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Tiivistelma

Tulevaisuuden sidhkojarjestelmien tulee olla entistd joustavampia laajamittaisen
uusiutuvien energialdhteiden ja siahkoajoneuvojen integroimisen mahdollistami-
seksi. Sen vuoksi kanta- ja jakeluverkko-operaattorit tarvitsevat yha enemmaéan
teknisid joustopalveluita, jotka tehostavat sdhkojiarjestelméan toimintaa ja paranta-
vat verkon olemassa olevan kapasiteetin hyodyntamista sallittujen jannite- ja
virtarajojen puitteissa.

Vaikka joustopalvelut ja niihin liittyvat tekniset lisdarvopalvelumarkkinat
kantaverkkoyhtidille ovat olleet olemassa jo pitkddn erityisesti taajuuden ja
sahkojarjestelman tehotasapainon hallintaan liittyen, niin jakeluverkkoyhtioille
suunnatut tekniset joustopalvelut ovat saaneet vihemman huomiota tdhan pai-
vaidn mennessi. Vaitoskirja keskittyy jakeluverkko-operaattoreiden joustopalve-
luiden suunnitteluun ja esittda uusia periaatteita joustavien energiaresurssien
tehokkaaseen hyodyntamiseen jakeluverkoissa.

Joustavat energiaresurssit voivat olla joko energian tuottajia tai kuluttajia, jotka
pystyvit ohjaamaan siahkon kulutustaan tai -tuotantoaan kanta- ja jakeluverkko-
operaattoreiden tarpeiden mukaan. Vaitoskirja analysoi erilaisia joustavia
energiaresursseja, mukaan lukien sdhkoakkuvarastot, kotitalouksien ohjattavat
sahkolaitteet, sihkoajoneuvot ja paikalliset energiayhteisot seka tuulivoimaan
integroidut vetyjarjestelmat. Naitd joustoresursseja hyodynnetdan tuottamaan
joustopalveluita seka kanta- ettd jakeluverkkoyhtioille.

Vaitoskirja esittelee seka optimointipohjaisen ettd sumeaan logiikkaan perustuvat
menetelmat joustavien energiaresurssien pato- ja loistehon hallintaan jousto-
palveluiden tuottamiseksi kanta- ja jakeluverkko-operaattoreiden kasvaviin
joustotarpeisiin. Erilaiset epavarmuustekijat voivat kuitenkin hankaloittaa jousto-
resurssien hyodyntamista ja joustotarpeiden tayttamista. TAman vuoksi vaitos-
kirjassa esitetddn suunnitelma, joka mahdollistaa optimaalisten valintojen
tekemisen erilaiset epavarmuustekijat, ajalliset vaihtelut ja niihin liittyvat skenaa-
riot huomioiden. Kaikki vaitoskirjassa esitetyt menetelmét on testattu erilaisissa
tapaustutkimuksissa kidytdnnon sovellettavuuden sekid joustopalveluiden talou-
dellisen kannattavuuden varmistamiseksi.

Avainsanat: Joustopalvelu, joustavat energiaresurssit, energiankayton optimointi,
kanta- ja jakeluverkko-operaattorit, energian hallintajarjestelmit.
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Abstract

Future power systems must become more flexible to enable the increased
integration of intermittent, weather-dependent renewable energy sources (RES)
and electric vehicles. To address this, power system operators increasingly need
various flexibility services. These services enable more efficient system operation,
better utilisation of existing assets, and increased hosting capacity by managing
voltage, current, or thermal limit-related congestions.

While flexibility services for transmission system operators (TSOs) have been well-
developed, less attention has been given to those for distribution system operators
(DSOs). Hence, this dissertation addresses the key features needed for designing
flexibility services at the DSO level and offers guidance for efficient utilisation of
Flexible Energy Resources (FERs) in distribution networks.

FERs can be defined as customers, consumers and/or producers, who can control
their electricity use or production based on system operators' needs. This
dissertation analyses various FERs, including battery energy storage system
(BESS), controllable devices in smart homes like electric water heater, heating and
ventilation air conditioner, and electric vehicle, a local energy community with
shared controllable devices, as well as a wind-integrated hydrogen system with an
electrolyser, compressor, and hydrogen storage. These FERs are scheduled to
provide flexibility services for DSO and TSO.

This dissertation introduces two general methods for managing FERs:
mathematically modelled optimisation-based systems and fuzzy logic control for
coordinated active and reactive power management. These methods enable FERs
to provide flexibility services for the system operators. By using the proposed
approaches, system operators can better address the challenges of integrating
renewable energy, while FERs can achieve financial benefits. However,
uncertainties can complicate achievement of these goals. Therefore, the
dissertation proposes a roadmap to make informed and optimal decisions under
various uncertainties. It also implements methods to generate scenarios based on
the nature of the related scheduling problem.

All the methodologies proposed in this dissertation have been applied to various
case studies using real-world data from Finnish power systems to ensure practical
relevance. Additionally, different comparison models have been developed to show
how financially profitable the flexibility services provision could be for FERs.

Keywords: Flexibility Service, Flexible Energy Resource, Energy Optimisation,
System Operators, Energy Management System.
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1 INTRODUCTION

Europe aims to achieve a 55% reduction in greenhouse gas emissions by 2030
according to the European Climate Law (Regulation 2021). To achieve this goal,
the European Commission has undertaken several measures and strategies. These
strategies include the EU energy system integration strategy (European
Commission 2020c), the strategy for increasing offshore renewable energy
(European Commission 2020e), the strategy associated with sustainable and
smart mobility (European Commission 2020d), the renovation wave (European
Commission 2020b), and the EU strategy related to hydrogen (European
Commission 2020a) (Chyong et al. 2024).

In addition to the designed strategies, following the crisis triggered by Russia's
invasion of Ukraine, the European Commission published its RePowerEU plan in
May 2022 (Baldursson, Banet, and Chyong 2023), which outlines a set of measures
and goals to ban fossil fuel-based energy imports from Russia before 2030. The
RePowerEU plan encourages independence from energy imports and aligns with
the EU’s net-zero targets (Chyong et al. 2024). However, being net zero with high
share of renewables in generation mix causes difficulties in ensuring a stable
energy supply, especially in the short term. Thus, Europe is seeking Flexible
Energy Resources (FERs) to achieve a fully decarbonized renewable-based
European energy system by 2050 (Chyong et al. 2024).

FERs aim to increase power system flexibility by providing flexibility services. The
International Energy Agency defines power system flexibility as “the ability of a
power system to reliably and cost-effectively manage the variability and
uncertainty of supply and demand across all relevant timescales” (IEA 2018).
Therefore, flexibility services are defined as services in the form of active and
reactive power, aiming to improve power system flexibility.

FERs can be connected to different voltage levels, including low voltage (LV) and
medium voltage (MV) networks, which are mainly operated by DSOs, as well as
high voltage (HV) networks under the operation of TSOs. In distribution networks,
FERs can increase the hosting capacity of the networks and facilitate the efficient
integration of Renewable Energy Sources (RES) by providing active and reactive
power to control voltage, current, and thermal limit-related congestions.
Additionally, FERs can offer frequency control services, transmission network
congestion management, and voltage control services to TSOs (Sijakovic et al.
2022).
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FERs include various types of storages such as mechanical, thermal, and electrical.
However, FERs are not limited to storages. Any producer and consumer with the
power control capability to flexibly produce and consume electricity can be
considered as FER. Consequently, recent research has focused on identifying FERs
by flexibly scheduling various types of controllable energy production and
consumption resources.

1.1 Background and motivation

FER operations should align with the flexibility requirements of the power system.
Figure 1 shows a mind map from FERs maximum utilisation viewpoint outlining
the background and necessary steps when trying to maximise the utilisation of
FERs for system operators’ flexibility needs. Maximum utilisation of FERs means
that if TSOs and DSOs, who operate energy system at different voltage levels, call
for flexibility from FERs, all flexible production and consumption sources align
their activities and operations with system operators’ requests. This
harmonization can be achieved manually, by transferring signals from system
operators to FERs, or automatically, by measuring and reacting to deviations in
frequency and/or local voltage from the standard or target values/ranges.

Maximizing FER utilisation

v

ICT infrastructure [Energy management system}

System operators FERs
FER operational limits
y

¢ ¢ i i Responses to flexibility
e i requests
Estimate Manage available Utilize FERs 4

e " r Design incentive
exibility resources &
S Y operational methods programs & markets

needs
& y
[ From TSO ] [ From DSO ] From TSO & DSO

Figure 1. Necessary steps towards maximising the utilisation of FERs by

Communication and
information sharing
between system operators
and FERs

Economic consideration

system operators.

As a first step (Figure 1) to integrating FERs at all levels of power systems, a
suitable Information and Communication Technology (ICT) infrastructure should
be constructed. This infrastructure facilitates the communication and information
sharing between system operators and FERs. Research such as (Jindal et al. 2020)
has analysed the requirements for a flexible ICT architecture that supports
communication between FERs and system operators. The reference also developed
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a dashboard to streamline communication and allow grid control by the DSO.
Another example is (Guerrero Alonso et al. 2020) which proposed integrating the
OpenADR protocol with a blockchain-based decentralized permissioned
marketplace. It was proved that the proposed approach enhances communication,
regulatory compliance, and provides a flexible solution for FERSs, ensuring robust
monitoring, management, and adaptability to different national regulations.

The second step (Figure 1) towards maximum utilisation of FERs involves
developing Energy Management Systems (EMS) for both system operators and
FERs. For system operators, the EMS needs to estimate network flexibility
requirements, manage existing resources and network operational methods,
utilise FERs to ensure secure network operation and design incentive programs
and markets to motivate FERs. For example, (Laaksonen, Khajeh, and
Hatziargyriou 2023) presented an adaptive management scheme for Distributed
Energy Resources (DER) and On-Load Tap Changing (OLTC) transformer,
considering frequency deviation intensity and DER location to enhance effective
operation of the grid. Another example is the study proposed by (Rodrigues,
Soares, and Morais 2023), which developed a reactive power management model
for DSOs to address voltage issues using DERs, OLTC transformers, and capacitor
banks.

Incentives for FERs can be created through market designs that require active
participation, dynamic tariffs or prices for network usage, or agreements that offer
financial benefits to FERs. TSOs and DSOs need to consider the different
perspectives and motivations of FERs, and design incentive programs and markets
tailored to various FER’s clusters (Sridhar et al. 2023b). For example, (Sridhar et
al. 2023a) suggested that residential households (as FERs) can be categorised as
Adopters, Followers, or Neutrals, each requiring different incentive programs.
Authors in (Khalili et al. 2019) analysed the impact of different incentive programs
so that the consumers contribute more effectively to the improved reliability of a
microgrid. In addition to aligning incentive programs, appropriate settings, rules,
and universal/European regulations should be developed to ensure fairness and to
maximize the incentives for all FERs (Cired Working Group 2023).

Given that the incentive programs are well-designed and effective, the EMS of
FERs schedules responses to system operators' requests for flexibility. Initially, the
EMS should ensure that FERs adhere to their operational constraints. Economic
considerations, such as cost minimisation and profit maximisation, are regarded
as key objectives of FER scheduling. Research has explored various FER
management and scheduling strategies so that they participate in various markets
and programs designed by TSOs and DSOs. For instance, studies have assessed
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battery as an FER and its participation in primary, secondary, and tertiary control
reserve markets like (Astero and Evens 2020), (Fleer et al. 2017), (Merten et al.
2020), and (Nitsch et al. 2021). Some research examined flexible Electric Vehicle
(EV) charging aligned with frequency deviations and considers EV as an FER, such
as (Osorio et al. 2021), (Cui, Hu, and Luo 2020), (Liu et al. 2021) and (Figgener et
al. 2022). Smart buildings and houses can also provide flexibility through
aggregation methods, either via an aggregator or an energy community (Manna
and Sanjab 2023). Large-scale electrolyser have been proposed as an FER
providing flexibility services and aligning its hydrogen production with grid
requirements (Saretta, Raheli, and Kazempour 2023) (Liith et al. 2024).

FERs can also assist DSOs with network operations, such as voltage control and
congestion management. Research has proposed concepts like BESS as a service
for DSOs (Alaperi et al. 2019; Berg, Rana, and Farahmand 2023, n.d.) and market-
based methodologies for EV users and households to manage congestion and
maintain power quality in the local distribution networks (Menghwar et al. 2024).

While significant research has been done on FERs providing flexibility services for
either TSOs or DSOs, fewer studies have focused on the provision of coordinated
flexibility services from FER’s perspective. FERs in distribution networks can
provide services for both TSOs and DSOs cooperatively. For example, if DSO
voltage control requires an FER to increase active power (P) consumption while
frequency deviation requires decreased active power consumption, FERs need
clear instructions for such conflicting scenarios. Similarly, FERs in transmission
networks must balance providing congestion management and frequency control
services without compromising network security. This coordination has primarily
been analysed using centralized, market-based approaches. For example,
(Vagropoulos, Biskas, and Bakirtzis 2022) and (Vicente-Pastor et al. 2019) have
designed flexibility market clearing approaches for trading flexibility between
FERs and system operators. However, less research has focused on FERSs'
flexibility provision, their scheduling and the operational reactions to different
scenarios, especially when system operators’ flexibility needs conflict.

1.2 The objective of the thesis

This PhD thesis analyses how flexibility can be extracted from different FERs to be
used as a flexibility service offered to DSOs and/or TSOs. The analyses are mostly
from the perspective of FER EMSs. The FERs analysed include:

¢ A Battery Energy Storage System (BESS)
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e A smart home with controllable devices such as Heating Ventilation and
Air Conditioning (HVAC), EV, a battery, and an Electric Water Heater
(EWH)

e A local energy community with a shared BESS and EVs with flexible

charging capabilities

¢ Awind-integrated hydrogen system with an electrolyser, a compressor, and

hydrogen storage

This dissertation is focused on and tries to answer the following research questions

(see Figure 2

):

Q1. Decision-making Under Uncertainties: What is the roadmap towards

optimal decision-making from FER’s and system operator’s perspectives in
a smart grid environment?

Q2.Distribution Network Enhancement: How can a DSO analyse its flexibility

needs and strengthen the network using FERs?

Q3.Flexibility Estimation: How is the flexibility of FERs quantified?

Q4.FER Scheduling: How should FERs be scheduled to meet the flexibility

requirements of system operators?

Q5.TSO-DSO Flexibility Coordination: How can FERs provide coordinated

TSO-DSO flexibility?

Q6.Profitability Analysis: Is flexibility provision financially beneficial for FER

owners?

® © 6 © 9 ©
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Figure 2. Research questions (Q) answered in this dissertation and the

publications associated with each question.
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The dissertation employs various methods to address the mentioned questions.
Each question is answered by at least one publication developed during this
research work, as illustrated by Figure 2. The following numbering points detail
how the questions are answered:

1. For the first question, state-of-the-art research is reviewed and integrated
to understand the path to optimised operations and planning for both
system operators and FERs. The reviewed uncertainty-handling models
are then utilised in some research articles shown by Figure 2.

2. To answer the second question, an optimisation-based approach is
developed to estimate the total and nodal hosting capacities of the network.
Steps are discussed for a DSO to revise its estimation and react to ensure
network security. Additionally, research is dedicated to siting and sizing a
BESS in a distribution network to maintain secure operations under worst-
case scenarios.

3. The third question is addressed using an optimisation-based approach to
differentiate between normal and flexible operations of FERs and find the
potential flexible capacity of different FERs that can be offered to capacity
markets.

4. The fourth question is answered by developing optimisation problems and
Fuzzy Logic-based Control (FLC)-integrated EMS aimed at minimising net
costs or maximising profits, ensuring that flexibility provision is profitable
for FERs while adhering to market rules and requirements associated with
each flexibility service.

5. For the fifth question, scenarios are discussed in which DSO and TSO
request different flexibility signals, and how FERs would respond if
operators’ requirements conflict.

6. The sixth question is answered by developing comparison cases to evaluate
the financial benefits of flexibility provision for FERs. Different cases are
developed as comparative examples to determine if flexibility provision is
profitable for FERs

To implement the suggested methodology, this thesis utilises Matlab, GAMS,
Python, and Julia. Matlab is used for developing the FLC system, while
optimisation problems are addressed with GAMS, CVXPY (Python), and JuMP
(Julia).
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1.3 Main contributions

The main contributions of the thesis can be summarized as follows:

1) Analysis of Flexible Operation of FERs:

Including a BESS, smart home with HVAC, BESS, EWH, EV, an energy
community with a shared BESS and EVs, and a wind-integrated hydrogen
system.

Reviewing potential FERs in microgrids and the EMS designed to manage
them.

Incorporating constraints involving the primary functionality of each
device, such as thermal comfort for HVAC and EWH, and charging
schedules proposed by EV owners.

2) Bidding Strategy:

Development of bidding strategies for smart homes, energy communities,
and wind-integrated hydrogen systems to participate in capacity markets.

Estimating the flexible capacity of different resources for use in day-ahead
capacity markets.

Modelling market characteristics and technical requirements needed for
the flexibility services.

Developing guidelines for coordinated flexibility services provision.

3) Siting and Sizing of BESS in Distribution Networks for FCR-N Provision:

Siting BESSs in distribution networks to strengthen the local distribution
network in worst-case scenarios.

Sizing the BESS to maximise profit by participating in the FCR-N market
considering most probable scenarios.

4) Solutions for DSOs:

e Developing an optimisation approach to estimate DSO’s nodal and
total hosting capacities.
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e Proposing a strategy for DSOs to manage networks based on the
hosting capacity estimations and nodal RES forecasts.

5) Uncertainty Handling:

¢ Considering worst-case flexibility activation and wind power scenarios to
build a robust bidding strategy for the wind-integrated hydrogen system.

e Defining control parameters for a BESS to reserve part of its capacity for
handling uncertainties from forecast errors.

e Taking into account worst-case situations when estimating the flexible
capacity of an EWH.

e Proposing a roadmap towards optimised decision making under
uncertainties.

6) Techno-Economic Analysis:
¢ Developing comparison models with different objectives.
e Comparing the various operations and economic outcomes of FERs.

More details about content and individual contribution of each publication I-IX
(page XVI) included in this dissertation can be found from Section 1.4.

1.4 Summary and contribution of publications

Figure 3 categorises the publications I-IX (page XVI) into five different groups
(types of FER, EMS, simulation tools, flexibility services used in the publications
and the type of research publication) to emphasise the differences between their
contributions. Also, this section summarises the publications with emphasis on
their unique contributions. Author’s individual contributions of each publication
I-IX (page XVI) can be found on page XVII.
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Figure 3. Categorisation of the publications of this dissertation in terms of
different factors, including the types of FER, EMS, simulation tools,
and flexibility services used in the publications, as well as the type of
research publication.

Publication I (Potential ancillary service markets for future power
systems):

This publication first introduces the existing TSO-level ancillary service markets,
with a focus on the Nordic and Finnish markets, highlighting their characteristics,
prices, and capacity trading. It then explores the potential markets at the DSO level
and the projects aimed at designing DSO-level markets. Finally, the paper
discusses potential future ancillary and flexibility service markets, which are
proposed to enable the participation of small-scale FERs in providing flexibility
services at both the TSO and DSO levels.
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Publication II (Quantifying the Impact of Day-ahead Renewable
Forecasts on DER Hosting Capacity Estimation):

This paper aims to examine the impacts of RES forecasts on nodal and total hosting
capacities of distribution networks. The main contributions of Publication II are
as follows:

e Proposing a new optimisation-based method using a piecewise linearized
power flow model to estimate the hosting capacity of distribution networks.

e Suggesting that the DSO revises estimated short-term (day-ahead) hosting
capacity based on day-ahead RES forecasts. This approach allows the DSO
to ensure network operational security and reliability effectively.

e Using a real-world Finnish urban distribution network model to estimate
hosting capacities with the proposed method and conducting thorough
sensitivity analyses to show how individual node RES forecasts can affect
nodal and total hosting capacities.

Publication III (Applications of probabilistic forecasting in smart
grids: A review):

This paper presents a roadmap for optimised decision-making under
uncertainties. It begins by introducing probabilistic forecasting models and
reviewing how the distributions of uncertain parameters are predicted based on
previous research. Next, it describes the common methods for generating
scenarios from these predicted distributions. Publication III then discusses how
the generated scenarios can aid smart grid management systems in making
informed decisions under various uncertain conditions. Finally, it explores two
advanced applications of probabilistic forecasting that could be expanded in future
work. In the conclusion and discussion section, the paper proposes several future
applications based on the evolving flexibility needs of power systems.

Publication IV (Flexibility potential of a smart home to provide TSO-
DSO-level services):

This paper explores how smart home can provide flexibility services for system
operators, introducing a comprehensive model that includes thermostatically
controllable appliances (HVAC and EWH) and storage-based devices (EV and
BESS). It uniquely examines the simultaneous operation of these four appliances
to provide flexibility, a topic not previously addressed in the literature.
Additionally, the paper estimates the flexible capacity of households by comparing
normal and flexible operations of these appliances, a critical metric for system
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operators, household aggregators, and the households themselves to develop

effective bidding strategies and allocate monetary values.

Publication V (A fuzzy logic control of a smart home with energy
storage providing active and reactive power flexibility services):

Publication V develops an EMS for a smart home equipped with an inverter-
interfaced BESS. The system controls the home's appliances to provide
coordinated flexibility services for both the local DSO and the TSO. The proposed
EMS uses an FLC method with the following features:

The smart home supplies FCR-N while also offering flexibility services to
the local DSO. When the needs of the TSO and DSO conflict, the system
prioritizes the local DSO to maintain the quality of electricity supply.
Frequency control services are provided using active power (P) flexibility,
while DSO-level flexibility uses both active (P) and reactive power (Q)
flexibility.

A minimal-rule FLC is designed to manage household appliances, such as
the HVAC, EV charging schedule, and the active/reactive power from the
BESS. The system ensures that the operational constraints of the
appliances are respected even when responding to flexibility signals.

The fuzzy logic rules are designed to prioritize essential appliances for
flexibility services and minimise the use of the BESS due to its operating
costs unless high flexibility is required by the DSO.

Publication VI (Optimised operation of local energy community

providing frequency restoration reserve):

This article presents a two-stage model for a PV-equipped local energy

community with EVs and a shared BESS to provide manual Frequency

Restoration Reserve (mFRR) services. The first stage involves day-ahead
scheduling, where the community estimates its flexible capacities and submits

offers for mFRR services. The second stage involves real-time scheduling based

on the assigned and activated reserve power. The main contributions are:

e Publication VI is the first to assess the participation of a community in
providing mFRR (tertiary reserve) services, considering the specific
trading structures required by TSO-level reserves.

e It considers a local energy community as a potential reserve provider
by leveraging various distribution-network-located FERs and



12 Acta Wasaensia

motivating members to manage their consumption. Members can
share resources, such as a PV system and a BESS, to increase profits
and share the capital costs. The community also includes EVs that
contribute to flexibility, considering the charging satisfaction of EV
owners.

e The article defines control parameters related to the BESS State of
Charge (SOC) to handle uncertainties in the day-ahead stage. It
calculates different control parameters for a case study and discusses
their impact on the community’s real-time operation and profitability.

Publication VII (Flexibility of Microgrids with Energy Management
Systems):

This book chapter (publication VII) begins with an overview of FERs in microgrids
and their characteristics. It then delves into modelling approaches for microgrid
EMS, covering different management methods and objectives. These approaches
utilise optimisation algorithms tailored to microgrid and grid constraints.
microgrid constraints relate to the physical limitations of local resources, while the
objective functions involve addressing congestion, reducing emissions, and
minimising energy losses.

Furthermore, the study explores the application of microgrid EMS featuring FERs
such as energy storage, EVs, and thermostatically controllable loads. These
components interact with the grid, providing flexibility services. The publication
concludes with a summary and discussion of the potential roles microgrids can
play in enhancing grid stability and efficiency through their flexible operations.

Publication VIII (Optimised siting and sizing of distribution-network-
connected battery energy storage system providing flexibility
services for system operators):

This paper stands out by sizing and siting a distribution-network-connected BESS
to provide DSO and TSO flexibility services simultaneously. The BESS ensures
voltage stability and respects power flow constraints while enhancing profitability
through FCR-N services. This study is the first, to author’s knowledge, to
specifically size a BESS for FCR-N provision.

Key contributions include:

e Introducing a two-stage stochastic optimisation model where the first stage
allocates the BESS to secure local network operation and determine



Acta Wasaensia 13

minimum size, while the second stage optimises profitability through FCR-
N.

e Proposing scenario extraction methods where worst-case scenarios ensure
network security in the first stage, while high-probability historical
scenarios used for the second stage.

e Simulating four comparison models to optimise BESS size, comparing
outcomes of FCR-N provision versus day-ahead market operations using
2021-2022 real-world data, and analysing effects of cycle aging and
capacity fade on profitability.

Publication IX (Optimised Operation of Hybrid Wind-Hydrogen
System to Provide Flexibility for Transmission System Needs):

Publication IX introduces an optimisation framework aimed at coordinating the
operations of a hydrogen storage, electrolyser, and a wind farm to offer flexibility
services to the TSO. It focuses on supporting frequency control through
participation in FCR markets and addressing congestion management issues near
the system's transmission lines. The study explores how the system can
simultaneously engage in FCR-N, upward FCR-D, and downward FCR-D markets
while providing essential congestion management services to enhance grid
reliability and efficiency.

Furthermore, the paper analyses the operational dynamics of the wind-integrated
hydrogen system by examining the Pf droop relationships that govern active power
response to frequency deviations, leveraging historical frequency activation data
to assess real-time operational impacts. It also introduces a robust methodology to
mitigate uncertainties associated with wind power forecasting and real-time
activation scenarios. Comparative analysis includes evaluating the proposed
operational strategy against alternatives such as optimising based on spot market
prices and adopting self-sufficiency-focused strategies.

1.5 Qutline of the thesis

This dissertation is comprised of a summary section and the attached original
publications. The summary is categorised into seven chapters, as described in the
following:

Chapter 1 provides the background behind the research and the motivation to
further explore the subject. It identifies the objective and the main scientific
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contribution of this dissertation. It also specifies the outline of the thesis and
summarizes the main publications.

Chapter 2 provides a comprehensive definition of flexibility in power systems and
describes the flexibility needs and services designed for each system operator,
TSO, and DSO. It describes the increasing need for TSO-DSO coordinated
flexibility provision. Additionally, it outlines the flexibility scheduling and
forecasting from both the system operators' and FERs' perspectives by introducing
the path towards optimal decision-making under uncertainties. Chapter 2 includes
the main contributions of Publications I, II and III of this dissertation.

Chapter 3 outlines methods to schedule flexible and controllable appliances and
devices in a smart home to provide flexibility services to DSO and TSO. Both
optimisation-based and FLC are utilised to flexibly schedule smart home’s flexible
appliances. Chapter 3 describes the main contributions of Publications IV and V.

Chapter 4 goes a step further and analyses the flexible scheduling of FERs within
an energy community and a microgrid. This chapter models a local energy
community providing mFRR. It also assesses the flexibility potential of a
microgrid, identifies its FERs, and describes the EMS used for flexibility
scheduling. Chapter 4 presents the main contributions of Publications VI and VII.

Chapter 5 focuses on scheduling a BESS as an FER. The chapter discusses the
optimal allocation of the BESS and its FCR-N provision for boosting economic
profitability. Chapter 5 includes the main contributions of Publication VIII.

Chapter 6 summarises a research work in which a wind-integrated hydrogen
system provides FCR-N and FCR-D while ensuring that the nearby transmission
network is safely operated. Chapter 6 presents the main contributions of
Publication IX.

Chapter 77 concludes the summary and discusses future directions for continuing
the research work.



Acta Wasaensia 15

2 ROLE OF FLEXIBILITY IN THE FUTURE POWER SYSTEM

Modern power systems face the challenge of integrating a significant share of
intermittent RESs. RESs offer sustainability, environmental friendliness, and
lower marginal costs, aligning with the political pressure to reduce carbon
emissions and the subsidisation of renewable energy. However, RES power
generation is highly weather-dependent, intermittent, and difficult to predict
accurately. The inherent variability and unpredictability of RES power generation
causes a significant challenge to the secure operation of power systems,
necessitating system operators to utilise flexibility services from FER’s
controllable active and reactive power across different timescales. Flexibility
services enable system operators to dynamically adjust their network operating
points so that e.g. frequency, voltage and current/thermal limits are not violated
due to real-time fluctuations in RES power output, uncertainty of EV charging
behavior or other unpredictable factors resulting from electrification trends
(Khajeh et al. 2019). By utilising various active and reactive power control services
from FER at different voltage levels, system operators can effectively manage the
complexities of transitioning to future renewable-based power systems, enabling
more efficient and reliable system operation.

2.1 Increasing need for flexibility in the future power
systems

Both system operators, including TSO and DSO, need flexibility services to address
challenges posed by the future renewable-based power systems. TSOs utilise active
power control related flexibility services in real-time to manage power system
frequency and maintain a balance between system generation and consumption,
ensuring the system operates within its normal state. Regarding European power
system, normal state of the system has a frequency between 49.9 to 50.1 Hz. TSOs
may also employ active and reactive power control flexibility services to manage
congestion on both inter-regional and intra-regional transmission lines, as well as
for voltage control within their networks. It is evident that the needs for balance
between generation and consumption as well as those to solve congestion
management and voltage control are increasing due to the high injection of
intermittent weather-dependent RES. This leads TSOs requiring more flexibility
services.

In addition to the TSOs’ issues, DSO’s traditional management methods for
network operation cannot solve the challenges caused by the high integration of
renewable-based DERs. The problem deteriorates as the traditional power system
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transitions to a more decentralized and bi-directional operation, with numerous
DERs being integrated into distribution networks. In this sense, DSOs need to
utilise active and reactive power control flexibility services for the operational
management and control of future renewable-based distribution networks. This
includes complementary supports for managing active and reactive power flow to
control node voltages, manage congestion on feeders, and ensure a steady supply
of power (Venizelou et al. 2023).

The provision of active and reactive power control flexibility services across
multiple timescales is a key solution to addressing the challenges faced by system
operators. Flexibility services can be provided by various FERs, which exist at
different levels of power systems, including the TSO and DSO levels.

e Atthe TSO level, FERs are typically large-scale resources connected to HV
feeders.

e At the DSO level, FERs are generally smaller in scale, connected to MV or
LV feeders, and located closer to end users.

2.1.1 Different sources of flexibility

FERs at TSO levels can be divided into three main categories: production-based,
consumption-based, and technology-based resources. Consumption-based
resources involve transmission-network-located consumers with sufficient
capacity that can adjust consumption to meet TSO flexibility needs. Production-
based resources include traditional generators, wind farms and solar parks,
storage facilities, virtual power plants, and other large-scale energy sources
capable of adjusting production levels while being connected to transmission
networks.

Furthermore, TSOs can utilise technology and devices to enhance transmission
network flexibility. Solutions like Flexible AC Transmission System (FACTS) and
High Voltage Direct Current (HVDC) technologies improve controllability and
flexibility of the network (ISGAN 2013). Integrating Wide Area Monitoring
Protection and Control (WAMPAC) with FACTS and HVDC enhances
transmission network flexibility and TSO’s control over power flows (Nikoobakht
et al. 2019). Traditional technologies like OLTC transformers and Phase-Shifting
Transformers (PST) also contribute to regulating voltage magnitude (Khajeh et al.
2019).
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At the DSO level, DERs are crucial FERs. DERs encompass various resources of
different sizes, including individual and aggregated EVs, storage systems, wind
turbines, solar panels, and buildings (residential, commercial, and industrial)
equipped with controllable devices and appliances. Combining these resources
with active network management (ANM) schemes enables DSOs to maximise
network flexibility (Laaksonen et al. 2021). Figure 4 summarizes the types of
flexible energy resources at both TSO and DSO levels in a power system.

Flexibility flow from FERs to system operators
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Figure 4. Different types of FER at both TSO and DSO levels in a power
system.

lll

2.1.2 Need for TSO-DSO coordination

Power systems are moving towards decentralization, with more DERs being
integrated into distribution networks while large, fuel-based generation units
located in transmission networks are being phased out. Consequently, the
operation of transmission networks is becoming increasingly dependent on
distribution networks, and the controllability of TSOs is decreasing as dispatchable
fuel-based power plants are replaced by less controllable renewable-based DERs
in distribution networks.

On the other hand, DSOs are not completely self-sufficient, as many generation
units are still located in transmission networks, and TSOs handle crucial tasks
related to security of supply and system balancing. Therefore, effective utilisation
of FERs at the system level and avoiding the risk of a system-wide blackout require
enhanced cooperation between TSOs and DSOs.
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To achieve this, coordination between DSOs and TSOs must ensure maximum
utilisation of flexibility within distribution networks to meet both local and
system-wide needs (Laaksonen, Khajeh, and Hatziargyriou 2023). This means that
FERs in distribution networks should not only provide local services like
congestion management and voltage control for DSOs but also contribute to
system-wide services, such as frequency control services. Moreover, the flexibility
provision of FERs for one system operator should not adversely affect the secure
operation of the system when the flexibility needs of DSOs and TSOs diverge.

2.1.3 Markets and tariff structures for enhanced flexibility utilisation

In order to exploit the maximum potential of FERs at all levels of power system,
incentive mechanisms should be thoroughly defined. The incentive mechanisms
motivate FERs to cooperate with system operators by responding to the signals
and orders sent by system operators.

Flexibility markets aim to create this incentive by providing a competitive and fair
platform for all types of FERs to sell their flexibility to system operators. These
flexibility markets have been widely designed for the TSO, although only large
flexibility owners and aggregators can participate in these markets. Local-level
flexibility markets are rarely seen in the real world (LCP Delta & SmartEn 2023).

The local flexibility markets can be organized by DSOs to help with congestion
management in the local network, voltage control, and some other services such
as network investment deferral as well as pre-fault, post-fault and restoration
services (FUSION Project Report 2023).

In addition to flexibility markets, dynamic tariffs in distribution networks can
provide an incentive and thus exploit the available flexibility of the network.
However, thorough studies need to be done to understand how tariffs can reflect
network constraints, which depend on factors like location (local vs global) and
time (seasons, weekdays, time of day). This is also important to ensure tariffs do
not become overly complicated for small-scale FERs (Khajeh and Laaksonen
2023).

Some countries already use the concept of nodal pricing, where different prices are
charged at different locations on the grid. However, this nodal pricing approach
may not exploit the maximum flexibility of the network and cannot work in a fair
way as local flexibility issues often depend heavily on the specific locations of grid
constraints. Both "implicit flexibility" (where customers respond to price signals)
and "explicit flexibility" (where third parties control customers' assets) need to be
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used to help address flexibility challenges in distribution networks (Nouicer,
Meeus, and Delarue 2020). Also, dynamic tariffs would be more effective if they
can be combined with local flexibility markets.

2.1.4 Regulatory developments for DSO and TSO flexibility utilisation

The European Union has funded projects in various European countries to
incentivize flexible production, consumption, and the use of storage to provide
system operators with flexibility (Production 2023). In this context, flexibility
platforms should be designed to incentivise sellers and facilitate efficient access
for market participants to sell their flexibility and meet their flexibility
requirements. The market platform showcased many local projects led by TSOs,
DSOs, and third parties who need flexibility. The goal of these projects has been to
implement flexibility markets beyond the traditional TSO-level markets to manage
flexibility at all levels of the system.

Although TSO-level flexibility markets are widely used in most countries, only
three countries—Great Britain, the Netherlands, and France—have developed
commercial markets to provide DSOs with flexibility (LCP Delta & SmartEn 2023).
Additionally, Norway and Sweden have advanced trial offerings (LCP Delta &
SmartEn 2023). Figure 5 ranks the progress of different European countries in
implementing local flexibility markets (LCP Delta & SmartEn 2023). This ranking
considers whether they have commercial DSO flexibility markets, the number of
flexibility-based pilot projects, and the volume of flexibility being sold and
purchased in the market (Cired Working Group 2023).

The European electricity market landscape is diverse, with each country taking a
different approach to encourage flexibility and consumer participation (Cired
Working Group 2023). Common challenges include regulatory barriers for
aggregators, economic obstacles, and delays in smart meter rollouts (Cired
Working Group 2023). In the Nordic countries, financial incentives and smart
meters empower consumers. Finland and Norway have implemented 15-minute
measurement intervals to enhance their tariff structures. Spain recently included
demand-side and storage installations in the balancing market, but regulatory
openness for aggregators remains limited. Italy is opening its market to distributed
resources through pilot projects, while the UK has established local flexibility
markets despite facing issues like price volatility and market complexity. Belgium
allows consumer participation but imposes significant barriers for aggregators.
Greece focuses on system stability through interruptible loads, and Cyprus faces a
lack of support for flexibility services. Germany permits participation in wholesale
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and balancing markets but deals with administrative burdens and regulatory

opposition to flexible network charges (Cired Working Group 2023).
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Figure 5. European degree of advancement regarding developing platform for

DSO-level flexibility trading.

While some countries have made progress in developing flexibility platform, many
are still behind as there is no EU-level regulation for integrating flexibility in

electricity markets. The current regulatory frameworks fail to develop flexibility

markets across all European countries as they pose challenges, such as (Cired
Working Group 2023):

>

>

Markets not being open to aggregators in many countries
High competition in ancillary services
Economic obstacles like price volatility and low profits for large generators

Technical issues, such as delayed implementation of advanced metering
infrastructure and complex market rules

Standardized regulations could accelerate renewable integration and improve the

use of flexibilities at all voltage levels including medium and low voltage levels. A

recommendation is to establish European-level business rules, metrics, and key

performance indicators for flexibility trading.
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2.2 TSO-level Flexibility: Requirements and Services

The major share of physical electricity trading is conducted in a day-ahead
wholesale market, also known as the spot market. However, it is practically
impossible to precisely balance the system a day before physical delivery due to
uncertainties associated with renewable generation and demand behavior. These
uncertainties often lead to imbalances in the system. To address this issue, market
participants are responsible for adhering to the bids they have submitted to the
spot market. Any deviation from these bids can result in imbalance costs for the
participants. In order to compensate for imbalances, market participants can
utilise intra-day markets, which operate continuously until shortly before delivery.

In real-time and near real-time, TSOs take on the responsibility of managing
imbalances and maintaining the standard frequency of the system. In Europe, the
standard frequency is 50 Hz. An imbalance between consumption and production
leads to frequency deviations. As long as frequency deviations are lower than 0.1
Hz in either direction, the system remains within a normal situation. However,
sustained deviations higher than 0.1 Hz can push the system into alert and
emergency situations. It is important to note that the system situations are
determined not only by the magnitude of the frequency deviations but also by the
duration for which the deviations persist, as illustrated in Figure 6 (Modig et al.
2022).

TSOs define various types of active power control related flexibility services to
fulfill their flexibility requirements in each state. These flexibility services are also
called frequency control reserves, aiming to manage system imbalances and
control frequency deviations in the power system. In terms of Nordic power system
terminology, there are three main categories of reserves: Frequency Containment
Reserve (FCR), Frequency Restoration Reserve (FRR), and Fast Frequency
Reserve (FFR). FCRs and FFR are activated based on local frequency deviations,
whereas FRRs take into account the Nordic synchronous system. Figure 7
overviews the details of each reserve service and its market specifications for
Finnish TSO, Fingrid.
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capacity and energy remuneration, procurment channels in Finland
and their required activation speed.
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2.2.1 Frequency Containment Reserves (FCR)

FCR is subcategorized into two types: FCR for Normal operation (FCR-N) and FCR
for Disturbances (FCR-D). FCR-N and FCR-D are automatically activated based
on locally measured frequency deviations. The purpose of FCRs is to maintain the
frequency within the normal operating range during both normal operation and
disturbances (ENTSO-E 2023).

FCR-N is continuously activated to ensure that the system operates within the
normal frequency range of 49.9 Hz to 50.1 Hz. On the other hand, FCR-D is
activated when the frequency deviates from the normal range. A reserve provider
offering these services needs to monitor frequency deviations constantly and
adjust its production/consumption according to the droop curve defined for FCR-
N and FCR-D (ENTSO-E 2023). The droop curves for production units are
illustrated in Figure 8.

FCR-N FCR-D
Flexible Power Flexible power
A A
. 100% of Doward Flexible
100% of Doward Flexible — Capacity
Capacity
49.9 49.5 49.9
> » Frequency
50.1 50.1 50.5
100% of Upward Flexible 100% of Upward Flexible

Capacity Capacity

Figure 8. Droops indicating the change of flexible capacities of FCR providers
according to the measured frequency deviations.

FCR-N is a symmetrical product, meaning that the reserve provider must be
capable of both increasing power production or decreasing consumption during
up regulation (when the frequency drops below 50 Hz) and decreasing power
production or increasing consumption during down regulation (when the
frequency exceeds 50 Hz). FCR-D, on the other hand, is divided into separate up-
regulation and down-regulation products, each with its own capacity markets.
TSOs organize yearly and hourly capacity markets to procure the necessary FCR-
N and FCR-D services in advance (Fingrid 2024f).

In Finland, the Finnish TSO, Fingrid, procures the required FCR from national
yearly and hourly markets, as well as through foreign trades via Estonian HVDC
links and trades with other Nordic countries. Fingrid's domestic procurement
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occurs in yearly and hourly capacity markets. Yearly markets are held once a year
at a fixed price, while hourly markets are settled once a day (one day before actual
physical delivery) using the marginal pricing principle (Fingrid 2024f). FCR-N,
upward FCR-D, and downward FCR-D each have their own yearly and hourly
capacity markets. Both yearly and hourly markets maintain the same technical
requirements (Fingrid 2024f). Reserve providers must be located within the TSO's
operating zone to participate in capacity markets.

If a reserve provider offers FCR-N, it earns revenue according to the price of the
yearly or hourly FCR-N capacity market. In addition to capacity remunerations, an
FCR-N provider receives revenue based on the up-regulation price when the FCR-
N activates in the upward direction, meaning the provider decreases consumption
or increases production. However, the FCR-N provider incurs a payment if the
FCR-N activation is in the downward direction, in accordance with the hourly
down-regulation prices. In contrast, FCR-D services do not entail energy
remuneration cost or revenue. The FCR-D provider only receives payment
(capacity remunerations) according to the FCR-D capacity market prices and its
accepted bids (Fingrid 2024f).

2.2.2 Fast Frequency Reserve (FFR)

Previously, synchronous generators were an important source that helped the
power system resist sudden changes in system frequency. All synchronously
connected rotating machines contribute to this resistance, also known as inertia,
through their kinetic energy (@rum et al. n.d.). However, the phasing out of
conventional generating units and their substitution with renewable energy such
as wind and solar power decreases the system's ability to resist these abrupt
changes. In the modern power system, FFR service is designed to handle these
situations, referred to as low-inertia situations.

Figure 9 illustrates the variation of frequency over time when a big disturbance
happens to two systems with different inertial responses: 100 MWs and 200 MWs.
In the figure, the nadir frequency is the lowest frequency reached after the
disturbance. The slopes of the orange and gray lines represent the rate of change
of frequencies (RoCoF) of Systems I and II, respectively. The RoCoF represents the
dynamic behavior of frequency, i.e. df/dt, during the time in which FFRs are
activated. A lower inertial response results in a steeper RoCoF line, meaning that
the system is more prone to frequency fluctuations and instability if a disturbance
occurs.
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Figure 9. The comparison between frequency reaction curve for two systems
with different inertial energy.

The Nordic power system must be operated in a way that the loss of a single
generating unit or an HVDC link does not result in the frequency falling below 49.0
Hz (ENTSO-E 2019). The magnitude of the frequency drop depends on factors
such as the degree of disturbance, system inertia, and FFR activation speed.
Accordingly, Nordic TSOs procure FFR based on their forecasts of prevailing
system inertia and the potential size of incidents that could occur.

FFR is the newest reserve service introduced in May 2020. Nordic TSOs procure
FFR through their national market. Potential FFR providers must meet technical
requirements and pass prequalification tests to participate in the FFR market.
Similar to FCRs, FFR activation is based on locally measured frequency deviations,
and Fingrid does not send control signals (ENTSO-E 2019).

The flexible capacity accepted in the FFR capacity market must be fully activated
within the required activation time when the frequency drops below a certain
threshold. The TSO offers three options to FFR providers, and the reserve provider
should respond to the frequency deviation according to the selected option
(ENTSO-E 2019).

FFR procurement only occurs when the system inertia is predicted to be lower than
its limit. In the Nordics, the need for FFR procurement is highest in the spring,
summer, and autumn months when renewable energy contribution is highest and
conventional generation has a lower share compared to winter. Fingrid publishes
the required FFR requirements one week in advance, providing insight to
participants intending to take part in the FFR market.
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Fingrid organizes the FFR capacity market at the national level. In the hourly FFR
capacity market, bids for tomorrow's hours are submitted, and hourly prices are
determined according to marginal pricing principles. Interestingly, the FFR
provider can submit a combined bid that includes FFR and upward FCR-D and
FCR-N (Fingrid 2024e).

The FFR provider earns a capacity remuneration from the TSO if its bid is
accepted, and it activates its flexibility according to the selected option. Like FCR-
D, it does not receive any energy remuneration for its activations (Fingrid 2024e).

2.2.3 Frequency Restoration Reserves (FRR)

FRRs consist of two reserve services: manual FRR (mFRR) and automatic FRR
(aFRR) (Fingrid 2024c). The main goal of aFRR is to restore the frequency to the
standard value. It is activated automatically based on signals sent by the TSO every
10 seconds, aiming to compensate for frequency deviations within the Nordic
synchronous area (Fingrid 2019).

The Finnish TSO, Fingrid, procures aFRR capacity from its national hourly market
and through inter-TSO trades with neighboring countries (Fingrid 2024a).
Automatic FRR is only procured for hours expected to have higher variations.
Providers of aFRR can submit their hourly flexible capacities to upward and/or
downward aFRR capacity markets. These markets are settled according to the
marginal price principle (Fingrid 2024d). Unlike FCR-D and FFR, aFRR providers
are subjected to energy remunerations in addition to their earnings from aFRR
capacity markets (Fingrid 2024d). At the time of writing this dissertation, aFRR is
set to have a separate centralized market for energy remuneration, called the aFRR
energy market (eSett 2024).

Similar to aFRR, mFRR aims to restore the frequency to the standard level and is
the only manual reserve service used in the Nordics. Manual FRR requires manual
activation, ordered from the TSO's Main Grid Control Center (Fingrid 2024b). The
TSO orders mFRR activation to reduce existing imbalances or address forecasted
imbalances expected in the near future. Manual FRR has both capacity and energy
markets, known as balancing capacity and balancing energy markets, respectively.
The balancing capacity market is organized on a day-ahead basis, with a separate
price for each hour settled according to the marginal principle. However, the
market gate closure for the balancing energy market is 45 minutes before physical
delivery (Fingrid 2023).
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An mFRR provider whose capacity has been accepted in the balancing capacity
market is required to participate in the balancing energy (regulation) market as
well and is remunerated accordingly. Nordic TSOs collaboratively operate
balancing energy markets, and the hourly settled prices are also referred to as up-
regulation and down-regulation prices (Fingrid 2024b).

2.3 DSO-level flexibility: requirements and potential
services

The rise of renewable-based DER, such as rooftop photovoltaic panels, is resulting
in bidirectional power flow within distribution grids. This, combined with the
unpredictable charging patterns of EVs, can lead to voltage issues and congestion
in distribution networks (Firoozi et al. 2021). Consequently, DSOs must enhance
the DER hosting capacity of their networks to accommodate the increasing
integration of renewable energy.

DER hosting capacity denotes the maximum quantity of DERs that can be
integrated into a distribution network without surpassing operational limits,
necessitating control adjustments or infrastructure upgrades (Alturki et al. 2018).
In this regard, in order to increase hosting capacity, DSOs must reconsider their
network management strategies (Firoozi et al. 2021).

One solution is to implement a more dynamic approach in network operation such
as ANM. This involves leveraging FERs within the grid, such as DERs and
adaptable EV charging (Parthasarathy et al. 2022). In this sense, DSOs can
organize local markets at the distribution level to procure the necessary flexible
capacities, incentivizing different energy resources to support the grid while
earning a profit (Khajeh et al. 2021). For instance, flexible DER which are
connected to the distribution network can participate in the local markets. By
participating, DERs provide voltage control services through their converters' local
voltage control functions, such as reactive power-voltage (QU) droop and active
power-voltage (PU) droop functionalities.

Local markets provide ANM with the necessary flexibility. However, it is important
to emphasize that cooperation between DSO and TSO should be integrated into
the ANM scheme to optimise management efficiency. Figure 10 illustrates the
interaction among FERs, a local market, the DSO, and the TSO. This figure
exemplifies the management of FERs located in distribution networks within a
local market platform. In this setup, the DSO manages and settles the local
markets. Nevertheless, some studies such as (Khajeh et al. 2021) suggest that the
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DSO can assign the task of operating the local market to another entity known as

the local market operator.
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Figure 10. An example of a local flexible capacity market organized by the DSO,
the interaction among FERs, local markets, the DSO, and the TSO.

By 2050, it is expected that about half of all households in the European Union will
have renewable energy sources like solar panels. This could generate enough
energy to meet almost 45% of Europe's total energy demand (European
Environment Agency 2024). Additionally, households are becoming more
conscious of their energy usage patterns, especially with fluctuating prices due to
increased use of renewables. As more homes adopt Home Energy Management
Systems (HEMS), they will be better able to adjust to price changes automatically.

In the future, distribution networks can take advantage of this price sensitivity by

implementing dynamic tariffs, set by DSOs (Khajeh and Laaksonen 2023).

Currently, certain customers, like those in Finland, can consume electricity based
on fluctuating spot market prices but still pay a fixed tariff to the DSO for network
usage. However, this DSO tariff could adapt to meet flexibility needs, varying based
on time and customer location within the network (Khajeh and Laaksonen 2023).
Customers who respond to DSO’s flexibility requirements positively should pay
lower distribution network tariffs as a reward for their contribution (Khajeh and

Laaksonen 2023).
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2.3.1 Potential flexibility services for DSOs (Publication I)

To efficiently utilise existing resources through market mechanisms, DSOs must
provide tangible definitions of their required flexibility services. Publication I
recommends that these DSO-level services should tap into both reactive power (Q)
and active power (P) flexibility within the distribution network. This means not
only active power providers but also reactive power resources like inverter-based
DERs can join the DSO-organized markets.

Publication I also suggests another concept: coordinated flexibility services. This
means that both TSO and DSO are involved in procuring flexibility from
distribution networks and its procurement should enhance the cooperation
between the TSO and the DSO. In this regard, clear rules should be established for
different operational scenarios of TSO and DSO, ensuring that flexible resources
respond appropriately.

Sometimes, the flexibility requirements of TSO and DSO may conflict. For
instance, while the DSO might need upward flexibility at certain nodes, the TSO
balancing requirements might demand downward flexibility. In such cases,
leveraging reactive power flexibility by the DSO can prevent adverse effects on grid
frequency. Therefore, DSO-defined services should incorporate both active and
reactive power to facilitate collaboration between DSOs and TSOs.

Future DSOs need to define various services to meet their flexibility needs across
different distribution network states: normal, alert, and emergency situations.
These services should have their own capacity markets, organized in advance (e.g.,
day-ahead), ensuring the DSO meets its flexibility requirements and optimises
resource scheduling.

Pricing of DSO-level flexibility services is crucial, as it can incentivize or prevent
local market participation. Separate pricing for reactive and active power flexibility
services, as well as for upward and downward capacities, can be implemented.
Pricing based on marginal principle encourages flexible resources to submit their
marginal costs as offered prices. The time horizon and granularity of local capacity
markets should align with distribution network flexibility requirements.

For real-time flexibility activation, Publication I suggests that the DSO
communicates with flexible resources via flexibility signals, indicating whether
they should react upwards or downwards. However, in some cases, activation can
be automatic based on the locally measured voltages, especially for services
addressing voltage fluctuations. Figure 11 summarizes the key features of the
potent DSO-level flexibility services proposed by Publication I.
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Figure 11. Key features of the potential flexibility services for future DSOs
proposed by Publication I.

2.3.2 Hosting capacity estimation and effects of RES forecasting
(Publication I1)

Before organizing local markets and acquiring the necessary flexibility, a DSO
needs to estimate its hosting capacity. This estimation provides insight into how
much DER its network can accommodate. Publication II outlines steps for DSOs
to estimate hosting capacity and revise the estimation based on RES forecasts.

In Publication II, hosting capacity is estimated through an optimisation problem
aimed at maximising the sum of injection into each node of the network. The
objective function is constrained by the power flow limitations of the distribution
network. Publication II employs piecewise linearized power flow equations as
described by (Khajeh et al. 2021). Constraints include active and reactive power
balance requirements, voltage and current limits within feeders, as well as linear
equations relating voltage and current squares to active and reactive power, along
with inequalities associated with piecewise linearization of active and reactive
power. Figure 12 summarizes the optimisation problem for hosting capacity
estimation.
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Figure 12. An illustration of the optimisation problem estimating the hosting
capacity of the distribution network.

Following the optimisation, nodal hosting capacities and the total hosting capacity
are determined as output and decision variables of the optimisation. Nodal hosting
capacities represent the maximum injection possible at each node, while the total
hosting capacity sums up all nodal hosting capacities.

After solving the optimisation problem and determining maximum nodal injection
values (nodal hosting capacities), the DSO compares them with forecasted RES for
each node. Three cases may arise:

% CaseI) Forecasted RES generation is equal to or lower than nodal hosting
capacities for all nodes.

% CaseII) Forecasted RES generation for some nodes exceeds their estimated
nodal hosting capacities.

% Case III) Forecasted RES generation for all nodes exceeds their estimated
nodal hosting capacities.

Publication IT suggests actions for the DSO to ensure network security, as depicted
in Figure 13:
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v" In Case I, no action is needed.

v" In Case II, the DSO adjusts nodal hosting capacities to match the higher

RES forecasts and re-runs the optimisation to determine unviolated nodal
hosting capacities. If feasible, this provides revised estimates for nodal and
total hosting capacities. If not feasible, FERs may be employed via local
markets or other incentive programs to maintain network security.

In Case III, local network security is compromised. To mitigate this, the
DSO can employ measures like leveraging FERs via local markets or
dynamic tariffs for distribution networks.

Case I: Case II: Case I1I:
No violation of Some violations of Total violation of
nodal HCs nodal HCs nodal HCs
' { '
. R.e vise the Procure
No action estimation of flexibility
nodal HCs
If not
effective:
Procure
flexibility

Figure 13. Actions suggested by Publication II for DSO's action after estimating

the nodal hosting capacities (HC) and receiving the forecasted RES
values for each node.

Publication IT applies the proposed hosting capacity estimator to a Finnish urban
LV network model, yielding the following results:

Nodes closer to the beginning of the LV feeder and nearer to the MV/LV
transformer have greater hosting capacities, as expected.

Nodes closer to the transformer, with higher hosting capacities, are more
sensitive to forecasting errors. Even 40% errors in their RES forecasts, can
significantly impact the hosting capacity of the entire network,
emphasizing the importance of accurate RES forecasts, especially for nodes
near the transformer.

Based on Publication II's outcomes, DSOs are advised to conduct
sensitivity analyses to understand the impact of different RES forecast
levels on estimated hosting capacities. This can guide investments in
improving RES forecast accuracy, especially for critical nodes.
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2.4 Flexibility forecasting and scheduling

Flexibility must be forecasted before system operators can utilise it. This involves
predicting both the available and required flexibility at different timescales. The
required flexibility forecast, which is from the perspective of system operators,
should be conducted separately by TSOs and DSOs. They need to figure out how
much flexible power is required at each node to ensure effective network operation.

Each type of flexibility service should be forecasted independently. For this
purpose, TSOs forecast amounts of flexible power required for each type of service
on the next day. For instance, TSOs must estimate the volume of fast-responding
flexibility needed for each time slot of the following day to manage inertia
decreases. Similarly, DSOs should define services with various speeds and
characteristics tailored to their specific flexibility needs, such as real-time voltage
control and congestion management at nodes. They should then forecast the
flexibility requirements for each service to manage both expected and unexpected
network situations.

Flexibility availability refers to the flexibility provided by FERs that can be used by
DSOs and TSOs. This flexibility can come in the form of both active (P) and reactive
(Q) power and can be sourced from various levels of the power system. For
example, (Firoozi, Khajeh, and Laaksonen 2021) attempted to forecast flexibility
from residential end users in a local energy community, predicting how these users
would respond to requests from system operators. If the system operator requests
downward flexibility, the increased consumption is forecasted. If it orders upward
flexibility, the algorithm predicts how much consumption will decrease after
receiving the flexibility signal.

FERs need to be scheduled according to the flexibility signals sent by system
operators. If an upward flexibility request is made, FERs should reduce their
power consumption or/and increase production. Conversely, for downward
flexibility, they should increase their power withdrawal from the grid. This
rescheduling occurs in real-time or close to real-time. However, the actual
provision of active or reactive power related flexibility is dependent on specific
market requirements and can be also provided based on FERs corresponding
functions that utilise local frequency, voltage, active and reactive power
measurements.

Furthermore, FERs should estimate their available flexibility in advance and
communicate this to system operators. This allows system operators to plan based
on the available flexibility to ensure the secure operation of their networks. Both
flexibility estimation and real-time rescheduling of FERs should be framed as
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optimisation problems or other control methods, taking into account the
significant impact of uncertainties in flexibility scheduling and estimation.

2.4.1 Uncertainty-aware scheduling of flexibility (Publication IlI)

In order for both system operators (TSO and DSO) and FER owners to make
informed decisions on managing their networks and scheduling their resources,
Publication III proposes a roadmap framework towards uncertainty-aware
decision making. The roadmap begins with using probabilistic forecasting models
to predict uncertain variables such as renewable energy, energy consumption, and
energy prices. It continues with generating different scenarios based on the
predicted distribution of these uncertain variables. The scenarios are then utilised
by stochastic, robust, and chance-constrained optimisations to make decisions
according to the strategies selected by the decision makers. The proposed roadmap
is illustrated in Figure 14.

A probabilistic forecast aims to create a predictive distribution of values, whereas
non-probabilistic forecasts provide single points as the forecasted values. The
distribution of predicted values facilitates the process of generating different
scenarios and the probability associated with each scenario.

Publication III first reviews parametric and non-parametric probabilistic
forecasting models. Parametric probabilistic models make assumptions about the
Probability Density Function (PDF) of the forecast, whereas non-parametric
models do not consider known PDFs. The publication then reviews literature on
developing forecasting models for solar and wind generation, loads, and energy
prices. The uncertainty modeling and scenario generation are discussed using the
output of the probabilistic forecasts.

Publication III highlights that future power systems will become smart,
decentralized, weather-driven, and uncertain with the high integration of
renewables, EVs, and other uncertain productions and consumptions. This results
in numerous agents and stakeholders facing uncertainties within their operational
and planning decision-making problems. Some examples are as follows:

e A power plant owner with renewable energy resources, aiming to
participate in spot and reserve markets while considering the uncertainties
of its renewable energy.

e Strategic agents dealing with uncertain market prices and competitors’
strategies when constructing their optimal bidding strategies.
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e Retailers purchasing electricity in advance while considering their
customers’ uncertain demand.

e Balancing responsible parties utilising their flexibility, such as scheduling
their batteries, to maintain the balance between their intermittent
production and uncertain consumption.

e System operators, TSOs, and DSOs making decisions on their required
flexibility to effectively operate their networks, maintain the security of
supply, and ensure the reliability of the networks within defined limits. In
this context, uncertainties in renewables and customer behavior impact
their secure operations.
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Figure 14. A roadmap proposed by Publication III which outlines the path
towards decision-making under uncertainties.

Hence, the lack of accurate information affects optimal decision making. In this
regard, stochastic, robust, and chance-constrained models can be useful by
considering uncertainties in the optimisation and decision-making process. A
stochastic optimisation problem considers the probabilities of input occurrences
and creates a single solution based on different scenarios and their associated
probabilities. The robust optimisation approach focuses on finding an optimal
solution considering worst-case scenarios. Chance-constrained optimisation
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programming allows for optimisation constraints to be fulfilled up to a certain
level. Publication III devotes three subsections to review the literature and
categorize the applications of these three optimisations in a smart grid
environment.

The proposed decision-making roadmap can increase the flexibility of the power
system and make it less prone to uncertainties. As power systems become more
weather-dependent, handling uncertainty in determining the available flexibility
by FERs and the required flexibility by TSOs and DSOs can lead to more reliable
decisions.

Publication III also discusses the need for probabilistically forecasting flexibility-
related variables in the smart grid environment. This includes forecasting both the
required and available flexibility in the network. For instance, in the future,
probabilistic forecasts could predict the flexible capacities of EVs available for the
next day, which can be used for providing FCRs. Another example is forecasting
the flexibility of heating and cooling systems in buildings based on the weather
conditions expected for the next day.
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3 SMART HOMES AS FLEXIBLITY PROVIDERS

Today, an increasing number of homes are equipped with RESs like rooftop solar
panels coupled with batteries, which can be further optimised through EMSs.
Additionally, governmental regulations are facilitating the transition to electric
transportation, thereby promoting the use of EVs.

In addition to storage-based FERs, smart homes often feature appliances whose
operations can be scheduled to maximise household economic benefits. For
instance, dishwashers and washing machines can be activated when the grid has
overproduction. The operation of HVACs can also be adjusted to meet the
flexibility needs of the grid operators without compromising occupants' comfort.

Furthermore, EWHs can be controlled based on grid requirements, enabling them
to contribute as FERs without sacrificing their primary function of meeting hot
water demand. Similarly, the charging schedule of EVs can be adapted to provide
flexibility to system operators.

With at least one of these appliances likely present in most households, nearly all
homes have the potential to serve as flexibility providers. However, two key factors
are essential for realizing this potential: firstly, the implementation of a HEMS and
the ICT infrastructure to automate flexible operations and connect homes with
system operators; and secondly, the motivation of households to adopt such
systems and respond to the flexibility needs of the grid.

3.1 Estimating the flexibility potential of a smart home
(Publication V)

As most flexible capacities are procured on day-ahead capacity markets, the
flexible capacities of smart homes need to be estimated and offered to the markets,
either directly or through aggregators. Therefore, it is crucial to estimate the
available flexible capacity of each household in advance based on its controllable
devices. This prior estimation allows the HEMS to conduct cost-benefit analyses
and select the best markets to sell their flexible capacities. Additionally, accurate
flexibility estimation ensures that system operators can assign fair monetary
compensation based on the flexible capacities offered and the real-time activation
of the smart home devices.
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However, distinguishing between actual and flexible demand-side behaviour can
be challenging. Publication IV proposes methods to estimate the flexible capacities
of smart homes by analysing the capabilities of their controllable appliances to
respond to flexibility signals. It suggests that the flexible capacity of each
controllable device should be estimated by comparing its normal operation with
its flexible operation. The HEMS estimates both flexible and non-flexible
operations of each device and subtracts these values to obtain the appliance's
flexible capacity. Flexibility orders (signals) from system operators also influence
the estimation of flexible capacity. For instance, if system operators require
upward flexibility, the maximum reduced consumption of an appliance is
estimated as its flexible capacity. This flexible capacity is then communicated to
system operators, either directly to the DSO or through an aggregator to the TSO.

The publication examines two thermostatically controllable devices, including
HVAC and EHW, as well as two storage-based devices, an EV and a battery. Figure
15 illustrates the interaction between system operators, HEMS, and controllable
appliances of the smart home.

Figure 15. Controllable appliances of the smart home considered in Publication
IV, the estimation of flexibility of each controllable device by HEMS
and the role of flexibility orders from system operators.

Each controllable appliance operates in both normal and flexible modes. In HVAC
systems, normal operation aims to minimise the difference between indoor and
desired temperatures, while flexible operation minimises energy consumption
when there's a need for upward flexibility or maximises the electricity usage when
the grid needs downward flexibility. Indoor temperature limits are crucial
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constraints for both modes. Additionally, operational constraints of the HVAC
should apply to the problem.

HEMS aims to minimise the difference between desired and actual water
temperatures in EWH during normal operation. In flexible mode, power operation
in EWH is determined by flexibility signals, but meeting hot water demand and
device constraints remain priorities.

For EVs, fast charging is considered normal operation since the owner normally
desires maximum charging speed upon plugging in without any interruption in the
charging process (Andrenacci and Valentini 2023). Flexible operation allows for
variable charging speeds based on received signals, with owner-set availability for
charging and EV battery operational limits being optimisation constraints.

Battery operation is fully flexible according to Publication IV, charging during
downward-flexibility-required periods and discharging during the time when the
grid required upward flexibility. Recovery periods, not aligned with system needs,
occur during non-flexibility periods or when the battery is idle. The optimisation
process depicted in the Figure 16 resolves scheduling optimisation problems for
both flexible and normal operations of controllable appliances.
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Figure 16. Illustration of Objective Functions (OFs) and optimisation problems
solved for flexible and normal operations of HVAC, EWH, EV, and
battery.
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The difference between normal and flexible operation at each hour determines the
available flexibility of the smart home. Publication IV suggests adopting a robust
method to estimate the flexible capacity of the EWH. This involves generating
various scenarios from the forecasted hot water consumption and selecting the
worst-case scenario (minimum flexibility) as the available flexible capacity of the
EWH. This ensures that the smart home maintains the required capacity despite
uncertainties in hot water demand.

In the simulation section, a smart home with several controllable devices is
considered. Flexibility signals are derived from mFRR signals activated on
1.9.2020 in Finland using an API connected to the Fingrid open data platform. The
optimisation problems are solved using GAMS and the CPLEX solver, and the
house ambient temperatures are taken from the Finnish Meteorological Institute
for the same date. Figure 17 illustrates the factors considered in the simulation.
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Figure 17. The inputs considered in the simulation of a smart home for
estimating the flexible and non-flexible operations of controllable
devices.

The simulation results of Publication IV show that all controllable devices respond
to the flexibility signals, although their flexibility intensity varies according to their
operational limits. The battery demonstrates the highest flexibility compared to
the EV and thermostatically controllable loads. The primary function of the battery
is to provide flexibility, whereas the EV, EWH, and HVAC systems have other main
functions. Thermal comfort and meeting the household's hot water demand are
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more critical for thermostatically controllable devices, making them less
responsive to flexibility signals. The charging availability of the EV is a crucial
factor affecting its degree of flexibility.

3.2 Applications of fuzzy logic-based control method
(Publication V)

Publication V proposes a fuzzy logic-based control method for the HEMS of a
smart home to schedule controllable appliances and devices. The controllable
devices include an inverter-interfaced BESS, HVAC, and EV. The smart home
provides coordinated flexibility services for both the DSO and the TSO. It offers
active power (P) support as a frequency control service for the TSO, while
supporting the DSO with both active power (P) and reactive power (Q). The
publication assumes the BESS inverter has an oversizing option and can control
both consumed and produced active (P) and reactive power (Q) within their
permissible ranges.

3.2.1 Membership functions

As a first step of designing an FLC, membership functions for inputs and outputs
should be defined. The membership functions considered in Publication V are
illustrated in Figure 18.

The inputs of the control system include EV availability set by the EV owner, real-
time data of EV SOC and BESS SOC, online measurements of indoor temperatures,
measured frequency deviation for TSO-level flexibility provision, and flexibility
signals from the DSO. The EV can be either available or unavailable for charging.
The SOC levels of the EV’s battery and BESS can be low (L), medium (M), or high
(H). Similarly, the indoor temperature can be low (L), medium (M), or high (H).
Publication V defines frequency changes as upward (U), downward (D), or none
(N). The flexibility signals from the DSO are UB, US, N, DS, and DB. UB indicates
a large upward flexibility requirement, US indicates a small upward flexibility
need, N means no flexibility is required, DS indicates a small downward flexibility
need, and DB indicates a large downward flexibility need.

The outputs of the fuzzy control system include the operating power of the HVAC,
the charging power of the EV, and the active and reactive power output of the
inverter connected to the BESS. The inverter's active power output can be negative
big (NB), negative small (NS), zero (ZE), positive small (PS), or positive big (PB).
The reactive power output can be negative (N), zero (ZE), or positive (P). The
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HVAC power ranges from zero to its maximum nominal power (in kW) and can be
zero (ZE) or a positive value (P). Similarly, the EV charging power can be zero (ZE)
or a positive value (P), varying from 0 to its nominal power in kW.
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Figure 18. Membership functions defined for input and output variables of the
fuzzy logic controller designed by Publication V.

3.2.2 Fuzzy rules and defuzzification method

Following the definition of the membership functions, fuzzy rules should be
designed for the control system. These rules define the relationship between input
and output values, determining how to make decisions based on different
combinations of inputs.

Publication V defines 42 rules related to the active and reactive outputs of the
inverter-interfaced BESS. The rules are defined around the following meta rules:

» If the SOC level is low (L), the active power tends to become positive (PB,
PS), i.e. charging state to reach the medium (M) level of the SOC, as a
medium SOC provides more flexibility for both the DSO and the TSO.

» Correspondingly, if the SOC level is high (H), the active power tends
towards negative values (NB, NS) in discharging mode to inch towards the
medium (M) level.



Acta Wasaensia 43

The BESS's active power does not respond to the DSO's small flexibility
needs (US and DS), allowing must-run appliances, i.e. EV and HVAC, to
fulfil these non-emergency requirements as the operation of must-run
appliances incurs less cost.

The BESS responds weakly (PS and NS) to positive and negative frequency
changes, respectively, and reacts strongly (PB and NB) if the DSO needs
higher flexibility (UB, DB).

The active power output is zero when the DSO's and TSO's flexibility needs
do not align, in which case the inverter utilises and adjusts reactive power
instead of active power.

If the DSO's and TSO's needs align, the BESS responds strongly (PB and
NB).

The BESS does not change its operation if neither the DSO nor the TSO
requires flexibility.

For the HVAC, 9 rules are defined with the following meta rules:

>

>

>

>

The HVAC fully responds to the flexibility signals from the DSO: it outputs
zero for an upward flexibility requirement and a positive value for a
downward flexibility requirement.

The HVAC prioritizes the DSO's needs, responding to the DSO's signals
even if they contradict the TSO's flexibility needs.

The HVAC also reacts to frequency changes (TSO flexibility requirements)
if they align with the DSO's requirements.

The HVAC does not change its operation if neither the DSO nor the TSO
requires flexibility.

Regarding the EV, Publication V defines 13 rules considering the meta rules below:

>

The EV fully responds to frequency changes if they align with the DSO's
flexibility needs.

The EV completely reacts to the DSO's flexibility signals.

The EV prioritizes the DSO's needs if the DSO's and TSO's requirements
contradict each other.
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» The EV does not change its operation if neither the DSO nor the TSO
requires flexibility.

Publication V uses the Largest of Maximum (LoM) method to determine the
outputs' crisp values. LoM maximises the output fuzzy set and is chosen to achieve
the maximum flexibility provision by the smart home.

3.2.3 Comparison with other cases and simulation results

Publication V implements the proposed fuzzy logic controller with enhanced
performance and introduces three comparison models. Figure 19 provide details
on the proposed and Comparison Models (CM). The CMs are as follows:

CM 1) An FLC model that works based on spot market prices and tries to minimise
energy costs in real time. When the price is low, the BESS is charged, and other
appliances operate as much as possible. When the price is high, the smart home
consumes less and produces more, meaning the BESS is discharged, and other
appliances are scheduled to consume as little energy as possible. Additionally,
other operational rules related to indoor temperature and EV availability and the
SOCs are taken into account.

CM 2) The second model, named self-sufficient, ignores prices and flexibility
signals, aiming to use its BESS as much as possible to meet household
consumption. It tries not to compromise the indoor temperature and consider
constraints associated with EV availabilities and the SOCs.

CM 3) This model also works based on spot market prices. However, an
optimisation problem is designed to minimise energy usage costs, considering the
operational limits of the devices as well as factors related to indoor temperature
and EV availability.

The controllable appliances are scheduled from January 1, 2021, to March 31,
2021, across four cases. Each controllable device is modelled linearly to assess the
control strategy. For the HVAC, ambient and previous temperatures affect the
current temperature, with ambient temperatures sourced from real-world data in
Vaasa for the defined time period. The EV SOC is modelled based on its charging
power and availability, while the BESS model relates SOC to its charging and
discharging power.
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Figure 19. Implementation of the proposed FLC model and the introduced
comparison models (CMs).



46 Acta Wasaensia

Household devices are scheduled every three minutes. Real-time frequency data is
extracted from Fingrid open data (Fingrid 2021) via API for January to April 2021.
The FLC developed in MATLAB using Fuzzy Logic Toolbox and the optimisation
problems were implemented using CVXPY in Python.

Publication V conducts a three-month economic analysis for the smart home,
scheduling devices based on the four models. Results show that the proposed
model's total cost over three months was about one-fifth of the other three models.
Additionally, the proposed model received a significant capacity payment (around
€216), offsetting household costs and generating profits. Figure 20 compares the
net cost (cost minus revenue) of the proposed model with those of CMs. In total,
the proposed model generates profits with negative net cost. The self-sufficient
model incurred the highest cost, while the spot-price-based models were
intermediate in cost efficiency. The results also indicate that the FLC-integrated
price-based model performed as well as that using mathematical optimisation to
minimise energy costs.
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Figure 20. Comparison of the three-month monetary cost of a case study
considering the proposed FLC-based models and three introduced
CMs.
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4 FLEXIBILITY FROM MICROGRIDS AND ENERGY
COMMUNITIES

Energy communities and microgrids offer a platform to aggregate small-scale
FERs, such as flexible households and buildings, to provide flexibility services to
system operators. An example of these services can be frequency control in the
microgrid’s grid-connected mode. Microgrid’s FERs can also generate profits by
offering services in islanded mode and enhancing the microgrid's resilience and
flexibility when islanded.

In addition to the microgrid operation with islanded operation capability, small-
scale FERs can form an energy community to maximise profits by supporting the
grid. Typically, energy communities are not equal to microgrids by definition,
ownership and operation structure (Hatziargyriou 2023). Mainly energy
communities are operating only in grid-connected mode without island operation
capability of the certain part network with existing FERs. Energy communities can
include various members, such as residential, commercial, and industrial
buildings with flexible devices, or the owners of other FERs such as EV charging
station owners.

An energy community might have shared assets like bulk energy storage systems
(thermal, mechanical, or electrical), wind turbines, and PV panels. These shared
assets enable all members to benefit financially from participating in flexibility
markets while supporting the integration of more renewable energy into the grid.
The capital costs of these shared assets are shared among community members,
making it more affordable compared to each member purchasing individual FERs
to participate in energy markets and make profits (Doroudchi, Khajeh, and
Laaksonen 2022).

4.1 An energy community providing mFRR (Publication
\))

Publication VI analyses the operation of a local energy community providing
mFRR services for the TSO. The local energy community consists of members and
assets that are geographically close, allowing locally produced energy to be
consumed within the community. The community owns shared assets, including a
PV park and a BESS. Additionally, several EVs within the community can be
charged flexibly.

A non-profit manager oversees the scheduling of these flexible devices through an
Energy Community Management Centre (ECMC). The primary goal is to maximise
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the community's total profit by providing mFRR through optimised management
of its FERs, including EVs and the BESS.

Publication VI suggests that the ECMC estimates the community's upward and
downward flexible capacity and sends this information to a Balancing Service
Provider (BSP). The BSP aggregates the FERs from multiple communities and
other small-scale resources and develops bidding strategies for participation in the
mFRR capacity and energy markets, known as balancing capacity and energy
markets.

The TSO then clears these balancing markets and assigns mFRR capacity to each
BSP. In real-time, when the TSO calls for mFRR energy activation, the ECMC
updates the schedules of the community’s flexible devices (EVs and the BESS) to
ensure the reserve is activated as promised. Figure 21 illustrated the relationship
between the local energy community with the upstream BSP and the TSO. The
colourful blocks highlight the focus of the Publication VI.

Day-ahead . Real-time
R Ity :'!'_': P L L Ll 2':>.|
Balancing capacity and energy markets
L lancing capacity and energy mark |
IFIN G RID settlement 1
| A : :
. Reserve assignment for BSPs
| = i ‘ |
| H
- - |
BSP . Y 1
i Creating reserve H Reserve assignment I
bids - for reserve units |
L s |
_—— — — — — —————— — ——— — — — — — — — — —_
| Community o {\ctivat(?d reserve }
| : in previous hour
| EVs’ availability v ¢ I
: | Demand forecast H E;;::Z —>» Maximising real-time profit I
| PV forecast H ) * I
| H v FERs scheduling I
I Flexibility estimation E v Optimal trading power I
e

Figure 21. The interaction between the energy community and the BSP
aggregating the flexible capacity and the TSO who organizes and
clears the balancing markets.

For each time slot, the community provides its upward flexible capacity based on
its surplus production and downward flexible capacity based on the status and the
availability of its BESS and EVs to increase their consumption. If the community
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has overproduction, it submits the surplus as upward flexible capacity. Conversely,
the maximum capacity to increase consumption determines the downward flexible
capacity.

In the day-ahead capacity market, the community may offer both upward and
downward flexible capacities if it has a positive surplus and the capability to
increase consumption. However, only one direction will be activated in real-time.

The ECMC runs a stochastic optimisation problem in the day-ahead market to
maximise revenue from offering flexible capacities to the balancing capacity
market. The optimisation problem, as shown in Figure 22, aims to maximise
potential revenue from both upward and downward capacities.

DAY-AHEAD FLEXIBILITY ESTIMATION REAL-TIME FLEXIBILITY SCHEDULING
ke ~, R Mot bein s
s - - G A M s A% K4 simultaneuﬁsly .. G AM s A
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Figure 22. Day-ahead and real-time optimisation problems proposed by
publication VI in order to estimate the flexible capacities of the
community in day-ahead and reschedule the community in real-
time to activate the flexibility required by the TSO.

To handle uncertainties in mFRR real-time activation and the forecasting errors,
Publication VI proposes two control parameters that determine the minimum and
maximum bounds of BESS SOC. These parameters reserve a portion of the BESS
capacity, preventing battery’s capacity from being fully offered as flexibility in the
day-ahead market. This reserved capacity helps real-time schedules have more
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flexibility. This can mitigate the risk of penalties for failing to provide the assigned
mFRR. The SOC control parameters are visually shown in Figure 23.

In real-time, ECMC runs an optimisation problem with the objective of
maximising the community’s profit. The primary priority of the local energy
community’s real-time scheduling is to provide the activated flexibility,
considering the activation and the direction of the mFRR ordered by the TSO.

The real-time scheduling optimisation problem also takes into account the
availability of EVs for charging and sets a constraint that determines the minimum
number of 15-minute time slots in which the EVs should be charged, so as not to
compromise the EV’s predefined charging schedule. The defined optimisation
problem developed for the real-time scheduling is illustrated on the right-hand
side of Figure 22.

Publication VI considers a hypothetical community consists of 50 households a
100kW PV system, a 50kW/200kWh (Vanadium Redox Flow) BESS and 10 EVs,
as a case study. Optimisation problems were solved using GAMS and CPLEX
solver. The data of mFRR prices and activation extracted from the Fingrid open
data on July 7, 2019.

Regarding day-ahead scheduling, Publication VI analyses 15 cases that have
different bounds of minimum and maximum SOC as control parameters.
According to the results, all of the considered cases lead to three pairs of total
upward and downward flexibility offers, as Figure 23 illustrates. In light of this
conclusion, Publication VI narrows down all 15 cases into three groups, namely G1,
G2 and G3.

The results demonstrate that day-ahead control parameters significantly impact
the community’s profitability. According to the simulation results in Publication
VI, the group that reserves more BESS capacity, i.e. G3 is more profitable
compared to those with high BESS utilisation, G1 and G2. Furthermore, groups
with lower BESS capacity deployment (G2, G3) are more profitable than that
where the LEC does not provide mFRR (Figure 24).

The simulations indicate that participating in mFRR provision can be profitable
for the community. Hence, providing mFRR ancillary services not only assists the
TSO but also increases profits for the community. However, careful estimation of
the community’s day-ahead available flexibility is crucial for real-time profitability
and its optimal operation.
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Figure 23. Illustration of control parameters and the results of the day-ahead

optimisation problem solved for the case study in Publication VI.
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Figure 24. The daily net cost (cost minus revenue) obtained for the case study

considering different control parameters and the case in which the

community does not provide mFRR.
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4.2 Microgrid’s flexibility potential (Publication VII)

Publication VII discusses how microgrids equipped with EMS can enhance
flexibility of the grid and assist system operators in managing their networks.
Microgrids are viewed as valuable sources of flexibility for addressing network
operation challenges, as they contain several controllable FERs that can be
operated in alignment with network requirements. Microgrids can also be
disconnected from the grid in urgent situations, such as during a blackout. In
this regard, FERs can provide services to support the microgrid’s stand-alone
operation.

4.2.1 Flexible energy resources in microgrids

Publication VII introduces FERs in microgrids and their adaptable
characteristics. Figure 25 showcases a hypothetical microgrid with potential

FERs.

&~
Diesel -u'
generator /

Figure 25. Illustration of a grid-connected microgrid with different flexible
energy resources.
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The publication VII categorises FERs based on their flexibility into two main types:

v" Low-to-medium FERs such as solar and wind generation units: These units
have mostly uncontrollable or less controllable output that can be curtailed
if downward flexibility is needed in the network.

v" Medium-to-high FERs: such as energy storages, EVs, and thermostatically
controllable loads: These resources have continuously controllable
outputs, though their operational constraints might limit the flexibility
they can provide.

The publication details various storage-based high-flexible energy resources
available in microgrids, including:

e EVs: EVs offer adjustability, shiftability, and fast response capabilities,
making them valuable high-flexible resources for system operators and
microgrid operations. EVs with vehicle-to-grid capability are more
flexible compared to those without it as they enable bi-directional flow
of power.

e BESS: BESSs provide rapid-response solutions for stability, resiliency,
and flexibility in the microgrid. They come in various sizes and
materials, such as Lithium ion and Vanadium Redox Flow batteries.
Their mathematical modelling is similar to that of EVs, but EVs have
additional constraints related to their charging availability and vehicle-
to-grid capability.

e Thermal Energy Storage (TES): TESs store thermal energy from
sources like combined heat and power units, waste heat, or industrial
units. This stored heat can be used during high-price periods to avoid
using expensive electricity for heating. TESs can be seasonal, storing
cold in winters for use in summers. The publication includes a table
detailing typical TES types and their characteristics, including capacity,
power, efficiency, cost, and storage time.

e Flywheels: These mechanical energy storage devices store kinetic
energy by speeding up a rotational part. The stored energy can be
released back to the grid as needed. Flywheels are modelled based on
their mass, radius, and rotational speed.

The publication also reviews production-side FERs in microgrids, including:
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e Fuel Cell (FC): FCs convert chemical energy from hydrogen-oxygen
reactions into electrical energy. They operate in alignment with
renewables, producing power when renewables are not available. For
example, electrolysers produce hydrogen when there is surplus
renewable production, and FCs use this hydrogen when renewable
production is insufficient.

e Diesel generators: They provide backup power or upward flexibility
when needed. Their sizing and ramping rates are limited and should be
considered in their mathematical modelling.

e Renewable production: As previously mentioned, their production can
be curtailed in cases where the grid requires decreased production.

Microgrid’s FERs in the demand side include residential appliances, industrial
controllable devices, and commercial building systems, located in the
microgrid:

e Thermostatically controllable devices: Devices known as heating and
cooling systems like EWH, HVAC systems, heat pumps, and
refrigerators can adjust their power consumption via thermostat
control.

o Shiftable loads: Devices like dishwashers and washing machines
cannot control power consumption but can be scheduled to operate
during low-price hours or when they receive flexibility orders from
system operators.

e Curtailable loads: Lighting devices and other similar loads can adjust
power consumption without significantly affecting user comfort.

In demand-side resources, customer comfort is the highest priority. Figure 26
summarizes the FERs that can be available in a microgrid.
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Figure 26. Categorization of microgrid’s potential FERs that can provide
flexibility according to their degree of flexibility.

4.2.2 Energy management systems in microgrids

The active utilisation of high-flexible FERs can enhance microgrid’s flexibility
through EMS. In this regard, Publication VI presents various EMS designed
for microgrids with objectives ranging from cost reduction (fuel costs, devices
operational and maintenance costs, and the costs of purchasing electricity from
the upstream grid) and revenue maximisation (revenues from selling
electricity to the grid and customers as well as providing flexibility services to
TSOs and DSOs) to emission reduction and self-sufficiency.

The publication outlines three different approaches for microgrid’s EMS:

» Centralized management: Controls all FER operations based on global
optimal points.

* Decentralized management: Meets individual preferences of each FER
owner, giving them more freedom of operation.

» Distributed management: Uses a game-theoretic approach where FER
owners make independent decisions and trade signals to achieve a
global optimum.

Publication VII emphasizes the importance of considering uncertainties of
renewable energy generation and demand in microgrid’s planning and
operation. It explores various optimisation techniques, including stochastic
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programming, robust optimisation, and Benders' decomposition, to address
these uncertainties.

The publication explains the Model Predictive Control approach for making
real-time operational decisions of FERs by solving an approximate model over
future horizon. Model Predictive Control is used to handle intermittency,
binary variables, and sudden changes. It also reviews the applications of Model
Predictive Control in microgrid’s EMS.

Additionally, the publication discusses game theory as a potential approach for
microgrid’s operation, enabling distributed decision-making and handling
multiple agents of FERs. Game theory approaches are explored for multi-
objective optimisation and coordinated control in microgrids, involving
multiple decision-makers with potentially conflicting interests.
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5 BATTERY ENERGY STORAGE SYSTEMS AS FLEXIBLE

ENERGY RESOURCES

Publication VIII assumes that a private company aims to design a specific type of
Lithium-ion BESS. This BESS consists of battery cells connected in series and
parallel, along with the necessary equipment to integrate it with the grid, including
a converter, transformer, and control system. The primary purpose of the BESS is
to ensure the secure operation of the local distribution network by providing the

DSO with the required flexibility.

Additionally, the BESS is designed to enhance profitability by participating in the
Finnish FCR-N market. The main architecture of the publication is showcased by

Figure 27.
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Figure 27. The main architecture and contribution presented by Publication

VIII.

BESS planning model focuses on two main objectives:

» Network security: Determine the place and minimum size of the BESS to
prevent voltage violations and avoid exceeding the thermal limits of

feeders.

» Profit maximisation: Size the BESS to increase overall profits by providing

the FCR-N service for the TSO.

To achieve these objectives, the planning model runs in two stages:
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» Stage I (required allocation and sizing): In this stage, the BESS is optimally
placed within the local network and the minimum charging and
discharging power capacities are set to ensure the security of the local
network even in worst-case scenarios.

» Stage II (cost minimisation): This stage focuses on minimising the net costs
(costs minus revenues) of the BESS while ensuring the secure operation of
the network for the DSO.

5.1 Battery allocation for DSO-level flexibility provision
(Publication VIII)

The first stage involves deploying a mathematical model of the distribution
network to understand the relationship between injected/withdrawn flexible
power at each node, node voltages, and power flow within the feeders. For this,
Publication VIII uses a piecewise-linearized power flow model, also employed in
Publication I.

Upward flexibility is achieved by discharging the BESS to inject power into the
local network, while downward flexibility is achieved by charging the BESS to
withdraw power from the grid. The objective of this stage is to minimise the
amount of flexibility injected into and withdrawn from the grid under worst-case
scenarios to minimise the flexible capacity invested for having a secure
distribution network.

The optimisation problem utilised for the first stage has the same structure and
formulations to model the distribution network as that of Publication I, which is
displayed in Figure 12. However, some adjustments are made to determine the
location of the BESS. In this regard, the publication assumes that each candidate
node has an associated binary variable, indicating whether the BESS can be located
at that node. Candidate nodes are selected among the network’s weak nodes that
experience highest voltage fluctuations.

Publication VIII considers that designers have predefined the maximum number
of BESS units that can be placed in the distribution network. As mentioned, the
additional constraints are included in the power flow problem to determine the
optimal locations for these BESS units:

up BESS (1)
Pcn,s,t <M Ucn

down BESS (2)
P cn,s,t <M Uen
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Z uBESS < |BESS 3)
cn

Where, PP, and PEYP are upward and downward flexibility provided by

candidate node cn at time ¢t for scenario s. Parameter M is a large number. The

binary variable u2ESS equals one only if the node has a BESS. For nodes without a

BESS, uZf5S is set to zero, and consequently P.” . and PE°Y!* are set to zero.

Constraint (3) limits the number of nodes with BESS, based on the designer’s
predefined maximum number of BESS units.

Optimisation problem is solved and the outputs are the optimal values for upward
and downward flexibility at the optimal BESS locations (OBP), P,2°" }f_lsr_ntal and

Pdown,optimal
n=0BP,s,t

PBESSMIn g set to the maximum charging and discharging power across all worst-

. As a result, the minimum BESS charging and discharging power,

case scenarios:
PBESS,min = max (maX(Pup,optimal) ) max(Pdown,optimal)) (4)

n=0BP,s,t n=0BP,s,t

This means that the maximum flexible power needed by the network is set as a
minimum capacity power of the BESS.

Publication VIII proposes the following scenario generation algorithm to identify
the worst-case scenarios for the local network, as detailed in Figure 28:

Inputs: Historical data on daily net load at each node and each hour.
Outputs: Scenarios for daily net loads at each node and each hour.
The algorithm works as follows:

Time-Series clustering: Utilises time-series clustering to categorize nodes into
clusters and determine the probability for each cluster combination.

Selection of extreme days: Selects probable days with the highest total hourly
loads and the highest production.

Normalisation: Normalises the probabilities so that their sum equals 1.

Publication VIII utilises two case studies—the IEEE 33-bus radial distribution
system and a Finnish rural network—to implement the first stage of BESS
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allocation and minimum sizing. The CVXPY package in Python was used to model
both the first- and second-stage optimisation problems.

In the IEEE case study, the maximum number of BESS units was systematically
increased by modifying the right side of constraint (3). The study then compared
the aggregated capacities of all BESS units required to ensure secure operation of
the distribution network, with the results shown in

Table 1. Notably, increasing the number of BESS units up to 7 resulted in a
reduction in the required aggregated BESS capacity. However, adding an eighth
battery led to a higher aggregated BESS capacity.

Start > Cluster the net load consumed at each node
using K-means method

A 4

= Construct a combination of nodes’ clusters

v

Calculate the probability of the
combination

The probability =
Threshold?

Select the days with highest and lowest net
loads in the combination

Tried all
combinations?

Finish < Normalise the probabilities for the selected
days (scenarios)

Figure 28. Details on scenario extraction algorithm utilised for the first-stage
stochastic optimisation problem proposed by Publication VIII.
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Table 1. The aggregated capacities and the location of the BESS(s)
required for the secure operation of IEEE 33 bus system if the
number of BESS units varies.

Optimum Aggregated power Aggregated energy
Number of . . o
BESS units location capacities of all BESS capacities of all BESS
(nodes) units [kW] units [kWh]
1 12 2.799 10.106
2 16, 33 1.829 6.604
3 15, 18, 33 2.147 7.753
4 14, 16, 18, 33 2.387 8.619
5 14,16, 17, 18, 2.470 8.918
33
13, 14, 16, 17,
6 18, 33 2.602 9.396
13, 14, 15, 16,
7 17, 18, 33 2.694 9.727
13, 14, 15, 16,
8 17 18, 32,33 2.826 10.203

For the Finnish rural network, increasing the number of BESS units did not affect
the results, as the local network required only one battery located at its weak node.
The results also demonstrated significantly improved voltage levels for both local
networks using the BESS units. The minimum power capacity of the BESS,
determined in the first stage, is then used as a constraint in the second stage.

5.2 Battery sizing for FCR-N provision (Publication VIII)

The second stage focuses on designing the BESS to achieve optimal energy and
power capacities, maximising revenue from the FCR-N markets. This stage aims
to minimise the daily net costs of operating the BESS by considering the most likely
scenarios. The objective function accounts for several factors:

* Daily based maintenance and operational costs: These are
calculated per kilowatt (kW) of BESS charging and discharging.

» Cycling cost: This arises from the wear and tear on the BESS due to
charging and discharging cycles.

» Cost of FCR-N provision: This includes earnings (negative cost) from
reserving symmetrical FCR capacity, by participating in FCR-N capacity
markets and revenue (negative cost) from activating FCR-N energy in the
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upward direction, plus the costs of activating FCR-N energy in the
downward direction.

= Cost of spot markets: This is the cost of charging the BESS at spot
market prices minus the revenue from discharging the BESS at those
prices.

The constraints of the second-stage problem can be summarized as follow:

Active power balance equation as a constraint models the downward-activated
FCR-N and the charging power traded at day-ahead prices as consumption with
negative signs. Correspondingly, the upward-activated FCR-N and discharging
power traded at day-ahead prices are modelled as production with positive signs.
These production and consumption activities occur at the BESS-located node,
which was determined from the first-stage problem. In addition to the BESS, the
net load consumption at each node has a negative sign, while the power entering
the local network from the outer grid is considered production with a positive sign.
The reactive power balance equation includes only the consumption term from
demand, as the publication assumes that the BESS unit does not inject or withdraw
reactive power.

Publication VIII distinguishes between activated FCR-N energy and FCR-N
capacity. According to the droop control defined for the FCR-N (see Figure 8), the
relationship between activated FCR-N energy and capacity is as follows:

Upward activated FCR — N energy
{(50 — frequency) (5)

01 X FCR — N capacity if 49.9 < frequency < 50

FCR — N capacity if frequency < 49.9

downward activated FCR — N energy (6)
{(frequency —50)

_ X FCR — N capacity if 50 < frequency < 50.1

0.1
FCR — N capacity if frequency = 50.1

The other set of constraints determine the power capacity allocated to FCR-N and
charging/discharging power based on spot prices. Due to the symmetrical nature
of FCR-N, providers must reserve both upward and downward capacity for each
time slot.

For downward flexibility, the combined FCR-N power capacity and day-ahead
charging power must not exceed the BESS's rated power capacity, as indicated by
Constraint (7).
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Constraint (8) stipulates that the sum of the FCR-N power capacity and the day-
ahead discharging power cannot exceed the BESS's rated active power.

FCR — N capacity + charging with spot prices < BESS power capacity (7)

FCR — N capacity + discharging with spot prices (38
< BESS power capacity

When providing reserve services, adhering to current market regulations and
characteristics is crucial. For instance, at the time of publication, one key
constraint from Fingrid mandated that a BESS must be fully activated for at least
30 minutes in each direction (Astero and Evens 2020). Therefore, Publication VIII
includes a constraint ensuring that the BESS's available state of energy at the
beginning of each timeslot is sufficient to handle a 30-minute activation of FCR-N
power capacity in either direction.

Additionally, the publication defines constraints addressing the operational
limitations of the battery. These constraints link the effects of upward and
downward energy activation of FCR-N, as well as charging and discharging based
on spot prices, on variations in the BESS SOC.

Furthermore, linearized distribution network constraints are considered in the
second stage to ensure that providing FCR-N does not compromise the security of
distribution networks. Figure 29 summarizes the most important components
utilised for developing the second-stage optimisation problem.

The scenarios used for the second-stage optimisation problem are extracted from
a different algorithm than the first stage. The algorithm involves generating and
reducing scenarios based on historical data including hourly net loads for each
node and hourly positive and negative frequency deviations. The algorithm first
determines the optimal number of clusters for daily net loads and frequency
deviations using the Elbow Method. It then categorizes daily net loads and
frequency deviations into these clusters using the K-means clustering algorithm.
Probabilities are calculated for each combination of node and frequency deviation
clusters. The scenario generation and reduction process involve selecting days with
probabilities above a certain threshold and normalising the probabilities of the
final selected scenarios so that their sum equals one. Figure 30 provides details on
the scenario extraction methodology used for the second stage of BESS-sizing
stochastic optimisation problem.
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Figure 29. Illustration of the optimisation problem developed to model the

The second-stage method was applied to the Finnish rural network to assess the
impact of increasing prices from 2021 to 2022 and analyse the profitability of
participating in FCR-N markets for the BESS. The analysis considered four
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second stage of the BESS sizing problem.

strategic cases:

Case I: Utilises 2021 price and frequency data, with BESS operation

optimised based on the proposed model.

Case II: Utilises 2021 price and frequency data, with BESS operation

optimised solely based on spot prices.

Case III: Utilises 2022 price and frequency data, with BESS operation

optimised based on the proposed model.

Case IV: Utilises 2022 price and frequency data, with BESS operation

optimised solely based on spot prices.
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Cluster the net load consumed at each
Start 2 node and frequency deviations (positive
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A 4

Construct a combination of clusters of
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< Normalise the probabilities for the

Finish selected days (scenarios)

Figure 30. Algorithm utilised for second-stage scenario extraction in
Publication VIII.

According to the results from Publication VIII, the optimal BESS size is 800 kWh
when providing FCR-N services (Cases I & III). This value equals to the maximum
energy capacity limited by the transformer's capacity in Finnish rural network case
study.

For cases where the BESS does not participate in FCR-N, the optimal energy
capacity was 107.399 kWh in 2021 (Case II) and 800 kWh in 2022 (Case IV). This
difference is due to the significant increase in market prices in 2022.

Figure 31 compares the daily profits for each case. In 2021 (Case I), the BESS
generated €55.8 of profit from FCR-N. In 2022 (Case III), the profit increased to
€280.3, which is 3.6 times higher than the profit from operating based solely on
spot prices. In 2021, operating based on spot prices resulted in negative profits,
indicating that the operational costs exceeded the revenue.
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Figure 31. Daily profit comparisons estimated by Publication VIII for 800 kWh
BESS considering different market participation strategies and for
different years.

Publication VIII also examines the impact of cycling aging on the profitability of
Li-ion BESS from FCR-N participation. The results indicate that after 800 and
1600 cycles, the daily profit decreases by approximately 3% and 15%, respectively,
due to BESS capacity fade.
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6 WIND-INTEGRATED HYDROGEN SYSTEM PROVIDING
FLEXIBILITY FOR TRANSMISSION SYSTEM OPERATOR

Europe is advancing towards developing hydrogen infrastructure and significantly
increasing hydrogen production to meet the EU Green Deal's goal of boosting
renewable energy resources, with a particular focus on green hydrogen (Iliceto et
al. 2023). This effort involves expanding hydrogen valleys across Europe (Iliceto
et al. 2023).

While green hydrogen could accelerate the EU's green transition, the large-scale
integration of electrolysers presents challenges to local TSOs and broader
interconnected energy systems. These challenges include increased congestion,
disruption of balance, and larger frequency deviations (Iliceto et al. 2023). To
address these issues, coordinated and collaborative scheduling between hydrogen
production units and electrical system operators is essential to facilitate the
widespread integration of hydrogen.

A key strategy is aligning electrolyser operations with the network's flexibility
requirements. This cooperation benefits both parties: electrolysers as an FER can
generate additional revenue by supporting the system operator, leading to cheaper
hydrogen production through cheaper electricity. Meanwhile, the system operator
enhances network flexibility, enabling it to accommodate more renewables and
green hydrogen electrolysers. In this context, Publication IX analyses the
operation of a hydrogen system participating in FCR-N and FCR-D markets while
ensuring that the nearby transmission network operational limits are respected.

6.1 Electrolysers providing FCRs (Publication IX)

In Publication IX, a wind-integrated hydrogen system comprising a wind farm, an
electrolyser, a compressor, and hydrogen storage is scheduled to provide FCR
services for TSOs. These services include FCR-N, upward FCR-D, and downward
FCR-D. When the locally measured frequency drops below 50 Hz, the hydrogen
system injects wind power into the network. Conversely, when the frequency
exceeds 50 Hz, the system consumes more electricity to produce hydrogen, thereby
withdrawing more power from the network. Additionally, the publication assumes
that a fixed-term contract between the TSO and the hydrogen system ensures the
operation of the hydrogen system prevents congestion in the local transmission
grid. Figure 32 summarises the optimisation problem developed for scheduling of
the wind-integrated hydrogen system.
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Figure 32. The optimisation problem developed by Publication IX that
optimises the operation of wind-integrated electrolyser participating
in FCR markets.

The objective of our scheduling problem is to maximise daily profit by selling
hydrogen and providing FCRs to the TSO. Therefore, the profit from the wind-
integrated hydrogen system can be expressed as follows:

Daily profit = Revenue from selling hydrogen +

Revenue from reserving capacity for FCRs + 9)
Activation revenue from upward FCR — N —
Activation cost from downward FCR — D —

Electrolyzer's startup cost

FCR-D services do not include any activation payments, so activation costs and
payments apply only to FCR-N services.

The first constraint (Figure 32) is the balance constraint for the local transmission
network. In this formulation, upward FCRs inject power into the network, while
downward FCRs withdraw power. Additionally, the power flow between two nodes
is modelled as the product of the voltage difference between the nodes and the
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line's susceptance. To model the worst-case activation scenario, two specific
scenarios are defined based on historical data. The first scenario assumes that the
worst-case FCR-N is activated in only downward direction, with no upward
activation. The second scenario assumes the worst-case hourly upward activation,
with no downward activation. In both cases, the maximum values for activation
are derived from worst-case scenarios of historical data.

Another set of constraints defines the upward and downward flexible capacity that
can be offered to the FCR day-ahead capacity markets based on wind power
forecasts for the next day. Since Publication IX adopts a robust strategy, it
considers worst-case forecasting scenarios to estimate the wind-integrated
hydrogen system's flexible capacity for each time slot tomorrow. For each time slot
of the next day, these constraints are as follows:

FCR — N capacity + Upward FCR — D capacity (10)
< Minimum forecasted wind power

FCR — N capacity + Downward FCR — D capacity < (11)
11

Maximum power capacity of electrolyzer —
Maximum forecated wind power

Constraint (10) ensures that even if the forecasted wind power drops to its
minimum forecasted value, the electrolyser can still inject power, providing
upward flexibility to the grid.

Constraint (11) ensures that if the maximum forecasted wind power is realized, the
wind-integrated hydrogen system can still consume power, offering downward
flexibility.

In Publication IX, the electrolyser is assumed to operate during downward FCR
activation. Besides responding to downward activation, the electrolyser must also
absorb the non-activated portion of upward FCRs produced by wind turbines.
Additionally, since we consider the minimum forecast scenario as upward
flexibility, the electrolyser must absorb surplus power generated due to forecasting
errors. Thus, the following constraint approximately accounts for the minimum
real-time power consumption of the electrolyser, influenced by both FCR service
activations and various wind power injection scenarios:

Electrolyzer's working power

< The average estimation of downward activation (12)
+ The average estimation of the non activated part of upward capacity

+ The average error of wind power forecast
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In (12), the average error is computed by taking the scenario-probability-weighted
average of the differences between wind power scenarios and the scenario with the
minimum wind power value, which was utilised in constraint (10). It is worth
mentioning that the publication estimates the average hourly downward and
upward activation based on the historical data to be utilised in (12).

Another set of constraints govern the voltages of nodes and limit the power flowing
through the lines within the local transmission network.

Additionally, the hydrogen system, comprising the operation of the electrolyser,
compressor, and storage, is modelled. The publication employs a three-state model
of the Alkaline electrolyser for this purpose. The model was firstly introduced by
(Baumbhof et al. 2023).This model includes the following constraints:

» A constraint of binary variables ensures the electrolyser operates in one
state only: on, off, or standby.

» Another constraint ensures that power consumption in the on state of the
electrolyser remains within specified limits and the maximum power
capacity.

» A constraint dictates the fixed power consumption when the electrolyser is
in standby mode.

» Startup binary variables are defined to estimate startup costs, with a
constraint modelling cold startup, though it is explicitly stated that the
electrolyser cannot transition from off to standby mode.

Furthermore, additional constraints model the electrolyser’s hydrogen production
relative to its electricity consumption. To address the non-linear efficiency of the
electrolyser, a piecewise linearization of the function is implemented using binary
variables.

Constraints are also established to model the route through which hydrogen
demand is fulfilled, either directly from the electrolyser to demand or via the
compressor and storage before reaching demand. Capacities of the compressor
and storage, as well as the SOC of the storage, are incorporated as constraints in
the problem. Figure 33 provides an illustration of the proposed wind-integrated
hydrogen system as well as the flow of hydrogen, electricity traded with the main
grid and the flexibility provided for the local transmission network.
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Figure 33. Architecture of the wind-integrated hydrogen system providing
flexibility for TSO.

To generate various wind power forecast scenarios, the publication utilises an
approach involving quantile regression. The methodology includes (Burba 2023):

e Employing quantile regression to model wind power as a function of
forecasted wind speed, enabling the prediction of quantiles representing
different scenarios.

e [Estimating the Cumulative Distribution Function (CDF) by fitting a
distribution function to the predicted quantiles using quantile matching.

e Calculating the difference between CDF values at consecutive quantiles to
estimate the associated probabilities.

e Normalising the probabilities to ensure their sum equals 1.
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6.2 Operations comparison (Publication IX)

Publication IX presents a case study showcasing a simplified model of the
European HV transmission network. It focuses on the operation of a wind-
integrated hydrogen system located at the third node of the local transmission
network and other nodes with various types of generation units and demand.
Details about hydrogen equipment come from NREL and reference (Baumhof et
al. 2023), specifying capacities: 52.25 MWh for the electrolyser, 22 kg for hydrogen
storage, and 42 MWh for the wind park. Daily hydrogen demand is assumed to be
1222.44 kg. Real-world price data from Finland in April 2023 is analysed,
specifically for FCR markets. Historical frequency data from Finland is examined
for activation ratios of FCRs over one year. Activation ratios are computed using
equations considering activation droop characteristics. Wind scenarios and their
probabilities are determined using quantile regression and the presented scenario
generation model. The data related to FCRs, and frequencies were obtained from
Fingrid open data platform (Fingrid 2021) and those for wind speed were given
from Finnish Meteorological Institute (FMI 2023).

For comparison purposes, Publication IX investigates three distinct operational
approaches. While all strategies involve the wind-integrated hydrogen system in
managing network congestion, their operational methods differ as outlined below:

v Proposed operational strategy: The model suggested in the publication,
wherein the wind-integrated hydrogen system contributes to both FCR-N
and FCR-D provision.

v" Spot strategy: Introduced by (Baumhof et al. 2023), which optimises wind-
integrated hydrogen system’s operation according to spot market prices.

v Self-sufficient strategy: Designed to promote local grid self-sufficiency,
which aims to minimise power coming into the local transmission network.
Costs are also calculated based on spot market prices.

Figure 34 provides a comparison of the daily profits achieved through these
three strategies. The findings indicate that engaging in FCR markets can boost
wind-integrated hydrogen system’s profit by over 2.6 times compared to
operating solely based on spot market prices. Moreover, the notable influence
of startup costs is apparent in the Self-sufficient strategy, where profits are
eight times lower than those in the proposed operational strategy.
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Figure 34. Daily profits compared for different cases introduced by Publication
IX.

Moreover, the findings indicate that the proposed strategy, which involves
participating in FCR markets, results in notably higher hydrogen production
compared to other strategies. This is because it utilises the least expensive
electricity (FCR activations) for hydrogen production. Conversely, the Self-
sufficient operation strategy leads to the least hydrogen production. These
results underscore the significant revenue generation potential for the
hydrogen system through assisting the TSO.
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7 CONCLUSION

As power systems increasingly rely on weather-dependent intermittent renewables
and phase out conventional generators, their flexibility becomes crucial.
Enhancing the flexibility of power systems can be achieved by deploying available
FERSs across various levels, including distribution and transmission networks. In
this sense, this dissertation proposes solutions to better align the operation of
FERs with system operators. By doing so, system operators can respond more
effectively to both expected and unexpected challenges, thereby improving the
overall flexibility and resiliency of power systems.

7.1 Research outcomes

The refined answers (A) to the research questions (Q) raised in Chapter 1 (Section
1.2) can be regarded as a part of dissertation’s research outcomes:

Q1 (Decision-making Under Uncertainties): What is the roadmap towards
optimal decision-making from FER’s and system operator’s perspectives in a
smart grid environment?

A1: The process of making informed and optimal decisions under various
uncertain conditions includes the following steps:

» Specify and Probabilistically Forecast Uncertain Variables: Decision-
makers should identify and forecast the uncertain variables in their
decision-making process. For FERs, real-time flexibility activation and
prices of flexibility services can be considered their uncertain variables
whereas system operators can develop probabilistic forecasting models for
various parameters such as demand and production within the network,
the hosting capacity of their network and their flexibility requirements.

» Generate Scenarios: Based on the probabilistic forecasts, generate
scenarios to be used as inputs for the decision-making optimisation
problems.

» Develop Optimisation Problems: Depending on the strategy to handle
uncertainties, develop a stochastic, robust, or chance-constrained
optimisation problem.

For decision-making that demands high resiliency, such as network management
or submitting day-ahead bids to capacity markets, a robust strategy is usually
preferred. This is because failing to stick to the commitment can result in
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substantial costs. In contrast, chance-constrained models give the agent more
control over specific risks by focusing on meeting constraints with a certain level
of confidence. Stochastic models, on the other hand, consider all possible scenarios
and their probabilities, providing a comprehensive assessment of potential
outcomes.

Q2 (Distribution Network Enhancement): How can a DSO analyse its
flexibility needs and strengthen the network using FERs?

A2: A DSO can analyse the flexibility of its network by estimating its nodal hosting
capacity, which indicates the maximum capacity for nodal injection. Consequently,
the DSO can take the following steps:

» Estimate Nodal Hosting Capacity: Use an optimisation-based approach to
estimate nodal hosting capacity one day before.

» Revise Estimates: Adjust the estimate based on the nodal RES forecasts for
each node by rerunning the optimisation problem that estimates hosting
capacities.

» Utilise FERs: If the revised hosting capacity estimation does not end up in
new values and the optimisation problem does not converge, use available
FERs in the network.

To support the final step, a DSO can:

= Define different services and their associated incentive markets for DSO’s
various flexibility needs, including both expected and unexpected incidents
in the network.

» Ensure future DSO-level services provide both active and reactive
flexibility.

» Have a continuous collaboration with the TSO regarding flexibility services’
design and procurement.

Additionally, the DSO can ask a third company to perform the siting and sizing of
BESS(s) to secure the DSO-level network against worst-case scenarios and
strengthen the distribution network as much as possible.

Q3 (Flexibility Estimation): How is the flexibility of an FER quantified?

A3: The flexible capacity of each FER is quantified by estimating the difference
between the device's flexible and normal operations. The process involves:
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» Downward Flexibility: Quantified by maximising the consumption or
minimising the produced power of the device when the system operator
needs more withdrawal from the grid.

» Upward Flexibility: Quantified by minimising the consumption or
maximising the produced power of the device when the system operator
needs more injection to the grid.

Flexible capacity should be estimated considering the operational and technical
constraints of the FERs, along with the market needs and strategy adopted by the
owners.

Q4 (FER Scheduling): How should FERs be scheduled to meet the flexibility
requirements of system operators?

A4: FER scheduling should prioritize their primary functionalities before
addressing system operator flexibility requirements, in line with the services they
provide.

For instance, thermostatically controlled appliances should prioritize the thermal
comfort of building occupants before adjusting electricity consumption, for
example, in response to frequency deviations. For EVs, the priority should be their
availability for charging and the final battery status set by the owners before
scheduling. BESS has more flexibility but must consider operational constraints
like energy and power capacity limits during scheduling.

Developing an optimisation problem can ensure adherence to both device
operational limitations and specific flexibility service requirements, while
maximising the economic income. Depending on the FER owner's strategy,
stochastic, robust, or chance-constrained optimisation problems can be designed.

In addition to solving optimisation problems, FLC methods can effectively manage
scheduling by setting rules that account for the operational constraints of FERs,
technical requirements, market rules, and the synchronization of different FERs.
The FLC method is preferred when the scheduling problem involves complex and
non-linear constraints.

Q5 (TSO-DSO Flexibility Coordination): How can FERs provide
coordinated TSO-DSO flexibility?

As: Clear instructions are essential for FERs when providing flexibility services
for both system operators. It is crucial that flexibility provided to one system
operator does not compromise the secure operation of another, ensuring the
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stability of the entire network. Therefore, services for distribution-network-
located FERs should be revised to improve TSO-DSO coordination.

For example, if the DSO requires upward flexibility (increased injection) and the
TSO needs downward flexibility (decreased injection), FERs with reactive power
control can be better options for providing the necessary flexibility to the DSO
without disrupting the overall system balance. Additionally, FERs should prioritize
flexibility provision according to the urgency of the system's operational
requirements.

It is also important to recognize that the DSO's local network has fewer FERs
compared to the TSO, which can draw from both DSO-level and TSO-level
networks. In scenarios such as a weak distribution network, local FERs should
prioritize the DSO’s flexibility needs to maintain local network security.

Q6 (Profitability Analysis): Is flexibility provision financially beneficial for
FER owners?

A6: It has been shown that in Finland, providing flexibility services to the TSO can
be considerably more profitable than participating in spot markets or prioritizing
self-sufficiency. However, uncertainties must be carefully managed when
optimising the FER’s schedule and submitting flexible capacities to day-ahead
capacity markets, as failing to meet promised capacities can incur high penalty
costs and significant losses. Therefore, the optimisation problem for day-ahead
flexible capacity estimation and real-time scheduling must consider all device
operational constraints, market requirements, and potential real-time
uncertainties such as those related to flexibility activations.

At the time of conducting this research, there are no real-world published prices
for DSO-level flexibility services. Future analyses on the profitability of these
services can be conducted once DSO-level local markets are realised and real-
world data becomes available.

7.2 Contributions

In Chapter 1 (Section 1.3), the main contributions were described, and the
individual contributions of each publication (I-IX) were outlined in Section 1.4. In
this section (7.2), all the dissertation's contributions (I-IX) are listed as follows:

I. Considering Various FERs: This dissertation analyses the flexible
operation of a range of FERs, including;:
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Distribution-network-located resources such as a single BESS, an
individual household with EV, EWH, HVAC system, and a small battery, a
local energy community with a shared BESS and EVs

Transmission network-connected resources, such as a wind-integrated
hydrogen system

Optimal Scheduling Methodology for FERs: The dissertation
presents an optimal methodology to align the operation of FERs with
system operator requirements. Through developed optimisation problems,
FERs can respond to flexibility orders based on the chosen service without
compromising their primary functionalities. Scheduling is considered in
various environments, including smart home and energy community.

Incorporating Service’s Technical Requirements & Market
Characteristics: The research emphasises the need for individualized
research and modelling for each frequency control reserve service, taking
into account the technical requirements and market characteristics of each
service in each geographical area. The dissertation incorporates up-to-date
technical and market requirements, focusing on Finnish frequency control
reserve markets.

Uncertainty Management Roadmap: The dissertation outlines a
roadmap and strategies for FERs and system operators to manage
uncertainties. It offers guidance for making informed decisions in smart
grid environments and suggests strategies for robustly submitting flexible
capacities of FERs to day-ahead capacity markets. A novel concept,
"control parameters of BESS," is introduced to manage real-time
uncertainties, along with various scenario generation methodologies
tailored for the scheduling and planning problems.

New Optimisation Approach for DSOs: The dissertation proposes a
new optimisation approach for DSOs, estimating maximum injection
possibilities at each node and recommending actions based on
comparisons between nodal RES forecasts and estimated nodal hosting
capacities.

BESS Sizing and Siting: The dissertation includes a study on the sizing
and siting of a BESS in a distribution network to strengthen the network
against worst-case scenarios while maximising BESS profit through
participation in a frequency control reserve market, considering the cycle
aging characteristics of lithium-ion batteries.
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VII. FERs in Microgrids: The dissertation reviews potential FERs in
microgrids and discusses the development of EMSs for scheduling FERs in
microgrids.

VIII. Coordinated Flexibility Provision: The dissertation introduces FER’s
coordinated flexibility provision. It suggests that a transmission-network-
located resource provide simultaneous congestion management and
frequency control services, while distribution-network-located FERs
provide flexibility at both TSO and DSO levels. It also offers guidelines for
FERs, particularly when DSO and TSO flexibility needs diverge.

IX. Profitability Comparison Models: The dissertation develops
comparison models to prove the profitability of frequency control service
provision using real-world data and a case study in Finland.

7.3 Thesis limitation and future research

Based on the factors that were less focused on in this dissertation, future research
can be furthered as follows:

a) Optimisation of FERs for Providing More Types of Flexibility
Services

This research considered TSO-level services, including FCR-N, FCR-D, mFRR,
congestion management, and voltage control in distribution and transmission
networks. Future research could explore FER participation in services such as FFR
and aFRR, as well as multi-service optimisations. This would involve considering
frequency control services, congestion management, and voltage control services
simultaneously. In the multi-service optimisation case, the day-ahead flexible
capacity of FERs should factor in the forecasted prices of all services in an
economic-based objective function. Future works can also include bidding
strategies for sending combined bids to upward FCRs and FFR capacity markets.
Additionally, FERs participating in multi-service markets must meet
prequalification tests and adhere to market rules of all included services. Finally,
as local DSO-level markets develop, further analyses should assess the profitability
of participating in these markets.

b) DSO-Level Services Definition & Pricing

Although this research introduced some key factors for future DSO-level local
markets, extensive research is required to define DSO-level services and markets
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based on the specific needs of each distribution network. Future research should
also analyse optimal pricing for DSO-level services. For example, if DSO-level
services are priced higher than frequency control services, it may reduce
contributions to frequency control and increase imbalance in the system.
Therefore, pricing for DSO-level services should be done in relation to TSO-level
services, requiring close collaboration between TSOs and DSOs.

c) Optimisation of Multi-Energy Systems for Flexibility Provision

This dissertation demonstrated that aligning the hydrogen system's operation with
TSO’s flexibility needs yields significant economic benefits for the hydrogen
system owner. HVAC and EWH were also optimised to provide flexibility services
and profits without compromising customer thermal comfort. This strategy could
be extended to optimise and synchronize large-scale hydrogen, gas, heating, and
cooling systems with the electrical grid's flexibility needs. This would allow
electrical system operators to benefit from various FERs at different levels, while
flexibility providers could enjoy monetary benefits and cheaper electricity.

d) Aggregation Methods for Participating in Flexibility Service Markets

Analysing aggregation methods was beyond the scope of this dissertation, but
extensive work is needed to aggregate different types of FERs for participation in
reserve markets. Aggregation methods should account for market limitations
regarding the minimum bid for each reserve market and the operational
constraints of each FER. Aggregators need to develop methods to maximise FER
profits from market participation. Optimising multi-service markets can enhance
aggregation profits and mitigate the limitations regarding minimum bids for some
services.
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Abstract—Future renewable-based power systems require more
flexible energy resources that provide ancillary services.
Ancillary services help transmission system operators (TSO) and
distribution system operators (DSO) operate their networks. It is
thereby necessary to know the existing ancillary services’
technical requirements and market structures in order to design
future ancillary or flexibility service markets. In this regard, this
paper firstly introduces the existing TSO-level ancillary service
markets in Nordic countries. Their technical requirements,
capacity prices, and market outcomes are assessed based on the
Finnish capacity markets. Then, the DSO-level markets are
discussed by introducing the projects that develop markets for
DSO needs. Finally, new ancillary service markets are proposed
that are designed for the future renewable-based more
decentralized system. In the proposed market, local flexible
energy resources can provide active and reactive power related
flexibility services for both TSO and DSO.

Index Terms—TSO, DSO, ancillary service markets, frequency
regulation, voltage control, congestion management.

L INTRODUCTION

Power systems are going through a major transformation in
recent years. The strong growth in the intermittent weather-
dependent renewable generation has increased the need for
flexibility at different voltage levels of the power system. Both
system operators TSO and DSO need to adopt more flexibility
to be able to operate their networks in a reliable and efficient
manner. At the TSO level, more flexible energy resources (i.e.
flexibilities) for frequency control services provision in real-
time and near-real-time horizons are needed. In addition, the
DSO needs to utilize increasing amount of flexibilities to
control local voltages, avoid congestion within feeders, and
deal with the issues that arise due to distributed generation (DG)

[1].

In this regard, as a first step, clear view about the existing
ancillary service markets is required. Then, the new ancillary
service markets should be designed to complement the existing
ones and also fulfill the increasing future flexibility needs. In
the future, also increasing cooperation is needed between DSOs
and TSOs in order to maximize the potential collaborative

benefits of different flexibilities located at different voltage
levels in the system.

Regarding to the first step and existing ancillary service
markets, there exists some previous literature. For example, in
[2] the existing frequency-related markets in Nordics are briefly
described, although some markets are being upgraded at the
moment. In addition, the literature focused only on TSO-related
ancillary services. However, in future power systems it is
expected that also DSOs will need to procure ancillary services.
Also, in [3] an evaluation was conducted about the existing
ancillary service markets based on their products, architecture,
services, and the levels of buyers’ and sellers’ agreement.

On the other hand, related to the future ancillary service
markets, also previous research has been conducted. In [4] a
local capacity market was developed for providing DSO needs
as well as providing FCR services for the TSO. In [5], the
authors presented an interesting framework for trading reactive
power as an ancillary service. However, the future ancillary
service markets should be able to trade active and reactive
power related flexibility services as well as DSO-level
flexibility services besides TSO-level ones.

In this paper, first the existing TSO-level ancillary service
markets are introduced with a focus on Nordic and Finnish
markets. Focus is on the discussion about the characteristics,
prices and capacity trading of these services. Then, the paper
discusses the DSO-level potential markets and the projects that
aim to design markets for DSOs. Finally, the potential future
ancillary/flexibility service markets are discussed. These future
flexibility markets are proposed to enable participation of
small-scale flexible energy resources for the TSO- and DSO-
level flexibility services provision.

I1. EXISTING TSO-LEVEL ANCILLARY SERVICE MARKETS

The major share of electricity is traded in the day-ahead spot
market. The day-ahead market is settled one day before
delivery. Thus, it fails to fulfil the balance requirements of the
power system because of forecast errors. There are entities
named balance responsible parties (BRP) who are responsible
for maintaining the balance within their regions in each trading
period. BRPs are allowed to bilaterally trade in the intraday
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endorse any of University of Vaasa's products or services. Internal or personal use of this material is
permitted. If interested in reprinting/republishing IEEE copyrighted material for advertising or
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a License from RightsLink. If applicable, University Microfilms and/or ProQuest Library, or the Archives
of Canada may supply single copies of the dissertation.



Acta Wasaensia

market to compensate for their imbalances. However, taking
care of the real-time and near-real-time imbalances is the main
responsibility of TSOs. TSOs control real-time imbalances by
regulating the system frequency. A frequency deviation
indicates the system imbalance. In Europe, the standard
frequency is 50 Hz. A small deviation in the range of 0.1 Hz is
allowed during normal operation. However, sustained larger
deviations result in alert and emergency situations. Fig. 1
illustrates the frequency deviations in which alert and
emergency limits are exceeded [6].

Normal

Operation
Alert
Situation

o2s b

0.1

Time
(s)

quency deviation (Hz)

01 300, 200 m Emerzency

Situation

Fre

Figure 1. System status based on frequency deviation levels

TSO has different ancillary service markets to reserve the
required frequency control capacities. In case of power
imbalance (i.e. frequency deviation), full or part of the reserved
capacity is activated to compensate/correct the deviation or
imbalance. When the frequency is higher than 50 Hz, the TSO
needs to increase consumption or decrease the amount of
electricity generation. In this case, the TSO activates downward
regulation services. Otherwise, if the frequency falls below 50
Hz, the TSO activates upward regulation services to increase
the generation or decrease the electricity consumption.

Each level of frequency deviation requires its own
frequency regulation service. Table I summarizes the technical
requirements of the frequency regulation services, with a focus
on the Finnish markets [7]. Fig. 2 is an example obtained from
[6] showing which services are activated when a significant
disturbance happens in the power system. Frequency deviations
during normal operation are compensated by frequency
containment reserves for normal operation (FCR-N). FCR-N
services react to the frequency deviations in a range of £0.1 Hz
[8], [9]. In disturbance situations, frequency containment
reserves for disturbances (FCR-D) are activated. FCR-D
responds to the frequency deviations between 0.1-0.5 and -0.5-
(-0.1) Hz [9]. Since the deviation in Fig. 2 is larger, it activates
FCR-D and FCR-N is not activated. There also exist other
services which aim to restore the frequency to the standard
range after a disturbance or event. These services are called
frequency restoration reserves (FRR). Automatic FRR (aFRR)
is activated according to an activation request that is constantly
sent by the TSO each 10 seconds. In this way, the volume of
frequency deviation in the Nordic synchronous area is
measured and the appropriate signal is made accordingly [10].
In case of Finnish aFRR service, when the reserve resource
receives the aFRR signal, it should fully activate its reserved
capacity in 5 minutes. Manual FRR (mFRR) is the other
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restoration reserve service. This service compensates for the
forecasted imbalances that are expected to happen in a near
future. The reserved resource has 15 minutes time to be fully
activated when it receives the signal [11].

TABLE L TECHNICAL REQUIREMENTS AND FEATURES OF RESERVE
SERVICES IN FINLAND
Activation
Activation time Minimum
Service  Frequency main feature for 100% bid size
(Hz) activation (MW)
(s)
49.9-50 Symmetrical
FCR-N 50-50.1 capacity 180 0.1
Upward-
49.5-49.9
FCR-D 50.1-50.5 downw_ard 30 1
capacity
Very fast
FFR 49.7, 49.6, upward 1.3,1,0.7 1
49.5 .
capacity
Not based .
aFRR on Activated by 350 5
f TSO signals
tequency
Not based az[i?/r:tli?gn
mFRR on 900 5
frequency requested by
TSO

Rather recently, also a service has been introduced and
designed for low inertia situations. The modern power system
aims to phase out conventional fuel-based generators and
replace them with renewable-based units. This will decrease the
power system inertia and imposes a risk of high power
imbalance. The newly introduced service, named fast frequency
reserve (FFR), is responsible for responding extremely fast in a
short period of time in situations where the levels of kinetic
energy (i.e. inertia) are low. The resource providing FFR is
activated in even less than a second when the frequency falls
into 49.5 Hz (see Table I) [12].

Activated

= FFR cquenc:
Reserve (MW) Frequency

aFRR (Hz) o
— mFRR

@ Frequency
= FCR-D

50

X\ S

5 10 30 300

Time (s)

1200

Figure 2. Services activated after a significant disturbance / under-
frequency event

Fig. 3 compares the hourly capacity prices of FCR-N,
upward FCR-D, FFR, and upward aFRR, in 2021, Finland. As
the figure states, FCR-D had some price spikes during the year.
Unlike FCR-D, upward aFRR prices did not experience high
variations. FFR was more procured during summertime and
autumn in low-inertia situations. FCR-N experienced many
price volatilities, especially in the summer and autumn. Finnish
TSO, Fingrid, has also published the updated annual income if
100 MW resource is reserved for FCR and FFR capacity
markets illustrated in Fig. 4. The study considered volume
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weighted average prices in 2021 and the yearly prices in 2022.
As it indicates, participating in the yearly FCR-D down market
was the most profitable option while the yearly FCR-D up
market leads to less outcome. Since FFR is not being procured
as frequent as other services such as FCR-N, it leads to less
outcome.

Service

— 4FRR_up

FCR D up
- rem N
.- FFR

Prices (EMWh)
s

1nn-

u

Jan 2021 Apr 2021 Jul 2021 Oct 2021 Jan 2022

Figure 3. Prices of hourly capacity markets related to upward services in Finland

Income from FCR and FFR capacity markets
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®FFR

= Hourly FCR-N
m Yearly FCR-D DOWN

® Yearly FCR-D UP
® Hourly FCR-D DOWN

Figure 4. Outcome comparison if 100 MW resource is reserved for providing
FCR and FFR services

The following subsection describes with more details the
different capacity markets organized for these services.

A. FCR-N Markets

At the moment, there is not a common FCR-N market in
Nordic countries. However, the TSOs may trade FCR-N
capacities with each other. Finnish TSO Fingrid organizes
yearly and monthly capacity markets. The yearly capacity
markets are held every autumn. The highest accepted bid
determines the price which will be fixed for each calendar year
[13]. On the other hand, the hourly capacity markets for
procuring FCR-N are organized before the wholesale day-
ahead energy market. Fingrid determines the FCR-N prices for
each hour of the next day using the marginal (uniform) pricing
principle [13]. Fig. 5 compares the prices of hourly FCR-N
capacity markets with that of the yearly capacity market in
2021, Finland. As the figure states, the yearly price guarantees
a constant price but the hourly market can have volatile prices
which can also increase in the summer and the autumn.

The Swedish TSO, Svenska Kraftnét, and the Danish TSO,
Energinet, however, have a common hourly market with two

Acta Wasaensia

auctions to procure FCR-N capacity: one before and one after
the closure of the wholesale day-ahead market [6]. If the
capacity of a reserve resource is accepted in the market, it
receives payment according to its own offered price. Thus, the
settlement is based on the pay-as-bid principle. Statnett, as a
Norwegian TSO, also has two national hourly FCR-N sub-
markets, before and after the wholesale day-ahead market. It
also uses the pay-as-bid principle [6].
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Figure 5. Yearly FCR-N price vs. hourly FCR-N prices in 2021, Finland

B. FCR-D Markets

Fingrid has two separate hourly and yearly markets to
procure upward and downward FCR-D. Also, Energinet and
Svenska Kraftnit use the same method as FCR-N and procure
FCR-D from their common market. Statnett’s FCR-D market
follows the same rule as its FCR-N market [6].

C. FFR Markets

Fingrid purchases the FFR capacity from Estonia and/or the
hourly market that is held one day before the actual day, after
the wholesale day-ahead market [14]. A reserve provider has
the option to submit a combined bid that includes both FCR-D
and FFR services. In this way, if the bid is not accepted in the
FFR market, it is deployed in the FCR-D market [15]. The FFR
market has uniform pricing (marginal) principle.

Svenska Kraftndt organizes two markets for FFR
procurement, one with a four-day time horizon (Tuesday-
Friday) and the other one with a three-day time horizon
(Saturday-Monday). The bids are organized based on a merit-
order list and the resources are paid according to the marginal
pricing principle [6].

Energinet purchases FFR by organizing hourly markets,
similar to Fingrid while Statnett procures the FFR service by
organizing a market from May to September. Statnett first
reserves the required FFR capacity in the seasonal market. It
then requests the short-term capacities from the resources, if
needed. The reserve providers are remunerated based on the
marginal pricing principle [6].

D. aFRR Markets

Similar to FCR and FFR markets, there exists no common
market for Nordic TSOs procuring aFRR. However, they will
define a common market in a near future and at the moment the
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TSOs have the opportunity to purchase and sell aFRR
bilaterally with each other via inter-TSO trades [16], [17].

At the moment, Fingrid organizes aFRR hourly markets on
the day before, based on the marginal pricing principle. From
10" May 2022, Svenska Kraftnit will organize the daily-
procured market for aFRR with the same pricing as Fingrid. At
the moment Energinet does not have a national market for
procuring aFRR [6]. Statnett, on the other hand, has a national
hourly market for aFRR. Although it deploys the marginal
pricing principle, more expensive bids may be accepted in some
situations and be paid based on the pay-as-bid principle [6].

E. mFRR Markets

Although mFRR activation has a common Nordic market,
each TSO organizes national markets to procure mFRR
capacity. Currently, Fingrid sometimes procures mFRR from
mFRR weekly capacity markets. In most of the times, it has its
own reserves for providing mFRR[11]. Svenska Kraftnit does
not have a national market for mFRR capacity whereas
Energinet has an mFRR hourly capacity market for upward
regulations within its first zone (DK1). These markets are
organized on a day-ahead and marginal pricing basis. Statnett
has two seasonal and weekly markets to procure mFRR
capacity. One is held every Friday and the other market is
organized for wintertime. The mFRR capacity is procured in
these two markets based on the current situation of the power
system and the related constraints [6].

I1II. DSO-LEVEL MARKETS

The increasing integration of inverter-based and
intermittent renewable energy sources like solar photovoltaic
(PV) in distribution networks and the growing number of
electric vehicles (EVs) can lead to voltage limit violations and
may create congestions in distribution network lines. Therefore,
in order to avoid excessive investments in capacity upgrades by
passive network components (lines, transformers etc.) DSOs
could increasingly deploy coordinated and adaptive active
network management (ANM) schemes based on distributed
energy resources (DER) active and reactive power related
flexibility —services utilization and hosting capacity
improvement [18]-[20]. In addition, DSOs may need a market
to reserve flexible capacities to use them when needed. For
example, flexible DER connected to the distribution network
can support voltage control by their local voltage control
functions like reactive power-voltage (QU) -droop and active
power voltage (PU) -droop. [18]-[21].

To the best of the authors’ knowledge, there is not a real-
world DSO-level market that aims to help DSOs operate their
networks. However, there are certain pilot projects and research
studies that propose DSO-level markets for controlling local
voltages and congestion [21], [22]. For example, two pilots
have been developed to implement flexibility markets in
distribution networks in NODES-project [23], [24]. They aim
to analyze if the flexibility markets are able to solve voltage
challenges on an island and mainland. The first area is far away
from the main power system. The main challenge in this case
were under-voltage problems at peak hours. Thus, the
flexibility market was implemented to buy flexibility during
these periods. The purchased flexibility decreases the loads in
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order to maintain voltage level between target limits [24]. The
second flexibility market is implemented on an island in
Norway. A local flexibility market aims to resolve future
voltage limit violation issues due to the electrification of the
ferry and other future activities related to the growing
businesses on the island [22].

Enera is another project with a pilot located in the windy
Northwest of Germany [21], [25]. The project aims to unlock
flexibility in order to avoid wind power curtailment (i.e.
increase wind power hosting capacity). In this project, DSOs
purchase flexibility in the intraday timeframe to manage
congestion within their networks. GOPACS is another
interesting project based in Netherland. It is integrated into a
national intraday platform called Energy Trading Platform
Amsterdam (ETPA) and it tries to be connected to other market
platforms as well. If flexibility offers have a locational tag, they
can be sold to GOPACS. Accordingly, GOPACS finds the best
and cheapest resources for alleviating congestion within the
network [22], [26].

INA POTENTIAL FLEXIBILITY MARKETS FOR THE FUTURE
POWER SYSTEMS

Renewable-based power systems, with some share of
synchronous generation and natural inertia, require
ancillary/flexibility service markets that have the following
features:

1-  The new flexibility (ancillary service) markets should
unlock the flexibility of small-scale resources as well
as large-scale ones. They are established locally for
local participants.

2- They need to provide the local DSO and the TSO with
their flexibility requirements in coordinated manner
(optimally also collaborative benefit of the flexibility
could be simultaneously maximized for the DSO and
TSO). In this regard, they should make some rules for
local resources so that they would know how to react
in different situations.

3- DSOs can utilize the reactive power (Q) related
flexibility in distribution networks as well as active
power (P) related flexibility services. Reactive power
flexible resources such as inverter-based DER can
thereby participate in these markets.

In the first stage, flexible capacities could participate in
capacity markets. Capacity markets could be organized locally
for each frequency control service. Correspondingly, a local
DSO needs to define different services with different activation
times for normal, alert, and emergency situations. Future low-
/variable inertia power system frequency control may also
require restructuring of the frequency markets and respective
frequency deviation levels [18], [19]. Each flexibility service
needs its own capacity market. Similar to the TSO services, a
DSO might also define a fast symmetrical reserve service to
overcome the real-time voltage variations resulting from
renewable DER during normal operation and another fast
service designed for unexpected situations that cause higher
voltage deviations and/or congestion. A slower service is also
required to avoid predicted congestion and to manage voltage
at peak or off-peak hours of the day. The capacity markets
guarantee the flexible capacities that are required for the near
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future (e.g. tomorrow in case of a day-ahead market). Fig. 6
summarizes the proposed markets.

The TSO and the local DSO can submit their flexibility
offers as buyers. The DSO deploys both active and reactive-
power flexibility. Flexible energy resources owners submit bids
separately for their flexible active and reactive power. The DSO
has an option to run optimal power flow and select the cheapest
service according to the needs. There might be some time in
which the needs of the TSO and the DSO contradict each other.
For example, a DSO may ask for upward flexibility while the
frequency deviation needs downward flexibility. In these
situations, the DSO is better to use reactive power flexibility in
order not to adversely affect the frequency. Hence, the DSO
should reserve enough reactive-power capacity besides active
power to operate its network cooperatively and effectively.
Coordinated operation of different marketplaces at DSO and
TSO level with certain main principles for services
prioritization will be important in order to achieve maximum
societal and collaborative value of flexibilities. It is also worth
mentioning that, for example, voltage control related ANM
schemes at DSO level could also be a combination of dynamic
distribution tariffs and local flexibility markets.

Flexible resources have different flexibility levels [27]. For
example, batteries are highly flexible because their operating
time and power are controllable and they can respond to the
flexibility signals very fast. However, thermal controllable
loads are less flexible since their main objective is to maintain
the thermal comfort of their owners at a good level. Thus,
similar to the existing capacity markets, each future capacity
market should have its technical requirement. The reserved
resource must therefore pass the prequalification tests before
entering the market.

Pricing is an important factor in organizing a market. It can
motivate or discourage participants to continue trading in the
market. The pricing principle of the future markets can be
uniform pricing similar to most existing capacity markets.
Reactive and active power capacity markets can have different
prices. Upward and downward capacities can be settled
separately. The flexibility providers submit their offers based
on their marginal costs. For instance, the reactive power
resources may consider the cost of losses, switching costs and
lost opportunity costs when they submit their bids [28]. The
time horizon and granularity of the capacity markets can be
determined based on the flexibility needs of the system and the
requirements of the service.

In real-time the resources would react based on the
flexibility signals, they receive. TSO-level services mostly
require a frequency measurement and the reaction should be
according to the frequency deviation. The DSO also may
transfer flexibility signals to the resources indicating which
types of service it needs and whether it needs
upward/downward or active/reactive power flexibility. The
activation prices can be the same for all capacity markets or
DSOs may determine their own activation prices. However,
they should be competitive enough so to incentivize the flexible
resources to participate in DSO capacity markets. As mentioned
before, the DSO activates reactive power flexibility, rather than
active power, if its flexibility needs contradict that of the TSO.
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V. CONCLUSION

Flexibility/ancillary services play an important role in the
future renewable-based power systems. This paper first
introduced the existing technical ancillary service markets in
Nordic countries. They are mainly designed for TSOs
frequency control purposes. Each frequency deviation level
requires its own flexibility/ancillary service market. For
example, FCR-N reacts to the deviation in normal operation and
FFR service is deployed to handle low-inertia situations and
FRR services try to restore the frequency. The paper then
discussed the technical requirements, market structures and the
outcomes that a reserve service provider can achieve after
providing these services.

The modern power systems have a number of DER units
connected to distribution networks which can adversely affect
the operation of the networks. Thus, DSOs also need to
establish their local flexibility/ancillary service markets in the
future. The paper discussed the related projects in this regard.
Finally, we introduced the potential flexibility/ancillary service
markets basic structure for the future increasingly decentralized
power systems. Unlike the existing ancillary service markets
that have a minimum capacity limit for the participants, the
proposed markets are established locally for all-sized local
resources. They provide both DSO and TSO with reactive and
active power-based flexibility services. Each DSO and TSO
market could organize separate capacity markets for their
various operation needs in a coordinated/collaborative way and
some of the related details were discussed in the paper. The
work can be continued in the future by developing the proposed
flexibility/ancillary service markets in terms of pricing method
and market settlement. In addition, more future works are
required to develop DSO-level services for normal, alert and
emergency situations.
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Abstract

This research paper presents a novel optimization approach to estimate short-term hosting capacity of distributed energy
resources (DER) within a local distribution network. It emphasizes how DER day-ahead forecasts at various nodes can
significantly impact both total and nodal hosting capacities. By analysing these forecasts, the distribution system operator (DSO)
can proactively adjust the hosting capacity estimation to ensure network short-term operational security under different
scenarios. Our study case with Finnish urban network model confirms that nodes at the beginning of the feeder have higher
nodal hosting capacity. Crucially, even 40 % variations in DER forecasts for these high-capacity nodes can substantially affect
the entire network's hosting capacity. This highlights the paramount importance of accurate DER forecasts, particularly for these

critical points within the DSO network.

1. Introduction

Estimating the day-ahead hosting capacity (HC) of DER is
vital for operational planning of distribution networks and
making informed decisions about future actions. DER HC
refers to the maximum amount of DERs that can be
integrated into a distribution network without surpassing
network operation limits, such as voltage or current limits,
before needing control adjustments or system upgrades [1],
[2]. Accurate DER hosting capacity estimation ensures that
DSOs can integrate DERs into the network safely and
reliably. However, day-ahead DER HC estimation is greatly
affected by day-ahead DER forecasts.

Various research efforts have focused on estimating the HC
of distribution networks, as detailed in [3], [4]. Notably,
deterministic approaches, such as that analysed by [5], have
delved into flexibility from storage, PV power curtailment
scenarios, substation overloading possibilities, and different
load penetration levels in HC estimation. Reference [6]
explored HC by varying DER penetration levels and
assessing impacts on voltage fluctuations across various
loading conditions. Similarly, [7] aimed for faster
convergence in estimating HC, considering composite load
models and complex power. Reference [8] investigated
relationships between maximum PV generation, feeder
impedance, load, and network HC.

In general, HC estimation is affected by factors like load
and DER scenarios, alongside network features and
limitations such as voltage levels, the current carrying
capacity of cables as well as overload limits of transformers,
unbalances, harmonics, and flickers [9]. However, previous
literature largely overlooked the effects of DER forecasts on
HC estimation. This paper, therefore, tries to address this

gap by examining the impacts of DER forecasts on nodal
and total HCs of networks. The paper's main contributions
can be summarised as follows:

- Proposing a new optimization-based method using
a piecewise linearized power flow model to
estimate HC of distribution networks.

- Suggesting that the DSO revises estimated short-
term (day-ahead) HC based on day-ahead DER
forecasts. This enables the DSO to ensure network
operational security and reliability effectively.

- Utilizing a real-world Finnish urban distribution
network model to estimate HCs based on the
proposed  approach, alongside conducting
thorough sensitivity analyses to demonstrate how
individual node’s DER forecast can affect nodal
and total HCs.

The rest of the paper is organised as follows. Section 2
introduces the new optimization-based HC estimation,
while Section 3 discusses revised HC estimation and DER
forecast effects. Section 4 presents the case study, and
Section 5 implements the proposed methodology on the
case study and conducts sensitivity analysis. Finally,
Section 6 discusses results and concludes the paper.

2. Optimization-based Hosting Capacity
Estimation

The objective of HC estimation is to determine the
maximum amount of power that DERs at all nodes can
inject into the network under scenario s:

max 2nHCs (D)
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Where, HC,, ; represents the hosting capacity of node n (i.e.
nodal hosting capacity) estimated for scenario s. The
objective function (1) is limited by distribution network
power flow constraints. This paper uses the piecewise
linearized power flow equations as described by [10], [11].
These constraints are formulated as follows:

Pgnle;ZCs'i'HCn,s_Pr?s Zn'( nn's n_ns+
Ry Sl ! ,S) + Z‘ﬂ'( n'ns Py ns) =0 (2

2net DER
n=PoC,s + Qn,s ns Qns

Xpn' Sl ) + an(Q:[,’n,S

Zn (an s nn S +
Quns) =0 (3)

SVps — SVpr s — Zfl’n,SIn’an 2R, (P s Pn_'n,’s) —
ZXTl,Tl’,S(Q;:,n’,S - Qr:,n',s) =0 4)

V2 < S, <V (5)

P<PZ<P ()
Q<Qt<qQ (8)

Pr:-n ,S + Pr:,n’,s S Vratedln,n' (9)
an ,S + QT:TL ,S S Vrated[ (10)

VradeSIn,n’,s = Zi(Zi -1 ASn,n’ APn,n’,s,i + Zi(Zi -

1) ASn,n’ AQn,n’,s,i (11)
P;ns+Pnns—ZlAPnn 5,0 (12)
Qr-:-,n’,s + Qr:,n’,s = ZiAQn,n',s,i (13)
0< AP, SAS,y  (14)
0< AQn,n',s,i < ASn,n’ (15)

yrated Tnn’
O —— (16)

P:n 5 nn s”Qn’ns’Qn’ns'HCnS'APnn S‘Aan K =0
17)

Where, constraint (2) is an active power balance equation,
keeping balance between the active power entering/leaving
the local distribution network, i.e. P25 ., the maximum
power that can be injected into the network, HC,, the
power consumed by the local demand, P2, and the active
power flowmg through lines, |nd|cat|ng by ¥,/ (PF

Pn_n S nn'sSInn s) +Zn’( n', n ns) In this
term, P+,

' sdenotes  the active power that flows in a
downstream direction from n to n'. Correspondingly,

nns

P . cindicates the flowing active power from nton' in an
upstream direction.

Constraint (3) applies the same balance as (2), between the
reactive power injections and consumptions. It includes the
reactive power entering/leaving the local distribution
network at point of coupling (PoC), i.e. Q3% the
reactive power injected by the DER, Q2ER, the reactive
power consumed by the local demand, Qp, as well as the
reactive power flowing through the lines. Similarly,
Qv srepresents the reactive power flowing in a
downstream direction from nton' and Q,, - is the reactive
power transmitting from n to n’ in an upstream direction.
Moreover, R, 1, X, and Z, .+ refer to the resistance,

reactance, and |mpedance of the line between n and n'.

It should be highlighted that (3) and (4) are applied at each
node n for each scenario s.

Equation (4) describes the relationship between the lines’
flowing power and the voltages of nodes. In this constraint,
SV,.s serves as an alternative variable equal to the squared
voltage at node n under scenario s. Also, SI, /s an
alternative variable substituting the squared current flowing
between n and n’ under scenario s.

Constraints (5) and (6) restrict the squared voltages and
squared currents to stay within their minimum values
(V3 I,?) and their maximum values (Vz,fn,nrz).
Similarly, constraints (7) and (8) limit the values of active
and reactive power allowed to enter and exit the local
distribution network, taking into account the capacity of the
transformer. P and Q represent the minimum active and

reactive power, while P and 6 indicate the maximum active
and reactive power ranges, respectively.

Constraints (9) and (10) ensure that there is no congestion
within the lines, where V74t¢@ denotes the rated voltage.

Constraints (11)-(16) pertain to the piecewise linearization
technique applied to the power flow equations. In these
constraints, i is the index showing the partition used in
piecewise linearization and N indicates the total number of
partitions. The parameter AS, ./ refers to the maximum
apparent power that can flow between n and n' in the
piecewise-linearized power flow. The variables AP, ./,
and AQ,, ., s; represent the discretised active and reactive
power for partition i flowing between n and n’' under
scenario s.

After solving optimization problem (1)-(17) and identifying
the maximum/optimum amount of nodal DER injection
(HCZR") for each scenario, the nodal HC of the network is
determined by finding the minimum value of the nodal DER
injection across all scenarios. This implies that the nodal HC
is obtained as follows:
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Nodal HC = HC,°®" = min HC.Y' (18)

N
The total HC of the network is obtained by summing up the
nodal HCs of the distribution network:

HC = ¥, HC, " (19)

3. The Impact of DER Forecasts on HC
Estimation

Assume that a DSO executes equations (1)-(18) to
determine the maximum values for the nodal HC of its
distribution network on a day-ahead basis. Thus, the DSO
should utilize forecasted values of nodal consumption for
the parameter PP. Additionally, it receives forecasts of
nodal DER generation. Then, the following situations may
arise:

Case 1) The forecasted DER generations are all equal or
below the nodal HCs of the network.

Case Il) At some nodes, the forecasted DER generations
exceed their estimated nodal HCs.

Case Ill) The DER generation forecasts for nodes indicate
that all nodes are expected to generate power exceeding
their nodal HCs.

The DSO does not need to take action in Case I. However,
in Case I, the DSO can implement the following measures
to ensure network security:

1) Set the value of the nodal HC with higher DER
forecast to be equal to their forecasts:

HC, s = Forecast, if Forecast, > HC,°"* (19)
Where, Forecast,, is the DER generation forecast
for node n.

2) Execute (1)-(18) with the fixed parameters of HC
for those nodes whose DER forecasts are higher.
Subsequently, if the optimization problem is
solved, it gives you a new set of values for nodal
HCs. Thus, the DSO revises its nodal and total HCs
according to the new results.

3) If the optimization problem is not feasible,
indicating that the network is not secure. The DSO
may employ flexible energy resources, as
proposed by [10], [12], to ensure network security.

In Case |11, the DSO can take the same measures and utilize
flexible energy resources to make sure that its network will
remain secure for the following day.

4. Case Study

This paper examines a Finnish urban LV network (Fig. 1)
as a case study. The line parameters and line current
capacities are detailed in [13]. The nominal voltage is set at
1 pu, with minimum and maximum voltage limits defined

as 0.95 and 1.05 pu, respectively. Also, the power factor of
loads and DERs were set to 0.8.
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Fig. 1. The studied Finnish urban LV network

At each node of the Fig. 1 LV network, there are two or
three detached houses. We extracted representative
consumption data for one day from real data collected in
2019 in Finland. This data serves as representative scenarios
for the optimization problem (1) to (17). The nodal
consumption data is shown in Fig. 2.
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Fig. 2. Nodal consumption of the studied LV network (Fig. 1)
5. Simulation Results

5.1. HC Estimation

First, the optimization problem defined by equations (1)-
(17) was modelled and solved. Then, equations (18) and
(19) were used to calculate HC for each node (nodal HC)
and the total HC for the entire network.
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Fig. 3. Nodal HC estimated for the studied urban LV network in
Fig. 1
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To solve this optimization problem, we used a software
package called CVXPY in Python [14]. The calculations
were performed on a laptop equipped with 16 GB of RAM
and a 13" Gen Intel Core i5-1335U processor.

Fig. 3 displays bar charts representing the HC at each node
of the Fig. 1 LV network. The Fig. 3 illustrates that nodes
closer to the beginning of the LV feeder exhibit higher HC.
Nodes further away from the MV/LV transformer (Fig. 1)
have less capacity to accommodate DERs. Therefore, nodes
b5 and b7 have the highest HC, while nodes b9 and b10 are
the least capable for integrating DERs. For example, the HC
of b1 is 14 times higher than that of b10.

5.2. Impact of DER Forecasts on HCs

The HC value of each node was separately increased to
observe how the DER forecast of each node affected both
the nodal and total HCs. Generally, when the HC of one
node increased, which can indicate the DER forecast of that
node, the HC of other nodes either stayed the same or
decreased. Fig. 4 illustrates how increasing the HC of node
bl affects the hosting capacities of other nodes in the
studied LV network (Fig. 1).

1754
150 -
m— h2 HC
125 A m— 3 HC
s — b4 HC
= 100 4 b5 HC
g b6 HC
% 75 4 — 7 HC
z — h8 HC
50 - m— h9 HC
m— h10 HC
25 4 ——
0 -_-=-—-
170 180 190 200 210 220 230
b1 HC (kW)

Fig. 4. Variation of nodal hosting capacities (HCs) in relation to
the hosting capacity of node b1 in the studied LV network (Fig.
1).

On the other hand, a single HC increase up to a certain level
did not affect the total HC of the network. This implies that
if the DSO receives a higher DER forecast for a specific
node, up to a certain threshold, it does not impact its original
total HC estimation of the network.

Fig. 4 illustrates the impact of increasing the HC of each
node (in %) on the total HC of the network. As depicted in
the Fig. 4, nodes closer to the beginning of the LV feeder
(b1 and b5 in Fig. 1) can have a greater effect on changing
the total HC. This suggests that the total HC can be more
sensitive to DER forecasts of these nodes.
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Fig. 5. Variation in total HC concerning changes in the HC of
individual nodes in %

In Fig. 5, zero values for both total and nodal HCs indicate
that the optimization problem (1)-(17) is infeasible. This
infeasibility suggests that the distribution network cannot
accommodate the planned amount of DER injection at the
node. For example, if the forecasted DER at node b1 is 40
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% higher than its primary estimated hosting capacity, the
HC estimator optimization will not have a solution. This
means that injecting such a high level of DER at b1 would
violate one or more security limits of the network.

6. Discussion and conclusion

This paper proposed a new optimization-based approach to
estimate the total and nodal DER hosting capacities in DSO
network. The research emphasized that if the forecasted
DER at a particular node exceeds the initial hosting capacity
estimate, the DSO needs to revise its estimation of both the
total network hosting capacity and the hosting capacity of
nodes. This paper also studied different actions the DSO
might take depending on the DER forecast scenario.

The proposed hosting capacity estimator was studied with a
Finnish urban LV network model. As expected, the results
showed that nodes closer to the beginning of the LV feeder
and close to the MV/LV transformer have higher hosting
capacities. More importantly, the findings revealed that for
these nodes with higher hosting capacities, even 40 %
variations in the forecasted DER can significantly impact
the total network hosting capacity. This underlines the
critical role of accurate DER forecasts, especially for these
nodes with higher hosting capacity.

Based on the studies, it is recommended that DSOs first
conduct a sensitivity analysis to assess how the network's
hosting capacity reacts to different DER forecast levels.
This analysis could help DSOs to identify which nodes have
the greatest influence on the total network hosting capacity
depending on the accuracy of the DER forecasts.
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Abstract: This paper reviews the recent studies and works dealing with probabilistic forecasting
models and their applications in smart grids. According to these studies, this paper tries to introduce
a roadmap towards decision-making under uncertainty in a smart grid environment. In this way,
it firstly discusses the common methods employed to predict the distribution of variables. Then, it
reviews how the recent literature used these forecasting methods and for which uncertain parameters
they wanted to obtain distributions. Unlike the existing reviews, this paper assesses several uncertain
parameters for which probabilistic forecasting models have been developed. In the next stage,
this paper provides an overview related to scenario generation of uncertain parameters using their
distributions and how these scenarios are adopted for optimal decision-making. In this regard, this
paper discusses three types of optimization problems aiming to capture uncertainties and reviews
the related papers. Finally, we propose some future applications of probabilistic forecasting based on
the flexibility challenges of power systems in the near future.

Keywords: probabilistic forecasting; smart grids; decision making under uncertainty; renewable
generation; stochastic programming

1. Introduction
1.1. Motivation and Contribution

Smart grids” operation and planning deal with different types of forecasts. The recent
advances in information and communication technology (ICT) facilitate the real-time
control of devices and resources based on the real-time system states. However, to establish
an effective control, the mass of data received from smart meters should be processed
and analyzed. These data are utilized to predict future system states. The results of this
prediction are then employed to find the optimal control strategy. For example, in many
studies, electricity consumption and renewable generation are forecasted and the results
are used to determine the optimal commitment of the other conventional generation units
and resources.

In this regard, well-trained data-driven forecasting models often give forecasters
overconfident and point-forecasted values [1]. This means that the data-driven algorithms
giving us point forecasts cannot model the uncertainties and errors of the forecasts. In
addition, the decision-making process may be subjected to an information gap. This
information gap creates a disparity between the information that a decision maker has and
the information that could be known. Thus, the information gap produces possibilities,
and this range of possibilities increases as the information gap grows. In this way, decision
makers may decide to base their decisions upon the best-informed available model and
disregard the uncertainties, which results in insufficient decision-making [2]. To resolve
this issue, probabilistic forecasting is suggested.

A probabilistic forecast produces a predictive distribution of values rather than a
single value. In general, there are two techniques to generate probabilistic forecasts, named
parametric and non-parametric methods. Parametric methods associate a probability
distribution with an uncertain variable and then try to estimate the parameters of this
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probability distribution function (PDF). On the other hand, non-parametric methods use
quantiles and ensemble forecasts to derive different forecasted values.

Different types of variables require different probabilistic forecasting models. The
goodness of a probabilistic forecasting model should be evaluated according to two prop-
erties: “calibration and sharpness” [3]. A calibrated model is able to maintain statistical
consistency between forecasts’ distribution and the corresponding observations. On the
other hand, the sharpness property is more concerned about the concentration of the ob-
tained distribution function [3]. Accordingly, one can conclude that a good probabilistic
forecasting model needs to be optimally sharp, subject to being calibrated.

In a smart grid environment, stakeholders and operators employ probabilistic fore-
casting methods for their uncertain parameter values. Renewable generations, customers’
consumption behavior, and electric vehicles’ charging/discharging behavior are some
examples of uncertain parameters. Thus, a comprehensive review of the applications of
probabilistic forecasting can guide forecasters to focus on important uncertain parameters in
smart grids. For this purpose, a limited number of reviews have been conducted. For exam-
ple, ref. [4,5] focused on the recent probabilistic forecasting models aiming to predict wind
power. The main focus of [4] was on short-term wind power probabilistic forecasting and
compared the forecasting models developed by the previous literature. In contrast, ref. [5]
discussed the probabilistic forecasting models up until 2014, considering three different
representations of wind power. Similarly, ref. [6-8] reviewed the methods and applications
of probabilistic forecasting for PV generation. In this regard, ref. [6] mainly concentrated on
integrating PV probabilistic forecasting models into power system decisions, while ref. [7,8]
mostly reviewed and compared the probabilistic forecasting techniques. Additionally, the
methods applied to predict the distribution of electricity demand were reviewed in [9].
On the other hand, the main contribution of [10] was to review the papers seeking to
probabilistically forecast energy prices. This paper is useful for strategic stakeholders that
need to make decisions with uncertain prices and participate in the market accordingly.
Finally, ref. [11] provided a short review of the parametric and non-parametric probabilistic
forecasting models for electricity loads, wind and solar productions. Table 1 compares the
existing similar review papers with ours. The first column indicates the reference and the
next four columns specify the uncertain parameters for which the probabilistic forecasting
models were reviewed. The last column is devoted to the main contribution of the paper
that will be discussed later.

Table 1. Comparison of this paper with the literature reviewing probabilistic forecasting models and
applications in smart grids and power systems.

Ref.

Load Probabilistic Solar Probabilistic Wind Probabilistic Price Probabilistic Pathway towards Decision

Forecast Forecast Forecast Forecast Making under Uncertainties
[4] v
[5] v
[6] v
[7] v
[8] v v
[9] v
[10] v
[11] v v v
This paper 4 4 4 4 v

To the best of the authors’ knowledge, there is no comprehensive review paper propos-
ing a comprehensive framework for smart grid decision-makers and stakeholders based on
the probabilistic forecasting of all uncertain inputs (wind, PV, price, load, etc.). In addition,
the applications of probabilistic forecasts and the decision-making pathway were not fully
assessed in the previous literature. The decision-making process should have three main
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stages, including forecasting, scenario generation, and developing optimization problems.
Thus, this paper is proposed to resolve this issue as follows:

1. It aims to introduce a roadmap and a pathway towards uncertain decision making
in a smart grid environment. The roadmap includes probabilistic forecasting models
of uncertain parameters, scenario generation based on probabilistic forecasts, and
solving stochastic, robust, and chance-constrained optimization problems according
to the results of the previous steps.

2. It tries to guide upcoming similar works by introducing the smart grid’s needs in
the future. In this regard, probabilistic forecasting models should be developed
for a wide range of uncertain parameters and not be limited to loads, prices, and
renewable generations.

1.2. Paper Framework and Organization

The main goal of this paper is to introduce the roadmap and direction of making
decisions in a smart grid environment, using probabilistic forecasting models. Figure 1
shows the general framework of this paper.

Management
. Systems
7 54 ()|_._L.__L|
Generation ‘,N

Companies

Network
# Operators

Probabilistic forecast of uncertain
parameters

2 v

Scenario generation

l

Dedision making under different scenarios:
* Stochastic
* Robust
+ Chance-constrained

@

Figure 1. Decision-making steps in a smart grid environment.

This paper first introduces probabilistic forecasting models and reviews how the dis-
tributions of uncertain parameters are predicted based on previous works. It then presents
the most common methods utilizing the predicted distributions to generate scenarios. After
that, we will discuss how the scenarios generated in the previous stage can help smart grid
management systems to make decisions considering different scenarios of uncertain inputs.
Finally, this paper discusses two state-of-the-art applications of probabilistic forecasting
that can be extended in future works. In the conclusion and discussion section, some future
applications based on the future requirements of power systems are also proposed.
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2. Probabilistic Forecasting Models
2.1. Examples of Parametric Probabilistic Forecasting Models

Each forecast has an error. This error was yielded by subtracting the forecasted value
from the actual value in the post-processing stage. At the time of the forecast, a point
forecast does not give forecasters any information about the error. Consider a linear
regression model as an example. It is a forecasting model that aims to predict the response
variable Y; based on some explanatory variables (x;1, ..., X¢n) as follows:

Y=Y +e 1

Yt = blxt,l +...+ bmxt,m 2

where Y; is the point forecast in the deterministic model and b denotes the weight associated
with each explanatory variable. Unfortunately, as can be seen in (2), the deterministic linear
regression model does not consider the forecast error. Probabilistic forecasts, on the contrary,
will give forecasters different sets of forecasts that follow a known specific probability
distribution function (PDF). They will then forecast the parameters of the distribution
function. For instance, a probabilistic linear regression forecast assumes that the error term
€; is normally distributed with a zero mean and a constant standard deviation, o2. Thus,
the forecasted value is defined as follows [12]:

Yo ~ N(pi,0%) ©)

pe =bixeg + .o A X 4)

where (3) states that the forecasted values are normally distributed in this model. u
denotes the mean and ¢ is the variance. The generalized linear models, however, consider
exponential family distributions (Exp) of the response variables and utilize a link function
g(.) to model the mean value in terms of explanatory variables [12]:

Y ~ Exp(pe, t) )

g(ﬂt) = blxt,l + .o+ bnXem (6)

where ¢; denotes the variance associated with the exponential family distributions.

There is a more advanced model, called the Generalized Additive Model for Location
Scale and Shape (GAMLSS), that considers a huge set of distributions and is able to model
all of the scale parameters related to the distributions [12]:

Y; ~ D(put, 01,01, T) )
g1(pt) = bixgr 4 ...+ bXem 8)
82(01) = by'xp1 + .+ b xem ©)

g3(vf) =b" Xp1+ ...+ by Xt,m (10)
g4(Tl‘) = blmxt,l + .4y Xt,m (11)

where v demonstrates the skewness and T shows the kurtosis of the distribution function.
This means that the GAMLSS model is able to give us the exact shape of the distributions
of our forecast.

2.2. Examples of Non-Parametric Probabilistic Forecasting Models

A wide range of probabilistic forecasting models fall into the non-parametric category.
The non-parametric probabilistic forecasting models do not use the existing known PDFs.
Instead, they build predictive distributions of the response variable based on different
factors or construct quantiles/ensembles considering historical data. Since they do not limit
probability distributions to specifically known distributions, the non-parametric methods
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are more flexible. However, compared to parametric models, they often need larger datasets
to be able to estimate the response variable distributions [13].

Random forecast (RF) and quantile regression forecast (QRF) models are two examples.
RF models aim to forecast the conditional mean of the response variable given the input data
and without associating any known distribution functions with the variables [14]. Similarly,
QRF models predict quantiles of the response variable regardless of any known parametric
distributions. To obtain the quantiles, QRF minimizes the sum of errors of the mean
values, considering some asymmetric weights [15,16]. Kernel density estimation (KDE)
is another non-parametric method estimating the probabilistic density of the response
variables using kernel functions. The kernel density function can be mathematically written
as follows [17,18]:

B = 5 0 K2 12)

where K indicates the kernel function, y; are the sample points, N refers to the total
number of sample points and # is the bandwidth referring to the smoothing parameter.
In the KDE method, a proper kernel function should be selected according to the type of
response variables.

Another way of obtaining ensemble forecasts is considering various initial states or
different boundary conditions for the response variable, such as the lower upper bound
estimate (LUBE) [19]. This method provides forecasters with prediction intervals (PI). LUBE
employs artificial intelligence tools to build the PIs. In addition to LUBE, the bootstrap
method can fall into this category, since it resamples the data and constructs a distribution
of residuals accordingly [20]. Short range ensemble forecast (SREF), as another example of
non-parametric forecasts, takes into account the uncertainties of initial states [21].

A set of different types of machine learning-based and numerical forecasts can build a
non-parametric ensemble forecast. This method uses N different data-driven and numerical
forecasting models to predict the response variable. These forecasts are then considered
as quantiles. The corresponding distribution F(y) can be mathematically modeled as
follows [2]:

1 N -
F(y) = N Yoy —vip) (13)
where I(y — v; ;) denotes a Heaviside step function that shifts y to the ith ensemble member.

2.3. Artificial Neural Network-Based Probabilistic Forecasting

Artificial neural network (ANN)-based models can be also used to develop probabilis-
tic forecasting models. NN architectures consist of a network of neurons as processing units.
The neurons connect to each other through synapses, which are weighted connections. In
the training stage, the optimal weights are determined.

In general, an NN has three layers—an input layer, an output layer and one or several
hidden layers. A feedforward ANN passes the data forward from input to output. On the
other hand, a recurrent NN (RNN) can connect some neurons in a backward direction as
well as the forward direction for further processing. In this way, RNNs have the ability
to consider the autocorrelation or time dependencies of data [22]. Figure 2 compares the
architecture of a feedforward NN with that of an RNN. The literature proposed various
architectures and developed probabilistic forecasting models for both feedforward and
recurrent ANN-based models. In the following, some important models are reviewed.
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RNN Feedforward NN

Input Layer Hidden Layers Output Layer Input Layer Hidden Layers Output Layer

SRN

- - —

Figure 2. Examples of the network architectures of RNN and feedforward NN.

2.3.1. Examples of Probabilistic Forecasting Models Using Feedforward ANNs

Mixture density networks (MDN) and softmax regression networks (SRN) are two of
the main feedforward ANN-based models aiming to obtain the distribution of uncertain
parameters [23]. Regarding MDN, as a parametric model, the associated probability density
is obtained from a linear combination of kernel functions [24]:

F(y) =Y ai(x)Ki(y|x) (14)

where x represents the input vector of the forecasting model, y is the output vector, K;(y|x)
is the kernel function selected for the model, and 4;(x) represents the mixing coefficients
that control the inputs. In MDN models, the output neurons are the parameters of the
distribution functions as well as the mixing coefficients. For example, the outputs can
be the parameters of Gaussian distribution functions, including the mean values and the
standard deviations as well as the mixing coefficients.

In comparison, in an SRN model, which is a non-parametric probabilistic forecasting
model, each output of the neuron associates a probability fraction with a value of y. In
this way, there should be an interval for possible values of y. Hence, the output of an
SRN represents the probability related to each member within the interval. Figure 3
compares the architectures of MDN with SRN, two ANN-based approaches utilized for
probabilistic forecasts.

F(y)

F(y)

Figure 3. Examples of the network architectures related to two ANN-based probabilistic
forecasting models.
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2.3.2. Examples of Probabilistic Forecasting Models Using RNN

RNN can also be combined with long short-term memory (LSTM) units. LSTM
consists of some memory blocks that are recurrently connected. Each block consists of
three multiplicative units including input gate, output gate and forget gate. The input gate
memorizes either the new information or the previous states of the network. The forget
gate disregards the irrelevant and unnecessary information obtained from the past. The
output gate extracts the important information from the memory. In this way, unnecessary
information is forgotten and only necessary ones are kept within the network [25].

Reference [25] is an example of research developing two RNN-LSTM-based probabilis-
tic forecasting models. The first model is a parametric model and quite is similar to MDN.
It first tries to exact a PDF of the uncertain parameter. Then, an RNN-LSTM network is
trained to find the optimal values of PDF parameters. The other model is, however, a non-
parametric probabilistic forecasting model that is integrated with RNN-LSTM. It employs
the QR method with the objective to predict the quantiles of the uncertain parameter. The
network is trained to minimize the quantile loss by minimizing their pinball loss.

3. Renewable Generation and Load Probabilistic Forecasting

In general, probabilistic forecasting methods have mainly been adopted to forecast the
probability distributions of renewable-based power generation and/or load in smart grids.
The following sub-sections aim to review important studies that proposed parametric
and non-parametric probabilistic forecasts for energy demand and/or generation in a
smart grid environment. Additionally, Tables 2—4 review some selected papers that tried
to develop probabilistic forecasting models for solar generation, wind generation and
loads, respectively.

3.1. Solar Probabilistic Forecasting

Network operators, generation agents as well as premises need PV generation to be
forecasted at various horizons, including very short-term, hourly and intra-hour, intra-day,
as well as day-ahead forecasts [2]. In this regard, future PV generation is forecasted either
based on solar irradiance or PV generations of previous times. If the forecast reference is
based on solar irradiance, it builds a model according to the past meteorological data or
present observations. To construct the model, it utilizes the data from weather stations,
satellites, and local sensors and images as inputs [6]. It then develops a model by mapping
the inputs to the solar generation.

Table 2. An overview of selected papers developing probabilistic forecasting models for
solar generation.

Forecast Horizon_Forecast
Ref.

Forecasting Methods Advantages of the Work

NWP-based solar The proposed probabilistic forecasting model could reflect the

[20] Day-ahead_1h irradiance forecast effects of atmospheric conditions on forecast errors
o . NWP-based solar The paper used a post processing method that was able to
[27] Two-day-ahead_30 min irradiance forecast improve the performance of the forecasting algorithm
[28] Day-ahead_1h iﬁz\élga-giief%rseocfsrt It determined several confidence intervals for each region
[29] Dav-ahead and hour-ahead 10 min Different parametric and It assessed the effects of reconciliation on the improvement
y - non-parametric models of forecasts
[30] Lone-term 1h Three parametric models The model could describe the stochastic characteristics and
& = p features of solar irradiance
131] Intra-day (1-6h)_1s Two models developed using It conducted graphical analysis of reliability to compare the
- y - quantile regression performance of the forecasts
[32] Three-dav-ahead 1h ANN-based combined with The combination of these two methods yielded best results
. Y - Analog Ensemble compared to the individual models
The proposed model performed better compared to the simpler
[33] day-ahead_1h LSTM-based models but got the same results as the fully connected

ANN-based model
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In order to probabilistically forecast PV generation, some works proposed using
numerical weather prediction (NWP) models under various scenarios. References [26-28]
are some examples that employed NWP to obtain ensemble forecasts for solar irradiance
and build an uncertainty model for PV generation. An NWP adopts some measured
meteorological inputs, such as temperature, humidity and pressure. It then solves a set
of partial differential equations to simulate the process through which solar irradiance
is obtained [34]. To obtain a probabilistic forecast, an NWP method uses a training set
consisting of the NWP ensemble members at timeslot ¢. After that, each member is weighted
equally and utilized to make an empirical cumulative distribution function. NWP methods
are usually very straightforward to implement. However, it was argued that NWP models
are computationally expensive to implement, and thus it would be better to run them only
a few times a day [35].

In the short-run, such as real-time and near real-time forecast horizons, probabilistic
forecasters mainly utilize data-driven models including statistical and machine-learning
ones [36]. For example, ref. [29] aimed to make short-horizon forecasts based on multi-
step-ahead (e.g., six forecasts with 10-min time slots), considering 11 data-driven machine-
learning and parametric methods, including least angle regression, least angle regression
with elastic-net regularization, lasso regression, generalized linear models, generalized
linear model with elastic-net regularization, Bayesian generalized linear model, gradi-
ent boosting machines, linear regression, boosted generalized linear model, multivariate
adaptive regression splines, and projection pursuit regression. These models tried to
probabilistically predict solar generation. The paper also discussed how the so-called
“reconciliation techniques” proposed by [37] can improve the probabilistic forecasts. Ad-
ditionally, ref. [30] compared three parametric probabilistic forecasting models for solar
irradiance. The first model considers the use of Beta distribution with several shape factors,
the second model utilizes a generalized triangular distribution and the third one combines
multiple probabilistic forecasting models to construct the probability distribution of solar
irradiance. Regarding non-parametric approaches, ref. [31] compared two 1-to-6-h-ahead
probabilistic models for predicting global horizontal irradiance. The first model directly
produces a set of quantiles for each time slot using regression methods “linear model in
quantile regression (LMQR)”, “quantile regression forest (QRF)”, or “gradient boosting
machine (GBM)”. The second model, however, consists of two stages. The first stage
deploys the recursive least square autoregressive and moving average (ARMArls) method
to make a point forecast for the irradiance. The outputs are used in the next step to estimate
quantiles for each time horizon using the same methods. As mentioned earlier, the re-
viewed model tried to first forecast irradiance and then predict PV generation accordingly,
using a physical model and relationships. These models are often called white-box models.

By contrast, non-physical or so-called “black-box” forecasting approaches that predict
PV generation are purely based on historical data and do not deal with the physical
process and the meteorological data. For instance, ref. [32] developed a probabilistic
forecasting model using ANN and an analog ensemble to produce 72-h forecasts of PV
power. Additionally, ref. [33] utilized a more complicated approach, long short-term
memory (LSTM), to probabilistically predict solar power and compared it with simpler
models. Similar to NWP models, although physical models may be more accurate in day-
ahead and long-term horizons, data-driven black-box models work better over short-term
horizons such as intra-hour ones [38,39]. Figure 4 summarizes the probabilistic forecasting
models for PV generation considering the forecasting horizon.
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4 Black-box models (data-driven)

Model

Complexity
White-box models (e.g., NWP)
Long-term Forecast horizon Real-time

Figure 4. Probabilistic forecasting models for PV generation.

3.2. Wind Probabilistic Forecasting

There are studies trying to relate a known PDF to wind generation. They mainly
adopted Gaussian and beta distributions to probabilistically forecast wind power using
parametric methods [40]. Some research also tried other types of distribution functions.
For example, ref. [41] proposed a modified version to generalize logit-normal distribution
for wind power. Reference [42] considered the same distribution for wind generation. The
authors of [43] took wind power as a double-bound variable and obtained the appropriate
distribution based on this assumption. In another study, ref. [44] solved an economic
dispatch problem using a versatile probability distribution for wind generation. However,
it was also discussed that relating specific distributions to the distribution of wind power
cannot be applied since in some cases, the predictive error of wind power distribution is
changing over the prediction horizons [45].

A huge number of papers have been proposed that utilized non-parametric prob-
abilistic forecasting models for wind generation. For instance, considering QRF-based
methods, ref. [46] proposed a novel direct quantile regression (DQR) method to proba-
bilistically predict wind power, generating quantiles without using statistical inference.
The prediction was based on multi-step 10-min forecasts that combined the extreme learn-
ing machine (ELM) and QRF models to make the non-parametric probabilistic forecast
and use it in a linear programming problem. Their proposed novel approach was finally
compared to four different forecasting techniques, including the bootstrap-based ELM
(BELM)-normal distribution, the BELM-beta distribution, the persistence model, and the
radial basis function-neural network (RBF-NN) model. The final results demonstrate that
the model proposed by [46] performs better in terms of the sharpness criteria. In this
regard, the proposed DQR model performed 25% better compared to the persistence model
and its performance was 20% better than the RBF-NN probabilistic forecasting model. In
addition to the sharpness criteria, DQR model presented a more acceptable computational
time equaling 63.89 s, according to the result section of [46]. As another example, ref. [47]
presented a joint quantile regression (JQR) model that reproduces kernel Hilbert spaces for
wind power probabilistic forecast utilizing the primal-dual coordinate descent technique.
The work then employed the multi-objective salp swarm algorithm (MSSA) to optimize the
final results. It then tested the forecasting model and compared it with other models on a
one-step-ahead and a multi-step-ahead basis.
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Table 3. An overview of selected papers developing probabilistic forecasting models for wind generation.

Forecast Horizon_Forecast

Ref. Resolution Forecasting Methods Advantages of the Work
Parametric (mixtures of . .
) ; ; . : The work considered the non-linear nature and
[41] 10-min-ahead_1 min 1 generahzed \-/ers-wn-of double-bounded characteristics of wind power forecast
ogit-normal distributions)
[42] 8-h-ahead_15 min Parametri.c (Qenspred The work considered the effects of spatio-temporal on wind
normal distribution) power forecast
. It tested several distribution functions and found Beta
[43] Two-day-ahead_1h Severa'al. parametric distribution function as the most appropriate distribution for
probabilistic forecasts wind power
A . Parametric (versatile The model was integrated with the economic dispatch
[44] Day-ahead and week-ahead_1 min distribution) problems which could simplify uncertainties of wind power
Direct quantile regression . - . .
. . . . The model was proved to be high efficient, reliable, and flexible
[46] Hour-ahead_10 min combined with mashing to pﬁ)babilistically fgorecast wind power
learning methods
) One-hour-ahead and . . . The forecasting model was improved by
(471 several-hour-ahead_15 minand 1 h Joint quantile regression meta-heuristics algorithm
A tri-level adaptation The model outperformed other similar approaches in terms of
[17] Different horizons from days to function inte ratg d with a computational efficiency and practicality since it avoided any
hours_30 and 60 min fuzzy infer fme system pre-assumptions about forecast errors and data noises, and
y b considered cost-based optimization problems in the model
Multi-distribution ensemble
[48] 1-6-h ahead and (MDE) forecasting model The work tried to explore the best probabilistic forecasting
day-ahead_different time steps integrated with competitive accuracies by considering different forecasting horizons
and cooperative strategies
[49] Not specified Three neural Reinforcement learning was also utilized to combine and
P network-based models improve three kinds of deep learning networks
Kernel density estimation e . .
[50] Different horizons from 1-24 h_1h  with regular vine copulas and Thi::loi;l: ri«gl)\;veeglg}agrgé:lttl;s}lqsg;ﬁt)}?etigr;;zeh%::frggi;ldtlg;?on
ensemble learning P
Data processing techniques . . .
[51] Hour-ahead_1 h integrated with The work proved that data processing techniques can improve

ensemble NWPs the probabilistic forecast of wind power considerably

Another method for obtaining the non-parametric distribution of wind power is the
use of KDE. However, the model is highly impacted by using different kernel functions.
In other words, the appropriate kernel function should be selected based on the type of
the random variable so to avoid the boundary effects on the PDF of wind generation [52].
To resolve this issue, ref. [17] proposed applying a tri-level adaptation function integrated
with a fuzzy inference system.

As examples of ensemble forecasting models, authors of [48] suggested a multi-
distribution ensemble (MDE) forecasting model that is integrated with competitive and
cooperative strategies. In this way, the work tried three different distributions as the ensem-
ble members. Based on the comparison results presented by the paper, the MDE integrated
with the cooperative model performed better in an hour-ahead forecast. However, the
MDE integrated with the competitive model had a better performance in longer horizons
including two-to-six-hours- and 24 h-ahead. Three different neural network-based proba-
bilistic forecasting models were also presented by [49]. The work combined the ensemble
deep learning method with empirical wavelet transform decomposition (EWT), which
outperformed the other models considered in the paper. ref. [50] also combined improved
kernel density estimation with regular vine copulas and ensemble learning to obtain an
advanced probabilistic forecasting model.

Similar to solar forecast, there are some studies proposing NWP models. For instance,
ref. [51] suggested wind power probabilistic forecasting using data processing techniques
and ensemble NWPs. This methodology comprises data preprocessing techniques, the
model of adaptive-network-based fuzzy inference system (ANFIS) integrated with fuzzy
c-means (FCM) clustering model, as well as LUBE for prediction of forecast intervals.
The work tried to prove that data preprocessing and post-processing processes are very
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important to improving the forecast models. For this purpose, it compared the model with
the ANFIS model, disregarding data preprocessing. The paper concluded that the model
utilizing preprocessing outperformed the other models not deploying this technique.

3.3. Load Probabilistic Forecasting

Similar to renewable generations, probabilistic forecasting of loads has a wide range
of variety based on the type of forecasts and the forecasting horizons [8]. In terms of the
variety of forecasting models, different methods have been adopted, such as hybrid Kalman
filters [53], Gaussian and lognormal processes [54,55], artificial neural networks [56,57]
QR [58,59], RF [60], and stochastic time-series combined with Bayesian inference (BI) [61].

Table 4. An overview of selected papers developing probabilistic forecasting models for electric-

ity load.
Ref. Forecas;{il:(:;lzl(t)ir:);Forecast Forecasting Methods Advantages of the Work
The work proved the effectiveness of hybrid Kalman
51] Hour-ahead_5 min Hybrid Kalman Filters filters to capture different characteristics of load
components from Independent System
Operator’s viewpoint
56] Dav-ahead 30 min Boosting Additive The model was designed to probabilistically predict
y - Quantile Regression loads at the disaggregated level
(53] 30-min-ahead_30 min Gaussian Processes The work analyzgd the effects of several covariance
functions on load forecasts
(52] Multi-step-ahead 30 min Gaussian and log-normal The work proved that the log-normal model can
p - processes generate a varying sharpness for load forecast
. . Markov-chain mixture Thg proposed mo.del was prove(jl not tg be
[60] 30-min-ahead_30 min distribution model computationally expensive and can be insensitive to the
settings of parameters
Load probabilistic forecast The work proved that using weather ensemble
[61] Day-ahead_1h based on weather predictions can improve the accuracy and uncertainty
ensemble prediction analysis of load forecasts
E.stlmatl.on of load's The method can be adopted for security analysis of
confidence intervals based . .
[62] Day-ahead_1h on the quantiles of past power systems since it was able to generate demand
foxicas t errors P scenarios at a specified risk level
[63] Dav-ahead 1h Partially linear additive The work combined the forecasting model with the unit
; y - quantile regression commitment problem
Different horizons including . S
[64] 30-min-, one-hour-, two-hours-, LSTM-based The model was dgggned to probabl}lstlcally forecast the
. individual consumer’s load
and four-hours-ahead_30 min
The novel work focused on determining the reserves
[65] Day-ahead_1 h Probabilistic methods based on forecasting net loads. The work demonstrated

that the method can decrease the amount of reserves
bought for the system

In terms of very short-term (real-time or near-real-time) probabilistic load forecasting,
reference [53] is one of the early works proposing hybrid Kalman Filters to probabilistically
forecast demand considering the 5 min temporal resolution. The authors of [58] performed
half-hour resolution probabilistic forecasting of electricity consumption using OR that is
integrated with gradient boosting. In [55], the authors used Gaussian processes to develop
a probabilistic forecasting model for residential load considering half-hour resolutions.
In [54], the authors performed half-hour-resolution forecasts of residential loads utilizing
a lognormal process. In one of the recent study, proposed by [62], the Markov-chain
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mixture distribution model (MCM) was employed for the purpose of very short-term load
forecasting considering residential households in Australia. The model forecasts on a
half-hour-ahead resolution basis. The authors then proved the high computational speed
as well as the acceptable competitive performance of their proposed model.

Regarding interval forecasting on a day-ahead basis, the probabilistic forecasting NWP
models can be adopted. For instance, the forecasting model can be constructed according
to the weather ensemble prediction taking into account the consumption under different
weather scenarios [63] or be built according to the quantiles of forecasting errors of the
historical data [64]. In addition, a partially linear additive quantile regression model was
proposed by [65] to develop a probabilistic forecast of day-ahead hourly electricity loads
with a focus on the demand of peak hours in South Africa. As an example of data-driven
models, the long short-term memory (LSTM) model was used to forecast the quantiles of
electricity loads aiming to minimize the quantile pinball loss function [66].

Finally, ref. [67] assessed the benefits of using probabilistic methods to estimate the
required day-ahead reserves. In this regard, the authors developed two probabilistic
methods to forecast the system net loads. The results of probabilistic forecasts are then
utilized to quantify reserves that are required to compensate for the intermittency and
uncertainties of renewable generation.

4. Electricity Price Probabilistic Forecasting

In electricity markets, electricity prices are affected by the total system’s supply and
demand. However, each participant playing in these markets needs to schedule their
resources according to the predicted values of the market prices, in short-term horizons.
Regarding future power systems, renewable-based generation will be the main source of
electricity. Their intermittent nature and real-time fluctuations increase the electricity price
fluctuations [68]. Accordingly, electricity price forecasting models need to be improved
to actively follow the prices’ fluctuations. In addition, it can be argued that probabilistic
forecasting models are attracting increasing attention since they are able to consider various
uncertainties and possibilities [10].

Regarding studies that proposed parametric models, the authors of [69] proposed a
first-order vector autoregressive (VAR) model considering exogenous effects and using
skew t distribution in a Bayesian framework. The model was then sent to the Markov
chain Monte Carlo for uncertainty analysis. Reference [70] adopted the GAMLSS method
and also estimated the PIs to be time-varying quantiles of the acquired density forecasts.
In [71], the authors developed generalized autoregressive conditional heteroskedasticity
(GARCH)-based time-varying models to estimate the density function of the variable. As
a semi-parametric model, ref. [72] introduced a semiparametric model that is combined
with a time-adaptive quantile regression [34] in order to predict day-ahead market price
densities. The proposed model was then compared to four well-known GARCH models
considering a three-year time span. They finally proved that their proposed model is more
reliable in terms of generating quantile estimates.

Recently, non-parametric data-driven probabilistic forecasting models are more often
employed due to their flexibility. For instance, ref. [73] introduced a deep neural network
model-based method for the probabilistic prediction of electricity prices. In this model,
they first made the price distributions using its historical data. Afterward, they employed
a deep convolutional neural network (DCNN) for extracting high-level features. The
obtained high-level features were sent to label distribution learning forests (LDLF) in order
to construct price probabilistic forecasts. In another work, ref. [74] developed a two-step
model to probabilistically forecast German-Austrian day-ahead prices. It first proposed
estimating the mean of correlated time series prices using ordinary least squares and the
elastic net method. In the second step, they estimated the residuals using the maximum
likelihood method.
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5. Uncertainty Modeling

Uncertainty modeling itself needs comprehensive study. In general, uncertainty
modeling aims to capture the dynamics of the uncertain input data and generate scenarios
based on their probability distributions [75]. The results are then used as the input of
stochastic programming. Figure 5 overviews some uncertainty modelling techniques
utilized for stochastic programming. In addition, Table 5 states some selected works using
these techniques.

Monte Carlo Pseudo-
Simulation sequential

Generative INon-sequentiall
Adversarial
Networks

Figure 5. Uncertainty modelling techniques utilized in a smart grid environment.

Table 5. An overview of selected papers using scenario generation techniques in a smart
grid environment.

Uncertainty
Ref. Uncertain Parameters Generation General Objective of the Work
Technique
[76] Wind generation, generators’ reliability Sequential MCS Minimizing the total energy generation costs
Wind generation, PV generation, Minimizing the total energy costs
[77] ggttery stora%)g ch;rgl'rt}% {\ dlstchargm? outpuctl, Sequential MCS "
iomass combined with heat generation, an minimizing economic risks
thermal energy storage output
Renewable generation, electricity demand, . Minimizing energy generation environmental impacts
[78] household hot water, and space heating and Pseudo-]\;(e:%uentlal +
cooling parameters Minimizing energy costs
[79] Renewable generations, electricity demand, and Pseudo—se%uential Maximizing fi:lancial profits
water inflow MC Minimizing economic risks
[80] risks Non sequential Ophmlzmg net present value and analyzmgigeothermal
energy life-cycle for power and transportation sectors
[81] Renewable generations GAN Generate samples for renewable generations based on

historical data

Monte Carlo simulation (MCS) is one of the most popular methods for scenario
generation purposes. The PDFs of the random variables, forecasting errors of the data,
and market variability, in general, are employed by the Monte Carlo simulation method in
order to learn the uncertain data and generate their associated scenarios, accordingly [82].
Figure 6 illustrates the steps of achieving output from uncertain inputs, using the Monte
Carlo simulation method.
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Figure 6. A flowchart of generating scenarios by MCS algorithm.

The advantages of the Monte Carlo simulation method can be described as follows [83]:

e  The method is able to sample from random processes and supports all of the distribu-
tion functions.
A transfer function is not required.
It does not need a mathematical formulation since it can model a problem in the form
of a black box system and can obtain output considering samples of inputs.
The method is relatively easy to implement.
It is able to model both non-differentiable and non-convex problems.

Recently, Monte Carlo simulation algorithms have evolved and improved. For exam-
ple, sequential MCS is able to model uncertainties of inputs in chronological order. With
the help of the sequential method, uncertainties of time-series inputs (such as variable gen-
eration of renewable energy resources and electricity demand) are implemented in a better
way [75]. Pseudo-sequential is another extension of the MCS method which has the ability
to converge faster compared to the sequential version. The pseudo-sequential method can
sample states through its non-sequential capability and uses chronological simulation for
the failed states [75]. Finally, the non-sequential MCS method is another family member of
the Monte Carlo method which cannot model uncertainties chronologically and requires
high computational costs [75].

Recently, a model-free and data-driven method, called the “Generative Adversarial
Network (GAN)”, has attracted more attention for scenario generation purposes. The model
employs artificial neural networks (ANNSs) and aims to synthesize some understanding
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from the training of real data. The notable advantage of GAN scenario generation is that
this model does not need distribution functions of uncertain variables [81].

6. Decision Making under Uncertainties

The future power system is heading towards being smart and decentralized. In a new
smart grid system, there will be a number of agents and stakeholders that face uncertainties
in their decision-making problems. Here are some examples:

e A generation company that has renewable resources needs to submit offers to energy
markets before knowing the resources’” exact generation and market prices.

e Every management system in smart grids (such as microgrid energy management
system and energy community management systems) needs to deal with its intermit-
tent renewable energy resources’ output as well as the uncertain resources’ behavior
(such as the EV charging behavior) to come up with the optimal scheduling and
management of resources.

e  Strategic agents try to deal with uncertain market prices and their competitors’ strate-
gies beforehand when they construct their optimal bidding strategies.

Retailers should buy electricity based on their customers” uncertain demand.
Balancing responsible parties require to schedule their flexible energy resources, such
as their energy storage systems, based on the uncertain generation in a way to maintain
the balance between their generation and their demand.

e Transmission system operators (TSO) and distribution system operators (DSO) must
decide on the amount of reserves and flexibility as well as the methods to operate
their network and keep the security of supply and reliability of the system within the
specified limit, in spite of different uncertainties and the intermittency of renewables.

Hence, the lack of perfect information affects optimal decision making. In this regard,
stochastic programming, robust programming, and chance-constrained models offer to
solve optimization problems with uncertain input data.

6.1. Stochastic Programming

A stochastic optimization problem models uncertainties of input data by weighting
the decision-making solutions. The weights are selected based on the probabilities of
occurrence, considering that each set of input data leads to a single solution. In this way,
one will achieve the effects of uncertain input data on the decision-making solution [84]. A
simple stochastic programming can be formulated as [6]:

minE(f(x,))
Subject to : (15)
g(x,w)=0
h(x,w) <0

where x is the decision variable and w denotes the scenario. As the formulation states,
uncertainties should be modeled in terms of different scenarios. The most common and
simple techniques for generating scenarios need to use the inverse of the cumulative
distribution function (CDF) or PDFs of the uncertain parameters. Hence, the probabilistic
forecasts of the inputs are necessary to develop stochastic programming. However, it would
be easier if the random input data have specifically known parametric distribution [6].
This means that parametric probabilistic forecasts are more favored in this sense. Here,
if one knows the probability distributions of the inputs, they can achieve the probability
distributions of the output data.

In power system concepts, an independent system operator or a generation company
are proposed to conduct stochastic unit commitment by using stochastic programming [85].
In unit commitment applications, stochastic programming is divided into two-stage and
multi-stage problems. Two-stage models consider both day-ahead (hear and now) and
real-time (wait and see) commitment decisions. In the day-ahead stage, the conventional
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generators are dispatched and their commitment decisions are determined while in real-
time, uncertain renewable resources and flexible energy resources are dispatched. Regard-
ing the second (real-time) stage, to develop the two-stage problem, one needs the PDFs of
renewable generation as well as those of flexible energy resources to build a large number
of relevant scenarios for the PDFs of the outputs. Table 6 summarizes some of the most
recent studies that considered stochastic programming to find the optimal commitment
decisions for their resources.

Table 6. An overview of recent papers using stochastic programming for decision making in a smart

grid environment.

Methods to Capture

Ref. Uncertain Parameters Uncertainties Objective
Prices (day-ahead market and balancing market), Two-stage stochastic . . . R
. i . programming Proposing a system for microgrid support by maximizing
[86]  renewable generations, loads, driving requirement . . :
nd th ilability of electric vehicles (EV) (day-ahead and the expected profit of a microgrid aggregator
a ¢ avariabllity ot electric vehicles real-time scheduling)
EVs’ arrival, and departure time, as well as EVs’ . Maximizing the retailer’s profit
[87] daily traveled miles and types, Two}s;a§:ni§?1§2astlc (first stage: fuel cell scheduling
solar irradiation and wind speed, loads prog & second stage: distributed generation scheduling)
N . Two-stace stochastic ‘ Minimizing day-ahead dispatch costs of the
8
[88] Electricity demand, wind speed OO AN, wind-thermal-hydropower-pumped storage system along
prog & with the system’s expected balancing costs
. Two-stage stochastic Minimizing the costs of reserving flexibility services in
(891 Renewable generations and loads programming day-ahead forecasting and their real-time activation
) ) ) Two-stage stochastic Maximizing microgrid’s p?oflt's participating in o_lay—ah_ea/d
[90] Wind generation, demand and market prices FOgeammin. and real-time markets taking into account the microgrid’s
prog & reconfiguration
Obtaining coordinated network expansion planning by
minimizing the operation cost of generation
+
Simol Minimizing the annual investment cost of expanding the
imple transmission networks
91 Wind tion, d dand ket pri scenario-based o + )
(1] 1nd generation, demand and market prices stochastic Minimizing the renewable resources’ annual investment costs
programming +
Minimizing the annual investment and operation costs of
energy storage systems
+
Maximizing the flexibility index of the system
Sirppll)e d Procuring ancillary services from flexible distributed
[92] Renewable generations Scesrtlggi‘;sgie energy resources in a day-ahead operational planning by
programming minimizing network’s costs
Electricity demand, renewable generations, Two-stage stochastic s.u pplymgl the aggregated demand through 1"_he'1r'
[93] . : participation in the day-ahead market and maximizing
market prices programming - :
their total expected profits
) - . Multi-stage stochastic ~ Operating an energy community with PV-storage system
(o4 Electricity demand and PV generation programming by minimizing the electricity purchased from the grid
Economic dispatch for a hybrid distribution system based
on active-reactive power coordination by minimizing the
[95] Wind generation Two-stage stochastic cost of gas-fired operation, power purchasing from the
- & programming upstream grid, penalty costs related to substations” power
fluctuations, network losses, and the costs of wind
curtailment and load shedding
Simol Optimal energy management of microgrids by minimizing
. . . rmpe operational costs of distributed energy resources, the costs
Renewable generations, electric vehicles, loads, scenario-based .
[96] . ; of purchasing power from the upstream network, the costs
and market prices stochastic . df h d. and th lated
programming incurred from the energy not served, and those related to

EV batteries” degradation costs

Once we make a decision for the day-ahead stage, decomposition methods are then
employed to treat the real-time stage scenarios independently. This approach leads to
considerably fewer scenarios, compared to the non-decomposed method [75].

Multi-stage stochastic programming models construct a scenario tree and accordingly
try to capture uncertainties in a dynamical way. In multi-stage models, the uncertainties
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are treated chronologically, meaning that the uncertainties at time ¢ affect thoseatt +1, ...,
t + m. However, the method comes at huge computational costs.

6.2. Robust Programming

The robust optimization approach aims to obtain a problem solution that is always
feasible under different realizations of the uncertain inputs. In other words, the robust
approach seeks optimal solutions in the worst-case realizations or worst-case scenarios [97].
Robust optimization deals with the uncertainty sets, and in the first stage aims to optimize
the problem considering the scenarios under which the worst solutions are obtained. A
simple robust optimization is formulated as follows:

mxmngxf(x,w)
subject to :
gi(x,w) =0 (16)
hi(x,w) <0 Vi
weW

In (15), all possible sets of w (scenarios) are included in the uncertainty set, i.e., W. In
this way, the uncertainty sets of the uncertain parameters need to be defined adequately.
The uncertainty sets are also required to cover the uncertain phenomena that can happen for
the uncertain parameters. Naive and inappropriate definitions of the uncertainty sets may
result in either too conservative or very risky solutions. This means that the appropriate
uncertainty sets should comprise risky and conservative decisions [7]. There are other
extensions of the robust optimization such as robust stochastic optimization, adaptive
robust optimization and distributionally robust optimization. Although they all have the
same concept, they try to keep the balance between the risky and conservative solutions in
different ways and under various assumptions on uncertain parameters.

The applications of robust optimizations in smart grids and power systems can fall
into one of these categories:

Robust network and generation planning and expansion (e.g., [98,99])

Robust capacity sizing of flexible energy resources (e.g., [100,101])

Robust and resilient network operation under extreme and emergency conditions or
climate-aware operation of resources (e.g., [102,103])

Robust energy management and the operation of resources (e.g., [104,105])

Robust bidding strategy for participating in energy and flexibility markets ([106,107])

A number of studies and papers utilized robust optimization or its extensions in order
to solve their decision-making problems. Table 7 summarizes these papers.

Table 7. An overview of recent papers using robust programming for decision making in a smart
grid environment.

Methods to Capture

Ref. Uncertain Parameters Uncertainties Objective
Maximizing the minimum power generated within the
operation interval
+
[108] Inflow and PV generation Robust optimization Maximizing the operational interval
& P & P
T
Maximizing the feasible solutions obtained by the
operation interval
Maximize the total profits of the whole system
Electricity demand, generation capacity, as Ro};u sfb.fuzt;y +
[109] well as uncertain economic, environmental, ncl)u tilr_noi z]aetciol;ie Maximizing the social benefits of the system consumers
and social parameters for customers rp Fammin +
progra 8 Minimizing the total negative environmental impacts
[110] Ener: rice Robust optimization Minimizing the net costs of a smart home
8y P P 8
[104] Wind and PV generations Adaptive robust Minimizing the operating costs of an isolated microgrid

optimization
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Table 7. Cont.

Methods to Capture

Ref. Uncertain Parameters L Objective
Uncertainties
Conditional value at risk Minimizing the costs of C{m energy hullz It)art1c1patmg in
[111] Wind speed, demand, and solar irradiance (CVaR) combined with ENergy and reserve markets
robust optimization AP t o .
Minimizing the emissions of pollution
[105] Wind and photovoltaic generations Two-stage _ad]}lste}ble Minimizing the costs of r_m:ﬂtl—energy system that supplies
robust optimization both electricity and heat loads
. . Minimizing planning, operation and resilience costs of the
[102] Load and energy price Hybrl% Stﬁi‘;:ﬁgg robust distribution networks considering earthquake and
P flood situations
[112] Energy price and PV generations Hybrl%;ﬁ;?;;ggﬁ robust Maximizing the profits of a household customer
- Minimizing the operating costs of diesel engine, micro
[113] Wind and PV generations, loads, and E}rffbf;t(:rfgrgggﬁa;slg? turbine, procurement costs, costs of pollutant treatment,
) market-clearing prices programming) and costs of reimbursing incentive-based demand
response programs
Availability of microgrid equipment, active Minimizing the microgrid’s costs including the cost of
[114]  and reactive loads, parameters of EVs, energy ~ Hybrid stochastic/robust  buying energy, the operation cost of non-renewable energy
price, wind and PV generations sources, the reliability costs in terms of non-supplied loads
. Maximizing the amount of load restoration that is
[115] Renewable distributed generations Robust model combined controlled by the output of the power units and
with prediction control :
remote-controlled switches
Minimizing the installation costs of power plants,
high-voltage/low-voltage substations, and feeders, feeders’
Electricity demand and facility o power transmission costs
[116] . ) Robust optimization
installation costs +
Minimizing the storage power cost, power losses’ costs in
feeders, feeder failures’ costs
[98] PV and wind generations, Robust optimization Minimizing Fhe_annual costs of the regional
distribution networks
Wind generation, outages, La Nifia and El
03] e contral nd castorn Paciicnd | © Robust optimization e ayam o <!
vice versa)
Minimizing the annual investment costs of transmission
network lines as well as the costs related to battery
99 Unbalanced power percentage Robust optimization superconducting magnetic hybrid energy storage system
] P P 8 P under maximum the load-shedding conditions
+
Reducing the insufficient supply if N-k faults happen
Minimizing the investment costs of building candidate
. . lines, the generation costs of conventional generators, the
Random N-K contingency, wind and S :
[117] PV generations Robust optimization costs related to scheduling downward and upward
& spinning-reserves, costs of renewable generation
curtailment and load-shedding
[106] Market participants offers and.b1ds as well as Robust optimization Maximizing pro_ﬁts pf a virtual bidder (optimal
real-time market prices bidding strategy)
. . - . Robust MPC-based Maximizing the profits and minimize the operating costs of
(1071 Wind generation and electricity prices optimization a wind-storage system (optimal bidding strategy)
. . . Optimal location and sizing of renewable distributed
Renewable generations and electric vehicle I - - A
[118] “hargine behavior Robust optimization generation and the charging stations based on
&ing maximization the station’s total payoff
Designing generation resources for a microgrid to meet its
[119] Loads and renewable generations Robust optimization demand by minimizing the total generation costs of
the resources
o Positioning and sizing qf the energy storage system by
[100] Loads, wind and PV generations Robust optimization minimizing the operation costs of the flexible energy
resources as well as those of the network
Planning of distributed battery energy storage from a DSO
[101] PV generation Robust optimization viewpoints by minimizing the batteries’ degradation and

operation costs
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6.3. Chance-Constrained Programming

Chance-constrained optimization problems aim to give an optimization constraint the
possibility to be satisfied up to a specified level. It can be formulated as follows:

minE(f (x,))
Subject to :
g(x,w)=0

Prh(x,w) <0 > 7y

17)

where Pr refers to probability and # indicates the confidence level [120]. In this regard,
7 should be selected between 0 and 1. According to (16), constraint /(x,w) < 0 needs
to be satisfied up to # level. In other words, operators or designers that use the chance-
constrained method ensure that /1(x, w) < 0 will be satisfied in (7 x 100)% of scenarios.

Chance-constrained programming has a wide range of applications in smart grids.
Here are some examples:

1.  Operations of renewable-based systems to guarantee a certain level of reliability/
security / flexibility

2. Planning of distribution/transmission networks in a way to guarantee a certain level
of reliability /security /flexibility

3. Determining system reserves to guarantee a certain level of reliability /security /flexibility

Table 8 summarizes some recent works that adopt chance-constrained programming
methods to capture uncertainties.

Table 8. An overview of recent papers using chance-constrained programming for decision making
in a smart grid environment.

Methods to Capture

Ref. Uncertain Parameters Uncertainties Objective
Minimizing the costs of energy trading between the power grid and
[121] Electricity prices and Chance-constrained microgrids
PV generation programming +
Minimizing the fuel costs of fuel-based power generation and boiler units
The study aims to integrate renewable energy as much as possible by
[122] PV generation Chance-constrained minimizing the hybrid system’s power curtailment
programming +
Maximizing the renewable power generation injected into the system
Minimizing the total operation costs of a combined, power-based, cooling,
and heating microgrid:
Minimizing the costs of power and gas purchased
+
[123] Loads, market prices, Chance-constrained Minimizing the operation costs of microgrid’s CHP units and micro turbine
renewable generation programming +
Minimizing batteries’ degradation costs
+
Maximizing the revenues obtained from selling electricity and heat to the
upstream grids
Minimizing the costs of buying power from thermal units
) . . Chance-constrained +
[124] Loads, wind generation programming Minimizing the costs of buying spinning reserves from generators as well as
demand-response resources
Microgrid management by minimizing the operation costs of its units
+
[125] Renewable generations Ch;r;g;—r;?;lrsrtéﬁ?ed Minimizing the costs of buymgir power from the upstream grid
Maximizing the revenue obtained from selling electricity to the
upstream grid
Ch ined Solving multi-site microgrids’ investment problem and microgrid
[126] Operational modes of S?gccﬁi';s%r;ség;lﬂje dual-mode network operations by minimizing microgrid operation and

the microgrids

maintenance costs, microgrid electricity transaction costs, its network loss

rogrammin; . . ;
Prog J costs, and microgrid load curtailment costs




118

Appl. Sci. 2022, 12,1823

Acta Wasaensia

20 of 28

Table 8. Cont.

Methods to Capture

Ref. Uncertain Parameters U L Objective
ncertainties
Active distribution network management incorporating office buildings by
[127] PV generation and ambient Chance-constrained tracking building consumption and PV generation
temperatures programming +
Minimizing network losses
(125 Renewable generation Chance-constrained Finding potential self—sufﬁme(r;its fﬁg;ﬁfgg;ﬁ within the existing electrical
and loads programming by maximizing average load served in each sub-network
Designing solar-based microgrid and solving related dispatch problem b
gning & & P p y
Ch trained minimizing the capital costs of PV panels and the capacity costs and
[129] PV generation ar;(c)e'r;?;‘fnﬁme installation costs of energy storage system, the expected costs of multi-year
prog & operation of the microgrid which include load shedding penalty costs and
wind micro-turbine generation costs
[130] Renewable generation Ch;?g;};ﬁiﬁged Minimizing the total cost of generating power and gas
Ch trained Optimal scheduling of grid-connected batteries providing frequency-related
[131]  Loads and system frequency ance-constraine services by minimizing the cost of purchasing energy from the grid as well
programming
as the system costs
Mixed integer second
[132] Renewable generation Chan%re(ilce(r)rfggsme d Controlled islanding strategy
programming

7. Further Probabilistic Forecasting and Applications

As can be seen in the tables (Tables 6-8) that review studies using stochastic, robust,
and chance-constrained programming, smart grids need more probabilistic forecasts [124]
which are made for other uncertain parameters rather than loads, renewable generation and
prices. EV charging-related behaviors, battery state-of-charge (SOC), dynamic line rating
(DLR), and network states are some examples. In this regard, a few papers conducted
studies to develop probabilistic forecasting of other uncertain parameters that are important
for decision-making in smart grids. In this section, we will review these papers that employ
probabilistic forecasting models for uncertain parameters, rather than the introduced
popular uncertain parameters.

7.1. Probabilistic Forecast of BESS SOC

Authors of [133] developed a probabilistic forecasting model that analyzes the uncer-
tainties of the battery energy storage system’s state of the charge (BESS SOC) in providing
the primary frequency control. The results were then used as inputs of the predictive
optimization of BESS which schedules BESS for providing multiple flexibility services. In
order to develop the probabilistic forecasts, the authors applied a multi-attention recurrent
neural network (MARNN) to extract the most important contextual information in time-
series forecasting. Afterward, they proposed a robust forecast, utilizing the combination of
mixture density networks (MDNs) and Monte Carlo dropout (MCD). Finally, the proposed
model was tested for different regulatory frameworks of primary frequency control services,
using the frequency datasets of real-world power grids.

7.2. Probabilistic Forecast of Time and Flexibility of EV Charging

In [134], the authors employed a quantile forecast to probabilistically predict EVs’
parking duration as well as their upcoming trip distance using the forecast framework
introduced by [135]. To develop the model, German datasets regarding travel logs were
adopted. In this regard, the authors first determined the requirements that are used as
inputs of smart charging systems. In the second stage, they extracted features from the
travel logs. Then, the paper compared the charging stations’ current information with
those of historical parking events. If the EV users grant the permission, the travel data are
extracted from the smartphone applications. As a result, the authors proposed a forecasting
model based on cross-validation performance. In the final stage, the results demonstrate
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that the charging station operator using the proposed forecasting model can profit by
selling flexibility services. The model was also proven to resolve the congestion issue
within the station.

7.3. Probabilistic Forecast of Other Uncertain Parameters

In [136], the authors developed a probabilistic forecasting model for the current rating
of transmission lines using QRF in order to solve the dynamic line rating problem with
a focus on the reliability of the distribution network’s lower part. In the second stage,
the results were employed to conduct a cost benefit analysis using a bi-level stochastic
problem. The problem considered two aspects of costs: (1) the reduced generation costs
due to the higher power transfer capacity and (2) the increased reserves” adoption resulted
from forecast errors.

As another application, ref. [137] investigated the probabilistic forecast of low-voltage
states (voltages as well as active and reactive power) for effective operation of distribu-
tion networks. In this regard, it tested two quantile forecasting methods considering
different levels of distributed renewable generation injection. The probabilistic forecasting
results were then integrated with an optimization problem to avoid over voltages within
the networks.

8. Conclusions and Future Direction

This paper discussed the roadmap towards making decisions under uncertainty in
a smart grid environment. This roadmap started with introducing different types of
probabilistic forecasting and continued with discussing for which uncertain variables the
literature uses probabilistic forecasting. In this regard, the main focus of the literature was
on obtaining the probabilistic forecasting models for renewable generation (both wind and
PV generation), electricity loads, and electricity prices.

Afterward, the paper described how probabilistic forecasting models were applied
in the literature. For this purpose, it reviewed some papers adopting scenario generation
techniques in smart grids. Two important methods of scenario generation, i.e., Monte Carlo
simulation and generative adversarial Network, were introduced, and the paper explained
in what way they are related to decision making. In addition, a limited number of papers
utilizing introduced scenario generation methods in smart grids have been reviewed.

In the next step, decision-making under uncertainty was discussed. It was stated
that energy management systems of smart grids need to solve optimization problems in
order to operate and plan their resources. In fact, uncertainties should be taken into ac-
count in the optimization problem. Accordingly, stochastic, robust, and chance-constrained
programming that consider uncertainties in the optimization problem were briefly intro-
duced. It was discussed how these problems can be used in smart grid decision makings
by reviewing the most recent papers.

Furthermore, two more applications of probabilistic forecasting were reviewed. Al-
though there exist a wide range of uncertain parameters in smart grids, the probabilistic
forecasting models were only developed for a limited number of these variables. For
example, there are very few papers that proposed to develop probabilistic forecasting
models for uncertain parameters of BESS and EVs (such as their SOC, charging power,
etc.). However, decision-makers need the distributions of these variables along with those
of loads and renewable output. Thus, future studies need to be conducted to obtain and
develop distributions of EV’s and BESS’s parameters.

Finally, it should be mentioned that future power systems are heading toward hosting
a high share of renewable generation. However, at the moment, power grids are not flexible
enough to tolerate this situation and need more flexibility from different flexible energy
resources and flexibility solutions (e.g., related to active network management). As a result,
operators need to know:

e  What are the available flexible energy resources in the current system?
e  What are the potential flexible energy resources that should be activated?
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e  How much flexibility is needed for the future power system?
To answer these questions, the system operators need to forecast:

o  The flexibility required to deal with a high share of renewables in the future such as
the reserves

e  The available flexibility (related to active power P and reactive power Q) of the system
at different levels of the systems (flexibility at TSO, DSO, and customer levels)

e  Potential congestions (voltage and/or thermal limit violations) of lines and other
passive power system key components

Point forecasts of flexibility do not give operators a comprehensive insight in order
to deal with the uncertainties of the future. However, with the help of probabilistic fore-
casts, decision-makers can assess different operational and planning decisions considering
different renewable injection scenarios.
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Abbreviations

ANFIS Adaptive Network-based Fuzzy Inference System

ANN Artificial Neural Network

ARMArls  recursive least square Autoregressive and Moving Average
BELM Bootstrap-based ELM

BESS Battery Energy Storage System

CDF Cumulative Distribution Function

DCNN Deep Convolutional Neural Network

DQR Direct Quantile Regression

DSO Distribution System Operator

ELM Extreme Learning Machine

EV Electric Vehicle

EWT Empirical Wavelet Transform

FCM Fuzzy C-Means

GAMLSS  Generalized Additive Models for Location Scale and Shape
GAN Generative Adversarial Network

GARCH  Generalized Autoregressive Conditional Heteroskedasticity
GBM Gradient Boosting Machine

ICT Information and Communication Technology

JOR Joint Quantile Regression

KDE Kernel Density Estimation

LDLF Label Distribution Learning Forest

LMQR Linear Model in Quantile regression

LSTM Long Short-Term Memory

LUBE Lower Upper Bound Estimate

MARNN  Multi-attention Recurrent Neural Network
MCD Monte Carlo Dropout
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MCM Markov-chain Mixture distribution model
MCS Monte Carlo Simulation
MDE Multi-distribution Ensemble
MDN Mixture Density Network
MSSA Multi-objective Salp Swarm Algorithm
NWP Numerical Weather Prediction
PDF Probability Distribution Function
PI Prediction Interval
PV Photovoltaic
QRF Quantile Regression Forecast
RBF-NN  Radial Basis Function-Neural Network
RF Random forecast
RNN Recurrent Neural Network
SOC State of Charge
SREF Short Range Ensemble Forecast
SRN Soft-max Regression Networks
TSO Transmission System Operator
VAR Vector Autoregressive
Nomenclature
t time
Xt1, --+, Xt,m  explanatory variables at ¢
bi, ..., by weights associated with explanatory variables
F(y) PDF
€t forecast error at t
n mean value of the distribution function at ¢
ot standard deviation of the distribution function at ¢
vt skewness of the distribution function at ¢
T kurtosis of the distribution function at ¢
g(.) link function for modeling the mean value in terms of explanatory variables
K Kernel function
) Heaviside step function
N total number of sample points
h bandwidth referring to the smoothing parameter
Y, ¢ response variable at ¢
Yi, Ut point forecast at ¢
P active power
Q reactive power
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The high penetration of intermittent renewable-based power into modern power systems increases the need for
more technical ancillary services from flexible energy resources. Smart homes could provide different flexibility
services related to active power control services and therefore fulfill a part of the flexibility needs of system
operators. In this regard, the estimation of the flexible capacities of each smart home’s flexible device is of key
importance. Correspondingly, this paper first estimates the flexible capacities of a smart home with controllable
devices as flexible resources. The flexible capacity of each appliance is estimated considering its flexible and non-
flexible operations. Besides, the local and system-wide flexibility services are introduced and the paper discusses
whether a smart home can provide these types of services. In the simulations of this paper, the flexible capacity of
each household appliance is estimated and compared to each other. Finally, the profitability of the smart home’s
battery energy storage multi-use is analyzed when it is providing three different types of flexibility services for
the transmission system operator’s needs. The results demonstrate that in some scenarios, the smart home’s

battery energy storage can increase its profits by providing transmission-system-level flexibility.

1. Introduction
1.1. Motivation

Modern power systems aim to host renewable-based energy as much
as possible to minimize the environmental impacts of energy generation.
However, the power produced by renewable resources is intermittent
and uncertain. The high penetration of intermittent renewable-based
power into the electricity networks increases the system operators’
flexibility needs. Future power systems are required to be more flexible
and be able to change their operating points constantly according to the
real-time demand or/and generation fluctuations. In this regard,
different types of technical ancillary services i.e. flexibility services are
employed to manage the future power system with increasing flexibility
needs.

In general, flexibility services are procured to fulfil local and system-
wide flexibility needs. Local flexibility services help local distribution
system operators (DSO) increase the flexibility of their electricity dis-
tribution networks. On the other hand, system-wide flexibility services
assist transmission system operators (TSO) in controlling the frequency
of the system and thus enhance the system-wide flexibility. TSOs and
DSOs procure flexibility services from flexible energy resources (FER).
Currently, conventional fuel-based generators are the main FERs utilized

* Corresponding author:
E-mail address: hannu.laaksonen@uwasa.fi (H. Laaksonen).
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to provide system-wide flexibility services [1]. Besides, DSOs use con-
ventional regulators and devices for the local flexibility provision.
However, the employment of these devices as the only approach of
operating distribution networks is not enough for the future power
system with the high penetration of renewable generations [2].

To this end, both DSOs and TSOs need to employ new FERs to resolve
the future flexibility requirements. Active and smart residential cus-
tomers connected to distribution networks are very potential FERs that
can provide flexibility for the TSOs and DSOs. Smart homes have some
flexible appliances that can be controlled according to the system op-
erators’ needs. In this way, they sell their flexibility i.e. flexible capac-
ities to the system operators and receive the monetary profits
accordingly. In this way, the system operators are able to exploit the
maximum flexibility potential of the active customers connected to
distribution networks.

1.2. Literature review

In this context, there is some research proposing the participation of
smart homes and residential customers in providing flexibility services.
Some studies mainly focused on the provision of local flexibility services
through active residential customers. For example, [3] suggested a
centralized control of smart homes’ appliances with the aim of providing
local flexibility services. In that research, the DSO determines dynamic
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Nomenclature geod Temperature of inlet cold water [°C]
PEWH Nominal power consumption of the EWH [kW]
Abbreviations
AC Air Conditioner EWH-related variables
BES Battery Energy Storage oy Temperature of EWH’s water at time t [°C]
DSO Distribution System Operator QEWH Energy demand of the drained hot water of the EWH at
EV Electric Vehicle time t [kWh]
EWH Electric Water Heater PEWH Operating power of the EWH at time t (in general) [kW]
FCR Frequency Containment Reserve PEWH-C1 Non-flexible operating power of the EWH at time t [kW]
FER Flexible Energy Resource PEWH-C2U Operating power of the EWH at time t when it provides
FFR Fast Frequency Resc.arve upward flexibility [kW]
FRR Frequency Restoration Reserve PEWH-C2D - Operating power of the EWH at time t when it provides
HEMS Home Energy Management System downward flexibility [kW]
SOC State of Charge
TSO Transmission System Operator EV-related parameters
Sets SOCEY  Lower limit for the EV’s battery SOC at time t
t Time SOCEV  Upper limit for the EV’s battery SOC
s Scenario Cap®  Maximum capacity of EV’s battery [kWh]
pAC Maximum charging power of the EV’s battery [kW]
AC-related parameters £V . . X
n Charging efficiency of the EV’s battery
o Lower limit of the desired temperature of the household
[°C] EV-related variables
o Upper limit of the desired temperature of the household S0C”  SOC of the EV’s battery at time t
[°cl PEV=Cl  Non-flexible charging power of the EV’s battery at time t
Hf””’ Ambient temperature at time t [°C] [kw]
a Constant related to the thermal characteristic of the PEV=CU Charging power of the EV at time ¢ when it provides
household upward flexibility [kW]
B Coefficient of the AC’s performance [°C /kWh][heat: PEV=C2D Charging power of the EV at time t when it provides
> 0, cool: < 0] downward flexibility [kW]
PAC Nominal power consumption of the AC [kW]

AC-related variables

o Household indoor temperature at time t [°C]

pac Operating power of the AC at time ¢ (in general) [kW]

PAC=Cl Non-flexible operating power of the AC at time t [kW]

PAC-C2U Qperating power of the AC at time t when it provides
upward flexibility [kW]

PAC-C2D Operating power of the AC at time t when it provides

downward flexibility [kW]

EWH-related parameters

2 Minimum temperature of the hot water [°C]
0" Maximum temperature of the hot water [°C]
QﬁWH Maximum energy demand of the EWH [kWh]
k Constant of energy conversion [kWh/J]

P Specific heat of water [J/kg°C]

yEWH Capacity of the EWH tank [kg]
ytank Volume of the stored water in the EWH tank at time ¢t [kg]
g Initial in-tank water temperature [°C]

BES-related parameters

Lower limit for the BES SOC at time t

Upper limit for the BES SOC at time t

pB.dis Maximum discharging power of the BES [kW]
PpB.ch Maximum charging power of the BES [kW]
Cap® Maximum capacity of the BES [kWh]

et Charging efficiency of the BES

s Discharging efficiency of the BES

BES-related variables

PtB‘Ch’U Charging power of the BES when it provides upward
flexibility [kW]

PB<h=P Charging power of the BES when it provides downward
flexibility [kW]

Pf‘di"U Discharging power of the BES when it provides upward
flexibility [kW]

pBds=D pischarging power of the BES when it provides downward

flexibility [kW]

tariffs as well as daily network tariffs to manage the congestion in the
distribution networks. However, the provision of system-wide flexibility
services was not analyzed in the paper. In another work, [4] proposed a
real-time re-scheduling model for shiftable appliances to respond to the
DSO’s flexibility requests. Then, it utilized evolutionary algorithms to
solve the scheduling problem. The paper did not consider the constraints
related to the operation of different appliances. For example, it did not
consider the constraints imposed by the household thermal comfort and
their impacts on the operation of the appliances. Reference [5] also
analyzed the provision of local services through the aggregated com-
mercial customers. However, the main focus of the paper was on the

aggregation method and the interaction between the DSO and the
aggregator, and not on the appliances’ scheduling and the flexible ca-
pacity potential of the customers. Also, [6] suggested the use of flexible
energy resources to tackle operational challenges of DSOs. The paper did
not take into consideration the details about modeling these flexible
energy resources. Finally, [7] presented a market environment for the
participation of households in the provision of local flexibility services.
Although the paper presented a comprehensive model, it did not intro-
duce any details and mathematical models of household appliances and
their flexible operations.

The contribution of residential customers to the system-wide
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flexibility, on the other hand, was more taken into consideration in the
previous research. For instance, some authors proposed demand-side
customers participating in peak-shaving programs. References [8, 9]-
[12] are the examples that presented the optimal management of
household appliances by shifting them to off-peak time slots and thus
provide flexibility for the grid. The peak-shaving programs, however,
cannot enhance the real-time flexibility of power systems and directly
help the system operators deal with real-time flexibility issues resulted
from intermittent renewable generation. On the other hand, [13]
introduced a new local market for providing both system-wide and local
flexibility services by residential prosumers. In that paper, the pro-
sumers sell their flexible capacities to the TSO and the DSO, so that the
system operators are able to follow their flexibility needs in real-time.
However, the focus of the paper is more on the local capacity market
clearing mechanism and the details of prosumers’ scheduling were not
included in the paper. Besides, [14] provided a tool that studies different
aspects of demand response business models. It also presented a demand
response business model canvas through which, a residential customer is
able to analyze the demand response offers as well as the types of ben-
efits that can be achieved by selling flexibility. The details and mathe-
matical formulations about flexible capacities of these customers were
not assessed in the paper. Authors of [15] developed a two-stage opti-
mization problem aiming to maximize the revenues of small-scale pro-
sumers that provide tertiary frequency services. Again, the constraints
related to appliances’ operation and the comfort level of household
customers were not thoroughly modeled, similar to the works conducted
by [16, 17] and [18]. These works tried to model household controllable
appliances in a general way, by scheduling their working timetables,
although each appliance may have its own operational and usage-based
constraints. In other words, although a wide range of controllable ap-
pliances can be categorized into shiftable loads, their operations’ limi-
tations are different and thus they cannot be modeled together.

In comparison, some research analyzed the smart homes’ flexibility
provision capability using the details and the mathematical models of
appliances. In this regard, [19] proposed two methods for controlling
thermostatically controllable loads (TCL) and quantifying their avail-
able flexibility. Although the research utilized the mathematical models
of TCL appliances, it does not calculate the flexibility potential of other
flexible appliances. In another study, [20] presented a comprehensive
work on how smart homes can provide demand response programs,
solely or in an aggregated manner. This work did not mathematically
model household appliances, individually. Besides, [21] proposed that
the neighboring residential customers form a local energy community to
provide frequency restoration reserves (FCR) as a system-wide service.
The paper only considered EVs and a BES as a shared FER providing
flexibility. In another research, [22] suggested a new method to forecast
the flexibility of residential customers and schedule their electric water
heaters (EWH) to provide frequency containment reserves (FCR) for the
TSO. Household air conditioners (AC) were also proposed to be aggre-
gated in [23], playing active roles in the operating reserve provision.
Also, [24] introduced a general formulation to obtain the flexibility
percentage of household appliances. The details and constraints of these
appliances were not modeled in that work. In a similar study, [25]
analyzed the response of TCLs, in general, that help to maintain the
balance between the system’s demand and generation. However, ther-
mostatically controllable appliances and storage-based devices can be
scheduled simultaneously for providing different types of flexibility
services, which were not considered in the previous mentioned litera-
ture. Finally, [26] provided a review on flexibility potential of house-
hold appliances. The work, however, did not present any mathematical
model to calculate the flexible capacities of these appliances and the
residential customers.

1.3. Contribution and Structure

In this paper, smart homes aim to provide flexibility services for
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system operators. Table 1 compares the reviewed literature with this
paper. The first four columns analyze whether they mathematically
modeled the appliance as an FER. The last column assesses if the
research tried to estimate, calculate, or forecast the flexible capacities
adopted by the household appliances. These flexible capacities should
be obtained from comparing the normal operation and flexible opera-
tion of the appliances.

Considering Table 1, the contribution of the paper can be categorized
into three main points:

1- We consider two types of appliances, thermostatically controllable
appliances and storage-based devices. Thermostatically controllable
appliances include an AC and an EWH whose operations affect the
thermal comfort of the household. Storage-based devices include an
EV and a BES. The EV charging is scheduled according to its avail-
ability and the owner’s charging preference while the total capacity
of the BES is utilized for flexibility purposes. To the best of the au-
thors” knowledge, the simultaneous operation of these four appli-
ances for providing flexibility has not been considered in the existing
literature.

2- We estimate the flexible capacity of a household based on the flexible
and non-flexible operations of its controllable appliances. It should
be noted that estimating the flexible capacity is of vital necessity for
system operators, household aggregators and the household, itself.
System operators should assign monetary values according to the
flexible capacities of the households and the aggregators and the
household need this estimation to build bidding strategies and
choose the appropriate flexibility services. However, to the best of
the authors’ knowledge, there exists no previous research dealing
with estimating the flexible capacity of households by modeling their
controllable appliances.

3- Finally, we introduce different types of flexibility services based on
the European terminology of TSO-level flexibility services for fre-
quency control. Besides, in the simulation section, multi-use sce-
narios of a smart home’s BES is analyzed and the profitability of
providing three types of system-wide (TSO-level) services is assessed
considering different activation scenarios.

The rest of the paper is organized as follows. Section 3 estimates the

TABLE 1
A comparison between our paper and the existing literature
Ref. Providing mathematical models for:
AC as EWH as EV as BES as Flexible capacity
FER FER FER FER forecast/estimation
[3] - - v - -
[4] - - - - -
(5] - - - v -
[7] - - - - -
[8] - - - v -
[9] - - - - -
[10] v v - v -
[11] - - - v -
[12] - - v - -
[13] B - - - -
[14] - - - - -
[15] v - v - -
(16 - - - - -
[17] - B 4 4 -
[18] - - - - -
[19] v Quantify
[21] - - v v -
[22] - v - - Forecast
[23] v - - - -
[24] - - - - Estimation
[25] v - - - -
[26] v - v v -
Our v v v v Estimation
paper




130

H. Khajeh et al.

flexible capacities of household appliances according to their flexible
and non-flexible operations. Section 4 introduces the existing TSO-level
flexibility services and discusses whether a smart home can provide
these services. Section 5 provides a brief discussion about the partici-
pation of a smart home in providing DSO local services. Section 6 tries to
estimate and compare the flexibility of different household appliances.
Finally, section 6 concludes the paper.

2. Estimating the flexibility of a Smart Home

The flexible capacities of a smart home need to be estimated before
their activation. The reasons are twofold. First, the home energy man-
agement system (HEMS) that controls the controllable appliances should
evaluate the flexibility potential of the smart home before its activation
to check the availability of these appliances and to conduct cost-benefit
analyses. Second, system operators need to estimate the flexible capacity
of a smart home that has reacted to the operators’ flexibility requests. In
this way, the operators are able to assign monetary compensation based
on the available flexible capacity of the smart home. However, it would
be difficult to distinguish between the household’s actual load and its
flexibility that is resulted from its reaction to the flexibility signals. It is
worth mentioning that uncontrollable appliances cannot provide flexi-
bility. It means that only controllable appliances are able to provide
flexibility. However, we can estimate their flexibility by estimating the
change of controllable appliances’ operation according to their reaction
to flexibility signals. To this end, we propose that the flexible capacity of
each controllable device is estimated by comparing the device’s normal
operation and its flexible operation. Fig. 1 summarizes normal and
flexible operations for four types of controllable appliances. It should be
noted that the focus of this work is to maximize the appliances’ flexible
operations in near real-time. In the following section, this paper aims to
estimate the flexibility of each controllable appliance based on its spe-
cific characteristics.

2.1. Estimating the flexibility of thermostatically controllable loads

Household thermostatically controllable loads (TCL) mostly come
from space heating and cooling as well as the hot water consumption. In
this way, this paper considers the consumption of two appliances
including EWH and AC as thermostatically controllable loads. We
consider two cases for the operation of these devices to estimate their
flexible capacities. The first case represents the non-flexible operation of
appliances whereas the second case introduces the flexible operation of
the devices. It is assumed that the smart home is equipped with an
intelligent HEMS that schedules the controllable appliances based on the
defined objective. Fig. 2 overviews the general model of a smart home

Controllable Devices

Objective Functions for
Normal Operation:
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and its flexibility-related application.

2.1.1. Case 1: normal operation

For the first case, the HEMS is assumed to control thermostatically
controllable devices aiming to maximize the thermal comfort level.
Therefore, the objective function of the HEMS is as follows:

(€9)

w w.des
o —6

+ { 9:; _ ghdes

min
v g - -
9: v‘9'!_1115“/[’1 CI. P.[AC Cl

According to (1), the HEMS aims to maximize the thermal comfort
level of the household by minimizing the difference between the desired
temperatures and the actual temperatures. The first term indicates the
difference between the actual and desired temperature of the water
whereas the second term denotes the difference between the actual and
desired temperature of the household space. The introduced objective
function is restricted by some operational constraints and those related
to the occupants’ comfort level. The HEMS should consider these con-
straints using the mathematical models of the appliances. For the EWH,
one constraint is associated with the operation of the device which states
that the temperature of the in-tank water depends on the water’s tem-
perature of the previous time step and the heat loss due to hot water
demand and boiler’s power rate. In fact, at each time slot, the power
consumption of the boiler must be adjusted to regulate the desired
temperature of outlet hot water. The related equation is indicated with
(2), where the term PE"" At calculates the amount of energy needed for
heating the stored water in the tank [22].

EWH EWH Lo
PYUAL— QM — 0%

o =0y, + o

(2)

There are also some settings such as maximum and minimum values
for the temperature of the in-tank water that limit the operation of the
EWH, as follows:

0 <0 <0” ®3)

In addition, equation (4) refers to the required heat that increases the
temperature of the specific volume of cold water to the desired level.
Similarly, (5) denotes the maximum energy required to heat the full
volume of the in-tank water from an initial temperature to the maximum
desired temperature [27].

Q:ZWH —k pv:ank (6;1' _ acold) 4)
éhng —k /)VEWI[ (97 _ ewjni) 5)

Moreover, the EWH must fulfil the household hot water demand at
each time slot, as stated in (6). Constraint (7) also guarantees that the
maximum heat does not overtake the upper bound of water storage [27].

Objective Functions for
Flexible Operation:

AC — Minimum difference with the Maximum flexibility provision

— desired room temperatures

e P
EWH e Minimum difference with the Maximum flexibility provision

a . .
) desired in-tank water
B temperatures
EV @t Fast charging in the predefined Maximum flexibility provision
time frame
BES T - Maximum flexibility provision
m

Fig. 1. Objective functions of the HEMS considering normal and flexible operations of the controllable devices
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Fig. 2. The general model of the smart home and its application for providing flexibility

P:EWHAZ 2 Q’EWH (6)

PPYIAL< QP - QFV @)

Finally, constraint (8) ensures that the power consumption of EWH’s
boiler does not exceed its maximum rated power.

0 < PFY < pEWI ®)

Regarding an AC, this device has an internal thermostat which is in
charge of adjusting the power consumption based on one or a range of
desired temperatures. The range of desired temperatures could be pre-
defined by the household customers or based on the factory settings. Eq.
(9)-(12) are defined to model the operation of an AC. In this light, (9)
shows the relationship between the indoor temperature with the out-
door temperature and the power consumption of the device. In this
equation, the constant coefficient related to the thermal characteristics
of the house along with the AC’s thermal capacity are taken into
consideration [28].

0! = (1—a)0 | +ad!™ + pP/ At 9

t

In addition, constraint (10) ensures that the indoor temperatures
remain in a specific bandwidth defined by the household customer.

0 <o <o (10)

Finally, the power consumed by the AC should remain within its
permissible range, as indicated by (11).

0 < P¢ < pac a1

2.1.2. Case 2: flexible operation

The second case represents the flexible operation of thermostatically
controllable appliances. In this case, the smart home is assumed to fully
react to the flexibility requests. It provides upward flexibility if it re-
ceives the upward signal. In this regard, the smart home decreases the
controllable appliances’ consumption. In comparison, the smart home
provides downward flexibility by increasing the controllable devices’
consumption providing that it receives the downward signal. However,
the AC’s and EWH’s operational constraints as well as the comfort level
of the occupants need to be considered as well.

If the household receives an upward signal, the HEMS of the
responsive smart home aims to minimize the consumption of the AC and
the EWH, as follows:

P?C—CZU + P:ZWH—CZU (12)

min i}
H:‘ vg;:_I:IFWIIfA"ZI,’y P.l4(‘7£ 2U

The objective function (12) should be limited by the operational
constraints of these two devices as well as those related to the comfort
level of the occupant. Thus, the optimization problem includes (12) as
an objective function and (2)-(11) as constraints of the problem.

In contrast, the HEMS needs to maximize the consumption of the AC
and the EWH, if it receives the downward signal. Therefore, another
optimization problem should be defined for the downward case aiming
to maximize the consumption of these devices, with an objective func-
tion defined in (13):

max I)?C*CZD +P’EWH—CZD (13)
U;v ,0’,’.["‘5“}/ CZI)‘ P’AC 2D

Again, constraints (2)-(11) should be taken into account in this
optimization problem.

2.1.3. Flexibility estimation

In the first step, the HEMS needs to estimate the introduced three
optimization problems. Then, it utilizes (14) and (15) to estimate the
flexile capacities of the TCL.

FlexlT(‘L—up — (P’{:'WH—CI +P;4C—Cl) _ (P¢C7C2U+PfWH7C2U) (14)

Flex[TCLfdn — (P,’AC—CZD +P5:“WH—C2D) o (P:SWH—CI +P’AC7C1) (15)

Eq. (14) states that the upward flexible capacities of the thermo-
statically controllable loads can be estimated by calculating the amount
of its decreased consumption. This amount should be the result of an
external flexibility signal. In other words, if a smart home does not
receive flexibility signals, its decreased consumption does not mean that
it provides upward flexibility. Eq. (15) estimates the available down-
ward flexibility of the AC and the EWH, if the household receives
downward flexibility signal. In this regard, the increased consumption
by these appliances is considered downward flexibility providing that it
receives the downward signal. To calculate the increased and decreased
consumption, the TCL operation of the responsive smart home should be
compared with that of the household seeking to maximize its thermal
comfort. Therefore, this deviation needs to be compensated by the sys-
tem operator that sent the flexibility signals before. In this way, it mo-
tivates smart homes and encourages them to play active roles in the
flexibility improvement of energy systems.
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2.1.4. Robust flexibility estimation

Considering constraints (2), (4), (5), (6) and (7), it can be found that
the EWH’s consumption power is highly related to the household hot
water consumption. Hence, the water consumption needs to be fore-
casted to solve the related optimization problem. However, the fore-
casted value would not be exact and there would be uncertainties due to
the household uncertain behavior regarding water consumption. To
capture these uncertainties, this paper utilizes the concept of robust
optimization. A robust optimization problem considers the worst-case
that happens regarding the water consumption of the household. In
this way, HEMS should solve another optimization problem with the
following objectives to find the robust values for estimating the flexible
capacities of the smart home.
Pf:’VH—CI +P;\C—Cl) _ (P;\c—czu+Pf:VH—czu) (16)

min
PFWH*(! I)PMH*(TL’
s iy

P{-_:'\/H—(l"]r)‘}i,;oﬁ—(‘_[' (Pf\cfczn +PfrVH’C2D) _ (PfSWH’C] +P’AC—C1) a”n

The robust value of the upward flexible capacities of the TCL is equal
to the objective function in an optimal point (16) while the value of the
downward flexible capacities equals the solution of objective function
(17). The introduced objective functions are subjected to the following
constraints:

EWH—C1 EWH Loss
Pt,s At — QI,S - Qt

O =0l + v (1s)
PEWH-C2U Ay _ OEWH _ (Loss
e;w:CZU — 9:11 4 s Q)‘.: Q: (19)
; kpv
PEWH—CZI)AI _ OEWH _ nlLoss
O =07+ on e (20)

kpv

Where, (18) yields the consumption power of the EWH considering
different scenarios for the first-case water consumption in which the
HEMS is maximizing the thermal comfort level. Equation (19) calculates
the EWH’s consumption power considering different scenarios for the
case in which the household receives upward flexibility signal.
Constraint (20) calculates the same value for the case where the
household receives downward flexibility signals. As a result of solving
(16) and (17), the minimum flexible capacity of the household is chosen
between different scenarios of water consumption. This means that if
other scenarios happen in reality, the household is still able to provide
the estimated flexibility.

2.2. Estimating the flexibility of EV

The HEMS can also change the charging power and the charging
timetable of an EV in order to react to the flexibility signals. However,
the charging availability of the EV and the charging preference of the
EV’s owner are two important factors that restrict EV’s flexibility pro-
vision. This paper considers two different cases to estimate the flexible
capacity of an EV. The first case considers that an EV owner tries to
charge the EV with the maximum rated power within a time frame
specified beforehand. In the second case, the owner sets a minimum
limit for the EV’s SOC at each time slot within the specified time frame
and it aims to react to the flexibility signal as much as possible. In this
way, the EV is able to provide flexibility while still satisfying the spec-
ified minimum charging level.

2.2.1. Case 1: fast charging (normal operation)

In this case, the EV is allowed to be charged only in a specific narrow
timeframe which is determined by the EV owner. In addition, the owner
wants to have a fully charged EV in a short period. Hence, the EV is
charged with the maximum rated power to reach the higher SOC sooner.
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Thus, charging the EV can be mathematically modeled as follows:

PEV-CL = P if e [FV*C‘, zE”l] and SOC®~" < 50C™ on

va’a =0 Otherwise

Eq. (21) states that the EV is charged at t with its maximum rated
power if t is within the time range specified by the owner and if the EV’s
state of charge does not exceed its upper bound.

2.2.2. Case 2: flexible charging (flexible operation)

In the second case, the HEMS assigns a minimum value for the SOC of
EV’s battery within the time frame. EV charging can modify according to
the flexibility signals. However, the battery should reach the specified
SOC level at each time slot. In addition, we consider the broader
charging time frame for this case in which the smart home decides to be
more flexible. If the HEMS receives a downward flexibility signal, the EV
is charged with the maximum rated power, similar to the first case:

{P::'V—CZD — PEVl:ﬁe [ZEV—CZ’IEV—CZ} andSOCIEV—CZI) S SOCEV (22)

PEV=CP = 0 Otherwise

Where, the time frame [tEV’CZ, tEV*CZ} would have a broader range
compared to the charging time frame of the first case. In other words,
[tﬁ"’cﬂ tE"*Cl] can be a subset of the wider time frame [tEV*CZA, tEV*CZ]

If the HEMS receives upward flexibility signal, the EV should
decrease its charging power. However, it should reach its lower bound of
the SOC. Hence, the HEMS solves an optimization problem to determine
the charging power of the EV. The objective function is to decrease the
charging power of the EV.

min PEV-C2U (23)

b t
EV—C2U
Py

The problem is subjected to the following constraints:

P/EV—CZU — Olf t ¢ |:tEV7C2., m:l (24)
pEV-C < pEV (25)
EV pEV-C2U
. . n-'P At
soct” =soct, + W (26)
SOC™ < SOCF” < SOCFY (27)

Eq. (24) states that the EV cannot be charged within the time frame
that is not specified by the owner while (25) determines the upper limit
of the charging power. In addition, (26) models the relationship between
the SOC and the charging power of the EV’s battery while (27) imposes a
constraint on the upper and lower limits of the SOC [21]. According to
(27), the lower limit is determined for each time slot to ensure that the
EV’s battery reaches the minimum limit of the SOC at each time slot. In
this way, if all of the flexibility signals during these time frames are
upward, the EV still reaches its acceptable SOC.

2.2.3. Flexibility estimation

Similar to the flexibility that comes from TCLs, the flexibility of the
EV can be estimated by calculating the difference between the charging
power considering the first and the second case. If the HEMS receives the
upward signal, it calculates the reduced charging power in the second
case, as denoted by (28):

FIEX’EVHA” — PIL"V*C] _ P,EV*CZU (28)

The downward flexible capacity of the EV is estimated through
calculating the increased charging power of the EV, as follows:
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Flex’EV—zln — P::‘V—CZD _ PIEV—C] (29)

2.3. Estimating the flexibility of BES

Unlike thermostatically controllable appliances and EVs which are
must-run appliances, BESs are not must-run devices. It means that they
are specifically employed for flexibility purposes. Thus, BESs are an
important source of flexibility. They can inject power as well as
consuming it when needed. As a result, they can create bidirectional
flexibility through charging and discharging. However, unlike other
introduced controllable appliances, the battery charging and discharg-
ing power can be fully used as flexibility. In this way, the HEMS dis-
charges the battery when it receives an upward flexibility signal while
the battery is charged during time slots that the HEMS receives a
downward signal. In the case of the upward signal, an optimization
problem with the following objective function should be solved by the
HEMS:

max PP (30)
F,ff.(h\ 12

Where, (30) states that the HEMS tries to maximize the discharging
power of the BES as soon as it receives the upward signal. The objective
function is subjected to (31)-(34) [21].

0 < PRt <y PBas BD
0 S P’B‘x/t—U S (l _ u,)PB"l’ (32)

nB.chPF,t’thAt _ ,,]B.dispfldisfl/At

Cap® G3)

s0C? =50Ct | +

SOC® < SOC? < SOC? (34)

Where, (31) and (32) define the upper limit for discharging and
charging power of the BES, respectively. Additionally, the binary vari-
able u, prevents the BES from charging and discharging simultaneously.
Eq. (33) models the relationship between BES charging /discharging
power and the SOC of the BES. In this regard, the SOC of the BES in-
creases when it is charging whereas discharging the BES results in an
SOC decrease. Finally, (34) restricts the upper and lower limits of the
battery’s SOC. As a result of solving the optimization problem (30)-(34),
the upward flexibility of the battery can be estimated by determining the
discharging power of the battery.

F[exfﬂ,p _ P:s,anfz/ (35)

On the other hand, if the HEMS receives the downward signal, it tries
to charge the BES as much as possible. In this way, the objective function
can be defined to maximize the charging power with some constraints
related to the operation of the BES as stated in (36)-(41).

max Pfx.ch—u (36)
pheiD

0 < PRasD <y i 37)
0< PfLrh—D < (1 —u,)]m (38)

nk.('hP:'f,(’h—[)At _ ,,/k.di.vaf,dn—DAt
B

(39)

S0Ct =50C® | + Cap

SOC® < 50C? < SOCH (40)

Finally, the downward flexibility of the BES can be estimated by
determining the charging power of the BES.

FlexPd" = pieh=D 41)
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3. TSO-level Flexibility Services

A TSO requires to maintain the balance between the system’s gen-
eration and demand closely to fix the system’s frequency at the pre-
defined value. The imbalance between the generation and the demand
causes a frequency deviation which can risk the frequency stability of
the system. Hence, the TSO procures various types of TSO-level or
system-wide flexibility services to maintain the frequency within its
permissible range. In this regard, there exist different flexibility services
for different frequency deviation levels. Table 2 indicates the flexibility
service utilized for each frequency deviation range. If smart homes are
willing to contribute to the provision of system-wide flexibility services,
they need to be aggregated through an aggregator to reach the minimum
capacity needed for the service provision. The last column of Table 2
indicates the required minimum capacity for each service. The aggre-
gator aggregates the flexible capacities of smart homes and activates the
flexibility by measuring the frequency deviation in real-time. Without
the aggregator, smart homes cannot participate in providing TSO-level
flexibility services because there exists a lower limit of capacity for
participation in most TSO-level markets, as illustrated in Table 2 [13].
Besides, the table summarizes the activation time required for each
service. For example, according to Table 2, the FER providing FCR-N
service needs to activate its full capacity (100%) in less than 180 s.

FCR services comprise FCR-N deployed for normal operations of the
power system and FCR-D for disturbance situations. FCR-D service
consists of two individual services for upward and downward directions
whereas FCR-N is a symmetric service [29, 30, 31].It means that the FER
providing FCR-N should be able to provide both upward and downward
flexibility, simultaneously.

The main purpose of the FFR is to compensate for the loss of an in-
dividual producer or the loss of a high voltage direct current (HVDC) line
that causes the frequency drop. The FFR service is mainly procured for
the better management of the system in low-inertia situations. At the
moment, this service is activated as the upward flexibility service
meaning that the FERs should inject more power to the grid or reduce
their consumption [32]. In Finland, the FFR service gives the FER three
options including the combinations of different activation frequencies
and activation time as indicated in Table 2 [32].

FRR services are categorized into automatic FRR (aFRR) and manual
FRR (mFRR). In general, the main responsibility of FRR services is to
restore the frequency to its nominal value and to help release the FCR
that has been activated earlier. Unlike FCR and FFR services that require
measuring devices to respond to the flexibility needs, the FERs providing
FRR services need to continuously be in touch with the TSO and receive
flexibility signals constantly.

Automatic FRR is a service associated with the Nordic power system
and is an automatically activated reserve in a centralized manner [33]. It
means that its activation is based on the frequency deviation of the
whole Nordic synchronized area and is only utilized for certain hours in
mornings and evenings [33]. Since this service is related to all Nordic
areas, there should be an entity coordinating the TSOs of these areas so
that they agree on the flexibility activated for restoring the frequency. In
this regard, Statnett’s operation control system was assigned to be in

TABLE 2
The technical requirements needed for each TSO-level service

Service  Frequency Activation time [s]- activation =~ Minimum size
deviation [Hz] percentage[%] [MW]
FCR-N +0.1 180-100% 0.1
FCR-D +(0.1, 0.5) 5-50% 1
30-100%
FFR —-03, —04, — 1.3, 1, 0.7-100% 1
0.5
aFRR - 350-100% 5
mFRR - 900-100% 5
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charge of determining the activation power of aFRR. The activation
requests are sent to the TSO in each area and are then forwarded to the
flexibility aggregators. For example, Fingrid, the Finnish TSO, sends the
activation signal of aFRR to the balancing service providers playing the
role of flexibility aggregators, every 10 seconds [33] [34] [35] [36].

Manual FRRs are procured through balancing markets. This service is
used to manage the flow of the grid and used in the case of expected
frequency deviations such as outages [33]. Manual FRR is localized so
that the synchronous Nordic system can be balanced moment by
moment. The TSO procures mFRR according to its local TSO flexibility
requirements. In this way, the TSO takes into consideration the bottle-
necks as well as the dimensioning faults happening in its networks and
procures the mFRR accordingly [33].

3.1. The participation of smart homes

Firstly, it should be mentioned that the TSO does not reach every
single household to provide flexibility services. The TSO and smart
homes indirectly communicate through local frequency measurements.
For example, as stated in table 2, if the household is going to provide
FCR-N services, it should activate its upward flexibility when the fre-
quency falls to (49.9-50) Hz and activate its downward flexibility when
the frequency goes up to (50-50.1) Hz. Smart homes with flexible ap-
pliances have a considerable potential to provide the TSO with different
flexibility services. However, each FER should pass the prequalification
process to be qualified for the provision of that specific service. In
addition, smart homes and flexible capacities of other small-scale re-
sources need to be aggregated to be able to take part in the provision of
these services. The aggregator can decide on the bidding strategy based
on the estimated flexible capacities and the types of services that can be
provided by its FERs including smart homes.

Regarding FCR-N services, an aggregated of smart homes with BESs
(or a large-scale BES system) is able to provide this service. In this way,
they are able to provide flexibility in both directions. However, for
example, a BES system that is nearly full cannot provide FCR-N because
it cannot simultaneously provide upward and downward flexibility. The
following constraint should be taken into account for an FER contrib-
uting to the provision of FCR-N.

Flex{? = F lex;{" 42)

Equation (42) states that at each time slot, the FER needs to have
both upward and downward flexible capacities. Storage-based devices
that have the capability of charging and discharging are potent re-
sources. However, when the energy storage device reaches its maximum
or minimum SOC level, it should interrupt the activation of the flexi-
bility service until the direction of the frequency deviation changes or
until it reaches its capability to provide the symmetric services. In this
regard, designing the BES’s recharging timetables is an important
concern. The aggregator can be in charge of designing timetables and
coordinating BESs of different households so that it leads to the
maximum profits and minimum operational costs for their owners.
Moreover, it is worth mentioning that the BES should have the capability
to activate FCR-N reserves for 30 minutes. Hence, it requires to have a
sufficient level of the SOC to be able to provide the 30-min service.
Besides, the resource should be able to respond in less than 3 minutes.

Regarding FCR-D, all of the household appliances can provide these
services. However, they need 30-second response time as well as the
ability to activate the reserve for 30 minutes. Thus, it can be concluded
that the participation of some appliances such as EWHs that their op-
erations are restricted by the occupants’ uncertain behavior should be
more analyzed in future works. Other appliances such as ACs can pro-
vide FCR-D providing that they have scheduled beforehand for all of the
possible activations. Besides, the HEMS should ensure that the con-
straints related to the thermal comfort level of the owner are satisfied
during the activation period.
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The household’s participation in the provision of FFR is highly
restricted since it requires an extremely fast response in less than a
second. It means that not only the communication latency should be
very low, but also the households should use the appliances whose op-
erations are not strictly limited. In this regard, BESs are better options
compared to thermostatically controllable appliances whose operations
seriously affect the occupants’ comfort. In comparison, the participation
of smart homes in providing FRR services is more possible since they
require more than 350-second activation time. However, the smart
homes and the corresponding aggregator need to be constantly in touch
with each other and with the TSO to receive the flexibility signals.

4. DSO-level Flexibility Services and Smart Home Participation

DSO-level flexibility services help DSOs to operate their networks.
The main responsibilities of DSOs include congestion management and
voltage control of the distribution networks [37]. In the long term, DSOs
reinforce the network according to their forecasted needs in the future
[38]. In this way, the DSO tries to invest in the grid’s infrastructure and
increases its hosting capacity for more renewable resources and be
prepared for customers’ increasing demand. In the short term, DSOs
currently use conventional approaches to reconfigure the set points of
regulators and assets of the network. DSOs may also utilize
re-dispatching generation resources and request curtailment if needed.
Traditionally, DSOs employ some devices such as on-load tap changer
transformers, switched capacitors, and step voltage regulators to control
the node voltages of their networks [39]. These mentioned devices es-
timate the voltage drops along the feeder and accordingly adjust the
voltage. However, the high penetration of renewable-based DGs in dis-
tribution networks has restricted the operational effectiveness of these
conventional methods. For example, the voltage regulator devices fail to
track the variation of highly volatile voltage that results from the
intermittent power of renewable-based DGs [2]. Besides, these devices
incur extra costs in terms of their lifetime and maintenance if they
rapidly react to the voltage variations [2]. As a result, the DSO requires
new active network management schemes to operate its network. In this
way, the potential of FERs connected to the distribution networks such
as smart homes are less considered. Hence, the DSO needs to coordinate
between traditional functionalities, distributed FERs control settings as
well as possible new market structures [40-43]. Smart homes that have
flexible appliances can help DSOs to operate their network more effec-
tively. In this regard, the DSO needs to provide an appropriate incentive
such as a flexibility trading marketplaces as well as a suitable clearing
mechanism to coordinate the flexible capacities of smart homes ac-
cording to its flexibility needs. In such a market, households play the
role of sellers and the DSO is a flexibility buyer. The households benefit
from the economic revenues obtained from selling flexibility while the
DSO accesses several additional FERs at different locations which in turn
facilitates the secure operation of the distribution network.

Regarding communication between the DSO and the smart homes,
there may be a situation in which each household is located at a specific
node. Hence, if the DSO needs flexibility (power injection or consump-
tion) at that specific node, the DSO should directly communicate with
the corresponding household energy management system by sending the
flexibility signals.

5. Case Study and Simulation Results
5.1. Case study

In this paper, we consider a smart home with some controllable
appliances, including an AC, an EWH, an EV, and a BES. The details of
each appliance can be found in Table 3. It is assumed that the flexible
capacity of the household is estimated for a time horizon of one hour.
Thus, in a short-term time horizon, the HEMS can predict hot water
consumption with acceptable accuracy. Moreover, the predicted
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TABLE 3
The parameters related to the household controllable appliances

AC-related Parameters

PAC [kW] @ pLc o=rcl  o'ral FARe

/kWh]
2 0.9 11 24 21 26
EWH-related Parameters
PEWA[KW] — QEWH[kWh]  6"*[°C] 8[°C] 6"[°Cl kpvikWh/°C]
2.4 2.6 45 40 60 0.17
EV-related Parameters
PEV[KW] Cap®™[kWh]  Charging availability g

[hour]

7.6 62 2-7,16-24 0.9
BES-related Parameters
PBA[kW] PBds [kW) Cap®[kWh]
5 5 13.5

ambient temperature is also needed to estimate the flexibility of ther-
mostatically controllable appliances. The hourly water consumption and
ambient temperatures considered in the simulation are illustrated in
Fig. 3. Manual FRR is chosen as a flexibility service that the smart home
provides for the TSO. The smart home is assumed to provide the TSO’s
flexibility needs, based on the hourly signal. The signal is assumed to be
“1” when the TSO needs upward flexible capacity, “-1” in case of
downward flexibility request, and “0” when the TSO does not need
flexibilities. The flexibility signals are extracted from the mFRR needs
regarding the Finnish TSO, Fingrid, on 1.9.2020, and are shown in
Fig. 4. We assume that the flexible capacities of the smart home are fully
activated for each hour according to these flexibility signals. The pro-
posed optimization problems were all developed as linear programming
(LP) problems since they have linear and convex constraints and
objective functions with continuous variables. We utilized GAMS soft-
ware and the CPLEX solver to solve the proposed LP problems. It should
be noted that the CPLEX solver applies dual simplex algorithm for
solving LP problems [44].

5.2. Flexible capacities of different devices

The upward and downward capacities of each appliance are maxi-
mized based on the mFRR flexibility needs. Accordingly, we obtain the
optimal operation of each device for providing the TSO with the
required mFRR services. As proposed in the above sections, we estimate
the operating power of each flexible appliance considering its flexible
and non-flexible operation. The results associated with the flexible
charging and non-flexible charging of the EV for one day are depicted in
Fig. 5. The BES charging and discharging patterns for the flexibility
provision are illustrated in Fig. 6. In addition, the flexible and non-
flexible operations of TCLs including the AC and the EWH can be
found in Fig. 7 and Fig. 8. By comparing the general patterns and
behavior of these appliances in Fig. 5-8 with the pattern of flexibility
signals in Fig. 4, it can be concluded that flexible appliances were able to
follow the flexibility signals in most of the time slots.
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To compare the flexible capacities of different appliances and to
estimate the flexible capacities in more detail, we introduce an indicator
that calculates the ratio of appliance’s flexibility, as stated in (43).

Flex,

Flex,% = x 100 (43)

t

Where Flex, is the estimated flexible capacity of each appliance and
P, denotes its maximum operating power. If Flex, of an appliance equals
100%, it means that the appliance fully decreased or increased its con-
sumption according to the flexibility signal. If the Flex,is equal to zero,
the appliance did not change its consumption due to its operational
limits or those imposed by the owner.

This indicator is calculated for 24 hours considering the operation of
the household’s appliances, AC, EWH, EV, and the BES. The results are
depicted in Fig. 9. The following results can be obtained from the Fig. 9.

o By comparing the general pattern of Fig. 9 and that of Fig. 4, it can be
comprehended that the controllable appliances have followed the
flexibility signals in an acceptable way.

In this regard, storage-based devices including the EV and the BES
were the most flexible devices whereas the flexibility percentage of
the EWH was less than 40%. The BES was able to react to the flexi-
bility signals with its maximum capacity at hours 1:00, 3:00, 11:00-
13:00, 21:00, 22:00, and 24:00. It also responded with its 70% ca-
pacity at hour 23:00. The only constraints restricting the operation of
the BES are its SOC limit as well as its working power’s upper bound.
Accordingly, it can be more flexible compared to other appliances
since the owner does not impose any constraints on its working
power and it is availability during the whole day.

It is worth mentioning that the EV is assumed to be unavailable be-
tween 8:00-18:00. Hence, it could not provide flexibility at these
hours. However, it was able to follow flexibility signals in the time
span between 1:00-4:00 and at 24:00. At these hours, the EV devoted
100% percent of its capacity for the flexibility provision, except for
hour 4:00, at which its flexible capacity is estimated to be 28%.
Although the flexible capacity of the AC is not as high as that of the
storage-based appliance, it was able to follow the flexibility signals at
all of the hours. It means that the AC provided flexibility continu-
ously but not much. The low flexibility percentage of the AC is due to
the fact that the operation of the AC highly affects the temperature of
the smart home. Hence, the temperature constraints prevent the AC
from providing higher flexibility.

In comparison, the EWH participation in providing flexibility is low
because the operation of the EWH is affected by the water con-
sumption of the household and the desired temperature of the water.
These constraints are restricted the working power and thus the
flexibility provision of the EWH.

5.3. Revenue comparison and discussion

Smart homes can be more motivated to provide flexibility, if they
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Fig. 3. The hourly hot water consumption and the ambient temperatures of the house
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Fig. 4. Flexibility signals associated with mFRR services
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achieve revenues from the flexibility provision. Regarding upward TSO-
level flexibility services, the FER providing flexibility services receives a
fixed amount for its flexible capacity and a variable amount based on the
flexibility activation. Regarding downward TSO-level flexibility, the
FER is paid a fixed amount for providing the flexible capacity and pays a
variable amount based on the activation of the downward flexibility. It
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Fig. 8. The flexible and non-flexible operation of the EWH

should be highlighted that considering balancing markets, the prices of
upward flexibility are equal or higher than those of the energy markets
and the prices of downward flexibility are equal or lower than those of
the energy markets [35]. Accordingly, it can be concluded that the
participation of must-run appliances is always beneficial since they can
consume energy at lower prices and achieve extra revenues if they
curtail their consumption to provide upward flexibility. However, this
participation should consider the desired comfort level of the household
customers as introduced in the formulation section.

Nevertheless, thorough cost-benefit analyses should be conducted
for the participation of those appliances which are specially used for
flexibility purposes such as BESs. These devices are not must-run and
they are used to support the flexibility of the system. Thus, they need
more accurate analysis to realize whether their contribution to the
provision of flexibility is beneficial for the owner or not. As an example
of this analysis, we calculate the income of the smart home’s BES ob-
tained from selling upward flexibility and energy at one time slot with
the prices of energy and flexibility at 9:00 on 1.9.2020. In this way, the
BES is considered to be discharged at this time slot. The income is
calculated as the difference between the revenues and the operational
costs of the BES. We use the same method applied in [21], to calculate
the operational cost of the BES. The BES is considered to receive reve-
nues for selling its flexible capacities. In addition, it receives compen-
sation based on the flexibility activated at that time slot based on the
price of the balancing energy market at that specific hour. Three types of
TSO-level flexibility are considered for this case and the results are
shown in Fig. 10.

As the figure explains, the black line is the income of the BES from
selling its discharging power to the energy market. In comparison, the
bar charts denote the revenues obtained from selling TSO-level flexi-
bilities, considering different activation percentages. It means that in
100% case, all of the 5-kW discharging capacity of the BES is activated
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while in the 50% case, the BES is discharged with 2.5 kW. The results
demonstrate that the provision of flexibility is highly dependent on the
activation of the flexibility. However, the BES can achieve more than
double income if it participates in the provision of flexibility and its
whole amount of capacity is activated. In this case, if more than 50% of
the capacity is activated, the provision of flexibility is still more profit-
able for the BES owner than selling its capacity to the energy market.
However, the 10% activation was not a more profitable option in com-
parison with the energy case. Moreover, Fig. 10 states that providing
FCR-N service is the most profitable option for the BES. Providing the
mFRR service stands in the second rank and FCR-D is the least profitable
service. This is due to the fact that at the moment, the capacity prices of
providing FCR-N services are higher than those of the mFRR and FCR-D.
The capacity price of mFRR for the considered time slot was also higher
than that of the FCR-D [45].

6. Conclusion

This paper studied the participation of smart homes in providing
flexibility services for DSO and TSO. In this way, the estimation of smart
home’s flexible capacities is of vital necessity because the home energy
management system can schedule its controllable appliances more
effectively and the system operators can assign the monetary compen-
sation based on the available flexible capacity of the smart homes. To
estimate the flexible capacity of a smart home, the flexible capacity of its
controllable appliances should be estimated. Thus, this paper separately
estimates the flexible capacities of four controllable appliances based on
their characteristics. These appliances include an air conditioner, an
electric water heater, an electric vehicle, and a battery energy storage. In

11

addition, the constraints related to the comfort level and household
customer’s settings are taken into account in the flexible operations of
the devices. In the next step, system-wide and local flexibility services
are introduced and the paper discusses whether the smart home can
provide these flexibility services.

In the simulation section, a smart home with some controllable de-
vices was considered. The flexible capacities of the appliances were
estimated assuming that the smart home provides a TSO-level service.
The results indicated that storage-based devices have higher flexible
capacities compared to thermostatically controllable appliances. This is
due to the fact that the flexible operations of thermostatically control-
lable appliances are highly dependent on the thermal comfort level of
the household customers. Finally, the paper analyzed whether the
participation of the battery energy storage in providing system-wide
flexibility services is profitable for its owner. The results demonstrated
that the hourly profits of this participation are highly dependent on the
activation of the flexibility. Finally, future works can be conducted in
the following directions:

1- The 24-hour scheduling of a smart home or an aggregator of the
smart home that participate in day-ahead flexible capacity markets,
considering the flexibility prices

2- Comprehensive analysis and study on flexibility aggregators that
participate in different flexibility markets, as well as their mutual
interactions with households and system operators
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ARTICLE INFO ABSTRACT

Keywords: There is a need for enhanced flexibility to allow the high penetration of intermittent renewable power into the
Energy flexibility power system. In this way, transmission system operators (TSO) need more flexible energy resources that help to
TS0 control the power system frequency by using balancing services. Distribution system operators (DSO) also seek
SD:Sﬂ homes new flexible energy resources that can counteract stochasticity, control voltage level, and manage congestions in
Fuzay distribution networks. Smart homes located in distribution networks are potential resources. Hence, this paper

considers a smart home with flexible appliances and devices, including a battery energy storage system (BESS)
interfaced with an inverter, an air conditioner (AC), and an electric vehicle (EV). The smart home aims to provide
the system operators with coordinated frequency and DSO-level services while respecting the thermal comfort
and schedules of the household residence. The inverter-interfaced BESS not only provides active power support
for TSO and DSO, but it also injects and consumes reactive power if the DSO needs local flexibility. Fuzzy logic
control system is deployed to obtain this goal. In the simulation section, a smart home with flexible appliances is
scheduled. Different operations and the economic outcomes are discussed for the smart home considering real-

Inverter
Energy storage

world data.

1. Introduction
1.1. Motivation

Power systems are experiencing tremendous challenges due to the
high penetration of intermittent renewable generation, recent electrifi-
cation in different sectors, and the decentralization of the electricity
sector [1,2]. As a result, TSOs need more flexibility to keep the balance
between the intermittent generation and the growing uncertain demand.
In addition, most fossil fuel-based generators are phasing out in the
future, and the TSOs need to deploy new sustainable sources that pro-
vide flexibility (ancillary) services [3]. Hence, flexible customers and
prosumers have been recently considered as flexible resources that can
provide flexibility services such as frequency control-related services for
the TSOs [4].

DSOs traditionally employ mechanical devices such as on-load tap
changers (OLTCs) and switched capacitors to control network voltage
levels and manage congestion in the distribution networks [5,6]. How-
ever, the growing number of renewable distributed generation units
make these devices unable to follow the fluctuations of voltages rapidly

* Corresponding author.
E-mail address: hosna.khajeh@uwasa.fi (H. Khajeh).

https://doi.org/10.1016/j.epsr.2022.109067

[5]. Thus, DSOs also need additional faster flexible energy resources for
this purpose. Smart homes have some flexible appliances whose working
time can be scheduled according to the operators’ flexibility needs.

Nevertheless, there exists obstacles on the road to smart homes’
flexibility provision. First, it needs a cooperative management system
that can manage how to provide flexibility for both TSOs and DSOs in a
coordinated manner. Besides, the management system needs to know
how to utilize appliances in a flexible way while trying not to disturb the
comfort and desires of household customers.

1.2. Literature review

In this context, recent research tried to model prosumers or cus-
tomers providing flexibility services for the system operators. However,
some works were only focused on the provision of DSO-level services
and disregarded the profits that can be gained from TSO-level services.
For instance, [7] modeled a smart home’s energy management system
that controls EVs and heat pumps to provide DSOs with congestion
management services. Reference [8] worked on the flexible operation of
shiftable appliances that can be shifted according to the DSO’s needs.
Reference [9] studied the contribution of smart homes to voltage control
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Nomenclature AC-related variables
A Indoor temperature of the household at time t [°C]
Sets pAC AC’s operating power at time t [kW]
t Time
EV-related parameters
Parameters SOCEV™Mn L ower limit of the EV state-of-charge (SOC)
Y Price of buying electricity at time ¢ [Cent/kWh] SOCEVmex  Upper limit of the EV SOC

el Price of selling electricity at time t [Cent/kWh]
7BESS Operating cost of using 1 kWh of the BESS capacity at time
t [Cent/kWh]

At Scheduling time slot [h]

Variables

pyen Active-power output of the inverter at time t [kW]
Qe Reactive-power output of the inverter at time t [KVAR]
Qon~fLC  Inverter’s active power determined by the fuzzy logic

controller [kW]
Inverter’s reactive power determined by the fuzzy logic
controller [kVAR]

con—FLC
Pt

AC-related parameters

o Lower limit of the indoor temperature of the household
[°C]

omex Upper limit of the indoor temperature of the household
[°C]

or Ambient temperature of the household at time t [°C]

a Constant parameter associated with the thermal
characteristic and insulation of the household

B Coefficient related to the AC’s performance [°C /kWh]
[heat: g > 0]

pACmax  Nominal operating power of the AC [kW]

Cap®V  Maximum capacity of the EV’s battery [kWh]
PEVmax  Maximum charging power of the EV [kW]

v Charging efficiency of the EV battery

¢ A binary parameter that prevents the EV from being

charged when it is unavailable at time t

EV-related variables
SOCEV  EV SOC at time ¢
PEV Charging power of the EV at time t [kW]

BESS-related parameters
SOCPBESSmin 1ower limit of the BESS SOC at time t
SOCPBESSmax  Upper limit of the BESS SOC at time t

pdismax  (pper limit of BESS discharging power [kW]

phmax Upper limit of BESS charging power [kW]

CapPPs  Maximum BESS capacity [kWh]

yPESSch - BESS charging efficiency

nPESSdis BES discharging efficiency

BESS-related variables

ph BESS charging power at time t [kW]

pdis BESS discharging power at time t [kW]

U A binary variable that prevents the BESS from being

charged and discharged at the same time

in distribution networks. Authors of [10] proposed a market-based
approach for smart homes that contribute to controlling voltage un-
balances between the phase voltages in the distribution network. In
[11], the energy management system controlled EVs and ACs to
compensate for unbalances.

On the other hand, the sole focus of some papers were on the pro-
sumers TSO-level frequency provision. For instance, [12] optimally
planned energy communities to provide frequency control services.
Reference [11] suggested the contribution of smart homes’ heat pumps
to frequency control. Authors of [13] modelled aggregated prosumers
that provide the TSO with balancing services through developing a
mixed-integer linear programming (MILP) problem formulation. Au-
thors of [14] presented an NN-based model in which electric water
heaters (EWHSs) were scheduled to provide general flexibility services.

There are also some papers proposing the contribution of smart
homes to the simultaneous provision of DSO- and TSO-level flexibility
services. For example, in [15], authors developed linear programming
models for the operation of smart home appliances. The smart home’s
appliances were scheduled to provide DSO-TSO-level flexibility services.
Although the paper suggested that a smart home provides both DSO and
TSO with flexibility services, the proposed method was not cooperative.
In other words, it did not discuss different situations in which the smart
home responds to the system operators’ simultaneous needs.

Fuzzy logic rule-based control methods can be deployed in various
energy management systems. These controllers can avoid intrinsic
nonlinearities and integer involvement when developing devices’
scheduling models and therefore, they do not require complex mathe-
matical modeling [16]. There exists several papers proposing energy
management systems integrated with fuzzy logic controllers (FLC). For
example, [17] integrated the home energy management system (HEMS)
with an FLC aiming to decrease the electricity costs of the household.

Electricity prices, the inhabitants’ presence status, and the solar irradi-
ation were considered inputs of the FLC and the output was the shiftable
load’s schedule. The work did not consider reactive power flexibility and
the focus was not on the flexibility provision for system operators.
Reference [16] proposed the utilization of an FLC for the operation of a
microgrid depending on the microgrid’s components. Authors of [18]
developed an FLC for a wind turbine system that can provide frequency
control services for the TSO. Reference [19] designed a new
FLC-equipped energy management system for a prosumer that have both
a roof-mounted solar panel and a wind turbine. The proposed system
seeks efficient decisions considering the electricity consumption needs
and expenses. Finally, [20] introduced a inverter-interfaced BESS that
provides voltage and frequency control services simultaneously. The
control of voltage and frequency was done by a novel FLC. However, the
work did not specify the type of services and the priority of the service
provision. In reality, flexible energy resources can provide different
types of frequency control services. Each service needs its own response
time and technical characteristics. In addition, the flexibility provider
needs to specify its priority in a case where DSO-level signals contradict
the TSO-level needs. In these scenarios, if the household provides
TSO-level (frequency control) services, the action will adversely affect
the secure operation of the distribution network in which the household
is located [21].

1.3. Contribution and organization

To compensate the shortcomings of the existing research, this paper
develops an energy management system for a smart home equipped with
an inverter-interfaced BESS. The smart home only controls its control-
lable appliances. It provides flexibility services for the local DSO and the
TSO in a coordinated manner by utilizing controllable appliances. The
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Fig. 1. The proposed FLC-based energy management system.

proposed energy management system utilizes a fuzzy logic control
method, as follows:

- The smart home provides frequency containment reserves for normal
operation (FCR-N) and offers flexibility services for the local DSO
simultaneously. In cases where TSO’s and DSO’s needs contradict
each other, the smart home gives priority to the flexibility provision
of the local DSO. Otherwise, it might jeopardize the electricity supply
quality of the local distribution network, where the smart home is
located [21]. The frequency regulation services are provided by
active power (P) flexibility while the DSO-level flexibility is provided
by both active (P) and reactive power (Q) flexibility.

An FLC with the minimum number of rules is designed. The objective
is to provide flexibility through managing the operation of household
appliances including the temperature-dependent AC, the charging
timetable of the EV, as well as the active and reactive power
extracted from the inverter-interfaced BESS. Although they are
reacting to the flexibility signals, the appliances’ operational con-
straints are fully respected.

Fuzzy logic rules are defined in a way to prioritize must-run appli-
ances in providing flexibility. They propose not to utilize the BESS
much due to its operating costs unless the DSO needs high flexibility.

Also, three different cases, called price-based and self-sufficient
cases, are developed to see how the household appliances react in
different situations if the household is just subjected to the day-ahead
market prices. Finally, it is assessed whether flexibility provision is
economically efficient for the household or not, using real-world data
from Finnish FCR-N and frequency open database [22].

The rest of the paper is organized as follows. Section 3 discusses the
provision of DSO-TSO flexibility services. Section 4 introduces the FLC
design. Section 5 develops other cases for further comparisons. Section 6
implements the control method and discusses the results. Finally, section
7 concludes the paper.

2. Active and reactive power flexibility provision by smart
homes

2.1. Frequency control and DSO-level flexibility

The smart home is assumed to provide DSO-level services which are
in a form of “upward” or “downward” flexibility services. The DSO first
runs an optimal power flow (OPF) calculation for the distribution
network and then it might need the consumers and prosumers at some
specific nodes to change their consumption or production/generation. In
this way, the DSO will be able to manage congestion and voltages in the
network. When the DSO needs upward flexibility it sends a signal to
smart homes to increase their generation (if possible) or decrease their
consumption. Otherwise, if it needs downward flexibility, it asks smart
homes to increase their consumption or decrease their generation. The
smart home is assumed to react to this flexibility signal by controlling
the active power consumed by appliances as well as active and reactive
power produced/consumed by the inverter-interfaced BESS.

On the other hand, the smart home is assumed to provide FCR-N
service for the TSO. The provision of FCR-N service is based on local
frequency measurement. In this way, the smart home reacts to the fre-
quency when it varies in the range of 49.9-50.1 Hz [23-25]. When the
frequency falls below 50 Hz to 49.9 Hz, the smart home decreases its
consumption or increases discharging i.e. active power produced by its
inverter-interfaced BESS. In cases where the frequency goes beyond 50
Hz, until 50.1 Hz, the smart home increases its consumption and charges
the BESS. FCR-N was selected among frequency services since it is one of
the most expensive services and the smart home can accordingly receive
higher profits if it provides this frequency regulation service [26].

2.2. Inverter-based resource flexibility provision

This research is based on the assumption that a smart-home will have
power electronics flexibilities, based on multifunctional inverters,
capable to provide both active and reactive for the DSO. The reactive
power services are provided by real-time control using d-q and p-q
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Fig. 2. Membership functions (MF) of the input variables: (a) MFs of EV availability, (b) MFs of EV SOC, (c) MFs of temperature, (d) MFs of BES SOC, (e) MFs of

frequency changes, (f) MFs of DSO’s flexibility signals.

instantaneous power theory based control for the inverter. The package
is sometimes defined as a converter referring to the power electronic
interfacing from the energy source (the BESS in this case) connected to
the point of common coupling at the utility grid. In addition, since the
BESS’ output is DC, an AC/DC-inverter is used to connect it to the AC
grid. We also assume that the inverter has the capability to control both
consumed/produced active and reactive power in their acceptable

ranges. The AC-DC inverter is considered to have oversizing option with
the oversizing factor, OSF. Thus, the following constraint should be
taken into account for the inverter:

P2 + Q2 < (1 + OSF §")’ 1

Where S™* is the inverter’s rated capacity, P, is its active power
produced/consumed while Q; is the inverter’s reactive power produced/
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consumed. With the help of constraint (1), the maximum reactive power
i.e. Q-MX can be obtained.

The output active and reactive power need to be modified after they
are determined by the FLC [20]. The output is obtained as follows [20]:

_ ~FLC
pen = peor )
| Qeon-FLC ‘
con _ | %t . con_max con—FLC
Qt - Qeon—FLC mm(Q ’ }Q; |) 3
1

In (2), P¢" is the output active power of the inverter which is
determined by the FLC’s output, i.e. P €. However, (3) determines
the output reactive power of the inverter, Q. In (3), Q€ is the
reactive power obtained by the proposed FLC. The proposed FLC will be
described in the next section.

3. Proposed fuzzy logic-based coordinated control

The paper presents a Mamdani Fuzzy Interface System (FIS) which
includes three main parts. A fuzzier converts the inputs’ crisp values to
fuzzy values. Fuzzy rules determine how the outputs are obtained based
on the inputs’ fuzzy values. A defuzzifier converts back the outputs’
fuzzy values to the crisp values [27]. Finally, the inverter’s outputs are
determined using (2) and (3). Fig. 1 explains how the proposed energy
management system works and illustrates the inputs and outputs of the
system.

The proposed FLC is able to coordinate active and reactive power
with the operators’ flexibility needs. In distribution networks, the ratio
of lines’ reactance to their resistance is low [28]. Thus, active power can

be utilized besides reactive power to control voltages in these networks.
In other words, DSOs can employ both active and reactive power ser-
vices to manage the network. Active power also influences system fre-
quency. The TSO uses active power services to control frequency in
real-time. Hence, there might exist situations in which the active
power provided for frequency control worsen the voltage situations at
some nodes or causes congestion in the local distribution network [29,
30]. In order to avoid this situation, fuzzy rules should define different
situations and determine the controller’s reaction.

3.1. Fuzzy logic controller design

An FLC was designed with aim of coordinating active and reactive
power flexibility of controllable appliances for TSO-DSO flexibility
needs. This FLC accepts six inputs. The inputs consist of 1) EV pre-
schedules (EV availability), 2) EV state-of-charge (SOC), 3) indoor
temperature, 4) BESS SOC 4) measured frequency, and 5) flexibility
signal from the DSO. The inputs’ crisp values have been fuzzified via
membership functions before they are sent to the FLC.

3.1.1. Membership functions of inputs

Fig. 2 depicts the membership functions that are defined for each
input. In this paper, the membership functions of inputs and outputs are
mostly defined using Interval Estimation (IS) method. IS method aims to
introduce an interval that describes the access of a value of the variable
in the best way [31]. As the EV availability membership functions state,
an EV is either available or unavailable to be charged. We defined some
values that describe the available EV and some others that indicate the
unavailable EV. The availability is determined based on the owner’s
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Table 1

Rules related to the active power output of the inverter-interfaced BESS.
# BESS Frequency DSO Inverter active Designed

socC changes signal power according to

1 M D N PS d
2 H D N ZE MR
3 L D N PB a
4 M N N ZE h
5 H N N NS b
6 L N N PS a
7 M U N NS d
8 H U N NB b
9 L U N ZE MR
10 L N DB PB a
11 M N DB PS e
12 H N DB ZE MR
13 L N DS PS a
14 M N DS ZE c
15 H N DS ZE MR
16 L N UB ZE MR
17 M N UB NB e
18 H N UB NB b, e
19 L N us ZE MR
20 M N Us ZE c
21 H N us NB b
22 - D Us ZE f
23 - D UB ZE f
24 - U DS ZE f
25 - U DB ZE f
26 L U us ZE MR
27 M U Us NB g
28 H U us NB g
29 L U UB ZE MR
30 M U UB NB g
31 H U UB NB g
32 L D DS PB g
33 M D DS PB g
34 H D DS ZE MR
35 L D DB PB g
36 M D DB PB g
37 H D DB ZE MR

preschedule. The membership functions of EV SOC as well as those of the
BESS SOC are defined to have three ranges, low (L), medium (M), and
high (H). The BESS membership functions are adopted from [20], while
those of EV can be determined by the customers, using IS method. The
customers determine what the high EV SOC is meant to them or to what
degree each EV SOC is high, medium, or low. In this paper, the high (H)
EV SOC starts from 80% and reaches its maximum in 100% as the figure
states. The temperature membership functions are defined according to
the standards defined by The Finnish Ministry of Social Affairs and
Health’s Housing Health Guide for the indoor air temperature [32]. This
the temperatures lower than 18 °C and higher than 26 °C are considered
to be low (L) and (H), respectively and they are not acceptable.

The energy management system receives two external signals from
TSO and DSO. TSO-related signal measures frequency changes and in-
dicates whether the TSO needs flexibility. The membership functions of
frequency changes are defined to be upward (U), Downward (D), or
None (N). If the frequency changes have negative values, the TSO needs
upward flexibility (U). On the other hand, if the frequency changes are
positive, the TSO needs more downward flexibility (D). If the frequency
change shows N, it means that the household does not need to change its
behavior.

The last membership functions depict the DSO’s flexibility needs
whose signals are sent to the household energy management system.
First, the DSO runs an optimal power flow on their system. Then, it sends
a flexibility signal, if it needs the flexibility of the household. The flex-
ibility signal can be (UB, US, N, DS, DB). UB is sent when the DSO re-
quires big upward flexibility and US shows small upward flexibility
need. N means that the DSO does not need flexibility. On the other hand,
DS and DB stand for downward small and big flexibility needs,
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3.1.2. Membership functions of outputs

The FLC then gives four outputs, including active and reactive power
of the AC-DC inverter, (P©"LC), (Qe"~FLC) | the active power consumed
by the AC as well as the EV charging power. The membership functions
of the outputs are illustrated in Fig. 3.

Membership functions are defined based on the characteristic of the
outputs. Active and reactive power of the BESS can have positive and
negative values. Positive values indicate the consumption whereas
negative values state that the device produces power. The inverter’s
output can be negative big (NB), negative small (NS), zero (ZE), positive
small (PS), and positive big (PB), in terms of active power. The inverter’s
reactive power can be negative (N), zero (ZE), and positive (P). AC
power is considered in the range of 0 to its maximum nominal power in
kW. The AC can be either OFF with zero output (ZE) or ON with positive
(P) active power consumption. Similarly, the EV charging power can
have a zero (ZE) value or a positive (P) value. The charging power varies
from O to its nominal power in kW. Again, IS method is adopted to
determine the outputs’ membership functions.

3.1.3. Fuzzy rules

Fuzzy Rules describe the relationship between input values and
output values. A fuzzy logic-based controller is a decision-making sys-
tem that defines appropriate output for a certain combination of inputs,
based on a set of rules defined by heuristics and in-depth understanding
of the functionalities of the overall system. A Fuzzy logic-based
controller can also provide adaptively decreasing step sizes when it
searches for the optimum point which leads to the fast convergence
[33]. Here, the DSO is assumed to have five different flexibility needs
whereas the TSO can have three of them. Rules specify how to come up
with the decisions in different combinations of inputs.

The rules that are defined for each appliance are supposed to manage
critical situations with counteracting services. Regarding the inverter-
interfaced BESS, the active power equals zero when the DSO’s and
TSO’s flexibility needs do not have the same direction. In these situa-
tions, the inverter reacts to the DSO signal by changing its reactive
power rather than active power. On the other hand, must-run appliances
that do not have reactive-power-control capability, give priority to the
DSO’s needs and respond to the DSO’s signals in counteracting situa-
tions. The DSO mostly requires services that should be provided by
specific nodes within local networks whereas TSO’s frequency services
can be provided by a number of resources in different regions and
voltage levels. In another word, local flexible resources are more
important to the local DSO than the TSO, and the smart home, as a local
resource, has more impact on the flexibility of local networks. Accord-
ingly, the rules are defined in a way that the smart home prioritizes
DSO’s flexibility needs in situations where TSO’s and DSO’s needs
contradict each other.

Table 1 describes the rules associated with the active-reactive power
output of the inverter-interfaced BESS. The following principles help to
design the rules:

Meta Rule (MR): It includes the main rules of the system which
should be respected in all situations. This is the rule associated with the
BESS’s operational constraints and prevents the BESS from high degra-
dation costs. According to the MR, a BESS must not be charged if its SOC
is high (H), and it must not be discharged if the BESS SOC is low (L). The
other rules are as follows:

a) If the SOC is low (L), the active power tends to become positive
values (PB, PS) in order to reach its medium (M) level. This is because
the BESS with medium SOC is able to provide more flexibility in both
directions. This benefits both DSO and TSO in their real-time
operations.
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Table 2
Rules related to the reactive power output of the inverter-interfaced BESS.

# DSO signal Inverter reactive power
38 UB N
39 Us N
40 N ZE
41 DS P
42 DB P
Table 3
Rules related to the AC output.
# Temperature  Frequency DSO AC Designed
changes signal output according to
43 L - - P MR
44 H - - ZE MR
45 M N N ZE d
46 M U N ZE c
47 M D N P c
48 M - DB P a, (b)
49 M - DS P a, (b)
50 M - UB ZE a, (b)
51 M uUs ZE a, (b)
Table 4
Rules related to the EV charging output.
# EV EV Frequency DSO EV Designed
availability SOC changes signal output according to
52 Not - - - ZE MR
Available
53 Available H - - ZE MR
54  Available - N N ZE d
55  Available L D N P a
56  Available M D N P a
57  Available L U N ZE a
58  Available M U N ZE a
59 Available - - Us ZE b, (¢)
60 Available - UB ZE b, (¢)
61 Available L - DB P b, (¢)
62 Available M - DB P b, (¢)
63 Available L - DS P b, ()
64 Available M - DS P b, ()
A
MF == == == « Centroid
1 - == == = LoM
1 >
2.3667 3.5

Power (kW)

Fig. 4. Centroid vs. LoM defuzzification method.

b) If the SOC is high (H), the active power tends towards negative
values (NB, NS) to approach the medium (M) level.

¢) The BESS’ active power does not react to the DSO’s small flexibility
needs (US and DS) and lets other must-run appliances react to these
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Fig. 5. Membership functions of the energy day-ahead price

needs. Must-run appliances are those that must be operated during a
specific time period. In this case, EV and AC are must-run appliances.
Thus, it is more cost-efficient to use only must-run appliances’ flex-
ibility in non-emergency situations.

d) It reacts weakly (with PS and NS), in response to the positive and
negative frequency changes, respectively.

e) It reacts strongly (with PB and NB), if the DSO needs higher flexi-
bility (UB, DB).

f) It equals zero when the DSO’s and TSO’s flexibility needs do not have
the same direction. In these situations, the inverter reacts to the DSO
signal by changing its reactive power rather than active power.

g) It responds strongly (with PB and NB) if DSO’s and TSO’s needs have
the same direction.

h) It does not react if the DSO and the TSO do not require flexibility.

The reactive power output of the inverter-interfaced BESS only re-
sponds to the DSO’s needs. It equals a positive value when the DSO
requires downward flexibility while it is negative in response to the
DSO’s upward needs. Table 2 illustrates the related rules.

In general, the AC’s output power is set according to the real-time
measured indoor temperature. However, AC’s flexible operation is
possible if it does not disturb the thermal comfort of the occupants. Thus,
the Meta rule (MR) is that the AC must not react to the flexibility signals
if the temperature is low (L) or high (H). It is because AC’s first job is to
maintain the temperature within the comfortable range. Other rules are
applied based on the following rules and indicated in Table 3.

a) It completely reacts to the DSO’s flexibility signals, by switching off
the AC when it needs upward flexibility and turning on the AC in case
the DSO requires downward flexibility.

b) It gives priority to the DSO’s needs and responds to the DSO’s signals
even if DSO’s and TSO’s signals do not have the same direction.

¢) It also responds to the frequency changes (TSO needs) if they do not
contradict the DSO’s requirements.

d) The AC does not respond if the DSO and the TSO do not require
flexibility.

Similar to the AC, EV’s priority is to fulfill DSO’s flexibility needs.
However, the EV should be charged in predefined time periods that were
defined by the owner. This schedule is modeled by availability signals.
Two Meta rules (MR) exist here. First, the EV is allowed to be charged if
it is available. Second, the EV is not charged if its SOC is high (H).
Table 4 describes the rules for EV charging. In general, the following
rules are applied to EV charging, if the EV SOC is either low (L) or
medium (M):
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Fig. 8. BESS inverter’s active power in response to the price signals.

a) The EV reacts to the frequency changes if its direction is not apposite
of the DSO’s need.

b) It completely reacts to DSO’s flexibility signals.

¢) It prioritizes DSO’s needs if the DSO and the TSO require different
flexibility signals.

d) It does not react if the DSO and the TSO do not require flexibility.

3.1.4. Defuzzification method

The Largest of Maximum (LoM) method is deployed to obtain the
outputs’ crisp values. This method gives the largest value for which the
output fuzzy set is maximum. The LoM defuzzification method is pro-
posed because we are more interested in obtaining the maximum output
of each flexible appliance in response to the flexibility signals. Fig. 4
compares the crisp values yield by LoM and Centroid defuzzification
methods, considering a linear membership function with 3.5 kW
maximum output, such as the one associated with the AC output.
Although the centroid method was adopted by most of the previous
literature such as [20], it does not lead to the maximum output in Fig. 4.
In our scheduling problem, it is more economical to extract the
maximum output since the flexibility provided by appliances is going to
be remunerated by the TSO and the DSO. Thus, LoM is more suitable
especially for scheduling EVs and ACs that have similar member func-
tions as shown by Fig. 3.

3.2. Development of further Case studies

Three more FLC-based models are also developed in order to be
compared with our proposed model. The FCL-based cases are developed
using Fuzzy Logic Toolbox in Matlab [34] while the optimization
problem is solved by CVXPY in Python [35]. These cases are described in
the following:

3.2.1. Fuzzy logic price based model

Price-based models aim to maximize the financial profits of the
household and minimize its energy costs. References [36] and [37] are
two examples of price-based models. The models consider that the
household is subjected to hourly energy market prices as some retailers
such as Finnish retailers give this option to their customers [36]. The
price-based models are developed using an FLC and an optimization
problem. The FLC-equipped price-based model tries to minimize energy
costs in real time. When the price is low (L), the household consumes
more energy which means that the BESS is charged and the other ap-
pliances are switched on as much as possible. When the price is high (H),
the household consumes less and produces more. It means that the BESS
is discharged, and other appliances are scheduled to consume less
possible energy.

Regarding the FLC-equipped price-based model, it has five inputs
including the EV availability and the EV SOC, the temperature, the BESS
SOC, and the price. The membership functions of common inputs are the
same as those of the proposed model. The membership functions of the
price can be designed based on the definition of low (L), medium (M),
and high (H) prices. This definition should consider the operational costs
of household devices such as BESS operating costs. The prices of buying
electricity might be different from the prices of selling electricity. In this
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Fig. 9. BESS active power output (a): based on its own BESS (b) based on the EV SOC and the indoor temperature.

situation, both buying and selling prices should be added as the inputs.
Fig. 5 depicts the prices’ membership functions considered in this paper
for both buying and selling prices. The outputs of this model are the
active-power outputs of the BESS, the EV, and the AC. They have the
same membership functions as shown in Fig. 3. Reactive power is dis-
regarded in this model since the authors did not find implemented dy-
namic pricing for active power in a real-world system.

3.2.2. Price-based model with optimization

The price-based model can be also developed in a form of an opti-
mization problem. This optimization problem aims to minimize house-
hold electricity costs on a day-ahead basis. Mathematically, the problem
can be written as follows [18,38]:

24
Z”fll)' (P:h + PfV + P/IM") _ ﬂ.[\'ell (P;l“) + ”BESS (P;h + Iy[Ii.\') (4)
Nt s’ e prea?  \semeeemestn, et

min
P;JL‘ P:l”\ ~P,EVVP[A( pu

Cost 1 Revenue Cost 11

subject to:

0" =(1-a)d' | +ad" + BPI°At (5)
o < g < o (6)
0< Pfc < pACmax @
0 <PV < P ®
SOCY = SOC™, + % ©
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Where (4) denotes the objective function and (5)-(14) are the con-
straints that restrict the objective function. The objective function con-
sists of Cost I, the total cost of electricity consumption, Cost II, the
operating cost of the BESS, and Revenue representing the revenue ob-
tained from selling electricity production. BESS operating cost can be
estimated using the method proposed by [39]. Eq. (5) relates AC outputs

to the indoor temperatures; (6) is the constraint associated with the
indoor temperature; and (7) keeps the working power of the AC within
its permissible range. In addition, (8)-(10) denote EV’s operational
constraints. Constraint (8) checks whether EV’s charging power is
within the allowable range, (9) relates the EV SOC to the charging power
and (10) maintains the EV SOC within the defined range. Similarly, (11)
and (12) impose constraints on the charging and discharging power of
the BESS, (13) explain the mathematical relationship between the BESS
SOC and its charging and discharging power. Finally, (14) denotes the
upper and the lower limits of the BESS SOC.

3.2.3. Self-sufficient model

The self-sufficient model represents a scenario in which the house-
hold tries to increase their self-sufficiency by supplying the EV and the
AC with its own BESS as much as possible. Reference [40] is an example
trying to maximize the self-sufficiency of smart homes by managing
appliances and flexible resource. In this case, the following rules are
applied to the FLC-based management system:

Meta rules (MR): These rules aim to maintain the constraints that
are embedded in appliances’ characteristics or directly affect the occu-
pants’ comfort. The rules state that the AC should be ON when the
temperature is low (L) and should be turned off if the temperature is
high (H) or medium (M). Besides, the EV cannot be charged when it is
not available and when the EV SOC is high (H).

a) The household is assumed to charge the BESS whenever the SOC is
low (L).

b) In medium-BESS-SOC situations, it charges the BESS if the EV and the
AC do not need to consume power.

c) The household discharges the BESS when the EV or/and the SOC
consume electricity and the BESS SOC is either high (H) or medium
o).

d) The BESS is not charged or discharged, when the BESS SOC is high
(H) and the EV and AC are not working.

e) EV is charged when it is available, the BESS SOC is not low (L), and
the AC is not working.

4. Simulation results and case study

The proposed fuzzy-logic controller was designed using the Fuzzy
Logic Toolbox in Matlab [34]. The rule-based Madani fuzzy logic
interface system was developed for scheduling 3.5 kW AC, an EV with 8
kW charging power and also a BESS with 6 kW charging and discharging
power and 14 kWh capacity.
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Fig. 10. AC output in response to frequency changes when the DSO needs (a)
upward flexibility (b) downward flexibility (c) no flexibility.

4.1. Operations of flexible devices

4.1.1. Inverter-interfaced BESS operation

Fig. 6 illustrates how the BESS inverter’s active power output reacts
regarding the flexibility signals and the SOC. The figure shows that in-
verter’s active power follows a descending trend when the SOC changes
from O to 1. This means that that the BESS is mainly charged with

10
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Fig. 11. AC output in response to the price signals.
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Fig. 12. AC output in the self-sufficient model.

positive active power when the SOC is low. Correspondingly, it is mainly
discharged with a negative value of active power when the SOC is high.

Fig. 6 (a) indicates an ascending trend when the DSO flexibility
changes from UB to DB. The active power has a value around zero in
cases where the DSO signals are N, SD, and SU. However, it reacts
strongly when the DSO requests higher flexibility. When the DSO needs
UB, a range between -2.5 to -1.5, it discharges the BESS (negative active
power) and when the DSO requires DB, from 1.5 to 2.5, the BESS is
charged (positive active power).

As Fig. 6 (b) states, the active-power response to the frequency
changes is considerable. The BESS active power equals positive values
(charging mode) when the frequency changes are positive and when the
TSO needs downward flexibility. Otherwise, the BESS is discharged with
negative values when frequency changes are negative and the system
requires upward flexibility. The figure also explains that although the
BESS reacts to the operators’ flexibility needs, it is neither discharged
when the SOC is low nor charged when the SOC is high.

Fig. 7 plots the BESS inverter’s reactive power in response to the
DSO’s flexibility needs. As stated before, the inverter’s reactive power
only reacts to the DSO flexibility needs. The figure indicates that the
designed FLC can completely control reactive power based on the DSO’s
flexibility needs. It consumes reactive power (positive values) in cases
where the DSO requests downward flexibility (positive signals). It injects
reactive power when the DSO’s signals are negative, meaning that the
DSO asks for upward flexibility.

Fig. 8 demonstrates the BESS active power changes in the price-based
models. The BESS’s active power is depicted in terms of the BESS SOC
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Fig. 14. EV charging power in response to the price signals.

and the price signal. The descending trend of the active power in terms
of price states that the BESS is charged in low and medium prices and
discharged in high prices. However, the SOC affects the BESS operation
as well. The BESS active power only accepts negative values (discharg-
ing mode) when the SOC is high and it is positive (charging mode) when
the SOC is low. This means that the FLC controls the BESS correctly
according to the designed rules.

In the self-sufficient operation, however, the main idea is to use the
BESS at its maximum level to increase self-sufficiency. Fig. 9 (a) shows
the BESS output curve when the EV SOC is low and the temperature is
medium. It demonstrates that the BESS starts being discharged as soon
as it reaches the medium BESS SOC level, meaning that it is discharged
when the BESS SOC is medium or high. Fig. 9 (b) indicates that the BESS
is discharged in most situations. It stops being discharged when the EV
SOC is high and the temperature passes the low level. It means that the
BESS is only charged when the appliances do not need electricity.

4.1.2. Air-conditioner operation

Fig. 10 represents how the air-conditioner (AC) responds to fre-
quency changes while the DSO requires different flexibility needs. The
AC does not react to the frequency changes in Fig. 10 (a) and (b) as long
as the DSO needs flexibility. In Fig. 10 (a), the DSO requests upward
flexibility from the household and thus the AC output equals zero in
medium and high indoor temperatures. In contrast, Fig. 10 (b) demon-
strates a situation where the DSO needs downward flexibility. Hence,
the AC provides downward flexibility until the temperature reaches its
high values.

In Fig. 10 (c), the DSO does not ask for flexibility. Therefore, the AC
provides upward and downward flexibility according to the frequency
changes in the cases where the indoor temperature is in the medium
level.

Fig. 11 presents a 3-D plot that models the AC output based on the
indoor temperature and price (price-based model). Again, the AC is ON
when the temperature is low and it is OFF when the temperature is high.
Meanwhile, the flexible shape of the AC output can be seen when the
temperature is medium. In this regard, the controller turns the AC on
when the price is low and switches it off when the price is high.

Fig. 12 proves the fact that in the self-sufficient model, the AC works
only according to the indoor temperature. It means that other inputs
such as the EV SOC and BESS SOC cannot affect the operation of the AC
in this model.

4.1.3. EV operation

Fig. 13 demonstrates that similar to the AC, EV charging output is
more flexible in terms of DSO signals rather than frequency changes. In
this regard, when the DSO needs either upward or downward flexibility,
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Fig. 15. EV charging power in the self-sufficient model in terms of (a) EV SOC and (b) BESS SOC and temperature.

Table 5

The parameters related to the household devices that are considered in this paper.

AC-related Parameters

PpACmax [kW] a p°C /kWh] omin [°C] om[°C]
2 0.045 13 18 26
EV-related Parameters

PEVmax kW] Cap®’ [kWh] Charging availability [hour] g

8 40 (0-7) and (18-23) weekdays (0-10) weekends 0.9
BESS-related Parameters

peh/dismax[low] / QX [KVAR] Operating Cost [cent/kWh] CapPESS[kWh]

6 0.7 14

the EV does not respond to the frequency changes. However, it provides
frequency control services in situations where the DSO does not ask for
flexibility.

On the other hand, Fig. 14 shows the plot of EV charging output in
the price-based models. According to the rules applied to the system, the
EV is not charged when the price is high or it has a high SOC level.

Nevertheless, EV charging output is more complex in the self-
sufficient model. If the effects of other inputs are disregarded, the EV
is charged until its SOC reaches a high level, as Fig. 15 (a) depicts. The
BESS SOC and the indoor temperatures, however, have effects on the EV
charging schedule. Fig. 15 (b) explains that the EV is charged only when
the temperature and BESS SOC are not low. In cases where the BESS SOC
is low, the BESS should be charged and it decreases the self-sufficiency if
the EV is simultaneously charged. In addition, if the temperature is low,

Energy vs. regulation prices

1000 -

800

Price (€/MWh]

the AC is ON and the BESS should supply the AC output. Thus, it would
be more self-sufficient if the EV is not charged when the temperature is
low and the AC is turned on.

4.2. Economics analysis

4.2.1. Case study

The economic analyses are conducted on the household considering
different operation models. We consider that the household flexible
appliances are scheduled for three months from the 1°* of January 2021
to the 31 of March 2021. Each flexible device is modeled linearly. The
AC is linearly modelled using (5)-(7), in which the ambient temperature
and the temperature of the previous time play important roles. The
temperatures at the City of Vaasa, Finland, extracted from [38], are

Prices
== Day_ahead prices
++++ Up-regulation prices

++++ Down-regulation prices

15 301 315 a0t

Fig. 16. Comparison of energy market prices with regulation prices for Jan-Apr 2021, Finland.
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Fig. 18. Total three-month costs obtained from different models according to the day-ahead energy market and regulation prices.
those of the day-ahead spot-/energy market whereas the prices of
Table 6

Total three-month costs and incomes of the household considering capacity
incomes.

Model / Cost Proposed Price-based Price-based with self-
[Cent] with FLC optimization sufficient
Energy and 4899.19 27906.32 27735.21 28561.68
regulation
cost
Capacity ~-21600 - - -
income
Total cost -16700.81  27906.32 27735.21 28561.68

regarded as the ambient temperatures. Besides, (8)-(10) model the EV
SOC in terms of its charging power. The BESS model is developed using
(11)-(14). Table 5 shows the appliances’ parameters utilized in the
modeling process. The household is scheduled every three minutes.
Thus, At is equal to 0.05.

In the proposed model, the household reacts every three minutes to
the frequency changes and provides FCR-N service. The frequency real-
time data is obtained from Fingrid open data for Jan-Apr 2021 [41].
Fingrid is the Finnish TSO who is responsible for frequency control in
Finland. The household contributing to flexibility provision receives two
sources of income: (1) First one is based on the flexible capacities that
are reserved for providing flexibility and (2) Second is the payment
household receives from provided upward flexibility. The household
should pay for the energy consumed when it provides downward flexi-
bility. The prices of upward flexibility are always equal to or higher than

13

down-regulation are always equal to or lower than those of the
day-ahead spot-/energy market. In addition, the household partici-
pating only in the day-ahead energy market (spot-market) receives one
source of income which depends on how much energy it produces
through its BESS discharging. Fig. 16 compares the prices of upward and
downward regulations with those of the energy market for Jan-Apr
2021. In respect to Fingrid reserve resource, there are 1.25 cents if
there is a reserve of 1 kW of its capacity for FCR-N provisions in 2021
[40]. In this section 5.2, we do not consider the flexibility needs of the
DSO. At the moment, there does not exist price data reflecting the
DSO-level flexibility. Thus, economic analyses have been conducted for
households with only frequency control support related services.

In the price-based model, the household only reacts to energy market
spot-prices. Day-ahead prices for the Finland region are adopted from
[42] for Jan-Apr 2021.

4.2.2. Simulation results

Finally, a three-month economic analysis is conducted to show
whether the proposed model is profitable. In this regard, the price-based
and the self-sufficient models trade electricity based on day-ahead en-
ergy market prices whereas the proposed model, pays and receives
payment based on downward and upward regulation prices. Fig. 17
depicts the costs and incomes that the household receives when it fol-
lows different scheduling models. The costs are denoted by positive
values while incomes are indicated with negative numbers. Fig. 18 sums
all costs and incomes within the three-month period and demonstrates
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the results by bar plots. Although the costs/incomes of the proposed
model are more volatile and uncertain, they lead to a lower total cost.
Fig. 18 indicates that the cost of the proposed model is approximately
one-fifth of the other models. This is mainly because the proposed model
consumes electricity at cheaper prices and sells electricity at more
expensive prices. The price-based model with optimization solves the
optimization on a daily basis. It sees a longer horizon in the optimization
process. Thus, it is more economical compared to the price-based model
that uses FLC on a real-time basis. Finally, the self-sufficient model that
disregards prices is the less profitable model and incurs higher costs.

As stated previously, the household receives capacity incomes, in
addition to regulation costs/incomes if it provides reserve services for
the TSO. Regarding the three-month study, the smart home would
receive 21600 cents. The capacity payment compensates for the other
electricity costs and leads to the household making profits. However, the
price-based and self-sufficient models do not receive the capacity pay-
ment by participating in the day-ahead energy market. Their total costs
are positive values while the proposed model’s total cost is equal to a
negative value. Table 6 denotes the total costs/incomes of the models
that are assessed in this paper.

5. Conclusion and future works

The future renewable-based power systems need more sources of
flexibility. Households can be a flexibility provider and help DSOs and
TSOs with operating their networks. In this regard, this paper proposed
the integration of a fuzzy logic controller into the home energy man-
agement system. The aim is to respond to the TSO’s needs by reacting to
the frequency changes and to provide the DSO with the required flexi-
bility. The paper introduced a cooperative method that prioritizes the
local DSO. The proposed inverter-interfaced BESS is able to provide both
active power and reactive power flexibility, although the reactive power
flexibility is adopted to provide only the DSO with the flexibility.

Finally, the proposed fuzzy logic controller was implemented with
enhanced performance. Three other models were also developed to be
compared with the proposed model. Two of these models are price-
based models in which the household reacts to the day-ahead elec-
tricity prices rather than flexibility signals. The other model is the self-
sufficient model in which the household disregards the prices and flex-
ibility signals while it tries to be self-sufficient by using its BESS as much
as possible for supplying the appliances. The output of each device was
analyzed and discussed for different operation models. In addition, a
three-month economic analysis was conducted for the household that
was scheduled based on different models. The results demonstrate that
the total three-month cost of the proposed model was approximately
one-fifth of that of the other three models. In addition to that, the pro-
posed model received a considerable capacity payment (around € 216)
that compensated the household costs and brought profits for the
household.

Finally, this work can be expanded in the future in the following
directions:

1- The proposed FLC-based management system can be developed
and analyzed for a community of smart homes with smart control-
lable appliances and the community’s shared assets. In this way, the
energy community would be able to provide a considerable amount
of flexibility services for system operators.

2- The FLC-based management system can be developed to control
industrial devices. In this way, industrial loads would be able to
provide coordinated services for both TSOs and DSOs.

3- It is very simple to retrofit the proposed fuzzy logic-based meth-
odology on any power electronics interfaced with embedded pro-
graming and to serve utilities as services owned by prosumers with
further communications on the distribution system.
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ABSTRACT In order to unlock the maximum flexibility potential of all levels in the power system,
distribution-network-located flexible energy resources (FERs) should play an important role in providing
system-wide ancillary services. Frequency reserves are an example of system-wide ancillary services.
In this regard, this article deals with the optimal operation of a local energy community (LEC) located
in the distribution network. The LEC is proposed to participate in providing manual frequency restoration
reserves (mFRR) or tertiary reserves. In addition, the community is supposed to have a number of electric
vehicles (EVs) and a battery energy storage system (BESS) as FERs. The scheduling of the community,
which is fully compliant with the existing balancing market structure, comprises two stages. The first stage is
performed in day-ahead, in which the energy community management center (ECMC) estimates the amount
of available flexible capacities for mFRR provision. In this stage, control parameters are deployed by the
ECMC in order to control the offered flexibility of the BESS. In the second stage, the real-time scheduling
of the community is performed for each hour, taking into account the assigned and activated amount of
reserve power. The target of the real-time stage is to maximize the community’s profit. Finally, the model
is implemented utilizing a case study considering different day-ahead control parameters of the BESS. The
results demonstrate that the proposed control parameters adopted in the day-ahead stage considerably affect
the real-time profitability of the LEC. Moreover, according to the simulation results, participating in the
mFRR market can bring additional profits for the LEC.

INDEX TERMS Flexibility services, tertiary reserve, frequency restoration reserve, local energy community,
flexible energy resources, mFRR, energy scheduling optimization.

NOMENCLATURE LEC Local energy community
ABBREVIATIONS mFRR  Manual frequency restoration reserve

aFRR  Automatic frequency restoration reserve PV Photovoltaic

BCM  Balancing capacity market soC State of charge

BEM  Balancing energy market TSO Transmission system operator

BESS  Battery energy storage system

BSP Balancing service provider

DBU Degree of BESS utilization SETS

DER  Distributed energy resource t  Index of hours {1,...,24}

DSO Distribution system operator m  Index of quarters (15-minute time slots) {1,...,4}

ECMC Energy community management center s Index of scenarios

EV Electric vehicle i Index of EVs

FCR Frequency containment reserve

FER Flexible energy resource

FFR Fast Frequency Reserve FIRST-STAGE PARAMETERS

;s Probability of the scenario s at hour ¢
The associate editor coordinating the review of this manuscript and PEV Charging power of EVs [kW]

approving it for publication was Shiwei Xia = . N, tE V' The number of EVs being charged at hour ¢
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Nf,‘,i’" The real-time number of EVs charging in
quarter m of hour ¢

SOCy/,, State-of-charge of the battery of EV i in quar-
ter m of hour ¢

SOCB,  State-of-charge of the BESS in quarter m of

hour ¢

I. INTRODUCTION

A. MOTIVATION

Increasing the penetration of intermittent-based distributed
energy resources (DERs) has led power system operators
to deploy more flexibility services. In this way, system
operators need to maintain the stability of the system at
a specific threshold and increase the flexibility of the sys-
tem using FERs. The flexibility of electrical systems could
be defined as the continuous adjustability of the operat-
ing point of the network to accommodate the variations in
predicted/unpredicted fluctuations of demand/generation [1].
Flexibility services can be provided by different FERs located
in the transmission network and/or the distribution network.
Exploiting the maximum flexibility potential of the power
system requires the active utilization of FERs in all levels
of the system [2]. Currently, transmission-network-connected
FERs such as conventional generators are the only resources
being deployed to satisfy system-wide (TSO-level) flexibility
needs [3], [4]. In other words, flexibility needs of trans-
mission networks are mostly met by transmission-network-
connected FERs. However, the utilization of maximum
flexible capacity of the whole system requires the contribu-
tion of FERs connected to different levels of the network.
These levels include DSO- and TSO-levels [5]. Electric vehi-
cles (EV), different types of energy storage such as batteries
as well as household controllable appliances can be regarded
as examples of distribution-network-located FERs [5].

System operators, including transmission system opera-
tors (TSO) as well as distribution system operators (DSO),
deploy various types of flexibility services so as to fulfil their
operational responsibilities. The flexibility services utilized
by TSOs are commonly known as ancillary services [4].
These services are normally used to satisfy system-wide flex-
ibility needs. This means that they are deployed mostly to
maintain the system frequency at its predefined limit.

The services include reserves, both spinning and
non-spinning, which assist with the efficient operation of
transmission networks. The ancillary services can be different
depending on the characteristics and types of disturbances
occurring in the power system [5], [6]. Currently in Nordic
countries, frequency reserve services are categorized into pri-
mary reserves named frequency containment reserve (FCR),
secondary reserves named automatic frequency restoration
reserve (aFRR) and tertiary reserves named manual fre-
quency restoration reserve (mFRR), which are deployed
based on the system flexibility requirements. The FCR is
a kind of reserve required to automatically respond to the
real-time frequency deviation. This type of reserve is itself
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divided into two categories, namely frequency containment
reserve for normal condition (FCR-N), which is utilized all
the time, and frequency containment reserve for disturbance
conditions (FCR-D). On the other hand, the aFRR is applied
to automatically restore the balance, while the mFRR is used
manually in case of outages, power-constrained occurrence
related to cross-border connections as well as unexpected
sustained activation of the aFRR [6], [7]. Moreover, a new
kind of reserve market in the Nordic countries has been intro-
duced in 2020, entitled fast frequency reserve (FFR), which
can handle rapid frequency fluctuations during extremely low
inertia situations (e.g. during summertime) [8].

As mentioned earlier, the main resources providing reserve
services are currently conventional generators located in
the TSO-level of networks. However, in the near future,
the prevailing penetration of renewable energy resources
would reduce the system’s inertia significantly. For this rea-
son, the participation of distribution-network-located FERs is
needed as well as in order to efficiently operate future power
systems.

B. LITERATURE REVIEW AND COMPARISON

There exist previous studies that have assessed the par-
ticipation of distribution-network-located FERs in provid-
ing TSO-level flexibility by taking part in reserve markets.
In terms of storage-based resources, several studies analyzed
the profitability and feasibility of the participation of different
types of energy storage in reserve markets. For example,
the authors of [9] propose a control policy for batteries
so as to achieve near-optimal performance considering an
offline controller which has complete information about the
expected future status of the grid. Reference [10] analyzed
the contribution of energy storage for better management of
the variability of demand and generation. The provision of
aFRR services by a battery energy storage system (BESS)
is evaluated in [11], in which the authors aim to estimate
the potential revenue of the battery storage system in the
balancing market. In [12], a price-maker storage system is
proposed, to participate in pool-based markets including joint
energy, reserve markets and balancing settlement. In this ref-
erence, the authors did not specify the exact type of balancing
services as well as the reserve that the storage was proposed
to provide. Finally, the participation of pumped hydro energy
storage in day-ahead energy and performance-based regula-
tion was examined in [13]. This service was designed for
North American regulation markets.

An electric vehicle (EV) aggregator has also been
introduced as another reserve resource in the literature. For
example, [14] proposes a novel bidding strategy for an EV
aggregator aiming to provide TSO-level flexibility, by par-
ticipating in reserve markets. The authors did not specify
the type of reserves procured from EVs. The authors of [15]
developed a deterministic optimization problem in order to
minimize the costs of purchasing energy and selling sec-
ondary reserves (spinning or regulation reserves in the United
States [16], [17]). The study tries to schedule EVs based on
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the North American reserve markets formed for secondary
reserve procurement. The provision of FCR services through
an EV charging station is also presented by the authors
of [18], where the study calculates the potential flexibility that
can be procured by each charging cycle of EVs.

In addition, some studies address the roles of distribu-
tion network aggregators in providing reserves. For instance,
an aggregator of prosumers is proposed to take part in a joint
day-ahead and reserve markets in [19]. This reference utilized
a two-stage stochastic optimization model so as to support
prosumers’ participation in the reserve market. In [20]-[22],
various models are presented for a virtual power plant so as
to maximize its profit by participating in energy and ancil-
lary service markets. Furthermore, the aggregator introduced
in [23] is capable of taking part in spinning reserve markets
as well as peak-hours load reduction. The authors of [24]
proposed a coordination scheme for aggregating consumers
for the purpose of providing FCR services. Similarly, [25]
developed a model for the utilization of grid-connected PV
panels combined with a BESS, aiming to follow the regu-
lation signals sent by the operator. Finally, a microgrid is
regarded as a provider of reserve services and flexible ramp-
ing products in [26], seeking to maximize its total profits.

Considering the existing literature, previous studies assess-
ing the potential of distribution-network-located aggregated
FERs have some shortcomings which need to be addressed
in the future. For instance, in most of the above-mentioned
studies, scheduling of FERs was not fully conducted based
on the structure of real-world two-stage reserve markets in
terms of market timing and technical aspects. In this light, for
example, they do not consider whether the studied small-scale
reserve unit is allowed to participate solely or whether it
requires an aggregator as a broker. In addition, in most of
the studies the authors do not differentiate between assigned
reserve and activated reserve power, which can considerably
affect the scheduling of FERs and thus affect the profitability
of the reserve resource.

TABLE 1 highlights the difference between the proposed
method and the existing literature. It should be noted that
the table includes those references which deal with the pro-
vision of TSO-level flexibility services through distribution-
network-located resources. The first column of the table
introduces the references. The second column states which
kind of flexibility services are provided by the FERs. The
third column assesses whether the research considers both
day-ahead and real-time scheduling to include both capacity
and energy of reserves. The fourth column analyzes whether
the study takes into account the technical aspects and details
of the existing reserve markets and whether the model is
developed based on the existing reserve market models.
Additionally, it assesses whether the relevant considerations
related to the assigned and activated reserve are taken into
account in the study. The fifth and sixth columns indicate
whether they utilized the two important FERs in their models.

According to TABLE 1, this article offers the existing
research some advantages, described below:
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TABLE 1. Comparison of the proposed model with existing research.

2 |2 |28
-

Ref Type of services gi- ;

for TSOs 5 o

ue Z.

q’%’.

=3

%

w
[9] Frequency regulation - - v -
[10] Frequency regulation = v -
[11] aFRR - v -
[12] Not specified - - v -
[13] Performance-based regulation - - v -
[14] Not specified v - - v
[15] Secondary reserve v - - v
[18] | FCR - v v
[19] Secondary reserve v - - v
[20] | Spinning reserve - - - -
[21] Spinning reserve & reactive power - - - -

[22] | Spinning reserve - - v

[23] Spinning reserve - - - v
[24] | FCR [ N I
[25] Frequency regulation v - - -
[26] | Ramping products (US) - v -
1}; k;:r mFRR (tertiary reserve) v v v v

1. The distribution-network-located resource is considered
to provide a type of ancillary service, which has not been
regarded before. It offers mFRR services to the TSO.

2. It schedules its FERs in two stages (day-ahead and real-
time) so as to take into account both reserve capacity and
reserve power.

3. The model is in total compliance with the existing bal-
ancing market models in Nordic countries for providing
mFRR services. The technical aspects and the difference
between assigned and activated reserves are fully taken
into account when scheduling the FERs.

4. The paper considers scheduling of two popular FERs,
including BESS and EVs, at the same time.

C. CONTRIBUTION

In general, this article presents a two-stage model for the par-
ticipation of a PV-equipped LEC with EVs and a shared BESS
for providing mFRR services. The first-stage scheduling is
run in day-ahead. In this stage, the LEC aims to estimate its
flexible capacities and the offers which should be submitted
for the provision of mFRR. In the real-time stage, the LEC is
scheduled based on the assigned and activated reserve power
determined in real-time. The main contribution of the paper
is summarized as follows:
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1) To the best of the authors’ knowledge, there exists
no research assessing the participation of distribution-
network-located resources in providing mFRR (tertiary
reserve) services. Since each type of TSO-level reserve
has a specific trading structure, along with specific tech-
nical considerations and activation time, the participa-
tion of reserve resources in each reserve market needs
to be specifically analyzed.

2) The participation of a local energy community in reserve
markets is not regarded in the existing studies. However,
an LEC can be considered as one of the potent reserve
providers by exploiting different-type distribution-
network-located FERs and motivating members to man-
age their consumption. They can also share FERs so as
to increase their profits. In this manner, the expenses
of resources’ capital costs are shared between members
while they can all benefit from the monetary income. For
this purpose, this article considers an LEC as a reserve
provider whose members share a PV system as well as a
BESS. There exists a number of EVs in the community,
which can also contribute to the LEC’s flexibility provi-
sion. In this regard, the EV owners’ charging satisfaction
is considered as well.

3) This article considers control parameters related to the
SOC of the BESS so as to manage the flexible capacity
offered by the LEC in the day-ahead stage. Accordingly,
different control parameters are calculated for the case
study, and their impact on the community’s real-time
operation and profitability are discussed.

D. PAPER ORGANIZATION

The rest of the paper is organized as follows. The model
description is provided in Section II. Section III focuses on
the problem formulation for both stages of this study. The
case study and simulation results are discussed in Section I'V.
Finally, this study’s conclusion and possible future works is
presented in Section V.

Il. MODEL DESCRIPTION

Before describing the proposed two-stage model, the concept
of an energy community should be defined and the markets’
considerations need to be introduced.

A. ENERGY COMMUNITY

A general definition of energy communities has been pro-
posed by the literature, which refers to a group of members
who voluntarily join a community. These members might
appear in different forms, e.g. prosumers (proactive con-
sumer) or/and consumers. Energy communities might also
have a bulk energy storage system, wind turbine(s) and/or a
PV system as shared assets between members. The aim of
energy communities (i.e. its members’ aim) is to minimize
energy costs along with maximizing the community’s rev-
enue through trading energy with the grid as well as providing
flexibility services to the networks [27].
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There might be various types of energy communities
in terms of members’ categories (e.g. residential, indus-
trial, rural, etc.) or based on the physical distance between
the members (e.g. local energy communities or distributed
energy communities). Local energy communities are commu-
nities in which the members as well as the community’s assets
are geographically close. In such communities, the energy
produced locally is supposed to be consumed locally. In other
words, there should be local proximity between prosumers
and consumers [28]. Additionally, anyone from the local area
can become a member of this community and can trade with
other members within the community. Furthermore, the total
cost and benefit of such trading must be shared between
the members of the community [29]. Thus, the members
will benefit from the synergy and cost-efficient outcomes of
joining the community.

There are various methods for the management of energy
communities. Regarding this, a non-profit manager from
amongst the community members should be nominated to
be in charge of community management for monetary and
technical considerations [30].

This article considers a number of households as con-
sumers who form a residential LEC. The community shares
a BESS and there are also some EVs within the commu-
nity, which contribute to increasing the LEC’s flexibility.
In addition to these resources, the community is considered
to have a shared PV system as a renewable energy resource.
A non-profit community manager, through an energy com-
munity management center (ECMC), is in charge of the
scheduling and operation of these resources in the commu-
nity. The ECMC’s main goal is to increase the LEC’s profit
by providing TSO-level flexibility to the grid and also to
schedule the community’s flexible resources including EVs
and the BESS.

B. FLEXIBILITY SERVICES AND MARKET STRUCTURE

The focus of this article is on providing mFRR services.
With regard to the Nordic balancing markets [31], [32],
abalancing service provider (BSP) aggregates several reserve
resources so as to provide suitable capacities for participation
in balancing energy and capacity markets. In Finland, as an
example of a Nordic country, the minimum capacity required
for participation in mFRR service markets is 5 MW, which
needs to consist of bids with a resolution of 1 MW [31].

The studied flexibility service, i.e. mFRR, is split into
upward flexibility and downward flexibility services. In cir-
cumstances wherein systems require upward flexibility,
the TSO purchases power from the BSPs, whilst during time
slots requiring downward flexibility, the TSO sells power to
the BSPs [7]. The type of flexibility services required in each
time slot depends on the TSO’s flexibility needs.

Manual FRR services are traded in the balancing capacity
market (BCM) and the balancing energy market (BEM).
In the BCM, participants should submit their flexibility
capacities before 11:00 a.m. of the day before delivery [31].
The TSO deploys the amount of capacity required and pays
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a capacity fee to the corresponding BSPs. However, partici-
pants can submit and modify their balancing energy bids in
the BEM 45 minutes prior to delivery [31]. The BSP submits
its bids for upward/downward regulation, the prices as well
as other information regarding its reserve units to the BEM.
Afterwards, the TSO decides on the assigned flexibility that
should be provided by the BSPs, based on their offered prices,
the type of required flexibility (upward or downward) and the
amount of required flexibility in each time slot.

As already mentioned, this article considers a difference
between the assigned flexibility and activated flexibility.
Regarding this, the TSO determines the assigned flexibil-
ity of each BSP through the settlement of the BEM, while
the activated amount of flexibility is specified at the exact
moment of delivery based on the TSO’s real-time balancing
requirements [31]. In other words, the TSO decides how
much flexibility must be activated according to its instanta-
neous flexibility need.

C. PROPOSED MODEL

The proposed LEC, as a reserve unit, contributes to the pro-
vision of mFRR services. In order to enable participation of
a small-scale LEC, the LEC’s flexibility offer should be sent
to the BSP to be aggregated with those of the other reserve
units and be submitted to the balancing markets. Fig. 1 depicts
the main structure of the proposed LEC and its interaction
with the grid and the BSP. As the figure illustrates, the LEC
sells TSO-level flexibility through the BSP, and also trades
energy with the upstream grid so as to fulfil its energy balance
constraints.
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FIGURE 1. The structure of the LEC and its interactions with the grid
and BSP.

Regarding the structure of the balancing markets intro-
duced in the previous section, the LEC as a reserve unit is
supposed to be scheduled in two stages, each with different
time horizons and granularity.
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In the first stage, the ECMC runs day-ahead 24-hour
scheduling in order to estimate the flexible capacity of the
LEC, which can be determined for each hour of the next day.
The results should be submitted to the BSP before 11:00 a.m.
of the day prior to delivery so that the BSP could be able to
participate in the BCM and BEM with complete knowledge
of its reserve units.

The second-stage scheduling, however, runs in real-time
for the coming hour. Before this stage, the BSP participated
in both BCM and BEM on behalf of its reserve units. After-
wards, the flexibility power that should be provided by the
corresponding BSP was assigned by the TSO. Subsequently,
the BSP determines the flexibility that needs to be provided
by its reserve units. In this regard, the ECMC seeks to sched-
ule the shared FERSs to provide the assigned flexibility as well
as maximizing the community’s real-time profit.

Fig. 2 summarizes the proposed two-stage scheduling
framework for the studied LEC and its interaction with the
upstream entities. According to Fig. 2, the main interaction of
the LEC is with the BSP in day-ahead and real-time horizons.
The BSP is in charge of creating bidding strategies in order to
participate in balancing markets (BCM and BEM) on behalf
of its reserve units and assign the reserve power to each
reserve unit. The main responsibility of the TSO regarding
mFRR services is clearing the balancing markets, assigning
the reserve power to each BSP according to its required
frequency-based flexibility and activating the reserved power
when needed. However, the main focus of this article is on the
optimized operation and scheduling of the LEC. Therefore,
other issues such as the bidding strategy, reserve assignment,
aggregation methods applied by the corresponding BSP and
reserve market clearing performed by the TSO, as well as
the calculation of the related flexibility need is not within
the scope of this article (see the grey blocks in Fig. 2).

Day-ahead : Real-time
DT e T P PP PP PP PO >
TSO .

BCM & BEM Settlement —
: Reserve Assignment
for BSPs
]
; |
BSP v
Creating i Reserve Assignment
Reserve Bids for Reserve Units
L=C EVs’ Availabili : Activated Reserve
s A ¥ : l in Previous Hour
Demand Forecast —— Hourly ¢

PV Forecast 5 Update —)} Maximizing Real-time Profit

v

v' FERs Scheduling
v’ Optimal Trading Power

Flexibility Estimation

FIGURE 2. Overview on the proposed scheduling of the LEC and the
interactions with the BSP and TSO.
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The proposed two-stage operation will be fully explained in
Section III.

Ill. PROBLEM FORMULATION
The problem formulation of this article includes two stages,
which are explained in detail as follows.

A. STAGE I: DAY-AHEAD FLEXIBILITY OFFER
In this stage, the ECMC runs day-ahead scheduling aimed at
estimating the LEC’s utmost capability to provide flexibility
services for the 24 hours of the next day. The following factors
are taken into account in the day-ahead stage:

1. EV owners in the LEC arrange their next-day exact
plugged-in and plugged-out hours and submit it to the
ECMC. Thus, the ECMC has the next-day temporal
charging information of EVs. Note that it is assumed
that EV charging is centrally controlled by the ECMC.
In addition, for the sake of simplicity, they are assumed
to be charged with constant power [33].

2. The BESS can be monitored and controlled directly by
the ECMC. Therefore, the ECMC has precise informa-
tion regarding the BESS’s capacity and estimates the
BESS’s next-day SOC based on its schedule.

3. The net-load of the LEC’s members is predicted hourly
for the 24 hours of the next day. In order to capture the
stochasticity of consumption load as well as the PV gen-
eration, the error of the forecasted net-load is here taken
into consideration, which can be modelled a Gaussian
distribution [34]. Note that the net-load of the LEC is
defined as the difference between its aggregated con-
sumers’ load and the LEC’s PV generation. Regarding
the probability distribution model of the net-load’s fore-
casting error, different scenarios are considered for the
first-stage schedule to consider the related uncertainties
of the net-load originating from households’ stochastic
behavior.

4. Finally, flexibility is estimated in a time horizon
of 24 hours with one-hour time granularity. Hence,
each time slot refers to one hour in the first-stage
scheduling.

For each time slot, the community offers its upward
flexibility or/and downward flexibility power based on the
community’s production surplus and the capability of its
FERs (i.e. BESS and EVs) to change their consumption.
In time slots during which the community’s surplus is positive
it can submit its entire surplus as upward flexibility capacity.
In contrast to this, the maximum capability of the community
to increase its consumption can be considered as its down-
ward flexible capacity. It is worth mentioning that according
to the proposed strategy, the LEC may offer both downward
and upward flexibility at one hour in the day-ahead stage if
it simultaneously has a positive surplus and some available
FERs that can increase their consumption. However, one type
of offer (downward or upward) will be accepted and assigned
in real-time.
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1) FLEXIBILITY ESTIMATION

As stated before, in the first stage the ECMC seeks to estimate
the maximum upward and downward flexibility that can be
offered for the 24 hours of the next day in order to submit this
to the BSP for the provision of flexibility services. It is obvi-
ous that a requirement for participation in reserve markets like
the mFRR is to declare capacity as reserve in previous day.
Moreover, providing flexibility services is always much more
profitable for the community, since the prices of balancing
services is substantially higher than energy. Hence, the com-
munity should estimate the available flexibility that can be
provided in the following day. The ECMC runs a stochastic
optimization problem with the following objective function:

max.zzﬂr,s(F:?JrFt({rsl) M
s t

Equation (1) shows that the ECMC'’s objective is to find the
maximum upward and downward available flexibility which
can be offered to the BSP for all of the considered scenarios
and for all 24 hours of the following day.

According to [7], regarding balancing energy markets
(BEM), the price of selling upward flexibility is always
greater than the price of selling power to the upstream grid
or energy markets. In addition, the price of buying downward
balancing flexibility is always lower than buying power from
the upstream grid or energy markets. Hence, it can be con-
cluded that participating in balancing markets is always ben-
eficial to the LEC. Thus, in the day-ahead stage, the energy
community is merely aiming to find the maximum flexible
capacities which can be offered in balancing markets.

The variable that helps to calculate the maximum upward
flexible capacities of the LEC is defined by (2).

net for

Cap?f; _ Pf?q,sdis,est_NtEV,estPEV _ (Lt + Agr,s)
Vt, Vs 2
er_,,yfor _ PtL,_for' _ Pf’vaOV vt 3)

According to (2), the upward flexibility of the LEC should
be obtained from the LEC’s production surplus. The produc-
tion surplus of the LEC is equal to the difference between the
discharging power of the BESS and the aggregated values of
net-load and EVs’ charging power. The net-load of the LEC
at hour ¢ could be obtained from (3). Equation (4) calculates
the maximum downward flexible capacity which can be used
for the provision of mFRR.

Cap™ = PP + NFV'PEY v, Vs “

The downward flexible capacity is known as the ability
of the LEC’s FERs to increase their consumption. Since
EVs and BESS are considered as the existing FERs in this
study, charging these resources can be taken into account
as LEC’s flexible consumption. Hence, the charging power
of the mentioned resources can be considered as the LEC’s
available downward flexibility for scenario s and time slot ¢
as stated in (4).
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Equations (5) and (6) indicate that the charging and dis-
charging power of the BESS cannot exceed their maximum
rate, respectively. The binary variable uf " in (5) and (6) is
employed in order to prevent the BESS from being charged
and discharged simultaneously. This variable is considered to
be 1 when the BESS is in a charging state, otherwise it is equal
to 0.

Pf,sch,est < PB,ch,maxuf,:Sf Vi, Vs (5)

Pf?’,sdis,est < PB,dis,max (1 _ uf,sest) V[, Vs (6)
Moreover, the net-load error is assumed to be represented
by a Gaussian distribution denoted by AE; (i, o;), where 1,
is the mean value for error of forecast and oy is the related
standard deviation. These are obtained as follows [34]:

o = (@) + (k) Vi (7)

oV = 0.2PVr £ 0.02PPV 5 vy 8)
k
L L.for
= — Vi
=100 ©)

Equation (7) shows that the standard deviation of the
net-load is obtained from consumption demand and is related
to the PV located in the LEC. The standard deviation of PV
production is defined in (8) while the standard deviation of
the total consumption load of the community is shown in (9).
In (9), k is a function of the accuracy of load prediction [34].

The community can offer upward flexibility when it has a
positive upward flexible capacity (i.e. the LEC’s production
surplus). Similarly, downward flexibility can be ascertained
when the downward flexible capacity experiences a positive
value, as stated by (10) and (11), respectively.

Cap,®.  Cap}", > 0
Ftu’; — { apr,s aPrs = Vt, Vs (10)
’ 0 else
dn dn >
Ftu[: — { Capt,s Capt,s = 0 Vl‘, Vs (11)
’ 0 else

Since EVs are supposed to submit their plugged-in and
plugged-out charging hours beforehand, the number of EVs
being charged during each hour can be obtained simply by
using (12).

I I
NEV = NEY 4 NP6 — NPyt (12)

t

Equation (12) states that the number of charging EVs at
hour 7 is equal to the number of EVs charged in the previ-
ous hour plus the number of those beginning to charge at
hour ¢ minus the number of EVs which are supposed to be
unplugged at hour ¢.

There exist constraints related to the operation of the
BESS, which are indicated by (13) and (14). Equation (13)
relates the estimated SOC of the BESS to its charging and
discharging power. This constraint can also indicate the varia-
tion regarding the state of energy of the BESS. Equation (14)
restricts the maximum and minimum permissible values of
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the estimated SOC, which implicitly limits the energy stored
in the BESS as well.

SOCE,SLA\'I — SOCB,est

t—1,s

B, dis,est
At B,ch pB,ch,est Pt,,s ’
?[JB(W Pt,x - W) Vt, Vs
(13)
socrn < SOCHS < SOCM™ v, Vs (14)

The ECMC is proposed to adopt two control parame-
ters, i.e. S5C,’”m and S 5C,’””x , to control the amount of
BESS’s capacity deployed for provision of flexibility ser-
vices. In day-ahead scheduling, there might exist some uncer-
tainties related to the activation of balancing services, its
direction (i.e. upward or downward) and those associated
with forecasting PV production and demand. Therefore,
the ECMC may decide to save some part of its BESS’s
capacity and deploy it in real-time schedules so as to avoid the
risk of penalty costs related to not providing the assigned flex-
ibility in real-time. For this purpose, the mentioned control
parameters are employed to limit the day-ahead utilization
of the BESS’s capacity in providing TSO-level flexibility
services. These parameters should be determined within a
range introduced as follows:

SOCBmin < Sactmin < SOCBmax (15)
SOCEMn < SOCM™ < SOCE™™ v (16)
socy < socr i an

In (15) and (16), the value of SOCE™" and SOCE-m
indicate the lower and upper limits of state-of-charge, where
their values depend on the type of BESS. Equation (17) shows
that the selected value for the lower controller of state-of-
charge, i.e. S5C;"i”, must be smaller than the upper con-
troller of state-of-charge, i.e. SbC,’”‘”‘, at all times. Taking
these constraints into account, if the gap between the adopted
SOC!"™" and SOC!™ decreases, it means that the ECMC
prefers to offer a lower amount of its BESS’s flexible capacity
for reserve services and save a portion of its flexibility for
the real-time scheduling (see Fig. 3). Fig. 3 indicates the
amount of BESS’s capacity deployed for flexibility offers in
day-ahead.

D Unused in day- ahead . Not allowed

day- ahead

contribution
A

FIGURE 3. An illustration of the BESS utilization scheme in day-ahead
according to the proposed control paramet

Socmin Sacmin

Sacmax socmax
A + 100

Accordingly, the expected amount of upward and down-
ward flexibility in each time slot, which is supposed to be
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offered to the BSP, is obtained from (18) and (19).
FP = "m Y vt (18)
s

Fim="m F vt (19)
5

After offering the total downward and upward flexible
capacity by the ECMC, the BSP will then participate in
balancing markets (BCM and BEM) by aggregating the flex-
ibility offers of its reserve units.

B. STAGE II: REAL-TIME OPERATION AND SCHEDULING
Before the real-time stage, the TSO determines the power
that should be provided by the BSP. In fact, the BSP has
already participated in balancing markets and the results of
the market settlement are specified in real-time. Afterwards,
the BSP determines the amount of flexibility that should be
provided by the LEC based on its day-ahead offer. Regarding
this information, the manager of the community needs to
schedule its FERs so as to achieve the following targets:

1. Fulfil the assigned power for mFRR provision

2. Maximize the total real-time monetary profits of the LEC

In this manner, this article considers that the ECMC sched-

ules the community’s FERs for the next hour regarding
four temporal quarters (15-minute timeslots), based on the
assigned values of flexibility. Therefore, the time horizon
and time granularity of the scheduling would be one hour
and 15-minutes, respectively. The following factors are also
considered in this stage:

a. EV owners are assumed to adhere to their day-ahead
plan. They plug in and unplug their vehicles at the exact
hours they have stipulated beforehand, since they have
accepted the content of the intra-community rules and
must not violate their predetermined agreement signed
with the community manager. In this regard, based on
EV owners’ desires and needs, the ECMC can schedule
the vehicles for the next four quarters.

b. EV owners are supposed to submit the minimum number
of hours that they want their vehicles to be charged. This
constraint is applied in order to take into account the EV
owners’ charging satisfaction.

c. Itis assumed that the ECMC monitors the real-time state
of the FERs. Indeed, the ECMC updates the information
regarding the SOC of the BESS and EVs at the end of
each hour, based on the activated reserve. This informa-
tion will be deployed for scheduling FERs for the next
hour.

d. PV power generation as well as demand forecasts are
updated hourly. Since predictions with very short-time
horizons (i.e. one hour) are relatively more accurate than,
e.g. day-ahead forecasting, the results of PV/demand
predictions are considered deterministic and not to be
subjected to any uncertainties.

e. After fulfilling the assigned value of TSO-level flexibil-
ity services, the ECMC trades the surplus power with the
upstream grid through a DSO or a retailer.
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1) LEC SCHEDULING

According to the assumptions above, the ECMC runs an opti-
mization problem with the objective of maximizing the com-
munity’s real-time profit, denoted by (20). Profit is defined
by (21). In addition, (22) denotes the income or cost obtained
from the LEC’s participation in reserve provision. By using
the objective function indicated by (20), the optimization
problem seeks to find a compromise between flexibility
obtained from its FERs and profits of the LEC.

max. Z Proﬁtf,ﬁl_’im"Am vt (20)
m
Profitys/ ™" = IC/, + Py "
X Income 11
in + bu B pB.di. ,ch
- P;r,lm)‘t - C (Pf,mls + Pf,nc:t ) Vi, Vm
—_— —
Cost 11 Cost 11
@n
1 = P 4 1" — ¢ Ve, m 2)

On the left side of (21), Proﬁt;f,‘fl[_”me indicates the total
profit of the LEC in real-time. On the right side of this
equation, X represents the income or cost due to the provision
of capacity and energy related to mFRR services.

According to (22), the LEC receives a fixed monetary
amount which is paid for offering flexibility capacities (both
upward and downward), denoted by I,* . In fact, this income
is obtained by the participation of the BSP in the BCM.
In addition, the LEC receives the income for selling upward
energy (I,"""") and incurs the cost for purchasing downward
energy (C) from the BEM. In this manner, the BSP plays
the role of an intermediary by participating in the BCM and
BEM.

The remaining terms of (21) are as follows. The term
Income II denoted the revenue resulting from selling energy
to the upstream grid through the DSO or the retailer. The term
Costll denotes the cost of purchasing energy from the grid.
The last term, CostIl1, refers to the operating cost of charging
and discharging the BESS. It has to be mentioned that C5 is
the operating costs of charging/discharging the BESS, which
are considered constant over the studied time and obtained as
follows [35].

B _ RCE
" Cap® x DOD® x RLP

(23)

where DOD? indicates depth of discharge of the BESS. The
rated lifetime and the replacement cost of the BESS are
denoted by RLE and RCZ, respectively.

The main priority of the LEC’s real-time scheduling
is to provide the assigned flexibility services, i.e. F; 7"
and F%_ However, to satisfy power balance constraint
within the LEC, the ECMC should trade surplus power with
the upstream grid. Accordingly, (24) denotes the balance

equations, when the LEC provides upward and downward
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flexibility services.

L+ P’ + N PP = F 4 b
it u’, =0

Li5 + Pr = N PP = FP 4
if ", =0

(24)

In (24), u,"',’n and uf’ln are binary parameters which have
been determined by the BSP according to the market settle-
ment results of the BEM. In other words, these parameters
provide information on whether the TSO requires downward
or upward flexibility services. According to (24), in the case
of providing downward flexibility, u,upm is equal to O and the
consumption power of the net-load and the charging power
of the BESS and EVs is supplied by the imported power from
the upstream grid, as well as the downward flexibility power
bought from the BEM. Similarly, in the case of providing
upward flexibility, the positive power surplus of the LEC is
sold to the upstream grid after fulfilling the assigned upward
flexibility. It should be noted that F*™* and F"* are
parameters whose values have been specified by the BSP.

If i);"m which is obtained from (24), has a positive value,
this means that the LEC is not self-sufficient and the required
energy should be supplied by the grid. The imported power
then would be equal to P;”m Similarly, if p?* has a positive
value, this means that there exists some production surplus
that should be sold to the grid. Thus, the exported power
equals P%" "as denoted by (25) and (26).

t,m>

) Ain , ~in 0
pin = P Pin= 0y s
; 0, else
Aout ~out 0
pout _ Pim: Prm = Vt,Vm 26
t,m {0, else 20

In the proposed real-time scheduling, each EV is
being scheduled to maximize the community’s profit.
Equation (27) — (31) are constraints related to charging the
community’s EVs. It should be highlighted that all EVs are
supposed to be charged with a constant power rate, denoted
by PEV.

NEw = ufl, Vi.Vm @7
i

EV 4\yii’eq . plug _unplug
> ufy, = el Vi, ¥t e [17E 118 (28)
m i
EV
SOCi.,’m
SOCEV,act _}_@ EV
ii—1,4 Capt” Ui t,m>
1
_ ifm=1
B SOCEV 4 w EV
i,t,m—1 CapEV it,m
1
else
Vi, Vt, Ym (29)
SOCEY, < SOCEY™™ Vi Vi, Vm (30)
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P — Vi, ¥m, Vi ¢ [tlplug,t;mplug:l 31

In (27), (29) and (30), ufx ., is a binary decision variable
which determines the charging status of EV i during quar-
ter m of hour 7. This variable is equal to 1 if EV i is being
charged during quarter m of hour 7. Otherwise, it equals O.
Accordingly, (27) expresses that the total number of EVs that
are being charged during time slot m of hour ¢ is obtained
through the summation of the binary variables related to the
charging status of all EVs within the LEC. Equation (28)
determines the number of quarters that an EV needs to be
charged during a given hour. As previously stated, in the
real-time stage, the scheduling time granularity is 15 minutes
(one quarter) and the scheduling time horizon is one hour.
Therefore, considering the one-hour time horizon, if an EV
needs to be charged for \Ilimq hour during Az‘ij lugged hours,

the EV should be charged at least W quarters during
one hour (four quarters). To elaborate this constraint, con-
sider that EV i requests to be charged for at least one hour
(i.e. WY = 1). This BV, for instance, was plugged in at
8:00 and unplugged at 12:00, so it was plugged in for four
hours (i.e. At‘i” lugged _ 4). Therefore, according to constraint
(28), this EV should be charged at least one quarter in each
hour during for which the vehicle is plugged. Through the
ECMC, the community manager decides how the EVs should
be charged in the plugged in periods. In order to keep all
parties satisfied, it is feasible to spread the charging quarters
over the plugging time, rather than charging them in a limited
period. This could reduce possible peak loads during some
hours.

The constraints related to EVs’ battery SOC are presented
by (29) and (30). It should be mentioned that the 4™ quarter of
hour (z-1) is followed by the 1% quarter of hour ¢, as explained
in (29). Regarding the first equation of (29), the EVs’ SOC
in the 1% quarter of each hour should be determined based
on its actual value in the 4™ quarter of the previous hour,
because the actual value of EVs® SOC may not be equal
to that scheduled in the previous hour. Since the activated
and assigned values of reserve power may not be equal,
the scheduled values of EVs’ SOC need to be replaced with
the actual values. However, for the 2" to 4™ quarters of each
hour, the values of EVs’ SOC could be obtained based on
their scheduled values in the previous quarter, as explained in
the second equation of (29).

Equation (30) restricts the maximum value of the SOC of
EVs’ batteries. Finally, (31) ensures that the EVs will only
be charged during the hours in which they are plugged in,
meaning that they should be charged in a range which is part
of the EV’s plugged-in/plugged-out time window. Otherwise,
the optimization solver should assign a zero value to the
charging status of the EV.

In the following, the constraints related to the BESS are
presented. Equation (32) and (33) elaborate the constraints
associated with the SOC of the BESS. In (32) and (33),
if we multiply both sides of the BESS’s capacity, we will
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have the related constraints of the BESS’s state-of-energy.
Again, the scheduled value of the SOC for the previous hour
(z-1) should be replaced with the actual SOC of the BESS.
This value is utilized to schedule the BESS at hour ¢. The
BESS will be charged/discharged only when needed. This
need is the amount of energy required for balancing purposes,
which is announced by the BSP/TSO. However, the BSP/TSO
always asks for flexibility within the LEC’s capability. The
TSO would not ask for more than the LEC can offer.
Finally, (34) and (35) restrict the charging and discharging
power of the BESS, respectively [36], along with the fact
that the BESS is not allowed to be charged and discharged
simultaneously, with the help of binary variable uf“: -

PB.dix
B,act B,ch ,ch t,m
SOCZT4 + (77 P~ nB,dis)
ConF ifm=1
B a,
soct, = P pB.dis
B B.,ch ,ch 1,y
SOCt.m—l + (77 ‘ P?lfl - nB,Zis)
——  else
CapB
Vt,Vm (32)
SOCBmin < SOCfm < SOCB™™  vi Vm (33)
P?’,;h < uﬁmPB,ch,max Vl‘, VYm (34)
Pff‘,fis < (1 _ u?’m) pB.dis,max vt, Vm (35)

The ECMC runs this optimization problem consider-
ing (20)—(35) for each hour, to schedule its FERs includ-
ing the BESS and EVs as well as its trading power with
the upstream grid, aiming to maximize the community’s
real-time profit. Before starting the next-hour scheduling,
the SOC of the BESS and EVs for the previous hour, i.e.
SOCf;a]‘;a and SOCf:/fffi, are updated based on the real
data resulted from the activated mFRR. Thereafter, the real-
time scheduling is run for the next hour (next four quarters),
accordingly.

It should be mentioned that decreasing the charging rate
of the BESS as flexibility-up, or increasing the discharging
rate of the BESS as flexibility-down, could be considered as
flexibility, which actually happen in real-time operation of
the BESS in the process of flexibility provision. However,
counting on them as the capacity for participation in the
mFRR market would not be a wise choice. For instance, in a
case where we are dealing with the constant BESS’s power
rates, counting on the above-mentioned strategy for flexibil-
ity provision would not be generally applicable. Moreover,
the change in the power rate of the BESS might not satisfy
the offered flexibility.

IV. NUMERICAL STUDIES
A. CASE STUDY

The case study consists of a hypothetical LEC with 50 house-
holds. This community has a 100kW PV system as well as
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FERs, including a 50kW/200kWh (Vanadium Redox Flow)
BESS and 10 EVs. The information on EVs’ plugged-
in/plugged-out status and the EVs’ battery capacity can be
found in TABLE 2.

TABLE 2. Information on the EVs

d by the c i bers.

EV No. Cap®’ (kWh) tplug tunplug
1 40 08:00 10:00
2 12 08:00 11:00
3 11.6 10:00 13:00
4 11.6 08:00 10:00
5 40 12:00 15:00
6 12 15:00 17:00
7 12 16:00 18:00
8 40 17:00 19:00
9 11.6 17:00 19:00
10 12 17:00 19:00

Itis also assumed that EVs request to be charged at least for
two 15-minute quarters. Moreover, the information related to
the characteristics of the BESS in the simulation studies is
given in TABLE 3 [37].

TABLE 3. Characteristics of the shared BESS in the community.

Technology Vanadium R.F.
Price (€/kWh) 100

Depth of Discharge (%) 60

Rated Lifetime (cycles) 12000
Capacity (kWh) 200

Max. Charging/Discharging Rate (kW) 50
Charging/Discharging Efficiency 0.8

The forecasted day-ahead as well as actual values of
demand and solar generation are depicted in Fig. 4. The
pattern of solar irradiation is based on the historical data
for July 7, 2019 in Finland [8]. The forecasting error of
PV generation in the day-ahead study is represented by an
independent normal distribution with a zero mean value and
a 10% standard deviation. Similarly, the forecasting error of
the demand load is also modelled with a zero mean value and
a 2% standard deviation.

B. SIMULATION RESULTS

The simulation in this article was executed on a laptop with
an Intel Core-i5 6200U 2.3GHz CPU and 16GB of RAM.
The optimization algorithms were implemented by using the
well-known GAMS programming software.

1) DAY-AHEAD FLEXIBILITY OFFER

In order to conduct the introduced stochastic study, 1000 sce-
narios were produced by utilizing Monte Carlo simulation for
PV generation and load demand of each hour. Afterwards,
the optimization problem defined in (1)—(19) was solved for
the LEC introduced in this section. It is noticeable that a lin-
earization technique was utilized, similar to the one deployed
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TABLE 4. The results of total daily flexibility offers in day-ahead, based
on different BESS control parameters.
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FIGURE 5. Upward flexibility offer by the LEC considering different cases.

in [38], so as to linearize constraints (10) and (11) (see
APPENDIX). The total daily values of upward and downward
flexibility offered to the BSP are calculated based on different
SOC-based control parameters and the results are illustrated
in TABLE 4. It should be noted that the control parameters
are given as constant for 24 hours. In addition, the degree of
BESS utilization (DBU) for offering flexibility is calculated
for each case using the following equation (36):

sOCM™ — sOCmn
socmax _ SOCmin

Regarding TABLE 4, all of the considered cases lead to
three pairs of total upward and downward flexibility offers,
ie. (3, F"Y, Fm), which are (583.9 780.5), (133.9 180.5)
and (83.9 80.5). In light of this conclusion, we narrowed down
all considered cases into three groups based on the values of
available flexibility, namely G1, G2 and G3. These groups are
illustrated by three different colors in TABLE 4.

The hourly upward and downward flexibility of these
groups have been calculated and the results are depicted
in Fig. 5 and Fig. 6, respectively.

According to TABLE 4, in general, the amount of upward
flexibility and downward flexibility offered to the BSP
decreases when S 5C{”"’ increases. However, this effect does
not seem to be significant when the other control parameter,
ie. S 5C,m“x, has a lower value. Although the higher value
of § 5C{"’" leads to a lower amount of offered flexibility for
cases 1, 2, 3 and 4, this trend does not strongly continue for

DBU, = x 100 (36)
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Control Parameters | Total Daily | Total Daily
Case Upward Downward DBU
No. | sgcmin spcmex | Flexibility Flexibility (%)
Offer (kW) Offer (kW)

100

83

3 0.4 0.8 1339 180.5 67
4 0.5 0.8 83.9 80.5 50
83

6 0.3 0.7 839 80.5 67
7 0.4 0.7 839 80.5 50
8 0.5 0.7 83.9 80.5 33
9 0.2 0.6 1339 130.5 67
10 0.3 0.6 839 80.5 50
11 0.4 0.6 839 80.5 33
12 0.5 0.6 83.9 80.5 17
13 0.2 0.5 1339 130.5 50
14 0.3 0.5 839 80.5 33
15 0.4 0.5 83.9 80.5 17

G2 G3

the other cases. For example, increasing SbC,’"i” does not
change the flexibility offer of cases 6, 7 and 8. This is due
to the fact that the amount of 83.9 kW for upward flexibility
and 80.5 kW for downward flexibility mainly stem from other
sources of production (e.g. the surplus PV production of the
LEC and EVs). Hence, decreasing the capacity of the BESS
does not affect these values.

Similarly, TABLE 4 indicates that, in general, reducing
control parameter S 5C,’”‘”‘ decreases the estimated amount of
offering upward and downward flexibility. However, in some
cases it does not considerably affect the amount of flexibility.
As can be seen in this table, the higher amount of offered
flexibility is provided by case 1, 2 and 5, with high DBU
and pairs of control parameters, i.e. (S 5C,”1i”S5Ct’””), which
are equal to (0.2 0.8), (0.3 0.8) and (0.2 0.7). In terms of
offering higher flexibility, the second-ranked cases are 3,
9, and 13 with control parameters (0.4 0.8), (0.2 0.6), and
(0.2 0.5). In comparison, the rest of the cases provide the
minimum amount of flexibility. Based on this information,
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the lower values of S 5C,’”i" often leads to a higher amount
of flexibility. For instance, the cases with SbC{”i" = 0.2
ranked first and second in terms of the values of flexibility
offers. Since the community’s production surplus is negative
in the early hours of the next day, discharging the BESS can
provide upward flexibility during these time slots. As a result,
the lower values of § 5C{"in enables the LEC to provide more
upward flexibility through BESS discharging. In comparison,
higher values of S 5Ct"’“" do not necessarily lead to a higher
amount of flexibility. Case 4 is an example with a high
value of § 5C,’”‘” while having the lowest values for the total
flexibility offer.

Fig. 5 shows that the LEC is able to provide upward
flexibility during 09:00-14:00, even in the cases with low
DBU (i.e. G3). Considering Fig. 4, the production surplus
is positive during 09:00-14:00, which enables the LEC to
provide upward flexibility even without the help of the BESS.
As Fig. 5 shows, for G1, the LEC can offer upward flexibility
in most of time slots. In addition, the only difference between
G2 and G3 is that G2 is able to offer additional flexibility
during hour 05:00 by utilizing the BESS.

Fig. 6 demonstrates that the LEC of G1, G2 and G3 is able
to provide downward flexibility during time slots when EVs
(see TABLE 1) are being charged in all of the considered
cases. As mentioned before, the only resources for the pro-
vision of downward flexibility are regarded to be EVs and
the BESS. Since in G3 the LEC utilizes less than 50% of
its BESS’s capacity, the downward flexibility of this case is
mostly provided by charging the EVs. However, G1, which
deploys greater BESS capacity, is able to offer downward
flexibility in most of the time slots. Although the down-
ward flexibility offered by G2 is approximately similar to
the amount offered by G3, the community of G2 utilized
its BESS at 07:00 to provide more downward flexibility.
Note that EVs are plugged in after 08:00, meaning that the
downward flexibility offered at 07:00 was provided solely
from the BESS.

2) REAL-TIME SCHEDULING

In real-time, the BSP specifies the amount of flexibility
that should be provided by the LEC. In order to obtain the
assigned amount of flexibility, we extracted information on
the type of flexibility activation during the specific day (i.e.
July 7, 2019) from the Finnish TSO’s open data [8]. Sub-
sequently, based on these data, the BSP accepts either the
upward or the downward flexibility. In a few time slots there
exist no need for mFRR deployment, which implies that no
flexibility offers are accepted. Note that it is assumed that the
total amount of offered flexible capacity by the LEC, which
are compliant with the flexibility needs, were fully accepted
and assigned by the BSP.

Fig. 7 and Fig. 8 illustrate the respective assigned and
activated values of upward flexibility required to be provided
by the LEC. Fig. 9 and Fig. 10 depict the respective assigned
and activated values of downward flexibility required to
be provided by the community. The activated amount of
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FIGURE 9. Assigned downward flexibility for different cases.

flexibility is also deployed based on the data of activated
balancing power obtained for July 7, 2019 [8], and depicted
in Fig. 7 to Fig. 10. The amount of assigned and activated
flexibility is calculated for the three groups considered in the
previous section, G1, G2 and G3.

The flexibility prices for provision of upward and down-
ward balancing services are considered to be known in
real-time and are presented in Fig. 11 [8]. These prices are
extracted from the information on the prices of balancing
energy markets on July 7, 2019, which are determined by
the Finnish TSO, Fingrid. Moreover, the dynamic prices of
trading energy with the grid is also shown in Fig. 11, based
on one of the Finnish DSOs’ open data [39]. As can be seen
in the figure, the price of selling upward flexibility are always
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FIGURE 11. Prices for trading energy and flexibility, July 7, 2019 [8].

equal to or greater than the price of selling power to the
grid. Additionally, the price of buying downward flexibility is
always equal to or lower than the price of buying power from
the grid.

The optimization problem introduced through (20)—(35)
has been solved for the proposed LEC. A linearization
technique (see APPENDIX) is exploited to handle the
non-linearity caused by (25) and (26), with the purpose of
obtaining a mixed-integer linear programming (MILP) for-
mulation. The input data on the SOC of the EVs and the
BESS were considered to be updated based on the actual
activated reserve, and the results of 24 hours are obtained.
Fig. 12 illustrates the hourly real-time profits of the commu-
nity for one day, considering four different cases. These cases
consist of three groups introduced in the previous section
(i.e. G1, G2 and G3), which consider the LEC adopting
different BESS control parameters in its day-ahead schedule,
along with a case that suggests the LEC’s operation with no
contribution to reserve provision (i.e. the LEC trades only
with the upstream grid and does not tend to participate in
reserve provision). Fig. 13 denotes the total net-costs of the
LEC on the considered day. The share of daily income and
costs stemming from different resources are also illustrated
in Fig. 14.
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FIGURE 14. The LEC's monetary turnover in a single day considering
different cases.

By comparing Fig. 12 with Fig. 4, it can be concluded
that the profit of the LEC leads to positive values in time
slots when the LEC has production surplus. However, in the
rest of the time slots, the profits mostly exhibit negative
values, meaning that the community is required to purchase
power either from the upstream grid or by providing down-
ward flexibility services in order to meet its demand. After
solving the optimization problem for different cases, it was
concluded that the LEC of G1 and G2 was not able to provide
the assigned reserve during some time slots. Consequently,
in these cases, the LEC is assumed to buy energy from the
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upstream network (through the DSO or retailer) so as to
fulfil its assigned flexibility. Hence, in a few hours of the
day, the profit curves related to G1 and G2 experience a
considerable decrease. By comparing G1 with G3, it could be
realized that G1’s curve fluctuates more than G3’s. Although
in a limited number of hours G1’s curve experiences higher
profits (e.g. during time slots 02:45 and 11:15 to 11:45),
it incurs more costs early in the morning (e.g. during time
slots 02:00-02:15, 03:15, 05:15 and 15:00-15:45).

Fig. 13 indicates the correlation between the day-ahead
selection of control parameters and the real-time net-cost of
the LEC. It shows that the total net-cost of G1 is higher than
that of G3 for the studied day. The same situation with a lower
degree happens for G2, resulting in a higher total net-cost
compared to G3 (see Fig. 13). In comparison, the case in
which the LEC does not participate in reserve provision leads
to the total cost which stands in the second rank, compared to
the three studied cases. This means that the total net-cost of
the case in which the LEC decides not to participate in reserve
provision is higher than the net-costs of G3 and G2, but lower
than that of G1. By comparing cases with different control
parameters, i.e. G1, G2 and G3, it can be concluded that it is
more profitable when the LEC deploys less BESS capacity
in its day-ahead flexibility offer. In other words, according to
fig. 13, the LEC made more profits when it chose a high value
for SOC" and a low value for SOC"® .

Fig. 14 illustrates the sources of costs and incomes of the
LEC, taking into account different cases. According to the
community’s day-ahead schedule, the income obtained from
trading TSO-level flexibility is greater for G1, followed by
G2 and G3 respectively, in terms of obtaining reserve-related
income. The LEC is not able to benefit from flexibility provi-
sion if it does not claim its flexibility capacity in day-ahead,
as stated in the bar chart of this case in Fig. 14.

However, the costs of real-time energy trading for G1 and
G2 increase, as they need to compensate for hours during
which they were not able to provide the assigned flexibil-
ity. In addition, in these cases the LEC sold a considerable
amount of its production capacities through their day-ahead
schedules in order to provide TSO-level flexibility. As a con-
sequence, the community is not able to sell this part of their
capacity to the upstream network, which leads to a decline
in energy-trading income. Moreover, Fig. 14 implies that the
higher participation of the LEC in reserve provision leads to
more utilization of BESS capacity in real-time. Therefore,
the operating costs of the BESS increase if the LEC provides
more flexible capacity.

Fig. 15 visualizes the power sold/purchased to/from the
upstream network. Positive values are related to the input
power while negative values show the output power exported
from the community. It expresses that the LEC of G1, G2 and
G3 sells a negligible amount of its capacity to its upstream
network, whereas in the case with no reserve provision,
the community is able to sell all of its production surplus
to the upstream grid. This is due to the fact that in Gl1,
G2 and G3, the LEC sold most of its production capacities
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FIGURE 15. The power traded between the LEC and the upstream grid.

for reserve provision. When it comes to the amount of energy
imported to the community, a short-term fluctuation for the
LEC of GI1 can be seen, owing to fulfilling its assigned
upward flexibility offers. These fluctuations occur in few time
slots during the early morning as well as from 21:00 to 23:00.
Similar fluctuations could be seen for the LEC of G2 in some
quarters during 22:00.

The SOC variation of the BESS for different cases is illus-
trated in Fig. 16. This figure explains that the participation of
the BESS in reserve provision leads to greater utilization of
the BESS. Comparing the SOC of the BESS for the LEC
of G1 and G2 with that of G3 points out that the higher
participation in reserve provision results in more variation
in the SOC and thus more deployment of BESS capacity.
In other words, the LEC of Glutilized a higher amount of its
BESS capacities and therefore experienced more fluctuations
in terms of its BESS’ SOC. In comparison, these fluctuations
decrease for the LEC of G2 and G3. In this manner, the case
with no reserve participation deploys the BESS’s capacity
only from 22:00 to 24:00. In the “No reserve participation”
case, the LEC does not take advantage of the charging capac-
ity of the BESS at all. Note that the minimum allowed values
of the BESS’s SOC and of its initial SOC were assumed to
be 0.2 and 0.5, respectively. Moreover, Fig. 16 shows that the
LEC utilizes the discharging capacity more frequently than
the charging capacity.

Finally, the number of EVs being charged in different time
slots is illustrated in Fig. 17, considering the studied cases.
The daily number of charging quarters for all of the EVs in the
considered day (i.e. Y ;Y , >, MEXm) is shown in TABLE 5.
This table explains how much the LEC utilized the charging
capacity of EVs. The results discuss the fact that the number
of charging EVs is greater in the case when the LEC does
not tend to provide reserve, and it decreases for the other
cases. The total number of charging EVs reaches its minimum
value for G1, since it had to provide higher upward flexibility
in most of the time slots, which leads to less utilization
of charging EVs’ (i.e. downward flexible capacity). In this
manner, LECs of G2 and G3 place in the middle rank in terms
of charging their EVs.
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TABLE 5. The daily total number of charging quarters for all EVs
considering different cases.

Case Study Daily number of charging quarters
Gl 57
G2 66
G3 66
No reserve participation 68

V. CONCLUSION AND FUTURE WORKS

This article deals with the optimal scheduling of an LEC
participating in the provision of mFRR services. The LEC
is considered to have shared assets, enabling it to con-
tribute to the reserve provision. The scheduling comprises
two stages. In the first stage, the ECMC seeks to determine
the offered flexibility which should be submitted to the BSP
in the day-ahead stage. In this stage, control parameters are
deployed so as to manage the degree of the BESS utiliza-
tion for offering the flexible capacity. In the second stage,
the ECMC aims to maximize the community’s real-time
profit for each hour. The real-time stage also takes into
account the assigned flexibility that should be provided in the
following four quarters and the activated flexibility during the
previous hour.

The proposed scheduling method was applied to a case
study, comprised of a hypothetical LEC with a PV sys-
tem, a BESS, EVs and several households as residen-
tial consumers. The paper utilized the structure of Finnish
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balancing energy and capacity markets related to mFRR
procurement for the simulation. Hence, the data regarding
reserve market prices, dynamic tariffs and solar power were
fully extracted from the related Finnish utilities (Finnish
TSO and DSO) and markets. The results demonstrate that
the control parameters chosen in the day-ahead schedule can
strongly affect the real-time profitability of the LEC. It was
also concluded that the cases in which the LEC utilized a low
capacity of the BESS in its day-ahead schedule were more
profitable compared to those cases in which the BESS capac-
ity was highly utilized. Moreover, the cases which deploy
lower capacity of the BESS were more profitable in compari-
son with the cases where the LEC did not participate in mFRR
provision. According to the simulation results, which were
based on input data extracted from the real-world reserve
markets, the participation in mFRR provision can be prof-
itable for the LEC as a distribution-network-located energy
resource. Hence, participating in providing mFRR ancillary
services not only helps the TSO, but also increases profits
for the LEC. However, the careful utilization of the BESS in
estimating the LEC’s day-ahead available flexibility is vitally
important in real-time profitability and the LEC’s optimal
real-time operation. Finally, this article could be expanded in
the future by analyzing the following directions:

a) LECs providing other types of flexibility services such
as FCR-N or FCR-D to the TSO.

b) The provision of flexibility from LECs in the most
recently introduced FFR market could also be consid-
ered as another important study.

c¢) Different kinds of FERs in energy communities such as
thermostatically controllable loads and thermal storages
could be analyzed for flexibility provision.

d) The TSO’s responsibilities related to calculating flexi-
bility needs and clearing each flexibility market (FFR,
FCR, FRRs) according to the calculated requirements.

APPENDIX
As mentioned in the simulation section, we utilized the same
approach as [37] to linearize (10), (11), (25) and (26). All of
these constraints are in the form of the following equation.
B, ifB>0
A= 37
0, else
In (37), A and B are two variables. In this case, an auxiliary
binary variable V is adopted and constraint (37) will be
replaced with the following constraints:

A<VM (38)
A<B+M(1-V) (39)
A>B-M(1-V) (40)
A>0 A1)

where M is a large number, which was chosen to be 10000
in our problem. In this manner, if B becomes negative, V and
A equal 0. Otherwise, V is equal to 1 and A is equal to B,
accordingly.
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1 INTRODUCTION

In recent years, approaches towards energy transition and sustainable development have been
ever-increasing due to the need for mitigating climate change issues and the efficient utilization of
existed energy resources. With this regard, state-of-the-art technologies and infrastructures along with
active operation and control of different energy resources would become crucial. Amongst all energy
resources, microgrids (MGs) are believed to be one of the highly potent resources to deal with the
issues of electrical systems. In other words, active operation and control of MGs in which there exist
different kinds of demands and energy resources (e.g. energy storages, micro-generation units, etc.)
would be beneficial not only for MG stakeholders in terms of cost-benefit efficiency but also for

power system operators in terms of MGs’ contribution to grid’s flexibility.

In order to unlock the active utilization of MGs, cutting-edge technologies along with efficient
infrastructure are a necessity. These technologies together in communication with the MGs’ energy
resources are known as energy management system (EMS). EMSs are intelligent automated systems
that contribute to, for instance, lowering/shifting energy consumption in critical moments along with
a reduction in the MGs’ costs. Although the utilization of EMS might consider other objectives such
as CO2 emission reduction or self-sufficiency, they mostly employ optimization techniques either as
single-objective or multi-objective approaches. EMSs can also enable either the bidirectional energy
exchange with the network in grid-connected mode, or stand-alone operation of MGs in islanded-

mode.
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In this chapter, the focus of the study is on the MGs equipped with EMS. There have been
introduced several approaches to the energy management of MGs. However, in most of them,
economic aspects, i.e. cost reduction, are the top priority desire of the problem from the MG
stakeholders’ point of view. This could be done in different ways. On the one hand, reducing the total
costs of the MGs by maximum utilization of self-production facilities (PV panels, wind turbines, etc.)
as well as changing the energy consumption over time from peak hours to off-peak hours during the
day. On the other hand, exploiting MGs’ flexibility so as to help the upstream grid in critical moments
for monetary profits in return. Accordingly, the authors first present an introduction to flexible energy
resources (FERs) in MG along with their characteristics in Section 2. Afterward, the MGEM
modeling approaches are widely presented in Section 3. In this section, first, the different kind of
management method deployed in the MGs are illustrated. Then, various objectives for energy
management in MGs will be introduced. Regarding this section, we introduce a number of approaches
based on well-known optimization algorithms considering different MG-related as well as grid-
related constraints. Microgrids’ constraints are related to the physics and limitations of the MG’s
resources whilst the constraints of the grid are related to the limitation of energy exchange with the
upstream grid (e.g. congestion management, emission reduction and/or energy loss reduction).
Moreover, the application of the MGEM system in MGs with FERs such as energy storages, electric
vehicles (EVs), and thermostatically controllable loads (TCLs) which exchange energy and flexibility
with the grid will be discussed as well which is followed by the flexibility services that MGs could
provide to the different levels of power system. Finally, the chapter will be summarized and

concluded in Section 4.

2  FLEXIBLE ENERGY RESOURCES IN MICROGRID

There could be various types of energy sources in MGs. They might be supplied by either fossil fuels
or renewable sources such as wind, solar, etc. [1]. Fig. 1 depicts the most common energy resources
in MGs. In general, any energy resource that is located in the MG’s demand-/generation-side, and
enables the MG’s reacting to the needs, could be defined as flexible energy resources. However, based
on the amount of flexibility, these energy resources could be divided into two main categories namely

high-flexible energy resources and low-flexible energy resources.
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Fig. 1. An overview of microgrids’ energy resources

The low-flexible energy resources in the MG consist of renewable generation units which their output
power is not fully controllable. This originates from the fact that renewable energy sources such as
wind, solar radiation, etc. depending on meteorological conditions. In certain situations, the only way
to take action for low-flexible energy resources is to curtail their generation from MG’s generation

side. Therefore, in MGEM systems, they could be entitled to low-flexible energy resources.

On the contrary, there might be some flexible energy resources in MGs which could help to increase
the flexibility of the MG. These types of energy sources could be entitled to high-flexible energy
resources. The high-flexible resources could be utilized either in demand-side or generation-side of
the MG. In other words, they might be among the consumers’ assets, consumers’ load, or as a part of
a bulk PV system. Having employed the high-flexible energy resources in MGs, the MGEM system
could take advantage of them to enhance the flexibility of MG by the active utilization of these
resources. Therefore, the focus of this section is on the high-flexible energy resources in MGs. In the
following subsections, the explanation about the characteristics of the high-flexible energy resources

in MGs is presented.

2.1 Storage-based Flexible Resources

The storage-based FERs refers to the devices that could store the energy in different shapes (i.e.
electrical, thermal, mechanical, etc.) in order to utilize it when there is a shortage or in critical
moments. Energy storages could help the MGs to enhance their flexibility by injecting the power
back to the MG, especially in islanding situations. Storage-based energy resources could be mostly
categorized as electric vehicles, battery energy storages, thermal energy storages, flywheels, fuel
cells, etc. In the following subsections, the most common storage-based flexible resources are

illustrated.
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2.1.1 Electric Vehicle (EV)

Electric vehicles as one of the ever-increasing types of flexible energy resources in future smart grids
are believed to be among the potential solutions to systems’ flexibility. These FERs are adjustable,
shiftable, and fast-response which could considerably enhance the MG’s flexibility in flexibility
services provision. Moreover, EVs could be charged when the prices are at the lowest level meaning
that they could be contributing to the cost-reduction target at all system levels. Although the EVs act
as the load consumption when they are in charging mode, the recent version of EVs with new charging
facilities makes the EVs capable of injecting power back to the grid (i.e. vehicle-to-grid mode) when
it is needed. The equations related to the EV’s operation are defined as follows. Eq. (1) presents the
energy stored in the EV’s battery at time ¢:
(n°"PERAt  charging

dis

Et=Ei_1+ At discharging (D

_t

pdis
k 0 unplugged
Where n"/n®S are the charging/discharging efficiency and Pf"/P#S are the power of
charging/discharging, respectively. At is the duration time at which the EV is being charge or
discharge. According to this equation, the energy of EV’s battery depends on its current level of
energy as well as its current mode of charging. The EVs’ battery are mostly chosen from Li-lon
technology batteries since they are highly efficient compared to the other types of batteries. However,
the capital cost of these batteries is nowadays high. Therefore, it is recommended to restrict the lower
and upper levels of the battery’s stored energy in MGEM systems. This restriction could be
considered as a constraint in MGEM problems as in (2) which helps to reduce the number of charging

or discharging cycles over a time span.

E™" < E, < E™eX )

0 < P¢M, pAis < pmax 3)
Another constraint related to the EVs’ battery could be found in (3). This one similarly helps to limit
the charging/discharging power of the battery to avoid the battery from early depreciation. Note that,
in order to take advantage of flexibility provision by EVs, the EVs, as well as the charging facilities,
must have the capability of working in the vehicle-to-grid mode.
2.1.2 Battery Energy Storage (BES)

Battery energy storages are one of the best solutions for future smart grids. They could be centrally

controlled, they have very rapid response, and also they could be useful in remote local energy
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systems, islanded MGs, or in power shortage situations. Moreover, they could effectively help the
grid in terms of stability, resiliency, and flexibility. BESs could be found in different sizes, from
domestic level to MG level or even grid levels. There have been introduced several materials used in
manufacturing BESs such as Li-lon, Vanadium Redox Flow, etc. The equations related to BES are
similar to those mentioned in the previous subsection. However, all the BESs support the bidirectional

power flow since they are meant to be discharged when it is needed.

2.1.3 Thermal Energy Storage (TES)

Thermal energy storages are used to store the thermal energy and utilized it when it is required. These
storages could be beneficial in MGEM systems in order to store the heat in off-peak low-price times
over night for using in high-price moments. The heat might be coming from combined heat and power
(CHP) units, the waste heat from biomass/biogas units, or the exhausting heat from industrial units.
They can be also beneficial not only for storing heat in summers but also for preserving the cold in
the winters and reverting it to the MG’s facilities in summers (i.e. seasonal TES). Thermal storages
could be various in size and also in response time. Table I presents the typical types of thermal

storages with their characteristics [2].

Table I. The typical types of thermal storages with their characteristics

Technology  Capacity (kWh) Power (kW) Efficiency (%) Cost (€/kWh) Storage Time

Sensible 10-50 1-10000 50-90 0.1-10 days-month
Phase-change 50-150 1-1000 75-90 10-50 hours-month
Chemical 120-250 10-1000 75-100 8-100 hours-days

2.1.4 Flywheel

Flywheel is a mechanical energy storage which consists of a rotational part and other facilities for
connecting to the system. In charging mode, flywheel is speeding up to its nominal rotational speed
and store energy as kinetic type. Afterward, the stored kinetic energy is preserved in standby mode.

When energy is required, the flywheel starts to discharge the stored energy back to the grid [3].
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Fig. 2. Flywheel storage utilization in a hybrid grid-connected MG

Fig. 2, depicts a flywheel storage utilization in a hybrid grid-connected MG. In order to calculate the

energy of a flywheel storage the following well-known formula is [3]:

1
E= Emrzwz (4)

In (4), E is the kinetic energy stored in the flywheel and m, » and w are the mass of cylinder, radius

and rotational speed, respectively.

2.1.5 Fuel Cell (FC)

Fuel cell (FC) as another high-flexible energy resources could also be utilized in MG applications.
FCs can produce electricity by converting the chemical energy originating from hydrogen-oxygen
reactions into electrical energy. The capacity of FC could be different based on their applications
from 100 kW to 100 MW [4]. In solid-oxide FC, for example, anode supplies hydrogen and
catalytically split it into a number of protons and electrons. The electrons are then flowing towards
the positive side (i.e. the cathode) by flowing through the external circuit. The oxygen then reacts
with the protons and also the electrons flowing in the circuit, forming water formula [5]. Solid-oxide
FC can operate in parallel with MG’s PV panels, meaning that it can be integrated with solar power
as a hybrid PV system since they can store the produced energy for hours [4]. Therefore, in the night
time, when PV panels cannot produce electricity, the FC could be employed to supply the demand.
This could help the MG to have the flexibility to reduce the power exchange with the connected grid
aiming at a generation cost reduction or provision of flexibility to the grid for monetary profits in

return.

2.2 Demand-based Flexible Resources

The demand-based FERs refers to the devices that only consume energy. In residential MGs, for

example, they might be found in the residential home appliances [6]. In other types of MGs, they
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might be in the shape of an industrial unit’s demand or a commercial building’s load. In general, all
the devices in demand-side that their consumption power could be controlled, are considered as
demand-based FER. Since a great number of demand-based FERs are widely being utilized in
residential/commercial units, it would be beneficial for MGs to unlock the flexibility that could be
emerged from these resources. Thereby, the demand-based FERs in the consumers’ premises that are
capable of controlling, changing, or shifting are at the center of attention for MGs’ manager/operator.
Note that, the demand response programs [7] could be a key factor for incentivizing small-scale
consumers in MGs for flexibility provision. In the following subsections, some of these demand-

based FERs that could enhance the flexibility of MG are presented.

2.2.1 Thermostatically Controllable Load (TCL)

Thermostatically controllable loads refer to the loads that their power consumption could be adjusted
by sending command signals to their thermostat. These loads have a great portion of the total demand.
In summers, the power consumption is used for cooling whilst in winters, the power consumption is
utilized to heat the internal spaces of houses, offices, etc. For instance, electric water heaters (EWH),
heating, cooling, air conditioning systems (HVAC), and refrigerators could be categorized in TCLs.
These appliances are closely intertwined with the thermal comfortness and other consumers’
preferences. Therefore, in MGEM systems, in addition to the operational constraints of appliances,
the constraints regarding TCLs must also be considered. One of these constraints is thermal comfort

of the users for HVACs and EWHs which could be found in (5)-(6):
o™ < Oy < O (5)

w,min w w,max
0; <0 <0, (6)

Where Qimi" and 0]"** are the minimum and maximum desired temperature requested by user i,
respectively. 6;™™ and 6" are the minimum and maximum desired temperature of hot water
requested by user i, respectively. Finally, 6; . and 6" is the interior and hot water temperature of user

i, respectively.

In order to unlock the flexibility from TCLs in an MG, they must be aggregated. Aggregating several
TCLs in an MG could help to reduce or increase the power consumption in certain moments for the
provision of upward or downward flexibility services to the connected upstream network. However,
it is worth mentioning that the response time of some TCLs is a bit low. Therefore, they might not be
suitable for all kinds of flexibility services but still beneficial for those services that have a slow

activation time.
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2.2.2 Shiftable Load

Shiftable loads are those that their consumption power cannot be controlled, however, the operating
time could be shifted from high-price to low-price hours. These loads also need to work for a constant
cycle and they could not be disconnected once they started which means shiftable loads must run a
cycle completely. Therefore, the MGEM system can only schedule the related start time. Dishwasher,
washing machine, and clothes dryer, as the devices which might be found mostly in residential
households in the MG, could be grouped in shiftable loads’ category [8]. A MG operator could take
advantage of shiftable loads for energy scheduling during a day considering the consumers’

comfortness constraints.

2.2.3 Curtailable Load

The power consumption of curtailable loads could be adjusted, usually without any significant effect
on consumers' comfortness. These adjustments limit the energy consumption of devices by changing
the settings thorough a command signal, without any consequences. As an example, lighting devices

could be curtailed by a command during the day or as an automated function of natural daylight [8].

2.3 Fuel-based Flexible Resources

The fuel-based FERs are those that could be categorized in the generation side. Naturally, these FERs
produce power by using fossil fuels as input energy sources. However, their output generating power
could be regulated according to the system’s needs. The output power generation of fuel-based FERs
could be adjusted by changing the amount of intake fuel. Therefore, these FERs could contribute to
increasing the MG’s flexibility. Although these resources could not be categorized as a totally
sustainable energy resource, their power production could be controlled in critical moments for
flexibility provision targets. In the following subsections, a brief overview of the most important fuel-

based FERs are provided.

2.3.1 Combined Heat and Power (CHP)

The most famous fuel-based flexible resource in MGs is combined heat and power (CHP) unit. A
CHP unit is generally a power generation unit which combines the heat production with electricity
generation. CHPs could be regarded as a decentralized distributed generator located at the MG level.
This DG has the ability to produce heat and electricity simultaneously which could be beneficial in
increasing the efficiency and flexibility of the MG. The exhausted heat from the power generation
cycle in the CHP could be utilized to provide the required energy for the heating load as well as hot
water within the MG internal network. In the MG level, the size of the CHPs depends on the size of
the MG which could be found up to 20 MW. CHPs, however, could also be installed in customer-
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level applications with a maximum capacity of 15 kW [9]. Although the energy efficiency of the CHP
unit can be assumed to be constant, the CHP unit’s efficiency practically differs with dynamic
operation due to the variation of output power. This could help the MGs to enhance their flexibility
or providing flexibility services to the upstream grid. Note that, ramping constraints need to be
considered in MGEM problems since the CHP unit requires some time to reach the steady-state

condition after changing its set point [10].

2.3.2 Diesel Generator (DiGen)
Diesel generator as one of the fuel-based FERs could be beneficial in MGEM. This FER may be

utilized when there is a power shortage in the MG. They could also be considered as flexibility sources
when upward flexibility is needed from the upstream network. However, the sizing of the diesel
generators in the MG is quite crucial since the ramping rate of the generator should be adequate for
fulfilling the MG’s/network’s need. In fact, diesel generators play a quite important role when, for
example in an islanded MG, the power generation is not enough and the energy storages are almost
discharged. Therefore, these FERs are also called backup units in local energy systems. They could
be different in size from 5 kW to 5 MW or more. The equation regarding fuel consumption of the
diesel generator can be calculated from (7) that should be considered in MGEM optimization

problems [11].
Cost = ¢; X PP¢ + ¢, x P™ (7)

In (7), PP¢ and P™ is the produced power and the nominal power of the generator, respectively. ¢;
and c, are the coefficients related to fuel consumption’s curve which typically considered ¢; = 0.246

1/kW and c, = 0.08145 I/kW, respectively [12].

3 MODELLING THE MICROGRID ENERGY MANAGEMENT

Microgrid, as one of the potential solutions to the future smart grids, usually confronts the lack of
power generation. This is due to the variability and intermittency both from generation and demand
sides [13]. Energy management methods have been believed as one of the solutions to this issue. The
most important target of energy management is to find the optimal operation point of different kinds
of energy resources in order to supply the requested demand constantly and efficiently [14]. It should
be mentioned that the main objective of these studies is reducing consumption costs whilst taking
advantage of the MGs’ flexible capacity for the provision of energy and flexibility services. However,
there might be various approaches and tools towards this target. Before discussing the MGEM tools

and techniques, the MG management methods are briefly illustrated in the next subsection.
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3.1 Microgrid Energy Management Methods

The approaches toward the control and operation of MG resources as well as dispatchable loads are
known as MG management methods. These management method could be deployed by having an
agreement between the MG operator and the MG’s members/stakeholders. The microgrid energy

management (MGEM) could be defined in two perspectives [15]:

1) Decentralized energy management
2) Centralized energy management

3) Distributed energy management

In decentralized MGEM, the control and operation of FERs located at the MG have more degree of
freedom. This means the FERs’ adjustability in this management method helps more to meet the
preferences of the stakeholders/consumers. In centralized MGEM, however, a central controller
decides how the FERs and generation units should be operated. It has to be mentioned that in both
centralized and decentralized management methods, the technical constraints of the MG must be
taken into account. The most important constraint would be the balance between load and production

within the MG [16].

Distributed MGEM as another management method in MGs is presented in the literature as well. This
type of management method is mostly based on game-theoretic approaches. In distributed MGEM,
game players, as the agents in the MG, seek the best management method for their own objectives

taking into account the overall goal of the MG regarding energy management considerations [17].

Having mentioned the above approaches, the MGEM problems generally aim at scheduling the
operation of generation units, storage systems, and even controllable loads in the MG [18]. These
problems have been presented with various objectives. In the following section, some of these

objectives with the related considerations are elaborated.

3.2 Microgrid Energy Management Objectives

3.2.1 Cost Reduction / Profit Maximization

One of the most important objectives of energy management is reducing the total operation cost of
MGs’ components. This operational cost includes, for instance, the fuel cost, cost of purchasing
energy from the grid, degradation cost of battery energy storages, etc. [19]. The cost reduction in an
MGEM could be over different time spans from real-time to daily, monthly, or even yearly periods.
However, energy management sometimes might be defined for real-time operation. In this case, the
real-time operational cost of MG is the objective of the problem. Accordingly, the generation and

demand as well as the scheduling of the FERs should be in a way that the overall cost of the MG
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tends to be minimized in real-time [20]. Accordingly, the MGEM system is in charge of scheduling
the generation and flexible loads so that the total cost of energy purchasing from the grid as well as

the operational costs of the DGs become minimized as in (8).

min CostM® = ¥, (CostEN + ¥, Cost®Ct + ¥, Cost®™ i + 3. Cost™* 8
t J t J k

Subject to: Constraint {DGs, FERs}

In (8), CostEN is the cost of purchasing energy from the grid at time ¢. Accordingly, the total temporal
operational cost of DGs, BESs and degradation cost of EVs that must be paid to the EV owners for

vehicle-to-grid contribution, are Y,; C ostfci, %;C osthsf and }; C ostiv" , Tespectively.

This objective could also be considered in a different shape which says the MGEM objective is to
maximize the total profit of the MG instead of operational cost. The monetary profit for a MG mostly
comes from selling energy to the grid or providing flexibility services to balancing responsible parties.
Accordingly, the objective function of the MG could be defined considering the following

formulation:
max ProfitMG = zt(Pge”/lgell - Ptbuy/llt’uy - Cost@”c) (9a)
max  ProfitMé = ¥, (F'P4” + FAmaf" — PENAEN — Cost®)  (9b)
Subject to: Constraint {DGs, FERs, Grid Limits}

Eq. (9a) indicates the objective function of MGEM problem for a grid-connected MG which only
exchange energy with the grid while the (9b) presents the objective for a flexibility provider MG. In
(92)-(9b), PSe" and A$¢" are the exported power to the grid and the price of selling to the grid,
respectively. Ptbuy and Afuy are the imported power from the grid and the price of energy to the grid,
respectively. F? and Ff™ are the upward and downward flexibility provided to the network,
respectively. A;Pand A¢™ are the price of upward and downward flexibility, respectively. PENand AZV
are the quantity and price of purchased energy from the grid, respectively. Finally, Cost!C refers to
the total operational cost of the MG which includes degradation cost of energy storages, EVs as well
the operational cost of generation-side resources. Note that, in both definitions, the constraints related

to the operational consideration of the assets as well as members’ comfortness must be taken into

account in MGEM problem.

3.2.2 Self-sufficiency

One of the important targets of MGEM in MG is self-sufficiency. A MG is self-sufficient when there

is a balance between the generation and consumption within the MG. In other words, the power
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produced by the MG’s resources could fulfill its demand over a period of time. This objective
becomes pivotal mostly when an islanding situation is predictable since, in that case, the MG becomes
disconnected from the grid and the stability of the MG becomes critical. The MGEM with an objective
of self-sufficiency could be tackled by reducing the peak demand, load shedding as well as
discharging the storage-based flexible resources. In this way, based on the level of emergency, the
MGEM should define a priority for the utilization of fast-response FERs located in the MG. However,
this objective could have other targets inside itself. For example, the self-sufficiency of MG in
moments at which the renewable energy resources have production and the energy storages have a
sufficient level of charge could be deployed to reduce energy purchasing from the grid. Therefore,
fewer greenhouse gases emission as well as cost reduction could also be considered as the results of
self-sufficiency objective. The objective function regarding the self-sufficiency in MGEM systems

must satisfy the following constraint:

GM¢ > pM¢ (10)
. dis;
GHC =X B+ X (11)
. ch;
DME = PPL+ %P+ 3 B (12)

In the above equation, GMC is the MG total generation and DM is the MG total demand at time . In

(10)-(12), the PtDGi is the production of DG i at time z. PEX and PtFLi are the baseline load and power

. . . . . dis; R . .
consumption of flexible load i in the MG at time ¢, respectively. P, I and Ptc 7 are the discharging
and charging power of storage-based resources j at time ¢, respectively. It has to be mentioned that
the other constraint regarding the simultaneous charging/discharging limitation and the operational

constraints of DGs also must be taken into account.

3.2.3 Flexibility Provision

As the traditional power systems have been experiencing a fast and vast transition to the smart, local,
and decentralized ones, the flexibility services concept has been introduced in order to cover the
whole system-related issues. In this light, MGs as the local energy systems is believed to be a suitable
choice in providing local and system-wide flexibility. Flexibility services could be provided by MGs
through the effective utilization of FERs and also distributed energy resources in MG by using
MGEM systems. However, before mentioning the flexibility services provision by the MGs, the
definition of flexibility in an electrical system should be clarified. A comprehensive definition of the
flexibility of electrical systems could be the ability of the system to adjust its operating point

continuously and also to resist the predicted and unpredicted differentiations happening in operating



184 Acta Wasaensia

conditions. Accordingly, a flexible electrical system must adapt to the possible changes both in
generation and consumption in a temporal manner [21]. Therefore, another possible objective of
MGEM might be providing flexibility services by MGs to the connected upstream networks. These
services could appear in different shapes. An overview of the flexibility services (e.g. in Nordic

countries [22]) that MG can provide to other entities are presented in Fig. 3.

Fast Frequency Reserve

(FFR)
TSO-level Frequency Containment < FCR-N
(System-wide) Reserve (FCR) FCR-D
Frequency Restoration < aFRR
Flexibility Reserve (FRR) ERR
Services
Voltage
Regulati
DSO-level SAEUE
(Local) Congestion
Management

Fig. 3. An overview of the flexibility services (in Nordic)

3.2.3.1 TSO-level Flexibility Services

The transmission system operator is the responsible party for TSO-level balancing issues which could
be addressed by the contribution of all system-level flexible resources, e.g. MGs. There are three
types of services that local energy systems can contribute to flexibility provision to transmission-level
needs, which are fast frequency reserve (FFR), frequency containment reserve (FRR), and frequency
restoration reserve (FCR). TSO-level flexibility services have been the conventional generation units’
responsibility. However, recently and more increasingly in future power systems, MGs as the potent
sources of flexibility, would be among the flexibility service responsible parties. Depending on the
size of grid-connected MGs and the flexibility needs of the upstream entities, MGs could contribute
to one or more specific flexibility services in singular or aggregated manners. The TSO-level
flexibility services (e.g. in Finland [23]) with their characteristics are summarized as in the Table I1.

The flexibility services in this table are categorized as reserve product services [23].

Table II. The characteristics of the Nordic flexibility services

Service FFR (W) FCR-D FCR-N aFRR mFRR

o In very low-inertia  In big frequency Always In certain Incidents/imbalances
Application o . . . .
situations deviations in use hours of balancing parties
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Activation 1 sec. Less than 1 min. 1-5 min. 5 min. 15 min.

Min. Bid Size Not defined yet 1 MW 0.1 MW 5 MW 5 MW

+ FFR: The FFR service as the recently introduced flexibility service in Nordic will be utilized in
extremely low-inertia situations when there are 0.5 Hz frequency fluctuations. The maximum
amount of FFR services need in Nordic is estimated 300 MW.

# FCR-D: The FCR-D service is needed in huge frequency deviations which at least 50% of it
needs to be activated in 5 seconds and the rest is required to be activated in 30 seconds. The
system’s need in this service is only for under-frequency situations (i.e. increase in generation or
decrease in demand)

# FCR-N: The FCR-N service is for normal operation of the system and is being activated all the
time. The system’s need in this service is only for both under-frequency and over-frequency
situations (i.e. increase/decrease in generation or demand). Note that, this service is symmetrical
which means the flexibility providers like MGs must be able to provide the flexibility needs
equally for upward and downward flexibility.

+ aFRR: The aFRR service is activated when . In this service, unlike FCR, the asymmetrical bids
are also accepted which means the upward and downward flexibility bids could be submitted
separately. Note that, the activation price to the service providers will be paid according to the
price of balancing energy market.

+ mFRR: The mFRR service is activated manually in 15 minutes. Bids are needed to be delivered
45 minutes prior to activation hour. In this service, like aFRR, the upward/downward flexibility
bids are being submitted separately. Note that, in this service, the prices are constantly greater

than day-ahead energy prices so that it is quite beneficial for flexibility providers like MGs.

3.2.3.2 DSO-level Flexibility Services

There are two types of flexibility services that are introduced in the electrical systems namely voltage
regulation and congestion management in which MGs can contribute as DSO-level flexibility
providers. Voltage regulation services could be provided by MG’s power electronic devices like
FERs’ converters and also by injected active power control through the point of common coupling
(PCC) with the distribution grid. The power electronic devices are able to control the reactive power
which is effective in voltage regulation applications. Similarly, congestion management services
could be provided by the mentioned FERs. In DSO-level flexibility provision by MGs, along with
the MG-related constraints, the distribution network’s limitations such as active and reactive power

and injected current should also be taken into account.



186 Acta Wasaensia

3.3  Microgrid Energy Management Tools and Techniques

There have been introduced various types of MGEM modeling techniques in the previous literature.
These techniques include the optimization approaches along with intelligence control tools such as
model predictive control, game theory methods, etc. In the following subsections, some of the most

popular tools and methods will be introduced.

3.3.1 Optimization Methods

The basic approach to energy management problems would be based on optimization algorithms.
This originates from the nature of the energy management since it is supposed to minimize or
maximize an objective depending on the targets of MG’s stakeholders as well as the method of asset
management [24]. There have been introduced many optimization techniques which could be
employed correctly depending on the type of the problem. In general, the optimization techniques
could be split into two main categories, convex and non-convex. Fig. 4, presents a general overview

of the proposed types of optimization problems [25].

Optimization Problems

Non-Convex Convex
‘ Discrete ‘ " Continuous ‘ Linear Nonlinear
Time Time (LP) (NLP)
Linear Nonlinear Nonlinear
(LP) (NLP) (NLP)

Fig. 4. General categorization of optimization problems

The type of optimization technique could be chosen correctly depending on the problem’s
characteristics. In MGEM, the type of problems mostly are convex or the problems are defined in a
way that they could be solved with convex techniques (i.e. convex relaxation). This is due to the fact
that the convex problems give better convergence compared to the non-convex ones [25].
Furthermore, there could be many uncertainties in MG operation due to the nature of MG
components. For instance, the intermittent renewable components such as wind turbines, photovoltaic
units, and on the top of them, the unpredictable demand could create the mentioned uncertainties [26].
These uncertainties, however, could be addressed by means of some well-known mathematical and

statistical techniques during the definition of optimization problems for MGEM. In order to analyze
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the impact of uncertainty of data, the following three types of optimization methods have been

proposed:

e Deterministic Optimization
e Stochastic Optimization

e Robust Optimization

Although the deterministic approach for defining an optimization problem could be beneficial for
comparing the results of the problem with other approaches, robust and stochastic optimization
solutions are believed as the most effective techniques in energy management problems which are

illustrated in details in the following subsections [27].

3.3.1.1 Deterministic Optimization

Deterministic problems are those that have a unique output for any kind of input [25]. As an example,
wind speed or solar radiation which are variable over a time span could directly affect the output
power of wind turbines or PV systems. Therefore, for different values of wind speed and solar
radiation, the power generation of these renewable units would change. However, the power
generation function of these renewable units could be defined deterministic meaning that, for any
wind speed and solar radiation, the output power of wind and PV units are considered as certain
values. This type of problem formulation would not take place in reality, however, there are some
applications for deterministic approaches. Furthermore, this method could be beneficial when the aim
is to have an idea about the overall operating points of the system in a certain condition. In MGEM
problems, there is some component in the system that has strong stochasticity (e.g. renewables,
demand, etc.) and could not be modeled as deterministic functions. Consequently, the other types of
optimization techniques (i.e. stochastic and robust) are usually recommended that will be introduced

in the following subsections.

3.3.1.2 Stochastic Optimization

In stochastic optimization, the problem of energy management could be presented by a statistical
objective function. In this light, the uncertain parameters of the problem such as the output power of
renewable energy units could be modeled as the well-known probability distribution functions. These
distribution functions might be different due to the difference in the nature of renewable sources such
as solar irradiation or wind power. They also might be different due to the uncertainties stemming
from the stochastic behavior of consumers such as the behavior of EV owners and the pattern of

charging their vehicles. However, all these uncertainties are can be considered as the most popular
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distribution functions since their sources mostly follow a predictable pattern. The general formulation

of a stochastic optimization problem could be found in (13):
min Zweﬂﬂ(w) F(X, a)) (13)
Xex

In (13), m(w) is the probability of scenario w, Q is the set of scenarios, y is the set of decision
variables. The function F(x, w) could be different based on the objective of the MGEM problem.
According to the stochastic optimization method, the main objective function of the problem could
be written as the sum of the objective function of each scenario multiplied by the scenario probability.
In this method, the value of uncertain variables in the system is considered by defining several
possible scenarios. Note that, for each scenario, a probability of occurrence should be considered in

a way that the summation of the probability of all scenarios must be equal to one as follow:

2om(w) =1 (14)
There have been presented a number of computational methods for generating the above scenarios.
Amongst these methods, one of the most popular scenario generation techniques is the Monte-Carlo
method which is widely employed in the literature [28]. The number of the considered scenarios for
the problem has a direct impact on the accuracy of the problem. In other words, by increasing the
number of these scenarios the result would be more accurate. However, a large number of considered
scenarios for the stochastic optimization problems could result in a huge computational cost. In order
to reduce the computational cost of solving, the number of scenarios should be reduced. Therefore,
one could use a mathematical method to limit the possible scenarios. For instance, the K-means
clustering technique is proposed in order to tackle a large number of scenarios [29]. In the following

sub-sections, uncertainty modeling methods for different sources of stochasticity are illustrated.

3.3.1.3 Robust Optimization

The robust optimization method was first introduced in 1973 [30]. This method has been introduced
and employed in many research as one of the most powerful approaches towards energy management
in order to act as an alternative for modeling the problems with uncertain parameters. The robust
optimization is employed when the energy management problems confront a limited amount of data
but at the same time several uncertainties. In this optimization method, unlike the stochastic
optimization with many possible scenarios, we consider only one scenario which means this
optimization does not need any kind of probability distribution function [31]. This scenario is
assumed to be the worst-case regarding the uncertain situations in the optimization procedure. In
energy management problems, the worst-case scenario is the one that is believed to have the most

severe outcome that happens in the real situation. In other words, in this method, it is assumed that
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the uncertain parameters are in their worst condition [30]. This could help to have a realistic paradigm
towards the occurring scenario and if possible, it could improve the results of the optimization in

comparison with stochastic methods [32].

In this method, the optimal result of the optimization has two features. First, less data is needed for
uncertain parameters here which means only minimum, maximum, and mean of the uncertain
parameter is required. Second, the optimal solution of the problem is feasible for all conditions which

could be quite beneficial in decision making.

Economic
Dispatch

Bidding Strategy in Robust Unit
Energy/flexibility - Optimization - Commitment

Markets

Energy
Scheduling

Fig. 5. Applications of the robust optimization

The robust optimization approach has many applications in MGEM such as bidding strategy [33].
These applications could be dealing with the uncertainty of renewable energy units’ generation,
consumers’ load, and energy/flexibility market prices. Fig. 8, provides a summarized overview of the

most important applications of the robust optimization techniques in MGs.

In general, the basic formulation of a robust optimization problem would be as follow:

min max C(x, w) 27)
XEXY wel

Where y is the set of uncertainties and () is the decision variables’ space [34]. In MGEM problems,
for instance, the robust optimization technique could be employed in order to minimize the cost
function of MG (i.e. C) while the baseline demand of the MG is at the highest possible value. In the

following subsection, the uncertainty characterization methods are presented.
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3.3.2 Uncertainty Characterization

3.3.2.1 Uncertainty of Wind Units

The uncertainty of the wind power units is due to the variable nature of wind speed in different
weather conditions. The uncertainty related to the generation output of wind power units has been
specifically studied in the previous works like [35], [36] and [37]. In order to model the uncertainty
of wind power production the well-known Weibull distribution function is proposed [36]. The

introduced formula of Weibull probability distribution function is as follows:

nk

fi() = (%) (E)H e () k,c>0 (15)

In (15), ¢ and k refers to the scale factor and shape factor, respectively. This distribution function
could be divided into N, scenarios in which the probability of occurrence of each scenario could be

defined and written as follows:

S

Ty = fso‘)"“fs(s) ds w=12,..,Ng (16)

In (16), the S,, denoted the wind speed of the scenario w. Accordingly, the output power of the wind,

PYT unit could be obtained by using the following equation:

0 0<S,<S;
pwr _ ) B(A+S,B + S2C) S;<S,<S, (17
P. S, <85,<S,
0 So =S,

The power generation curve of wind units could be found in Fig. 5.

A
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Fig. 6. Output power of wind units based as a function of wind speed

The generation of the wind unit directly depends on the wind speed in a specific time-step. In (17),

the constant values A, B and C could be achieved, for example from [38], and are related to the
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characteristics of the wind turbine. Note that, S;, S,, S;- and P. indicate the cut-in speed, cut-out speed,

rated speeds and rated power, respectively.

3.3.2.2 Uncertainty of PV Units

The uncertainty related to the photovoltaic units stems from the variable amount of solar irradiation.
Solar irradiation could be different from one location to another which results in the intermittent
generation of PV units. The amount of solar radiation is dependent on the weather temperature,
weather conditions, and the angle of photovoltaic panels. However, by studying the long-term
patterns of solar radiation, for instance, in a specific location, it can be realized that they mostly follow
a pattern. These patterns could be modeled as one of the most popular probability distribution
functions. The most utilized distribution that is being used to model the generation of PV units would

be Beta distribution [39]. This function is introduced as following equation:

a+1 _ B-1 T'(a+B) < <1- >
fa = {R (1-%) (F(a)l“(ﬁ)) 0<sR<1L;afpz0 (18)
0 otherwise
a= (ﬁ) B (19)
1—p2
= --p (20)

g

In (18)-(20), the parameters a and  denote the features of function which can be obtained by means
of (19) and (20), respectively [40]. The Beta distribution curve for different values of a and £ is
depicted in Fig. 6. The variable R refers to the solar radiation in kW/m?. Note that, the T refers to

well-known Gamma function.
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Fig. 7. The Beta distribution curve for different values of a and 8

In (19)-(20), the mean and standard deviation of solar radiation could be denoted by p and o.
Accordingly, the output power of the photovoltaic unit can be calculated using the following equation

[39]:

PPV = N, R (Ve — ky0.)Use + kB, — 25k,) (M) (21)

Voclsc
Where P™V is the power generation of PV system and the parameter N, refers to the number of panels
in the PV unit. R is the solar radiation at the location of PV unit. The constants k,, and k. are related
to coefficient temperatures of voltage and current, respectively. V., and Iy, denotes the respective
voltage and current in the maximum power point condition. V,. and I, refers to the voltage in open-
circuit and current in short-circuit conditions, respectively. 6, is the temperature of solar cells that
can be approximated using the following equation:

R(65,—20)

o5 (22)

Oc = Ogmp +

In (22), the term 6, is the ambient temperature of PV panels and 8,, is the temperature in nominal

operation condition.

3.3.2.3 Uncertainty of EV Owners’ Behavior

In order to model the uncertain behavior of EV owners, for example in an MG, a distribution function
is needed that could correctly represent the usage pattern of EVs. The most usual probability
distribution that is used to model the uncertainty of EVs is truncated Gaussian distribution function

[41], [42] and [43]. In the case of an MG, the EVs owned by the MG stakeholder,
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residential/commercial units, and/or a charging station could be considered in the uncertainty
modeling with single or multiple probability distributions. In this light, for every single EV, the initial
state-of-charge (SoC) and the availability of the EV in the understudy time horizon could be taken

into account.
SoC™ = fre(x, u5°¢, 65°¢, SoC™™, SoC"*) (23)

In (23), the SoC/™ is the initial SOC of EV i. u*°¢ and ¢5°¢ are the mean and standard deviation of
EVs’ SoC, respectively. SoC™™ and SoC™%* are the minimum and maximum possible SoC of EVs

in the MG. This equation could be utilized to generate the possible scenarios for initial SoC of the

EVs.

According to the above equation, the truncated Gaussian distribution that could be used for modeling
the initial SoC of an EV is depicted in Fig. 7 [44]. In this exemplary figure, the minimum and
maximum SoC for EVs considered 0.3 and 0.9, respectively. In Fig. 7, the value of mean and the
standard deviation are considered 0.5 and 0.25, respectively. The exact value of the parameters could

be estimated by studying the historical and regular patterns of EVs’ behavior.
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Fig. 8. Truncated distribution of EV’s SOC

Moreover, the most probable availability times of each EV have to be in hand for modeling the
behavior of EVs. This could happen by considering the historical plug-in and plug-out times of EVs
to the grid. Accordingly, the plug-in and plug-out times of EVs in the MG could be modeled with a
distribution function as follows:

24

out,max
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In (24), tii” and t?"* are the times of plug-in and plug-out by EV i, respectively. This equation could

be employed to generate several possible scenarios for plug-in and plug-out times of EVs in the MG.



194 Acta Wasaensia

3.3.2.4 Uncertainty of Flexibility Needs

In order to schedule and operate the MG in an efficient manner, the flexibility needs of the system
should be predicted in advance. The concept of flexibility needs refers to the amount of regulation
up/down needed for maintaining the system’s balance in a predefined bandwidth. In fact, the
flexibility need for a specific time is determined by the system’s operator by the time of activation.
However, the MG manager/aggregator should have the idea about the approximate values of
flexibility that are supposed to be assigned from the system’s operator. The flexibility need is always

uncertain due to its dependency on several factors that need to be modeled by stochastic methods.

In order to model the uncertainty related to the flexibility needs, one can deploy a probability
distribution function. It is obvious that the amount of flexibility need from the upstream grid that
needs to be activated has a value between zero and the assigned value by the MG. In other words, the
minimum activated amount of flexibility is zero when the MG is not supposed to provide any
flexibility for a time step, and in contrast, the maximum value of the activated flexibility by the MG
when the MG is supposed to provide the entire amount of assigned flexibility to the upstream network.
However, the MG aggregator must schedule the demand and generation in a way that provides all the
offered flexibility to the upstream network. With this regard, the activated amount of upward and
downward flexibility from the system’s operator could be modeled as uniformly distributed between
zero and its maximum value [44].

UF, . = f(x) = =5 0<x<FE"” (25)

Fy

DF,,, = f(x) = Fg% 0<x<Fin (26)

In (25) and (26), the UF,, ; and DF,, , are the upward and downward activated flexibility. E"" and

FA™ refers to the upward and downward assigned flexibility.

3.3.3 Model Predictive Control

Model predictive control (MPC) as a subfield of optimal control has several applications in electrical
energy systems operation and control, especially in the energy management systems. Generally, MPC
is a technique that makes a decision at a time through solving an approximate model over future
horizons. There might be many engineering problems where the model is not in hand. In the MPC
method, at least, an approximate model of the system is required. MPC is mostly employed to solve
a problem with stochastic parameters which is modeled by means of a deterministic approximation.
MPC might also utilize a stochastic model of the system in the future, however, the solution may be

hard to converge [34]. In this method, the actions about the future configurations are realized by
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making the decisions now. Alternatively, it might utilize sampled approximations for the future,

introduced as MPC in some literature, which are standard strategies in stochastic programming [45].

The overview of the MPC strategy for more clarification is depicted in Fig. 9. This figure states that

how the decision made by MPC at the current moment, could predict the optimal trajectory of the

system towards the future changes in the next time steps. This procedure will iterates every time step

until the controller find the best solution.

Past

=—{}— Reference
—[}— Measured
Predicted
——— Past Control
= Predicted Control

D/D/q Horizon
l = Step —+

t—2 t—-1 t t+1 t+2 t+3 t+k

Fig. 9. Model predictive control analogy

The MPC method is believed to be applicable in MGEM systems, especially when there are many

stochasticities within the MG. Some of the most important applications of MPC method in MGs could
be classified as follows [46]:

v

v

Providing an optimal solution to control the operation of MG’s FERs for different objectives
in MGEM systems.

Providing a control-based decision making to deal with the intermittency of consumers
(demand, EVs, etc.) as well as renewable energy resources (wind, PV, etc.) in the MGEM
optimization problems in order to tackle the stochasticity and randomness of these
components.

MPC is useful in handling some binary variables that need to be considered in MGEM
problem. This could be beneficial when the situation of some components (e.g. charging mode
of BESs, availability of EVs, ON-OFF mode of flexible loads) might possibly change and the
new decisions should be made based on the situation.

MPC could be beneficial in dealing with sudden changes in the MG where the new decisions
should be made based on the new situation to maintain the MG in its normal operating point.

This could help the MG to improve its degree of freedom in unusual conditions.



196 Acta Wasaensia

v" MPC is also helpful when a distributed management method is taken within the MG. In this
case, there might be several agents in the MG who make the MGEM problem complicated.

Hence, MPC is believed to be a suitable choice in dealing with such problems.

Despite the above advantages and usefulness of the MPC method, it might have a high computational
cost due to several optimization problems that need to be run in each time step over a horizon. More
information regarding different types of MPC formulation can be found in [46]. In the following

subsection, a brief overview of the game-theory application in MGs are presented.

3.3.4 Game-theory

Another potential approach to MGEM problems is game theory. Game theory is believed to be among
potential techniques in the operation of MGs due to the capability of enabling distributed management
for MGs’ resources [47] [48]. In order to implement a MGEM problem as a game theory problem,
the resources located at the MG could be considered as game participants. Despite the game theory’s
shortcomings in problem convergence, it is still a good choice for multi-agent-based decision making

studies.

Game theory has many applications from the energy industry to economic studies in complex
systems. In general, its concept refers to mathematical techniques that model the interaction between
multiple decision-makers [49]. The choice of one decision-making entity could affect the choices of
the other entities. One of the applications of game theory could be in distributed management of MGs.
In order to implement a MGEM problem as a game theory problem, the resources located at the MG
could be considered as game participants. The following four steps should be taken for a game-

theoretic problem:

a) Defining players of the proposed game
b) Defining the individual and overall goal
¢) Dealing with the coupled constraints

d) Finding the Nash equilibrium

Game theory methods could be split into two categories: cooperative game and non-cooperative game
[50]. A cooperative game is the one with a number of entities in which the main goal of these players
are in-line with each other. In contrast, the non-cooperative game refers to a game in which the entities
are in conflict with each other and they try to act independently regarding their goals [51]. However,
the choice of the suitable game-theory approach for MGEM problems directly depends on the method

of MG management and the agreements between MG operator and members.
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4 SUMMARY AND CONCLUSION

The MG is an autonomous or semi-autonomous system that consists of DGs, RESs, FERs as well as
dispatchable loads working together which are able to operate in both grid-connected and islanded
mode. MGs as the potential sources of sustainability are designed to expand the decentralization goals
along with cooperation with the whole system toward flexible electrical energy systems. However,
the increasing penetration of renewable sources and the decentralization in either MG or system-level
networks have resulted in several stability and resiliency issues. Consequently, the EMSs are
proposed to efficiently control and manage the operation of all energy resources locate in generation-
side and demand-side so as to deal with the stochastic outcomes of a deregulated system. Moreover,
the smart power systems in the future will confront several uncertainties due to the very low-inertia

situations which must be addressed by the EMS as well as the novel control techniques in advance.

In MG concepts, the EMS also could play a pivotal role in dealing with the aforesaid issues since
they could be employed to satisfy several objectives in operation and control of the MG. The EMSs
could also be beneficial in providing different kinds of services to the national or regional grids.
Accordingly, MGEM systems could be designed and planned carefully so that they can take into
account all the individual or environmental constraints and limitations of consumers’ electrification.
Hence, in order to have an efficient and synergetic contribution by MGs, the MGEM problems should
be defined by problem formulations in which all the uncertainty, stochasticity, restrictions, and also

monetary payback for its stakeholders are considered precisely.

Different types of optimization formulations were used for the MGEM problems. Most of them
focused on minimizing MG's operating costs such as fuel costs, maintenance costs, and the cost of
imported energy from the grid. These optimization techniques could be categorized based on their
optimization types, objective functions, constraints, and also tools that are utilized to solve MGEM
problems. The most popular ones include stochastic and robust optimization techniques. Furthermore,
there have introduced some tools such as model predictive control, intelligent techniques, and game-

theory in order the make the MGEM more efficient and predictable.

To sum up, the utilization of MGs equipped with the MGEM system could be a potential solution to
future power systems issues. The control and optimization techniques in MGEM system enable the
active and sustainable utilization of energy resources. These energy management systems could help
to enhance the flexible utilization of energy resources as well as the flexibility of the whole power
system by providing different types of balancing and ancillary services. However, in order to make
the most out of these MGEM plans, the smart selection of control and optimization trajectories are of

the necessity.
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ARTICLE INFO ABSTRACT

Handling Editor: Neven Duic This paper develops a two-stage model to site and size a battery energy storage system in a distribution network.
The purpose of the battery energy storage system is to provide local flexibility services for the distribution system
operator and frequency containment reserve for normal operation (FCR-N) for the transmission system operator.
In the first stage, the priority is to fulfil the flexibility needs of the distribution system operator by managing
congestions or interruptions of supply in the local network. Thus, the first stage allocates the battery to ensure
reliable electricity supply in the local distribution network. The minimum required size of the battery is also
determined in the first stage. The second stage optimally sizes the battery energy storage system to boost the
profit by providing frequency containment reserve for normal operation. The first and second stages both solve
stochastic optimization problems to design the battery energy storage system. However, the first stage considers
worst-case scenarios while the second stage utilizes the most probable scenarios derived from the historical data.
To validate the proposed model, real-world data from the years 2021 and 2022 in Finland are employed. The
battery placement is conducted for both the IEEE 33-bus system and a Finnish case study. The profitability of the
model is compared across different cases for the Finnish case study. Finally, the paper assesses the impacts of
cycle aging on the battery’s total profit.

functioning as a flexible energy resource, can provide support for the
power system frequency, offer local voltage and congestion manage-

1. Introduction

Future power systems will face challenges because of the increasing
amount of intermittent renewable-based power. In addition, more un-
certain demand is added to the system due to the huge electrification in
different sectors such as transportation sectors. On one hand, power
system operators require more flexibility to deal with the growing un-
certainties arising from renewable distributed energy resources (DER)
within the system. On the other hand, they can benefit from the flexi-
bility of DERs and take advantage from their potent flexibility to operate
distribution and transmission networks.

1.1. Motivation

One highly flexible DER is rapidly controllable battery energy stor-
age system (BESS). The European Association for the Cooperation of
Transmission System Operators for Electricity (ENTSO-E) has intro-
duced batteries as fast and versatile resources that are capable of
providing ancillary services to both DSOs and TSOs [1]. A BESS,
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ment as well as back-up power during supply interruptions at different
voltage levels. With the help of a BESS, DSOs can actively control the
active and reactive power flows in their network to manage congestions
and avoid violation of voltage and thermal limits. Beyond its services for
local networks, a BESS can assist TSOs with frequency regulation ser-
vices. It exhibits the ability to rapidly respond to frequency deviations,
enabling participation in frequency service markets for profit. Conse-
quently, both TSOs and DSOs can employ BESSs as flexible energy re-
sources to enhance the efficiency of their network operations.

Nevertheless, thorough ex-ante analyses are required before buying a
BESS. The BESS should be sized in a way that the revenue obtained from
the BESS must outweigh its capital and operational costs. Besides, the
BESS needs to be sited optimally if it aims to help with the operation of
the distribution network.

1.2. Literature review

The existing literature tried to address BESS citing and sizing with
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Nomenclature market [€/kWh]
8% Up regulation price [€/kWh]
Abbreviations 789" Down regulation price [€/kWh]
BESS Battery Energy Storage System nde Day-ahead spot market price [€/kWh]

DSO Distribution System Operator

FCR-N  Frequency Containment Reserve for normal operation

PoC Point of Coupling

SOC State of Charge

TSO Transmission System Operator

Sets

t Timeslot [hour = h]

nn cn Nodes Candidate node

s Scenario

q 3-min time slot

j Partition used in piece-wise linearization

Constants

NBESS The maximum number of BESSs

Eeel Energy capacity of the battery cell [kWh]

I,'l”ﬁx Maximum permissible current that can flow between
nandn [A?]

Npar The number of partitions

NNLS1/52 The number of net loads’ clusters in the first/second stage

N52 The number of clusters for positive frequency deviations in
the second stage
N-—52 The number of clusters for negative frequency deviations

in the second stage
peet Rated charging/discharging power of the battery cell [kW]

PNL Net load at node n and timeslot t of scenario s [kW]
probf2 Probability of scenario s of the second stage
L Reactive power consumed by the load at node n and

timeslot t of scenario s [kVar]

R, The resistance of the line between n and n' [Q]

SOC™n  BESS minimum SOC

SOC™™  BESS maximum SOC

vTi" Minimum voltage of node n (0.95 Per-unit)

ypex Maximum voltage of node n (1.05 Per-unit)

yrated Rated voltage (1 Per-unit)

Xon The reactance of the line between n and n' [Q]

Z o The impedance of the line between n and n' [Q]

Afqe Frequency deviation in the q timeslot at hour t [Hz]

AfE Mean value of upward frequency deviation at t [Hz]

AfE Mean value of downward frequency deviation at hour ¢
[Hz]

Aq 3 min = 120 hour

AS, Maximum power in the piecewise-linearized power flow
[kw]

At 1h

7bee Price of daily-based BESS capital cost [€/kWh]
aM&0 Price of BESS maintenance and operation cost [€/ kWh]
R FCR-N price for reserving capacity on the FCR-N day-ahead

peycle Price of BESS cycling aging for one cycle [€/kWh]

nh BESS charging efficiency

pdis BESS discharging efficiency

Variables

Capf®R  Power capacity reserved for FCR-N at timeslot t of scenario
s [kW]

EBESS BESS energy capacity [kWh]

P'C‘ﬁf; Activated upward power at node cn and timeslot t of

scenario s [kW]
plownsl  Activated downward power at node cn and timeslot t of
scenario s [kW]

P Active power flowing in a downstream direction from
ntomn, at timeslot t of scenario s [kW]
P Active power flowing in an upstream direction from n to n,

nn.ts
at timeslot t of scenario s [kKW]

PBESS BESS rated power [kW]

Pﬁ’;’f,‘},?_tvs BESS charging power with day-ahead spot market prices at
timeslot t of scenario s [kW]

p;fi;-ggm BESS discharging power with day-ahead spot market prices
at timeslot t of scenario s [kW]

Pﬂi%;f[)s BESS activation power in the upward direction at timeslot
of scenario s [kW]

PICR down  BESS activation power in the downward direction at
timeslot t of scenario s [kW]

PPoC ces Active power coming to the local network through PoC at
timeslot t of scenario s [kW]

Q%oces Reactive power coming to the local network through PoC

at timeslot t of scenario s [kVar]

:n, .s  Reactive power flowing in a downstream direction from

nto n', at timeslot t of scenario s [kVar]
Q, HSIU Reactive power flowing in an upstream direction from

nton, at timeslot t of scenario s [kVar]

SOEPESS  BESS state of energy at timeslot ¢ of scenario s [kWh]

SI,..s Auxiliary variable for squared current flowing between
nandn’ at timeslot t of scenario s [A%]

SVars Auxiliary variable for squared voltage at timeslot t of
scenario s [v2]

uBEss Binary variable representing if the BESS can be located in
candidate node cn

AP, ,;.s Active power flowing between n and n of partition j at

timeslot t of scenario s [kW]
AQ,,;¢s Reactive power flowing between n and n' of partition j at
timeslot t of scenario s [kVar]

different objectives. Some aimed to address the challenges related to the
distribution networks while others focused on the peak shaving and
TSO-related services.

Most of the literature proposed to size a BESS to enhance the oper-
ation of the distribution network or the local microgrid. They, however,
did not consider other profitable services that can be provided by the
BESS such as frequency control services. For example, Ref. [2] sized a

BESS for PV system owners to invest in buying BESSs. It concluded that
not only the BESS assists the DSO and improves the power supply quality
in distribution networks, but it also brings profits for the owners. Au-
thors of [3] deployed a two-stage stochastic bi-level programming
method to allocate and size a BESS in a deregulated distribution
network. In the upper level, the BESS revenue is maximized whereas the
lower level clears the distribution market. In Ref. [4], authors proposed
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Comparing the paper with the existing literature that developed planning problems for a BESS.

Ref. Site the Size the Provide DSO flexibility services Provide TSO flexibility services
BESS BESS
[2] x v v x
[31 4 v v x
[4] v v 4 x
(5] x v < .
[6] v v v x
[71 v v v x
[8] v v v x
[9]1 v v v x
[10] v v v x
[11] v v v x
[12] x v < .
[13] x v x Frequency response
[14] x v x x
[15] x v x Balance services for a fully standalone system
[16] v v x Transient frequency regulation services and transmission-level services for the
network
[17] x v x Frequency regulation service and energy arbitrage
[18] v v Peak-shaving for distribution network Frequency regulation in abnormal conditions
[20] v v Supports for operation unbalanced network Frequency regulation
This v v v (Voltage and congestion management FCR-N service in normal operations
paper services)

to help distribution system planners to allocate a BESS and isolation
devices as well as to size the BESS. It aimed to improve the system
reliability and boost its revenue by using energy arbitrage. Ref. [5]
designed a BESS by solving a security-constrained optimal power flow
within a microgrid. The paper proposed to recover the costs of PV
forecasting errors by a joint operation of PV-BESS. It stated that the BESS
can recoup the PV uncertainty costs under a specific degree of the BESS
operation. Authors of [6] identified the optimal BESS placement in a
radial distribution network to enhance the reliability of the network.
The paper sized the BESS considering the system load and the outage
data. In Ref. [7], the authors aimed to mitigate the fluctuations resulting
from renewable energy resources and thus increase power reliability and
quality. It allocated and sized the BESS to enhance the performance of
the distribution network. The objective of the problem was defined to
minimize the costs of voltage fluctuations, losses, and peak demand. In
Ref. [8], authors proposed a multi-stage model to size a utility-scale
BESS. The level of the penetration of dispersed PV panels was
assumed to be increasing and the BESS had to accommodate the
renewable solar generation in the short-time operation. Similarly [9],
tried to allocate a BESS in distribution systems to provide voltage sup-
port for the distribution network. A network was assumed to bear a high
penetration of PV power. In Ref. [10], the focus was on determining the
optimal location and size of a BESS within a distribution network
featuring a high number of renewable distributed generations. The
objective of the BESS was to mitigate the costs associated with voltage
deviations and power losses in the distribution network. Similarly [11],
aimed to size the BESS to offer a wide array of flexibility services to the
DSO. These services included addressing distribution network outages,
non-wires-alternative solutions, and voltage support.

Some other papers focused on other types of services and ignored the
effect of BESS on the operation of distribution networks. For instance
Ref. [12], developed an interesting work on sizing a BESS in order to
reduce the total cost of an extremely fast EV charging station. The sizing
objective was to satisfy the station’s demand during peak hours, to take
advantage of the energy arbitrage and to reduce the total demand
charges. Ref. [13] proposed an intelligent approach to size a BESS in a
stand-alone microgrid. It also suggested utilizing hybridization sources
to improve the frequency responses of the microgrid. In Ref. [14], au-
thors assessed the sizing of a BESS situated in a photovoltaic-equipped
energy community. The battery size was determined based on the
community’s energy consumption and peak demand profiles of
households.

Nevertheless, there are a few studies that designed a BESS to provide
frequency regulation or other TSO-related services. As examples, In
Ref. [15], a BESS was planned to provide energy balance services. The
methodology obtains the BESS minimum size to make a fully standalone
system. In Ref. [16], authors designed a BESS for post-disturbance sit-
uations. The proposed multi-objective problem sites and sizes the BESS
to firstly recover post-disturbance line overloads at transmission levels
and secondly to arrest frequency excursion. The paper did not consider
the BESS revenue obtained from providing these services. Ref. [17] sized
a BESS to take advantage of energy arbitrage and provide frequency
regulation services. Interestingly, the paper concludes that the BESS
should be sized to its highest capacity power when it comes to providing
frequency regulation services. Ref. [18] used a heuristic method to
determine the optimal BESS placement and capacity in transmission and
distribution networks. It performed a sensitivity analysis to allocate the
BESS in a transmission network. It then solved power flow and economic
dispatch problems to optimally size the BESS. The BESS was considered
to minimize peak loads in a distribution network and provide frequency
regulation support. In the mentioned literature, the BESS was not
tailored to a specific frequency service type [19]. In addition [20], sized
and allocated a BESS in a distribution network to provide support for the
network as well as frequency regulation services designed for North
America. However, frequency regulation services have different capac-
ity market structures and technical requirements, such as activation
characteristics and payment methods, which vary from country to
country. For the practical application of the sizing problem using
real-world data, it is crucial to select the country where the BESS is
located. Subsequently, the planning problem can be developed based on
the specific regulation service type. In this paper, we assume that the
BESS is providing FCR-N service in Finland.

In terms of BESS operation for FCR-N provision, for example [21,22],
developed a methodology for the operation of a BESS and electric ve-
hicles to participate in FCR markets, respectively. The main focus was on
the BESS and electric vehicle’s battery scheduling to meet FCR markets’
requirements and how the battery recovers its state of charge (SOC).
Ref. [23] proposed bidding strategies for a BESS to participate in FCR
capacity markets. Authors of [24] analyzed the operation of a BESS
when it participates in FCR provision. According to the paper’s results,
when the FCR is remunerable, scheduling BESS leads to profits in central
European countries. Moreover, the main focus of [25] was on the BESS
real-time operation when it provides FCR-N. The aging impacts were
also analyzed in that paper. However, these reviewed papers have
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Fig. 1. The main architecture of the proposed model.

focused on the operation of the BESS and disregarded its capacity
planning and location in the distribution network.

Table 1 provides a comparison between this paper and existing
literature that presents models for designing a BESS. The second column
indicates whether the paper addressed the issue of BESS allocation. The
third column highlights whether the research included an analysis of
BESS optimal capacity. In the fourth column, it is indicated whether the
studied BESS offered flexibility provision services to the DSO, while the
fifth column denotes whether the research explored any forms of TSO-
related flexibility.

1.3. Contribution and organization

Although the existing literature mainly focused on either DSO- or
TSO-related services, this paper sites and sizes a distribution-network-
connected BESS for providing both types of flexibility services at the
same time. The BESS provides active power support so that the voltages
of nodes/buses stay in their permissible range and the power flow
constraints are respected. In addition, the proposed method boosts the
BESS profit by providing FCR-N services. Currently, FCR-N is one of the
profitable services and a suitable option for the BESS since the battery
can react in both upward and downward directions, according to the
frequency changes [26]. Also, Finnish TSO lists BESS as suitable a
technology for providing FCR-N service. To the best of authors’
knowledge, there does not exist any study that size the BESS for FCR-N
provision. Hence, the main contribution of this paper can be summa-
rized as follows.

1) It develops a two-stage model with two stochastic optimization
problems. The first optimization problem allocates the BESS to help
the DSO operate the local network in a secure way. The first stage
also determines the minimum required size of the BESS. The second
stage considers that the BESS is providing FCR-N and aims to
determine the BESS size by maximizing its profits.

2) It proposes two different scenario extraction methodologies to
develop the first- and second-stage stochastic optimization problems.
For the first-stage, worst-case scenarios are extracted to ensure the
secure operation of the local network. The second-stage scenarios are
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selected from the highest-probability scenarios within the historical
horizon considered.

In the simulation section, the paper compares the BESS optimal size
in four cases. It assesses the outcomes if the BESS provides FCR-N and
if the BESS works with only day-ahead spot market prices. We use the
real-world data of 2021 and 2022 to compare the models together.
Finally, the paper analyzes the effects of cycle aging and BESS ca-
pacity fade on the profits.

3

=

The rest of the paper is organized as follows:

Section 3 provides the detail and the problem formulation of the
proposed model. Section 4 introduces the case studies. Section 5 pre-
sents the results considering four different cases. Finally, section 6
concludes the paper.

2. Problem formulation

This paper considers that a private company owns and designs a
specific type of Lithium-ion (Li-ion) BESS. The BESS consists of battery
cells as well as other required equipment such as a converter, trans-
former, and the control system. The BESS is going to be utilized as a
service to ensure the secure operation of the local distribution network
and provides the DSO with its required flexibility. In addition, it aims to
boost the profits by participating in FCR-N markets. In this regard, the
BESS planning model has two main goals. First, it should be sited and
sized to avoid violation of voltages and thermal limits of the network
and secondly, to increase the profits by providing FCR-N services for the
TSO. To achieve these two goals, the proposed planning model consists
of two stages. The first stage finds the optimal placement of the BESS in
the local network. It also determines the minimum charging and dis-
charging power of the BESS to ensure the secure operation of the local
network. The second stage, on the other hand, aims to minimize the
costs of the BESS while simultaneously providing DSO-related and FCR-
N services. Fig. 1 summarizes the main architecture of the paper.

The two-stage methodology offers distinct advantages including
distinguishing between the BESS design for DSO- and TSO- related ser-
vices, the possibility of considering worst-case scenarios to place and
size the BESS for the worst-case situations of the distribution network
and having the most probable scenarios for the profit maximization
purpose of the second stage, and ultimately resulting in the formulation
of two optimization problems with fewer dimensions.

2.1. Proposed model of lithium-ion battery energy storage system

To develop the BESS model, experimental data from accelerated
aging tests on a Li-ion battery cell in laboratory conditions were utilized.
More details about the aging tests can be found in Ref. [27]. In the first
stage, cell capacity characterization tests were measured in Ah at regular
intervals of cycling, in this case at 0, 500, 800, 1200 and 1600 cycles.
Then, Cell Capacity in Ah was converted to its energy capability in Wh at
different cycle intervals, using the following equation:

E!"(Cycles) = Cell Capacity (Cycles) * Ve (€]

Where, V. is the cell voltage in volts. Simultaneously, the rated power
of the cell was calculated at 0, 500, 800, 1200, and 1600 cycles. Fig. 2
presents the variations of cell energy and rated power in terms of cycles.
Fig. 2 shows how the BESS capacity fade has a non-linear trend. The
decreasing slope of the curve becomes steeper when the BESS is more
aged. This will also have an impact on the BESS participation in FCR-N
market and its profits. The effect will be calculated in section 5.3 of this
paper.

To design a BESS, we need to build a battery pack. A battery pack is
formulated by multiplying the cell energy capacity by the number of
cells in series N*"® and in parallel N°*®, The same equation can be
applied for the battery pack’s rated power:
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Energy capacity fade of Li-ion battery cell in terms of cycling aging
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Fig. 2. BESS energy capacity face in terms of cycles for our Li-ion BESS.
[EBESS _ yseries o Nparallel - peell 2) (PoC), the net load consumed at each node, the BESS’s flexible power at
node n, and the power flowing through the lines. Correspondingly, (7)
PBESS — series o Nparallel o peell 3) ensures the reactive power balance in the local network. The effect of the

Equations (2) and (3) can give us (4), which will be used in the
second-stage optimization problem:

E(‘el

BESS __
E pcel/

PBI-.SS (4)

2.2. Stage I: placement and minimum sizing in distribution network

The first stage optimally places and designs the Li-ion BESS to avoid
voltage violations and congestions within its distribution network. This
stage is designed to simultaneously handle BESS placement and mini-
mum sizing. We utilize a piecewise-linearized power flow model to
obtain the optimal place and minimum flexible power and to check the
voltage and current limits of the network. This model has been previ-
ously presented in Ref. [28]. If the local network needs upward flexi-
bility at timeslot t, the BESS is discharged with power Pn"’;? and if the
network asks for downward flexibility at t, the BESS is charged with
power P2t

The objective is to find the minimum flexible power that helps
operate the network in a secure way [29]:

up.S1 down,S1
min, DD P + P ®

The constraints associated with the active and reactive power bal-
ance are indicated with (6) and (7), respectively:

prst

ents

+Sl —,S1

PoC.S1 L up,S1 down,S1 72 : nn 1 naits +.51
Pn:PuC,ts Pﬁ’rs Pcnl: P(n!s S]SI + Z(Pn',n,t.r
11’ V"

nnts

— P;jis =0Vn,t,s
(6)
.51 s1
PoC.S1 WL Qn Ws an 5 551
Qe — O~ Z( e ) +3(e,
" nn s "
- Q;;i:) =0Vn,t,s (%]

The flexible injected/consumed active power of BESS affects balance
constraint (6). The balance constraint keeps the balance between the
power coming into/leaving the local network at the Point of Coupling

power flowing through the lines on the voltage of each node is modeled
using (8):
syt —svs! — 72 S

nts nts nn = s

2R r(P*'?l _p >7 2X, r(Q*'S'

s nnts nnts

—0.% ) =0Vt ®
Where, the squared voltage and squared current are replaced with two
auxiliary variables SV and SI to linearize the model. These two variables
should not go beyond the range between their maximum and minimum
values, as (9) and (10) state:

( mm) <SV§'“ < ( mu,\) Va1, ©)

nnts — \“nn

(lgj;';') <SP (1'"“*) Y, 1, 10)
The above constraints limit the active and reactive power flowing

through the lines to avoid congestion within the network:

P+.Sl +P*51 < mle(llmmvn n t,s (11)

nnts

+.51 —.S1 rated pmax !
Q) 4O <V n s (12)

nts s

Piecewise linearization is applied to the power flow constraints.
These constraints are stated below [30]:

(mud Ijlnm—z 2j — 1)AS,, APSnann
207 DAS, A s a3

P::IIS+P;:IIS ZA nn,}tsvn7n”t"s (14)

ann Q;:lts ZAQ’M‘/”VI’[,I’[',I,S (15)
s1

0<APnnm§AS Vn,/n ts (16)

0<AQil””_AS an7n ts a7
vmladlmm

AS, :an n ts (18)

The following constraints determine the optimal BESS’s place (OBP)
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Fig. 3. Activation of FCR-N active powe;

which is chosen among candidate nodes (cn):

PES < MugrNen,t,s 19)
Pt < MudSen, t, s (20)
Zuf?fSS S NBESS (21)

cn

Where, M is a large number. Constraints (19), (20) and (21) indicate that

50.0 50.1
Frequency [Hz]

r capacity according to the system frequency.
2.3. Stage II: sizing and cost minimization through FCR-N participation

After receiving the optimal location and minimum rated power of the
BESS, the second stage boosts the revenues by providing FCR-N services.
This stage aims to find the optimal energy capacity and rated active
power P of the BESS that leads to the maximum revenue. Thus, the
objective of the second stage minimizes the daily net costs associated
with the battery considering different scenarios:

min OF

_ CC -BESS 52 &0 ( pehda is.da FCR—up FCR—down cyle __FCR FCR
OF = \”D E™ + E prob; E ™ (PH:OBP,LS + P;]:OBP.)‘.S + PoZopprs T Puzosprs ) + Cost;y 7, " Cap
ily—, y i 5 t
Daily—based Capital Cost —— FCR Coponis Fovente

reg.up pFCR—up reg.down pFCR—down a pdis.da da peh.da
T A A P — P A PG P AL
—_———— — —

Activation Revenue Activation Cost DA Revenue DA Cost

the flexible power should be injected/consumed only at BESS-located

nodes. The binary variable uffS equals one for the optimal nodes at

which the BESSs are going to be located. The other nodes, on the other

hand, have a zero uBfS. The maximum number of BESSs, i.e., NP5, is

assumed to be a parameter that was predefined by the BESS designers.
In addition, the below constraints specify positive variables:

pwst Pdown.Sl"P\,Sl 0 AQSI

ents?tents b’ nn s

+,51
nn.ts’

S1

nats’

APS!

nn

P S1

s

>0

,0 (22)

its )

After solving the minimization problem (5)-(22), the optimal flexible
power of the worst-case scenario determines the minimum BESS rated
power. The worst-case scenario obtained from the timeslot and scenario
in which P%5!or P2""! are maximum. These optimal values and their
denoted by PP,
and max(P20=" ), respectively. OBP is the optimal BESS® place that is
obtained by solving (5)-(22). Moreover, the BESS’ rated power should
support both charging and discharging of the BESS. Therefore, minimum
rated power of the BESS, PEESSminS1 ' yields as follows:

), max (P22 ))

Pduwn,S 1

, .51
maximums are noobpes: MAX(Plopp o),

PBESS.nmw,S] Pup.S]

=max (max ( n=0BP 1,5 (23)

Finally, the OBP and PBESSminS! gre sent to the second stage.

(24

Where the "Daily — based Capital Cost” of the BESS is assumed to be a
linear function of the BESS’s capacity. The "M&O Cost" represents the
maintenance and operational cost of the BESS which is considered a
linear function of the BESS’s charging and discharging power. The cycle
cost of BESS is denoted by "Cost®". The BESS which is participating in
FCR-N markets receives capacity revenue for reserving its capacity,
indicated by "FCR Capacity Revenue" e. The BESS reserved capacity for
FCR is then activated according to the frequency. If the capacity is
activated in the upward direction, the BESS is charged and receives
revenue, called “Activation Revenue'. Otherwise, if the activation is
downward, the BESS is discharged and incurs costs, called
“Activation Cos t . This paper considers that in the cases where the BESS
is not providing FCR-N, for example when the BESS is being recovered, it
can be charged and discharged with day-ahead spot market prices.
Hence, The BESS receives revenue, "DA Revenue’, based on the day-
ahead spot market prices if it is discharged. If the BESS is charged
with the day-ahead spot market prices, it should pay "DA Cost”".

The cost minimization objective function is constrained by the bal-
ance equation:
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Fig. 4. The available BESS state of energy at the beginning of timeslot t.
52 “CR— "CR—dow . i ch.d .
P fiiusg‘,:.x + Prn:l;)s;’,}z,\ —P :Sgggl,,_: - P :/i‘ + P‘:Zogp.z,\ = PGP Cap"* + plsda < PPESSyp s 27)
pts2 _ p=S2 ' ’
_ Z i ts o o]y Z ( P::fs _ P;.nsfs —O0Vn, 1,5 (25) The power capacity offered to the FCR-N market plus the power
7 R, ST 7 o o traded with day-ahead prices should not exceed the rated power of the

Where (25) states that the FCR-N downward-activated and the charging
power traded with day-ahead prices consume power at the BESS node/
bus. Correspondingly, the FCR-N upward-activated and discharging
power traded with day-ahead prices inject power into the BESS node.
The net load at each node, P}, consumes power whereas the power
leaves/enters the local network through the PoC node can have both

positive and negative values. If Pﬂ":(;;fgm is positive, the power is

consumed in the local network while negative Pﬂ‘ﬁ,fém indicates that the
power is fed from the local network. It should be highlighted that PoC
and OBP are two different nodes unless the first stage determines that
the BESS can be put at the PoC. The following constraints restrict the
power capacity offered to the FCR-N capacity market:

Capf ™ + Pl o < PPV, s (26)

ts n=0BP,t.s

Cluster the net load consumed at
each node using K-means method

)
Construct a combination of nodes’

clusters
v
Calculate the probability of the
combination

The probability
> Threshold?

Select the days with highest and
lowest net loads in the combination

Tried all
combinations?

@ Normalize the probabilities for the
selected days (scenarios)

(@

BESS. The FCR-N power capacity should be symmetrical. It means that
the BESS needs to submit a power capacity that is able to be activated in
both directions, upward and downward directions. Taking into account
the downward direction, the FCR-N power capacity and the day-ahead
charging power should be lower than the BESS rated power, as deno-
ted by (26). Regarding the upward direction, (27) states that the FCR-N
power capacity plus the day-ahead discharging power is upper limited
by the rated active power of the BESS.

Equations (28) and (29) relate the upward and downward activated
power to the power capacity:

af?
P Gutts =+ Capl "5 (28)
st~ S pren (29

The active power capacity of the BESS is submitted to the FCR-N

Cluster the net load consumed at each
node and frequency deviations (positive
and negative ) using K-means method

Construct a combination of clusters of
nodes and frequency deviations

¥

Calculate the probability of the
combination

The probability =
Threshold?

Tried all
combinations?

Normalize the probabilities for the
selected days (scenarios)

(b)

Fig. 5. Flowcharts of (a) Algorithm I, first-stage scenario generation & reduction and (b) Algorithm II, second-stage scenario generation & reduction.
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Fig. 8. The Finnish local network considered in the paper.

capacity market one day before the actual activation. If the power ca-
pacity is accepted, the BESS needs to activate the power capacity ac-
cording to the frequency. Fig. 3 illustrates the FCR-N activation
principle. If the frequency is greater than 50 Hz, the BESS activates in a
downward direction. Otherwise, if the frequency is lower than 50 Hz,
the BESS activates in an upward direction.

As Fig. 3 shows, the amount of activation should be proportional to
the frequency deviation if frequency deviations are lower than 0.1 Hz.
Since the paper considers 1-h timeslot, hourly frequency deviations are

calculated as follows:

apr=3"" V10, |Aq i Afy > 0%

Afm =3 Ml Aqif Af, < 0V

Afyr =50 —fo.Vt,q

(30)

(31)

(32)
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Fig. 9. Hourly net loads’ mean values considering one year.
Table 2
Used BESS parameters.
socmin sogmex et/ s Eeell [KW] peell [kW] Cycle life 7le [€ /kWh] 7PCC [€/kWh] MO [€/kWh]
0.05 0.95 90 % 0.1 0.028 6000 0.1 0.095 0.001

FCR-N capacity prices
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Fig. 10. Box plot of FCR-N capacity prices for scenarios of 2021 and 2022.

Af,,=0.1 if f,, >50.1orf,, <49.9 (33) the FCR-N, the full capacity should be activated in less than 3 min. Thus,
3-min frequency measurement can be acceptable. The mean value of all
positive frequency deviations at time slot t is equal to Af;. This value is
multiplied by the power capacity and shows the upward activation,
Pigf);;?,’t,s, as (28) states. Correspondingly, the power capacity times the

It is assumed that the frequency is measured in every Aq, where Aq <
At. We consider At to be 1 h and the frequency is measured every 3 min,
i.e., Ag =120 and N; = 20. According to the technical requirements of
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Fig. 12. Box plot of down-regulation prices for scenarios of 2021 and 2022.

Table 3
The aggregated capacities and the location of the BESS(s) required for the secure operation of IEEE 33 bus system if the number of BESSs varies.
Number of BESSs Optimum location (nodes) Aggregated power capacities of all BESSs [kW] Aggregated energy capacities of all BESSs [kWh]
1 12 2799.25899 10 106.8281
2 16, 33 1829.17907 6604.3186
3 15, 18, 33 2147.44668 7753.4356
4 14, 16, 18, 33 2387.43912 8619.9372
5 14,16, 17, 18, 33 2470.10113 8918.3915
6 13, 14, 16, 17, 18, 33 2602.51608 9396.4805
7 13, 14, 15, 16, 17, 18, 33 2694.09477 9727.12882
8 13, 14,15, 16, 17, 18, 32, 33 2826.10600 10203.7602
mean value of all negative frequency deviations equals the downward charged with day-ahead prices. BESS discharging power consists of
FCR-N activated power, PECR-down  represented by (29). downward activated power and power discharged with day-ahead

Equations (34) and (35) show the state of energy at the end of each prices.
time slot, which is affected by BESS charging and discharging power.
BESS charging power includes upward activated power and the power

10
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Voltage of nodes before locating BESS in the 33-bus test system
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According to the technical requirements for FCR-N provision, a BESS
must be able to get fully activated for at least 30 min in each direction
[31]. Equations (36) and (37) ensure that the available state of energy of
the BESS at the beginning of timeslot t (or at the end of timeslot t — 1)
should be higher than 30-min (L2 hour) activation of FCR-N power
capacity in either direction. Fig. 4 illustrates the available BESS state of
energy at the beginning of timeslot t, which also refers to the terms on
the right side of (36) and (37).

- " N B
SOEPSS — EFSsoc™ < ECap:‘\CRVt, s (36)

37)

t—1s

1 . R .
Cap[{* < SOC™EP — SOEPT v, s

Constraint (38) indicates minimum and maximum permissible
values for the BESS state of energy at time slot ¢.

EPESSSOCMin < SOEfSESS < EPESSSOC™y, (38)

Nodes
(b)

Fig. 13. The node voltages before and after placing a BESS at node 12 within IEEE 33 bus system.

11

The minimum power that yields from the first stage restricts the BESS
rated power as follows:

PBESS S PBESS.min,S] (39)

The relationship between the BESS rated power and the BESS energy
capacity is stated by (40). This relationship applies the same constraint,
(41), on the minimum BESS energy capacity:

BESS __ E(‘B” ESS
EBESS =2 pb (40)
Prell
BESS Em” BESS min,S1
B s g (41)

In order to estimate the cost of BESS from cycling aging, it is assumed
that we have 7% which is a price of cycling aging for one kWh of
consumed/injected energy in each cycle. Since the half cycle includes
one full charging or discharging [32], the BESS “kWh cycle” is equal to

oy (P FPER M)A when the BESS is being charged and
Y2 s (P PR )At when it is being discharged at t. Thus, the

cycling cost is estimated as follows:

FCR—down FCR—up
P + Pn:OBP,r,s

dis,da
n=0BP.t.s P

h.da
PC n=0BP.t,s

n=0BP ;s

+

)}AtVt,

(42)

Cost" =ﬂ_cvcle{ %) < ) +12(

The distribution network’s constraints can also bind the BESS oper-
ation and its maximum energy capacity. They need to be considered in
the problem as well:
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Voltage of nodes before locating BESS in the Finnish rural test system
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Fig. 14. The voltage of nodes before and after placing a BESS at node 12 of the Finnish test system.
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Fig. 15. The optimal rated power and energy capacity of the BESS considering four cases.
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(8) —— (43) 3. Case studies
Finally, positive variables are indicated in the following: 3.1. IEEE 33-bus radial distribution system
P Gar s Pt Pi s Paontvas Capis™s PSS EMSS PR P Q0 Q0 = O s “4

By solving minimization problem (24)-(44), the BESS optimal energy
capacity and rated power is obtained.

2.4. Scenario extraction

This paper deploys two different methods to extract representative
scenarios for the first and for the second stage. The first stage aims to
find the minimum required flexible power for the worst-case scenarios.
In this way, we are looking for scenarios that may cause the worst sit-
uations for the network’s operation. Algorithm I is proposed to extract
these scenarios. Fig. 5 illustrates the algorithms and clarifies the stages
of scenarios’ generation and reduction for the first and second stages.

Algorithm I: First-stage Scenario Generation & Reduction

Input: Historical data on daily net load of each node for each hour
Output: Scenarios for a daily net loads of each node for each hour
Time series clustering using K-means:

1 For each node:
e Determine optimal number of clusters for the daily net load using Elbow Method
o Categorize daily net loads (365 samples) into NV-5! clusters

2 Calculate the probability for each combination of nodes’ clusters

Scenario generation & reduction:

3 Select the combination with probabilities higher than the threshold
4 Among the selected combinations:
e The days in which the highest total hourly loads and the highest hourly
production (or lowest hourly loads) happened, are selected
5 Normalize the probability of the final selected scenarios

Since the second-stage problem deals with the net cost minimization,
the scenarios with highest probabilities are more important. Algorithm
II is utilized to extract the second-stage scenarios.

Algorithm II: Second-stage Scenario Generation & Reduction

Input: Historical daily data for

1) Net loads of each node for each hour

2) Positive frequency deviations for each hour, calculated using (26)
3) Negative frequency deviations for each hour, calculated using (27)
Output: Scenarios for

1) A daily net loads of each node for each hour
2) The hourly positive and negative frequency deviations
Time series clustering using K-means:

-

For each node:

e Determine optimal number of clusters for the daily net load using Elbow Method
o Categorize daily net loads (365 samples) into NV2-52 clusters

Determine optimal number of clusters for positive and negative frequency
deviations using Elbow Method

Categorize daily positive and negative frequency deviations into N2 and N'~52,
respectively

Calculate the probability for each combination of nodes’ clusters and frequency
deviations’ clusters

Scenario generation & reduction:

N

w

I

5 Select the days among a combination with the probability higher than the threshold
6 Normalize the probability of the final selected scenarios

The first case study analyzes the optimal location for the BESS to
ensure the secure operation of the network. Fig. 6 illustrates the distri-
bution network, with further details and line parameters provided in
Ref. [33]. Using nominal loads, we generated a worst-case scenario for
the network’s net loads. Fig. 7 displays bar plots depicting the net
consumption at various nodes within the system.

3.2. Finnish rural network

Fig. 8 illustrates the modified typical Finnish rural network that was
presented by Ref. [34]. In the case study, a 800-kVA MV/LV- trans-
former feeds two LV feeders. The distance between each loading point is
100 m. The network’s details including the line impedance’s, re-
sistance’s, reactance’s, and line maximum currents can be found in
Ref. [34]. Each loading point feeds three detached houses that has a PV
panel, except for loading points b3 and b10 that feed a school and a big
restaurant, respectively. We used the hourly net load of detached
houses, a school and a restaurant in Vaasa, Finland during 2019. Fig. 9
depicts the net loads’ mean values for each hour considering one year.
The restaurant and school’s net loads are considerably higher than those
of detached houses at other nodes. Contrary to the PV-panel-equipped
detached houses whose net load decreases during daytime, the school
net load experiences a peak at 11 a.m. The net load of the restaurant
increases during 10-20.

Table 2 denotes the detailed data on the BESS that was used in our
paper. The parameters E°!, Pl and cycle life were obtained from the
field experiment [27] whereas the data of daily-based BESS cost was
estimated based on the value of BESS energy rating cost and the BESS
lifespan proposed by Ref. [12].“Algorithm I” (presented in section 3.4)
was used in the first stage and it selected 10 extreme scenarios from the
historical data to determine the location of the BESS and to find the
minimum required rated power of the BESS. In the second stage, “al-
gorithm II”, proposed by section 3.4, selected 4 scenarios that have the
highest probabilities. The historical horizon is assumed to span one year,
specifically the most recent years, 2021 and 2022. It should be noted
that our implementation is constrained by the availability of consump-
tion data for a single year.

Regarding frequency data, we used the frequency of the Finnish
power system that was measured in Fingrid’s operation control system,
every 3 min. Fingrid is the Finnish TSO. The data is available in
Ref. [35]. The FCR-N hourly market prices as well as up-regulation and
down-regulation prices were also extracted from Fingrid’s open data
website [36-38] whereas the day-ahead spot market prices are obtained

Table 4
Energy capacity of the BESS in case of relaxing the maximum energy capacity
limit.
Cases Case 1 Case 2 Case 3 Case 4
Energy capacity [MWh] 5.3 0.1 50 4.07
Table 5
Daily profit obtained by BESS for different cases.
Cases Case 1 Case 2 Case 3 Case 4
Profit [€] 55.80 —-2.18 280.30 77.47

13
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from Entsoe Transparency Platform [39].
In this paper, the BESS is sized according to four cases.

Case 1). Price and frequency data of year 2021 and the BESS net cost
minimization based on FCR-N and spot market prices (proposed
method)

Case 2). Price and frequency data of year 2021 and the BESS net cost
minimization based on only spot market prices

Case 3). Price and frequency data of year 2022 and the BESS net cost
minimization based on FCR-N and spot market prices (proposed
method)

Case 4). Price and frequency data of year 2022 and the BESS net cost
minimization based on only spot market prices

This means that in the second and fourth cases, the BESS is not
participating in FCR-N provision. Thus, it is only charged and discharged
with the day-ahead spot market prices. Regarding the extracted sce-
narios, Figs. 10-12 compare 2021 prices with those of 2022. As the
figure shows, prices of 2022 have increased at most of timeslots.

We consider that the BESS energy capacity cannot exceed that of the
transformer. Thus, the BESS capacity cannot be higher than 800 kWh. It
should be noted that we used the same data as the net loads of 2021 and
2022 due to our limited data on the households’ net loads in Finland.

Acta Wasaensia
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4. Simulation results

We utilized the CVXPY package in Python to model both optimiza-
tion problems [40]. For problem-solving, we employed the Gurobi
solver on a desktop PC equipped with a 2.4 GHz CPU and 6 Gigabytes of
RAM. For the first-stage problem, the solution process took 31.7 s for the
Finnish case study and 144.4 s for the IEEE 33 bus system. The
completion time for solving the second-stage problem was 310 s.

4.1. First-stage results

Firstly, the first-stage optimization problem was executed for the
IEEE 33-bus system. We systematically increased the maximum number
of BESSs that can be connected to the system by modifying the right side
of equation (21). Through this approach, we compared the aggregated
capacities of all BESSs needed to ensure a secure distribution network.
The results are presented in Table 3. As shown in the table, increasing
the number of BESSs up to 7 leads to a reduction in the required BESS
capacity. However, introducing 8 batteries results in a higher aggre-
gated capacity for the battery system. Nonetheless, a comprehensive
techno-economic analysis is imperative to determine the optimal num-
ber of batteries required for a distribution network.

Fig. 13 depicts the node voltages before and after the installation of a
BESS at node 12. As evident from the figure, a significant portion of the
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Fig. 17. BESS scheduling for Case3.
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Fig. 19. Box plot comparing downward activation for scenarios of 2021 and 2022.

voltages falls below the minimum permissible limit of 0.95 pu. The
introduction of the BESS at node 12 effectively mitigates the under-
voltage instances, ensuring that the node voltages remain within the
acceptable range.

The first-stage problem was resolved using the Finnish test case. The
outcomes reveal a necessity for a BESS with a minimum rated power of
23.5627 kW within the local network. Based on the battery cell data, this
rated power necessitates a minimum energy capacity of 85.074 kWh.
Additionally, the optimal placement for the BESS (OBP) is identified at
node b10, coinciding with the location of the restaurant. Furthermore,
we experimented with increasing the number of BESSs in equation (21);
however, the results remained consistent. This implies that the system
requires flexibility solely at node b10. Fig. 14 offers a comparison of
node voltages before and after the implementation of the BESS. The
results indicate that the placement of the BESS effectively mitigates the
under-voltage scenarios that may arise at node b10.

15

4.2. Second-stage results

In the next step, second-stage optimization problem (24)-(44) was
solved for 4 different cases. The BESS optimal rated power (kW) and
energy capacity (kWh) are calculated for these four cases and the results
are illustrated in Fig. 15.

The right-side vertical axis in Fig. 15 shows the optimal rated power
whereas the left-side one indicates the optimal BESS energy capacity.
According to our results, the best BESS size is equal to the maximum
energy capacity, i.e. 800 kWh, if the BESS has the opportunity to provide
FCR-N (Case 1 & Case 3). In our case the maximum energy capacity is
imposed by the maximum capacity of the distribution network’s trans-
former. If the BESS cannot participate in FCR-N provision, the optimal
BESS energy capacity equals 107.399 kWh in 2021 which is slightly
higher than the minimum energy capacity needed by the local network
(Case 2 in Fig. 15). However, the BESS can still increase its revenue by
participating only in spot markets with 800 kWh capacity in 2022 (Case
4 in Fig. 15). This is because of the fact that market prices have
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BESS FCR-N Revenue
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Fig. 20. BESS revenue from FCR-N provision.
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Fig. 21. BESS revenue from spot market prices.

considerably increased in 2022.

For the sake of better comparison, we calculated the BESS capacities
with the relaxation of the constraint related to maximum energy ca-
pacity. The outcomes of this analysis are depicted in Table 4. Notably, as
indicated in the table, if the LV/MV transformer’s impact on BESS
maximum capacity is disregarded, Case 3’s capacity can be expanded to
50 MWh. Similarly, in this scenario, the energy capacity for Case 1
amounts to 5.3 MW in 2021. This variation is attributed to substantially
higher prices in 2022. However, it is crucial to acknowledge the trans-
former’s capacity. Consequently, it’s important to clarify that all pre-
sented results, except for those in Table 4, consider the limitation
pertaining to the maximum transformer capacity.

Table 5 compares the daily profit of each cases with the designed
BESS. Table 5 proves how the profit can be boosted by providing FCR-N.
In 2021 (Case 1), the BESS brings 55.8 € of revenue when it provides
FCR-N. In 2022 (Case 3), the BESS makes 280.3 € of profit by providing
FCR-N. This profit is 3.6 times higher than the case where the BESS is not
participating in FCR-N provision.

The second-stage problem also determines the FCR-N capacity that
should be offered on a day-ahead basis. Moreover, it calculates upward
and downward activations according to the frequency deviations. The
BESS may need to be charged and discharged based on the spot market
prices to recover its SOC. By recovering the SOC, the BESS is able to
provide more FCR-N capacity and therefore make more profits [21]. The

16

hourly mean value of the BESS FCR-N capacity, FCR-N activations, and
recovery charging and discharging power for Case 1 and Case 3 are
shown in Figs. 16 and 17. The FCR-N capacity should be symmetrical,
meaning that the BESS must provide both upward and downward di-
rections, when needed. We bar-plotted the FCR-N capacity in both di-
rections to compare the offered capacity with the activations. The
figures show that in most cases, less than 50 % of the capacity is acti-
vated. Figs. 18 and 19 demonstrate the box plot of upward and down-
ward activations, respectively, for the extracted scenarios. The plots
show that in total, 2022 requires more amount of FCR-N activation.

The BESS makes profits for reserving its capacity and for activating
the capacity in the upward direction. The FCR-N capacity payment was
assumed to be based on FCR-N day-ahead capacity market prices. The
BESS is paid for the upward activation based on up regulation prices. If
the activation direction is downward the BESS incurs costs and should
pay according to the down regulation prices. Fig. 20 compares the
revenue obtained from FCR-N provision for Case 1 and Case 3. In the
early morning, the BESS of Case 3 makes considerable profit by
reserving its capacity for FCR-N. However, the activations’ amount is
quite smaller. During the day and evening, the upward activation may
increase the BESS revenue and the downward cost does not highly affect
the BESS total profit. The profits of the BESS boosts considerably in 2022
since the prices of 2022 are higher than those in 2021.

In order for the BESS to provide symmetrical FCR-N capacity, its SOC
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BESS cycling cost
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Fig. 22. BESS cycling costs for four cases.

should be recovered when required. In Case 1 and Case 3, the BESS SOC
can be recovered by charging or discharging with day-ahead spot market
prices. Fig. 21 compares the revenue and costs of discharging and
charging with market prices. The figure shows that the optimization
leads the BESS adopting more revenues by scheduling the recovery-
based charging and discharging. It should be noted that recovery is
done based on the activated flexibility for the Case 1 and Case 3 while
Case 2 and Case 4 are mostly following spot prices.

Finally, Fig. 22 depicts the cycling costs for the considered cases. The
participation in the FCR-N market increases the cycling costs for Casel
and Case3. This cost is even higher for Case 3 which has more amount of
activations. However, as Table 5 states, the total value of the costs are
lower than the profits that are brought from FCR-N provision.

Table 6
Effect of BESS cycles on the BESS energy capacity, rated power, and profits if it
provides FCR-N in 2022.

4.3. Effect of cycle aging on the profits

It is assumed that the BESS siting and sizing are completed using the
proposed methodology. This section analyzes the effects of capacity fade
and cycle aging on the BESS profits. We used the data in 2022, thus all
analyses are conducted for Case3.

We solved the second-stage optimization for the aged BESS and the
results are illustrated in Table 6 and Fig. 23. The results show that the
cycle aging can considerably decrease the profits. The aged BESS has less
energy capacity and also less rated power. In addition, the aged BESS
incurs higher cycle costs which eventually decreases the profits. After
passing 1600 cycles, the BESS profit decreases by 15.1 %. Since cycle
aging impacts the BESS scheduling and profits, it should be taken into
account in ex-ante analyses. The cycle aging depends on the type of the
BESS and it needs experimental analyses to determine the exact cycle
aging trend.

5. Conclusion

A two-stage model was developed to site and size distribution-

Cycles 0 500 800 1200 1600 network-connected BESS that is owned by a private company. The
Rated power [kW] 221.57 21749 21425 20585  196.90 first stage solved a robust stochastic optimization problem with worst-
E“?lrgy Caé’acgy [kwWh] 2283 2‘7‘332 Zéiig 222‘22 Zg;'ég case scenarios to determine the optimal location of the BESS. This
aily profit [€] stage also guaranteed the secure operation of the distribution network
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Fig. 23. Illustration of BESS profit in terms of cycles.
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by establishing the minimum required BESS power capacity. In the
second stage, the stochastic optimization problem aimed at maximizing
the profit by participating in the FCR-N market. This stage determined
the most profitable BESS energy capacity by considering scenarios with
the highest probabilities.

The proposed planning methodology was implemented through two
case studies. The first case study was IEEE 33-bus radial distribution
network whereas the second case study was a rural distribution network
in Finland. In the second case study, all data including frequency de-
viations, net load, FCR-N market prices as well as regulations and spot
market prices were extracted from the real-world data of 2021, and 2022
in Finland.

The first-stage problem was solved for both case studies and the re-
sults proved considerable improvements in the voltage profile of all
nodes. Regarding the second stage, we compared the results of the year
2021 with those of 2022. In addition, the profits and BESS size were
assessed in the cases where it does not participate in FCR-N provision.
According to our results, the best BESS size is equal to the maximum size
if the BESS provides frequency support through FCR-N market partici-
pation. Otherwise, the optimal energy capacity decreases for the case
where spot market prices were low. In addition, by participating in FCR-
N market, the BESS daily profit increased from € —2.18 to € 55.80 in
2021 and from € 77.47 to € 280.3 in 2022. Finally, the paper analyzed
the effects of cycle aging and the capacity fade on the profitability of the
proposed model. The study concluded that BESS profits could decline by
15.1 % after undergoing 1600 cycles.

This research could be extended in the future by conducting a
techno-economic analysis of the number of BESS units placed within the
distribution network. Furthermore, a separate study could explore the
establishment of a pricing mechanism when a BESS offers diverse types
of flexibility services for DSOs.
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Abstract—The focus of this paper is to study the optimized
and coordinated operation of a hybrid system with wind turbines,
a hydrogen electrolyzer, and hydrogen storage. In this paper,
the main aim of the hybrid wind-hydrogen system is to provide
flexibility for the transmission system operator’s needs by offering
frequency control support through frequency containment reserves
(FCR) and also to manage congestion on transmission lines close
to the wind-hydrogen system. The proposed optimized operation
strategy enables effective participation in three reserve markets
(FCR-N, upward, and downward FCR-D) as well as simultaneous
robust management of wind power forecasting uncertainties by
utilizing the flexibility of the hydrogen electrolyzer and hydrogen
storage. This strategy utilizes historical data of FCR activation
during normal grid operation and disturbances and robustly
handle the uncertainties of frequency-driven activation. The
effectiveness of the proposed method is presented through a
case study using real-world data on frequency deviations and
market prices in Finland. Also, the proposed operation strategy
is compared with two alternative strategies: optimization based
on spot market prices and another strategy prioritizing Self-
sufficiency over financial gains.

Index Terms—TSO, Hydrogen Electrolyzer, FCR, Hydrogen
Storage, Reserve Markets.

I. NOMENCLATURE
o Abbreviations
FCR-D: Frequency Containment Reserve for Distur-
bances
FCR-N: Frequency Containment Reserve for Normal
operations
HSEW: A hybrid system that includes Hydrogen
Storage, Electrolyzer, Wind
NN: Non Negative variable
TSO: Transmission System Operator
o Sets
c: Scenario pertaining to either upward or downward
activation € {1, 2}
d: Time (day) € D
m: Time (minute) € M
n,n’: Nodes € N
r: Segment in piece-wise linearization € R
s: Scenario associated with wind power forecasts € S
t: Market timeslot € 7
o Variables

0n.+,c: Voltage angle at node n and time ¢ for scenario
c

The authors are affiliated with the Flexible Energy Resources Team at the
School of Technology and Innovations, University of Vaasa.

—N,up/down,mazx . . .
A Zhsewee : Maximum activation of FCR-N in

upward/downward direction at ¢ and HSEW node for

scenario ¢ (NN)
;f,}ggi’v”;”c MAT. Maximum  activation  of

upward/downward FCR-D at ¢t and HSEW node

for scenario ¢ (NN)

H?": Hydrogen produced at ¢ (NN)

H&": Hydrogen going directly to demand at ¢, without

storing in the storage (NN)

H;™*": Hydrogen injected into the storage at ¢ (NN)

HY""*'°: Hydrogen extracted from the storage at ¢

(NN)

Hf"’m‘md: Hydrogen delivered to the demand at ¢ (NN)

SOC¢st°: State of charge of the storage at ¢t (NN)

Py Power consumed by electrolyzer at ¢t (NN)

Pr,: Power consumed by electrolyzer in segment 7 at

t (NN)

P[N : FCR-N capacity offered by the HSEW at ¢ (NN)

p,;Pep/down. ypward/downward FCR-D capacity of-

fered by the HSEW at ¢ (NN)

Psi’;’g‘t}c: Power coming to the grid from slack node

(ng) at t for scenario ¢

Pgom: Power consumed by the compressor at ¢ (NN)

'u,? N/OFE, Binary variable indicating whether the

electrolyzer is ON/OFF at ¢

u3?:Binary variable indicating whether the electrolyzer

is in the standby state at ¢

u;": Binary variable indicating whether the electrolyzer

starts up at ¢

u, ;:Binary variable indicating whether segment r is

active at ¢

o Parameters

a,, Br: Parameters associated with hydrogen’s piece-

wise linearization

T N. Price of reserving FCR-N capacity at ¢
—D,up/down . .

m : Price of reserving upward/downward

FCR-D capacity at ¢

7: Hydrogen price

mp PP /down. Up/down regulation price at ¢

% startup cost of electrolyzer

gmin/maz: Minimum/maximum voltage angle allowed

Af;Nup/down . average frequency deviation associated

with upward/downward activation of FCR-N at ¢

—D,up/d - .
Af P /down, Average frequency deviation associated
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with mrd/downward activation of FCR-D at ¢

A ft_N'uP /down . Maximum of frequency deviation av-
erage associated with upward/downward activation of
FCR-N at ¢

Ay Prewldown. N aximum of frequency deviation av-
erage associated with upward/downward activation of
FCR-D at ¢

AP": Average error regarding wind power forecast
scenarios

B,,: Susceptance of the line between nodes n and n’
@": Maximum state of charge of hydrogen storage
DH:; Maximum hydrogen demand that should be
delivered throughout a day

ft,m: Frequency measured at minute m and market
timeslot ¢

Hout:sto: Maximum hydrogen that can be extracted
from the storage

K¢: Compression coefficient

Pf;yt: Power produced at ¢ and node n

Pﬁl,& Power consumed at ¢ and node n

thmd’mm/ %%: Minimum/maximum forecasted wind
power at ¢

pemin/maz. Minimum/maximum power that can be
consumed by the electrolyzer

Ps”;",m/mm”: Minimum/maximum power that can flow
between nodes n and n’

Psb: Power consumed by the electrolyzer in its standby
mode

II. INTRODUCTION

UROPE aims to lead in hydrogen production and in-

frastructure development, aligning with the EU Green
Deal’s goal of accelerating renewable energy construction,
with a particular emphasis on green hydrogen [1]. [This
involves doubling hydrogen valleys across Europe [1]. However,
integrating large-scale electrolyzers poses challenges for both
local transmission grids and broader energy systems [1]. These
challenges include disrupting system balance and causing
network congestion. Therefore, effective coordination between
hydrogen production and energy systems is crucial to enable
the electrical grid to accommodate the widespread integration
of hydrogen.
Some studies conclude that the flexible and optimized operation
of hydrogen systems could, in turn, decrease electricity prices
and reduce renewable curtailments. For example, Reference
[2] argued that the flexible operation of hydrogen can stabilize
the price of renewable energy in future renewable-based
power systems. The study conducted by [3] indicated that
an increase in hydrogen demand by deploying more hydrogen
fuel cell electric vehicles could not only support effective
grid operation but also lower electricity costs. The authors
of [4] discussed that the utilization of hydrogen as a fuel for
heating residential houses can affect energy prices and lower
rengwable generation curtailment. Reference [5] analyzed the
positive impacts of the hydrogen system on market clearing
results and the hydrogen system’s role in electri¢ity prices.
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Finally, Reference [6] concluded that the hybrid system of
hydrogen and renewable energy systems led to up to 30 %
cost savings.

Besides optimization based on electricity prices, another
economically efficient coordination solution is to use hydrogen
systems to offer ancillary services to power system operators.
In this regard, some research analyzed the technical feasibility
of providing ancillary services by hydrogen systems. For
example, Reference [7] focused on the technical aspects of
Proton Exchange Membrane (PEM) electrolyzer technologies,
analyzing their eligibility to comply with the requirements of
European ancillary services markets. Reference [8] analyzed
the technical potential of the Alkaline electrolyzer plant when
it provides dynamic frequency regulation service to the TSO. In
another work, Reference [9] reviewed the papers proposing the
flexible operation of electrolyzers land discussed that hydrogen
electrolyzers’ capabilities to provide ancillary services. The
research conducted by [10] assessed the dynamic characteristics
and potential of the[eléctrolyzer’s stack for frequency regulation
for a power system dominated by solar photovoltaic units.
Reference [11] investigated the provision of fast frequency
reserve by electrolyzers in low inertia situations. The paper
gave special emphasis to the nonlinearity of modeling the
electrolyzer and the! impacts on its service provision. In
Reference [12], authors conducted extended research on a
dynamic model of the electrolyzer interfaced with power
electronics equipment that provides fast frequency services
for the TSO. Reference [13] proposed a method to aggregate
electrolyzers with VPP that provides voltage control services
to the local distribution system operator.

In addition to technical aspects, limited research has been done
to focus on estimating the flexible capacity of hydrogen systems
to participate in ancillary service markets complying with the
requirements of the specific ancillary service. For example,
Reference [14] condiicted a long-term profitability analysis by
developing a mathematical model of a PV producer integrated
with battery storage and a hydrogen system participating in
the multi-energy markets as well as balancing markets. The
work utilized the general “balancing service” term and did
not specify the type of balancing service. However, each
frequency regulation service defined in a specific area has
its own technical requirements and market characteristics.
Authors of [15] developed an optimization-based approach
for a system consisting of PV and hydrogen systems based
on the concept of power-to-power trading. It also provides
secondary frequency control service for TSO. Results showed
that participation in the day-ahead and ancillary service markets
can be financially viable and beneficial, particularly when
markets exhibit significant price volatility. In another work,
Reference [16] modeled hydrogen electrolyzers that provide
frequency control seryices, including virtual inertia as well as
primary and secordary frequency response with a focus on
Australian ancillary service markets. Reference [17] examined
how electrolyzers can support the operation of an energy island
when combined with offshore wind energy. In [18], authors
presented a method for a wind-electrolysis joint system to
provide secondary frequency regulation aiming to reduce the
production cost of green hydrogen. This flexibility provision
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TABLE I
COMPARISON OF THE MAIN FACTORS CONSIDERED IN THE LITERATURE WITH THOSE IN THIS PAPER

Reference Hydrogen system Service provided Uncertainty of renewables ~ Uncertainty of activation
L14] Electrolyzer, compressor, storage, fuel cell Balancing service No Not exactly

[15] Electrolyzer, compressor, storage, fuel cell Secondary frequency reserve No No

[16] Electrolyzer Virtual inertia, frequency reserves No No

[17] Electrolyzer Balancing service Yes No

[18] Electrolyzer, compressor, storage Secondary frequency reserve Yes No

[19] Electrolyzer FCR-N, FCR-D No No

This paper Electrolyzer, compressor, storage FCR-N, FCR-D, network-related service Yes Yes

does not consider the network amd also did not model the
real-time activation impacts on the system’s operation.To the
best of authors’ knowledge, [19] is the only research that
suggests using an electrolyzer for FCR provision. However, the
authors did not consider the impact of frequency-driven reserve
activE}ion on the electrolyzer’s operation and the electrolyzer’s
effects on the transmission grid.

Table I compares the literature in terms of the hydrogen system
analyzed, the type of ancillary service proposed, and whether
a model was proposed to handle uncertainties of renewables
integrated with the hydrogen system, as well as uncertainties
associated with frequency-driven service activation. The final
row highlights this paper, showcasing its unique features that
distinguish it from the others.

In most ancillary service markets, participants estimate their
flexible capacity one day in advance. To accurately estimate
their flexible capacity, hydrogen systems need to consider
different service activation scenarios, which can significantly
affect their revenue. This challenge is heightened when hy-
drogen systems are integrated with renewable energy sources
like wind, due to the inherent unpredictability of renewable
energy forecasts. Despite this, current literature does not offer
a comprehensive method for addressing all key uncertainties
involved in estimating the flexible operation of hydrogen
systems. To address the gap, this paper proposes an optimization
approach to coordinate the operations of a hydrogen storage,
electrolyzer, and wind (HSEW) system (see Fig. 2). The goal
is to provide flexibility services to the transmission system
operator (TSO). The flexibility services studied include fre-
quency control support through FCR markets and participation
in congestion management for transmission lines near the
HSEW system. Additionally, the study adopts the piecewise
three-state model of an alkaline electrolyzer to account for
the non-linear behavior of the hydrogen system. The primary
contributions of this paper are as follows:

« This paper examines the HSEW system’s participation
in three reserve markets (FCR-N, upward and downward
FCR-D) while simultaneously managing congestion in
the nearby transmission network. The technical and
market requirements of these services are all modeled
and considered in this paper.

« It proposes novel robust approaches to handle uncertainties
from frequency-driven activation of FCRs and uncertain-
ties in wind power forecasts for day-ahead flexible capacity
estimation.

Furthermore, the paper develops two other strategies, named

Spot and Self-sufficiency strategies, which operate under
different frameworks. The paper compares hydrogen production,
operation, and profitability of the HSEW in the proposed model
with these two strategies using real-world market data from
Finland.

The rest of the paper is organized as follows: SectIII
describes the characteristics of the FCR services including the
payment and market participation. Section IV develops the
optimization problem regarding the coordinated operation ofE]
the HSEW. T ase study is introduced in Section V and
the results are alized and discussed in Section VI. Finally,
Section VII concludes the paper.

III. FCR PROVISION

FCR providers competitively submit bids on a daily or annual
basis to provide FCR, allowing the TSO to secure its required
flexible capacity strategically. In real-time, these frequency
control support providers must adjust their power generation or
consumption to match grid frequency deviations, aligning with
their accepted capacity reservations. Fig. 1 demonstrates how
providers modify their active power generation or consumption,
precisely matched to their allocated capacity, in response to
observed frequency changes [20].

FCR markets consist of three primary products: FCR-N,
upward FCR-D, and downward FCR-D. These products are
designed to respond to specific frequency deviations and ensure
grid stability. FCR-N is a symmetric product that can adjust
power output in both upward and downward directions. It is
typically activated when the frequency deviates 0.1 Hz from
the nominal value of 50 Hz. Upward FCR-D providers act
as disturbance responders when the frequency deviation is
between 49.1 and 49.5 Hz. They inject more power into the
grid (decrease consumption or increase production) to bring
the frequency back up. Downward FCR-D providers step in
to restrain frequency increases that surpass from 50.1 up to
50.5 Hz. Downward flexibility products consume more power
by increasing consumption or decreasing production to reduce
frequency.

If the HSEW provides FCR-N, it earns revenue based on the
price of the FCR-N capacity market. Additionally, it receives
revenue in line with the up-regulation price when the FCR-N
activates in the upward direction [21]. However, the HSEW
incurs a payment if the FCR-N capacity activates in the
downward direction, in accordance with thel down-regulation
price [21, 22]. On the other hand, FCR-D services do not entail
energy remuneration. The HSEW only receives revenue by
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FCR-D + FCR-N

FCR-N FCR-D
Power
100% of Downward . 100% of Downward| 100% of Downward
Flexible Capacity Flexible Capacity Flexible Capacity
Frequency

49-9 49.5 49.9 49.5 49.9
50.1 50.1 50.5 50.1 50.5
100% of Upward 100% of Upward 100% of Upward
Flexible Capacity Flexible Capacity Flexible Capacity

Fig. 1. Illustration of P f droop profiles for providing FCR services

reserving its capacity for FCR-D, and no payment is transacted
in either activation direction [22].

In this paper, HSEW is daily scheduled to provide FCR
services, including FCR-N, upward FCR-D, and downward
FCR-D. When the grid frequency drops below 50 Hz, the
HSEW injects wind power into the grid. To counteract
frequency increases above 50 Hz, the HSEW increases the
power consumption of electrolyzer. Moreover, we assume a
fixed-term contract between the TSO and the HSEW so that
the HSEW prevents congestion in the local transmission grid.

IV. PROBLEM FORMULATION

The objective function maximizes the HSEW’s revenue from
providing FCR services and selling hydrogen:

Hydrogen Selling Revenue

—_——
themandﬂ,H

maXPt—N’Pt—D,up’Pt—D,down ZtE‘r =+

- - —-D -D, —D,d —D,d
Pt Nﬂ_t N +Pt ,upﬂ_t ,up +Pt s ownﬂ_t s 0wn+

Capacity Revenue

—N,up p—N __reg,up —N,down p—N _reg,down
Afy Prom —Af, Prom

Activation Revenue Activation Cost

— ¥t

N——
Startup Cost

M
Where, Hydrogen Selling Revenue indicates the revenue from
selling hydrogen at the fixed price 77. Capacity Revenue
comprises the revenues earned by reserving capacity for
FCR-N, upward FCR-D and downward FCR-D. If FCR-N
capacity is activated upward, the HSEW receives Activation
Revenue according to up-regulation prices. Conversely, if FCR-
N activates downward, the HSEW incurs the Activation Cost
based on down-regulation prices. The last term in (1) refers
to the cold startup cost of the electrolyzer, which is inctﬁed
during each startup.
The introduced objective function is subjected to the constraints
that explain the HSEW’s operational limits as well as FCR
services’ requirements. Besides offering FCR services, the
HSEW also provides the TSO with network congestion
management services, ensuring that network constraints are

upheld even in the worst-case FCR activations. In this context,
the equation of power balance for each node is considered a
constraint and expressed as follows:

—N,down,mazx
n=HSEW,t,c

—N,up,maz
n=HSEW,t,c

—D,up,max
+ An:HSEW,t,c

—D,down,maz 2grid d p
—AZhsewie +FPaZnote — Lo+ Py = @)
Zn’e]\/’fn Bnm'(en,tﬁc - gn’,m)

vn' e N,Vt € T,¥e € {1,2}

In the power balance equation, the worst-case activation of
upward FCRs is represented with a positive sign, while the
activation of downward FCRs is denoted with a negative sign.
This convention reflects that upward flexibility contributes to
increased production, while downward flexibility corresponds
to increased consumption.

In the first worst-case activation scenario (¢ = 1), the TSO
activates only downward for both FCR-N and FCR-D capacities
throughout the entire timeslot, meaning that threre is no upward
activations:

—N,up,mazx _
A ZiSEwi,e—1 =0 VEET (3)

—D,up,max _
A ZhSEwi,e=1 =0 VEET (C))]

f]\]\(la’UJTL
—N,down,mazx Aff ’ —N

An:HSEW,t,g:l = Tpt VterT (®)]

—D,down

—D,down,max  __ Aft ' —D,down

An:HSEW,t,c:l = Tpt vier (6)

In equations (5) and (6), the values 0.1 and 0.4 represent the
slope of the Pf droop] as illuftfated in Fig. 1, and are specific
to the determination of FCR-N and FCR-D services|In this
paper, we calculate the maximum average frequency deviations
as follows:

Nlm Z'm(fd,t,m - 501),

if 50.1 < faym < 50.5
0.4, if fatm > 50.5.

—

—D,down __
AP = R

~Dl = max
deD

0 otherwise.

N
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e 3 (Fam — 50),
if 50 < faym < 50.1
0.1, if fypm > 50.1.

—_—
“N.d _
AfTN — max RNV = max
deD deD

0 otherwise.

®)
Where RN+ and R~P+ indicate the frequency deviation
functions for downward FCR-N and FCR-D, obtained from
Fig. 1. Equation (7) examines historical events D, find situations
where frequencies have surpassed 50.1, and computes the
average deviations for downward FCR-D at each timeslot ¢. It
then idirﬁes its maximum frequency deviations as the value

of Af7 P4 ‘In our paper, we adopt a-frequency resolution
of 1 minute and have analyzed the frequency data over the
past year. Correspondingly, Equation (8) calculates maximum
of average freqien\cy deviations for downward FCR-N at each

timeslot ¢ (Af; V%) when frequencies have exceeded 50.
In the second worst-case activation scenario (¢ = 2), only
upward activation is requested for both FCRs, with the
downward activations set to zero:

AL, =0 Vier ©)
A—D,down,maz -0 Wt 10
n=HSEW,t,c=2 — €T (10)
_Noupmaz Af; N
N,up,max —
AL W e = — g7 Vter A
_D upmaz Afy P
D,up,max J D,u;
AW e = — g0 " vter (1)

0.4

Where, the calculation of maximum frequency deviations for
upward activation of FCRs is computed as follows:

22,499 — farm),

Aft—D,up _ maXRiDT = max 04, if fd,t,m S 49.5.
deD deD
0 otherwise.
(13)
ﬁ Zm(SO - fd,ta’m)7
o if 49.9 < fq.¢.m < 50.
Aft_N’up = max RN = max ¢ 0.1, if fq;m <49.9
deD deD

0 otherwise.

(14)
R~NT and R~PT indicate the frequency deviation functions
for upward FCR-N and FCR-D, obtained from Fig. 1. As (13)
and (14) indicate, the maximum frequency deviation foDeach
timgsiot is determined by calculating the average frequency
deviafions over the past year and selecting the maximum
deviation value for each timeslot.
This paper assumes that when upward FCRs are activated, the
HSEW injects its wind power into the grid. Conversely, in situ-
ations where downward activation is necessary, the electrolyzer
increases the consumption of electricity. In the downward
situation, although wind power may still be generated, the
electrolyzer is configured to absorb wind power to prevent any
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injection into the grid.

Given that the HSEW scheduling is conducted on a day-
ahead basis, wind power is susceptible to forecast errors.
Consequently, we have devised various scenarios for wind
power and selected the scenario with the minimum wind power
as the upper limit for upward capacity to consider the robust
scheduling:

PT:N + Pth,up S Pguind,ﬁin Vit cr (15)
thind,min _ mig thsind YVt e T (16)
se ’

As expressed in constraint (15), the upward capacity of the
HSEW can subsequently be allocated between FCR-N and
upward FCR-D. For the downward capacity, to guarantee
the provision of downward FCRs, the worst-case scenario
is contemplated by anticipating that the electrolyzer should
absorb the maximum forecasted wind production:

Pt_N + Pt—D,down S Pe,m,a,gc _ thind,maz Vi cr (17)
yind,maa i
ppindmaz _ max prinf vter (18)

As indicated in Equation (17), the maximum downward
capacity of the HSEW is determined by subtracting the
maximum forecasted wind power at time ¢ from the maximum
consumption capacity of the electrolyzer. Since FCR-N capacity
is symmetric it needs to be considered to b upwarhnd
downward capacity constraints i.e. (15) and (17).

The following constraints ensure that the voltage angles of
nodes and the limits on line power flow are maintained within
their permissible ranges:

P’Z,L:LCL < Bn,n’(gn,t,c - enlat«,c) S P”’;nglz
19)
vVt € 7,¥n € N,Vc € {1,2}

O™ < 0,4 < O™ Vi T,¥n e N, Vee {1,2} (20)

This paper adopts the three-state model for alkaline elec-
trolyzers, originally proposed in [23]. At gach timeslot, the
electrolyzer can operate in only one of three modes: ON (active
hydrogen generation), OF F' (complete shutdown), or standby
(partial power, enabling quick startup):

uPN PP b =1 vter (21)

The power consumption in the ON state must stay within the
specified minimum load limit and maximum capacity of the
electrolyzer while the standby state has a constant consumption
(Psb):

Pg < PN pemar o ysbpst vt e 7

Pte Z U?Npe,min + ubeSb Vte T

(22)
(23)

[]

During each cold startup, the electrolyzer transitions from the
OFF (not ON or stand-by) state at t — 1 to the ON state at
t, as modeled by (24):

su ON ON
Up > Uy 1

However, the electrolyzer cannot come from the OF F' to the
standby state:

sb

—uil, Vter 24)

OFF

uPFF ru® <1 vter (25)
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No startup costs-are considered during the initial timeslot:

w2y =0 (26)
This paper suggests introducing a constraint, which was not
considered in [23] to ensure that the binary variable representing

startup does not equal one when the electrolyzer is not ON:

udN > 5 27

The following constraint estimates the minimum real-time
power consumption of the electrolyzer, influenced by both the
activation of FCR services and various wind power injection
scenarios:

Consumption regarding downward FCRs activation

Af;N.,dawn AffD.,down b
pPe > L Pn t P ,down
=01 ‘04 K *
A —N,up A —D,up B
Pth _‘_PfD,up _( ff01 Pt—N + ffo 1 Pt D,up) +
Non-activated upward FCRs
(28)

ﬁ? VterT
AffN,up/down

A —D,up/down
In (28), the terms ¢ !

¢ denote
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Also, each linearized segment needs to remain within its lower

and upper bounds:
P My < Py < PO MU, VEET,VPER (39)

The electrolyzer in its on-state operates exclusively within the
efficiency that is obtained from (36):

utON = Zum VterT

reR

(36)

The following formulation specifies that the electricity con-
sumption of the electrolyzer is determined by the sum of
linearized segments when it is ON, and by a constant power
when it is in standby mode:

Pf=Y Pi+ulP? Vter
reER

(37

A portion of the total hydrogen produced by the electrolyzer
is immediat routed to et current demand, while the
remainder is stored in the hydrogen storage system, as depicted
in Fig. 2. Equation (37) precisely articulates the balance among
hydrogen production, its immediate demand, and the amount
reserved in the storage:

HP™ = HI" + H™™ Yter (38)

. 0. . . 0.4 . - . . .
the mean values of activation ratio, which are estimated Em Eddmonally, there is another equation that explains how the

historical| activations, as illustrated by equations (29), (30),
(31), and (32):

1

N R (29)
Ay Drdown _ NLDR*W (30)
N NLDR—NT 31
Af Ndown _ NLDR—M (32)

As per ), the electrolyzer is designed to consume energy
in response to the activation of downward FCRs. Additionally,
it is required to absorb the non-activated segment of upward
FCRs originating from wind power. Given our consideration of
the minimum wind power scenario, the electrolyzer must also
account for absorbing the average error in forecasted wind. The
error is estimated based on the minimum wind power scenario
considered when determining the maximum reserve capacity
limit. Estimating this average error involves analyzing different
wind scenarios and their respective probabilities:

rptw — ZpS(PtL,l?nd _ thznd,mzn) Vier
sES

(33)

Where p, refers to the probability of scenario s.

As suggested in [23], the function representing the electrolyzer’s
hydrogen production in relation to its electricity consumption
has been linearized in a piecewise manner to model the non-
linear efficiency of the electrolyzer. The resulting function is
as follows:

Htpro — Z arP;it -+ [i’rum VterT
reER

(34)

hydrogen delivered to meet demand can come from storage (as
the output of storage) or directly@om the electrolyzer. This

concept is shown in Fig. 2 and written in math like this:
H;lem,and — thu + Htout,sto Yt e T (39)

This paper operates under the assumption of a daily minirml
threshold for required hydrogen, as shown in (40):

demand __ /E
> H; =D

ter

(40)

As depicted in Fig. 2, the Iadrogen must first pass through
the compressor before being sent to storage. The compressor
consumes electricity, which varies according to the storage
inputs:

Ptcom — KCHZn,sto Vier (41)

The time-varying state of charge of the storage and its maximum
allowable capacity are mathematically modeled in equations

(42) apd_(43), r ctively.
SOC° = SOCS + H™™° — g vier (42)
SOCste < SOCsto et 43)

V. CASE STUDY

The case study presents a simplified model of the standard
European High Voltage (HV) transmission network, using
line parameters obtained from [24]. In Fig. 3, the network
under consideration is illustrated, alongside-the net production
values for each node during the simulatien. As the FI;Ilre
illustrates, the HSEW is located at bus b3 while other nodes
include various types of generation units and demand. The
timeslot is contemplated one hour. The hourly net production
of other nodes is calculated by subtracting their hourly demand
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Fig. 2. Illustration of the HSEW providing flexibility services to the TSO while selling hydrogen to the demand

from their hourly production. Positive net production indicates
that the production exceeds the demand, while negative net
production signiﬁesiﬁ_g‘fner demand than production. All specific
details about the hydrogen electrolyzer, compressor and storage
are sourced from [23]. The capacities are as follows: 52.25
MWh for the electrolyzer, 22 kg for hydrogen storage, and 42
MWh for the wind park. The daily demand for hydrogen is
assumed to be 1222.44 kg.

This paper analyzes real-world price data from Finland on

Net Production (MW)

Fig. 3. Illustration of the case study along with the hourly net production of
the nodes

April 1, 2023. We focus on the annual capacity prices for three
FCR markets: FCR-N, upward FCR-D, and downward FCR-D
capacity markets. Figure 4 illustrates a comparison of these
prices.

This paper examines the activation ratios for FCRs by
analyzing one-year historical frequency data from Finland,
spanning from April 1, 2022, to March 31, 2023. The maximum
frequency deviation values are determined using equations (7),
(8), (13), and (14), while the mean frequency deviation values
are estimated using equations (29)—(32). The activation ratios

re puted ividing the frequency deviations for FCR-N
by 0.1 and those for FCR-D by 0. ordelr to account for their
activation droop characteristics. Fig. 5 represents the estimated

O

100 -@- Spot

- FCRN
FCR-D up
FCR-D down
Regulation up
Regulation down

8
0e

Price (€/MWh)

sl
BATAALA .
kAL

Hour

Fig. 4.
Finland

Comparison of spot, FCRs, and regultaion prices on 1.4.2023 in

activation ratios for FCRs. For improved clarity in presentation,
the mean values of FCR-D activation are depicted based on the
left y-axis, while the remaining activation values are illustrated
based on the right y-axis.

Furthermore, we consider six onshore wind turbines with full

~0.8

Mean FCR-D Activation Ratio

~0.2

FCR-N & Max FCR-D Activation Ratio

01234567 8 910111213 14151617 1819 20 212223

Hour -
==+ Max FCR-N Down Activation

Max FCR-D Down Activation
Mean FCR-N Down Activation
Mean FCR-N Up Activation
Max FCR-N Up Activation
Max FCR-D Up Activation

Mean FCR-D Up Activation
Mean FCR-D Down Activation

Fig. 5. The mean and maximum values of activation ratio estimated for the

Ijﬁse study

power converters, each with a capacity of 7 MWh, aligning with
the 2020 ATB NREL turbine outlined in [25]. Essential turbine
parameters and power curves can be referenced in the provided

[
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source. We utilized quantile Tggression to forecast wind power
from forecasted wind speed, erated different scenarios from
the quantiles and assign probability to each scenario using
the CDF of the quantile [26]. Accordingly, 10 scenarios (s1-
s10) are considered. Figure 6 visually represents the scenario
values alongside the respective probabilities considered for
each scenario.

For comparison purposes, this paper examines three different
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o
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o
=
o
&
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e 0.100
0.095

P 0.090

0.085

sl s2 s3 s4 s5 s6 s7 s8 s9 s10
Scenario

0
0 5 10 15 20 25 30 35
Wind Power (MW)

Fig. 6. The heatmap and line plots representing the probability and the wind
power values for each scenario

operation strategies. In all strategies, the HSEW plays a role
in managing network congestion. However, their operation
strategies differ as follows:

« Proposed operation strategy: the model suggested by this
paper in which HSEW contributes to both FCR-N and
FCR-D provision.

« Spot strategy: Introduced by [2 hich optimizes HSEW
operation based on spot market prices.

o Self-sufficient strategy: Designed to enhance Self-
sufficiency. This model aims to minimize the power
flowing into the local transmission network. The costs are
also calculated based on spot market prices.

VI. SIMULATION RESULTS

The optimization problem described by equations 1 thngh

has been formulated and solved using the JuMP package

Julia. Figure Z illustrates the optimized decision values,
representing thel FCR capacities to be offered in reserve
markets. Given the paper’s focus on addressing wind power
uncertainties robustly, the proposed operation strategy with
optimal scheduling prioritizes allocating more capacity to
downward flexible capacities. Fig. 7 showcases that the
majority of HSEW capacity is allocated fo downward FCR-D
provision, with lesser capacity dedicated to symmetrical
FCR-N provision, and none allocated to upward FCR-D
capacity.

Furthermore, the Spot and Self-sufficient strategies were
developed and solved using the JuMP package. Figure 8
compares daily hydrogen production between these three
strategies. "H2D” represents hydrogen delivered to meet
demand, while “Total Hydrogen” signifies overall hydrogen
production from the electrolyzer. The proposed operation
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Fig. 7. Optimal capacities devoted to each reserve product in the proposed
operation strategy

strategy prioritizes hydrogen production alongside FCR
market operations. Notably, it utilizes hydrogen storage and
compression, leading to higher total hydrogen production
compared to H2D at certain hours. In contrast, the Spot strategy
follows spot market price patterns, with lower prices resulting
in increased hydrogen production. The Spot strategy does
not view hydrogen storage as a profitable option. Conversely,
the Self-sufficient strategy minimizes hydrogen production to
prevent excessive power entering the local grid. Hydrogen
production occurs during hours of positive net production in
the local transmission network. Similar to the Spot strategy,
the S@f—sufﬁcient strategy does not utlize the storage. Figure
9 further demonstrates that the proposed operation strategy
maximizes the consumption of the electrolyzer, while the
Spot strategy adjusts electrolyzer consumption according to
spot prices. In contrast, the Self-sufficient strategy minimizes
electrolyzer’s electricity usage altogether. In this figure,
the white square denotes the mean value of electrolyzer’s
consumption for each strategy.

-+ Proposed H2D m
—:— Spot H2D
— Sef-sufficient H2D
1500 1 [E==3 Proposed Total Hydrogen
W Spot Total Hydrogen
Self-sufficient Total Hydrogen

1000

Hydrogen (kg)

i
500 \ .’ ) ‘]

LI e

012345678 91011121314151617181920212223
Hour

Fig. 8. Optimal hydrogen delivered to demand (H2D) and the total hydrogen
produced by the electrolyzer (Total Hydrogen) for three studied strategies

Figure 10 depicts the revenues and costs in the proposed
operation strate; ydrogen selling revenue is shown on the
right y-axis, w other costs and revenues are displayed
on the left y-axis. The figure highlights that after hydrogen
selling, a significant portion of HSEW revenue comes from FCR

acity revenue. Activation costs for downward FCR-N are
relatively minor compared to its capacity revenue. Additionally,
the optimized scheduling maintains the electrolyzer in ON-
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Fig. 9. The box plot representing the distribution of electrolyzer’s consumption
in three studied strategies

mode operation due to its high startup cost.
In contrast to the proposed operation strategy, the Self-

w
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Fig. 10. The hourly illustration of costs and revenues brought from the
proposed operation strategy.

sufficient and Spot strategies have limited revenue sources.
HSEW profits solely from selling hydrogen and, if net
production is positive, from selling wind power production at
spot market prices. Conversely, when net production is negative,
HSEW incurs costs for electricity consumption. Figure 11
illustrates the costs and revenues when HSEW is optimized
according to spot market prices. The figure reveals that buying
electricity results in negative revenue when HSEW produces
hydrogen. However, when hydrogen production ceases, HSEW
can generate revenue by selling its wind production at spot
market prices. Figure 12 presents the revenues and costs
associated with the Sel ficient strategy. In this scenario,
the electrolyzer is turned off for 5 hours, as the Self-sufficient
strategy prioritizes Self-sufficiency over economics. However,
the high startup cost imposes significant expenses on HSEW
in the Self-sufficient strategy.

Finally, Table I compares the daily profits obtained from these
three strategigs; The results show that participating in FCR
markets can mrease HSEW’s profit by more than 2.6 times
compared to when HSEW operates solely based on spot market
prices. Additionally, the significant impact of startup costs is
evident in the Self-sufficient strategy, where profits are 8 times
lower than in the proposed operation strategy.
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TABLE II
COMPARISON OF TOTAL DAILY PROFIT FOR THREE STUDIED STRATEGIES

Self-sufficient
7029.08

Spot
21440.37

Proposed
57428.31

Strategies

Profit (€)

2500 e Startup Cost
Hydrogen Selling Revenue

=1 Spot Market Revenue

2000

1500

Revenue (€)

IFTTrrrrrrrrrrnd
1112 13 14 15 16 17 18 19 20 21 22 23

Fig. 11. The hourly illustration of costs and revenues brought from the spot-
market-participation-based operation strategy.

VII. CONCLUSION

This paper introduced a novel method to optimize the

coordination of HSEW operation to align with the requirements
of the TSO. HSEW can serve multiple purposes, including
providing FCR for normal operation and disturbance scenarios,
as well as assisting with congestion management. The method
addressed wind power uncertainty robustly while considering
detailed electrolyzer states and FCR market characteristics,
including activation features.
In the simulation section, we compared the performance and
profitability of our proposed operation strategy with two
others: Spot, which operates based on spot prices, and Self-
sufficient, which emphasizes the grid’s Self-sufficiency. The
results showed that our proposed FCR-market-participation-
based strategy produces significantly more hydrogen compared
to the other strategies whereas the Self-sufficient operation
tegy minimizes hydrogen production. Also, utilizing the
hydrogen storage was only found to be profitable in the
proposed operation strategy. In profitability, our FCR partic-
ipation strategy earns 2.6 times more than the Spot-market-
participation-based operation strategy and 8 times more than
the Self-sufficient one.
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