrates both the price variations from 2018 to 2023 and their
corresponding weekly average prices. The figure depicted in the following chart confirms
substantial fluctuations in electricity price volatility throughout the observed period.

More specifically, it is observed that until November 2021, both the price and the average
price exhibit stability, without extreme values. From November onward, a significant increase

is observed in both time series, with the average hourly price reaching 600€/MWh and the
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Figure 6.3: Electricity price variations from 2018 to 2023

corresponding mean price reaching 406/MWh. Subsequently, from the beginning of 2023
onward, the price variation appears to stabilize, and extreme values are eliminated. These
extreme fluctuations create imbalances in the electricity market, making price prediction in
wholesale trading an exceptionally challenging process. Political-economic factors caused
imbalances in wholesaler transactions, resulting in the market losing its stability with respect
to price fluctuations. Therefore, it becomes evident that the accurate prediction of the hourly

price is a difficult task, but simultaneously a significant challenge for deep learning models.

In contrast, Table 6.2 illustrates the annual electricity price statistics. The electricity price
data spanning from 2018 to 2022 are utilized as training data, January and February 2023
serving as validation data, and the final six months of our sample designated for testing pur-
poses. Upon examination of the data, notable patterns come to light. The standout year is
2022, marked by substantial shifts, particularly in maximum prices. A significant surge com-

pared to preceding years renders it the most volatile year within our dataset.

Therefore, from Table 6.2, it is evident that the maximum electricity price increases ex-
ponentially between 2020 and 2022. Specifically, there is a 772% increase between 2020 and
2022 in mean electricity values, highlighting the exceptionally challenging nature of accu-
rately predicting the electricity price. This fact gives special value to the problem, as it is a

challenge.
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Table 6.2: Descriptive statistics for electricity price.
Number | Mean | Standard | Minimum | Maximum | Percentile | Percentile | Percentile
Year of value | deviation value value 25% 50% 75%
samples © © © © © © ©
2018 2208 52.606 18.59 -19.43 128.26 44.305 51.83 64.207
2019 8760 37.674 15.468 -85.04 121.46 31.057 38.06 46.270
2020 8784 30.469 17.499 -83.94 200.04 21.750 30.99 40.242
2021 8760 96.855 73.676 -69.00 620.00 53.007 75.48 112.032
2022 8760 235446 | 142.808 -19.04 871.00 134.197 208.34 310.080
2023 5832 99.705 44918 -80.69 291.93 80.090 100.515 126.067
6.6.3 Electricity Price Descriptive Analysis

In this subsection, a comprehensive analysis of the electricity price time series is pre-

sented, starting from its fluctuation at the quarter, monthly, and ending at the hour level for

each average month.

Quarterly Density Variation

The regular hourly pattern persists consistently throughout each month throughout the

course of the study. In Figure .4 the quarterly analysis reveals that Q1 and Q4 notably dis-
play the highest occurrences of electricity price outliers, with June emerging as the month
characterized by the highest frequency.

Furthermore, in all study years, July, August, September and December consistently man-
ifest the highest price levels. These observed trends can be attributed to diverse factors, in-
cluding seasonal fluctuations in demand influenced by weather conditions and concurrent

upswings in economic activity, among other contributing elements.

Monthly Price Variation

Figure .3 presents the violin plot of the average monthly price variation, taking into
account all the years from 2018 to 2023. We observe that all months show negative electricity
prices. While, August and September have the highest prices compared to the other months,
January, February, April, May, October, and November show peaks which represent high

frequency and probability to exhibit values nearly the median.
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Daily Price Variation

Figure .6 presents the volatility of the average price over a period of 24 hours (1-24
hours). It is noted that peak demand occurs during the hours of 09:00 and 20:00 throughout
the day.

Daily Per Month Price Variation

Figure 6.7 visualizes the average hourly price fluctuation of electrical energy for each of
the months of the year. Specifically, during peak hours (specifically at 8 and 19 o’clock), the
price rises during the daily peak. It should be noted that the fluctuation of the average hourly
price exhibits common peak periods for each month of the year. Within the twenty-four-hour
period, two peak intervals are observed. The first includes the period between 7-9 hours, and
the second includes hours 18-20. Therefore, it is evident that despite the time series exhibiting
abrupt and irregular changes from hour to hour, the average fluctuation follows a more stable
behavior. The presentation of exogenous variables follows, along with their correlations with

the time series of prices, to guide us in the final configuration of input data for model training.

6.6.4 Feature Engineering and Variables Selection

The strategy followed in the current work, regarding the data used as input variables in the
created models, initially includes the collection of the relevant time series of data. Regarding

the data collected, they included the following variables:

* Price [€E/MWh]

» Actual Load

* Fossil Brown coal/Lignite

* Fossil Gas

* Fossil Hard coal

* Hydro Pumped Storage

* Hydro Run-of-river and poundage

* Hydro Water Reservoir
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Figure 6.4: Quarterly Density Variation
* Nuclear
» Solar

* Wind Onshore
* temperature
* humidity

Then, we used the one-hot encoding technique [225] to create cyclical time variables,
which can be used in short-term electricity price forecasting. This particular method en-
hances the ability of Deep Learning algorithms to capture the behavior of the time series

at the weekly, daily, and hourly levels. Specifically, the following are detailed:

» day of week sin
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Figure 6.5: Violin plot of average monthly price variation for each month for all years

» day of week cos

Month of the Year Sin

Month of the Year Cos
+ IsWeekend

* hour sin

* hour cos

* quarter

Time series refer to systematically organized datasets arranged in chronological order
and collected at regular intervals, such as hourly, daily, or weekly observations. The inherent
structure of these sequential datasets introduces potential interconnections among response
variables, which poses significant challenges for machine learning (ML) and deep learning
(DL) algorithms, especially those commonly used in regression tasks. These challenges man-
ifest mainly as issues of multi-collinearity and non-stationarity. In addressing the prediction
problem at hand, we have a total of 21 variables available for integration into our models.
Generally, short-term forecasting of electricity prices is a complex, multidimensional prob-

lem that requires in-depth analyses of how each variable influences the final price prediction.
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Figure 6.6: Boxplot of Hourly Price Variation Per Month
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Figure 6.7: Boxplot of Daily Per Month Price Variation
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6.6.5 Pearson'’s and Spearman’s Correlation 205

Forecasting time series problems and tasks requiring the application of artificial intelligence
models demand a comprehensive analysis of all correlations among variables to identify the
most fitting ones for each specific problem.

To curate a dataset suitable for the forecasting models employed, the time series under-
goes transformation into a reshaped dataset featuring nontime-dependent input features (X)
and output variables (Y). The input features take the form of [samples, lags, features], while
the output variables maintain a structure of [samples, horizon], aligning with the model archi-
tecture outlined in this work. This transformation involves implementing the sliding-window
technique, particularly advantageous for predicting time series data. In this context, a 24-
hour forecasting sliding window with electricity prices, as well as the exogenous variables,
is selected for each forecasting hour. These choices result from a thorough analysis of time
series tools and meticulous model tuning, aligning with the model’s objective of providing
short-term predictions for electricity prices. The application of this technique is visually rep-

resented.

6.6.5 Pearson’s and Spearman’s Correlation

In this subsection, the correlations among all relevant time series are presented with the
aim of arriving at the optimal combination of input parameters for the algorithms. For this
purpose, the general correlation heatmap and the Pearson and Spearman correlations are cal-
culated and presented in Figures [6.§ and .9, respectively. In the realm of statistical analysis,
the Pearson correlation constitutes a parametric metric utilized to evaluate the magnitude and
direction of linear associations between two continuous variables. Based on the assumption
of an approximate normal distribution of variables, Pearson’s (r) computes the correlation
through normalization of covariance by the product of standard deviations. In contrast, the
Spearman rank correlation, denoted as Spearman’s p, emerges as a nonparametric measure
specifically designed to scrutinize the monotonic relationship between two variables. Not re-
liant on linearity assumptions, Spearman’s correlation is apt for ordinal or ranked data and,
crucially, exhibits heightened resistance to outliers in comparison to the Pearson correlation.
Both metrics assume pivotal roles in systematically examining and comprehending the inter-
relationships among variables within various research domains.

Based on the features that were studied and the correlations they exhibit, numerous exper-

iments were conducted to identify the optimal variable combinations, aiming to enhance the
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Figure 6.8: Correlation Heatmap

models’ performance in forecasting electricity prices. For this purpose, tests were performed
with models that included both high-variability and single-variable models. Extensive exper-
iments were carried out using historical data from the time series of prices in combination
with cyclical temporal variables, as presented above. Concerning the high variability sce-
nario, tests were performed both with independent or exogenous variables in combination
with the mentioned temporal variables and without them. On the basis of both the following
diagrams and the experimental approaches conducted, we arrived at the optimal combination
of input parameters for each of our models as follows. Based on experimental approaches,
we arrived at the optimal combination of exogenous variables, from which the most accurate
prediction results were derived. It was observed that our models perform better in under-

standing the patterns of the electricity price time series when parameters are selected that
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Heatmap correlation between Price and main features
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Figure 6.9: Pearson and Spearman’s Correlation

not only exhibit high average correlation but also capture both negative and positive values
of the price. Based on Figure [6.9, significant conclusions emerge regarding the formation
of electricity prices in the Germany-Luxembourg interconnection and, more broadly, in the

wholesale market.

The first reasonable conclusion drawn is that conventional energy sources exhibit a pos-
itive correlation, both in Pearson and Spearman analyses. Furthermore, renewable energy
sources (RES) show negative correlations with price fluctuations. Remarkably, the variable
"Hydro Run of River and Poundage,’ despite accounting for only 14% of the average produc-
tion compared to ’Fossil Brown coal/Lignite,” demonstrates scientifically acceptable corre-

lations of -0.33 and -0.35 with the price, underscoring its consideration in price forecasting.

Therefore, upon a more comprehensive examination, it is discerned that the price time
series manifests substantial fluctuations in polarity, encompassing both notably negative and
positive values. This intrinsic characteristic introduces complexity for a model to adapt to
the time series, given the absence of stable patterns typically encountered in load forecast-
ing. A thorough investigation into the origins of this phenomenon reveals that during periods
characterized by extremely negative prices, there is a significant surge in RES production,
particularly marked by a rapid increase in Wind Onshore generation. Simultaneously, con-
ventional modes of production, such as ’Fossil Brown coal/Lignite’ and ’Fossil Hard coal’,
witness substantial decreases in their output. Consequently, an excess of electrical energy oc-
curs, surpassing demand during these intervals, leading to exceptionally negative price spikes.

Figure analyzes and confirms the above interactions between the examined features.
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Figure 6.10: Variation of the features emphasizing the negative values of the price

More generally, in recent years the phenomenon of zero or even negative electricity prices
has been observed in the European Energy Market for some hours of the day. In particular,
the combination of RES and reduced demand seems to be shaking the European electricity
market. The problem arises when the increase in RES production, in periods of favorable
weather conditions, is combined with a limited demand. Given that RES are prioritized in
the system, on days when there is excess production along with reduced demand, there is no
room left in the system for thermal units. They do not function as reserves either, leaving the
country’s system uncontrollable in the event of a sudden change in weather conditions, which
will abruptly drop RES production. Negative prices are an indication of what will happen to
European electricity markets if the glut of planned renewable energy generation is not met
by demand shifting. The hope is that eventually bigger fleets of electric cars, smarter grids,
and better battery technology will fill the gap, but for now the mismatch is causing concern

for governments and companies.

6.6.6 Formation and Analysis of the Independent Variables

Based on the above analysis and after several trials conducted, which include both tests

only with the price variable along with the cyclical temporal variables formed by One-Hot
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Encoding, as well as combinations of energy production variables with and without these
cyclical variables, we have concluded that for an optimal model performance a timeseries
for each of the 24 preceding hours is used for the following six input variables: electric-
ity price and the values of energy produced from the exogenous variables of ’Fossil Brown
coal/Lignite’, Fossil Hard coal’, Nuclear’, "Wind Onshore’ and ’Hydro Run-of-river and
poundage’.

In Figure 6.11], the overall time series of values is presented, which represents the count of
values for each hour. It appears that most of the values in the time series fall within the range
of 50-1006/MWh. However, simultaneously, the timeseries shows outliers, as a significant
number of values exceed 300€, even reaching 500€. It is observed that the price distribution
does not follow normality, with the majority of values less than 1006/MWh. Additionally,
the combination of high values along with negative values creates a time series that does
not follow consistent patterns in hourly fluctuations, unlike load time series, which typically
exhibit stable seasonality and variations.

Moving to the variables used as input to the models, Figure illustrates the graphical
representation of the distribution of the six input variables. Specifically, it is noteworthy that
the time series of ”Fossil Hard Coal” and ”Wind Onshore” exhibit a uniform distribution, a
pattern also observed between the variables "Hydro Run-of-river and poundage” and ’Fossil
Brown coal/Lignite”. Notably, the distribution of "Nuclear” presents an intriguing pattern,
containing fluctuations and not adhering to a specific distribution approach, unlike the other

forms of energy.

6.6.7 Graphical illustration of feature relations

Figure visualizes the relationship between each of the exogenous variables and the
variable of electricity price. Contours and solid color map represent the estimated probability
density function of the joint distribution.

Based on Figure [6.13, it is observed that the features ”Fossil Brown coal/Lignite” and
”Hydro Run-of-river and poundage” exhibit a smooth correlation with the price of electrical
energy, a fact which is proved by the intense color that extends almost across their entire
value range. Additionally, concerning the variables Fossil Hard coal” and ”Wind onshore,”
a similar smoothness of prices is noted with a narrower range of price density concentration.

Finally, regarding nuclear energy production, it is noted that the variable ”Nuclear” demon-
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Figure 6.11: Electricity price countplot

strates higher density at higher values, a particularly interesting fact indicating its significant

influence on shaping prices at higher nuclear energy production values.

6.6.8 Sliding Window Technique

For the training of our models and the formation of the 3D input, the sliding-window
technique will be employed. For each forecasted hour, a 24-hour sample of each of the six
variables provided as inputs will be utilized, in order to make forecasts suitable for the Intra-
Day and Balancing Market. In more detail, the methodology involves utilizing the preceding
24 values of electricity prices, the corresponding 24 historical values of conventional genera-
tion units, namely ’Fossil Hard Coal’ and "Fossil Brown coal/Lignite’, as well as the historical

24 values of Renewable Energy Sources such as "Wind Onshore’ and *"Hydro Run-of-river
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and poundage’. Finally, the historical values of nuclear energy for the variable *Nuclear’ will

be incorporated.

6.6.9 Software Environment

Python 3.9 programming language, along with the Tensorflow, sklearn, Keras, Pandas
and Numpy libraries, was used for the simulations in this study. All computational resources
for these simulations were exclusively cloud-based, specifically utilizing Google’s Colab in-
frastructure. The daily forecasts for all models also differed depending on the size and com-
plexity of each forecasting model. More intricate and computationally demanding models,
such as deep learning structures, required extensive virtual GPU resources. The run times for
these complex models ranged from several hours to several days, and they were executed
in batches spanning three to five months. The adoption of cloud-based resources facilitated
efficient and scalable computation of simulations, enabling concurrent execution of multiple
models and datasets. The varying duration of each simulation run underscores the compu-
tational requirements of the forecasting models and emphasizes the importance of suitable
resources to ensure accurate and timely results. These findings offer valuable information on
the practical considerations when implementing energy demand forecasting models in real-

world applications.

6.6.10 Evaluation Strategy

To evaluate the effectiveness of the various forecasting models and techniques used in
this investigation, we assessed their results using a set of metrics. The following metrics
were used for this purpose, offering valuable insights into the precision and dependability of
the forecasting models. Specifically, the mean square error (MSE) is given by equation

where y; 1s the true value and v; 1s the predicted value.

n

MSE= 3" (y — i) (6.20)

i=1
The Root Mean Squared Error (RMSE) is given by equation where y; is the true

value and y; is the predicted value.

n

1
MSE = | — i — ;)2 21
RMS =D (i) (6.21)

=1
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The Mean Absolute Percentage Error (MAPE) is given by equation where y; is the
true value and y; is the predicted value.

1~ |y — 0
MAPE = = ly: =4 (6.22)
n - Yi
i=1

6.7 Analysis and Discussion of the Results

In this section, the forecasting results of each model are presented. Based on the results
of Table [6.3, it is evident that initially the Hybrid CNN-GRU with Attention Mechanism
and the Multi-Head Attention models achieve great prediction accuracy. Subsequently, the
Soft Voting Ensemble model achieves the highest performance in each of the four metrics in
Table .3. These outcomes are quite satisfactory and encouraging, as in most previous stud-
ies on time-series prediction, models incorporating Attention mechanisms and Transformers

showed low performances.

Table 6.3: Performance comparison of each model.

Model MSE (€/MWh)? | RMSE (€/MWh) | MAE (€/MWh) | MAPE (%)
CNN-Attention 163.111 12.771 9.849 10.699
Multi-Head Attention 109.920 10.484 6.342 6.889
CNN-GRU-Attention 110.738 10.523 5.832 6.333
Stacking Ensemble 128.389 11.330 8.377 9.100
Soft Voting Ensemble 108.185 10.401 5.639 6.125
Benchmark: Perceptron 229.706 15.156 12.240 13.296

6.7.1 Performance of the models

The models’ performance is evaluated based on Mean Absolute Percentage Error (MAPE)

metric, providing a clear and intuitive understanding of the prediction accuracy of the mod-
els. In particular, the novel CNN-GRU with Attention mechanism model demonstrates a high
accuracy of prediction, with a MAPE of 6.333%. This is a notable achievement, especially
considering the historical challenges associated with attention mechanisms in transformer
models. Also, the Multi-head Attention model achieves very high performance, reaching a

MAPE of 6.889%. The CNN-Attention model is observed to exhibit lower prediction results
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compared to the other Deep Learning models, indicating that Convolutional mechanisms
may not efficiently collaborate with the Attention Mechanism to achieve accurate prediction

results.

The performance evaluation of the Soft Voting Ensemble model showcases its efficacy
in electricity price prediction. Metrics such as MAPE demonstrate the high accuracy of the
model, with a notable value of 6. 125%. Simultaneously, achieving MSE 108.185€/MWh,
RMSE 10.401€/MWh, and MAE 5.639€/MWHh, this model leverages the strengths of both
the Multi-head Attention and the Hybrid CNN-GRU with Attention models. The weighting
mechanism allows the ensemble to adaptively give more influence to the model with higher
confidence, resulting in improved predictive accuracy and robustness. Regarding the Stack-
ing Ensemble model, this algorithm achieves a MAPE of 9.100%, higher than Soft Voting
for 2.975%. This difference may be possibly attributed to the final Dense Layer, which intro-
duces additional trainable parameters to the final model, thereby making it more challenging

to converge to the optimal result during the training period.

Regarding the benchmark Perceptron model, it is well-suited for linearly separable prob-
lems and binary classification tasks. Its simplicity makes it computationally efficient and easy
to interpret. However, its limitations include the inability to handle non-linear relationships
in data, which leads it in this manner to achieve the lowest performance compared to the other

models, with an MAPE of 13.296%.

Additionally, concurrently with the performance of the models, a significant factor, es-
pecially for real-time conditions, is the training time of the models. As emphasized above, a
virtual GPU was utilized for faster and more efficient training for all models. For the three
deep learning models, CNN-attention, CNN-GRU with attention, and Multi-head-Attention,
the training time, once the optimal hyperparameters are found, does not exceed 20 minutes. In
particular, the Multi-head-Attention model, due to the multiple number of heads, is the slow-
est compared to the other two. Regarding the Stacking Ensemble model, the training time
exceeds that of the simple ones, and is approximately 30 minutes. The Soft Voting Ensemble
model, due to initially relying on the training of 2 separate models, requires approximately
20 minutes of training time. The Perceptron model is considerably simpler than the others,

with its training time estimated at 10 minutes.

The minimal disadvantages of modeling techniques are based on the fact that the proposed

models, which all use attention mechanisms, are quite complex and have multiple trainable
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parameters, with the result that their training is quite difficult compared to simpler models,
such as the benchmark Perceptron model that is used.

Additionally, Figure [6.14, the residuals between actual and predicted values are plotted,
so it can clearly observe the performance of each model. The specific plot shows that all the
models behave approximately the same, they present common prediction characteristics and
prediction residual outliers.

Finally, Figure illustrates the plot diagram of the actual and predicted values for
the first seven days of each month in the testing period. From the plots most of the models
present exceptional predictability except for the Base model and CNN with attention model

as described above.

6.7.2 Explainability Process

In this subsection, the Explainability process is presented. We will try to interpret the
impact of the independent exogenous variables used in our models as input parameters. For
this purpose, we will use the benchmark model, and through the SHAP library, we will delve
deeper into its functionality. According to Figure .16, it is observed that for the longest
period of observations, the price, as well as the variable ‘Fossil Brown coal/Lignite’ has
the highest effect on price prediction. More specifically, the price achieves score -0.52, the
‘Fossil Brown coal/Lignite’ 0.55, the ‘Fossil Hard coal’ 0.3, the *"Wind onshore’ -0.73 and
the variable ‘Hydro Run-of-river and poundage’ -0.55, respectively.

Following the explainability analysis, Figure presents the effect of the input vari-
ables for a period in which negative electricity prices are observed. It is noteworthy that for
the specific interval the effect of Renewable Energy Sources is very high and presents nega-
tive values, a fact that shows a negative correlation between RES variation and the price of
electricity, as was analyzed above. Finally, it seems that the effect of conventional energy
sources for these cases is quite small, with the variable *Fossil Hard coal’ showing a value of

0.3.

6.8 Summary and Future Work

In this study, a comprehensive and integrated investigation was conducted with the aim of

developing novel high-accuracy deep learning algorithms to predict the price of electricity on
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a short-term basis. Its main objective is two-fold. Firstly, the development and proposal of two
novel deep learning models, a hybrid CNN-GRU with Attention mechanism and an ensem-
ble learning model that performs with the highest accuracy. Second, the creation of advanced
Deep Learning models with Attention Mechanisms and testing them on the electricity price
data of the Germany-Luxembourg interconnection. For this purpose, an optimized multihead
transformer, a CNN-Attention model, and another Ensemble Learning category - a stacking
ensemble - are investigated. A Machine Learning model, the Perceptron, was selected as a
benchmark reference. Among these models, the hybrid CNN-GRU with attention mechanism
stands out as a recommended model, as it has not been used in the literature for electricity
price prediction problems until now, a fact that instills particular optimism for future studies
and applications. Moreover, despite the general performance issues of most Transformer al-
gorithms in time-series prediction problems, in our case, the Multi-head Transformer model
predicts with exceptional accuracy on unknown data. Finally, the integration of two mod-
els from the Ensemble Learning domain and their successful results is both satisfying and

challenging in terms of their selection.

A significant observation through the analysis is that the time-series of electricity prices
does not follow a specific pattern of formation because their values are influenced by factors
such as political conditions prevailing in neighboring countries. These factors are extremely
difficult to simulate because of the uncertainty and reshuffling they cause in the wholesale
energy market. Also, one more important observation is that the creation of advanced Deep

Learning algorithms with integrated Attention Mechanisms could play a very important role
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in the field of wholesale electricity market. In combination with the use of the Optuna op-
timization algorithm, the hyperparameters of the models are optimized, acquiring the most
suitable architecture, resulting in the achievement of the best results. Accurate price predic-
tion could effectively contribute, in turn, to better production planning for producers, thus
reducing deviations with undesirable consequences for system operation.

Regarding future work, the initial focus will be on delving into attention-based algorithms
for tackling more intricate challenges in predicting electricity prices, which stands as a signif-
icant endeavor within the realm of Artificial Intelligence. Additionally, there is a prospect to
assess the implementation of the algorithms elaborated in this study on short-term load pre-
diction tasks for the flexibility market and day-ahead forecasting. Moreover, the Soft Voting
Ensemble Model underscores the potential of amalgamating diverse deep learning structures
to enhance timeseries forecasting. Subsequent research could further investigate alternative
model combinations, ensemble tactics, and optimization of weight assignments to push the
boundaries of excellence in the field. It is worth noting that the models introduced, alongside
their hyperparameter optimization techniques, could be explored in various other domains,
including industrial, financial, and biomedical sectors for predictive purposes.

Finally, based on the Explainability process presented above, future research could con-
centrate on Uncertainty Quantification, based on which methods to quantify and explain un-
certainties associated with electricity price predictions could be explored. Understanding the
level of confidence or uncertainty in forecasts is crucial for decision makers in the energy
industry and allows them to make more informed choices regarding resource allocation, risk
management, and strategic planning. Furthermore, by incorporating uncertainty quantifica-
tion into decision processes, stakeholders can respond proactively to potential variations in

electricity prices, leading to more resilient and adaptive energy strategies.
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Chapter 7

Transfer Learning in Energy Market

Transfer learning is a subfield of machine learning that leverages knowledge gained from
one domain (the source domain) to improve performance in another related domain (the target
domain). This approach is particularly valuable in the energy market, where data can be sparse
or highly variable, and models must adapt to changes in supply, demand, and external con-
ditions. Instead of starting the learning process from scratch, a model leverages the features,
representations, or parameters acquired from a pre-trained model on a large dataset, often in
a domain where data is abundant, and then adapts this learned information to a new target
domain that may have limited data. This approach is especially beneficial in scenarios where
data collection is expensive or time-consuming, as it allows for more rapid model develop-
ment and often results in improved performance. The underlying assumption is that many
tasks share commonalities—such as visual features in images or semantic patterns in text—
that can be effectively reused, reducing the amount of effort required to train a model for
the new task. Consequently, transfer learning has become a powerful tool in fields like com-
puter vision, natural language processing, and beyond, where pre-trained models on extensive

datasets have paved the way for breakthroughs in related, data-scarce applications [226].

In practice, transfer learning works by repurposing parts of a pre-trained model to serve
as a foundation for the new task. One common method is to use the pre-trained model as a
feature extractor, where its layers—typically the early ones that capture generic features—
are frozen, and only the later layers are fine-tuned on the new dataset to learn task-specific
representations. Another technique involves initializing a new model with the weights of
a pre-trained model and then fine-tuning the entire network to adapt to the nuances of the

target domain. This process may involve domain adaptation strategies that adjust the model

219

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



220 Chapter 7. Transfer Learning in Energy Market

to account for differences between the source and target data distributions, ensuring that the
transferred knowledge remains relevant. By doing so, the model not only benefits from a
robust starting point but also learns to refine its parameters in a way that suits the specific
characteristics of the new problem, ultimately leading to better performance with less training

data and reduced computational cost.

Fundamentals of Transfer Learning

Traditional machine learning models typically assume that training and testing data share
the same distribution. However, in the context of the energy market, this assumption often
does not hold due to factors such as seasonal changes, regional differences, and evolving

market dynamics. Transfer learning addresses these challenges by:

* Feature Transfer: Reusing learned features or representations from a well-resourced

source domain to enhance the learning process in a target domain with limited data.

* Parameter Transfer: Initializing target models with parameters obtained from a source

model, thereby speeding up convergence and improving overall performance.

* Domain Adaptation: Adjusting the source model to better align with the target do-

main’s data distribution, reducing the risk of negative transfer.

Applications in the Energy Market

The energy market benefits from transfer learning in several key areas:

1. Load Forecasting: Accurate demand forecasting is essential for grid management and
operational planning. Transfer learning can integrate data from different regions or

historical periods to refine predictive models, even when local data is limited [227].

2. Renewable Energy Integration: The intermittent nature of renewable energy sources
such as solar and wind makes it challenging to predict generation capacity. Transfer
learning models can incorporate weather patterns and historical performance data from

diverse geographical areas to improve reliability [227].

3. Anomaly Detection and Fault Diagnosis: Detecting irregularities and potential faults

in energy systems is crucial for maintaining system stability. By transferring knowledge
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from simulated environments or similar operational systems, models can more quickly

and accurately identify anomalies in real-world scenarios [228§].

4. Market Analysis and Price Forecasting: Energy prices are influenced by a com-
plex interplay of factors including supply-demand imbalances, regulatory changes, and
macroeconomic trends. Transfer learning can help build more robust forecasting mod-

els by synthesizing information from related markets or time periods [229].

7.1 Enhanced Sequence-to-Sequence Deep Transfer Learn-

ing for Day-Ahead Electricity Load Forecasting

7.1.1 Problem Description

Electricity load forecasting is a crucial undertaking within all the deregulated markets
globally. Among the research challenges on a global scale, the investigation of Deep Trans-
fer Learning (DTL) in the field of electricity load forecasting represents a fundamental effort
that imparts generality to Artificial Intelligence applications. In this research a comprehen-
sive study is conducted for day-ahead electricity load forecasting. For this purpose, three
Sequence-to-Sequence (Seq2seq) Deep Learning (DL) models are used, namely the Multi-
layer Perceptron (MLP), the Convolutional Neural Network (CNN) and the Ensemble Learn-
ing Model (ELM), which consists of the weighted combination of the outputs of MLP and
CNN models. Also, the study focuses on the development of different forecasting strategies
based on DTL and emphasizing the way the datasets are trained and fine-tuning for higher
forecasting accuracy. In order to implement the forecasting strategies using Deep Learning
models, load datasets from three Greek islands, Rhodes, Lesvos, and Chios, are used. The
main purpose is to apply DTL for day-ahead predictions (1-24 hours) for each month of the
year for Chios dataset after training and fine-tuning the models using the datasets of the three
islands in various combinations. Four DTL strategies are illustrated. In the first strategy (DTL
Case 1), each of the three DL models is trained using only Lesvos dataset, while fine-tuning
is performed on the dataset of Chios island, in order to create day-ahead predictions for Chios
load. In the second strategy (DTL Case 2), data from both Lesvos and Rhodes concurrently
are used for the DL model training period, and fine-tuning is performed on the data from

Chios. The third DTL strategy (DTL Case 3) contains the training of the DL models using
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Lesvos dataset, and the testing period performed directly on the Chios dataset without fine-
tuning. The fourth strategy is a Multi-task Deep Learning (MTDL) approach, which has been
extensively studied in recent years. In MTDL, the three DL models are trained simultane-
ously on all three datasets and the final predictions are made on the unknown part of the
dataset of Chios. The results demonstrated that DTL can be applied with high efficiency for
day-ahead load forecasting. Specifically, DTL Case 1 and 2 outperformed MTDL in terms
of load prediction accuracy. Regarding the DL models, all three exhibit very high prediction
accuracy, especially in the two cases with fine-tuning. The ELM excels compared to the sin-
gle models. More specifically, for conducting day-ahead predictions, it has been concluded
that the MLP model presents best monthly forecasts with a MAPE of 6.24% and 6.01% for
the first two cases, the CNN model presents best monthly forecasts with a MAPE of 5.57%
and 5.60% respectively and the ELM model achieves best monthly forecasts with a MAPE
of 5.29% and 5.31%, respectively, indicating the very high accuracy it can achieve.

Deep Transfer Learning (DTL) refers to the use of Deep Neural Networks (DNNs) in the
domain of Transfer Learning. DTL utilizes the knowledge learned from one task to improve
the performance of another related task. Usually, in DTL a pre-trained DNN model is fine-
tuned for a different task. This domain improves data efficiency, reduces training time, and
allows models to generalize well, capturing the underlying patterns in electricity consump-
tion. The ability to adapt to dynamic conditions and the improved accuracy stemming from
pre-trained models make transfer learning a valuable tool for addressing the challenges of
forecasting in the energy sector. With limited and heterogeneous datasets, transfer learning
enables models trained in one domain to be adapted to another, addressing the challenges
of varying temporal scales and spatial characteristics. This approach proves essential for op-
timizing electricity forecasting models, particularly in the face of emerging technologies,
changing infrastructures, and the need for resource-efficient solutions. By reusing pre-trained
models and enhancing adaptability, transfer learning contributes significantly to robust and
accurate predictions, ultimately supporting more effective energy management in the dynam-

ically evolving landscape of the electricity sector.

7.1.2 Related Studies

Research interest in the electricity sector has been growing for several key reasons. First,

there is a global shift toward using sustainable and renewable energy sources like solar and
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wind. This shift has led researchers to find ways to better incorporate these technologies into
existing power grids. Second, the increasing need for electricity due to population growth and
industrialization requires new and efficient solutions for transmission, distribution, and con-
sumption of electricity. Third, the development of smart grids and improvements in energy
storage technologies have opened up opportunities to improve the resilience, reliability, and
responsiveness of power grids. Additionally, concerns about the environment and climate
change have motivated researchers to explore cleaner and more eco-friendly energy options.
The digitization of the electricity sector, thanks to advances in data analytics, machine learn-
ing, and Internet of Things (IoT) technologies, has also spurred research to create smarter
and more efficient energy systems. In general, these factors have created a dynamic land-
scape, urging researchers to explore new approaches and technologies to tackle the changing

challenges and opportunities in the electricity sector.

More generally, in recent years, Transfer Learning is gathering increasing scientific in-
terest. For this purpose, an extensive literature review follows, aiming to present the most
comprehensive publications that investigate the specific field. Meng et al. in [230] propose a
transfer learning based method for abnormal electricity consumption detection, where a pre-
trained model is fine-tuned using a small amount of data from the target domain. Antoniadis
et al in [231] discuss the use of transfer learning techniques for electricity load forecasting,
specifically in the context of leveraging information from finer scales to improve forecasts at
wider scales. Yang et al. in [232] discuss the implementation of a transfer learning strategy to
address the multi-parameter coupling problem in the design of water flow enabled generators.
Dong et. al. in [233] propose a transfer learning model based on Xception neural network for
electrical load prediction, which is trained using pre-trained models and fine-tuned in the
training process. Li et al. in [234] explore a transfer learning scheme for non-intrusive load
monitoring (NILM) in smart buildings, which involves transferring a well-trained model to
estimate power consumption in another data set for all appliances. Peirelinck et al. in [235]
discuss the use of transfer learning techniques in the context of demand response in the elec-
tricity sector. It shows that transfer learning can improve performance by over 30% in various
tasks. Laitsos et al. in [[148] use Transfer Learning Technique with several Deep Learning
models to predict energy consumption of Greek Islands and the pre-trained model demon-
strates outstanding flexibility when adapting to a new and unknown dataset. Wu et al. in [236]

propose an attentive transfer framework for efficient residential electric load forecasting us-
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ing transfer learning and graph neural networks. Kamalov et al. in [237] introduce a NBEATS
model in order to test its results in medium-term electricity forecasting for zero-shot trans-
fer learning. Syed et al. in [238] propose a reliable inductive transfer learning (ITL) method
for load forecasting in electrical networks, which uses knowledge from existing deep learn-
ing models to develop accurate ITL models at other distribution nodes. Laitsos et al. in [81]
propose an automated Deep Learning application for electricity load forecasting. Santos et
al. in [239] propose a novel methodology that combines transfer learning and deep learning
techniques to enhance short-term load forecasting for buildings with limited electricity data.
Arvanitidis et al. in [240] propose clustering MLP models for short-term load forecasting.
Luo et al. in [241] discuss the use of transfer learning techniques for load, solar, and wind
power predictions, but it does not specifically mention the application of transfer learning
to load prediction. Li et al. in [242] discuss a short-term load forecasting framework that
adopts Transfer Learning. Transfer learning is used to train learnable parameters based on
trend components and then transfer them to the load forecasting model. Chan et al. in [243]
introduce a hybridized modelling approach, using a Convolutional Neural Network (CNN)
and a Support Vector Machine (SVM), for short-term load forecasting. Gontijo et al. in [244]
examine the hourly power generation data in Brazil from 2018 to 2020, categorized based
on the different electrical subsystems and their corresponding energy sources. The aim is
to assess the precision of key methods for combining and splitting forecasts generated by
the Autoregressive Integrated Moving Average (ARIMA) and Error, Trend, Seasonal (ETS)

models.

Jung et al. in [245] propose a monthly electricity load forecasting framework for smart
cities, using transfer learning techniques. Collect data from multiple districts, select similar
data based on correlation coefficients, and fine-tune the model using target data. Al-Hajj et al.
in [246] present a survey of transfer learning in renewable energy systems, specifically in the
prediction of solar and wind power, the prediction of load, and the diagnosis of faults. Nivarthi
et al. in [247] discuss the use of transfer learning in renewable energy systems, specifically
in power forecasting and anomaly detection. It proposes a transfer learning framework and
a feature embedding approach to handle missing sensor data. Miraftabzadeh et al. in [248]
present a framework based on transfer learning and deep neural networks for the prediction of
day-ahead photovoltaic power. akovic et al. in [249] conduct an extensive review of machine

learning applications aimed at addressing energy-related issues through the examination of
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various energy types and opportunities for energy reduction. Vontzos et al. in [[149] propose a
data-driven short-term forecasting for electricity consumption in airport. Yang et al. in [250]
propose an innovative monthly DNN approach, for load forecasting in urban and regional ar-
eas. In order to draw more secure conclusions, an extended comparison with other Machine
Learning models is conducted. Li et al. in [251]] propose a building electricity load forecasting
method based on Maximum Mean Discrepancy (MMD) and an improved TrAdaBoost algo-
rithm (iTrAdaBoost). Gontijo et al. in [252] introduce the Dynamic Time Scan Forecasting
(DTSF) technique as a novel approach to predict hourly energy prices in Brazil. By identi-
fying similarity patterns in time series data, DTSF has demonstrated competitive advantages

over traditional forecasting methods in prior research.

7.1.3 Research Contribution

The relentless growth of electricity demand, coupled with the dynamic and often unpre-
dictable nature of energy consumption patterns, requires advanced forecasting methods for
effective grid management. Contrary to the aforementioned studies, which investigate Trans-
fer Learning only within a few hours or so, the forecasting strategies developed in this work
target day-ahead prediction, thereby enhancing the effectiveness of the models. Addition-
ally, none of the aforementioned studies explore Ensemble Deep Learning, as is done in this
study. This Deep Learning domain includes models that gather significant scientific interest
due to their high performance, as well as the potential they offer for further investigations
and improvements. So, in this context, transfer learning emerges as a promising paradigm to
address the challenges associated with limited and disparate data sources. This research work
delves into the application of deep transfer learning techniques in the domain of electricity
forecasting, with the aim of exploiting the knowledge gained from a source domain to im-
prove predictive accuracy in a target domain. By leveraging preexisting models trained on
related datasets or domains, transfer learning seeks to enhance the adaptability and robust-
ness of forecasting models, ultimately contributing to more accurate and reliable predictions
in the complex and ever-evolving landscape of electricity demand. This research explores the
theoretical foundations, methodologies and practical implications of transfer learning in the
specific context of electricity forecasting, shedding light on its potential to revolutionize the
field and pave the way for more resilient and efficient energy management systems.

With respect to the contribution of the current work, the following points are emphasized:
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» For the first time, a high accuracy results implementation of Sequence to Sequence
(Seq2seq) Ensemble Deep Transfer Learning for day-ahead (1-24 hours) forecasting
is conducted on three distinct datasets from islands of the Greek power system. Al-
though the Rhodes training data set exhibits somewhat different behavior compared to
the other two datasets, the proposed algorithms provide very satisfactory results. This
fact further enhances the performance of the proposed strategies and models. The char-
acteristics of the Rhodes dataset lead to a more robust and comprehensive evaluation
of the models, as it introduces variability and challenges that may not be present in the
other datasets. This diversity in behavior across datasets provides a more realistic and

thorough assessment of the models’ capabilities.

* The results obtained indicate that Deep Transfer Learning (DTL) could provide par-
ticular value to both Transmission System Operators (TSO) and Distribution System

Operators (DSO), within various regions of the Greek system.

* The application of the models is performed on actual load data with minimal data pre-
processing, a fact that creates optimistic conclusions regarding their applicability under

real-time conditions.

The current research is organized as follows. First, in Section [7.2, Exploratory Dataset
Analysis and Feature Creation is used. In Section [7.3), the forecasting strategies are analyzed.
In Section 7.4, the emergent results for each algorithm are presented, along with a discus-
sion about their performance. Finally, in Section [7.5, the main conclusions and future study

proposals are analyzed.

7.2 Materials and Methods

7.2.1 Dataset Analysis

In this section, all features, behaviors, and correlations of the three datasets used are in-
vestigated and analyzed. Initially, the three timeseries under study are presented, and then
emphasis is given to their monthly and daily average fluctuations.

Figure [7.1 illustrates the three power timeseries fluctuations for each of the three datasets

in hourly resolution. What is noteworthy is that Rhodes, especially during the summer months,
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Figure 7.2: Monthly average consumption for every island

experiences a substantial increase in demand. The other two islands exhibit several similar-
ities between them, with both the average and extreme values behaving relatively similarly.
This consistency in behavior across the two datasets suggests common characteristics or pat-
terns in the energy-related dynamics of these islands. The shared trends in both average and
extreme values contribute to a more coherent and comparable analysis between the two data
sets, helping to develop and evaluate models for these specific island environments.

Figure [7.2 presents the monthly boxplots for each of the three datasets in hourly resolu-

tion.
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Figure 7.3: Hourly average consumption per day for each island

In addition, Figure 7.3 visualizes the average daily electricity consumption (1-24 hours)
for each island.

This figure clearly illustrates that the average hourly values for Rhodes are significantly
higher than those of the other two islands. However, it should be noted that the three patterns
exhibit high similarities between them, a fact demonstrated by common peak and off-peak

demand hours among the three islands.

7.2.2 Data preprocessing

In order to shape the raw data into a suitable format, capable of being used as input in

deep learning models, the preprocess involves the following four stages:

1. Anomaly Detection: Anomaly detection in timeseries involves establishing a baseline
of normal behavior through statistical methods or machine learning algorithms, ex-
tracting relevant features, and training a model on labeled data to distinguish normal
patterns from anomalies. Due to instances of zero consumption during specific hours,
probably caused by network faults, these particular values were set equal to the corre-

sponding values from one week prior. This adjustment was made to address the chal-
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Figure 7.4: Day of the week in sine and cosine formulation

lenge of unexpected situations in the data, as algorithms may struggle to account for
such anomalies. The goal is to ensure optimal training for each model by handling these

irregularities in the data set.

2. Filling missing values: Filling missing values in timeseries data is a crucial preprocess-
ing step for anomaly detection. Since anomalies are often identified based on patterns

and trends in the data, it is essential to address gaps caused by missing values.

3. Min-Max Scaling: This preprocessing method applied to all datasets in this work, in-
volves Min-Max Scaling, which normalizes data points to a range between 0 and 1.
To achieve this, two distinct scalers were employed—one for input and another for
output datasets. The primary rationale behind utilizing Min-Max Scaling is its ability
to enhance the efficiency of training deep learning models during the training phase,

facilitating faster convergence to the optimal solution of the loss function.

4. One-Hot Encoding: With this process, numerical data are transformed to cyclical, through
trigonometric equations. In this study, day of the week, hour of the day and month of
the year were converted to sin and cosine formulation. Figure [7.4 represents the day of
the week transformed in sin and cosine format. The periodicity that appears with this
method helps the models to better understand the patterns presented by each timeseries

studied.
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7.2.3 Feature Creation

In this subsection, the parameters used as inputs for the models are being generated. For
this reason, several input characteristics were studied and evaluated in order to understand the
most significant to predict electricity demand. After several trials, we ended up with the best
combination of features, which gave us the most accurate prediction results. So, eight input
characteristics were selected and investigated to forecast the day-ahead electricity demand.
More specifically, variables 2-8 concern the methodology of One-Hot Encoding, which was
introduced earlier and helps the DL models better understand and adapt to timeseries exhibit-
ing seasonal patterns, such as those studied in the current work. The input variables used for

all Deep Learning Models remain consistent and are presented in detail below.

1. Power in hourly resolution: The sequence of 168 hours of load values for 7 days/one

week.

2. Cos of Day of Week: The sequence of 168 values of Day of the Week (0-6) converted
by One Hot Encoding to cosine type.

3. Sin of Day of Week: The sequence of 168 values of Day of the Week (0-6) converted
by One Hot Encoding to sin type.

4. Cos of Hour of Day: The sequence of 168 values of Hour of Day (0-23), converted by

One Hot Encoding to cosine type.

5. Sin of Hour of Day: The sequence of 168 values of Hour of Day (0-23), converted by

One Hot Encoding to sin type.

6. Cos of Month of Year: The sequence of 168 values of Month of the Year (1-12) con-

verted by One- Hot Encoding to cosine type.

7. Sin of Month of Year: The sequence of 168 values of Month of the Year (1-12) con-

verted by One- Hot Encoding to sin type.

8. IsWeekend: The sequence of 168 values of a dummy variable named “Is Weekend”,

with value equal to 0 for working days and 1 for weekends and holidays.

Our target is to utilize a historical sequence of 168 hours from the aforementioned 8
features, and create day-ahead predictions for the load, i.e., a sequence of 24 values of the

Power. Figure [7.5 visualizes the Seq2seq forecasting technique.
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Figure 7.5: Sequence-to-sequence forecasting technique

Finally, the correlation heatmap is presented in Figure [7.6, in order to highlight the rela-

tionships between the power timeseries for each of the three islands.
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Figure 7.6: Correlation heatmap

What is noteworthy is that the target timeseries of Chios shows a correlation of 0.37 with
that of Rhodes and 0.94 with that of Lesvos. This particular characteristic further enhances the

reliability of the implemented applications, demonstrating generality and robustness through
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the results that will be presented below. The correlation between the target timeseries of dif-
ferent islands suggests some level of interdependence or shared patterns, which can contribute

to the generalization and effectiveness of the models developed for these islands.

7.3 Methodology

In this section, the fundamental methodology followed in the current work is presented.
Initially, an introduction of the three DL models is presented. Then, the forecasting strategies
are analyzed in depth, emphasizing all the details of each one, highlighting the way datasets
are utilized for each strategy. Subsequently, a reference was made to the Optimization frame-
work, which has been used for enhancing the performance of the DL. models. Additionally, the
evaluation metrics are presented, which were used to evaluate and compare the performance

of the algorithms of each strategy. Finally, the software tools that were used are analyzed.

7.3.1 Deep Learning Models

In this subsection, the functionality and architectures of the three DL models used in the
ongoing research, MLP, CNN, and ELM, are analyzed. The main reason why the specific
models are chosen is both because they are very powerful and advanced architectures of
Deep Learning domain in the field of timeseries forecasting, and because they are a field of

high scientific interest compared to simpler Machine Learning algorithms.

Multilayer Perceptron

A Multilayer Perceptron (MLP), which is presented in Figure [7.7, is a versatile artifi-
cial neural network architecture employed for learning and modeling complex relationships
within data. Comprising an input layer (X)), one or more hidden layers (H;), and an output
layer (Y'), the MLP is characterized by its capacity to capture intricate non-linear patterns.
During forward propagation, the input data is transformed through weighted connections
and activation functions (o) in the hidden layers, generating progressively abstract represen-

tations. The hidden layer outputs (H;) can be mathematically expressed as:
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where W, denotes the weight matrix connecting layer ¢ — 1 to ¢, H;_; is the output of the
previous layer, and b; represents the bias term for layer ¢. The activation function introduces
non-linearity, enabling the network to capture complex mappings.

The final output (V') is computed through similar operations in the output layer:

Y = U(WoutHlast + bout) (72)

During training, the network adjusts its weights to minimize a defined loss function (L),
which quantifies the disparity between the predicted output and actual target values. The
weights are updated using an optimization algorithm, typically gradient descent, with the

weight update rule expressed as:

oL

Wnew = Wold - UW

(7.3)

where 7 is the learning rate. This iterative process, known as back propagation, refines the
model’s weights to improve its predictive accuracy.

In the domain of timeseries forecasting, MLPs exhibit efficiency owing to their inher-
ent ability to capture temporal dependencies and non-linear patterns. The adaptability of the
model enables it to discern and model various temporal structures, including trends and sea-
sonality. The hidden layers serve as dynamic feature extractors, automatically learning rel-
evant temporal features from the timeseries data. This feature learning capability, coupled
with the tunability of model parameters, positions MLPs as robust and effective tools for a

wide array of timeseries forecasting tasks.

Convolutional Neural Network

Convolutional Neural Networks (CNNs), the architecture of which is presented in Fig-
ure [7.8, constitute a class of sophisticated deep learning architectures specifically designed
for the analysis and processing of visual data. The principal structure of CNNs encompasses
multiple layers, notably including convolutional layers, pooling layers, and fully connected
layers. Convolutional layers assume a pivotal role in feature extraction from input images
through the application of convolutional operations utilizing trainable filters. These filters
adeptly identify patterns and features at various spatial scales, enabling the network to discern

intricate details within the data. Accompanying pooling layers serve to diminish the spatial
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Figure 7.7: Multilayer Perceptron Architecture

dimensions of feature maps, thereby diminishing computational complexity and augment-
ing the model’s capacity for generalization. The culmination of these operations transpires in
fully connected layers positioned at the conclusion of the network, where the amalgamated
features facilitate conclusive predictions. The applicability of CNNs extends across diverse
computer vision domains, manifesting notable success in tasks such as image classification,

object detection, and image segmentation.

In timeseries forecasting, CNNs adapt to sequential data using 1D convolutional layers.
These layers analyze temporal patterns, aided by pooling layers for downsizing. CNNs ef-
ficiently capture short and long-term dependencies, making them valuable for tasks such as

stock price prediction and weather forecasting, showcasing their versatility across diverse
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Figure 7.8: CNN model architecture
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data types.

Ensemble Learning Model

The Ensemble Learning Model (ELM), comprising a Multilayer Perceptron (MLP) and
a Convolutional Neural Network (CNN), operates by independently training both models on
a given dataset and then combining their predictions through weighted averaging. The MLP
focuses on learning non-linear relationships, while the CNN excels at extracting hierarchical
features. The weights assigned to each model in the ensemble are determined based on their
performance, enhancing the contribution of the better-performing model. The final prediction
is generated by summing the weighted predictions, aiming to capitalize on the complemen-
tary strengths of the MLP and CNN for improved predictive accuracy and robustness across

diverse data patterns. Figure [7.9 visualizes the main body of ELM created in this section.

7.3.2 Deep Transfer Learning Forecasting Strategies

The basic idea on which the four implemented strategies are based is the extended appli-
cation and exploration of Deep Transfer Learning in three different datasets, finding the best
method, in combination with the creation of powerful DTL forecasting strategies and tools
with robust generalization capabilities. The first forecasting strategy, named Deep Transfer
Learning Case 1 (DTL Case 1), involves training each of the three DL models exclusively
on the Lesvos dataset, with fine-tuning carried out using the Chios dataset. In the second
strategy, Deep Transfer Learning Case 2 (DTL Case 2), both Lesvos and Rhodes datasets
are used concurrently during the DL model training phase, followed by fine-tuning using the
Chios dataset. The third strategy, Deep Transfer Learning Case 3 (DTL Case 3), entails train-
ing the DL models solely on the Lesvos dataset, with the testing phase conducted directly on
the Chios dataset, without any fine-tuning. Lastly, in the Multi-task Deep Learning applica-
tion strategy (MTDL), each of the three DL models are trained simultaneously on all three
datasets, with final predictions made on the unused portion of the Chios dataset.

The way in which the available data were used in order to implement the DTL strategies

and the MTDL strategy is described below:

* For DTL Case 1, only the dataset of Lesvos was used for the first training phase of
the models, specifically for the time period from 2019-01-01 01:00:00 to 2021-12-31
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Figure 7.9: Ensemble Learning Model Architecture

23:00:00. Then, for the second phase, i.e., fine-tuning, the time period from 2019-01-01
01:00:00 to 2021-12-31 23:00:00 of the Chios dataset is utilized.

* For DTL Case 2, the first training phase of the models was based on the datasets
from Lesvos and Rhodes, and more specifically, for the time period from 2019-01-
01 01:00:00 to 2021-12-31 23:00:00 for each dataset. Then, for the second phase, i.e.,
fine-tuning, the same time period as in DTL Case 1 is used, from 2019-01-01 01:00:00
to 2021-12-31 23:00:00 of the Chios dataset.

* For DTL Case 3, the training dataset that was used covers the time period from 2019-
01-01 01:00:00 to 2022-12-31 23:00:00 from the Lesvos dataset without fine tuning.

The choice of Lesvos alone was made because it exhibits a higher correlation and sim-
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ilarity with the corresponding dataset of the Chios timeseries, compared to the Rhodes

island.

* For MTDL, the datasets from all three islands were used simultaneously for train-
ing. Specifically, the datasets of Rhodes and Lesvos for the time period 2019-01-01
01:00:00 to 2022-12-31 23:00:00, and for Chios dataset, for the time period 2019-01-
01 01:00:00 to 2021-12-31 23:00:00 were used.

Deep Transfer Learning is a field of Transfer Learning that entails utilizing knowledge
gained from solving one task to make predictions on another related task, employed Deep
Neural Networks. This field often consists of pre-training a neural network on a source task
with abundant labeled data and subsequently applying the acquired knowledge to a target
task characterized by a foreign dataset. Two prevalent scenarios in transfer learning include
domain adaptation, where the source and target tasks have the same input space but differ in
output spaces, and feature extraction, where the source and target tasks share similar input
and output spaces.

In the realm of timeseries approaches, is valuable for several reasons. Timeseries data of-
ten exhibits complex patterns, trends, and seasonality, and acquiring labeled data for training
deep models can be challenging due to limited availability. It allows a model pre-trained on
a source timeseries task to capture generic temporal features and representations that can be
beneficial for a target task. The learned features can serve as a useful initialization for the tar-
get task, reducing the need for extensive training data and potentially enhancing the model’s
ability to generalize to new patterns. Additionally, transfer learning is particularly advanta-
geous when the source and target tasks share similar temporal characteristics, enabling the
model to transfer knowledge effectively and improve its performance on the target task. This
approach is especially relevant in situations where collecting large amounts of labeled data
for every specific task is impractical or costly.

In this investigation, DTL strategies with and without fine-tuning are developed. Initially,
the two cases of DTL with fine-tuning are examined (DTL Case 1 and 2) and are analyzed
below. Subsequently, the scenario where the pre-trained model, as configured without fine-
tuning, is examined (DTL Case 3). Finally, the MTDL strategy, involving the simultaneous
training of each DL model on the datasets of the three islands, is presented. The four proposed

forecasting strategies implemented are analyzed and presented in detail below.
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Deep Transfer Learning Case 1

In this methodology a DNN pre-trained on a source task is adjusted to perform a related
target task. Initially trained on a large dataset for a general task, such as laod forecasting,
the pre-trained model captures broad features. This knowledge is then transferred to a target
task, which is a foreign dataset. During fine-tuning, the model’s weights, especially in the
deeper layers, are adjusted based on the target task’s data, allowing the model to adapt its
learned representations to task-specific characteristics. This approach is particularly advan-
tageous when the target task has also limited labeled data, enabling the model to leverage the

knowledge gained from the source task and enhance its performance on the target task.

In DTL Case 1, the testing dataset of Chios is used, and the training dataset consists only of
the timeseries of Lesvos island. This approach is followed due to higher correlation between
Chios and Lesvos compared to Rhodes, influencing the selection of training data for better
model performance. After, the training period, fine-tuning is performed on the training parts
of each model on the dataset of Chios, creating the final fine-tuned models. Finally, these
models are used for Chios day-ahead load forecasting. Graphically, Figure visualizes
the DTL Case 1 strategy.

Prediction Pre-Trained Unknown Trainable .
Forecasting

168x8

' [Lesvos] gy B [Lesvos] B B oSl o0y LChic

Pre-training Process Fine-tuning Process Testing Process

Figure 7.10: Deep Transfer Learning Case 1
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Deep Transfer Learning Case 2

Similarly with DTL Case 1, for DTL Case 2, the two datasets from Rhodes and Lesvos are
merged, and the three models are trained on the combined training dataset. The trainable part
of the pre-trained model is fine-tuned in the dataset of Chios. Finally, predictions are made

on the unused dataset from Chios island. Figure visualizes the DTL Case 2 strategy.
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Figure 7.11: Deep Transfer Learning Case 2

Deep Transfer Learning Case 3

Deep Transfer learning without fine-tuning involves a two-step process. Initially, a Deep
Neural Network is trained on a source task using a substantial dataset, learning hierarchical
features relevant to that task. Subsequently, in the transfer phase, the pre-trained model is
utilized with the exact same structure as it was formed during the training period, in order to
create predictions for a target task. The learned features are extracted without further adjusting
the model’s weights, and these fixed representations serve as input to a new task-specific
regressor trained on the target task’s dataset.

This approach proves advantageous when the target task possesses limited labeled data,
as it allows for knowledge transfer from a source task without the computational overhead
of fine-tuning the entire model. By utilizing the pre-trained model as a feature extractor,
the knowledge encapsulated in the generic representations can be harnessed for tasks that
share similar low-level features and structures, promoting effective knowledge transfer across

related tasks while mitigating the need for task-specific fine-tuning.
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In DTL Case 3 strategy, the three DL models are trained on the dataset of Lesvos, and
subsequently, predictions are made directly on the Chios day-ahead load, without fine-tuning
process. This strategy is used in order to draw secure conclusions regarding the approaches

with and without fine-tuning. The DTL Case 3 strategy is presented in Figure [7.12.
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Figure 7.12: Deep Transfer Learning Case 3

Multi-task Deep Learning

Multi-task Deep Learning (MTDL) is a methodology in Deep Neural Networks (DNN),
where a DNN model is trained simultaneously on multiple datasets, leveraging the shared
knowledge across the different datasets to improve the model’s generalization performance.
The underlying principle of MTDL is to exploit the relationships and commonalities among
distinct but related tasks, allowing the model to learn a shared representation that captures the
inherent structure present in the data. Essentially, a unified dataset is created which is a con-
catenation of different datasets, where each of them corresponds to a specific output. During
training, the model optimizes its parameters by jointly minimizing the loss across all tasks.
The shared representation learned across tasks facilitates the transfer of knowledge between
them, leading to enhanced generalization performance, particularly in scenarios where indi-
vidual tasks lack sufficient data for robust learning. The success of MTDL lies in its ability
to induce a form of regularization, encouraging the model to discover and focus on relevant

features that are beneficial for multiple tasks simultaneously.
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Each of the training tasks has its own objective function, and the model learns to jointly
optimize these objective functions. The general idea is to share information between tasks to

improve overall performance. Mathematically, the following applies:
* N is the total number of tasks.
» X are the input data.
* Y; is the output for task :.
* @ are the parameters of the neural network model.

For each task 4, there is an associated loss function L;(#) that measures the error between
the predicted output and the true output for that task. The overall loss function for all tasks
can be defined as a combination of the individual task loss functions, often using a weighted

sum.

L(0) =D aiLi(0) (7.4)

where «; are optional weighting factors and L: represents the loss for the ¢ — th task.
The goal is to minimize this overall loss function with respect to the model parameters 6.

The minimal value of the loss function, 6%, is given below:

0" = arg nbin L(0) (7.5)

The model parameters are then updated using gradient descent or other optimization tech-
niques to minimize this combined loss. The shared representation in the intermediate lay-
ers allows the model to discover commonalities and relationships among tasks, promoting a
more generalized feature extraction process. By training on diverse datasets simultaneously,
MDTL facilitates the development of a model that not only excels in individual tasks but also
demonstrates improved performance on new, foreign data.

In the strategy employed in this work, which is presented in Figure [7.13, training is con-
ducted simultaneously on all three different datasets of the islands, Rhodes, Chios and Lesvos.
The objective is for the model to acquire high generalization capabilities and make predictions
on the testing dataset selected of Chios. Due to the distinct variations in the three timeseries,
this approach proves more robust than cases involving singular training, imparting generality

in performance across the models.
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Figure 7.13: Multi-task Deep Learning

7.3.3 Optimization Framework

The Bayesian Optimization Algorithm (BOA) is utilized for each training period and for
each model. It is a probabilistic optimization approach designed to tackle complex and com-
putationally expensive objective functions. Central to BOA is the use of a surrogate model,
typically a Gaussian Process, which provides a probabilistic representation of the unknown
objective function. This surrogate model captures both the mean and uncertainty associated
with the objective function across the parameter space. The algorithm iteratively refines its
understanding of the objective function by selecting points for evaluation based on an acqui-
sition function that balances exploration and exploitation. The chosen points are then used to
update the surrogate model through Bayesian inference, adjusting the model’s predictions in
light of the new information. This iterative process allows BOA to systematically explore the
parameter space, adapt to the underlying structure of the objective function, and efficiently
converge towards optimal solutions.

BOA excels in making informed decisions using the uncertainty measured by its surro-
gate model. An acquisition function guides the algorithm to explore areas where the objective
function is uncertain or is likely to have optimal values. As the optimization progresses, the
surrogate model of BOA improves continuously, enhancing its understanding of the objective
function and focusing the search on regions most likely to contain the global optimum. This

principled approach makes it particularly well-suited for optimization problems in scientific
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and engineering domains where objective function evaluations are resource-intensive or sub-
ject to noise. It efficiently identifies optimal parameter configurations in such scenarios. In
this study, the architecture of each DL model was optimized and configured through BOA.
For each case, each model has been saved in hS format. Each DL model can operate using
online data. Regarding the hyperparameters of each DL model, Table presents in detail

each hyperparameter, the value of which was optimized in order to achieve the most accurate

predictions.
Table 7.1: Models optimization hyperparameters.
Type Deep Input Model Optimization
Learning Sequence Hyperparameters Function
Model Length
* Dense layer with search space of
Neurons:
min_value = 16, max value =
512, step=16
* Dropout layer with search space:  Validation
min_value = 0, max value = |[oss
DL MLP 168 h
0.25, step = 0.05 of

MSE
* Optimizer = Adam 5

* Learning rate with search space:
min_value =0.0010, max_value

=0.010, sampling = “log”

Continued on next page...
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Table 7.1 — continued from previous page.
Input Se- Optimization
Deep Learn-
Type quence Model Hyperparameters Func-
ing Model
Length tion
Filters of CNN with range:
min_value = 64, max value =
128, step =16
CNN kernel size with search
space:
min_value = 4, max_value = §,
step =2 Validation
: loss
DL CNN 168 h Neurons of Dense Layer with
search space: of
MSE

min_value = 24, max value =

120, step =12
Optimizer = Adam

Learning rate with search space:
min_value =0.0010, max_value

=0.010, sampling = “log”

Continued on next page...
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Table 7.1 — continued from previous page.

Input Se- Optimization
Deep Learn-
Type quence Model Hyperparameters Func-
ing Model
Length tion

* Dense layer with search space of
Neurons:
min_value = 16, max value =
512, step=16

* Dropout layer with search space:
min_value = 0, max value =
0.25, step =0.05

* Filters of CNN with range:
min_value = 64, max value =
128, step =16

Validation
* CNN kernel size with search loss
DL ELM 168 h space:
of

min_value = 4, max_value = §, MSE

step=2

* Neurons of Final Dense Layer
with search space:
min_value = 24, max value =

48, step =4
* Optimizer = Adam

 Learning rate with search space:
min_value = 0.0010, max_value

=0.010, sampling = “log”
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7.3.4 Evaluation Metrics

For this work, the following four error evaluation metrics are used.

Mean Absolute Error (MAE): In this metric, the average of the absolute differences be-
tween the forecasted and true values is calculated.

Root Mean Squared Error (RMSE): This metric calculates the square root of the average
of the squared differences between the forecasted and true values.

Mean Absolute Percentage Error (MAPE): This metric computes the average of the ab-
solute percentage differences between the predicted and actual values.

R-squared (R?): Is a statistical metric that measures how the independent variable(s) in
a forecasting model explain the variation of the dependent variable. It takes values between
0 and 1. 1 belongs to a satisfactory fit, meaning all variation in the dependent variable is
explained by the independent variable(s). 0 demonstrates zero connection between the vari-
ables.

The above metrics are defined as follows:

MAE = iz Y — @il (7.6)
n

< (yi_xi>2
RMSE = NARNETE 7.7
; - (7.7)

100 o~ y; — T;
MAPE = — 7.8
- Z;I — (7.8)

Yo (i — &)
o (i — )?

where x;,y;, ; and y are the forecasting, the actual, the mean of the forecasting values and

R2=1-

(7.9)

the mean of the actual values, respectively.

7.3.5 Software environment

All the algorithms in this work were developed using the Python 3.10 programming
language. The open source software library Tensorflow 2.15.0 and the Keras 2.15.0 high-
level API were used to train and test the deep learning algorithms. Furthermore, the Pandas

2.1.0 and Numpy 1.26.0 libraries were used for data analysis. For visualization purposes
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in exploratory analysis and prediction results, the Seaborn, Plotly, Matplotlib, graphviz and
torchviz libraries were incorporated. Also, the official Calendar library was used, in order to
identify the weekends and the Greek holidays. The research was carried out on the Google
Colab Pro environment. For the MLP model the GPU Tesla T4 with specific characteristics:
NVIDIA-SMI 535.104.05 Driver Version: 535.104.05 CUDA Version: 12.2, RAM: 12.7 GB,
and disk space: 78.2 GB was used. For the CNN and Ensemble model a cloud TPU 28.6 GB
RAM abd 107.7 GB disc space was employed.

7.4 Results Analysis

In this section, the experimental results obtained are presented. First, only the mean vari-
ance of the Mean Absolute Error (MAE) on a monthly basis for the MLP, CNN, and ELM,
respectively, is presented for the economy of space. Then, MAPE (Mean Absolute Percentage
Error), RMSE (Root Mean Square Error) and the aggregated results are visualized, analyzed,
and compared for each strategy and each model, on a monthly basis. Finally, the tables de-

tailing R? are presented in the aggregated results.

7.4.1 Multilayer Perceptron Results

Figure visualizes the variation of MAE, on a monthly basis, for each of the four
strategies, for the MLP model. It is observed that May and September exhibit better prediction

results, while January, July, and August are the months with poorer performance.

7.4.2 Convolutional Neural Networks Results

Figure presents the variation of MAE, on a monthly basis, for each of the four strate-
gies, for CNN model. It clearly seems that April and May exhibit better average prediction

results, while June, July, and August are the months with the worst performance.

7.4.3 Ensemble Learning Model Results

Figure visualizes the variation of MAE, on a monthly basis, for each of the four

strategies, for the Ensemble Learning model. It is observed that June, July, and August exhibit
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Figure 7.14: Monthly Variation of MAE for MLP model

November

December

better average prediction results, while May, September, and October are the months with the

lowest prediction accuracy.

7.4.4 Results Comparison

In order to make an evaluation of the performance of each model, the results are con-

solidated and compared for each of the four strategies that were pursued in the following

radial graph. This particular graph was chosen because it constitutes an illustrated and clear

approach in presenting results for each of the twelve months of the year. In other words, the

closer a point is to the center of the circle, the lower the prediction error achieved.

Variation of MAE for each strategy

Figure presents the comparison month by month of Mean Absolute Error (MAE) of

the DL models for each strategy.
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Figure 7.15: Monthly Variation of MAE for CNN model

Based on the comparative results, the following observations emerge:

For the DTL strategy with fine-tuning and training data from the Lesvos timeseries,
DTL Case 1, it is observed that the MLP and Ensemble models outperform the CNN

model.

In the forecasting strategy with fine-tuning and training data from both the Rhodes and
Lesvos timeseries, DTL Case 2, it seems that the MLP and Ensemble models exhibit

comparable performance, except for October, where MLP outperforms.

Regarding for the use of pre-trained models without fine-tuning, DTL Case 3, the CNN
significantly lags behind the other two models, with MLP consistently exhibiting the

highest prediction accuracy.

Finally, regarding the Multi-task Deep Learning application strategy, MTDL, it is ob-

served that the MLP model consistently shows inferior results compared to the other
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Figure 7.16: Monthly Variation of MAE for ELM model

two models for all months. Here, CNN and Ensemble achieve similar accuracy.

For additional analysis and understanding of the behavior of the algorithms, Figures
and plot the variation of the Mean Absolute Percentage Error (MAPE) and Root Mean
Squared Error (RMSE) for each month, respectively.

Variation of MAPE for each strategy

Figure presents the comparison of Mean Absolute Percentage Error (MAPE) for
each model and strategy, on a monthly basis.

It is clearly observed that for the DTL Cases 1 and 2, June exhibits the best prediction
accuracy, with the Ensemble model achieving a MAPE of 5.29% for Case 1 and the MLP
achieving a MAPE of 6.01% for Case 2. In the case of MTDL, the best predictions are ob-
served in the months of June and July, with the ELM presenting predictions of 6.33% and

6.86%, respectively. Finally, for the DTL Case 3, the best prediction is observed in January,
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Figure 7.17: Comparison of monthly MAE of each model for each forecasting strategy

corresponding to a MAPE of 7.85%, achieved by the ELM model.

Variation of RMSE for each strategy

Figure presents the comparison of the root mean square error (RMSE) for each model

and strategy, monthly.

7.4.5 Aggregated Results

This subsection provides a analyzes the results obtained for each forecasting strategy and

each DL model. Tables 7.2, 7.3, 7.4, and [7.3 present all aggregated results for each forecast-

ing strategy, to provide a complete view of the performance of each algorithm and for each

forecasting month. MAE and RMSE metrics are given in MWs, MAPE is given in percent

(%), and R? takes values between 0 and 1.
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Figure 7.18: Comparison of monthly MAPE of each model for each forecasting strategy

Table 7.2: Deep Transfer Learning Case 1

Model | Metric | Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec
MAE |2.16 | 1.56 | 2.01 | 1.38 | 1.12 | 1.12 | 1.57 | 2.12 | 1.40 | 1.39 | 1.64 | 1.42
MAPE | 7.38 | 6.24 | 7.68 | 798 | 6.97 | 6.05 | 7.01 | 9.23 | 7.66 | 9.04 | 9.39 | 7.00

MLP RMSE | 279 | 198 | 2.59 | 1.78 | 1.41 | 1.48 | 2.15| 2.76 | 1.78 | 1.70 | 2.06 | 1.79
R? 0.83 | 0.87 | 0.82 | 0.67 | 0.73 | 0.74 | 0.63 | 0.08 | 0.75 | 0.53 | 0.70 | 0.82
MAE |1.69| 152 | 1.73 | 1.31 | 1.06 | 1.24 | 1.63 | 2.52 | 143 | 1.75 | 1.54 | 1.38
MAPE | 5.57 | 6.07 | 6.60 | 7.57 | 6.55 | 6.69 | 7.46 | 10.95 | 7.79 | 11.39 | 8.85 | 6.79

RN RMSE | 237 (203|228 |1.78| 1.38 | 1.74 | 225 | 3.19 | 1.90 | 2.20 | 1.98 | 1.79
R? 0.88 | 0.87 | 0.86 | 0.68 | 0.74 | 0.64 | 0.59 | 0.11 | 0.70 | 0.21 | 0.73 | 0.82
MAE | 176|142 | 1.77 | 1.16 | 0.86 | 0.98 | 1.38 | 220 | 1.22 | 1.23 | 1.37 | 1.14
MAPE | 5.87 | 5.72 | 6.77 | 6.73 | 536 | 529 | 6.24 | 9.57 | 6.67 | 8.04 | 7.82 | 5.62

LM RMSE | 242 | 1.84 | 231 | 1.57 | 1.12 | 1.36 | 1.91 | 2.80 | 1.58 | 1.57 | 1.73 | 1.51
R? 0.88 1089 | 0.86 | 0.75| 0.83 | 0.78 | 0.71 | 6.25 | 0.80 | 0.61 | 0.80 | 0.87
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Figure 7.19: Comparison of monthly RMSE of each model for each forecasting strategy

Table 7.3: Deep Transfer Learning Case 2

Model | Metric | Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec
MAE | 191 | 151|191 | 134|098 | 1.11 | 144 | 2.04 | 1.28 | 1.28 | 1.51 | 1.32
MAPE | 6.50 | 6.07 | 7.29 | 7.79 | 6.24 | 6.01 | 6.61 | 8.87 | 6.95 | 8.38 | 8.66 | 6.51

MLP RMSE | 244 | 194|247 [ 1.80| 1.29 | 1.50 | 1.98 | 2.67 | 1.64| 1.63 | 1.89 | 1.71
R? 0.87 | 0.88 | 0.84 | 0.67 | 0.77 | 0.73 | 0.69 | 0.15 | 0.78 | 0.57 | 0.75 | 0.84
MAE | 185|140 | 191 | 143 | 1.17 | 1.37 | 2.14 | 240 | 1.66 | 2.39 | 1.90 | 1.46
MAPE | 6.26 | 5.60 | 7.29 | 830 | 7.27 | 7.38 | 9.85 | 10.44 | 9.02 | 15.51 | 10.90 | 7.23

NN RMSE | 2.56 | 1.83 | 243 | 1.80 | 1.46 | 1.79 | 2.76 | 2.96 |2.06 | 2.96 | 2.36 | 1.90
R? 0.86|0.89 | 0.84 | 0.67 | 0.71 | 0.62 | 0.39 | 0.02 | 0.66 | 0.08 | 0.61 | 0.80
MAE |1.76 | 1.32 | 1.82 | 1.20 | 0.95 | 1.14 | 1.57 | 2.10 | 1.30 | 1.71 | L.51 | 1.27
MAPE | 6.03 | 531 | 694 | 695 | 592 | 6.17 | 723 | 9.10 | 7.09 | 11.17 | 8.68 | 6.26

LM RMSE | 238 | 1.72 | 233 | 1.57 | 1.23 | 1.52 | 2.12 | 2.66 | 1.65 | 2.12 | 1.89 | 1.65
R? 0.88 1091 | 0.85]0.75| 0.80 | 0.72 | 0.64 | 0.16 | 0.78 | 0.27 | 0.75 | 0.85
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Table 7.4: Deep Transfer Learning Case 3

Model | Metric | Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec
MAE | 256 | 2.65 | 2.58 | 2,51 | 2.12 | 2.01 | 2.12 | 242 | 2.03 | 2.10 | 2.34 | 2.37
MAPE | 875 | 10.60 | 9.87 | 14.54 | 13.12 | 10.86 | 9.74 | 10.51 | 11.05 | 13.71 | 13.43 | 11.69

ML RMSE | 3.14 | 332 | 338 | 3.06 | 2.56 | 248 | 2.71 | 3.03 | 244 | 2.62 | 291 | 2.94
R? 0.79 | 0.64 | 0.69 | 0.05 | 0.10 | 0.27 | 0.41 | -0.10 | 0.52 | -0.11 | 0.41 | 0.51
MAE | 3.02 | 3.69 | 353 | 481 | 3.62 | 2.71 | 249 | 295 | 296 | 4.55 | 445 | 459
MAPE | 1034 | 14.79 | 13.48 | 27.82 | 22.40 | 14.63 | 11.45 | 12.82 | 16.09 | 29.63 | 25.47 | 22.62

NN RMSE | 439 | 537 | 510 | 625 | 475 | 3.70 | 3.27 | 3.67 | 3.58 | 5.66 | 593 | 6.59
R? 0.58 | 0.05 | 0.29 | -2.96 | -2.08 | -0.64 | 0.14 | -0.61 | -0.05 | -4.18 | -1.45 | -1.45
MAE | 229 | 2.80 | 2.68 | 293 | 241 | 198 | 192 | 244 | 223 | 3.09 | 3.18 | 3.21
MAPE | 7.85 | 11.22 | 10.22 | 16.96 | 14.91 | 10.68 | 8.84 | 10.58 | 12.16 | 20.10 | 18.18 | 15.84

LM RMSE | 3.07 | 3.76 | 3.65 | 3.82 | 3.06 | 2.61 | 2.55 | 3.09 | 2.67 | 3.78 | 4.05 | 4.27
R? 0.80 | 0.54 | 0.64 | -0.48 | -0.28 | 0.19 | 0.48 | -0.14 | 0.42 | -1.30 | -0.14 | -0.03

Table 7.5: Multi-task Deep Learning

Model | Metric | Jan | Feb | Mar | Apr | May | June | July | Aug | Sep Oct | Nov | Dec
MAE | 321 | 2.74 | 281 | 198 | 1.66 | 1.69 | 1.98 | 2.67 | 1.88 | 2.22 | 2.75 | 2.80
MAPE | 1097 | 10.99 | 10.73 | 11.45 | 10.31 | 9.10 | 9.06 | 11.50 | 10.23 | 14.45 | 15.75 | 13.80

MLP RMSE | 3.75 | 3.24 | 336 | 2.47 | 2.00 | 2.16 | 2.61 | 3.43 | 232 | 2.64 | 331 | 3.27
R? 0.70 | 0.66 | 0.69 | 038 | 0.46 | 0.44 | 0.45 | -0.40 | 0.56 | -0.12 | 0.24 | 0.40
MAE | 1.67 | 1.69 | 080 | 1.49 | 1.28 | 1.20 | 1.46 | 2.14 | 1.22 | 1.60 | 1.75 | 1.57
MAPE | 5.62 | 6.78 | 6.86 | 8.63 | 797 | 6.47 | 6.58 | 9.30 | 6.66 | 10.46 | 10.03 | 7.75

NN RMSE | 230 | 222 | 245 | 199 | 1.62 | 1.67 | 1.98 | 2.87 | 1.51 | 1.88 | 2.04 | 2.02
R? 0.89 | 0.84 | 0.84 | 0.60 | 0.64 | 0.67 | 0.69 | 0.01 | 0.82 | 0.43 | 0.70 | 0.77
MAE | 203 | 1.85 | 2.03 | 1.35 | 096 | 1.17 | 1.49 | 2.28 | 1.14 | 1.00 | 1.38 | 1.56
MAPE | 6.86 | 742 | 7.77 | 7.80 | 596 | 6.33 | 6.86 | 9.89 | 6.22 | 6.56 | 7.92 | 7.69

LM RMSE | 2.61 | 228 | 2.56 | 1.80 | 1.21 | 1.57 | 2.05| 296 | 146 | 130 | 1.84 | 1.95
R? 0.85 | 0.83 | 0.82 | 0.67 | 0.80 | 0.71 | 0.66 | -0.05 | 0.83 | 0.73 | 0.77 | 0.79

Based on the results presented in the above tables, the following summarizations apply:

* In DTL Case 1, it is observed that the Ensemble model achieves the best prediction for
the month of June, presenting an MAPE of 5.29%.

* In DTL Case 2, again, the Ensemble model achieves the best prediction, which pertains

to the month of February and exhibits an MAPE of 5.31%.
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» Regarding the DTL Case 3, the Ensemble model achieves the best prediction in January
with an MAPE of 7.85%.

* In MTDL, the CNN model manages the best prediction in January, corresponding to
an MAPE of 5.62%.

Generally, based on Tables 7.2, 7.3, 7.4, and 7.3, and in Figures [7.17, [7.18, and [7.19,

a notable difference is observed between the best and worst prediction months. The best

corresponds to the ELM prediction for May, with MAPE of 5.36% and the worst, corresponds
to the CNN model prediction for December, with MAPE of 22.62%, resulting in a precision
difference of 17.26%. This fact further reinforces the high performance of ELM in cases with
fine-tuning, which is influenced by the predictions of the two distinct models. On the other
hand, CNN, as evidenced and in the case of the worst-performing month, exhibits general
instability in the case without fine-tuning, which is related to the inability of its trainable
parameters to adapt to foreign data. This fact may indeed reveal the general difficulty of the

models using convolution mechanisms to adapt to unknown datasets.

7.4.6 Discussion of Results

Based on the above results, it becomes evident that the application of Deep Learning
algorithms in the domain of Deep Transfer Learning (DTL) can yield satisfactory outcomes,
reducing computational power requirements and model training times, due to the fact that,
after the initial training of the model, only the fine-tuning needs to take place each time the
DL model is applied in a different area. The time required for a DL model to be trained during
the fine-tuning period is significantly shorter compared to the time needed for direct training,
as in the case of MTDL. Also, the variation in results for each month indicates that the ELM
improves predictions for the majority of forecasted months.

In general, it is observed that the two strategies of Deep Transfer Learning with fine-
tuning (DTL Case 1 and 2) significantly outperform DTL Case 3 and MTDL. Specifically, in
the comparison between fine-tuning strategies and Multi-task Deep Learning, the differences
suggest that the utilized models can adapt better when trained separately on different datasets,
as opposed to parallel and simultaneous training on multiple datasets together. Both of these
cases involve efforts to create models capable of efficiently generalizing to unknown and

differently behaving timeseries.
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Additionally, in the case of the direct use of a pre-trained model (DTL Case 3), a poorer
performance is achieved compared to other cases. For the ELM, which is influenced by both
the MLP and CNN models, the poor performance of the CNN negatively affects the accuracy
for most months, with exceptions in January and July.

The variation in results clearly demonstrates that the employment of more than one model
in an ensemble combination significantly improves the performance compared to individ-
ual algorithms. The reason behind this improvement lies in the weighted average learning,
which takes into account the best predictions from both models, MLP and CNN separately.
As a result, the final day-ahead load prediction is considerably improved, demonstrating the
effectiveness of combining multiple models.

Finally, it is worth noting that the adaptability of the algorithms to the three examined
timeseries relies on both the trainable parameters of each model and the different features
and patterns exhibited by each case. Seasonality, peak demand periods, and average values

of each dataset are some of the characteristics that influence algorithmic functionalities.

7.5 Summary and Future Work

In this study, an extensive investigation is conducted regarding Seq2Seq Deep Transfer
Learning on timeseries data. For this reason, a case study of a month-to-month approach was
employed with the aim of day-ahead forecasting of electricity load in three islands of the
Greek power system. The results obtained provided us with valuable information regarding
the application of such methods and their effectiveness. The first major conclusion is that
transfer learning outperforms simple learning, even in the case of Multi-task Deep Learning,
which is utilized for better model generalization.

Furthermore, another conclusion is that Deep Transfer Learning using Ensemble models
outperforms simple DL models, as evidenced by the results obtained. More specifically, in the
strategies DTL Case 1, DTL Case 2, as well as MTDL, it is observed that, for the majority of
months, the ELM enhances the predictions achieved by the two individual DL models. This
fact creates particularly optimistic conclusions regarding further exploration of Ensemble
Models in the field of prediction in power systems.

DTL strategies are cost-effective, requiring significantly less computational power and

time compared to simple prediction methods, due to the fact that the DL models are training
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once in a source dataset, after they are saved in appropriate format, and subsequently only
their final part is fine-tuned for each specific task. Therefore, DTL minimizes the computa-
tional resources required and speeds up training for a specific target task, such as forecasting
the day-ahead electrical load. By leveraging the knowledge stored in pre-trained models, DTL
efficiently utilizes resources, facilitating swift deployment of effective models across differ-
ent domains. Thus, it becomes evident that the application of DTL on real-time data can be
achieved with high performance, due to the aforementioned conditions, as well as the flexi-
bility provided by this specific domain compared to simple Transfer Learning applications.

More specifically, deploying the models studied in this work in real-time conditions is
really challenging. Adapting to fast-changing data streams, maintaining low latency, and bal-
ancing model complexity with real-time requirements are key hurdles. Continuous updates
of the model to address concept drift and ensure interpretability in real-time settings are also
critical. Success requires tailored optimization and infrastructure to handle real-time process-
ing demands effectively.

In the context of future study proposals, it should be emphasized initially that DTL could
be applied to other branches of power systems, such as fault prediction in electric power
transmission and distribution networks. Furthermore, beyond energy systems, it could be
highlighted that a significant challenge lies in the application of DTL to areas like healthcare,
where numerous research studies are conducted globally.

As already mentioned, the study of DTL using ELM, both in the field of power systems
and in other domains, can prove capable of further improving the results of Transfer Learning.

Finally, the combination of DTL with Reinforcement Learning holds promise for future
research and offers potential advancements. It could be explored to improve the efficiency
of demand forecasting and load management systems. For instance, a pre-trained Reinforce-
ment Learning agent could learn general patterns and behaviors from historical data across
different regions or time periods. This pre-trained agent could then be fine-tuned on a specific
locality or timeframe, in order to adapt to unique characteristics and changes in electricity de-
mand. This approach may lead to more accurate and adaptable models for load prediction,

contributing to improved resource planning and energy efficiency in the electricity grid.
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Chapter 8

Electric Vehicles Load Forecasting

The automotive sector has evolved into a key force in both the global economy and the
sphere of research and development. Continuous technological breakthroughs have led to
vehicles now being outfitted with advanced safety systems that protect not only passengers
but also pedestrians. This wave of innovation has contributed to a growing number of vehicles
on our roads, delivering the benefits of rapid and comfortable travel. However, this progress
has also ushered in significant environmental challenges. Cities are experiencing increased
levels of harmful pollutants—such as sulfur dioxide, nitrogen oxides, carbon monoxide, and
particulate matter—underscoring the complex balance between technological advancement
and environmental stewardship. While these innovations have vastly improved transportation
and quality of life, they have simultaneously accelerated environmental degradation, calling

for urgent solutions to offset the negative impacts.

On a larger scale, the transportation industry is recognized as one of the major contrib-
utors to global energy consumption and greenhouse gas emissions, accounting for over a
quarter of worldwide energy use, with road transport alone responsible for more than 70%
of the sector’s emissions. This reality has intensified concerns over carbon emissions and
the sustainability of oil supplies, prompting a shift towards the concept of sustainable trans-
portation. Electric vehicles (EVs) are at the forefront of this movement, offering significantly
higher “tank-to-wheel” efficiency compared to traditional internal combustion engine vehi-
cles, along with reduced noise and vibrations. As nations strive to address climate change and
energy stability, there has been a notable increase in EV adoption across regions such as the
United States, Europe, and China. Despite these encouraging trends, challenges such as un-

derdeveloped battery technology, limited driving range, lengthy charging times, high initial
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costs, and insufficient charging infrastructure remain significant hurdles. Overcoming these
obstacles is essential for fully integrating EVs into future smart cities, where enhanced bat-
tery performance and expanded charging networks will be critical in creating a sustainable,

interconnected transportation ecosystem [253].

8.1 Smart Charging Working Principle

Smart EV charging is an innovative approach to powering electric vehicles, where the
charging process is integrated with the grid and connected devices like smartphones and
smart meters. This system adjusts the charging schedule based on variables such as time
of day, electricity prices, and the battery level of the vehicle. Essentially, it enables you to
charge your car efficiently by allowing remote control, ensuring it charges during off-peak
hours or when electricity rates are most affordable, without the need for constant manual
intervention required by traditional chargers.

Also, it operates using specialized smart chargers, like the Ohme ePod, which incorporate
algorithms to align the charging process with your personal preferences—such as the desired
battery level or a specific time by which the car should be fully charged. Once these settings
are configured, the charger automatically manages the power flow, pausing and resuming the
charge based on optimal pricing conditions. Moreover, these chargers can be programmed
to harness renewable energy sources, such as solar or wind power, storing excess energy for
later use. Typically, the entire process can be controlled remotely via an app or web interface,

ensuring convenient management as long as you’re connected to the internet [254].

8.2 Benefits of Smart EV Charging

Smart EV charging provides a variety of advantages. It enhances grid performance by
providing load balancing, grid stability, and renewable energy integration. It helps distribute
electricity demand efficiently by scheduling EV charging to smooth out peak loads or ad-
justing charging rates in real time to maintain system balance. Additionally, it improves grid
stability by preventing congestion, overloading, and voltage fluctuations, reducing the need
for costly infrastructure upgrades. Moreover, smart charging supports the integration of re-

newable energy by synchronizing charging sessions with renewable generation, promoting
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more sustainable and eco-friendly energy consumption.
The most immediate benefit is cost reduction. By charging during off-peak hours when
electricity rates are lower, you can significantly reduce your energy expenses.

In addition to saving money, smart charging offers several other benefits [255]:

* Enhanced Convenience: Smart chargers allow you to schedule charging sessions ac-
cording to your personal timetable. Once your preferences are set, the charger auto-

matically manages the process, freeing you from manual adjustments.

» Improved Reliability: These chargers supply real-time updates on the charging process,

ensuring your vehicle receives the necessary power precisely when needed.

* Reduced Emissions: By optimizing the charging schedule and taking advantage of re-

newable energy sources when available, smart charging helps lower emissions.

 Grid Stability: Smart chargers can contribute to stabilizing the electrical grid by mon-
itoring demand and avoiding charging during peak periods. This minimizes the need

for expensive grid upgrades and improves overall system efficiency.

* Optimized EV Performance: By maintaining the battery charge at the manufacturer’s
recommended level, smart charging can enhance the overall range and performance of

your electric vehicle.

8.3 Smart Charging and EV Load Forecasting

Smart charging technology represents a significant advancement in managing the charg-
ing of electric vehicles (EVs), as it leverages real-time communication and advanced algo-
rithms to optimize charging sessions. A fundamental component of this system is EV load
forecasting, which predicts future energy demand based on historical data, time-of-day pat-
terns, and user behavior. Accurate forecasting enables smart charging systems to schedule
charging during off-peak hours and when renewable energy is abundant, thereby enhancing
grid stability and reducing energy costs. By anticipating fluctuations in EV demand, utilities
can avoid overloading the grid during peak times, ensure efficient distribution of power, and
better integrate intermittent renewable resources.

The precision of EV load forecasting is essential for maximizing the benefits of smart

charging. With reliable demand predictions, charging systems can proactively adjust charging
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rates and schedules, mitigating the risks of grid congestion and inefficiencies. This predic-
tive capability not only supports the effective integration of renewable energy sources but also
contributes to lowering emissions by minimizing reliance on fossil fuels during high-demand
periods. Ultimately, the synergy between smart charging and accurate EV load forecasting is
critical for creating a resilient, cost-effective, and environmentally sustainable energy ecosys-

tem.

8.4 Impact of Electric Vehicle Load on Wholesale Energy

Market Operations

The increasing penetration of electric vehicles (EVs) introduces new challenges and op-
portunities in wholesale energy market operations. The load from electric vehicles, especially
from large fleets, plays an important role in the system’s operation since it is difficult to pre-
dict. Consider the case at an MT/HT substation: how much will it be overloaded if a fleet
of electric vehicles starts charging simultaneously? What will happen in the network, and to
what extent is it at risk of going out of operation?

So, the transition toward electrified transportation is altering electricity consumption pat-
terns. As EV adoption rises, the additional demand has significant implications for wholesale
electricity markets. Key aspects include shifts in peak demand, price volatility, and potential
grid congestion. Understanding these effects is essential for market participants, regulators,
and policymakers.

EV charging demand is influenced by factors such as consumer behavior, charging in-
frastructure, and price signals, resulting in different impacts on wholesale electricity markets
depending on the charging strategy employed. Uncontrolled charging, where vehicles begin
charging immediately upon plugging in, typically aligns with peak demand periods, poten-
tially exacerbating grid stress. In contrast, time-managed charging enables users to operate
during off-peak hours, thereby taking advantage of lower electricity prices and reducing the
load during critical times. Additionally, vehicle-to-grid (V2G) operations allow EVs to serve
as flexible energy resources by discharging stored electricity back into the grid, which can
help balance demand and enhance overall system stability [256].

Some of the areas of smart energy grids affected by the integration of EVs are described

below [257]:
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* Impact on Energy Demand: EV charging requires substantial power, and when many
vehicles begin charging at the same time, substations can experience sudden demand
surges. These peaks can stress the system beyond its designed capacity, leading to is-
sues such as voltage drops and potential service interruptions. The unpredictable nature

of charging behavior further complicates load forecasting and grid management.

* Infrastructure Challenges: Traditional grid systems are optimized for relatively sta-
ble and predictable demand profiles. The dynamic load introduced by EV charging,
especially when uncontrolled, can exacerbate stress on both distribution and transmis-
sion networks. To cope with these challenges, it may be necessary to upgrade grid in-
frastructure and integrate advanced monitoring systems capable of responding to rapid

load changes.
» Mitigation Strategies:

— Smart Charging Approaches: Implementing smart charging techniques can help
distribute the EV load more evenly across time. By scheduling charging during
off-peak periods or in response to real-time pricing signals, grid operators can re-
duce the risk of overloads and better manage energy demand. This approach not

only alleviates strain on the grid but also promotes more efficient energy usage.

— Vehicle-to-Grid (V2G) Systems: V2G technology offers a dual benefit by en-
abling EVs to return stored energy back to the grid during periods of high demand.
This bidirectional flow of electricity can act as a buffer, helping to balance load
fluctuations and improve overall grid stability. Integrating V2G into the energy
system is seen as a promising measure to mitigate the impact of peak charging

events.

8.5 Comparison of Deep Learning Approaches for Electric

Vehicle Load Curves Forecasting

8.5.1 Summary of the work

Electric Vehicles (EVs) are becoming increasingly prevalent in modern transportation

systems. Their fast penetration is followed by a need for accurate forecasting of EV load
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curves, a process particularly important for market entities like electricity suppliers and/or
electric vehicle aggregators that participate in wholesale electricity markets. In this work,
two deep learning forecasting models, which have been proven effective for time-series fore-
casting, the Temporal Convolutional Networks and the Temporal Fusion Transformer are
developed and evaluated for EV load curves forecasting. Their forecasting performance is
compared with the Persistence baseline model using common forecasting error metrics. Fur-
thermore, an ensemble methodology is proposed, which combines the deep learning models
and the baseline model to improve the overall performance of the predictions. The perfor-
mance of the examined forecasting models is evaluated on a publicly available EV dataset

and results are presented and discussed.

8.6 Related Publications

Electric Vehicles (EVs) are gaining popularity in modern transportation networks. The
mass adoption of EVs necessitates precise forecasting of EV Load Curves (EVLCs), an im-
portant process for wholesale energy market participants such as electricity suppliers and/or
electric vehicle aggregators [258]. The EVLCs must be forecasted on time and accurately to
drive the optimal submission of competitive bids in the energy market and/or in the ancil-
lary services markets. The need for accurate short-term forecasting of EVLCs is particularly
useful for short-term electricity markets, such as the Day-Ahead Market and/or the Intra-day
Markets [259], where market participants are required to submit energy bids (MWh) with a
small lead time of a few hours. Moreover, accurate forecasting of the EVLCs is useful for
a many other applications, e.g. power grid management, efficient integration of renewable
energy resources, optimal charging schedule of EVs and policy making.

There are various methodologies used for EVLC forecasting, the performance of which
is based on the type of available data and their temporal variation. A common approach is
to use statistical models, such as time series analysis, to predict the load for electricity based
solely on historical data. Another approach is to use machine learning algorithms, such as
neural networks or support vector machines, to analyze data from multiple sources, including
weather patterns, commuting behavior, and vehicle charging patterns.

Other techniques, such as clustering and pattern recognition, can also be used to iden-

tify trends and patterns in the data. The effectiveness of these methodologies depends on the
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quality and quantity of available datasets, as well as on the ability of each model to adapt
to each dataset. All in all, the goal is to provide accurate and reliable forecasts that can sup-
port utilities and grid operators to manage the demand for electricity in the power system
effectively.

Two types of Deep Learning (DL) models, the Temporal Convolutional Networks (TCNs)
and Temporal Fusion Transformers (TFTs) seem very promising for use in time-series fore-
casting. Although they have been used in a variety of applications, their exploitation in EVLC
forecasting is very limited. Regarding the TCN model, in [260] it is used for short-term load
forecasting in North American New England Control Area and in [261] it is used for load fore-
casting in Toronto City. Additionally, the authors in [262] proposed a hybrid Gated Recurrent
Network-TCN model for short term load forecasting of a southwest province in China. The
most relevant to EVLC forecasting application can be found in [263], where a TCN model
is compared with a hybrid Multi-Channel CNN-TCN model in order to predict EVLC in the
urban area of a city in northern China. Regarding the TFT model, the authors in [264] de-
veloped a TFT-based interpretable multi-horizon time-series forecasting using a variety of
real-world datasets from the electricity, traffic, and retail sector, while the authors in [265]
used a TFT-based model to forecast short-term load, using real data collected from a univer-
sity campus. Finally, in [265], a TFT-based forecasting model for wind speed prediction is

presented.

8.7 Structure of the work

Following the very limited application of TCN and TFT models in EVLC forecasting,
the current work evaluates their performance on a real-world, publicly available, EV dataset.
The evaluation period covers a year in hourly time steps (8760 hours). The forecasting is
executed on a rolling manner, once per day at midnight and the forecasting horizon expands
from 1 up to 24 hours-ahead. The performance of the TCN and TFT models is evaluated in
comparison with the Persistence baseline model and two ensemble models. The first ensemble
model combines the two DL models, while the second ensemble model combines the two DL
models and the baseline model. Finally, the value of weekly versus monthly model re-training
is evaluated. To the best of the authors’ knowledge, this attempt is the first that performs

such a systematic evaluation of TCN and TFT models on EVLC forecasting and the first that
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creates an ensemble EVLC forecasting model combining these two DL models.

8.8 Methodology

The methodology applied in this study, according to which the data are collected, pre-
processed into an appropriate form, and input into the deep learning models, includes the

following steps:

* Firstly, the EV charging data are collected. The dataset used is publicly available and
contains information for each EV charging session. The key records of each EV ses-
sion used for this research work are: a) the plug-in/out time of each EV, b) the active

charging time of each EV, and c) the total energy consumed by each EV.

» Secondly, the EV charging data are preprocessed. This step includes data cleaning,
feature selection, and data transformation, converting the raw data into suitable time-

series vectors, used as input for the developed models.

 Thirdly, five (5) forecasting models are created. Two (2) DL (i.e., TFT and TCN),
one (1) Persistence baseline model, and two (2) ensemble models. The first ensemble
model uses the average of the predictions of the two DL models, while the second one

considers the average of the three models (the DLs and the Persistence).

* Following the preparation of input and output vectors for each model, the process of
Hyperparameter Optimization follows, where the optimal hyperparameters for each

model are adjusted. This step defines the fundamental architecture of the models.

* In the next step, the models’ training process takes place. Each forecasting model is
trained on the training dataset, and the trainable parameters are determined. Then each

model is ready to make predictions on the separate testing dataset.

* Finally, the prediction process takes place, by feeding the testing dataset into each
model, providing the required predictions. The predicted values are then compared to
the actual values of the testing data, and various metrics such as MAE, RMSE and

R-Squared (R?) are calculated to evaluate each model’s performance.

The above methodology is applied in two different cases, depending on the re-training

frequency of each model:
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Case 1: Each DL model (TFT, TCN) is re-trained on a monthly basis. At the end of each
month, the models are re-trained, including the data of the previous month in the training set
and the forecasting execution continues sequentially, as above. The forecasting is executed
sequentially, once per day at midnight, and the forecasting horizon expands from 1 up to 24
hours-ahead, for each hour of the next day.

Case 2: Each DL model (TFT, TCN) is re-trained on a weekly basis. Thus, after the end of
each week, the models are re-trained, including the data of the previous week in the training
set. The forecasting process is the same as the one described in Case 1.

The Persistence model does not need to be trained since it makes instant inferences using
historical data, as is further explained in section “Forecasting Models”.

By applying the above methodology, conclusions can be drawn regarding the model’s
forecasting performance, the variation of forecasting accuracy throughout the year, and the

impact of model re-training frequency on the forecasting performance.

8.9 Dataset Description

The dataset used in the study is titled “Electric Vehicle Charging Station Use (July 2011 -
December 2020) " and is provided publicly by the city of Palo Alto through its Open Data Por-
tal [266]. The data consists of 259,415 EV charging sessions. Each session includes records
for the energy consumed (kWh), the charging duration, and the duration each EV is plugged-

in into the socket.

8.10 Data Pre-processing

The data pre-processing methodology follows the steps below:

* Initially, the abnormal sessions were removed, i.e., sessions with a charging start time

later than the charging end time.

* Then, the assumption that each EV charges at a constant power during the whole ses-
sion was made. Following this assumption, the instant power value per second (kW)
was calculated by dividing the energy consumed (kWh) per session by the charging
duration (secs) per session. Thus, the EVLC for the whole dataset is formulated by

summing the energy per second (kWh/sec) time series of all sessions of the dataset,
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starting from the first available second of the first session until the last available sec-
ond of the latest session. The kWh/sec EVLC is then re-sampled to hourly time step
(kWh/hour), using averaging. The time series produced represent the hourly EVLC of
the dataset. The hourly EVLC for the first 15 days of April 2019, is presented in Figure
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Figure 8.1: The EVLC for the first 15 days of April 2019

8.11 Forecasting Models

8.11.1 Temporal Fusion Transformer

TFT is a network architecture that combines multi-horizon forecasting with interpretable
insights into temporal dynamics. TFT employs specialized building blocks to choose key
features and omit unnecessary components, hence enabling great performance across a wide
range of workloads. Their primary constituents are: a) Gated Residual Network techniques.
They enable to elimination of any unneeded architectural components and avoid non-linear
processing if it is not required, b) Variable Selection Networks with variable selection to
choose significant input features at each time step, c¢) Static covariate encoders that integrate
static factors into the network in order to condition temporal dynamics, d) Temporal process-
ing to learn both long- and short-term temporal associations from time-varying inputs that are
both observed and known, e) Prediction intervals via quantile predictions to determine the

range of likely target values at each prediction horizon. TFT enhances the interpretability of
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time series forecasting by identifying globally relevant variables, enduring temporal patterns,

and significant events for the prediction problem [267].

8.11.2 Temporal Convolutional Networks

Temporal Convolutional Networks (TCNs) are a type of neural network that can be used
for time-series forecasting tasks. They are similar to traditional Convolutional Neural Net-
works (CNNs) but designed to handle sequences of variable length. In a TCN model, input
sequences are first passed through a series of convolutional layers, which apply a set of filters
to the input at different time scales. These filters can be thought of as windows of different
widths that slide over the input sequence, allowing the model to capture patterns at different
levels of granularity. The output of the convolutional layers is then passed through a series of
dilated causal convolutional layers, which help the model capture long-range dependencies
in the input sequence. Finally, the output of the dilated causal convolutional layers is passed

through a set of fully connected layers to produce the final prediction [268].

8.11.3 Persistence Baseline Model

The Persistence Baseline model is a simple time series forecasting technique that is often
used for comparison with more sophisticated forecasting methods. The algorithmic approach
of the Persistence model involves computing the forecast for each target step as the average
value of the corresponding hours from the two most recent weeks. However, if any of the
corresponding hours from the prior weeks fall on a holiday, the algorithm skips those hours
recursively until an hour in a non-holiday is found. Additionally, if the target hour falls on
a weekend or holiday, the corresponding hour from the previous closest holiday or weekend
is considered as the forecast. Despite its simplicity and inherent limitations, the Persistence

method can serve as an effective initial step for short-term time series forecasting.

8.11.4 Ensemble Models

Ensemble methodology is based on the premise that by combining the predictions of dif-
ferent forecasting models, the errors and biases of individual models are reduced, resulting in
a more reliable, robust, and accurate forecast [269]. There are several approaches to building

ensemble models for time series forecasting, including:
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* Model averaging: This involves taking the average of the predictions from multiple
models. The idea is that by combining the predictions of multiple models, the impact

of any individual model’s biases or errors is reduced.

* Model stacking: This involves using the predictions from multiple models as input to

a second-level model that produces the final forecast.

* Bagging and boosting: These are techniques from the field of machine learning that
involve generating multiple models from different samples of the training data (bag-

ging) or modifying the weights of the training data (boosting).

The Ensemble modeling has been found to be particularly effective in time series fore-
casting, where it is often challenging to obtain accurate forecasts due to the complex and
dynamic nature of the real-world time series. In the current work, two ensemble models are
used: The first ensemble model computes the average of the two deep learning models pre-
dictions, whereas the second ensemble incorporates the average of all three models, the two

deep learning models and the Persistence Baseline model.

8.12 Evaluation Metrics

To compare the aforementioned algorithms and techniques, their results were evaluated
using a series of metrics: Mean Absolute Error, Root Mean Squared Error, and R-squared
(R?). Their mathematical formulations and brief descriptions follow, where f; is the predicted
value, y; is the actual value, 3 is the mean value of all y; values, and NV is the total number of

data points.

8.12.1 Mean Absolute Error (MAE)

MAE is a statistical metric used to measure the average absolute difference between pre-
dicted values and actual values in a regression problem. It measures how well a regression

line (or curve) fits the data points.

N
1
MAE = - |y - f; 1
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8.12.2 Root Mean Squared Error (RMSE)

RMSE is a statistical metric used to measure the square root of the average squared dif-
ference between the predicted values and the actual values in a regression problem, being
more sensitive to large forecast deviations. It is a measure of how well a regression line (or

curve) fits the data points.

RMSE = || 3" (s — fi)? (82)

8.12.3 R-squared (1??)

The coefficient of determination (R2) constitutes the comparison of the variance of the
errors to the variance of the data which is to be modeled. It can be calculated as follows:

R X i)

Sy~ 9)? (82)

8.13 Results and Discussion

This section describes the forecasting results of the study. As stated above, the forecasting
is executed sequentially, once per day at midnight, and the forecasting horizon expands from
1 up to 24 hours-ahead, for each hour of the next day, creating a continuous forecasted time-
series with no overlapping predictions. The forecasting period extends to the whole year 2019.
The training period includes the whole year 2018 and extends by month for Case 1 and by
week in Case 2, in every retrain process, as described in the Methodology section.

The model’s performance is compared, both for Case 1 and Case 2 (i.e., monthly, and
weekly re-training). The detailed results for all models and for Cases 1 and 2 are presented in
Tables 8.2, B.3, B.4 and B.5. It is noted that the MAE, RMSE and R2 scores of the Persistence
model are the same between Case 1 and Case 2, since they are independent of the re-training

frequency.

8.13.1 TFT versus TCN forecasting performance

The average of the performance scores for the 12 months period for Cases 1 and 2, are

presented in Table 8.1. MAE and RMSE scores are referred to kWh. The lower the score
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the better the performance. Focusing on Case 1, the yearly average MAE for the TFT and
the TCN model is 12.52 and 13.39, respectively, while the Persistence baseline model, has
an average MAE of 14.58. In addition, the yearly RMSE for the TFT and the TCN model
are 18.29 and 18.79, respectively, while the baseline model has an average RMSE of 20.26.
Similar results are recorded for Case 2, where the MAE for the TFT model is lower than the
TCN model (i.e., 12.74 and 13.39 respectively) and the RMSE for TFT model is lower than
the TCN model (i.e., 18.40 and 18.78 respectively).

These scores indicate that both DL models improve the forecasting accuracy of the EVLC,
compared to the baseline model. In addition, the overall performance of the TFT-based fore-
casting model outperforms the TCN model. The main reason is considered that the TFT em-
ploys the self-attention mechanism, which enables the model to focus on the most pertinent
portions of the sequence for forecasting while TCN extracts features from the input sequence
using fixed convolutional filters, which may not be as successful at capturing complicated
temporal patterns. Additionally, TFT employs a multiscale design that enables the model to
capture time series data patterns at various granularities. In contrast, TCN employs just fixed-
size convolutional filters, which may not be as good at capturing patterns of varying scales.
Finally, in addition to the dynamic aspects of the time series data, TFT can also combine static
features that may be pertinent to the forecasting assignment, while TCN is often employed
just for modeling the temporal characteristics of data. Compared to TCN, TFT’s additional

characteristics make it a more effective model for forecasting time series data.

8.13.2 Monthly versus weekly re-training frequency

The impact of the re-training frequency on the predictions’ accuracy can be evaluated
by comparing the error metrics of Case 1 (i.e., monthly re-training) and Case 2 (weekly
re-training). For the TCN model, the MAE and the RSME are similar between monthly
and weekly re-training, thus the allocation of computational resources for weekly model re-
training is unnecessary. For the TFT model the performance under monthly re-training fre-
quency is slightly better than the weekly re-training frequency, since MAE is 12.52 in Case
1 and 12.74 in Case 2 while the RMSE is 18.29 in Case 1 and 18.40 in Case 2. The results
indicate that the performance of the TFT forecasting model slightly decreases by increasing
the model re-training frequency from monthly to weekly. Thus, similarly to the TCN model,

the weekly re-training of the TFT model does not seem to improve the overall performance.
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8.13.3 Ensemble models performance

The performance of the Ensemble models is presented in Table [8.1. The first Ensemble
TCN-TFT model, combines the results of the two DL models, taking their mean value for
each hour as the final prediction value, leading to higher prediction accuracy compared to
TFT model only or TCN model only, for all error metrics. In addition, the second Ensemble
model combines the results of the two DL models and the Persistence model, taking their
mean value for each hour as the final prediction value, leading to higher prediction accuracy
compared to TFT model only or TCN model only, for all error metrics. In Case 1 the 3-models
Ensemble, achieved a MAE equal to 11.64 while the Ensemble, TCN-TFT model achieved
MAE equal to 12.1. Additionally, the RMSE in Case 1 is 16.11 and 17.15 for the 3-models
Ensemble and the TCN-TFT Ensemble model, respectively. In Case 2 the 3-models Ensemble
achieved a MAE equal to 11.79 while the Ensemble, TCN-TFT model a MAE equal to 12.03.
Additionally, the RMSE in Case 2 is 16.35 and 17.11 for the 3-models Ensemble and the TCN-
TFT Ensemble model, respectively. In both Cases, the combination of the three (3) forecasting
models (Ensemble, 3 Models) produce better forecasting results than the combination of the

two DL models.

Table 8.1: Yearly Evaluation Metrics For The Compared Models

Model / Frequency MAE RMSE R?
Casel | Case2 | Casel | Case2 | Casel | Case2
TFT 12.52 | 12.74 | 1829 | 18.40 | 0.847 | 0.845
TCN 13.39 | 1339 | 18.79 | 18.78 | 0.837 | 0.837
Persistence 14.58 | 14.58 | 20.26 | 20.26 | 0.811 | 0.811
Ensemble, TCN-TFT | 12.10 | 12.03 | 17.15 | 17.11 | 0.865 | 0.866
Ensemble, 3 Models | 11.64 | 11.79 | 16.10 | 16.35 | 0.880 | 0.880

8.13.4 Forecasting performance per month

Figure 8.2 and Figure B.3 present the MAE (kWh) score per month, for all the examined
models for Case 1 and Case 2, respectively. The monthly MAE scores in Case 1 (Figure 8.2),
indicate that the TFT forecasting model outperforms the TCN forecasting model for nine of

the twelve months. Additionally, the 3-models Ensemble outperforms both the TCN model
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Figure 8.2: MAE comparison between the examined models for Case 1 (monthly re-training

frequency)

and the TFT model for every month. The monthly MAE scores per month for Case 2 (Figure
B.3) indicate that the TET model outperforms the TCN model for nine of the twelve months
(the same months as Case 1). Additionally, the Ensemble, 3 Models model outperforms the
TCN model every month and the TFT model for eleven months. Regarding the comparison
between the two Ensemble models, in Case 1, the Ensemble, 3 Models model outperforms
the Ensemble, TCN-TFT model for eight months, while for the rest four months their per-
formance is similar. In Case 2, the Ensemble, 3 Models model outperforms the Ensemble,
TCN-TFT model only for seven months, indicating that for the weekly re-training frequency
their performance is close. In conclusion, the two Ensemble models outperform the other

models, showing relative stability throughout the year.

As a representative example of the hourly forecasting performance, Figure B.4 presents

the forecasting results for the first week of April 2019, for three models, for Case 1.

Finally, Tables 8.2, B.3, B.4 and B.3 present, in a monthly base, the forecasting results for

each model for monthly and weekly re-training frequency.
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Figure 8.3: MAE comparison between the examined models for Case 2 (weekly re-training

frequency)

Table 8.2: Monthly re-training frequency: Performance of TFT and TCN models

Metric | Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec | Avg
TFT Model
MAE 14.60 | 1230 | 1031 | 11.70 | 11.82 | 10.69 | 10.92 | 11.57 | 13.33 | 13.84 | 1521 | 13.96 | 12.52
RMSE | 21.90 | 16.57 | 14.17 | 16.09 | 19.36 | 14.15 | 16.62 | 1595 | 19.18 | 19.50 | 22.87 | 20.57 | 18.08
R? 0.78 0.88 0.90 0.87 0.83 0.90 0.85 0.88 0.82 0.84 0.79 0.82 0.85
TCN Model
MAE 1420 | 13.52 | 11.75 | 12.59 | 12,18 | 11.79 | 13.26 | 1424 | 13.66 | 1594 | 14.11 | 13.53 | 13.40
RMSE | 20.14 | 1857 | 16.50 | 17.47 | 18.10 | 16.47 | 19.33 | 19.66 | 18.60 | 21.31 | 19.74 | 18.93 | 18.73
R? 0.81 0.85 0.87 0.85 0.85 0.87 0.80 0.82 0.83 0.81 0.84 0.85 0.84
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Table 8.3: Monthly re-training frequency: Performance of Persistence and Ensemble models

Metric‘ Jan ‘ Feb ‘ Mar ‘ Apr ‘ May ‘ Jun ‘ Jul ‘ Aug ‘ Sep ‘ Oct ‘ Nov ‘ Dec ‘ Avg

Persistence Model

MAE 15.27 | 13.87 | 1298 | 14.73 12.19 13.92 14.89 | 1494 | 1447 15.41 14.77 | 17.61 14.59
RMSE | 2227 | 1853 | 17.89 | 19.62 | 17.55 | 19.04 | 20.32 | 21.20 | 19.08 | 20.58 | 19.62 | 25.95 | 20.14
R? 0.77 0.85 0.85 0.81 0.86 0.82 0.78 0.79 0.83 0.82 0.85 0.72 0.81
Ensemble (3 Models)
MAE 13.07 | 11.68 | 10.06 | 11.34 | 1040 | 10.64 | 10.79 | 11.92 | 11.75 | 13.07 | 12.53 | 1246 | 12.11
RMSE 18.47 | 1596 | 13.82 | 15.43 15.16 | 14.41 15.06 | 1639 | 1540 | 17.85 1726 | 17.94 | 16.67
R? 0.84 0.89 0.91 0.88 0.89 0.90 0.88 0.87 0.89 0.87 0.88 0.86 0.87
Ensemble (TCN-TFT)
MAE 13.81 | 13.16 | 9.97 11.19 | 11.08 | 10.33 | 10.77 | 12.01 | 1232 | 1430 | 13.74 | 12.64 | 12.11
RMSE 19.49 | 18.25 13.64 | 15.46 17.15 14.21 16.14 | 16.44 | 16.68 19.36 | 19.72 17.98 17.04
R? 0.82 0.86 0.91 0.88 0.87 0.90 0.86 0.87 0.87 0.84 0.84 0.86 0.87

Table 8.4: Weekly re-training frequency: Performance of TFT, TCN, and Persistence models

Metric ‘ Jan ‘ Feb ‘ Mar ‘ Apr ‘ May ‘ Jun ‘ Jul ‘ Aug ‘ Sep ‘ Oct ‘ Nov ‘ Dec ‘ Avg
TFT Model
MAE 15.63 | 12.53 | 10.65 | 11.70 | 11.15 | 10.70 | 11.04 | 12.51 | 13.55 | 13.52 | 14.52 | 1544 | 12.74
RMSE | 22.52 | 17.17 | 14.62 | 15.60 | 1829 | 14.50 | 16.77 | 17.17 | 1893 | 19.27 | 21.32 | 22.29 | 18.20
R? 0.76 0.87 0.90 0.88 0.85 0.90 0.85 0.86 0.83 0.85 0.82 0.79 0.85
TCN Model
MAE 1372 | 1277 | 12.17 | 12.97 | 12.04 | 12.80 | 12.67 | 1485 | 14.63 | 14.74 | 14.33 | 13.06 | 13.40
RMSE | 19.23 | 17.10 | 17.08 | 18.12 | 18.76 | 17.86 | 17.82 | 20.79 | 19.16 | 20.49 | 19.82 | 18.68 | 18.74
R? 0.83 0.87 0.86 0.84 0.84 0.84 0.83 0.80 0.82 0.83 0.84 0.85 0.84

Persistence Model
MAE 1527 | 13.87 | 12.98 | 14.73 | 12.19 | 13.92 | 1489 | 14.94 | 1447 | 1541 | 14.77 | 17.61 | 1459
RMSE | 2227 | 1853 | 17.89 | 19.62 | 17.55 | 19.04 | 20.32 | 21.20 | 19.08 | 20.58 | 19.62 | 25.95 | 20.14
R? 0.77 0.85 0.85 0.81 0.86 0.82 0.78 0.79 0.83 0.82 0.85 0.72 0.81

Table 8.5: Weekly re-training frequency: Performance of the two Ensemble models

Metric‘ Jan ‘ Feb ‘ Mar ‘ Apr ‘ May ‘ Jun ‘ Jul ‘ Aug ‘ Sep ‘ Oct ‘ Nov ‘ Dec ‘ Avg

Ensemble (3 Models)
MAE 1292 | 11.15 | 10.36 | 11.78 | 10.28 | 11.00 | 10.77 | 12.61 | 12.28 | 12.71 | 12.53 | 12,99 | 12.16
RMSE | 1841 | 1495 | 1444 | 1587 | 1531 | 15.14 | 1490 | 1748 | 1572 | 17.74 | 17.22 | 19.02 | 16.74
R? 0.84 0.90 0.90 0.87 0.89 0.88 0.88 0.85 0.88 0.87 0.88 0.84 0.87
Ensemble (TCN-TFT)
MAE 13.57 | 11.74 | 10.51 | 11.55 | 10.72 | 10.95 | 10.75 | 12.57 | 12.59 | 13.33 | 13.16 | 12.97 | 12.03
RMSE | 1941 | 1592 | 1453 | 15.63 | 17.24 | 15.16 | 15.80 | 17.46 | 16.53 | 18.74 | 19.19 | 18.80 | 17.03
R? 0.82 0.89 0.90 0.88 0.86 0.89 0.87 0.86 0.87 0.85 0.85 0.85 0.87
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EV Load Curve (KW-h)

Figure 8.4: Performance of the different algorithms for the first week of April

8.14 Summary and Future Work

In this research investigation two deep learning models, the Temporal Convolutional Net-
works (TCN) and the Temporal Fusion Transformer (TFT), are developed and evaluated for
the forecasting of EV load curves. Accurate forecasting of EV load curves is important for
market entities such as electricity suppliers and electric vehicle aggregators participating in
wholesale electricity markets. The performance of the two models is evaluated and com-
pared with the Persistence baseline model, as well as with two ensemble models, where the
aforementioned models are combined. The study is based on a real-world, publicly available,
EV dataset and the common error metrics MAE, RMSE and R2 are used. The methodology
consists of six steps: data collection, data pre-processing, model creation, hyperparameter op-
timization, training, and prediction. The study concludes that the deep learning models out-
perform the Persistence model in forecasting the evaluated EV load curve, while the Ensem-
ble models demonstrate superior forecasting performance compared to all individual models.
The proposed methodology is applied in two separate Cases, one with monthly re-training
frequency and one with weekly re-training frequency. Based on the results, it is concluded
that the deep learning models exhibit high adaptability to EV load curves, and the increased
models’ re-training frequency does not necessarily lead to improved prediction results.

The research findings provide practical insights on the EV load curve forecasting perfor-
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mance which could be useful for the relevant stakeholders to promote a more sustainable and

efficient future of electric vehicle industry.

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



Chapter 9

General Conclusions and Future Study

Proposals

Based on the analyses presented in the previous chapters and the overall work carried out
throughout the entire PhD dissertation, the current chapter is divided into two parts: first, the
conclusions that emerge for each area analyzed, and secondly, the proposals for future study
that arise are presented. The reason for organizing them by area is to clearly highlight the

dissertation’s contributions and findings across all examined dimensions.

9.1 General Conclusions

Based on the scientific analyses and approaches developed throughout the dissertation,
the primary conclusion is clear: Deep Learning and all its branches serve as the cornerstone
for the advancement of Artificial Intelligence, the design of computing systems, and ongo-
ing research. The energy sector, through the accurate forecasting provided by Deep Learn-
ing, is empowered and gains increasing reliability. The functioning of the market achieves
greater stability and trust among participants, as data-driven decision-making systems lead
to faster and more accurate decisions. More specifically, the following are the conclusions

that emerged for each of the fields investigated in the comparative dissertation.

9.1.1 Forecasting Approaches

Based on the models that were studied, as well as those developed across all implemen-

tations of this dissertation, it is evident that Deep Learning significantly outperforms models
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belonging to other categories. The flexibility provided by these algorithms — in terms of data
handling, preprocessing, and their ability to deliver highly accurate forecasts — makes them
an exceptionally powerful tool with a wide range of scientific applications.

Special mention should be made of Transformers and Ensemble models. The former are
perhaps the most powerful yet complex algorithmic models, due to their large number of
parameters and their architecture, which lead to outstanding results in time series tasks. The
latter, owing to the wide range of possible combinations they offer, often enhance the final

performance of the individual models under study.

9.1.2 Electricity Load Forecasting

The developments that have contributed to significant changes in the energy sector have
introduced new challenges, requiring efficient solutions to ensure the reliable operation of the
power grid. Accurate demand forecasting plays a crucial role in maintaining the stability and
robustness of modern power systems. In particular, short-term load forecasting is essential for
market flexibility, as it helps balance supply and consumption in real time. To address these
needs, the ELF tasks presented in this PhD dissertation, and more specifically in Chapter
3, contain an innovative and automated deep learning forecasting model for the energy sec-
tor. The forecasting performance of five advanced models—CNN-1D, LSTM, CNN-LSTM,
TCN, and MLP—is evaluated and compared with a proposed hybrid model, the ConvLSTM
Encoder-Decoder. The results indicate that the ConvLSTM Encoder-Decoder outperforms
the other models, achieving a MAPE of 2.15%. It is followed by LSTM at 2.25%, CNN-
LSTM at 2.31%, MLP at 2.38%, TCN at 2.40%, and CNN-1D at 2.66%. The differences in
MAPE values among the models are relatively small, likely due to the extensive optimiza-
tion applied to each. A key contribution of this research is the development of an automated
deep learning algorithm capable of identifying the most suitable model for predicting future
time series data across different applications. While this study focuses on load forecasting,
the proposed approach could also be applied to predicting variables in systems incorporat-
ing renewable energy sources, such as wind and solar power. Additionally, the methodol-
ogy has potential applications in forecasting building energy consumption, particularly in
commercial, industrial, and military facilities, where factors like climate conditions, indoor
environment, and occupant behavior influence energy use. Beyond introducing an effective

forecasting model, this study presents a novel deep learning approach that achieves the high-
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est prediction accuracy among the tested models. The proposed hybrid model integrates a
ConvLSTM component to encode input time series data, which is then processed through
an Encoder Vector and passed to an LSTM model responsible for forecasting future val-
ues. Given these contributions, it is evident that the developed methodology sets itself apart
from existing approaches in the literature. While previous studies primarily compare results
from different statistical and machine learning models, this work takes a different direction
by employing an automated model selection process. This enhances flexibility and usability
for potential users of the developed application. Furthermore, the introduction of the Con-
vLSTM Encoder-Decoder, a state-of-the-art model that has not been widely applied to load
forecasting, adds another valuable dimension to this research.

Additionally, in Chapter 3 we aim to forecast the electricity consumption of households on
Skiathos Island using hourly data from 15 households. However, having such a small number
of households makes it challenging to build a reliable prediction model. Moreover, household
electricity use varies throughout the month, week, and day due to the often random nature
of individual consumption patterns. In general, as the number of consumers increases, the
overall load curve tends to stabilize, which in turn improves the accuracy of the predictions.

Our findings show that deep learning models are better than simple statistical models, like
the naive model we used, at capturing consumer behavior patterns. Additionally, we found
that when the sample size is limited, weather factors—such as temperature, humidity, and
wind speed—do not have a significant impact on hourly consumption variations, as indicated

by the low correlation between these variables in our study.

9.1.3 Wholesale Electricity Price Forecasting

Regarding EPF, a thorough and integrated study was carried out in Chapter 4, in order
to develop high-accuracy deep learning algorithms for short-term electricity price forecast-
ing. The study had two main objectives. First, we aimed to design and propose two novel
deep learning models: a hybrid CNN-GRU with an attention mechanism and an ensemble
learning model that achieves the highest accuracy. Second, we explored advanced deep learn-
ing models incorporating attention mechanisms and tested them using electricity price data
from the Germany—Luxembourg interconnection. Specifically, we investigated an optimized
Multi-Head Transformer, a CNN attention model, and a stacking ensemble learning model.

A perceptron-based machine learning model was chosen as a benchmark reference. Among

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 02:39:12 EEST - 216.73.216.43



282 Chapter 9. General Conclusions and Future Study Proposals

the models tested, the hybrid CNN-GRU with an attention mechanism emerged as a promis-
ing approach, as it has not previously been applied to electricity price prediction. This fact
offers strong potential for future research and applications. Additionally, despite the gen-
eral challenges transformer-based algorithms face in time series forecasting, the Multi-Head
Transformer model delivered highly accurate predictions on unseen data. Furthermore, the
successful implementation of two ensemble learning models highlights both the effectiveness
and the complexity of selecting suitable approaches. A key observation from the analysis is
that electricity price time series do not follow a consistent pattern, as prices are influenced
by external factors such as political conditions in neighboring countries. These factors intro-
duce uncertainty and fluctuations in the wholesale energy market, making them difficult to
model accurately. Another significant finding is that advanced deep learning algorithms with
integrated attention mechanisms could play a crucial role in improving price forecasting in
the wholesale electricity market. By utilizing the Optuna optimization algorithm, model hy-
perparameters can be fine-tuned to achieve the most suitable architecture, leading to optimal
performance. More accurate price predictions, in turn, can support better production plan-
ning for electricity producers, minimizing deviations that could negatively impact system

operation.

9.1.4 Transfer Learning

Regarding Transfer Learning, the study conducted in Chapter 5 is an in-depth investiga-
tion into Seq2Seq deep transfer learning for time series data. A month-to-month approach
was applied as a case study, focusing on day-ahead electricity load forecasting for three is-
lands connected to the Greek power system. The results offer valuable insights into the ap-
plication and effectiveness of these methods. The first key finding is that transfer learning
outperforms conventional learning approaches, even when multi-task deep learning is used
to improve model generalization. Additionally, deep transfer learning with ensemble models
achieves better performance than standalone deep learning models, as demonstrated by the
results. Specifically, in DTL Case 1, DTL Case 2, and MTDL strategies, the ensemble learn-
ing model (ELM) consistently enhances prediction accuracy over the two individual deep
learning models in most months. This finding underscores the potential of ensemble mod-
els for further exploration in power system forecasting. DTL strategies offer a cost-effective

solution by significantly reducing computational time and power requirements. Since deep
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learning models are pre-trained on a source dataset, saved in an optimized format, and later
fine-tuned only for specific tasks, DTL minimizes resource consumption while accelerat-
ing training. This efficiency makes it well-suited for day-ahead electricity load forecasting,
as it allows pre-trained models to be adapted swiftly to new tasks with minimal overhead.
The ability to leverage stored knowledge from pre-trained models enhances resource utiliza-
tion and facilitates the rapid deployment of effective models across different applications.
Deploying these models in real-time presents several challenges. Adapting to rapidly chang-
ing data streams, maintaining low latency, and balancing model complexity with real-time
performance requirements are critical hurdles. Continuous model updates are necessary to
address concept drift and ensure interpretability in dynamic environments. Achieving suc-
cess in real-time forecasting requires careful optimization and an infrastructure capable of

handling the demands of real-time processing efficiently.

9.1.5 Market Functionalities and Demand Response

Based on the implementations carried out in Chapter 2 in the field of Demand Response,
it is observed that DR will play a decisive role in the future operation of the modern electric-
ity market. Although the simulations do not fully capture consumer behavior—as we know,
customer actions generally follow a stochastic path—experimental approaches under real
conditions undoubtedly lead to more reliable conclusions. However, executing them requires
extensive behavioral analysis, research, and adequate incentives. From the algorithmic anal-
yses conducted, we conclude that if the incentives are sufficient, even if they do not provide a
direct financial benefit to consumers, they respond to signals from the network operator and
limit their demand when necessary.

These programs contribute to the smoother operation of the market, offer dynamic inter-
action among all stakeholders, and significantly help reduce costly investments. They also
protect energy systems from overloading and mitigate peak demand periods, thus contribut-
ing to the balancing of the generation-demand curve and the overall stabilization of power

flow as much as possible.

9.1.6 Electric Vehicle Load Curve Forecasting

The study presented in Chapter 6 examined the performance of nine forecasting models,

showing that relatively simple Machine Learning (ML) models like XGBoost and MLP out-
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performed more complex Deep Learning (DL) approaches in predicting the Electric Vehicle
Load Curve (EVLC) for Day-Ahead Market (DAM) participation. The models were evalu-
ated using four datasets—"Palo Alto,” ”Crowdcharge,” ”Greenflux,” and "ACN”—and as-
sessed with multiple metrics, including nMAE, nRMSE, and R?. Across all datasets, the ML
models consistently outperformed the baseline Persistencewo,sc model, demonstrating their
ability to capture EVLC trends despite fluctuations and data irregularities.

Although more complex DL models were expected to yield better results, simpler ML
approaches proved more effective across different datasets. The study also highlighted the
impact of dataset size and characteristics on model performance. For instance, in smaller
datasets like ”ACN,” DL models tended to overfit, emphasizing the need for model selection
based on data attributes. Additionally, an hourly-level analysis revealed that all models strug-
gled with forecasting during peak load periods, reinforcing the need for further refinements

to improve accuracy in these critical time frames.

9.2 Future Study Proposals

Regarding the suggestions for future research arising, it is emphasized that, more broadly,
Deep Learning models will represent the cutting edge of Artificial Intelligence and compu-
tational science. In all the areas studied, these specific algorithms are the subject of ongoing
research and experimentation, due to the flexibility and effectiveness they offer in handling
large volumes of data.

Furthermore, the energy market is fully aligning with the advancement of computational
systems, aiming to gain flexibility and become fairer for the participants. More specifically,
similar to the conclusions drawn, the proposed future research directions are focused on the

following areas.

9.2.1 Forecasting Approaches

So, in terms of future study proposals in the forecasting approaches, firstly, managing
with non-stationary and nonlinear load data is a challenge, as conventional STLF models typ-
ically assume that load data remains stationary and linear. Nonetheless, load data can exhibit
non-stationarity and nonlinearity as a result of shifts in consumer behavior, the emergence

of new technologies, and various other factors. Future investigations might focus on devis-
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ing STLF models capable of managing non-stationary and nonlinear load data, potentially
utilizing advanced ML models or more adaptable statistical frameworks.

Secondly, the incorporation of online learning is another avenue for improvement. Online
learning, a branch of ML, adapts to real-time changes in the energy system. These algorithms
continuously update their learning based on new data, allowing them to refine forecasts in
real-time. Future studies could aim to develop STLF models that leverage online learning
algorithms, thereby improving the accuracy and timeliness of forecasts.

Thirdly, the development of advanced models and the evaluation of their results using
cross-validation techniques or not, represents a notable direction for future research, which
will provide us with meaningful comparative results and conclusions, as cross-validation
ensures a reliable estimate of model performance on future, unseen data.

Fourth, the development of models for DERs, like standalone batteries, is becoming more
crucial with the growing adoption of technologies such as rooftop solar panels and integrated
energy storage systems. These advancements pose new challenges for STLF models. Future
research could focus on creating STLF models that integrate DERs, either by forecasting
renewable energy generation or by assessing their impact on electricity demand.

Finally, the investigation of behavior analysis in the field of ELF is crucial, as discussed
above. By understanding the patterns and habits of consumers, especially residential users, it
is possible to refine load forecasting models. Human behavior significantly influences energy
consumption, such as variations in demand based on time of day, weather conditions, or
lifestyle choices. Integrating behavior analysis could improve the accuracy of forecasting
models by capturing these dynamic factors and could be particularly useful in predicting
consumption patterns during peak periods, contributing to more efficient energy management

for flexibility and demand response programs.

9.2.2 Electricity Load Forecasting

In the field of ELF, looking ahead several promising directions emerge for future re-
search based on the work have done. The novel automated model introduced could be fur-
ther improved by integrating more efficient architectures, such as the Exponential Smooth-
ing LSTM (ESLSTM) and advanced Multi-Head Transformers. A key challenge involves
extending these models to medium- and long-term multi-step forecasting tasks, in order to

assess their robustness over longer prediction horizons. Another important aspect is testing
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the model’s performance on a wider variety of time series datasets, which would help eval-
uate its generalizability. Additionally, combining the current models with custom activation
functions and conducting a comparative analysis of their predictive accuracy could provide
further insights. Finally, applying these methods to Demand Side Management and Demand
Response problems presents a significant challenge, particularly due to the precision required

in short-term forecasting scenarios.

9.2.3 Wholesale Electricity Price Forecasting

Regarding future work in the field of EPF, the initial focus will be on delving into attention-
based algorithms for tackling more intricate challenges in predicting electricity prices, which
stands as a significant endeavor within the realm of Artificial Intelligence. Additionally, there
is a prospect to assess the implementation of the algorithms elaborated in this study on short-
term load prediction tasks for the flexibility market and day-ahead forecasting. Moreover, the
Soft Voting Ensemble Model underscores the potential of amalgamating diverse deep learning
structures to enhance timeseries forecasting. Subsequent research could further investigate al-
ternative model combinations, ensemble tactics, and optimization of weight assignments to
push the boundaries of excellence in the field. It is worth noting that the models introduced,
alongside their hyperparameter optimization techniques, could be explored in various other
domains, including industrial, financial, and biomedical sectors for predictive purposes.

Finally, based on the Explainability process that was carried out, future research could
concentrate on Uncertainty Quantification, based on which methods to quantify and explain
uncertainties associated with electricity price predictions could be explored. Understanding
the level of confidence or uncertainty in forecasts is crucial for decision makers in the energy
industry and allows them to make more informed choices regarding resource allocation, risk
management, and strategic planning. Furthermore, by incorporating uncertainty quantifica-
tion into decision processes, stakeholders can respond proactively to potential variations in

electricity prices, leading to more resilient and adaptive energy strategies.

9.2.4 Transfer Learning

In the context of future study proposals for Transfer Learning area, it should be empha-
sized initially that Deep Transfer Learning could be applied to other branches of power sys-

tems, such as fault prediction in electric power transmission and distribution networks. Fur-
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thermore, beyond energy systems, it could be highlighted that a significant challenge lies in
the application of DTL to areas like healthcare, where numerous research studies are con-
ducted globally. As already mentioned, the study of DTL using ELM, both in the field of
power systems and in other domains, can help to further improve the results of transfer learn-
ing.

Finally, the combination of DTL with reinforcement learning holds promise for future re-
search and offers potential advancements. This could be explored to improve the efficiency
of demand forecasting and load management systems. For instance, a pre-trained reinforce-
ment learning agent could learn general patterns and behaviors from historical data across
different regions or time periods. This pre-trained agent could then be fine-tuned on a spe-
cific locality or timeframe in order to adapt to unique characteristics and changes in electricity
demand. This approach may lead to more accurate and adaptable models for load prediction,

contributing to improved resource planning and energy efficiency in the electricity grid.

9.2.5 Market Functionalities and Demand Response

Future research in the area of Energy Market Functionalities and Demand Response
should aim to explore more dynamic, decentralized, and consumer-centric frameworks that
leverage emerging technologies such as blockchain, artificial intelligence, and loT-enabled
smart devices. As energy systems evolve toward greater integration of renewable sources and
prosumers, there is a growing need to enhance market mechanisms that support real-time pric-
ing, peer-to-peer energy trading, and automated demand-side flexibility. Future studies could
investigate the role of intelligent demand response strategies that optimize both consumer
utility and grid stability, particularly under conditions of high renewable penetration and
fluctuating demand. Additionally, the design and simulation of market structures that incen-
tivize active participation from residential, commercial, and industrial consumers—while en-
suring fairness, transparency, and interoperability—remains a key research challenge. These
advancements will be crucial in transitioning to a more resilient, efficient, and sustainable

energy ecosystem.

9.2.6 Electric Vehicle Load Curve Forecasting

A promising direction for future research in Electric Vehicle (EV) load forecasting in-

volves the development and refinement of advanced machine learning and deep learning
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models that can accurately predict EV charging demand at various spatial and temporal reso-
lutions. As EV adoption increases, the variability and uncertainty in charging behavior pose
significant challenges to grid stability and energy management. Future studies could focus
on integrating real-time data sources—such as traffic patterns, weather conditions, user mo-
bility profiles, and dynamic electricity pricing—into predictive models to enhance their ac-
curacy and adaptability. Moreover, incorporating federated learning or privacy-preserving
techniques can allow utilities and researchers to access decentralized data without compro-
mising user privacy. Emphasis should also be placed on developing models that can gener-
alize across different geographic regions and adapt to evolving EV usage trends, enabling

smarter grid planning and improved demand-side management strategies.
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