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1 Introduction 

1.1 Background 
The production, distribution, and utilisation of electricity are undergoing significant 
changes. Due to the growing concerns about global climate issues, the European Union 
(EU) has been promoting sustainable development in the energy sector. Since the 
introduction of the Renewable Energy Directive [1], the share of renewable energy 
sources (RES) in gross final energy consumption at the EU level has increased from 12.5% 
in 2010 to 23% in 2022 [2]. In Estonia, the share of RES in gross final energy consumption 
increased from 24.6% to 38.5% during the same period [3]. Initially, the Renewable 
Energy Directive had set the target of meeting 32% of overall energy needs with 
renewable energy by 2030. However, due to the rapid pace of clean energy transition, 
the target was increased in 2018 to 42.5% [4]. Furthermore, an ambitious goal has been 
set by the European Green Deal for Europe to become the world’s first climate-neutral 
continent by 2050 [5]. 

The regulatory pressure to shift towards sustainable energy production has resulted 
in increasingly more Variable Renewable Energy (VRE) sources, such as wind and solar, 
being integrated into power. However, unlike traditional power sources, the generation 
of VREs is uncontrollable, stochastic, and challenging to predict. As a result of the growing 
employment of VREs, the grid operators face increasingly significant challenges to 
preserve grid stability as they must constantly balance energy supply and demand in 
order [6]. Absence of flexibility in a power network is characterised by fluctuations in 
voltage [7], [8], [9], frequency [10], and electricity price [11]. To address this challenge, 
additional innovative solutions are required, such as the utilisation of aggregated energy 
flexibility from energy storage systems, flexible loads [12], and demand response 
programs [13]. Grid-scale battery energy storage systems (BESS) play a crucial role in 
maintaining grid stability by offering ancillary services like frequency regulation, voltage 
management, and relieving congestion. Recent studies [Paper VI] on integrating BESS in 
the Baltic region have shown their capacity to improve power system flexibility, optimise 
energy distribution, and facilitate the incorporation of renewable energy sources. 
Leveraging these solutions would allow grid operators to supply energy efficiently and 
reliably while reducing the power sector’s carbon footprint. However, it is challenging to 
supply more than 30% of annual demand using VRE at the present levels of energy 
flexibility [14]. 

The sources of energy flexibility may be roughly classified into two main categories: 
demand-side and supply-side flexibility [15]. Traditionally, power balance has been 
controlled from the supply side by modifying the output of power plants to adapt to 
variations in demand. Supply-side flexibility can be obtained by integrating power 
production units with varying response times into the power grid.  

Demand-side flexibility sources include controllable loads in residential [16], 
commercial [17], and industrial [18] settings. Flexibility sources in residential buildings 
include appliances like electric heating systems, water heaters, refrigerators, dishwashers, 
washing machines, battery storage systems, and electric cars that may be controlled to 
some degree while still preserving user comfort. In commercial buildings, the heating, 
ventilation, and air conditioning system (HVAC) and lighting are significant consumers 
that account for around 74% of the electricity consumption [19]. These systems can be a 
good source of energy flexibility as they can be controlled within the regulatory bounds 
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set for workers’ well-being. Sources of flexibility in industrial loads are case-specific; 
for example, cold storage can be used as a source of flexibility in the food or fishing 
industry [18]. 

Due to the small scale of individual households, they may not provide enough 
flexibility to contribute to grid improvements or to participate in energy markets alone. 
Therefore, aggregation is necessary to build up a portfolio of smaller controllable loads 
that act as a more sizeable entity [Paper II]. Aggregators act as intermediaries between 
end-users and system operators, offering their combined flexibility to various energy 
markets such as wholesale, reserve, and ancillary.  

At present, changes within households are occurring at a rapid pace; they are evolving 
into prosumers and forming communities that display similar behavioural patterns based 
on their geographical locations. A study [20] assessing the flexibility potential in Northern 
Europe, which includes Sweden, Denmark, Norway, Finland, Estonia, Latvia, and Lithuania, 
estimated it to be between 12 and 23 GW, or 15 to 30% of the region’s peak consumption, 
thus highlighting the significance of this issue. Consequently, the flexibility potential of 
community microgrids in Northern Europe (hereafter: CMGs), comprising households as 
well as businesses and services, ranges from 8 to 19 GW, with households accounting for 
3 to 13 GW of that total. Research indicates [Paper IV] that local energy communities can 
enhance their economic performance by over 10% by functioning as aggregators and 
delivering grid services directly to system operators. 

1.2 Motivation 
The existing electrical grids have been designed with a large focus on centralised power 
generation. However, grid management has become more challenging with the growing 
use of renewable distributed energy resources. To address these challenges, one 
potential solution is to utilise demand-side energy flexibility. Unfortunately, residential 
demand-side energy flexibility has not been fully utilised, as individual prosumers cannot 
provide enough capacity. An aggregator is required to manage demand-side energy 
flexibility. However, aggregators must use an appropriate quantification method to make 
informed decisions about utilising prosumers’ energy flexibility in their portfolios. 
Therefore, this research was motivated by the current topical direction of research of 
developing appropriate methods for assessing the quantity of aggregated energy 
flexibility of residential electricity consumers. This PhD thesis aims to contribute to the 
existing literature by proposing a novel quantification method for aggregated energy 
flexibility based on the relationship between flexible power and the duration its 
activation can be sustained. The flexibility curves offer crucial insights for aggregators to 
make informed decisions about utilising their portfolios. 

1.3 Aims, hypothesis, and research tasks 
The main aim of this PhD research is to study and develop a novel method for quantifying 
aggregated energy flexibility of flexible devices in residential buildings, which will allow 
aggregators to gain better insights into how to utilise energy flexibility. 

Hypotheses: 
1. Quantifying energy flexibility using power-duration curves provides a more

accurate and practical representation of flexibility compared to single-value
metrics, offering insights into both short-term and long-term flexibility
potentials
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2. Aggregated energy flexibility is asymmetric and non-linear, with different
capacities for increasing and decreasing power and a non-proportional
relationship between activation power and duration

3. Asymmetry of energy flexibility potential impacts the grid stability differently,
with demand increase showing more significant rebound effects

4. Rebound effects in demand-side flexibility activations cause more significant 
changes to the demand profile than the flexibility activations themselves

Research tasks: 
1. Analysis of definitions, sources, aggregation process, and aggregation barriers

for demand-side energy flexibility (Chapter 2)
2. Analysis of existing quantification methods of residential demand-side energy

flexibility (Chapter 3)
3. Development of a novel method that quantifies energy flexibility using

power-duration curves (Chapter 4)
4. Conducting a simulation-based case-study to illustrate the quantification

process and showcase its strengths and weaknesses (Chapter 5)

1.4 Contribution and dissemination 
This research contributes to advancing the understanding of energy flexibility in 
residential energy systems. The proposed methodology for quantifying flexibility through 
power-duration curves offers a novel and dynamic approach that addresses significant 
gaps in current methods. In contrast to static or single-value indicators, the approach 
developed captures the non-linear, asymmetric, and temporal characteristics of energy 
flexibility, presenting a thorough framework for both short-term and long-term 
applications.  

The results of this thesis have been disseminated within academic and professional 
communities. Key findings have been presented at one international conference and 
have been published in two peer-reviewed journals, ensuring that the methodology and 
insights are accessible to a wider audience. The novelties of this thesis are as follows: 

• Development of a power-duration curve approach as a new method for
quantifying energy flexibility. This method offers a detailed and dynamic
representation of flexibility over various time frames, providing a more
nuanced overview compared to single-value metrics.

• The identification of asymmetric and non-linear properties of energy
flexibility that challenge the traditional linear models of energy flexibility,
providing a more accurate and comprehensive understanding, which is
essential for improving demand response and load management strategies.

• The identification of the rebound overshoot phenomenon, where energy
consumption starts oscillating after the rebound effect, which system
operators would need to account for to maintain the balance.

This doctoral thesis was supported by the Estonian Research Council grant PSG739, 
the European Commission through H2020 project Finest Twins grant No. 856602, 
the Estonian Centre of Excellence in Zero Energy and Resource Efficient Smart Buildings 
and Districts ZEBE, grant 2014-2020.4.01.15-0016 funded by European Regional 
Development Fund, the Project “Increasing the Knowledge Intensity of Ida-Viru 
Entrepreneurship” co-funded by European Union under Grant 2021-2027.6.01.23-0034, 
and by European Union and Estonian Research Council via Project TEM-TA78. 
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1.5 Application 
Over the past ten years, there has been considerable growth in residential energy 
systems in Estonia, driven by the rising adoption of renewable energy sources and 
advanced energy technologies. During this timeframe, around 60 000 new residential 
dwellings were built. These buildings are outfitted with various energy systems, such as 
heating systems, water heaters, and sometimes battery storages, providing significant 
energy flexibility opportunities. It is essential to quantify the flexibility of these systems 
effectively.  

The most significant energy-consuming devices in residential homes are space heaters 
and water heaters, accounting for approximately 60% and 20% of total energy use, 
respectively [21]. This illustrates the considerable flexibility residential loads could offer 
when integrated with smart control systems. Battery storage systems, which are becoming 
more prevalent in residential and commercial buildings due to their integration with 
rooftop solar panels, have the capacity to provide both short-term and long-term 
flexibility for maintaining grid stability. 

Aggregators play a critical role in harnessing this flexibility. By pooling the flexibility 
potential from separate households and commercial structures, aggregators can generate 
a valuable resource for engaging in energy markets. For instance, if 50 000 residential 
units each provide 0.5 kW of flexibility during a demand response event, the total 
aggregated flexibility would reach 25 MW – enough to influence grid stability and the 
dynamics of energy markets significantly. In the context of Estonia, the flexibility provided 
by residential energy systems could greatly improve the ability to incorporate renewable 
energy into the grid. With manual frequency restoration reserve (mFRR) activations 
averaging 8.7 MWh during up-regulation events in 2022 [22], the possible contribution 
from residential systems could account for a substantial portion of this demand. 

The power-duration curve method proposed in this research offers a strong tool 
for quantifying and optimising aggregated flexibility. By accounting for the dynamic, 
non-linear, and asymmetric characteristics of these energy systems, the method 
facilitates accurate forecasting and operational planning. It allows flexibility to be utilised 
efficiently, aligning the grid’s requirements with the operational limitations of each 
system. Additionally, the rebound effects and asymmetric behaviours identified in this 
research emphasise the necessity for advanced methods, such as the power-duration 
curve, to ensure that flexibility is utilised both effectively and sustainably. 

1.6 Thesis outline 
The thesis is structured into three main sections. Chapter 2 offers a comprehensive analysis 
of the concept of energy flexibility, its sources, aggregation, and the challenges and barriers 
faced by aggregators. Chapter 3 provides an analysis of existing quantification methods 
highlighting the need for a more robust approach. In Chapter 4, a new quantification 
method based on power-duration curves is proposed and explained in detail. Chapter 5 
presents case studies that quantify the energy flexibility of residential space heating, 
domestic water heaters, and battery systems. Finally, Chapter 6 concludes the thesis and 
offers recommendations for future research topics. 
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2 State of the art 
As energy systems adapt to accommodate greater shares of renewable energy, the role 
of demand-side flexibility has become increasingly significant. This chapter offers a 
thorough examination of energy flexibility, its sources, and the challenges associated 
with its aggregation. It investigates the potential of various flexible resources, such as 
residential loads, battery storage, and electric vehicles, while also analysing the role of 
aggregators in utilising these resources for grid stability and market participation. 
The discussion highlights existing regulatory and market barriers, laying the groundwork 
for the subsequent analysis of flexibility quantification methods in the following chapter. 

2.1 Characterisation of energy flexibility 

2.1.1 Definition of energy flexibility 
The concept of energy flexibility currently lacks a universally accepted definition. Various 
researchers have made efforts to define it within their respective fields of specialisation. 
Some researchers define flexibility simply as “the ability to deviate from its reference 
electric load profile” [23] or as “the ability to reshape consumption patterns when 
interacting with the power grid” [24]. More comprehensive definitions include “DSF can 
be defined as the ability to strategically alter electricity usage by consumers (either 
commercial or residential) from their normal consumption profiles, by responding to 
control signals from grid operators and/or financial incentives from electricity 
generators/aggregators. The scope of these signals is to modulate and optimise 
electricity usage and to balance electricity production and consumption” [25]. The IEA 
EBC Annex 67 project ‘Energy Flexible Buildings’ [26] has compiled an overview of the 
definitions of energy flexibility used by researchers in the literature, leading to the 
proposal of a general definition: “The energy flexibility of a building is the ability to 
manage its demand and generation according to local climate conditions, user needs, and 
grid requirements. Energy flexibility of buildings will thus allow for demand-side 
management/load control and thereby demand response based on the requirements of 
the surrounding grids”.  

2.1.2 Properties of flexibility 
Flexibility services in the electrical grid refer to modifications in power generation or 
consumption that occur at a designated time, last for a specified period, and take place 
at a certain location within the grid. These services are characterised by several aspects, 
including whether they (a) increase or decrease power (direction), (b) the capacity of 
power adjustment, (c) when the adjustment begins, (d) how long it lasts, and (e) where 
it happens in the grid [27], [28], [29], as shown in Figure 2.1. 
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Figure 2.1. Properties of a flexibility service. 

Additionally, other key attributes often discussed include how controllable and 
predictable these services are, their availability over time, the timing of delivery, and the 
associated costs or efficiency losses incurred by activating these services. 

• The directional property describes the power flow direction of flexibility
sources, distinguishing between those that consume energy and those that
generate it. Flexibility sources may be unidirectional, either purely generating
or consuming, or bidirectional, capable of both. Appliances like heat pumps,
water heaters and washing machines, which only consume energy, are
examples of purely consuming flexibility sources. Conversely, sources like PV
panels and wind turbines, which generate power, are purely generating
sources. There are also sources like battery storage systems and electric
vehicles that are capable of both consuming and generating energy, thus
classified as having bidirectional flexibility or being prosumer-capable loads.

• The power capacity attribute defines the power adjustment that a flexibility
service can alter. When combined with the duration for which the flexibility
service can be activated, flexibility sources can be classified as either capacity
or energy type sources. Capacity type sources can be activated for a brief
period with high power, while energy type sources can be activated for a
longer duration but with lower power output.

• The starting time property refers to the delay between receiving the
activation signal and the commencement of the flexibility service.
Furthermore, certain flexible sources may only be activated during specific
times of the day, either due to the owner’s specifications or the inherent
characteristics of the source.

• The location property describes the real position of the flexibility source in
the distribution grid. For the distribution system operator (DSO), identifying
the location where flexibility is required could be crucial for resolving
congestion issues, whereas for the transmission system operator (TSO) and
balance responsive party (BRP), the location holds less significance as their
goal may simply be to balance generation and consumption [27].
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2.1.3 Flexibility function 
The Flexibility Function (FF) is a more complex characterisation method that can be 
employed to characterise energy flexibility controlled through penalty signals. Penalty 
signals are external control signals used by flexibility sources with penalty-aware 
controllers to adjust their demand. The consumer’s incentive is to minimise their 
accumulated penalty. Depending on the purpose of controlling flexibility, penalty signals 
can represent different properties [30], such as: 

• Real-time CO2 emissions from consumed energy, where the flexibility
controller aims to reduce overall carbon emissions, thus becoming emission
efficient.

• Real-time electricity prices, where the objective is to minimise the total cost
of consumption, thus achieving cost efficiency.

• If a constant penalty is in place, the flexibility controller will work to minimise
total energy consumption and achieve energy efficiency.

• A penalty signal could consist of the mentioned elements combined, or it
could be designed with different goals in mind, like decreasing peak power
usage, addressing voltage and frequency issues, or managing grid congestion
[31]; in such instances, the location of the utilised flexibility is also considered
when creating a penalty signal.

Figure 2.2. Flexibility Function depicting the expected response of energy flexible buildings. 

FF was first introduced in [32] to capture the dynamic connection between the penalty 
signal and a penalty-aware demand that reacts to it. Typically, energy flexibility is 
characterised using static functions for specific stable states that do not account for 
changes over time, so the FF aims to explain the dynamic behaviours that result from 
utilising energy flexibility. It is crucial to observe the dynamics because activating energy 
flexibility inherently involves deviating from normal operational set points. The FF can be 
developed by analysing time-series data, simulations, or from the first principles of a 
comprehensive model that encompasses constraints, occupancy behaviour, controllers, 
and boundary conditions. An illustration of an FF is provided in Figure 2.2, where energy 
flexibility can be characterised by the following parameters [30]: 
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• 𝝉, the time delay from when the penalty signal is adjusted to the earliest
response in demand. This delay can be caused by communication delays or,
in some instances, by extensive computation in optimisation algorithms.
Additionally, certain appliances may require time to complete their current
operations before they can be shut off.

• 𝜶, the duration for flexibility to become fully activated after the beginning of
the response. This is influenced by the reaction speed or the energy inertia
of the flexibility source.

• 𝜷, the duration for which the flexibility can be activated, which varies based
on the energy capacity of the flexibility source. For instance, well-insulated,
large, heavy buildings can have long durations, whereas smaller, poorly
insulated buildings cannot adjust their demand for significant periods.

• 𝚫, maximum demand adjustment that refers to the power capacity of the
flexibility source.

• A, the total amount of energy that the flexibility source can decrease (or
increase) in demand before reaching the constraints set by the owner of the
flexibility source. It is a crucial factor if activating flexibility requires shifting
significant energy.

• B, represents the total energy required to rebound from the deviation caused
by the previously activated flexibility. The type of flexibility source influences
this. For instance, if heating is turned off to reduce demand, it will
subsequently need to be turned on again to return to the initial temperature.
However, in the case of dimmed lighting, there is no need to increase the
brightness above normal levels afterwards; therefore, in such case, there is
no rebound.

Figure 2.3. Flexibility functions of buildings with different energy inertia. 

FF can be used to assess an individual or a group of flexibility sources, such as a single 
building or a combination of buildings. Figure 2.3 illustrates an instance of FF for buildings 
with varying thermal mass. Building 1 possesses a substantial thermal mass, resulting in 
a notable rebound effect, building 2 is of medium size, and building 3 has poor insulation 
and resistive heating. The combined FF of these buildings is depicted by the black line. 
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2.2 Sources of energy flexibility 
Buildings have great potential to be used as a source of aggregated energy flexibility. 
In 2018, the building sector in the EU was responsible for about 40.3% of final energy 
usage (26.1% in households and 14.2% in the service sector) [33]. Various factors influence 
the energy flexibility that a building can offer [32]: 

• The physical attributes of a building (including its thermal mass, insulation,
and architectural layout).

• The controllable loads within the building (such as ventilation, heating, and
storage equipment).

• The installed control systems that allow controllable loads to respond to
external signals (such as control or penalty signals based on electricity price,
emissions, etc. [34]).

• The behaviour of the building occupants and their comfort needs.
The Annex 67 project categorised building energy loads into three groups according to 

their importance and the necessary conditions for adjusting or altering their consumption. 
• Shiftable loads can be rescheduled to off-peak hours by using a penalty

signal. These loads can usually be rescheduled without significantly affecting
the occupant’s comfort. Shiftable loads are further categorised into shiftable
profile loads, such as washing machines, which have a fixed energy profile
but can be moved, and shiftable volume loads, such as charging devices,
which allow the energy profile to change within certain limits while meeting
the total volume over a specific time period [35].

• Non-shiftable loads, such as lighting, cooking appliances, computers, and
televisions, cannot be easily adjusted and cannot be moved, regardless of the 
energy cost. This is primarily because of occupant comfort requirements.

• Other controllable loads can be regulated using optimal control methods
through thermostat adjustments, fan speed regulation, or dimming (for
example, in HVAC systems, water heaters, and non-essential lighting).

2.2.1 Residential flexible loads 
The flexibility of residential loads can be defined based on the type of appliance they 
are, categorised as storable, non-storable, shiftable, non-shiftable, curtailable, or  
non-curtailable loads [36], [37]. This categorisation helps to deduce an appliance’s 
potential to participate in demand response. Residential loads can be first grouped into 
storable and non-storable loads, with non-storable loads further classified as shiftable 
and non-shiftable. Additionally, non-shiftable loads can be subcategorised into curtailable 
and non-curtailable loads. Non-curtailable loads, such as non-storable, non-shiftable, and 
non-curtailable, are considered inflexible base loads that cannot be controlled. 

• Storable loads decouple power consumption from the end-use service
through the use of batteries or thermal inertia. These types of loads store
electrical energy in a different form, such as thermal or electrochemical.
Examples of this type of load include batteries, electrical heating/cooling
(HVAC) [38], and domestic electric water heating (EWH) appliances that store 
energy in a thermal mass.

• Shiftable loads can be rescheduled in time to operate earlier or later than
they should because they have temporal flexibility. It is necessary to plan
ahead for shiftable loads, as they often have a predetermined operational
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cycle that must be maintained. Some examples of shiftable loads include 
washing machines, dryers, and dishwashers. 

• Curtailable loads cannot be shifted because of the consumers’ comfort
requirements or because there is no need to shift them, such as in the case
of room lighting. Nevertheless, curtailable loads can be stopped if consumers 
are provided with enough incentives.

A summary of typical residential loads based on the aforementioned classification and 
their adaptability features is provided in Table 2.1. In order to evaluate the potential for 
aggregation of flexible loads, it is possible to categorise them based on whether they are 
capacity or energy-based, their response direction (unidirectional upward or downward, 
or bidirectional), speed of response, duration of response, availability, and predictability 
[39]. 

• The type (capacity or energy) indicates the energy-to-power ratio of the
flexible load. Flexible loads with a low ratio can deliver high power but cannot 
sustain it for a long time, making them more suitable for providing short-term
flexibility services such as ancillary services. On the other hand, loads with a
high ratio can provide power for extended periods and are therefore
categorised as energy-type loads, making them better suited for longer
applications like load levelling.

• The response direction determines the direction of power flow for the load.
Some may only be in one direction, either up or down, and function as either 
a load or a producer, but not both. Bi-directional sources of flexibility, such
as battery storage devices, can operate as prosumers, sometimes consuming
power and other times supplying power.

• The response speed at which residential flexible resources activate is typically
fast, ranging from seconds to minutes, but it also relies on the availability of
the load for flexibility usage.

• The response duration is the time period for which a flexible load can
maintain its power at the maximum level in relation to its nominal power
when required. According to [39], the maximum response duration can
sometimes be calculated by dividing the allowable energy range by the
maximum power capacity (for example, for a 50 kWh battery with a 10 kW
charging/discharging power, it would be 5 hours). The response duration of
flexible loads may vary based on the technology used and consumer
behaviour.

• The availability determines how often and when the flexible load is available 
for activation, which varies depending on the load. Electric vehicles, for
example, are typically accessible in the evening and at night, as they are often 
parked away from residential areas during the day. Conversely, wet
appliances may have limited availability, as they can only be activated at
specific times and usually once a day.

• The concept of predictability refers to the accuracy of estimating the
availability of a flexible load. Certain loads, such as battery systems, can be
highly predictable, while electric vehicles (EVs) are more likely to be
accessible between 6 PM and 6 AM. On the other hand, loads like washing
machines and dishwashers are less predictable due to their usage being
limited to a few hours per week and being influenced by consumer
behaviour.
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Table 2.1. Characterisation of residential flexible loads. 

Appliance type Storable appliances 

Non-storable appliances 
Shiftable 

appliances 
Non-shiftable appliances 

Curtailable Non-curtailable 

Flexibility 
characteristics 

Electric 
Vehicles (EV) 

Battery 
Storage 
(BESS) 

Heating 
and 

cooling 
(HVAC) 

Electric 
Water 
Heater 
(EWH) Refrigerators 

Wet 
appliances 
and dryers Lighting 

Cooking 
Devices and 
other ‘must-
use’ home 

devices 
Interruptible Yes Yes Yes Yes Yes No1 Yes No 

Capacity or 
energy type Both Both Capacity Both Capacity Capacity Depends2 - 

Response 
direction Bidirectional3 Bidirectional Downward Downward Downward Downward Downward - 

Response speed Quick Quick Fast Fast Fast Moderate Quick - 

Response 
duration Hours Hours Minutes Hours Minutes Minutes Hours - 

Availability Evening and 
night Always Often Often Always Rarely Evening - 

Predictability High Perfect High High High Moderate Good - 
1 Wet appliances such as washing machines are interruptible for up to couple of minutes. 
2 New efficient low-power LED lighting systems are energy type while older less-efficient lighting systems are power type. 
3 With vehicle-to-grid technology EVs can respond in both directions. 
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to traditional capacity and balancing markets, which impose minimum capacity 
requirements. However, there is no agreement on the optimal market design, such as 
trading methods, clearing processes, regulatory mechanisms, or business models that 
P2P trading should adopt. 

Research has identified essential components and strategies in P2P energy trading by 
creating a three-dimensional system framework [90]. The first dimension focuses on 
enabling the seamless exchange of information among the power grid layer, ICT layer, 
control layer, and business layer. The second dimension takes into account the size of 
the participants, which includes premises, microgrids, cells, and regions. In the third 
dimension, the temporal aspect of P2P trading is represented through the processes of 
bidding, exchanging energy, and settling transactions. 

There have been several real-life demonstration projects related to P2P trading [91], 
including EnerChain, Electron [92], Piclo [93], SonnenCommunity [94], and Vandebron 
[95]. An overview of these and additional P2P initiatives can be found in [96], [97], 
and [98]. A trading platform named “Elecbay” was developed in [90] to support P2P 
trading within a grid-connected LV microgrid. That study indicated that a greater variety 
of energy consumers and prosumers can enhance the balance of local generation and 
consumption.  

In [99], three types of P2P market designs were suggested: bill sharing, mid-market 
rate, and auction-based pricing methods. It was determined that with moderate PV 
penetration, P2P trading could lead to a cost reduction of approximately 30% for 
end-users. According to another study [100], P2P trading achieved savings of 16%, 
and when combined with either centralised or decentralised battery storage, it resulted 
in savings of 24% and 31%, respectively. 

The study in [98] examined three distinct designs for P2P markets: a complete 
P2P market design in which peers engage in direct trade with one another; 
a community-based market design that involves a community manager facilitating 
inter-community trading and acting as an intermediary between the community and the 
broader system; and a hybrid P2P design that merges the two previous approaches, 
establishing a hierarchy of various layers where peers trade directly within their own 
layer. The paper concluded that the hybrid P2P market design serves as an effective 
compromise, offering appropriate scalability while allowing for P2P interactions. 

A hierarchical framework is proposed in [101] that facilitates peer-to-peer (P2P) 
trading through smart contracts based on blockchain technology across residential, 
commercial, and industrial domains. It is observed that scalability presents a challenge 
for the execution of P2P trading. To tackle the scalability issue, the authors of [102] 
suggested a dynamic allocation of P2P clusters that optimally aligns various load and 
renewable profiles that can enhance each other. The advantage of clustering is 
highlighted as the improved scalability of P2P trading with an increasing number of 
participants. 

A thorough review of P2P energy trading is presented in [103], highlighting key 
research areas as follows: (1) the architecture of trading platforms, security assessments, 
and scalability; (2) transaction mechanisms that utilise blockchain technology;  
(3) modelling participant behaviour through game theory; (4) simulations to validate
the other primary subjects; (5) strategies to enhance the economic advantages for peers; 
and finally, (6) algorithms that integrate the aforementioned primary topics.
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2.3.2.3 Selling energy efficiency 
An alternative business model for aggregators could involve selling surplus energy 
efficiency (EE) to entities that are unable to meet the legally mandated EE requirements 
[104]. This is necessitated by the various emissions, environmental, and energy efficiency 
regulations that generation stakeholders must follow. If the energy efficiency achieved 
through the aggregated flexibility exceeds the legally required minimum, the business 
model would need to monetise this surplus EE for profit. This type of demand response 
(DR) business approach is commonly known as “energy savings certificates (ESC)”, 
“energy efficiency credits (EEC)”, or “white tags” [105]. 

2.4 Barriers and challenges faced by aggregators 
The EU has recognised through the Internal Electricity Market Directive [106] that in the 
future, “market participants engaged in aggregation are likely to play an important role 
as intermediaries between customer groups and the market”. Consequently, they have 
established various regulatory guidelines [74], [106], [107] to motivate Member States 
to eliminate discriminatory provisions and obstacles concerning aggregators’ access to 
electricity markets and their involvement in ancillary services. Nonetheless, it is the 
responsibility of each individual Member State to “choose the appropriate implementation 
model and approach to governance for independent aggregation while respecting the 
general principles set out in this Directive” [106]. 

The Clean Energy for All Europeans Package [107], issued in 2019, established new 
regulations aimed at creating a more flexible and market-driven EU electricity market 
that can accommodate a more significant proportion of renewable energy sources. 
While it does not mandate that Member States actively support aggregation business 
models, the package instead focuses on ensuring fair market conditions for aggregators, 
with the expectation that once a “levelled playing field” is established, innovative 
products and services will emerge [108]. 

The survey [109] carried out by the European Network of Transmission System 
Operators for Electricity (ENTSO-E) regarding the procurement of ancillary services and 
the design of electricity balancing markets reveals significant variances in market designs 
across European countries. These disparities could be attributed to the historical 
development of markets in these countries or arise from the mix of electricity generation; 
some countries rely on fewer large, traditionally centralised producers, while others 
utilise a more significant share of renewable energy in a decentralised approach. 

Due to varying market designs, the obstacles for aggregators to enter the markets 
differ by country. The challenges for aggregators in Denmark, France, Germany, and the 
UK were evaluated in [110]. Similarly, the hurdles in Austria, Germany, and the 
Netherlands were examined in [111], and the authors of [112] investigated the Belgian, 
Finnish, French, and UK market barriers. Barriers preventing participation in ancillary 
services within the U.S. electricity markets were also analysed in [113]. The general 
obstacles that deter customers from participating in demand response programs are 
discussed in [114]. 

A modular framework was created in [142] to evaluate the obstacles faced by 
distributed energy resources (DERs) in primary and secondary reserve markets. This 
framework is organised into three hierarchical modules, with the first having a more 
significant influence than the second, which in turn influences the third the most.  
The first module addresses “rules regarding the aggregation of DERs”, which include 
technical biases against combined resources, interoperability between DSOs, and levels 
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of aggregation. The second module covers barriers from “rules defining the products in 
the market”, such as minimum bidding requirements, product time definitions, proximity 
to real-time reservations, and product symmetry. The challenges in the third module 
arise from “rules defining the payment scheme for grid services”, which involve the 
payment type and additional incentives for flexibility. 

The research discussed in [110] was further developed by the authors of [111] and 
[112] who introduced their models to categorise the obstacles faced by DER aggregators. 
According to the framework established in [111], barriers that prevent aggregators from
participating in the electricity market can primarily be divided into two categories: those 
related to market access and those related to auction configuration. Market access
barriers encompass formal access requirements, administrative elements, and technical
prequalification criteria, whereas auction configuration barriers consist of bid-related
specifications, time-related factors, and remuneration issues. The framework presented
in [112] classifies barriers into three types: regulatory, technical, and economic.

According to [110], to encourage aggregator participation, the rule changes should 
involve lowering the minimum bid size, adopting a more adaptable definition of the 
delivery period, conducting auctions daily, and allowing the delivery of asymmetrical 
products. Research of [111] indicates that flexible pooling conditions, increased bidding 
frequency, improved product resolution, and the acceptance of non-precontracted bids 
could facilitate the integration of DERs into the market. Additionally, the authors of [112] 
suggest that the minimum bid size, bid symmetry, and product resolution significantly 
influence aggregator income. 

Building on previous researchers’ work, the barriers aggregators face are categorised 
in this thesis into four categories: those related to the regulatory framework, market 
conditions, economic challenges, and the technological aspects of aggregation. A summary 
of these barriers is provided in Figure 2.4. 

The regulatory framework barriers include restrictive rules prohibiting or hindering 
aggregators’ operations. The organisations that create these regulations may consist of 
government bodies, regulatory agencies, TSOs, and other entities with authoritative 
power. Examples illustrating the origins of regulatory framework barriers may include: 

• Explicit discrimination against aggregated resources: Some rules may
explicitly favour certain players, like large industrial participants,
disadvantaging aggregated resources. TSOs and DSOs might also prefer
players connected to their specific grid region; however, aggregated
resources can include units from various parts of the grid.

• Inadequate definition of clear roles and responsibilities for market actors:
The insufficient clarity in defining the roles and responsibilities of market
participants is a significant obstacle across Europe, as it restricts free-market
competition, raises risks for all involved, and can lead to the violation of
consumer rights [115].

• Prequalification requirements: Balancing service providers must meet
specific prequalification criteria to confirm that their systems can technically
supply the necessary products. Guidelines should be established to facilitate
the aggregation of DERs; otherwise, aggregators will have to prequalify every 
unit in their portfolio, undermining the purpose of aggregation, which relies
on the combined strength of smaller resources.

• Portfolio requirements: Rules might be implemented to regulate the unit mix
of aggregators’ portfolios. For instance, there could be requirements regarding 
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the proportion of relatively uncertain sources such as VREs and flexible loads 
compared to more reliable sources like battery storage and traditional 
generation or demand.   

• Additional agreements: Aggregators might need to secure authorisation
from other market players. For example, the consent of a large consumer’s
energy supplier or the BRP might be necessary [111].

Market aspect barriers are challenges that arise from the market side when an 
aggregator aims to offer flexible resources.   

• Lack of specific products for flexibility service: The guidelines for LFMs
remain undefined, which currently prevents aggregators from tapping into
this revenue source.

• Incompatible product definitions of traditional services: Traditional balancing
product specifications were designed with conventional generation in mind.
Certain specifications significantly hinder the development of flexibility
aggregators; for example, the minimum bid size in many market structures is 
too large for smaller aggregators to meet. The requirement for bid symmetry 
limits the usable flexibility resources, as flexible load-oriented demand
response aggregators typically have greater potential for downward
regulation. Other factors that may influence the ability of aggregators to offer 
flexible resources include timing considerations, such as notification period,
delivery time, and delivery length.

• Market bidding and clearing frequency: In balancing markets, the frequency
of bidding and clearing directly impacts how long flexible resources must be
reserved if they need to be activated. If this frequency is low, it complicates
aggregators’ ability to accurately predict their available resources in advance, 
which diminishes their confidence in participating in these balancing markets 
[115].

Economic barriers refer to obstacles that affect the profitability of aggregation. Some 
of these include:   

• Initial investment costs: In contrast to traditional plants, where expenses are 
clearly defined, the costs associated with aggregation are not as easily
understood. Residential flexibility aggregators face technical expenses
related to the installation of smart meters and communication and
control technologies, which can lead to significant initial investment costs.
The minimum bid size of 10 MW or greater adds to this concern,
as aggregators must engage a substantial number of residential customers in 
their portfolio before they can participate in the market and have a chance
for financial returns.

• Inadequate subsidisation: Peaking power plants compete directly with
aggregated services. Providing subsidies to these plants can create an
uneven playing field since they are already well-established. Instead,
the encouragement of largely untapped energy flexibility resources offered
by aggregators should receive subsidies.

• High penalisation: Maintaining a balance between production and
consumption is crucial for system reliability, so there should be penalties for
non-delivery. However, these penalties should not be excessively high to
exclude aggregated resources from markets.
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Technological implementation barriers refer to the challenges aggregators face when 
carrying out aggregation.  

• Lacking ICT infrastructure: The successful technological implementation of
aggregation depends on having sufficient ICT infrastructure. These barriers
can be broadly categorised into sensing-related, computing-related, and
communication-related issues [116]. Comprehensive metering and data
collection are vital for assessing the availability and predicting flexible
resources. Therefore, a high penetration rate of smart meters is critical for
successful aggregation. Managing substantial data volumes also incurs
high computational costs, necessitating powerful servers. Additionally,
the communication aspect must prioritise ensuring data security and privacy.

• Lack of widespread “Smart Grid Ready” devices: Home appliances must be
controllable via a data connection for the aggregation of residential energy
flexibility. Although the number of smart devices is on the rise, a significant
obstacle is the lack of standardised software needed to connect and manage 
SG-ready devices.

• Interoperability among DSOs: The technological implementation is also
complex from the grid perspective, as the aggregator’s portfolio may include
units from different regions managed by different DSOs. This is particularly
important for electric vehicles (EVs) that may transition from one DSO’s
region to another within the same day [110].

Figure 2.4. Summary of barriers faced by aggregators. 
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2.5 Conclusions 
The state-of-the-art review highlights the growing importance of energy flexibility as 
a cornerstone of modern energy systems, driven by the increasing penetration of 
variable renewable energy sources and the need for improved grid stability. This chapter 
explored the critical dimensions of energy flexibility, including its definitions, sources, 
aggregation, and challenges, while emphasising its role in transitioning toward 
sustainable and efficient energy systems. 

The analysis of existing sources of energy flexibility has shown that residential 
flexible loads, distributed battery storage systems, and electric vehicles offer unique 
opportunities and challenges. Although flexible loads and batteries can deliver significant 
flexibility, their activation is limited by physical and operational constraints. Electric 
vehicles add further complexity because of their mobility and unpredictable availability. 
Aggregating these resources is essential to facilitating substantial engagement in energy 
markets; however, obstacles like communication infrastructure, market design, and 
regulatory issues continue to exist. 

While the potential benefits of energy flexibility are clear, this review also 
acknowledges the barriers and challenges aggregators face. These include the technical 
complexities of integrating diverse flexible loads, regulatory constraints, and market 
dynamics. Emerging markets for energy flexibility offer promising opportunities, yet they 
require robust frameworks and technological advancements to fully realise their 
potential. 

In conclusion, this chapter’s review establishes a foundation for analysing existing 
quantification methods and identifying their shortcomings, which will be discussed in the 
next chapter. 
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3 Analysis of demand-side energy flexibility quantification 
methods 
To successfully incorporate demand-side flexibility into energy systems, suitable 
quantification methods are necessary. This chapter provides an analysis of current 
approaches for quantification, emphasising their advantages and drawbacks. 
The discussion delves into how various quantification frameworks – spanning from 
single-value metrics to more intricate models – represent the dynamic characteristics of 
flexibility. Special emphasis is placed on the impact of asymmetry and non-linearity in 
existing methodologies, setting the development of a more robust quantification method 
in the following chapter. 

3.1 Existing quantification methods 
A brief summary of methods and frameworks for quantifying energy flexibility is provided 
in Table 3.1. The evaluation encompasses the parameters, metrics, and indices used in 
flexibility quantification. Flexibility quantification methods can generally be classified 
based on whether they assess flexibility as a single value or as a curve or region that 
illustrates the relationship between two or more variables, as well as whether symmetry 
or linearity is taken into account. It was observed that when flexibility is assessed using 
a singular value, it is usually measured in relation to flexible power or energy values [25], 
[117], or temporal factors such as the duration that consumption can be altered [118], 
or in a more conceptual way through flexibility indices that, for instance, indicate 
flexibility’s capability for load covering, shifting, and scheduling [24]. Conversely, when a 
curve is employed, it establishes a correlation between two parameters, such as flexible 
energy and activation cost [23]. More sophisticated methods define flexibility as a region 
or domain of workable operations considering factors like network constraints, ramp 
rates, and others [119]. 

Another key element is whether the method of quantification recognises flexibility as 
a non-linear and asymmetrical resource. The concept of “asymmetry” refers to the 
disparity in the capacity to increase or decrease demand. In this context, the coincidence 
factor plays a crucial role for loads. For example, electric water heaters exhibit a low 
coincidence factor, indicating that only a small portion is in use at any one time. 
Therefore, there are many more water heaters that could be activated to boost demand, 
unlike the limited number of devices available to lower demand. The same principle 
applies to battery systems, which are not consistently at a 50% state-of-charge to provide 
equal up- and downregulation capabilities. Thus, when assessing the flexibility of an 
entire portfolio, it becomes evident that there are unequal levels of flexibility available 
to increase or decrease demand. It is vital for quantification methods to consider the 
asymmetry of flexibility, as some markets necessitate symmetrical bids, even though the 
sources of flexibility are often not symmetrical. 

Linearity refers to the existence of a linear connection between two or more variables; 
for instance, the relationship between power and the duration for which flexibility can 
be enabled. A consideration of the non-linear nature of flexibility is crucial for providing 
an accurate estimate of flexibility, as there may be a non-linear correlation between 
power and duration, power and cost factors, etc. The flexibility envelope approach 
outlined in [120] considers the asymmetry by offering envelopes for both upward and 
downward regulation. The cost curves method discussed in [23] takes into account both 
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asymmetry and non-linearity by depicting flexibility as the connection between available 
flexible energy and the associated costs, represented as a curve for both demand 
increases and decreases. According to the literature review, there is a shortage of 
quantification methods that address both the asymmetry and non-linearity of energy 
flexibility. Hence, this thesis proposes a novel quantification method that assesses the 
relationship between flexible power and energy with respect to the duration of its 
activation while factoring in the asymmetrical nature of non-linearity.
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Table 3.1. Overview of quantification methods for energy flexibility. 

Ref. Short description Case study 
Quantification parameters, 
metrics, indices 

Flexibility quantified 
using a single value, 
curve, or a region 

Considers 
asymmetry, 
non-linearity 

[25] A unified framework is proposed for
capturing the DR potential of thermal and 
electrical systems

One building with 
heat pump, PV 
system, EV, and BESS 

Indices of self-consumption, 
storage capacity, storage 
efficiency 

Single value Asymmetry 

[24] A quantification methodology for five energy 
flexibility indices is proposed 

Office building with 
HVAC, dimmable 
lighting, EV charging 

Indices related to load covering, 
shifting, scheduling, moderate 
regulation, and fast regulation 

Single value No 

[121] A methodology that models flexible
resources as a virtual energy storage system

Office and apartment 
building ventilation 
systems 

Power and energy capacity, 
State of Charge, self-
discharge rate 

Single value No 

[117] The proposed model schedules a set of
appliances and calculates the aggregated 
flexibility according to the energy and 
flexibility prices

Aggregated HVACs, 
pool pumps, electric 
water heaters 

Flexible power Single value No 

[23] A methodology for computing the flexibility 
of buildings using cost curves 

Office building HVAC Flexible energy and its 
related cost 

Curve Asymmetry and 
non-linearity 

[119] A framework to model and characterise DER 
flexibility using the concept of nodal 
operating envelope under network 
constraints, ramping rate, cost, etc. 

Distributed network 
consisting of a BESS, 
load, and a generator 

PQ chart of a flexible 
operating region 

Region Asymmetry and 
non-linearity 

[120] A methodology based on determining the 
flexibility envelopes of two boundaries 
conditions when loads are activated either 
as early or as late in the day as possible 

Wet appliances, 
domestic hot water 
buffers and EVs 

Flexible power and energy Region Asymmetry 

This 
thesis 

The proposed method quantifies energy 
flexibility as a power-duration curve 

Aggregated residential 
heat pumps 

Flexible power and energy, 
duration of activation 

Curve Asymmetry and 
non-linearity 
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3.1.1 Flexibility envelope 
The flexibility envelope concept is proposed in [122] to quantify energy flexibility. 
This method involves determining the two extreme scenarios of operation when demand 
is shifted to either as early as possible or as late as possible. The methodology for 
quantifying flexibility is depicted in Figure 3.1, where flexibility is employed to (a) increase 
or (b) decrease power consumption. 

The lines 𝐸max and 𝐸min represent upper and lower energy boundaries that illustrate 
the two extreme scenarios. The upper energy boundary is determined when all flexible 
devices are set to consume as early and as much as possible. This results in high power 
consumption until user comfort and system constraints are reached, such as when the 
room temperature hits a specified upper limit, and the heating is turned off, or 
schedulable appliances like washing machines complete their cycle and do not need to 
be turned on again for a while. Similarly, the lower energy boundary is achieved when all 
devices are programmed to consume as late and as little as possible. In this case, 
the operation of devices is delayed until lower constraints are reached, for example, 
when the domestic water heater becomes too cold, or the latest deadline for the 
dishwasher to turn on is reached. 

Figure 3.1. Concept of the envelope quantification method: (a) flexible increase and (b) flexible 
decrease in power consumption. 

The limitations of this approach include its assumption that the system’s starting and 
ending conditions are predefined. Additionally, it has been noted in [122] that this 
quantitative method primarily indicates potential flexibility rather than serving as a tool 
for scheduling or calculating the rebound effect. 

The quantification method was employed in [123] to quantify a home's flexibility using 
a rule-based controller and model predictive controller with cost-oriented, emissions-
oriented, and flexibility-oriented objectives. 

The flexibility envelopes were developed further in [124] to encompass non-intrusive 
load monitoring (NILM) for disaggregation of shiftable appliances from overall energy 
consumption. The study findings showed that the NILM integrated quantification 
method accurately identified 90% of the available energy flexibility. The overall 
characterisation of energy flexibility was enhanced by 40%. 
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3.1.1 Nodal operating envelope 
A framework is introduced in [125] to model, describe, characterise, and quantify the 
flexibility of distributed energy resources (DER) based on a nodal operating envelope 
(NOE). The NOE outlines the possible operating region of a device or system under various 
constraints, which allows this quantification method to assess network-compliant energy 
flexibility, unlike other methods that often overlook network limitations. Utilising this 
framework, the main flexibility metrics – capacity, ramp, duration, and cost – are evaluated 
using features related to capability, feasibility, ramp, duration, economics, technical 
aspects, and commercial factors. These flexibility features are represented in an 
active-reactive power space (PQ-space). The total flexibility is calculated using Minkowski 
summation across the individual DER P-Q regions. 

Figure 3.2. Nodal operating envelopes in PQ plane (capability – the combination of red and blue 
regions, feasibility – blue region in NOE figure) [125]. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web verions of this article). 

Figure 3.3. Ramping flexibility (OP – operational point, C – capability region, F – feasibility region, 
RFE – ramping flexibility envelope, τ – ramp time) [125]. 
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This approach differentiates between virtual and physical flexibility. Virtual flexibility 
refers to the capability operation region of the DER to deliver flexibility without being 
limited by network constraints encountered in actual implementation. Physical flexibility, 
on the other hand, is the feasibility operation region that results when the capability 
region is restricted by network and other constraints, as illustrated in Figure 3.2. 

Various techno-economic aspects of distributed energy resource aggregation (DERA) 
flexibility can be measured as potential operating zones by utilising other nodal operating 
areas. For instance, the ramping flexibility can be quantified with contours on these 
regions that display the maximum active and reactive power that can be utilised 
depending on the needed ramp rate, as illustrated in Figure 3.3. 

These envelopes can also be designed to quantify additional features of flexibility. 
Duration flexibility indicates how long the activation of flexibility can be maintained. 
Economic flexibility refers to the costs associated with activating flexibility for a given 
timeframe. Technical flexibility involves the capacity to alter the current operational 
state concerning time and duration limitations. Finally, commercial flexibility is essential 
for engaging in the market while considering the techno-economic factors of time, 
service duration, and expected clearing prices. Example envelopes illustrating these 
flexibility traits can be found in [125]. 

3.1.2 Quantification parameters 
In various studies, a consistent approach to quantifying energy flexibility is frequently 
absent. Rather, flexibility is assessed through a variety of different parameters that 
describe electrical, temporal, comfort, and cost aspects. The parameters utilised to 
measure energy flexibility are outlined in Table 3.2. It has been noted that flexibility can 
be measured across three primary dimensions: power [kW], energy [kWh], and time [h]. 
Depending on the specific application or context, these dimensions may illustrate entirely 
different attributes; for instance, both duration and regeneration time are considered 
time-related factors. 

• The power dimension refers to the power capacity [kW] of flexible loads. This is
the primary factor for flexibility sources that have power regulation features,
like adjustable lighting. Parameters related to power dimension identified in the 
literature include instantaneous power flexibility, maximum power, mean
power, maximal charging power, and power capacity.

• The energy [kWh] dimension is the primary factor for loads that can be stored
or flexible loads that can be shifted in volume. Various energy parameters
identified in the literature include shiftable energy, energy reduction, energy
capacity, storage capacity, and available storage capacity.

• The dimension of time [h] is crucial for measuring flexible loads that can be
scheduled or have a variable profile. For instance, the start and end times of the 
washing machine, along with the length of its operational cycle. The literature
includes various time characteristics, including duration, comfort capacity,
regeneration time, comfort recovery, maximum curtailment duration, and
availability period.

In addition to the primary three dimensions for measuring flexibility, there are various 
other methods to quantify flexibility using combined, relative, or alternative approaches. 

• Combined parameters seek to quantify flexibility based on two variables, such
as the power shifting capability that illustrates the relationship between the
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shiftable power and the time length it can be shifted, or a cost curve that 
represents the volume of shiftable energy along with its related costs. 

• Relative parameters quantify flexibility as a ratio of two characteristics:
self-consumption, which indicates the percentage of demand met by onsite
generation, or storage efficiency; relative peak reduction; demand response
potential; and the state of charge (SOC) of batteries.

• Relative parameters quantify flexibility as a ratio of two characteristics, these
are self-consumption, which is the proportion of demand covered by onsite
generation or storage efficiency, relative peak reduction, demand response (DR)
potential, and battery SOC.

• Other parameters identified in the literature include those that do not fall into
any of the above mentioned categories, such as coefficient of variation of
power, ramping rate, frequency of operation, consistency of operation, peak
time operation and a score indicating the flexibility of a system on a scale from
0 to 1.
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Table 3.2. Flexibility quantification parameters in the literature. 

Type Parameter Descriptions as given in publications Ref. 
Power 

[kW] 
Instantaneous power 
flexibility 

Maximum power 
Mean power 
Maximal charging power 
Average power curtailment 
Power capacity 

The potential power flexibility of TES and power-to-heat in any case of charging, 
discharging, or idle mode 
The peak response after a trigger signal is sent  
The corresponding mean power for the duration of an activation 
The EV station maximal charging power* 
Average lighting power curtailment during the curtailable duration 
How much power can be delivered as flexible power 

[126] 

[127] 
[127] 
[128] 
[129] 
[130] 

Energy 
[kWh] 

Available storage capacity 

Shiftable energy 

Energy reduction 
Energy capacity 
Storage capacity 

The amount of energy that is shifted during optimal control 
The amount of energy that can be added to the storage system, without jeopardizing 
comfort, in the time-frame of an ADR-event and given the dynamic boundary conditions 
The energy content below the curve; this energy can be consumed by the pool over the 
period of activation 
How much energy can be reduced during a whole day 
How much energy can be delivered during the flexibility action 
The energy that can be added to the building thermal mass during a specific DR action 

[126] 
[131] 

[127] 

[129] 
[130] 
[132] 

Time 
[h] 

Duration 

Regeneration time 
Availability period 
Maximum curtailment 
duration  
Comfort capacity 
Comfort recovery 

The time until the electricity consumption of the activated pool falls below the level of 
baseline operation 
The time additional to the duration until the power consumption of the pool is back to 
normal 
The time when EV is available for flexible usage* 
The sum of time in which the curtailment is possible during a whole day 
How long the response can be sustained before the comfort limits are reached 
How long the building requires to restore the nominal comfort 

[127] 

[127] 
[128] 
[129] 
[130] 
[130]
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Combined Power shifting capability 
[kW, h] 

Cost curve [kWh, EUR] 

The relation between the change in power and the time length that this shift can be 
maintained, considering the future boundary conditions 
The amount of flexibility (shiftable energy) and its associated cost 

[131] 

[133] 

Relative Self-consumption [%] 
Storage efficiency [%] 

Battery SOC (%) 
Relative peak reduction [-] 

DR potential (%) 

Proportion of increased demand covered by onsite generation during DR action 
A measure of the energy cost associated with the specific DR action 
The ratio between discharging and charging events over the entire 24 h control horizon 
The fraction of the heat stored during the DR event that can be used subsequently to 
reduce the heating power needed to maintain thermal comfort 
The state-of-charge of the (EV) battery* 
Compares the deviation from the average of the minimum lighting power profile to the 
reference scenario 
Potential power change during DR operation compared to baseline power consumption* 

[132] 
[132] 
[126] 
[131] 

[128] 
[129] 

[134] 
Other Coefficient of variation of 

power curtailment [-] 
Ramping rate [kW/min] 
Frequency of operation [0-1] 

Consistency of operation [0-1] 
Peak time operation [0-1] 

Potential score [0-1] 

Determines whether the lighting system can provide a stable power curtailment capacity 
or a fluctuating capacity 
How fast the building reacts 
The ratio of the number of days that an appliance has been activated compared to the total 
number of historical days 
The extent to which a user’s behaviour is deterministic or stochastic across subsequent 
days 
The energy consumption during the DR timeframe across historical days using min–max 
normalisation 
Flexibility “score” based on the above 3 parameters 

[129] 

[130] 
[135] 

[135] 
[135] 

[135] 

* Own descriptions based on the context of the work since the definitions were not provided in those publications 
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3.2 Forecasting of demand-side energy flexibility 
For aggregators to engage in flexibility markets, they must evaluate the resources within 
their portfolio, specifically the available aggregated energy flexibility. Considering that 
contracts in flexibility markets are established prior to the actual delivery date, 
aggregators need to determine the volume of flexibility they can provide and which 
flexibility requests to bid on by forecasting the available flexibility in the future while 
accounting for reasonable uncertainty. However, forecasting flexibility is a complex 
endeavour, as it is affected by customer behaviour, consumption trends, weather 
conditions, and other influencing factors, making precise modelling challenging. Artificial 
intelligence (AI) is increasingly being incorporated into the management of power 
systems to improve the accuracy of forecasting and optimise flexibility. Recent studies 
[Paper V] have shown that predictive models powered by AI enhance demand response, 
load forecasting, and the management of distributed energy resources, thereby 
becoming essential tools for aggregators overseeing flexibility resources. To avoid facing 
penalties for failing to deliver the appropriate amount of contracted flexibility, 
aggregators also need to predict how customers will respond to flexibility activation 
signals (such as price signals) to ensure that the correct volume of flexibility is indeed 
activated.  

There are limited publications available that focus specifically on forecasting residential 
demand-side energy flexibility. The majority of research appears to concentrate more on 
load forecasting [136], [137], [138], [139], which does not directly equate to flexibility 
forecasting. The flexibility of data centres that participate in demand response initiatives 
is assessed in [140]. The flexibility associated with virtual power plants is forecasted 
through the application of machine learning techniques in [141]. The potential for 
flexibility in demand response within the industrial sector is analysed in [142]. Load 
forecasting related to industrial machinery is addressed in [143]. A general assessment 
of flexibility potential is investigated using long-term historical data in [122], [144], [145] 
or through surveys gauging customer readiness to engage in demand response programs 
in [146], [147]. 

According to [136], having smart meter coverage of just 5% is sufficient to generate 
data for accurately forecasting the flexibility of a group of aggregated customers. 
Additionally, predicting the flexibility profile of an aggregated group is significantly easier 
than forecasting the flexibility of individual customers because of their stochastic nature 
[136], [148], [124].  

An overview of the studies concentrated on flexibility forecasting is provided in 
Table 3.3, where they are categorised by the type of forecasting model used:  

• Deterministic models operate under the assumption of certainty in the input
parameters, which means they rarely provide uncertainty assessments in
their predictions.

• In probabilistic models, the objective of forecasting is to represent the
distribution of potential available flexibility rather than to predict a specific
value, inherently incorporating prediction uncertainty.

• Machine learning models are utilised to analyse customer behaviour during
demand response and regular operations to assess the potentially available
flexibility.
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In existing research, various approaches have been employed for predicting flexibility, 
corresponding to the initial two checkmark columns on the left in Table 3.3. For instance, 
some studies focus on predicting flexibility based on a price signal, framing the 
forecasting question as “What price incentive should be provided for certain hours ahead 
to achieve the required amount of flexibility?” rather than “How much flexibility will be 
available during specific hours in the future?”. Research utilising this method frequently 
views forecasting as an optimisation challenge and often includes finding an optimal 
schedule for devices. 

Other approaches discussed in the literature aim to predict flexibility through real-
time simulations [149] or using historical data. Studies that employ this technique 
typically seek to gather insights regarding both controllable and uncontrollable loads 
from previously recorded measurements. The forecasting of flexibility related to 
shiftable loads (like washing machines, tumble dryers, and dishwashers) as well as 
thermostatically controlled loads (including domestic water heaters, space heating, 
and HVAC systems) is most frequently addressed in the literature. In contrast, forecasts 
related to storable loads, such as battery storage and residential electric vehicles, 
are infrequently found in existing studies. 
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Table 3.3. Flexibility forecasting models used in the literature. 

Forecasting 
model type Specific model In
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Ref. 

Deterministic 
models 

Mixed Integer Linear 
Programming (MILP) 

  [150] 
      [151] 
   [152] 
   [153] 
   [154] 
    [155] 

Algorithmic method   [156] 

Probabilistic 
models 

Chance-Constrained (CC)    [152] 

Autoregressive integrated 
moving average (ARIMA) 

  [157] 
   [158] 

  [159] 
Data analysis based   [160] 

Machine 
learning 
models 

Neural Networks (NN) 
   [161] 
  [162] 

Support Vector Machine (SVM)     [163] 
Support Vector Data 
Description (SVDD)   [164] 

Logistic Regression    [165] 
Piecewise-linear regression   [166] 
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3.3 Conclusions 
This chapter offers an analysis of existing methods for quantifying demand-side energy 
flexibility, noting both their strengths and weaknesses. Energy flexibility is a dynamic 
concept that encompasses adjusting energy consumption or generation in response to 
external signals, such as market prices or grid demands. The reviewed literature 
highlights the need for proper quantification methods.  

Existing approaches often oversimplify flexibility's complex and dynamic nature by 
relying on static or single-value metrics. Significant progress has been made with the 
development of flexible envelopes and nodal operating envelopes. These limitations 
highlight the need for more advanced methodologies, such as power-duration curves, 
which better capture flexible loads’ non-linear and time-dependent behaviours. 
Characterising rebound effects and their implications for energy savings and grid stability 
introduces a critical dimension frequently overlooked in traditional models. 

The review also examined the role of flexibility forecasting. Accurately predicting 
available flexibility is crucial for integrating demand-side flexibility into energy markets. 
However, the literature review revealed a notable lack of publications in this field. 

In summary, this chapter highlighted the limitations of existing quantification 
methods and emphasised the need for a new approach that tackles the asymmetry and 
non-linearity of flexibility. These insights provide the grounds for the development of a 
power-duration curve method, which will be presented in the next chapter as a more 
thorough and practical tool for quantifying energy flexibility. 



45 

4 Development of energy flexibility quantification method 
Building upon the insights gained in the previous chapter, this chapter introduces a  
novel approach to quantifying energy flexibility using power-duration curves [Paper I]. 
The proposed method addresses key challenges in flexibility assessment, particularly the 
non-linear and asymmetric nature of flexible loads. By mapping the relationship between 
power and duration, this approach provides a more accurate and practical representation 
of energy flexibility, which can be applied to various flexible loads such as space heating, 
electric water heaters, and battery storage systems and various markets such as reserve 
or day-ahead markets. 

4.1 Flexibility power-duration curves 
Energy flexibility can be perceived as a resource that can be used and replenished. It is 
utilised through demand response and then restored during the subsequent rebound 
effect. Figure 4.1 illustrates how various power levels and durations can decrease 
demand using aggregated energy flexibility. When the maximum power of a specific 
portfolio is utilised, it leads to the most significant decrease in demand but can only be 
maintained for a short period. Conversely, a modest activation produces the opposite 
effect. This offers insights into how energy flexibility functions as a resource – the more 
it is utilised, the faster it is exhausted. To quantify aggregated energy flexibility, this thesis 
proposes a new approach. The approach focuses on mapping a curve that describes the 
relationship between the power and duration of potential flexibility activations. 

Aggregators might obtain a more comprehensive picture of their energy flexibility 
resources by employing this quantifying technique. This approach is adaptable, allowing 
aggregators to participate in a variety of energy markets, each with its own requirements 
regarding both the amount and the duration of deliveries. For example, only need to 
activate their flexibility for a maximum of fifteen minutes in reserve markets, but 
activations for day-ahead wholesale markets might extend over several hours. It is 
apparent that for long-duration wholesale market activations, the aggregator would not 
be able to maintain the same high-power activations as in the case of the reserve market. 

Figure 4.1. Illustration of flexibility activations at different power levels. 
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4.2 Proposed quantification method 
Figure 4.2 presents an outline of the proposed quantification method. The first step 
involves importing relevant data that impacts the usage of flexible devices. For space 
heating, meteorological data such as outdoor ambient temperature and solar irradiance 
forecasts influence the demand for heating energy. As for other flexible devices like 
electric water heating units, the hot water usage profile needs to be imported. 

In the second step, it is crucial to choose a suitable model for each type of device and 
determine its parameters. Modelling the behaviour of devices is important to ensure that 
the appliances remain within the comfort boundaries set by consumers when the 
flexibility is activated. Thermostatically controlled loads (TCLs), such as a building’s 
heating system or a EWH unit, can be modelled using a thermal resistive-capacitive 
model. 

The third step involves modelling the appliance’s business-as-usual (BaU) operation 
case to determine the electrical demand profile under normal operation without flexible 
activation. This step can be considered part of the baseline estimation in the quantification 
process. 

In the fourth step, potential flexibility can be quantified based on the demand profiles 
determined in the previous step, the models of flexible devices, and the state of each 
flexible device within their comfort ranges. This involves simulating flexibility activations 
of devices at each time step, meaning turning devices on/off until the comfort boundaries 
are reached. 

In the final, fifth step, the power-duration curves can be constructed by knowing the 
devices’ power and the duration that the flexibility can be activated. 
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Figure 4.2. The quantification process of the proposed method. 

4.3 Modelling of space heating 
It is crucial to accurately model a building’s thermal behaviour in order to quantify a 
heating system’s energy flexibility. This is necessary because indoor temperature must 
always remain within the comfort range of the occupants. As a result, the energy required 
for heating can vary from building to building, taking into account the building’s thermal 
insulation and thermal mass. Some need more energy for heating, while others can go 
for extended periods with the heating turned off. 

This study used a Resistive-Capacitive (RC) model to model buildings’ thermal 
behaviour. Unlike more detailed white-box models, the RC model is a grey-box model 
that approximates building parameters related to their thermal dynamics. Similar to 
electrical circuits with resistors and capacitors, the thermal RC model incorporates 
different building components’ thermal capacitances and resistances (U-values). 

The 3R2C thermal model used in the study consists of three thermal resistors and two 
thermal capacitors. It considers the building envelope (external walls), the windows, 
and the internal thermal mass (interior walls, furniture, and air) as the three primary 
components of a building. 
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Figure 4.3 shows the simplified thermal network design applied in this work. It shows 
that the outdoor temperature 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜  affects the indoor temperature 𝑇𝑇𝑖𝑖𝑖𝑖 through both the 
building envelope and the windows. Additionally, it assumes that the solar effect only 
impacts the indoor temperature through the windows. The study also assumes that the 
indoor temperature remains uniform throughout the building. The inputs, outputs, and 
parameters of the thermal RC model are shown in Table 4.1. 

Figure 4.3. RC thermal networks of a building. 

Table 4.1. Description of Thermal Network Parameters. 

Symbol Description 
Inputs 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 Ambient temperature, °C 

𝜙𝜙𝑠𝑠𝑠𝑠𝑠𝑠 Global horizontal solar irradiance, W/m2 
𝜙𝜙ℎ Heating power, W 

Outputs 𝑇𝑇𝑖𝑖𝑖𝑖 Indoor air temperature, °C 
𝑇𝑇𝑒𝑒 Envelope temperature, °C 

Parameters 𝑅𝑅𝑒𝑒 Envelope thermal resistance, °C/W 
𝐶𝐶𝑒𝑒 Envelope thermal capacitance, J/°C 
𝑅𝑅𝑖𝑖𝑖𝑖 Inner mass thermal resistance, °C/W 
𝐶𝐶𝑖𝑖𝑖𝑖 Inner mass thermal capacitance, J/°C 
𝑅𝑅𝑤𝑤 Window thermal resistance, °C/W 
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The generic heat-balance equation (3.1) can be used to create a first-order differential 
equation for each node 𝑛𝑛 in a thermal system with N elements: 

𝐶𝐶𝑛𝑛
𝑑𝑑𝑇𝑇𝑛𝑛
𝑑𝑑𝑑𝑑

= �
𝑇𝑇𝑖𝑖 − 𝑇𝑇𝑛𝑛
𝑅𝑅𝑖𝑖𝑖𝑖∈𝑁𝑁

Φ𝑛𝑛 (4.1) 

where 𝐶𝐶𝑛𝑛 and 𝑇𝑇𝑛𝑛 represent the thermal capacitance and the temperature of node 𝑛𝑛, 
respectively, 𝑅𝑅𝑖𝑖  represents the thermal resistance between two connected nodes 𝑖𝑖 and 
𝑛𝑛, and Φ𝑛𝑛 represents the total heat fluxes applied to node 𝑛𝑛 [167]. 

Equation (4.1) illustrates how the number of components taken into account can 
affect the complexity of a thermal RC model. By combining elements from several 
architectural components – such as the roof, the construction of exterior and interior 
walls, and insulating layers – a more comprehensive model may be produced. In essence, 
therefore, RC thermal networks are models that can consist of different arrangements of 
resistors and capacitors that represent various architectural components. 

The differential equations describing the temperature of the interior mass (4.2) and 
the envelope (4.3) of a building may be obtained by applying the heat-balance equation 
(4.1) to the thermal RC network structure shown in Figure 4.3. 

𝑇̇𝑇𝑖𝑖𝑖𝑖 =
1

𝑅𝑅𝑖𝑖𝑖𝑖𝐶𝐶𝑖𝑖𝑖𝑖
𝑇𝑇𝑒𝑒 − �

1
𝑅𝑅𝑖𝑖𝑖𝑖𝐶𝐶𝑖𝑖𝑖𝑖

+
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𝑅𝑅𝑤𝑤𝐶𝐶𝑖𝑖𝑖𝑖
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𝑅𝑅𝑤𝑤𝐶𝐶𝑖𝑖𝑖𝑖
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𝐶𝐶𝑖𝑖𝑖𝑖
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𝜙𝜙𝑠𝑠𝑠𝑠𝑠𝑠𝐴𝐴𝑤𝑤 (4.2) 
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Converting the above differential equations into difference equations (4.4) and (4.5) 
allows modelling of building’s thermal behaviour for each timestep. 
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The thermal behaviour of buildings is affected by different factors such as their size, 
insulation level, construction materials, window-to-wall ratio, number of inner walls, 
and more. Since these factors vary from building to building, it’s important to simulate 
various types of buildings when studying aggregated energy flexibility. However, 
estimating the parameters of an RC model for a specific building is a complex process. 
To the best knowledge of the author, there is no publicly available database that includes 
the necessary number of actual building thermal network parameters for simulating 
aggregated control. 

Therefore, it is necessary to generate these parameters based on existing guidelines. 
From Table 4.1, it can be seen that six different parameters for each building need to be 
determined to model its thermal behaviour. Table 4.2 provides typical thermal network 
values for residential buildings categorised by weight class. The range of values for typical 
building envelopes was determined in [168] through a first-principles analysis of various 
building construction materials. The standard ISO 52016-1:2017 [169] presents typical 
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values for the inner thermal mass of buildings. The weight class of a building describes 
its construction materials. For example, the exterior walls of lightweight buildings consist 
of stucco, insulation, and plaster/gypsum. Medium-weight buildings use brick, air space, 
insulation, and gypsum, while heavy-weight buildings use brick, heavyweight concrete, 
insulation, and gypsum. We assumed that the thermal resistance of windows corresponds 
to that of typical double-glazed windows, while the thermal capacitance of windows is 
considered negligible. 

Table 4.2. Typical thermal network parameters for different types of residential buildings. 

Envelope Thermal Network Parameters 

Class 𝑅𝑅𝑒𝑒 �
m2C
W

/m2� 𝐶𝐶𝑒𝑒 �
𝑘𝑘𝑘𝑘
m2C

∙ m2�
Light-Weight 3.1498/𝐴𝐴𝑒𝑒 76.852 ∙ 𝐴𝐴𝑒𝑒  

Medium-Weight 3.8238/𝐴𝐴𝑒𝑒 183.724 ∙ 𝐴𝐴𝑒𝑒  
Heavy-Weight 2.1917/𝐴𝐴𝑒𝑒 402.102 ∙ 𝐴𝐴𝑒𝑒  

Windows 0.8333 𝐴𝐴𝑤𝑤⁄  0 
Inner Mass Thermal Network Parameters 

Class 𝑅𝑅𝑖𝑖 �
m2C
W

/m2� 𝐶𝐶𝑖𝑖 �
𝑘𝑘𝑘𝑘
m2C

∙ m2� 

Light-Weight 0.13/𝐴𝐴𝑓𝑓𝑓𝑓 110 ∙ 𝐴𝐴𝑓𝑓𝑓𝑓  
Medium-Weight 0.13/𝐴𝐴𝑓𝑓𝑓𝑓 165 ∙ 𝐴𝐴𝑓𝑓𝑓𝑓  

Heavy-Weight 0.13/𝐴𝐴𝑓𝑓𝑓𝑓 260 ∙ 𝐴𝐴𝑓𝑓𝑓𝑓  
Building Size Parameters 

Floor Area, 𝐴𝐴𝑓𝑓𝑓𝑓  𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢(50, 200), 𝑚𝑚2 
Building Height 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢(5, 12), 𝑚𝑚 

Window-to-Wall Ratio 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢(20, 50), % 

4.4 Modelling of domestic electric water heaters 
In order to accurately quantify the energy flexibility of electric water heaters (EWHs), 
it is necessary to develop a model that captures their thermal behaviour. This approach 
guarantees that the consumer’s comfort is maintained even during flexible operation. 
It is essential that the hot water temperature stays within the specific ranges mandated 
by the homeowners to ensure their comfort and willingness to participate in demand 
response programs. 

The thermal behaviour of EWHs was modelled using an RC-thermal network. 
This grey-box model loosely incorporates the parameters related to EHWs’ thermal 
dynamics. Thermal RC models are analogous to electrical circuits with resistors and 
capacitors, which, in this case, represent the thermal resistance and thermal capacitance 
of different water tank elements. 

In this thesis, a simple 1R1C model consisting of one thermal resistor and one thermal 
capacitor was considered. This simple model assumes that the water temperature inside 
the tank is homogeneous. Figure 4.4 illustrates the EHW model. The convective loss 
through the shell of the EWH is modelled using a resistor, and the thermal mass of the 
water inside the EWH is modelled using a capacitor. A current source is used to model 
the heating power, and a current sink is used to represent the thermal loss through hot 
water drainage, which is replaced by colder tap water. 
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Figure 4.4. Thermal network model of EWHs. 

The generic heat-balance equation (4.6) can be used to create a first-order differential 
equation for each node 𝑛𝑛 in a thermal system with N elements: 

𝐶𝐶𝑛𝑛
𝑑𝑑𝑇𝑇𝑛𝑛
𝑑𝑑𝑑𝑑

= �
𝑇𝑇𝑖𝑖 − 𝑇𝑇𝑛𝑛
𝑅𝑅𝑖𝑖𝑖𝑖∈𝑁𝑁

Φ𝑛𝑛  (4.6) 

where 𝐶𝐶𝑛𝑛 and 𝑇𝑇𝑛𝑛 represent the thermal capacitance and the temperature of node 𝑛𝑛, 
respectively, 𝑅𝑅𝑖𝑖  represents the thermal resistance between two connected nodes 𝑖𝑖 and 
𝑛𝑛, and Φ𝑛𝑛 represents the total heat fluxes applied to node 𝑛𝑛. 

The heat-balance equation can be applied to the thermal network in Figure 4.4 to 
derive the difference equation (4.7) that describes the water temperature of EWHs.  

𝑇𝑇𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡 + 1) = 𝑇𝑇𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡) + 𝑄𝑄ℎ𝑒𝑒𝑒𝑒𝑒𝑒(t) − 𝑄𝑄𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(t) − 𝑄𝑄𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑡𝑡) (4.7) 

where the positive heat flux from electric heating that increases the water temperature 
is 𝑄𝑄ℎ𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) = P𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡). The electrical heating power was assumed to scale with the tank’s 
size, starting from 1.5 kW to 2.5 kW in 0.5 kW steps. 

The negative heat flux from hot water drainage (4.8) that reduces the water 
temperature is: 

𝑄𝑄𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑡𝑡) =
𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑡𝑡)𝐶𝐶𝑝𝑝 �𝑇𝑇𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡) − 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑡𝑡)�

𝐶𝐶𝑝𝑝𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸
(4.8) 

where the volume of water being replaced in the tank is 𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑡𝑡), the specific heat 
capacity of water is 𝐶𝐶𝑝𝑝, the volume of the water tank is 𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸, and the temperature of 
inflow water is 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑡𝑡).  

The thermal mass of EWH units is dependent on the size of the water tanks. A total of 
1000 EWH units were modelled with varying sizes of 50 L to 200 L capacity with 50 L step 
(250 EWH units for each step). The specific heat capacity of water was assumed to be 
4182 J/(kg ∙  °C). The inflow water temperature was assumed to be 15 °C. The hot water 
usage data was generated for each EWH using DHWCALC software that samples from 
statistical distributions derived from real-world measurements of residential hot water 
consumption [170]. 
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Table 4.3. Model parameters of EWHs. 

Symbol Description 
Inputs 𝑇𝑇𝑎𝑎 Room temperature, °C 

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 Inlet water temperature, °C 
𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸 
𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Heating power, W 
Hot water consumption, L/min 

Parameters 𝑈𝑈 U-value of tank insulation, WK−1m−2

𝐴𝐴 Surface area of the water tank, m2

𝐶𝐶𝑝𝑝 Specific heat capacity of water, J/(kg ∙  °C)
𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸 Volume of the water tank, L

Output 𝑇𝑇𝐸𝐸𝐸𝐸𝐸𝐸 Hot water temperature, °C

Figure 4.5. Water temperature of one simulated EHW. 

The negative heat flux from convective loss through the shell (4.9) that reduces the 
water temperature is: 

𝑄𝑄𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑡𝑡) =
𝑈𝑈𝑈𝑈�𝑇𝑇𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡) − 𝑇𝑇𝑎𝑎(𝑡𝑡)�

𝐶𝐶𝑝𝑝𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸
(4.9) 

where the insulation of the shell is given with a U-value, the area of the shell is 𝐴𝐴, and 
the ambient room air temperature is 𝑇𝑇𝑎𝑎(𝑡𝑡). The U-value was taken as 0.66 WK−1m−2 
that is typical for water tanks [171], and the water tank surface area was assumed 
to be of cylindrical shape. The room ambient temperature was assumed to be 20 °C. 
The parameters of the EWH model are summarised in Table 4.3. 

The Business-as-Usual (BaU) operation of EWH was modelled as a typical hysteresis 
on-off control that turned the heating on when the temperature dropped 1 degree below 
the setpoint and turned the heating off when the temperature rose 1 degree above 
the setpoint. The water temperature set points were sampled from 60 to 75 °C, with 
5 °C steps to accommodate different consumer requirements. Using the model described 
above, the BaU operation of EWHs was simulated. An example of the water temperature 
trajectory of one simulated EHW is shown in Figure 4.5. It can be seen that during the 
morning hours, there are two large drops in the temperature when people often shower 
and multiple smaller drops throughout the day from faucet usage. The aggregated 
electricity demand of 1000 EWHs is shown in Figure 4.6. 
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Figure 4.6. Aggregated electricity demand of 1000 simulated EHWs. 

4.5 Modelling of battery energy storage system 
Local on-site battery energy storage systems (BESS) are bound to become another 
important source of energy flexibility in future residential buildings. BESS are usually not 
installed as standalone devices except for universal power supply (UPS) systems. Thus, 
a combination of 1000 PV and BESS systems were modelled.  

A rule-based controller was used for the BaU operation of the BESS system. The BaU 
algorithm works by storing the excess PV energy during a surplus time when solar 
generation is higher than consumption until the state-of-the-charge (SOC) of the battery 
reaches 100%, after which the excess PV power is exported. The release of energy 
happens during the solar deficit time when consumption is higher than PV production 
until the SOC reaches 20%, after which the deficit energy is imported. This is a typical 
residential PV and BESS system control which regulates BESS usage based on the energy 
flows through the connection point and the BESS’s state of charge (SOC).  

The battery systems were modelled using the typical battery energy balance 
equations (4.10) and (4.11). 

𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑡𝑡) = 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑡𝑡 − 1) + 𝜇𝜇𝑐𝑐𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,𝑐𝑐(𝑡𝑡) −
𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,𝑑𝑑(𝑡𝑡)

𝜇𝜇𝑑𝑑
(4.10) 

𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡) =
𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑡𝑡)
𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,𝑚𝑚𝑚𝑚𝑚𝑚

(4.11) 

where the energy stored within the BESS is given with 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑡𝑡), the energy stored or 
withdrawn through charging or discharging are 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,𝑐𝑐(𝑡𝑡) and 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,𝑑𝑑(𝑡𝑡), the charging 
and discharging efficiencies are 𝜇𝜇𝑐𝑐 and 𝜇𝜇𝑑𝑑, and the capacity of the BESS is 𝐸𝐸𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,𝑚𝑚𝑚𝑚𝑚𝑚.  

The parameters of a Tesla Powerwall 2 were used for the battery system, which has 
an energy capacity of 13.5 kWh, charging and discharging power of 5 kW, and charging 
and discharging efficiencies of 95% (round-trip efficiency of 90%). 

This simulation requires the inclusion of solar generation profiles and residential 
building energy demand profiles to determine when there is an excess or a deficit of solar 
generation. The PV generation profiles were taken from measurements of a 4.2 kW PV 
system located in Estonia, Tallinn, on the 1st of April 2020 [172]. The demand profiles of 
1000 residential buildings were generated using the “CREST domestic electricity demand 
model” [173]. Figure 4.7 shows the PV production data and the generated demand 
profile of one of the buildings. 
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Figure 4.7. Consumption and PV generation data. 

4.6 Conclusions 
This chapter introduced a new method for quantifying energy flexibility through the use 
of power-duration curves, offering a dynamic and scalable way to capture the key 
attributes of energy flexibility. The developed approach addresses the limitations 
of existing single-value metrics by considering the non-linear, time-dependent, and 
asymmetric nature of flexibility. This advancement enables a more precise representation 
of flexibility potential, offering valuable insights for aggregators and grid operators. 

The flexibility power-duration curve method provides a framework for quantifying 
flexibility in different scenarios and types of loads, such as residential heating, water 
heaters, and battery storage systems. By connecting flexible power capacity with the 
duration of activation, this method reflects the dynamic relationship between these 
factors, making it suitable for both short-term and long-term flexibility uses. This 
characteristic enhances its applicability for demand response programs, reserve markets, 
and balancing services, ensuring it can meet diverse operational and market needs. 

The quantification method was described step-by-step, and in the next chapter 5, 
a simulation-case study is conducted to illustrate its implementation to quantify the 
aggregated energy flexibility of space heating, electric water heaters, and battery 
systems. 
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5 Simulation case-study 
This chapter presents a simulation-based case study focusing on aggregated flexibility 
from mainly residential heating but also electric water heaters and battery systems to 
illustrate the process of employing the proposed flexibility quantification method. 
The case study demonstrates the practical application of power-duration curves and 
evaluates their effectiveness in representing energy flexibility. The analysis also 
considers rebound effects and their implications for demand-side management, 
emphasising the need for advanced quantification techniques. 

5.1 Aggregation framework 
To showcase the benefits of the proposed quantification method, a simulation-based 
case study was conducted to quantify the aggregated energy flexibility of 1000 buildings 
using heat-pump based space heating. The aggregation framework illustrated in  
Figure 5.1 can be applied to real-world scenarios, although some simplifications were 
made for the sake of the simulation. The framework comprises two main components: 
the aggregator and the Home Energy Management Systems (HEMS) of each building. 
HEMS takes inputs from weather forecasts, heat pumps, and homeowners (step 1 of the 
quantification). For simulation purposes, data from PVGIS was used, although, in reality, 
ambient temperature 𝑇𝑇𝑎𝑎  and solar irradiance (GHI) would be obtained from external 
cloud servers. HEMS receives indoor temperature 𝑇𝑇𝑖𝑖𝑖𝑖 and electricity consumption 𝑃𝑃𝑒𝑒𝑒𝑒  
data via a datalink with the heat pump. Homeowners can also input their comfort 
preferences by setting upper 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚  and lower 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 temperature limits for the indoor 
environment. 

The HEMS is designed to carry out three primary tasks: identifying the thermal 
model, simulating business-as-usual scenarios, and simulating flexible operations. 
First, the thermal model needs to be identified for each building in a real-world 
implementation (step 2 of the quantification). However, for simulation purposes,  
the RC parameters are sampled from guidelines and publications. Based on the identified 
thermal model, the weather forecasts, heat pump telemetry, and the homeowners’ 
comfort requirements, a BaU simulation is performed to determine the baseline 
behaviour without any flexibility activations (step 3 of the quantification). Once the 
baseline has been established, a flexibility activation simulation is performed to estimate 
the amount of time that the heating system may be turned on 𝑡𝑡𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢  or off 𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
until the comfort boundaries (step 4 of the quantification). Together with the baseline 
power profile 𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵, these durations are sent to the aggregator, which enables it to map 
the flexibility curves. 
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Figure 5.1. Overview of the aggregation framework. 

5.2 Energy flexibility quantification 

5.2.1 Space heating  
This section will provide an example of how to use the proposed approach depicted in 
Figure 4.2 to assess aggregated energy flexibility for space heating.  

The initial step in the quantification method involves importing relevant meteorological 
data regarding space heating. Weather data from PVGIS starting from April 2020 was 
used for the simulation. This date was selected because, as Figure 5.2 illustrates, 
it captures both the low outside temperature and solar heating elements that influence 
the amount of indoor heating used. 

Figure 5.2. Meteorological data obtained from PVGIS [174]. 

In the next step of the quantification method, we model the thermal dynamics of 
buildings. The study uses a simple 3R2C thermal network, but for greater accuracy, 
the model can be made more complex by adding extra resistors and capacitors. Table 4.2 
shows that all thermal network parameters are proportional to the floor area 𝐴𝐴𝑓𝑓𝑓𝑓, 
exterior wall area 𝐴𝐴𝑒𝑒, or window area 𝐴𝐴𝑤𝑤. This means that by sampling typical values for 
building constructional parameters [175], [176], many different building thermal network 
parameters can be generated. Buildings of different sizes, with floor areas ranging from 
50 to 200 square meters, building heights of 5 to 12 meters, and window-to-wall ratios 
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Figure 5.15. Aggregated power of different building types: (a) Light-weight, (b) Medium-weight,  
(c) Heavy-weight buildings [Paper III].

5.4 Conclusions 

This chapter applied the developed power-duration curve method for quantifying energy 
flexibility through a simulation-based case study. The results demonstrated the method’s 
effectiveness in characterising the flexibility potential of various residential energy 
systems, including space heating, electric water heaters, and battery storage systems.  
The aggregated energy flexibility of 1000 heating systems, electric water heaters and 
battery energy storage systems was quantified through a simulation-based case 
study. The aggregated energy flexibility was assessed by mapping out the flexibility 
power-duration curves, which illustrate the potential aggregated power that flexible 
devices can activate with respect to the maximum duration the activation can be 
sustained.  
The results revealed that both electric water heaters and battery systems exhibit 
inconsistent flexibility profiles throughout the day. Electric water heaters can offer 
significantly more flexibility to increase demand compared to reducing it, but the 
duration for increasing demand is shorter than for reducing it. Battery systems 
demonstrate an inverse relationship in their potential to increase or reduce demand. 
They provide greater flexibility to increase demand until noon, after which the potential 
to reduce demand becomes more dominant.  

These findings highlight the proposed power-duration curve methods’ ability to 
provide insights for grid operators and aggregators, enhancing their ability to integrate 
and manage flexible resources effectively by addressing the non-linear asymmetric 
behaviour of flexible resources. 

(a)

(b)

(c)
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6 Conclusions and future work 
The main goal of this PhD research was to advance the understanding and practical 
application of energy flexibility within residential energy systems by developing an 
innovative approach for quantifying flexibility through power-duration curves. 

A comprehensive literature review was performed that underscores the rising 
significance of energy flexibility as a fundamental aspect of modern energy systems, 
influenced by the increasing integration of variable renewable energy sources and the 
need for enhanced grid stability. The state-of-the-art analysis investigated the key 
aspects of energy flexibility, including its definitions, sources, methods of quantification, 
and associated challenges, while highlighting its importance in the shift toward 
sustainable and efficient energy systems. It was found that current methodologies 
frequently simplify the complex and dynamic characteristics of flexibility by depending 
on static or single-value measures, which emphasises the need for more sophisticated 
approaches, such as power-duration curves, that more accurately reflect the non-linear 
and time-varying behaviours of flexible loads. 

The content section of the thesis focused on developing a new method for quantifying 
aggregated energy flexibility based on power-duration curves. The proposed method 
overcomes the drawbacks of current approaches by considering the non-linear, 
time-varying, and asymmetric characteristics of flexibility. By linking flexible power 
capacity with the duration of its activation, this method captures the dynamic interplay 
between these elements, making it applicable for both short-term and long-term 
flexibility applications. This broadens its usefulness for demand response programs, 
reserve markets, and balancing services, ensuring it can fulfil various operational and 
market requirements. The quantification method was explained in a detailed, 
step-by-step manner, and a simulation-based case study was carried out to demonstrate 
its application in quantifying aggregated energy flexibility. 

One key finding of this research was the identification of inherent asymmetry in 
potential energy flexibility. The power capacity of flexibility was observed to vary 
considerably between increases and decreases in power, with the latter typically 
exhibiting less intense rebound effects. This asymmetry is vital for maintaining grid 
stability, as increases in power were found to generate more significant rebound 
oscillations, which could present challenges for operational planning. Additionally, 
the study showed that the connection between activation power and duration is 
fundamentally non-linear, challenging the assumption set by conventional linear 
models. This finding highlights the need for more advanced methodologies, such as the 
power-duration curve approach, to quantify and manage flexibility effectively. 

The rebound effect emerged as another critical aspect of energy flexibility. 
The research showed that, in many cases, energy consumption during the recovery phase 
can offset or even exceed the energy savings achieved during activation. These effects 
were especially evident in systems with high thermal inertia, such as heavy-weight 
buildings, which displayed prolonged rebound oscillations. This behaviour highlights  
the necessity of factoring in rebound effects when designing and implementing 
demand-side management programs to ensure overall energy savings and maintain grid 
stability. 
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	1 Introduction
	1.1 Background
	1.2 Motivation
	1.3 Aims, hypothesis, and research tasks
	1.4 Contribution and dissemination
	1.5 Application
	1.6 Thesis outline

	The production, distribution, and utilisation of electricity are undergoing significant changes. Due to the growing concerns about global climate issues, the European Union (EU) has been promoting sustainable development in the energy sector. Since the introduction of the Renewable Energy Directive [1], the share of renewable energy sources (RES) in gross final energy consumption at the EU level has increased from 12.5% in 2010 to 23% in 2022 [2]. In Estonia, the share of RES in gross final energy consumption increased from 24.6% to 38.5% during the same period [3]. Initially, the Renewable Energy Directive had set the target of meeting 32% of overall energy needs with renewable energy by 2030. However, due to the rapid pace of clean energy transition, the target was increased in 2018 to 42.5% [4]. Furthermore, an ambitious goal has been set by the European Green Deal for Europe to become the world’s first climate-neutral continent by 2050 [5].
	The regulatory pressure to shift towards sustainable energy production has resulted in increasingly more Variable Renewable Energy (VRE) sources, such as wind and solar, being integrated into power. However, unlike traditional power sources, the generation of VREs is uncontrollable, stochastic, and challenging to predict. As a result of the growing employment of VREs, the grid operators face increasingly significant challenges to preserve grid stability as they must constantly balance energy supply and demand in order [6]. Absence of flexibility in a power network is characterised by fluctuations in voltage [7], [8], [9], frequency [10], and electricity price [11]. To address this challenge, additional innovative solutions are required, such as the utilisation of aggregated energy flexibility from energy storage systems, flexible loads [12], and demand response programs [13]. Grid-scale battery energy storage systems (BESS) play a crucial role in maintaining grid stability by offering ancillary services like frequency regulation, voltage management, and relieving congestion. Recent studies [Paper VI] on integrating BESS in the Baltic region have shown their capacity to improve power system flexibility, optimise energy distribution, and facilitate the incorporation of renewable energy sources. Leveraging these solutions would allow grid operators to supply energy efficiently and reliably while reducing the power sector’s carbon footprint. However, it is challenging to supply more than 30% of annual demand using VRE at the present levels of energy flexibility [14].
	The sources of energy flexibility may be roughly classified into two main categories: demand-side and supply-side flexibility [15]. Traditionally, power balance has been controlled from the supply side by modifying the output of power plants to adapt to variations in demand. Supply-side flexibility can be obtained by integrating power production units with varying response times into the power grid. 
	Demand-side flexibility sources include controllable loads in residential [16], commercial [17], and industrial [18] settings. Flexibility sources in residential buildings include appliances like electric heating systems, water heaters, refrigerators, dishwashers, washing machines, battery storage systems, and electric cars that may be controlled to some degree while still preserving user comfort. In commercial buildings, the heating, ventilation, and air conditioning system (HVAC) and lighting are significant consumers that account for around 74% of the electricity consumption [19]. These systems can be a good source of energy flexibility as they can be controlled within the regulatory bounds set for workers’ well-being. Sources of flexibility in industrial loads are case-specific; for example, cold storage can be used as a source of flexibility in the food or fishing industry [18].
	Due to the small scale of individual households, they may not provide enough flexibility to contribute to grid improvements or to participate in energy markets alone. Therefore, aggregation is necessary to build up a portfolio of smaller controllable loads that act as a more sizeable entity [Paper II]. Aggregators act as intermediaries between end-users and system operators, offering their combined flexibility to various energy markets such as wholesale, reserve, and ancillary. 
	At present, changes within households are occurring at a rapid pace; they are evolving into prosumers and forming communities that display similar behavioural patterns based on their geographical locations. A study [20] assessing the flexibility potential in Northern Europe, which includes Sweden, Denmark, Norway, Finland, Estonia, Latvia, and Lithuania, estimated it to be between 12 and 23 GW, or 15 to 30% of the region’s peak consumption, thus highlighting the significance of this issue. Consequently, the flexibility potential of community microgrids in Northern Europe (hereafter: CMGs), comprising households as well as businesses and services, ranges from 8 to 19 GW, with households accounting for 3 to 13 GW of that total. Research indicates [Paper IV] that local energy communities can enhance their economic performance by over 10% by functioning as aggregators and delivering grid services directly to system operators.
	The existing electrical grids have been designed with a large focus on centralised power generation. However, grid management has become more challenging with the growing use of renewable distributed energy resources. To address these challenges, one potential solution is to utilise demand-side energy flexibility. Unfortunately, residential demand-side energy flexibility has not been fully utilised, as individual prosumers cannot provide enough capacity. An aggregator is required to manage demand-side energy flexibility. However, aggregators must use an appropriate quantification method to make informed decisions about utilising prosumers’ energy flexibility in their portfolios. Therefore, this research was motivated by the current topical direction of research of developing appropriate methods for assessing the quantity of aggregated energy flexibility of residential electricity consumers. This PhD thesis aims to contribute to the existing literature by proposing a novel quantification method for aggregated energy flexibility based on the relationship between flexible power and the duration its activation can be sustained. The flexibility curves offer crucial insights for aggregators to make informed decisions about utilising their portfolios.
	The main aim of this PhD research is to study and develop a novel method for quantifying aggregated energy flexibility of flexible devices in residential buildings, which will allow aggregators to gain better insights into how to utilise energy flexibility.
	Hypotheses:
	1. Quantifying energy flexibility using power-duration curves provides a more accurate and practical representation of flexibility compared to single-value metrics, offering insights into both short-term and long-term flexibility potentials
	2. Aggregated energy flexibility is asymmetric and non-linear, with different capacities for increasing and decreasing power and a non-proportional relationship between activation power and duration
	3. Asymmetry of energy flexibility potential impacts the grid stability differently, with demand increase showing more significant rebound effects
	4.  Rebound effects in demand-side flexibility activations cause more significant changes to the demand profile than the flexibility activations themselves
	Research tasks:
	1. Analysis of definitions, sources, aggregation process, and aggregation barriers for demand-side energy flexibility (Chapter 2)
	2. Analysis of existing quantification methods of residential demand-side energy flexibility (Chapter 3)
	3. Development of a novel method that quantifies energy flexibility using power-duration curves (Chapter 4)
	4. Conducting a simulation-based case-study to illustrate the quantification process and showcase its strengths and weaknesses (Chapter 5)
	This research contributes to advancing the understanding of energy flexibility in residential energy systems. The proposed methodology for quantifying flexibility through power-duration curves offers a novel and dynamic approach that addresses significant gaps in current methods. In contrast to static or single-value indicators, the approach developed captures the non-linear, asymmetric, and temporal characteristics of energy flexibility, presenting a thorough framework for both short-term and long-term applications. 
	The results of this thesis have been disseminated within academic and professional communities. Key findings have been presented at one international conference and have been published in two peer-reviewed journals, ensuring that the methodology and insights are accessible to a wider audience. The novelties of this thesis are as follows:
	 Development of a power-duration curve approach as a new method for quantifying energy flexibility. This method offers a detailed and dynamic representation of flexibility over various time frames, providing a more nuanced overview compared to single-value metrics.
	 The identification of asymmetric and non-linear properties of energy flexibility that challenge the traditional linear models of energy flexibility, providing a more accurate and comprehensive understanding, which is essential for improving demand response and load management strategies.
	 The identification of the rebound overshoot phenomenon, where energy consumption starts oscillating after the rebound effect, which system operators would need to account for to maintain the balance.
	This doctoral thesis was supported by the Estonian Research Council grant PSG739, the European Commission through H2020 project Finest Twins grant No. 856602, the Estonian Centre of Excellence in Zero Energy and Resource Efficient Smart Buildings and Districts ZEBE, grant 2014-2020.4.01.15-0016 funded by European Regional Development Fund, the Project “Increasing the Knowledge Intensity of Ida-Viru Entrepreneurship” co-funded by European Union under Grant 2021-2027.6.01.23-0034, and by European Union and Estonian Research Council via Project TEM-TA78.
	Over the past ten years, there has been considerable growth in residential energy systems in Estonia, driven by the rising adoption of renewable energy sources and advanced energy technologies. During this timeframe, around 60 000 new residential dwellings were built. These buildings are outfitted with various energy systems, such as heating systems, water heaters, and sometimes battery storages, providing significant energy flexibility opportunities. It is essential to quantify the flexibility of these systems effectively. 
	The most significant energy-consuming devices in residential homes are space heaters and water heaters, accounting for approximately 60% and 20% of total energy use, respectively [21]. This illustrates the considerable flexibility residential loads could offer when integrated with smart control systems. Battery storage systems, which are becoming more prevalent in residential and commercial buildings due to their integration with rooftop solar panels, have the capacity to provide both short-term and long-term flexibility for maintaining grid stability.
	Aggregators play a critical role in harnessing this flexibility. By pooling the flexibility potential from separate households and commercial structures, aggregators can generate a valuable resource for engaging in energy markets. For instance, if 50 000 residential units each provide 0.5 kW of flexibility during a demand response event, the total aggregated flexibility would reach 25 MW – enough to influence grid stability and the dynamics of energy markets significantly. In the context of Estonia, the flexibility provided by residential energy systems could greatly improve the ability to incorporate renewable energy into the grid. With manual frequency restoration reserve (mFRR) activations averaging 8.7 MWh during up-regulation events in 2022 [22], the possible contribution from residential systems could account for a substantial portion of this demand.
	The power-duration curve method proposed in this research offers a strong tool for quantifying and optimising aggregated flexibility. By accounting for the dynamic, non-linear, and asymmetric characteristics of these energy systems, the method facilitates accurate forecasting and operational planning. It allows flexibility to be utilised efficiently, aligning the grid’s requirements with the operational limitations of each system. Additionally, the rebound effects and asymmetric behaviours identified in this research emphasise the necessity for advanced methods, such as the power-duration curve, to ensure that flexibility is utilised both effectively and sustainably.
	The thesis is structured into three main sections. Chapter 2 offers a comprehensive analysis of the concept of energy flexibility, its sources, aggregation, and the challenges and barriers faced by aggregators. Chapter 3 provides an analysis of existing quantification methods highlighting the need for a more robust approach. In Chapter 4, a new quantification method based on power-duration curves is proposed and explained in detail. Chapter 5 presents case studies that quantify the energy flexibility of residential space heating, domestic water heaters, and battery systems. Finally, Chapter 6 concludes the thesis and offers recommendations for future research topics.
	2 State of the art
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	2.4 Barriers and challenges faced by aggregators
	2.5 Conclusions

	As energy systems adapt to accommodate greater shares of renewable energy, the role of demand-side flexibility has become increasingly significant. This chapter offers a thorough examination of energy flexibility, its sources, and the challenges associated with its aggregation. It investigates the potential of various flexible resources, such as residential loads, battery storage, and electric vehicles, while also analysing the role of aggregators in utilising these resources for grid stability and market participation. The discussion highlights existing regulatory and market barriers, laying the groundwork for the subsequent analysis of flexibility quantification methods in the following chapter.
	The concept of energy flexibility currently lacks a universally accepted definition. Various researchers have made efforts to define it within their respective fields of specialisation. Some researchers define flexibility simply as “the ability to deviate from its reference electric load profile” [23] or as “the ability to reshape consumption patterns when interacting with the power grid” [24]. More comprehensive definitions include “DSF can be defined as the ability to strategically alter electricity usage by consumers (either commercial or residential) from their normal consumption profiles, by responding to control signals from grid operators and/or financial incentives from electricity generators/aggregators. The scope of these signals is to modulate and optimise electricity usage and to balance electricity production and consumption” [25]. The IEA EBC Annex 67 project ‘Energy Flexible Buildings’ [26] has compiled an overview of the definitions of energy flexibility used by researchers in the literature, leading to the proposal of a general definition: “The energy flexibility of a building is the ability to manage its demand and generation according to local climate conditions, user needs, and grid requirements. Energy flexibility of buildings will thus allow for demand-side management/load control and thereby demand response based on the requirements of the surrounding grids”. 
	Flexibility services in the electrical grid refer to modifications in power generation or consumption that occur at a designated time, last for a specified period, and take place at a certain location within the grid. These services are characterised by several aspects, including whether they (a) increase or decrease power (direction), (b) the capacity of power adjustment, (c) when the adjustment begins, (d) how long it lasts, and (e) where it happens in the grid [27], [28], [29], as shown in Figure 2.1.
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	Figure 2.1. Properties of a flexibility service.
	Additionally, other key attributes often discussed include how controllable and predictable these services are, their availability over time, the timing of delivery, and the associated costs or efficiency losses incurred by activating these services.
	 The directional property describes the power flow direction of flexibility sources, distinguishing between those that consume energy and those that generate it. Flexibility sources may be unidirectional, either purely generating or consuming, or bidirectional, capable of both. Appliances like heat pumps, water heaters and washing machines, which only consume energy, are examples of purely consuming flexibility sources. Conversely, sources like PV panels and wind turbines, which generate power, are purely generating sources. There are also sources like battery storage systems and electric vehicles that are capable of both consuming and generating energy, thus classified as having bidirectional flexibility or being prosumer-capable loads.
	 The power capacity attribute defines the power adjustment that a flexibility service can alter. When combined with the duration for which the flexibility service can be activated, flexibility sources can be classified as either capacity or energy type sources. Capacity type sources can be activated for a brief period with high power, while energy type sources can be activated for a longer duration but with lower power output.
	 The starting time property refers to the delay between receiving the activation signal and the commencement of the flexibility service. Furthermore, certain flexible sources may only be activated during specific times of the day, either due to the owner’s specifications or the inherent characteristics of the source.
	 The location property describes the real position of the flexibility source in the distribution grid. For the distribution system operator (DSO), identifying the location where flexibility is required could be crucial for resolving congestion issues, whereas for the transmission system operator (TSO) and balance responsive party (BRP), the location holds less significance as their goal may simply be to balance generation and consumption [27].
	The Flexibility Function (FF) is a more complex characterisation method that can be employed to characterise energy flexibility controlled through penalty signals. Penalty signals are external control signals used by flexibility sources with penalty-aware controllers to adjust their demand. The consumer’s incentive is to minimise their accumulated penalty. Depending on the purpose of controlling flexibility, penalty signals can represent different properties [30], such as:
	 Real-time CO2 emissions from consumed energy, where the flexibility controller aims to reduce overall carbon emissions, thus becoming emission efficient.
	 Real-time electricity prices, where the objective is to minimise the total cost of consumption, thus achieving cost efficiency.
	 If a constant penalty is in place, the flexibility controller will work to minimise total energy consumption and achieve energy efficiency.
	 A penalty signal could consist of the mentioned elements combined, or it could be designed with different goals in mind, like decreasing peak power usage, addressing voltage and frequency issues, or managing grid congestion [31]; in such instances, the location of the utilised flexibility is also considered when creating a penalty signal.
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	Figure 2.2. Flexibility Function depicting the expected response of energy flexible buildings.
	FF was first introduced in [32] to capture the dynamic connection between the penalty signal and a penalty-aware demand that reacts to it. Typically, energy flexibility is characterised using static functions for specific stable states that do not account for changes over time, so the FF aims to explain the dynamic behaviours that result from utilising energy flexibility. It is crucial to observe the dynamics because activating energy flexibility inherently involves deviating from normal operational set points. The FF can be developed by analysing time-series data, simulations, or from the first principles of a comprehensive model that encompasses constraints, occupancy behaviour, controllers, and boundary conditions. An illustration of an FF is provided in Figure 2.2, where energy flexibility can be characterised by the following parameters [30]:
	 𝝉, the time delay from when the penalty signal is adjusted to the earliest response in demand. This delay can be caused by communication delays or, in some instances, by extensive computation in optimisation algorithms. Additionally, certain appliances may require time to complete their current operations before they can be shut off.
	 𝜶, the duration for flexibility to become fully activated after the beginning of the response. This is influenced by the reaction speed or the energy inertia of the flexibility source.
	 𝜷, the duration for which the flexibility can be activated, which varies based on the energy capacity of the flexibility source. For instance, well-insulated, large, heavy buildings can have long durations, whereas smaller, poorly insulated buildings cannot adjust their demand for significant periods.
	 𝚫, maximum demand adjustment that refers to the power capacity of the flexibility source.
	 A, the total amount of energy that the flexibility source can decrease (or increase) in demand before reaching the constraints set by the owner of the flexibility source. It is a crucial factor if activating flexibility requires shifting significant energy.
	 B, represents the total energy required to rebound from the deviation caused by the previously activated flexibility. The type of flexibility source influences this. For instance, if heating is turned off to reduce demand, it will subsequently need to be turned on again to return to the initial temperature. However, in the case of dimmed lighting, there is no need to increase the brightness above normal levels afterwards; therefore, in such case, there is no rebound.
	/
	Figure 2.3. Flexibility functions of buildings with different energy inertia.
	FF can be used to assess an individual or a group of flexibility sources, such as a single building or a combination of buildings. Figure 2.3 illustrates an instance of FF for buildings with varying thermal mass. Building 1 possesses a substantial thermal mass, resulting in a notable rebound effect, building 2 is of medium size, and building 3 has poor insulation and resistive heating. The combined FF of these buildings is depicted by the black line.
	Buildings have great potential to be used as a source of aggregated energy flexibility. In 2018, the building sector in the EU was responsible for about 40.3% of final energy usage (26.1% in households and 14.2% in the service sector) [33]. Various factors influence the energy flexibility that a building can offer [32]:
	 The physical attributes of a building (including its thermal mass, insulation, and architectural layout).
	 The controllable loads within the building (such as ventilation, heating, and storage equipment).
	 The installed control systems that allow controllable loads to respond to external signals (such as control or penalty signals based on electricity price, emissions, etc. [34]).
	 The behaviour of the building occupants and their comfort needs.
	The Annex 67 project categorised building energy loads into three groups according to their importance and the necessary conditions for adjusting or altering their consumption.
	 Shiftable loads can be rescheduled to off-peak hours by using a penalty signal. These loads can usually be rescheduled without significantly affecting the occupant’s comfort. Shiftable loads are further categorised into shiftable profile loads, such as washing machines, which have a fixed energy profile but can be moved, and shiftable volume loads, such as charging devices, which allow the energy profile to change within certain limits while meeting the total volume over a specific time period [35].
	 Non-shiftable loads, such as lighting, cooking appliances, computers, and televisions, cannot be easily adjusted and cannot be moved, regardless of the energy cost. This is primarily because of occupant comfort requirements.
	 Other controllable loads can be regulated using optimal control methods through thermostat adjustments, fan speed regulation, or dimming (for example, in HVAC systems, water heaters, and non-essential lighting).
	The flexibility of residential loads can be defined based on the type of appliance they are, categorised as storable, non-storable, shiftable, non-shiftable, curtailable, or non-curtailable loads [36], [37]. This categorisation helps to deduce an appliance’s potential to participate in demand response. Residential loads can be first grouped into storable and non-storable loads, with non-storable loads further classified as shiftable and non-shiftable. Additionally, non-shiftable loads can be subcategorised into curtailable and non-curtailable loads. Non-curtailable loads, such as non-storable, non-shiftable, and non-curtailable, are considered inflexible base loads that cannot be controlled.
	 Storable loads decouple power consumption from the end-use service through the use of batteries or thermal inertia. These types of loads store electrical energy in a different form, such as thermal or electrochemical. Examples of this type of load include batteries, electrical heating/cooling (HVAC) [38], and domestic electric water heating (EWH) appliances that store energy in a thermal mass.
	 Shiftable loads can be rescheduled in time to operate earlier or later than they should because they have temporal flexibility. It is necessary to plan ahead for shiftable loads, as they often have a predetermined operational cycle that must be maintained. Some examples of shiftable loads include washing machines, dryers, and dishwashers.
	 Curtailable loads cannot be shifted because of the consumers’ comfort requirements or because there is no need to shift them, such as in the case of room lighting. Nevertheless, curtailable loads can be stopped if consumers are provided with enough incentives.
	A summary of typical residential loads based on the aforementioned classification and their adaptability features is provided in Table 2.1. In order to evaluate the potential for aggregation of flexible loads, it is possible to categorise them based on whether they are capacity or energy-based, their response direction (unidirectional upward or downward, or bidirectional), speed of response, duration of response, availability, and predictability [39].
	 The type (capacity or energy) indicates the energy-to-power ratio of the flexible load. Flexible loads with a low ratio can deliver high power but cannot sustain it for a long time, making them more suitable for providing short-term flexibility services such as ancillary services. On the other hand, loads with a high ratio can provide power for extended periods and are therefore categorised as energy-type loads, making them better suited for longer applications like load levelling.
	 The response direction determines the direction of power flow for the load. Some may only be in one direction, either up or down, and function as either a load or a producer, but not both. Bi-directional sources of flexibility, such as battery storage devices, can operate as prosumers, sometimes consuming power and other times supplying power.
	 The response speed at which residential flexible resources activate is typically fast, ranging from seconds to minutes, but it also relies on the availability of the load for flexibility usage.
	 The response duration is the time period for which a flexible load can maintain its power at the maximum level in relation to its nominal power when required. According to [39], the maximum response duration can sometimes be calculated by dividing the allowable energy range by the maximum power capacity (for example, for a 50 kWh battery with a 10 kW charging/discharging power, it would be 5 hours). The response duration of flexible loads may vary based on the technology used and consumer behaviour.
	 The availability determines how often and when the flexible load is available for activation, which varies depending on the load. Electric vehicles, for example, are typically accessible in the evening and at night, as they are often parked away from residential areas during the day. Conversely, wet appliances may have limited availability, as they can only be activated at specific times and usually once a day.
	 The concept of predictability refers to the accuracy of estimating the availability of a flexible load. Certain loads, such as battery systems, can be highly predictable, while electric vehicles (EVs) are more likely to be accessible between 6 PM and 6 AM. On the other hand, loads like washing machines and dishwashers are less predictable due to their usage being limited to a few hours per week and being influenced by consumer behaviour.
	Table 2.1. Characterisation of residential flexible loads.
	1 Wet appliances such as washing machines are interruptible for up to couple of minutes.
	2 New efficient low-power LED lighting systems are energy type while older less-efficient lighting systems are power type.
	3 With vehicle-to-grid technology EVs can respond in both directions.
	Compared to flexible loads that only consume energy, battery storages operate bidirectionally as prosumer devices, offering energy flexibility by adjusting their demand profiles. Battery storage systems are valuable for energy flexibility because they can store electrical energy for future use.
	Battery storage systems are frequently installed alongside PV systems to allow for the self-consumption of PV power on-site [40]. Storing surplus PV energy for later use can lessen the strain on distribution grids during peak demand periods [41] and alleviate PV curtailment during low-demand midday hours when PVs often generate excess power [42].
	Distributed battery storages are a crucial source of energy flexibility for aggregators due to their rapid response time, immediate availability, constant knowledge of state-of-charge (SOC), and direct electrical energy flexibility. In contrast, flexible loads achieve energy flexibility indirectly through control of temperature or scheduling of loads [43].
	Aggregated battery storages can serve other purposes that individual residential owners of smaller storage systems cannot achieve:
	 When the aggregated battery storage reaches a sufficient capacity, the aggregator can utilise it to take part in the reserve markets [44]. Battery storage is well-suited for this purpose because of its quick response time.
	 Aggregators can manage the energy distribution of battery systems within a community through energy sharing to enhance the self-consumption of renewable energy [45]. They can also be used for local power balancing [46] and peak shaving [47], which helps decrease the ramping stress on traditional power generation during periods of rapid changes in demand.
	 Aggregated battery storage can offer extra support for ancillary services [48], such as congestion management [49] on the distribution grid and black start support [50].
	Considerable research has been devoted to exploring the use of electric vehicles (EVs) as sources of flexibility, given the increasing adoption of EVs. When compared to stationary battery systems, EVs present more complex factors to consider. Their inherent mobility can be viewed as either an advantageous feature or a disadvantage in certain situations.
	The mobility aspect of electric vehicles allows them to travel between different parts of the grid. For residential energy flexibility aggregators, this means that the vehicles may not always be available as their owners use them to commute to various locations. Therefore, research on residential EV energy flexibility has significantly been focused on overnight charging [51]. The development of non-residential charging infrastructure will be crucial for utilising daytime charging as a source of flexibility.
	Most EVs are parked and not in use for approximately 22 hours a day [52], which means they could be utilised for other purposes during that time, such as providing demand response, ancillary services, utilising renewable energy generation on-site, and peak shaving. However, an intermediate aggregator is needed to engage EVs in these applications.
	The primary focus of research on EV flexibility has been on determining the best scheduling and optimisation strategies for charging to minimise costs [53], [54]. This is often studied in the presence of renewable generation.
	Unidirectional charging isn’t the only function of EVs. When paired with smart charging infrastructure, EVs can also offer vehicle-to-grid (V2G) capability, making them bidirectional devices. With V2G technology, EVs can charge and discharge, essentially serving as mobile battery systems. However, V2G must be approached with caution due to battery degradation considerations. Offering frequency containment reserve (primary reserve) can contribute an additional 1–2% degradation to the typical 7–12% capacity reduction over 5 years [55]. As per [56], providing a combination of frequency containment reserve and peak-shaving is more profitable than offering either of them individually.
	The use of residential electric vehicles for frequency regulation was examined in [57] by analysing the dynamic relationship between the battery SOC and the frequency target in the system. In a similar study [58], it was found that the ability to regulate power bidirectionally during the daytime was approximately one-third less than that during the nighttime because there were fewer parked cars in the residential grid.
	An analysis of the EV charging infrastructures, the main roles and participants of markets, and the future governmental interventions required for extensive EV advancement is provided in [59].
	Due to the untapped potential for energy flexibility, a new market participant known as the aggregator has appeared. The aggregators’ role involves pooling together a variety of smaller flexibility resources to function as a larger entity, as an individual residential or commercial customer often lacks sufficient capacity to engage in the markets independently. Therefore, the aggregator plays a crucial role in transforming passive residential or commercial consumers into prosumers by consolidating the energy flexibility of their adjustable loads. The aggregator has the potential to deliver significant benefits to power systems. As noted in [60], the aggregator can offer fundamental, transitory, and opportunistic value. The fundamental value arises from the process of aggregation itself, while transitory value refers to the temporary worth generated as the power system progresses from older regulations and technologies to newer, more advanced ones. Opportunistic value, on the other hand, emerges in response to regulatory flaws.
	At present, aggregators can trade flexibility in markets that have traditionally been structured for centralised power plants. As a result, an individual residential household cannot independently engage in these markets. Consequently, aggregators can potentially combine the flexibility of numerous smaller producers and sell it in the markets. The markets where flexibility can be traded currently include markets such as the day-ahead, intra-day, and balancing reserve markets. The first two are organised by power exchanges, such as Nord Pool or EEX, while the third is managed by regional TSOs. A comprehensive overview of the involvement of aggregators in these markets is provided in [61].
	The day-ahead market (DAM) facilitates bidding for the purchase or sale of energy production for the following day by the hour. Bidding typically closes at noon the day prior to delivery. This means that for participation in the DAM, aggregators must forecast the available flexibility at least one day in advance while accounting for reasonable uncertainties. A significant amount of research has been conducted on how aggregated flexibility can be utilised in DAMs [62]. Many studies in this area focus on maximising profits under various conditions utilising different approaches. For instance, a robust optimisation model for an EV profit-maximising aggregator is introduced in [63], which demonstrates that their model can reduce deviations from energy balance by approximately 9–15% compared to stochastic models and 60–64% compared to deterministic models. Additionally, a stochastic optimisation model was created in [64] to establish an optimal day-ahead bidding strategy to increase an EV aggregator’s profits. A coordination optimisation model based on marginal pricing was created in [65] using mixed-integer linear optimisation to manage two EV aggregators. A forecasting model utilising support vector machines was developed for aggregated smart household flexibility in the context of the day-ahead market [66], which was further advanced in [67] by establishing an optimal bidding strategy for load aggregators to mitigate financial risks associated with price fluctuations. A robust optimisation model aimed at minimising the operational costs of smart household aggregators was developed in [68], resulting in a 5.7% cost reduction. An optimal bidding strategy for a multi-energy virtual power plant aggregator was devised in [69], achieving approximately a 5% cost decrease. An optimal bidding strategy for a multi-energy distributed energy resources (DER) aggregator was formulated in [70] using stochastic mixed-integer linear programming for the day-ahead market.
	Bidding in the intra-day market (IDM) occurs on the delivery day. Participation in IDM can utilise more precise forecast data acquired closer to the delivery time. Therefore, for aggregators, engaging in an intra-day market may serve as a strategy to mitigate the risks associated with inaccurate day-ahead flexibility forecasts [71]. A model for an incentive-based demand response program was developed in [72] for involvement in both the day-ahead and intra-day markets. The research findings indicate that participating in the intra-day market can be financially comparable to participating in the day-ahead market. It was noted that there is a scarcity of research concerning aggregated flexibility provision in intra-day markets.
	The balancing market aims to address frequency deviations caused by imbalance issues or unexpected generation loss by acquiring reserve capacity [73]. The EU Commission has set a regulatory guideline for energy balancing to standardise balancing markets across Europe [74]. This regulation requires all EU member states to eventually offer three types of balancing reserve products: automatic Frequency Restoration Reserve (aFRR), manual Frequency Restoration Reserve (mFRR) – which represents secondary and tertiary reserves – and Replacement Reserve (RR). Additionally, the Frequency Containment Reserve (FCR), known as the primary reserve, is being adopted voluntarily throughout Europe.
	The bidding process for RR concludes 1 hour before the delivery time and 30 minutes before the delivery for aFRR and mFRR [75]. Thus, although tapping into the reserve markets may seem appealing to aggregators due to the minimal forecast errors associated with near real-time operations, participation in these markets necessitates flexible power that can be deployed rapidly. The maximum activation time required is 5 minutes for aFRR, 12.5 minutes for mFRR, and 30 minutes for RR [75]. The potential of aggregated energy flexibility from EVs in reserve markets has been explored in [76], [77], [78], [79], [80], [81]. Similarly to DAM publications, generally, the emphasis is on maximising profits through optimal bidding strategies utilising various optimisation techniques.
	Local flexibility markets (LFMs) are platforms for trading electricity where flexibility can be traded in specific geographical areas, like small towns, neighbourhoods, or communities [82]. The models and clearing methods for local flexibility markets are reviewed in [27], revealing that participants in LFMs may hold overlapping roles; either the DSO or aggregator can operate the LFM, or the aggregator might also serve as its own balance responsible party (BRP). As a result, LFMs can be tailored to accommodate various conditions and regulatory frameworks. Additionally, the interaction between LFMs and the balancing market must be taken into account if the TSO acquires flexibility from the LFM through coordination with the DSO. The significance of TSO-DSO coordination is further emphasised in [83] and [28].
	One of the initial large-scale demand response demonstrations occurred within the EcoGrid EU project  [84], involving approximately 1,900 residential customers, where real-time pricing was utilised to encourage changes in consumption. It was found that price incentives provide the DSO with limited security since they merely encourage loads to adjust their consumption rather than mandating it. Furthermore, pricing structures penalise rigid loads that cannot shift or alter their consumption.
	These limitations were tackled through the EcoGrid 2.0 project [85], which involved aggregating flexible loads and trading them on a fully operational experimental LFM under realistic conditions. In that initiative, two categories of services were established to manage congestion in the distribution grid: capacity limitation services and baseline flexibility services. It was demonstrated that these services can offer an additional safety net against network overloads and outages; however, their necessity is infrequent. Additionally, it was also pointed out that there are widespread shortcomings and unrealistic assumptions in the literature. Clear definitions for flexibility services are rarely provided, indicating that there are currently no well-defined standardised flexibility products available. A similar concern was highlighted in the quantification section of this thesis, where an excessive number of quantification parameters were observed, underscoring the need for standardised flexibility products that would outline the outcome parameters for quantifying flexibility to enable its sale as realistic products.
	In [86], a decentralised LFM design that was introduced that accounts for demand uncertainty alongside a right-to-use (RtU) option, enabling the DSO to reserve flexibility that can be activated in real-time to address potential congestion with medium likelihood. A study in [87] explored an LFM design that enables the provision of various flexibility services at the distribution network level. In this proposed framework, the aggregator facilitates flexibility trading within the local energy community, functioning as a local market operator. An assessment of twenty-three distinct European LFM design proposals for congestion management was conducted in [88]. The findings revealed that the majority of these market design proposals do not fulfil the criteria of a “market”; furthermore, the definitions of products, contract lengths, market clearing processes, and matching methods showed significant variation across different designs.
	A novel concept of peer-to-peer (P2P) trading has emerged recently [89]. The concept of P2P trading enables peers (prosumers and consumers) to exchange energy directly. This promotes the local use of surplus renewable energy generated within the community. P2P trading can serve as a means to engage end-users in energy transactions, as opposed to traditional capacity and balancing markets, which impose minimum capacity requirements. However, there is no agreement on the optimal market design, such as trading methods, clearing processes, regulatory mechanisms, or business models that P2P trading should adopt.
	Research has identified essential components and strategies in P2P energy trading by creating a three-dimensional system framework [90]. The first dimension focuses on enabling the seamless exchange of information among the power grid layer, ICT layer, control layer, and business layer. The second dimension takes into account the size of the participants, which includes premises, microgrids, cells, and regions. In the third dimension, the temporal aspect of P2P trading is represented through the processes of bidding, exchanging energy, and settling transactions.
	There have been several real-life demonstration projects related to P2P trading [91], including EnerChain, Electron [92], Piclo [93], SonnenCommunity [94], and Vandebron [95]. An overview of these and additional P2P initiatives can be found in [96], [97], and [98]. A trading platform named “Elecbay” was developed in [90] to support P2P trading within a grid-connected LV microgrid. That study indicated that a greater variety of energy consumers and prosumers can enhance the balance of local generation and consumption. 
	In [99], three types of P2P market designs were suggested: bill sharing, mid-market rate, and auction-based pricing methods. It was determined that with moderate PV penetration, P2P trading could lead to a cost reduction of approximately 30% for end-users. According to another study [100], P2P trading achieved savings of 16%, and when combined with either centralised or decentralised battery storage, it resulted in savings of 24% and 31%, respectively.
	The study in [98] examined three distinct designs for P2P markets: a complete P2P market design in which peers engage in direct trade with one another; a community-based market design that involves a community manager facilitating inter-community trading and acting as an intermediary between the community and the broader system; and a hybrid P2P design that merges the two previous approaches, establishing a hierarchy of various layers where peers trade directly within their own layer. The paper concluded that the hybrid P2P market design serves as an effective compromise, offering appropriate scalability while allowing for P2P interactions.
	A hierarchical framework is proposed in [101] that facilitates peer-to-peer (P2P) trading through smart contracts based on blockchain technology across residential, commercial, and industrial domains. It is observed that scalability presents a challenge for the execution of P2P trading. To tackle the scalability issue, the authors of [102] suggested a dynamic allocation of P2P clusters that optimally aligns various load and renewable profiles that can enhance each other. The advantage of clustering is highlighted as the improved scalability of P2P trading with an increasing number of participants.
	A thorough review of P2P energy trading is presented in [103], highlighting key research areas as follows: (1) the architecture of trading platforms, security assessments, and scalability; (2) transaction mechanisms that utilise blockchain technology; (3) modelling participant behaviour through game theory; (4) simulations to validate the other primary subjects; (5) strategies to enhance the economic advantages for peers; and finally, (6) algorithms that integrate the aforementioned primary topics.
	An alternative business model for aggregators could involve selling surplus energy efficiency (EE) to entities that are unable to meet the legally mandated EE requirements [104]. This is necessitated by the various emissions, environmental, and energy efficiency regulations that generation stakeholders must follow. If the energy efficiency achieved through the aggregated flexibility exceeds the legally required minimum, the business model would need to monetise this surplus EE for profit. This type of demand response (DR) business approach is commonly known as “energy savings certificates (ESC)”, “energy efficiency credits (EEC)”, or “white tags” [105].
	The EU has recognised through the Internal Electricity Market Directive [106] that in the future, “market participants engaged in aggregation are likely to play an important role as intermediaries between customer groups and the market”. Consequently, they have established various regulatory guidelines [74], [106], [107] to motivate Member States to eliminate discriminatory provisions and obstacles concerning aggregators’ access to electricity markets and their involvement in ancillary services. Nonetheless, it is the responsibility of each individual Member State to “choose the appropriate implementation model and approach to governance for independent aggregation while respecting the general principles set out in this Directive” [106].
	The Clean Energy for All Europeans Package [107], issued in 2019, established new regulations aimed at creating a more flexible and market-driven EU electricity market that can accommodate a more significant proportion of renewable energy sources. While it does not mandate that Member States actively support aggregation business models, the package instead focuses on ensuring fair market conditions for aggregators, with the expectation that once a “levelled playing field” is established, innovative products and services will emerge [108].
	The survey [109] carried out by the European Network of Transmission System Operators for Electricity (ENTSO-E) regarding the procurement of ancillary services and the design of electricity balancing markets reveals significant variances in market designs across European countries. These disparities could be attributed to the historical development of markets in these countries or arise from the mix of electricity generation; some countries rely on fewer large, traditionally centralised producers, while others utilise a more significant share of renewable energy in a decentralised approach.
	Due to varying market designs, the obstacles for aggregators to enter the markets differ by country. The challenges for aggregators in Denmark, France, Germany, and the UK were evaluated in [110]. Similarly, the hurdles in Austria, Germany, and the Netherlands were examined in [111], and the authors of [112] investigated the Belgian, Finnish, French, and UK market barriers. Barriers preventing participation in ancillary services within the U.S. electricity markets were also analysed in [113]. The general obstacles that deter customers from participating in demand response programs are discussed in [114].
	A modular framework was created in [142] to evaluate the obstacles faced by distributed energy resources (DERs) in primary and secondary reserve markets. This framework is organised into three hierarchical modules, with the first having a more significant influence than the second, which in turn influences the third the most. The first module addresses “rules regarding the aggregation of DERs”, which include technical biases against combined resources, interoperability between DSOs, and levels of aggregation. The second module covers barriers from “rules defining the products in the market”, such as minimum bidding requirements, product time definitions, proximity to real-time reservations, and product symmetry. The challenges in the third module arise from “rules defining the payment scheme for grid services”, which involve the payment type and additional incentives for flexibility.
	The research discussed in [110] was further developed by the authors of [111] and [112] who introduced their models to categorise the obstacles faced by DER aggregators. According to the framework established in [111], barriers that prevent aggregators from participating in the electricity market can primarily be divided into two categories: those related to market access and those related to auction configuration. Market access barriers encompass formal access requirements, administrative elements, and technical prequalification criteria, whereas auction configuration barriers consist of bid-related specifications, time-related factors, and remuneration issues. The framework presented in [112] classifies barriers into three types: regulatory, technical, and economic.
	According to [110], to encourage aggregator participation, the rule changes should involve lowering the minimum bid size, adopting a more adaptable definition of the delivery period, conducting auctions daily, and allowing the delivery of asymmetrical products. Research of [111] indicates that flexible pooling conditions, increased bidding frequency, improved product resolution, and the acceptance of non-precontracted bids could facilitate the integration of DERs into the market. Additionally, the authors of [112] suggest that the minimum bid size, bid symmetry, and product resolution significantly influence aggregator income.
	Building on previous researchers’ work, the barriers aggregators face are categorised in this thesis into four categories: those related to the regulatory framework, market conditions, economic challenges, and the technological aspects of aggregation. A summary of these barriers is provided in Figure 2.4.
	The regulatory framework barriers include restrictive rules prohibiting or hindering aggregators’ operations. The organisations that create these regulations may consist of government bodies, regulatory agencies, TSOs, and other entities with authoritative power. Examples illustrating the origins of regulatory framework barriers may include:
	 Explicit discrimination against aggregated resources: Some rules may explicitly favour certain players, like large industrial participants, disadvantaging aggregated resources. TSOs and DSOs might also prefer players connected to their specific grid region; however, aggregated resources can include units from various parts of the grid.  
	 Inadequate definition of clear roles and responsibilities for market actors: The insufficient clarity in defining the roles and responsibilities of market participants is a significant obstacle across Europe, as it restricts free-market competition, raises risks for all involved, and can lead to the violation of consumer rights [115].
	 Prequalification requirements: Balancing service providers must meet specific prequalification criteria to confirm that their systems can technically supply the necessary products. Guidelines should be established to facilitate the aggregation of DERs; otherwise, aggregators will have to prequalify every unit in their portfolio, undermining the purpose of aggregation, which relies on the combined strength of smaller resources.  
	 Portfolio requirements: Rules might be implemented to regulate the unit mix of aggregators’ portfolios. For instance, there could be requirements regarding the proportion of relatively uncertain sources such as VREs and flexible loads compared to more reliable sources like battery storage and traditional generation or demand.  
	 Additional agreements: Aggregators might need to secure authorisation from other market players. For example, the consent of a large consumer’s energy supplier or the BRP might be necessary [111].
	Market aspect barriers are challenges that arise from the market side when an aggregator aims to offer flexible resources.  
	 Lack of specific products for flexibility service: The guidelines for LFMs remain undefined, which currently prevents aggregators from tapping into this revenue source.
	 Incompatible product definitions of traditional services: Traditional balancing product specifications were designed with conventional generation in mind. Certain specifications significantly hinder the development of flexibility aggregators; for example, the minimum bid size in many market structures is too large for smaller aggregators to meet. The requirement for bid symmetry limits the usable flexibility resources, as flexible load-oriented demand response aggregators typically have greater potential for downward regulation. Other factors that may influence the ability of aggregators to offer flexible resources include timing considerations, such as notification period, delivery time, and delivery length.  
	 Market bidding and clearing frequency: In balancing markets, the frequency of bidding and clearing directly impacts how long flexible resources must be reserved if they need to be activated. If this frequency is low, it complicates aggregators’ ability to accurately predict their available resources in advance, which diminishes their confidence in participating in these balancing markets [115].
	Economic barriers refer to obstacles that affect the profitability of aggregation. Some of these include:  
	 Initial investment costs: In contrast to traditional plants, where expenses are clearly defined, the costs associated with aggregation are not as easily understood. Residential flexibility aggregators face technical expenses related to the installation of smart meters and communication and control technologies, which can lead to significant initial investment costs. The minimum bid size of 10 MW or greater adds to this concern, as aggregators must engage a substantial number of residential customers in their portfolio before they can participate in the market and have a chance for financial returns.
	 Inadequate subsidisation: Peaking power plants compete directly with aggregated services. Providing subsidies to these plants can create an uneven playing field since they are already well-established. Instead, the encouragement of largely untapped energy flexibility resources offered by aggregators should receive subsidies.
	 High penalisation: Maintaining a balance between production and consumption is crucial for system reliability, so there should be penalties for non-delivery. However, these penalties should not be excessively high to exclude aggregated resources from markets.
	Technological implementation barriers refer to the challenges aggregators face when carrying out aggregation. 
	 Lacking ICT infrastructure: The successful technological implementation of aggregation depends on having sufficient ICT infrastructure. These barriers can be broadly categorised into sensing-related, computing-related, and communication-related issues [116]. Comprehensive metering and data collection are vital for assessing the availability and predicting flexible resources. Therefore, a high penetration rate of smart meters is critical for successful aggregation. Managing substantial data volumes also incurs high computational costs, necessitating powerful servers. Additionally, the communication aspect must prioritise ensuring data security and privacy.
	 Lack of widespread “Smart Grid Ready” devices: Home appliances must be controllable via a data connection for the aggregation of residential energy flexibility. Although the number of smart devices is on the rise, a significant obstacle is the lack of standardised software needed to connect and manage SG-ready devices.
	 Interoperability among DSOs: The technological implementation is also complex from the grid perspective, as the aggregator’s portfolio may include units from different regions managed by different DSOs. This is particularly important for electric vehicles (EVs) that may transition from one DSO’s region to another within the same day [110].
	/
	Figure 2.4. Summary of barriers faced by aggregators.
	The state-of-the-art review highlights the growing importance of energy flexibility as a cornerstone of modern energy systems, driven by the increasing penetration of variable renewable energy sources and the need for improved grid stability. This chapter explored the critical dimensions of energy flexibility, including its definitions, sources, aggregation, and challenges, while emphasising its role in transitioning toward sustainable and efficient energy systems.
	The analysis of existing sources of energy flexibility has shown that residential flexible loads, distributed battery storage systems, and electric vehicles offer unique opportunities and challenges. Although flexible loads and batteries can deliver significant flexibility, their activation is limited by physical and operational constraints. Electric vehicles add further complexity because of their mobility and unpredictable availability. Aggregating these resources is essential to facilitating substantial engagement in energy markets; however, obstacles like communication infrastructure, market design, and regulatory issues continue to exist.
	While the potential benefits of energy flexibility are clear, this review also acknowledges the barriers and challenges aggregators face. These include the technical complexities of integrating diverse flexible loads, regulatory constraints, and market dynamics. Emerging markets for energy flexibility offer promising opportunities, yet they require robust frameworks and technological advancements to fully realise their potential.
	In conclusion, this chapter’s review establishes a foundation for analysing existing quantification methods and identifying their shortcomings, which will be discussed in the next chapter.
	3 Analysis of demand-side energy flexibility quantification methods
	3.1 Existing quantification methods
	3.1.1 Flexibility envelope
	3.1.1 Nodal operating envelope
	3.1.2 Quantification parameters

	3.2 Forecasting of demand-side energy flexibility
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	To successfully incorporate demand-side flexibility into energy systems, suitable quantification methods are necessary. This chapter provides an analysis of current approaches for quantification, emphasising their advantages and drawbacks. The discussion delves into how various quantification frameworks – spanning from single-value metrics to more intricate models – represent the dynamic characteristics of flexibility. Special emphasis is placed on the impact of asymmetry and non-linearity in existing methodologies, setting the development of a more robust quantification method in the following chapter.
	A brief summary of methods and frameworks for quantifying energy flexibility is provided in Table 3.1. The evaluation encompasses the parameters, metrics, and indices used in flexibility quantification. Flexibility quantification methods can generally be classified based on whether they assess flexibility as a single value or as a curve or region that illustrates the relationship between two or more variables, as well as whether symmetry or linearity is taken into account. It was observed that when flexibility is assessed using a singular value, it is usually measured in relation to flexible power or energy values [25], [117], or temporal factors such as the duration that consumption can be altered [118], or in a more conceptual way through flexibility indices that, for instance, indicate flexibility’s capability for load covering, shifting, and scheduling [24]. Conversely, when a curve is employed, it establishes a correlation between two parameters, such as flexible energy and activation cost [23]. More sophisticated methods define flexibility as a region or domain of workable operations considering factors like network constraints, ramp rates, and others [119].
	Another key element is whether the method of quantification recognises flexibility as a non-linear and asymmetrical resource. The concept of “asymmetry” refers to the disparity in the capacity to increase or decrease demand. In this context, the coincidence factor plays a crucial role for loads. For example, electric water heaters exhibit a low coincidence factor, indicating that only a small portion is in use at any one time. Therefore, there are many more water heaters that could be activated to boost demand, unlike the limited number of devices available to lower demand. The same principle applies to battery systems, which are not consistently at a 50% state-of-charge to provide equal up- and downregulation capabilities. Thus, when assessing the flexibility of an entire portfolio, it becomes evident that there are unequal levels of flexibility available to increase or decrease demand. It is vital for quantification methods to consider the asymmetry of flexibility, as some markets necessitate symmetrical bids, even though the sources of flexibility are often not symmetrical.
	Linearity refers to the existence of a linear connection between two or more variables; for instance, the relationship between power and the duration for which flexibility can be enabled. A consideration of the non-linear nature of flexibility is crucial for providing an accurate estimate of flexibility, as there may be a non-linear correlation between power and duration, power and cost factors, etc. The flexibility envelope approach outlined in [120] considers the asymmetry by offering envelopes for both upward and downward regulation. The cost curves method discussed in [23] takes into account both asymmetry and non-linearity by depicting flexibility as the connection between available flexible energy and the associated costs, represented as a curve for both demand increases and decreases. According to the literature review, there is a shortage of quantification methods that address both the asymmetry and non-linearity of energy flexibility. Hence, this thesis proposes a novel quantification method that assesses the relationship between flexible power and energy with respect to the duration of its activation while factoring in the asymmetrical nature of non-linearity.
	Table 3.1. Overview of quantification methods for energy flexibility.
	Considers asymmetry, non-linearity
	Flexibility quantified using a single value, curve, or a region
	Quantification parameters, metrics, indices
	Case study
	Short description
	Ref.
	Asymmetry
	Single value
	Indices of self-consumption, storage capacity, storage efficiency
	One building with heat pump, PV system, EV, and BESS
	A unified framework is proposed for capturing the DR potential of thermal and electrical systems
	[25]
	No
	Single value
	Indices related to load covering, shifting, scheduling, moderate regulation, and fast regulation
	Office building with HVAC, dimmable lighting, EV charging
	A quantification methodology for five energy flexibility indices is proposed
	[24]
	No
	Single value
	Power and energy capacity, State of Charge, self-discharge rate
	Office and apartment building ventilation systems
	A methodology that models flexible resources as a virtual energy storage system
	[121]
	No
	Single value
	Flexible power
	Aggregated HVACs, pool pumps, electric water heaters
	The proposed model schedules a set of appliances and calculates the aggregated flexibility according to the energy and flexibility prices
	[117]
	Asymmetry and non-linearity
	Curve
	Flexible energy and its related cost
	Office building HVAC
	A methodology for computing the flexibility of buildings using cost curves
	[23]
	Asymmetry and non-linearity
	Region
	PQ chart of a flexible operating region
	Distributed network consisting of a BESS, load, and a generator
	A framework to model and characterise DER flexibility using the concept of nodal operating envelope under network constraints, ramping rate, cost, etc.
	[119]
	Asymmetry
	Region
	Flexible power and energy
	Wet appliances, domestic hot water buffers and EVs
	A methodology based on determining the flexibility envelopes of two boundaries conditions when loads are activated either as early or as late in the day as possible
	[120]
	Asymmetry and non-linearity
	Curve
	Flexible power and energy, duration of activation
	Aggregated residential heat pumps
	The proposed method quantifies energy flexibility as a power-duration curve
	This thesis
	The flexibility envelope concept is proposed in [122] to quantify energy flexibility. This method involves determining the two extreme scenarios of operation when demand is shifted to either as early as possible or as late as possible. The methodology for quantifying flexibility is depicted in Figure 3.1, where flexibility is employed to (a) increase or (b) decrease power consumption.
	The lines 𝐸max and 𝐸min represent upper and lower energy boundaries that illustrate the two extreme scenarios. The upper energy boundary is determined when all flexible devices are set to consume as early and as much as possible. This results in high power consumption until user comfort and system constraints are reached, such as when the room temperature hits a specified upper limit, and the heating is turned off, or schedulable appliances like washing machines complete their cycle and do not need to be turned on again for a while. Similarly, the lower energy boundary is achieved when all devices are programmed to consume as late and as little as possible. In this case, the operation of devices is delayed until lower constraints are reached, for example, when the domestic water heater becomes too cold, or the latest deadline for the dishwasher to turn on is reached.
	/
	Figure 3.1. Concept of the envelope quantification method: (a) flexible increase and (b) flexible decrease in power consumption.
	The limitations of this approach include its assumption that the system’s starting and ending conditions are predefined. Additionally, it has been noted in [122] that this quantitative method primarily indicates potential flexibility rather than serving as a tool for scheduling or calculating the rebound effect.
	The quantification method was employed in [123] to quantify a home's flexibility using a rule-based controller and model predictive controller with cost-oriented, emissions-oriented, and flexibility-oriented objectives.
	The flexibility envelopes were developed further in [124] to encompass non-intrusive load monitoring (NILM) for disaggregation of shiftable appliances from overall energy consumption. The study findings showed that the NILM integrated quantification method accurately identified 90% of the available energy flexibility. The overall characterisation of energy flexibility was enhanced by 40%.
	A framework is introduced in [125] to model, describe, characterise, and quantify the flexibility of distributed energy resources (DER) based on a nodal operating envelope (NOE). The NOE outlines the possible operating region of a device or system under various constraints, which allows this quantification method to assess network-compliant energy flexibility, unlike other methods that often overlook network limitations. Utilising this framework, the main flexibility metrics – capacity, ramp, duration, and cost – are evaluated using features related to capability, feasibility, ramp, duration, economics, technical aspects, and commercial factors. These flexibility features are represented in an active-reactive power space (PQ-space). The total flexibility is calculated using Minkowski summation across the individual DER P-Q regions.
	/
	Figure 3.2. Nodal operating envelopes in PQ plane (capability – the combination of red and blue regions, feasibility – blue region in NOE figure) [125]. (For interpretation of the references to colour in this figure legend, the reader is referred to the web verions of this article).
	/
	Figure 3.3. Ramping flexibility (OP – operational point, C – capability region, F – feasibility region, RFE – ramping flexibility envelope, τ – ramp time) [125].
	This approach differentiates between virtual and physical flexibility. Virtual flexibility refers to the capability operation region of the DER to deliver flexibility without being limited by network constraints encountered in actual implementation. Physical flexibility, on the other hand, is the feasibility operation region that results when the capability region is restricted by network and other constraints, as illustrated in Figure 3.2.
	Various techno-economic aspects of distributed energy resource aggregation (DERA) flexibility can be measured as potential operating zones by utilising other nodal operating areas. For instance, the ramping flexibility can be quantified with contours on these regions that display the maximum active and reactive power that can be utilised depending on the needed ramp rate, as illustrated in Figure 3.3.
	These envelopes can also be designed to quantify additional features of flexibility. Duration flexibility indicates how long the activation of flexibility can be maintained. Economic flexibility refers to the costs associated with activating flexibility for a given timeframe. Technical flexibility involves the capacity to alter the current operational state concerning time and duration limitations. Finally, commercial flexibility is essential for engaging in the market while considering the techno-economic factors of time, service duration, and expected clearing prices. Example envelopes illustrating these flexibility traits can be found in [125].
	In various studies, a consistent approach to quantifying energy flexibility is frequently absent. Rather, flexibility is assessed through a variety of different parameters that describe electrical, temporal, comfort, and cost aspects. The parameters utilised to measure energy flexibility are outlined in Table 3.2. It has been noted that flexibility can be measured across three primary dimensions: power [kW], energy [kWh], and time [h]. Depending on the specific application or context, these dimensions may illustrate entirely different attributes; for instance, both duration and regeneration time are considered time-related factors.
	 The power dimension refers to the power capacity [kW] of flexible loads. This is the primary factor for flexibility sources that have power regulation features, like adjustable lighting. Parameters related to power dimension identified in the literature include instantaneous power flexibility, maximum power, mean power, maximal charging power, and power capacity.
	 The energy [kWh] dimension is the primary factor for loads that can be stored or flexible loads that can be shifted in volume. Various energy parameters identified in the literature include shiftable energy, energy reduction, energy capacity, storage capacity, and available storage capacity.
	 The dimension of time [h] is crucial for measuring flexible loads that can be scheduled or have a variable profile. For instance, the start and end times of the washing machine, along with the length of its operational cycle. The literature includes various time characteristics, including duration, comfort capacity, regeneration time, comfort recovery, maximum curtailment duration, and availability period.
	In addition to the primary three dimensions for measuring flexibility, there are various other methods to quantify flexibility using combined, relative, or alternative approaches.  
	 Combined parameters seek to quantify flexibility based on two variables, such as the power shifting capability that illustrates the relationship between the shiftable power and the time length it can be shifted, or a cost curve that represents the volume of shiftable energy along with its related costs.
	 Relative parameters quantify flexibility as a ratio of two characteristics: self-consumption, which indicates the percentage of demand met by onsite generation, or storage efficiency; relative peak reduction; demand response potential; and the state of charge (SOC) of batteries.
	 Relative parameters quantify flexibility as a ratio of two characteristics, these are self-consumption, which is the proportion of demand covered by onsite generation or storage efficiency, relative peak reduction, demand response (DR) potential, and battery SOC.
	 Other parameters identified in the literature include those that do not fall into any of the above mentioned categories, such as coefficient of variation of power, ramping rate, frequency of operation, consistency of operation, peak time operation and a score indicating the flexibility of a system on a scale from 0 to 1.
	Table 3.2. Flexibility quantification parameters in the literature.
	* Own descriptions based on the context of the work since the definitions were not provided in those publications
	For aggregators to engage in flexibility markets, they must evaluate the resources within their portfolio, specifically the available aggregated energy flexibility. Considering that contracts in flexibility markets are established prior to the actual delivery date, aggregators need to determine the volume of flexibility they can provide and which flexibility requests to bid on by forecasting the available flexibility in the future while accounting for reasonable uncertainty. However, forecasting flexibility is a complex endeavour, as it is affected by customer behaviour, consumption trends, weather conditions, and other influencing factors, making precise modelling challenging. Artificial intelligence (AI) is increasingly being incorporated into the management of power systems to improve the accuracy of forecasting and optimise flexibility. Recent studies [Paper V] have shown that predictive models powered by AI enhance demand response, load forecasting, and the management of distributed energy resources, thereby becoming essential tools for aggregators overseeing flexibility resources. To avoid facing penalties for failing to deliver the appropriate amount of contracted flexibility, aggregators also need to predict how customers will respond to flexibility activation signals (such as price signals) to ensure that the correct volume of flexibility is indeed activated. 
	There are limited publications available that focus specifically on forecasting residential demand-side energy flexibility. The majority of research appears to concentrate more on load forecasting [136], [137], [138], [139], which does not directly equate to flexibility forecasting. The flexibility of data centres that participate in demand response initiatives is assessed in [140]. The flexibility associated with virtual power plants is forecasted through the application of machine learning techniques in [141]. The potential for flexibility in demand response within the industrial sector is analysed in [142]. Load forecasting related to industrial machinery is addressed in [143]. A general assessment of flexibility potential is investigated using long-term historical data in [122], [144], [145] or through surveys gauging customer readiness to engage in demand response programs in [146], [147].
	According to [136], having smart meter coverage of just 5% is sufficient to generate data for accurately forecasting the flexibility of a group of aggregated customers. Additionally, predicting the flexibility profile of an aggregated group is significantly easier than forecasting the flexibility of individual customers because of their stochastic nature [136], [148], [124]. 
	An overview of the studies concentrated on flexibility forecasting is provided in Table 3.3, where they are categorised by the type of forecasting model used: 
	 Deterministic models operate under the assumption of certainty in the input parameters, which means they rarely provide uncertainty assessments in their predictions.  
	 In probabilistic models, the objective of forecasting is to represent the distribution of potential available flexibility rather than to predict a specific value, inherently incorporating prediction uncertainty.  
	 Machine learning models are utilised to analyse customer behaviour during demand response and regular operations to assess the potentially available flexibility.
	In existing research, various approaches have been employed for predicting flexibility, corresponding to the initial two checkmark columns on the left in Table 3.3. For instance, some studies focus on predicting flexibility based on a price signal, framing the forecasting question as “What price incentive should be provided for certain hours ahead to achieve the required amount of flexibility?” rather than “How much flexibility will be available during specific hours in the future?”. Research utilising this method frequently views forecasting as an optimisation challenge and often includes finding an optimal schedule for devices.
	Other approaches discussed in the literature aim to predict flexibility through real-time simulations [149] or using historical data. Studies that employ this technique typically seek to gather insights regarding both controllable and uncontrollable loads from previously recorded measurements. The forecasting of flexibility related to shiftable loads (like washing machines, tumble dryers, and dishwashers) as well as thermostatically controlled loads (including domestic water heaters, space heating, and HVAC systems) is most frequently addressed in the literature. In contrast, forecasts related to storable loads, such as battery storage and residential electric vehicles, are infrequently found in existing studies.
	Table 3.3. Flexibility forecasting models used in the literature.
	This chapter offers an analysis of existing methods for quantifying demand-side energy flexibility, noting both their strengths and weaknesses. Energy flexibility is a dynamic concept that encompasses adjusting energy consumption or generation in response to external signals, such as market prices or grid demands. The reviewed literature highlights the need for proper quantification methods. 
	Existing approaches often oversimplify flexibility's complex and dynamic nature by relying on static or single-value metrics. Significant progress has been made with the development of flexible envelopes and nodal operating envelopes. These limitations highlight the need for more advanced methodologies, such as power-duration curves, which better capture flexible loads’ non-linear and time-dependent behaviours. Characterising rebound effects and their implications for energy savings and grid stability introduces a critical dimension frequently overlooked in traditional models.
	The review also examined the role of flexibility forecasting. Accurately predicting available flexibility is crucial for integrating demand-side flexibility into energy markets. However, the literature review revealed a notable lack of publications in this field.
	In summary, this chapter highlighted the limitations of existing quantification methods and emphasised the need for a new approach that tackles the asymmetry and non-linearity of flexibility. These insights provide the grounds for the development of a power-duration curve method, which will be presented in the next chapter as a more thorough and practical tool for quantifying energy flexibility.
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	4.1 Flexibility power-duration curves
	4.2 Proposed quantification method
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	Building upon the insights gained in the previous chapter, this chapter introduces a novel approach to quantifying energy flexibility using power-duration curves [Paper I]. The proposed method addresses key challenges in flexibility assessment, particularly the non-linear and asymmetric nature of flexible loads. By mapping the relationship between power and duration, this approach provides a more accurate and practical representation of energy flexibility, which can be applied to various flexible loads such as space heating, electric water heaters, and battery storage systems and various markets such as reserve or day-ahead markets.
	Energy flexibility can be perceived as a resource that can be used and replenished. It is utilised through demand response and then restored during the subsequent rebound effect. Figure 4.1 illustrates how various power levels and durations can decrease demand using aggregated energy flexibility. When the maximum power of a specific portfolio is utilised, it leads to the most significant decrease in demand but can only be maintained for a short period. Conversely, a modest activation produces the opposite effect. This offers insights into how energy flexibility functions as a resource – the more it is utilised, the faster it is exhausted. To quantify aggregated energy flexibility, this thesis proposes a new approach. The approach focuses on mapping a curve that describes the relationship between the power and duration of potential flexibility activations.
	Aggregators might obtain a more comprehensive picture of their energy flexibility resources by employing this quantifying technique. This approach is adaptable, allowing aggregators to participate in a variety of energy markets, each with its own requirements regarding both the amount and the duration of deliveries. For example, only need to activate their flexibility for a maximum of fifteen minutes in reserve markets, but activations for day-ahead wholesale markets might extend over several hours. It is apparent that for long-duration wholesale market activations, the aggregator would not be able to maintain the same high-power activations as in the case of the reserve market.
	/
	Figure 4.1. Illustration of flexibility activations at different power levels.
	Figure 4.2 presents an outline of the proposed quantification method. The first step involves importing relevant data that impacts the usage of flexible devices. For space heating, meteorological data such as outdoor ambient temperature and solar irradiance forecasts influence the demand for heating energy. As for other flexible devices like electric water heating units, the hot water usage profile needs to be imported.
	In the second step, it is crucial to choose a suitable model for each type of device and determine its parameters. Modelling the behaviour of devices is important to ensure that the appliances remain within the comfort boundaries set by consumers when the flexibility is activated. Thermostatically controlled loads (TCLs), such as a building’s heating system or a EWH unit, can be modelled using a thermal resistive-capacitive model.
	The third step involves modelling the appliance’s business-as-usual (BaU) operation case to determine the electrical demand profile under normal operation without flexible activation. This step can be considered part of the baseline estimation in the quantification process.
	In the fourth step, potential flexibility can be quantified based on the demand profiles determined in the previous step, the models of flexible devices, and the state of each flexible device within their comfort ranges. This involves simulating flexibility activations of devices at each time step, meaning turning devices on/off until the comfort boundaries are reached.
	In the final, fifth step, the power-duration curves can be constructed by knowing the devices’ power and the duration that the flexibility can be activated.
	/
	Figure 4.2. The quantification process of the proposed method.
	It is crucial to accurately model a building’s thermal behaviour in order to quantify a heating system’s energy flexibility. This is necessary because indoor temperature must always remain within the comfort range of the occupants. As a result, the energy required for heating can vary from building to building, taking into account the building’s thermal insulation and thermal mass. Some need more energy for heating, while others can go for extended periods with the heating turned off.
	This study used a Resistive-Capacitive (RC) model to model buildings’ thermal behaviour. Unlike more detailed white-box models, the RC model is a grey-box model that approximates building parameters related to their thermal dynamics. Similar to electrical circuits with resistors and capacitors, the thermal RC model incorporates different building components’ thermal capacitances and resistances (U-values).
	The 3R2C thermal model used in the study consists of three thermal resistors and two thermal capacitors. It considers the building envelope (external walls), the windows, and the internal thermal mass (interior walls, furniture, and air) as the three primary components of a building.
	Figure 4.3 shows the simplified thermal network design applied in this work. It shows that the outdoor temperature 𝑇𝑜𝑢𝑡 affects the indoor temperature 𝑇𝑖𝑛 through both the building envelope and the windows. Additionally, it assumes that the solar effect only impacts the indoor temperature through the windows. The study also assumes that the indoor temperature remains uniform throughout the building. The inputs, outputs, and parameters of the thermal RC model are shown in Table 4.1.
	/
	Figure 4.3. RC thermal networks of a building.
	Table 4.1. Description of Thermal Network Parameters.
	The generic heat-balance equation (3.1) can be used to create a first-order differential equation for each node 𝑛 in a thermal system with N elements:
	(4.1)
	where 𝐶𝑛 and 𝑇𝑛 represent the thermal capacitance and the temperature of node 𝑛, respectively, 𝑅𝑖 represents the thermal resistance between two connected nodes 𝑖 and 𝑛, and Φ𝑛 represents the total heat fluxes applied to node 𝑛 [167].
	Equation (4.1) illustrates how the number of components taken into account can affect the complexity of a thermal RC model. By combining elements from several architectural components – such as the roof, the construction of exterior and interior walls, and insulating layers – a more comprehensive model may be produced. In essence, therefore, RC thermal networks are models that can consist of different arrangements of resistors and capacitors that represent various architectural components.
	The differential equations describing the temperature of the interior mass (4.2) and the envelope (4.3) of a building may be obtained by applying the heat-balance equation (4.1) to the thermal RC network structure shown in Figure 4.3.
	Converting the above differential equations into difference equations (4.4) and (4.5) allows modelling of building’s thermal behaviour for each timestep.
	The thermal behaviour of buildings is affected by different factors such as their size, insulation level, construction materials, window-to-wall ratio, number of inner walls, and more. Since these factors vary from building to building, it’s important to simulate various types of buildings when studying aggregated energy flexibility. However, estimating the parameters of an RC model for a specific building is a complex process. To the best knowledge of the author, there is no publicly available database that includes the necessary number of actual building thermal network parameters for simulating aggregated control.
	Therefore, it is necessary to generate these parameters based on existing guidelines. From Table 4.1, it can be seen that six different parameters for each building need to be determined to model its thermal behaviour. Table 4.2 provides typical thermal network values for residential buildings categorised by weight class. The range of values for typical building envelopes was determined in [168] through a first-principles analysis of various building construction materials. The standard ISO 52016-1:2017 [169] presents typical values for the inner thermal mass of buildings. The weight class of a building describes its construction materials. For example, the exterior walls of lightweight buildings consist of stucco, insulation, and plaster/gypsum. Medium-weight buildings use brick, air space, insulation, and gypsum, while heavy-weight buildings use brick, heavyweight concrete, insulation, and gypsum. We assumed that the thermal resistance of windows corresponds to that of typical double-glazed windows, while the thermal capacitance of windows is considered negligible.
	Table 4.2. Typical thermal network parameters for different types of residential buildings.
	In order to accurately quantify the energy flexibility of electric water heaters (EWHs), it is necessary to develop a model that captures their thermal behaviour. This approach guarantees that the consumer’s comfort is maintained even during flexible operation. It is essential that the hot water temperature stays within the specific ranges mandated by the homeowners to ensure their comfort and willingness to participate in demand response programs.
	The thermal behaviour of EWHs was modelled using an RC-thermal network. This grey-box model loosely incorporates the parameters related to EHWs’ thermal dynamics. Thermal RC models are analogous to electrical circuits with resistors and capacitors, which, in this case, represent the thermal resistance and thermal capacitance of different water tank elements.
	In this thesis, a simple 1R1C model consisting of one thermal resistor and one thermal capacitor was considered. This simple model assumes that the water temperature inside the tank is homogeneous. Figure 4.4 illustrates the EHW model. The convective loss through the shell of the EWH is modelled using a resistor, and the thermal mass of the water inside the EWH is modelled using a capacitor. A current source is used to model the heating power, and a current sink is used to represent the thermal loss through hot water drainage, which is replaced by colder tap water.
	/
	Figure 4.4. Thermal network model of EWHs.
	The generic heat-balance equation (4.6) can be used to create a first-order differential equation for each node 𝑛 in a thermal system with N elements:
	(4.6)
	where 𝐶𝑛 and 𝑇𝑛 represent the thermal capacitance and the temperature of node 𝑛, respectively, 𝑅𝑖 represents the thermal resistance between two connected nodes 𝑖 and 𝑛, and Φ𝑛 represents the total heat fluxes applied to node 𝑛.
	The heat-balance equation can be applied to the thermal network in Figure 4.4 to derive the difference equation (4.7) that describes the water temperature of EWHs. 
	(4.7)
	where the positive heat flux from electric heating that increases the water temperature is 𝑄ℎ𝑒𝑎𝑡(𝑡)=P𝐸𝑊𝐻𝑡. The electrical heating power was assumed to scale with the tank’s size, starting from 1.5 kW to 2.5 kW in 0.5 kW steps.
	The negative heat flux from hot water drainage (4.8) that reduces the water temperature is:
	
	where the volume of water being replaced in the tank is 𝑉𝑓𝑙𝑜𝑤𝑡, the specific heat capacity of water is 𝐶𝑝, the volume of the water tank is 𝑉𝐸𝑊𝐻, and the temperature of inflow water is 𝑇𝑖𝑛𝑓𝑙𝑜𝑤𝑡. 
	The thermal mass of EWH units is dependent on the size of the water tanks. A total of 1000 EWH units were modelled with varying sizes of 50 L to 200 L capacity with 50 L step (250 EWH units for each step). The specific heat capacity of water was assumed to be 4182 J/(kg ∙ °C). The inflow water temperature was assumed to be 15 °C. The hot water usage data was generated for each EWH using DHWCALC software that samples from statistical distributions derived from real-world measurements of residential hot water consumption [170].
	Table 4.3. Model parameters of EWHs.
	/
	Figure 4.5. Water temperature of one simulated EHW.
	The negative heat flux from convective loss through the shell (4.9) that reduces the water temperature is:
	(4.9)
	where the insulation of the shell is given with a U-value, the area of the shell is 𝐴, and the ambient room air temperature is 𝑇𝑎(𝑡). The U-value was taken as 0.66 WK−1m−2 that is typical for water tanks [171], and the water tank surface area was assumed to be of cylindrical shape. The room ambient temperature was assumed to be 20 °C. The parameters of the EWH model are summarised in Table 4.3.
	The Business-as-Usual (BaU) operation of EWH was modelled as a typical hysteresis on-off control that turned the heating on when the temperature dropped 1 degree below the setpoint and turned the heating off when the temperature rose 1 degree above the setpoint. The water temperature set points were sampled from 60 to 75 °C, with 5 °C steps to accommodate different consumer requirements. Using the model described above, the BaU operation of EWHs was simulated. An example of the water temperature trajectory of one simulated EHW is shown in Figure 4.5. It can be seen that during the morning hours, there are two large drops in the temperature when people often shower and multiple smaller drops throughout the day from faucet usage. The aggregated electricity demand of 1000 EWHs is shown in Figure 4.6.
	/
	Figure 4.6. Aggregated electricity demand of 1000 simulated EHWs.
	Local on-site battery energy storage systems (BESS) are bound to become another important source of energy flexibility in future residential buildings. BESS are usually not installed as standalone devices except for universal power supply (UPS) systems. Thus, a combination of 1000 PV and BESS systems were modelled. 
	A rule-based controller was used for the BaU operation of the BESS system. The BaU algorithm works by storing the excess PV energy during a surplus time when solar generation is higher than consumption until the state-of-the-charge (SOC) of the battery reaches 100%, after which the excess PV power is exported. The release of energy happens during the solar deficit time when consumption is higher than PV production until the SOC reaches 20%, after which the deficit energy is imported. This is a typical residential PV and BESS system control which regulates BESS usage based on the energy flows through the connection point and the BESS’s state of charge (SOC). 
	The battery systems were modelled using the typical battery energy balance equations (4.10) and (4.11).
	(4.10)
	(4.11)
	where the energy stored within the BESS is given with 𝐸𝐵𝐸𝑆𝑆(𝑡), the energy stored or withdrawn through charging or discharging are 𝐸𝐵𝐸𝑆𝑆,𝑐(𝑡) and 𝐸𝐵𝐸𝑆𝑆,𝑑(𝑡), the charging and discharging efficiencies are 𝜇𝑐 and 𝜇𝑑, and the capacity of the BESS is 𝐸𝐵𝐸𝑆𝑆,𝑚𝑎𝑥. 
	The parameters of a Tesla Powerwall 2 were used for the battery system, which has an energy capacity of 13.5 kWh, charging and discharging power of 5 kW, and charging and discharging efficiencies of 95% (round-trip efficiency of 90%).
	This simulation requires the inclusion of solar generation profiles and residential building energy demand profiles to determine when there is an excess or a deficit of solar generation. The PV generation profiles were taken from measurements of a 4.2 kW PV system located in Estonia, Tallinn, on the 1st of April 2020 [172]. The demand profiles of 1000 residential buildings were generated using the “CREST domestic electricity demand model” [173]. Figure 4.7 shows the PV production data and the generated demand profile of one of the buildings.
	/
	Figure 4.7. Consumption and PV generation data.
	This chapter introduced a new method for quantifying energy flexibility through the use of power-duration curves, offering a dynamic and scalable way to capture the key attributes of energy flexibility. The developed approach addresses the limitations of existing single-value metrics by considering the non-linear, time-dependent, and asymmetric nature of flexibility. This advancement enables a more precise representation of flexibility potential, offering valuable insights for aggregators and grid operators.
	The flexibility power-duration curve method provides a framework for quantifying flexibility in different scenarios and types of loads, such as residential heating, water heaters, and battery storage systems. By connecting flexible power capacity with the duration of activation, this method reflects the dynamic relationship between these factors, making it suitable for both short-term and long-term flexibility uses. This characteristic enhances its applicability for demand response programs, reserve markets, and balancing services, ensuring it can meet diverse operational and market needs.
	The quantification method was described step-by-step, and in the next chapter 5, a simulation-case study is conducted to illustrate its implementation to quantify the aggregated energy flexibility of space heating, electric water heaters, and battery systems.
	5 Simulation case-study
	5.1 Aggregation framework
	5.2 Energy flexibility quantification
	5.2.1 Space heating
	5.2.2 Electric water heater
	5.2.3 PV and battery system

	5.3 Rebound effect quantification
	5.4 Conclusions

	This chapter presents a simulation-based case study focusing on aggregated flexibility from mainly residential heating but also electric water heaters and battery systems to illustrate the process of employing the proposed flexibility quantification method. The case study demonstrates the practical application of power-duration curves and evaluates their effectiveness in representing energy flexibility. The analysis also considers rebound effects and their implications for demand-side management, emphasising the need for advanced quantification techniques.
	To showcase the benefits of the proposed quantification method, a simulation-based case study was conducted to quantify the aggregated energy flexibility of 1000 buildings using heat-pump based space heating. The aggregation framework illustrated in Figure 5.1 can be applied to real-world scenarios, although some simplifications were made for the sake of the simulation. The framework comprises two main components: the aggregator and the Home Energy Management Systems (HEMS) of each building. HEMS takes inputs from weather forecasts, heat pumps, and homeowners (step 1 of the quantification). For simulation purposes, data from PVGIS was used, although, in reality, ambient temperature 𝑇𝑎 and solar irradiance (GHI) would be obtained from external cloud servers. HEMS receives indoor temperature 𝑇𝑖𝑛 and electricity consumption 𝑃𝑒𝑙 data via a datalink with the heat pump. Homeowners can also input their comfort preferences by setting upper 𝑇𝑚𝑎𝑥 and lower 𝑇𝑚𝑖𝑛 temperature limits for the indoor environment.
	The HEMS is designed to carry out three primary tasks: identifying the thermal model, simulating business-as-usual scenarios, and simulating flexible operations. First, the thermal model needs to be identified for each building in a real-world implementation (step 2 of the quantification). However, for simulation purposes, the RC parameters are sampled from guidelines and publications. Based on the identified thermal model, the weather forecasts, heat pump telemetry, and the homeowners’ comfort requirements, a BaU simulation is performed to determine the baseline behaviour without any flexibility activations (step 3 of the quantification). Once the baseline has been established, a flexibility activation simulation is performed to estimate the amount of time that the heating system may be turned on 𝑡𝑢𝑝𝐹𝑙𝑒𝑥 or off 𝑡𝑑𝑜𝑤𝑛𝐹𝑙𝑒𝑥 until the comfort boundaries (step 4 of the quantification). Together with the baseline power profile 𝑃𝐵𝑎𝑈, these durations are sent to the aggregator, which enables it to map the flexibility curves.
	/
	Figure 5.1. Overview of the aggregation framework.
	This section will provide an example of how to use the proposed approach depicted in Figure 4.2 to assess aggregated energy flexibility for space heating. 
	The initial step in the quantification method involves importing relevant meteorological data regarding space heating. Weather data from PVGIS starting from April 2020 was used for the simulation. This date was selected because, as Figure 5.2 illustrates, it captures both the low outside temperature and solar heating elements that influence the amount of indoor heating used.
	/
	Figure 5.2. Meteorological data obtained from PVGIS [174].
	In the next step of the quantification method, we model the thermal dynamics of buildings. The study uses a simple 3R2C thermal network, but for greater accuracy, the model can be made more complex by adding extra resistors and capacitors. Table 4.2 shows that all thermal network parameters are proportional to the floor area 𝐴𝑓𝑙, exterior wall area 𝐴𝑒, or window area 𝐴𝑤. This means that by sampling typical values for building constructional parameters [175], [176], many different building thermal network parameters can be generated. Buildings of different sizes, with floor areas ranging from 50 to 200 square meters, building heights of 5 to 12 meters, and window-to-wall ratios of 20 to 50%, were sampled from a uniform distribution. The exterior envelope area 𝐴𝑒 was calculated based on the floor area 𝐴𝑓𝑙 and building height, and the window area capacity was derived using the generated window-to-wall ratio. By generating different types of buildings, it is possible to simulate a portfolio that includes many different kinds of buildings with respect to their thermal characteristics.
	The initial values for the heating system’s on/off status, indoor temperature, and building envelope were determined by running a 0-day simulation. This was done to minimise the initial fluctuations in the simulation that result from random state parameter initialisation. The 0-day simulation began by setting the indoor and envelope temperatures to random values between 22 and 24 degrees Celsius, and the heating system’s on/off state to a random value of 0 or 1. The results of the 0-day simulation were then used as the starting point for the subsequent flexibility simulations. The thermal heating power was assumed to be proportional to the building’s floor area and varied between 6 kW and 12 kW. Additionally, the coefficient of performance (COP) of the heat pump was set to be between 3 and 4, taking into account devices from different manufacturers.
	In the third step of quantification, the Business-as-Usual (BaU) scenario needs to be simulated to determine the baseline demand without any flexibility activations. The RC-thermal network models created in the previous step can be used to simulate the BaU scenario. Equations (4) and (5) allow us to simulate the temperature trajectories by knowing the initial interior temperature as well as the impacts of external elements like solar effects and the outside ambient temperature. In the BaU scenario, it is assumed that the target indoor temperature is set at 23 °C, with an on/off control deadband of plus or minus 1 °C. Ten distinct building temperature trajectories are shown in Figure 5.3, illustrating the differences in the time it takes for a building to heat up and cool down.
	/
	Figure 5.3. Examples of 4 simulated building temperature trajectories.
	Figure 5.4 displays the demand profile for the BaU case. Comparing the graph to the ambient temperature in Figure 5.2 reveals that during the first five days of the week when the temperature ranges from +1 °C to +5 °C, the demand for 1000 heat pump units fluctuates between 850 kW and 1100 kW. Towards the end of the week, as the temperature increases, there is a noticeable reduction in electricity demand.
	/
	Figure 5.4. Aggregated demand of 1000 simulated heat pumps for BaU case.
	After identifying the demand profile and on-off switching of the heat pumps in the BaU case, flexible operation is simulated. The flexibility provision is assumed to occur within the same temperature range as the BaU scenario (22–24 °C ). For instance, if the ambient temperature in a building is 22.5 °C and the heat pump is turned off, activating it allows us to raise the temperature to 24 °C. If a homeowner chooses to exceed the BaU range and offers additional flexibility (up to 25 °C), then the duration aspect of the house’s flexibility would be extended. The potential for flexibility in heating systems relies on the comfort preferences of the owners and their readiness to adjust them. In this thesis, we have established a strict requirement of a maximum deviation of ±1 °C from the setpoint.
	Figure 5.5 illustrates this concept. The energy flexibility available in each building varies based on the proximity of the indoor temperature to the temperature boundaries at any given time. When the indoor temperature is near the upper boundary, there is limited flexibility to increase the demand because the heating can only be turned on for a short period. Conversely, there is more flexibility to turn off the heating. The reverse is true when the indoor temperature is close to the lower boundary.
	/
	Figure 5.5. Illustration of temperature trajectories with flexible activation.
	In the final step of the quantification process, all buildings provide the necessary data to the aggregator for quantifying aggregated energy flexibility. The data includes the on-off status of the heat pumps and the durations for which heating can be turned on or off until the temperature comfort boundaries are reached. Using this information, the aggregator can create two curves that describe the potential flexibility to increase or decrease the demand, as shown in Figure 5.6. Since the aggregator does not have access to the demand profiles, interior temperatures, or boundary levels, this method guarantees a better level of privacy.
	/
	Figure 5.6. Aggregated flexibility power-duration curves.
	Aggregators can obtain valuable knowledge about the energy flexibility of their portfolios and make better decisions regarding how to use that flexibility by employing the quantification approach developed in this thesis. For example, an aggregator who is focused on reserve markets, may be interested in activations that last up to 15 minutes. As seen in Figure 5.6, based on the previously discussed scenario, there is potential flexibility to increase or reduce the demand by 1200 kW and 900 kW for 15 minutes. On the other hand, if the aggregator is focused on day-ahead markets and aims to provide flexibility for 60 minutes, they will notice that the potential aggregated energy flexibility to increase or reduce demand has dropped to 450 kW and 350 kW. It’s important to note that flexible power not only reduces with longer activation but is also asymmetrical, which may be relevant for markets that require symmetrical bids. Additionally, flexible power can be visualised in the context of flexible energy, as shown in Figure 5.7. This visualisation allows us to see how much flexible energy is available to increase or decrease consumption based on the activation duration.
	/
	Figure 5.7. Aggregated flexibility energy-duration curves.
	Energy flexibility can be seen as an asset that can be utilised and restored. It is used during demand response activation and replenished during the subsequent rebound effect. Figure 4.1 illustrates different levels of flexibility activations. When flexibility is activated at maximum power (shown as a red line), it results in the most significant drop in demand. Still, this activation can only be sustained for a short duration. Conversely, a modest activation (shown as a purple line) has the opposite effect. This characteristic provides insight into how energy flexibility functions as an asset – the more it is used, the more quickly it is depleted. This thesis approaches the quantification of aggregated energy flexibility with a focus on mapping a curve showing the relationship between the power and duration of potential flexibility activations (shown as a blue line).
	Energy flexibility on a device level can be evaluated by measuring the distance of the state variable (such as temperature or state of charge) from its boundaries. For instance, if the water temperature is 65 °C and consumers have set their comfort boundaries between 60 °C and 80 °C. Having a thermal model of the EWH would allow us to determine how long it can be turned on or off before reaching those boundaries. Figure 5.8 illustrates this concept in the example of an EWH.
	/
	Figure 5.8. Illustration of EWH temperature trajectories with flexible activation.
	A simulation was performed in MATLAB software to quantify the energy flexibility of 1000 EWHs and BESSs. In this simulation, the EWHs were either turned on or off, and the BESSs were set to charge or discharge with maximum power. This simulation was performed every minute of the day to determine the duration that each device can alter from its BaU behaviour. Based on this, the aggregated power/duration curves were created that describe the duration and the power that the BaU profile can be altered with flexibility activations.
	The power and duration curves of aggregated EWHs are depicted in Figure 5.9 for both increasing and reducing the demand. These curves are presented as a surface to illustrate the fluctuations in energy flexibility throughout the day. The flexibility power/duration curve discussed in the previous section can be visualised as a segment of this surface at a specific time of the day. Examining the peak demand time in the morning (8 am), it is possible to see that the amount of flexible power available to increase the demand drops while simultaneously, the amount of flexible power to reduce the demand rises.
	The following observations can be made about the aggregated energy flexibility of EWHs:
	 The amount of energy flexibility available from EWHs is not consistent throughout the day. This is mainly because the hot water usage is also not consistent throughout the day. 
	 The energy flexibility provided by EWHs is very asymmetrical. There is much greater potential to increase the demand than to reduce it. This is because the coincidence factor of EWHs is typically very low since they are turned off most of the time.
	 There is a significant difference in the duration that flexibility can be activated. The duration for which the demand can be increased is much less than it can be reduced. The demand can be increased for up to 1 hour and reduced for up to 8 hours. This large difference is seen because EWH units can be heated up rather quickly, while it takes much longer to cool down from either passive losses or hot water usage.
	/
	Figure 5.9. EWH aggregated energy flexibility curves for one day (a) Demand increase, (b) Demand reduction.
	The power and duration curves of aggregated BESSs are displayed in Figure 5.10 for both increasing and reducing demand. From these curves, we can make the following observations about the flexibility provided by residential small BESSs.
	 Similar to EWH units, the flexibility provided by BESSs is not consistent throughout the day. This is because the SOC of batteries also varies throughout the day.
	 There is an inverse relationship in the amount of available flexibility based on the direction it is provided. During the first half of the day, the BESSs provide more flexibility to increase the demand and no flexibility to reduce it. This is because up to noon, the BESSs are at the lower part of the SOC. However, an opposite phenomenon can be observed during the day as the on-site PV systems are charging the BESSs. In the afternoon, the SOC of BESSs starts increasing, which provides potential flexibility to reduce the demand by discharging the batteries.
	/
	Figure 5.10. BESS aggregated energy flexibility curves for one day (a) Demand increase, (b) Demand reduction.
	One crucial component of energy flexibility that needs to be taken into account is the rebound effect, which can affect grid balance and pose new difficulties. Figure 5.11 illustrates how this impact appears in the power profile following the flexibility activations of space heating. The simulation involves several independent flexibility activations of different durations (5, 15, 30, and 60 minutes). Subtracting the baseline power profile from the profile after flexibility is activated results in baseline-adjusted profiles, revealing the rebound effect.
	/
	Figure 5.11. Baseline adjusted power profiles.
	Simulations for flexibility activations up to 60 minutes in duration were run in order to have a better understanding of the rebound effect. The goal was to find out if the rebound effect is affected in any way by the magnitude of the flexibility activations. The duration, peak power, and energy characteristics were compared between the flexibility activations and the rebound effect, as seen in Figure 5.12. It is noteworthy that the rebound effect has an oscillatory behaviour, with an overshoot upon returning to the baseline. It is difficult to estimate the genuine rebound impact because of this phenomenon.
	/
	Figure 5.12. Flexibility activation characteristics.
	Figure 5.13 displays the various properties of the rebound effect with respect to the duration of flexibility activation. Figure 5.14 displays the ratios of flexible power and energy to rebound power and energy. The following observations can be made regarding the peak power of the rebound effect:
	 Increasing the demand using flexibility results in a significantly higher power rebound compared to reducing the demand. The highest power rebound occurs when the flexibility is activated for 20 to 40 minutes Figure 5.13.a).
	 The longer the flexibility is activated, the closer the ratio of rebound power to activated flexibility power gets to 1 (Figure 5.14.a).
	 When it comes to energy rebound, we can draw the following conclusions:
	 Increasing demand results in a much higher energy rebound compared to reducing demand. The highest energy rebound occurs when flexibility is used for 30 to 60 minutes (Figure 5.13.b).
	 The ratio of rebound energy to flexible energy levels off after activations longer than 10 minutes, reaching around 1.8 for demand increase and 1.5 for demand reduction. This means that for every unit of increased energy demand, 1.8 units are reduced later due to the rebound effect (Figure 5.14.b).
	/
	Figure 5.13. Rebound effect properties.
	/
	Figure 5.14. The power and energy ratios of flexibility and rebound.
	In summary, an assessment of the rebound effect can be performed after energy flexibility. To quantify the rebound impact based on flexibility activations, the above numbers might be utilised as a guideline. For example, if an aggregator in reserve markets intends to utilise energy flexibility for 15 minutes, based on the flexibility quantification from Figure 5.6, there is a potential to increase demand power by a maximum of 1200 kW. The rebound effect of this activation would last approximately 130 minutes (Figure 5.13.c), with a peak power of 400 kW (Figure 5.13.a) and a total rebounded energy of around 500 kWh (Figure 5.13.b). It’s important to note that these numbers are approximate and may vary based on portfolio size and seasonality. Nevertheless, they still illustrate the potential of the proposed quantification method.
	In order to gain a better understanding of the oscillatory nature of the rebound effect, individual simulations were conducted for each weight class of buildings. The demand profiles with flexibility activations and without are shown in Figure 5.15 which illustrates the impact of rebound oscillations across different building types – light-weight, medium-weight, and heavy-weight. The findings reveal notable variations in the behaviour of flexibility recovery based on the thermal characteristics of each building type. Light-weight structures showed fast and short rebound oscillations, which is due to their lower thermal mass, which permits faster temperature adjustments but restricts long-lasting flexibility. Conversely, heavy-weight buildings exhibited slower and more extended rebound effects, marked by substantial power fluctuations, indicative of their greater thermal inertia.
	/
	Figure 5.15. Aggregated power of different building types: (a) Light-weight, (b) Medium-weight, (c) Heavy-weight buildings [Paper III].
	This chapter applied the developed power-duration curve method for quantifying energy flexibility through a simulation-based case study. The results demonstrated the method’s effectiveness in characterising the flexibility potential of various residential energy systems, including space heating, electric water heaters, and battery storage systems. 
	The aggregated energy flexibility of 1000 heating systems, electric water heaters and battery energy storage systems was quantified through a simulation-based case study. The aggregated energy flexibility was assessed by mapping out the flexibility power-duration curves, which illustrate the potential aggregated power that flexible devices can activate with respect to the maximum duration the activation can be sustained. 
	The results revealed that both electric water heaters and battery systems exhibit inconsistent flexibility profiles throughout the day. Electric water heaters can offer significantly more flexibility to increase demand compared to reducing it, but the duration for increasing demand is shorter than for reducing it. Battery systems demonstrate an inverse relationship in their potential to increase or reduce demand. They provide greater flexibility to increase demand until noon, after which the potential to reduce demand becomes more dominant. 
	These findings highlight the proposed power-duration curve methods’ ability to provide insights for grid operators and aggregators, enhancing their ability to integrate and manage flexible resources effectively by addressing the non-linear asymmetric behaviour of flexible resources.
	6 Conclusions and future work
	6.1 Future work

	The main goal of this PhD research was to advance the understanding and practical application of energy flexibility within residential energy systems by developing an innovative approach for quantifying flexibility through power-duration curves.
	A comprehensive literature review was performed that underscores the rising significance of energy flexibility as a fundamental aspect of modern energy systems, influenced by the increasing integration of variable renewable energy sources and the need for enhanced grid stability. The state-of-the-art analysis investigated the key aspects of energy flexibility, including its definitions, sources, methods of quantification, and associated challenges, while highlighting its importance in the shift toward sustainable and efficient energy systems. It was found that current methodologies frequently simplify the complex and dynamic characteristics of flexibility by depending on static or single-value measures, which emphasises the need for more sophisticated approaches, such as power-duration curves, that more accurately reflect the non-linear and time-varying behaviours of flexible loads.
	The content section of the thesis focused on developing a new method for quantifying aggregated energy flexibility based on power-duration curves. The proposed method overcomes the drawbacks of current approaches by considering the non-linear, time-varying, and asymmetric characteristics of flexibility. By linking flexible power capacity with the duration of its activation, this method captures the dynamic interplay between these elements, making it applicable for both short-term and long-term flexibility applications. This broadens its usefulness for demand response programs, reserve markets, and balancing services, ensuring it can fulfil various operational and market requirements. The quantification method was explained in a detailed, step-by-step manner, and a simulation-based case study was carried out to demonstrate its application in quantifying aggregated energy flexibility.
	One key finding of this research was the identification of inherent asymmetry in potential energy flexibility. The power capacity of flexibility was observed to vary considerably between increases and decreases in power, with the latter typically exhibiting less intense rebound effects. This asymmetry is vital for maintaining grid stability, as increases in power were found to generate more significant rebound oscillations, which could present challenges for operational planning. Additionally, the study showed that the connection between activation power and duration is fundamentally non-linear, challenging the assumption set by conventional linear models. This finding highlights the need for more advanced methodologies, such as the power-duration curve approach, to quantify and manage flexibility effectively.
	The rebound effect emerged as another critical aspect of energy flexibility. The research showed that, in many cases, energy consumption during the recovery phase can offset or even exceed the energy savings achieved during activation. These effects were especially evident in systems with high thermal inertia, such as heavy-weight buildings, which displayed prolonged rebound oscillations. This behaviour highlights the necessity of factoring in rebound effects when designing and implementing demand-side management programs to ensure overall energy savings and maintain grid stability.
	At the beginning of this thesis, four hypotheses were made. Based on the results, the following conclusions can be made:
	 The first hypothesis, which proposed that quantifying energy flexibility using power-duration curves provides a more accurate and practical representation compared to single-value metrics, was confirmed. The power-duration curve method demonstrated its ability to capture the dynamic interplay between power and duration, providing valuable insights into both short-term and long-term flexibility potential.
	 The second hypothesis, which stated that aggregated energy flexibility is inherently asymmetric and non-linear, was also confirmed by the research findings. The results showed significant differences in the capacity for increasing and decreasing power, emphasising the need for models that account for this asymmetry. Additionally, the relationship between activation power and duration was found to be non-linear, challenging the assumptions of traditional linear models. 
	 The third hypothesis, which stated that rebound effects in demand-side flexibility activation result in more energy being consumed during the recovery phase than saved during the flexibility activation, was partially validated. The research identified significant rebound effects, particularly in systems with high thermal inertia, where recovery energy often exceeded initial savings. However, the magnitude and impact of these effects varied depending on the type of system and operational scenario, suggesting that rebound effects are context-dependent and require careful consideration in flexibility management.
	 Finally, the fourth hypothesis, which suggested that the asymmetry of energy flexibility impacts grid stability differently, with power increases showing more significant rebound effects, was confirmed. The findings demonstrated that power increases often led to more pronounced rebound oscillations, posing more significant challenges to grid stability compared to same magnitude power decreases. This highlights the importance of understanding and managing the asymmetric impacts of flexibility to ensure reliable grid operation.
	The research conducted in this work can be expanded upon in future studies by researching and developing the following aspects: 
	 This thesis employed simplified heat pump models to demonstrate the quantification process of the developed method. To achieve a more precise evaluation of heat pump flexibility, more detailed models that consider the coefficient of performance (COP) variations with ambient temperature, along with various control strategies, such as partial load functioning and temperature setpoint management for flexible operations, should be considered.
	 One potential direction is to apply the quantification approach developed in this thesis to other kinds of flexible devices, such as electric vehicles and shiftable appliances. 
	 An alternative avenue for research could focus on predicting flexibility. The method for quantifying flexibility developed in this thesis could be enhanced for forecasting by incorporating weather predictions and modelling temperature trends for the following day.
	 The approach of the power-duration curve could be enhanced to incorporate techno-economic factors, including the expenses associated with activating flexibility, income from engaging in energy markets, and the operational costs of equipment. By including these elements, the method could deliver a more comprehensive assessment of flexibility, facilitating improved decision-making for aggregators and grid operators. This would enable stakeholders to maximise the technical capabilities and the economic feasibility of activating flexibility.
	 Future research could focus on a more in-depth investigation of rebound effects that occur after the activation of flexibility. This involves measuring both the magnitude and duration of rebound energy use across various types of devices and operational situations. Gaining insights into the factors that affect rebound behaviour, such as the thermal inertia of devices, control methods, and user habits, would aid in the creation of mitigation strategies. Furthermore, studies could evaluate the cumulative effects of rebound phenomena on grid stability and energy market dynamics, providing valuable information for enhancing demand-side management initiatives.
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	The growing adoption of renewable energy sources has increased the need for flexibility on the demand side to maintain grid stability and efficient energy management. Nevertheless, current methods for quantifying flexibility often do not adequately capture the non-linearity, asymmetry, and rebound effects in flexible energy systems. This thesis introduces a novel method utilising power-duration curves to quantify aggregated energy flexibility within residential systems. The proposed approach offers a dynamic representation of flexibility over time, overcoming the drawbacks of traditional static and single-value methods.
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	A novel power-duration curves method was developed to address these shortcomings. This approach defines flexibility by mapping power activation levels against the maximum sustainable activation duration, offering a more thorough and adaptable method. The process of applying the developed method is illustrated through simulation-based case studies that quantify the flexibility of residential heating systems, electric water heaters, and battery storage units. The findings suggest that the power-duration method offers a more accurate representation of flexibility, especially in capturing the asymmetry and non-linearity of flexibility.
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	The findings of this thesis contribute to the ongoing development of demand-side flexibility methods, delivering novel perspectives for energy aggregators, grid operators, and policymakers. By presenting a scalable and data-driven framework, the power-duration curve method improves the accuracy of flexibility quantifications and enables better integration of flexible resources into energy markets. Future research could focus on incorporating techno-economic factors into the model and further refining flexibility forecasting techniques.
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