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Abstract
The continuing replacement of fossil fuel-based power generators with renewable intermittent
sources like wind and solar has increased the power system’s need for flexibility. Previous research
has shown that some of these additional flexibility demands can be met by demand response of
residential customers. However, managing residential power consumption for system purposes, i.e.
balancing consumption and generation, synchronizes loads and can cause congestion in distribution
networks. At the same time, newly installed distributed energy resources, such as electric vehicles,
photovoltaic panels and electrical heating systems, are increasing residential power demand. Recent
advances in information and communications technology allow distribution system operators
(DSOs) to better observe these developments, and could enable them to apply alternative strategies
to the classical approach of network expansions, which is becoming increasingly costly in the light
of artificial load synchronization. To this end a congestion management mechanism is needed
to operate distribution networks cost efficiently in the future. Local flexibility markets have the
potential to unlock DSOs access to flexibility resources. Flexibility services could then be used to
mitigate potential congestion and increase overall network efficiency and reliability.
This thesis addresses issues related to the introduction of local flexibility markets in three
parts. The first part examines how reactive power control of inverter-based distributed energy
resources can be implemented under current grid codes such that it is compatible with local
flexibility markets. Based on this examination, a method for designs of unit-specific local reactive
power controllers is proposed, which is able to take distribution network topology and individual
customer characteristics into account while requiring no additional information and communication
infrastructure. The approach proves robust against overvoltages in a distribution network with a
high share of solar generation. Compared to similar approaches, the method is easily scalable,
and can thus be used in large distribution networks and may be applied to other inverter-based
equipment such as electric vehicles or heat pumps.
The second part of the thesis discusses tools and methods which DSOs need to participate in
local flexibility markets. Two essential functions are developed which allow DSOs to quantify the
benefit of flexibility services. First, a method is proposed to calculate the expected gains based on a
probabilistic distribution network analysis. The method is tested in a real implementation of a
local flexibility market with an aggregation of 800 thermostatically controlled loads in the context
of the EcoGrid 2.0 project. Results show that flexible consumption can be shaped to deliver reliable
flexibility services to DSOs, despite the presence of large uncertainties. Services can act as an
insurance policy for DSOs against network congestion and power outages, thus preventing such
rare events and related social cost. Second, a method is proposed to create flexibility models for
aggregators and DSOs, with a particular focus on aggregations of thermostatically controlled loads.
DSOs require such models to evaluate the financial benefit and reliability of flexibility options. The
proposed method is based solely on aggregated behind-the-meter power consumption data which
is generally available to DSOs, and thus requires no further privacy-intrusive customer data. The
xi

xii

ABSTRACT

impact of aggregation size on baseline uncertainty and flexibility model accuracy is analyzed in
detail. The flexibility model is applied to predict the response of an aggregation of thermostatically
controlled loads in a series of verification experiments, which reveal that it is able to predict the
aggregated behaviour with good accuracy.
Finally, in the third part of the thesis, design questions pertaining to local flexibility markets are
addressed. Flexibility services of local flexibility markets need to be specifically designed for
DSO needs such as voltage control, substation congestion management, loss minimization or load
reductions during planned maintenance. Flexibility services are commonly defined by two different
approaches: Baseline services define an expected behaviour or schedule, a baseline, and quantify
power deviations from that baseline. By contrast, capacity limitation services set temporary power
consumption caps, and penalize exceeding the cap. Based on experience from the large scale
demand response field trial in the EcoGrid 2.0 project and a review of existing proposals, a list of
essential requirements for flexibility services is developed. Flexibility services need to fulfil these
requirements to represent an effective and reliable option for DSOss. However, baseline flexibility
services are shown to fail certain requirements. Thus, local flexibility markets are recommended to
employ capacity limitation services as a primary product. To handle clearing of flexibility markets
with these services, a market clearing method built upon an adapted Vickrey-Clarke-Groves-based
auction is proposed. The mechanism provides a balanced trade-off among desirable economic
properties, including budget-balancedness, incentive-compatibility and stability. Results of a
case study of a medium voltage feeder show that aggregators and the DSO benefit from trading
capacity limitation services under the proposed setup and accordingly would want to participate.
Implementing such a market would allow the DSO to defer infrastructure investment while
ensuring secure operation.
Overall, this thesis presents a coherent setup for local flexibility markets. A functional framework
for DSOs is developed, allowing them to include flexibility options in their distribution network
operational strategy. The framework was tested and demonstrated in a series of large-scale demand
response experiments on the Danish island Bornholm. Experimental results show that flexibility
services represent a reliable option and can be delivered and verified with limited information
and simple information and communication infrastructure. The real-life demonstration of a local
flexibility market raised questions regarding the nature of flexibility services, and it was found that
capacity limitation services are best suited to address issues in the distribution network. Finally, an
effective market mechanism for capacity limitation services with desirable properties is proposed.
The thesis provides insight into the operation of local flexibility markets and proposes solutions to
encountered barriers, thereby supporting the real-world establishment of such markets.

Resumé
Idet fossile kraftværker erstattes med fluktuerende vedvarende energikilder, øges elnettets behov
for fleksibilitet. En del af dette behov kan dækkes af fleksibelt forbrug hos privatkunder. Styringen
af sådanne forbrug, for eksempel til at balance forbrug og produktion af strøm, kan imidlertid føre
til synkronisering af forbrug, hvilket videre kan føre til overbelasting af distributionsnetværket.
Samtidigt øges presset på distributionsnetværket af distribuerede ressourcer såsom elbiler, solceller
og opvarmning baseret på elektricitet. Til at imødekomme denne udvikling kan operatøren af
distributionssystemet (DSO) udnytte informations- og kommunikationsteknologi som alternativ til
den typiske strategi med netværksudbygning. For at kunne udnytte disse nye muligheder, behøves
metoder og mekanismer der kan styre elnettet omkostningseffektivt. En sådan mekanisme er
lokale fleksibilitetsmarkeder, der har potentialet til at tillade DSO’er adgang til fleksible ressourcer.
Disse kan da bruges til at mitigere trængsel og øge den samlede effektivitet og pålidelighed af
elnettet.
Dette speciale behandler spørgsmål relateret til introduktionen af sådanne lokale fleksibilitetsmarkeder i tre dele. I første del undersøges, hvordan reaktiv effekt fra inverter-baserede distribuerede energikilder kan implementeres under nuværende netværksregulativer, således at de er
kompatible med lokale fleksibilitetsmarkeder. Med udgangspunkt i denne undersøgelse, foreslås
design til enhedsspecifik styring af reaktiv effekt, der tager hensyn til både netværkstopologi og
forbrugerens karakteristik, uden at kræve yderligere information eller kommunikationsinfrastruktur. Metoden vises robust mod overspænding i distributionsnetværk med en høj grad af
produktion fra solceller. Sammenlignet med lignende tilgang, er metoden let skalérbar, og kan
således bruges i store distributionsnetværk, samt til andet inverter-baseret udstyr, såsom elbiler
eller varmepumper.
Den anden del af specialet diskuterer værktøjer og metoder som DSO’en behøver for at deltage
i lokale fleksibilitetsmarkeder. Her udvikles to essentielle funktioner, der tillader DSO’en at
værdisætte fleksibilitetstjenester. Først foreslås en metode til at udlede det forventede udbytte ved
en probabilistisk netværksanalyse. Metoden afprøves i en virkelig implementering af et lokalt
fleksibilitetsmarked, hvor 800 termostatiske belastninger styres som en del af EcoGrid 2.0-projektet.
Resultaterne heraf viser, at fleksibelt forbrug kan formes til at levere pålidelig fleksibilitet til
DSO’en, til trods for iboende, store usikkerheder i responsen fra hver enkelt ressource. Denne
fleksibilitet kan således sikre DSO’en mod overbelastninger på netværket og strømafbrydelser begge relativt sjældne hændelser med sociale omkostninger. Hernæst foreslås en metode hvormed
både DSO og aggregator kan opstille modeller for deres tilgængelige fleksibilitet, med særlig fokus
på aggregering af termostatisk styrede belastninger. Disse modeller er påkrævet af DSO’er for at
kunne evaluere de økonomiske fordele og pålideligheden af forskellige fleksibilitetsmuligheder.
Metoden baserer sig udelukkende på aggregerede behind-the-meter forbrugsdata, der er generelt
tilgængeligt for DSO’en, og undgår således at skulle bruge yderligere information om hver
forbruger. Særlig fokus sættes på effekten af aggregeringens størrelse og aggregeringsmodellens
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præcision, der begge påvirker brugbarheden af modellen. Herefter anvendes modellen i en serie
af experimenter til at forudsige responsen af et aggregeret sæt af termostatisk styrede belastninger.
Resultaterne heraf viser, at modellen er i stand til at forudsige den aggregerede respons med god
præcision.
I specialets tredje del undersøges design af lokale fleksibilitetsmarkeder. Disse markeders fleksibilitetsservices skal designes specifikt til at tjene DSO’ens behov, såsom spændingsstyring,
håndtering af begrænsninger for transformerstationer, minimering af tab eller belastningsreduktioner under planlagt vedligehold. Fleksibilitetstjenester defineres typisk på to forskellige
måder: Baselinetjenester definerer en planlagt eller forventet opførsel, en baseline, og kvantificerer
afvigelser fra denne. Til sammenligning fungerer kapacitetsbegrænsningstjenester ved at definere
midlertidige forbrugsgrænser, og kræve betaling for at overstige denne begrænsning. Baseret på
erfaring fra storskala ekspirementer i demand response i forbindelse med EcoGrid 2.0-projektet og
et review af eksisterende forslag, defineres en liste af essentielle krav til fleksibilitetstjenester. Ved
at opfylde disse krav vil en fleksibilitetstjeneste være en effektiv og pålidelig mulighed for DSO’er.
Ved at sammenholde kravene med karakteristika af de to tjenester ovenfor, findes det, at baselinetjenester ikke er i stand til at overholde visse krav. Følgeligt bør lokale fleksibilitetsmarkeder
hovedsageligt gøre brug af kapacitetsbegrænsningstjenester. For at håndtere markedsclearing
af fleksibilitetsmarkeder med sådanne services, foreslås og undersøges en clearingmekanisme
baseret på en tilpasset Vickrey-Clarke-Groves-auktion. Mekanismen giver et balanceret trade-off
imellem ønskværdige økonomiske egenskaber, inklusive budgetbalance, incitamentskompatibilitet
og stabilitet. Resultater fra et case-studie af en mellemspændingsføder viser, at aggregatorere og
DSO’en drager fordel af at handle kapacitetsbegrænsningstjenester under det foreslåede marked,
og dermed ønsker at deltage i et sådant. Ved at implementere et sådant marked kan DSO’en
udskyde investeringer i infrastruktur uden at kompromittere sikker drift.
Sammenlagt præsenterer specialet en kohærent beskrivelse for lokale fleksibilitetsmarkeders drift.
Funktionelle rammer defineres for DSO’ers deltagelse, der tillader at inkludere fleksibilitet som en
del af deres operationelle strategi. Disse rammer blev testet i en serie af storskala-eksperimenter
med demand response på Bornholm. De heraf afledte eksperimentelle resultater viser, at fleksibilitetstjenester repræsenterer en pålidelig valgmulighed, der kan verificeres med begrænset, simpel
information og kommunikationsinfrastruktur. Demonstrationen af lokale fleksibilitetsmarkeder
rejste vigtige spørgsmål omkring arten af fleksibilitetstjenester, og det fandtes, at kapacitetsbegrænsningstjenester best tjener til at håndtere udfordringer i distributionsnetværket. Endeligt foreslås
en effektiv markedsmekanisme for handel med kapacitetsbegrænsningstjenester, der besidder
ønskværdige egenskaber. Specialet giver således indsigt i driften af lokale fleksibilitetsmarkeder,
og foreslår løsninger til barrierer herfor, hvilket i sidste ende understøtter etableringen af disse
markeder.
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1
Introduction

1.1

Background

One of the great challenges of this century is the decarbonization of the world’s energy supply
chain. Most countries have set themselves ambitious goals in reducing their green house gas
(GHG) emissions [1]. In the Paris Climate Accord [2], 189 countries have agreed to limit the average
global temperature increase to 2 °Celsius, compared to pre-industrial levels. In accordance with
the agreement, the Danish Government has set particularly high-reaching climate targets. The goal
is that by the year 2030, 50 % of Danish energy consumption will be covered by renewable sources,
and the Danish state aims at full carbon neutrality by 2050 [3]. In 2017, Danish GHG emissions were
already reduced by 29 % compared to 1990, the United Nation’s base year for calculating climate
efforts [4]. Much of this reduction is attributed to the electricity sector, where renewable sources
such as wind turbines and photovoltaic (PV) panels replaced large fossil fuel-based power plants.
In 2019, Denmark’s renewable share in electricity consumption reached 75 %, and it is projected
that by the year 2028 it will exceed 100 % [4]. Wind power is by far the largest contributor, covering
around half of the country’s electricity power consumption. Solar power currently accounts for
3 %, and its share is expected to increase to 12 % by 2030. Most of this generated electricity comes
from small-scale PV panels which are mounted on roof tops - large solar farms are rare.

1.1.1

Need for new flexibility sources

Wind and solar power are intermittent energy sources. However, electricity consumption and
generation have to be balanced at all times. Historically, this was achieved by fossil fuel-based
power plants, which could down- or up-regulate their power output at fairly short notice, thereby
adjusting power generation to the current consumption level. As these power plants are being
gradually decommissioned, the power generation side is becoming less controllable.
As a result, the consumption side has to become more flexible, allowing it to be adjusted to power
generation. This concept is generally referred to as demand response (DR). So far, DR has mainly been
realized by large industrial customers. Aggregators are new entities in the power sector with the
potential to facilitate DR of small customers. Aggregators control and optimize distributed energy
resources (DERs)1 on behalf of their owners. Such services have become more attractive in recent
years, due to reduced costs of information and communications technology (ICT) infrastructure.
At the same time, bundling numerous small DERs allows aggregators to participate in the various
power markets. Their participation results in the utilization of previously idle flexibility, leading to
cost reductions in system operation. Aggregators are therefore able to satisfy some of the additional
flexibility needs of a fully renewable electricity system.
1 Throughout this thesis, the term DER is used as an abbreviation for flexible, smart, and energy-intense loads or
generation units with the capability of remote control. Typical examples are PV panels, electric vehicles (EVs), heat pumps
(HPs) and battery systems.
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To eventually reach the target of full carbon neutrality, other sectors such as heating and transport
will also need to be increasingly electrified. The transport sector accounts for around 35 % of
Danish energy consumption. At the moment, the share of EVs in Denmark is still small and the
country is projected to fail its 2020 target of a 10 % reduction of GHG emissions in the transport
sector. However, EV sales numbers are expected to increase steadily throughout the next decade
[5]. To reach the 2030 climate targets, half of Denmark’s car fleet or 1.5 million vehicles will have
to become electric or hybrid [6]. In the heating sector, remaining gas, oil and wood based space
heating is gradually being replaced with HPs. By the year 2030, 70 % of Denmark’s natural gas
boilers and 95 % of oil-fired boilers must be replaced. Both of these developments add flexible
DERs to the system, but also increase residential electricity consumption.

1.1.2

Challenges faced by distribution system operators in a carbon-neutral system

In the past, distribution system operators (DSOs) usually designed distribution networks (DNs)
to withstand the assumed load of worst-case scenarios (usually Christmas peaks). Network
equipment was chosen conservatively such that voltages and currents stay within the preferred
range throughout the equipment’s lifetime, and grid expansions were unlikely to become necessary.
At the same time, the state of a large share of the DN was usually not observable (measurement
equipment is not commonly placed below primary substations). This approach to network
operation is commonly referred to as fit-and-forget. However, ongoing changes in DNs are causing
this approach to be called into question.
Most new EVs, HPs and PV panels are connected to the DN. In addition, battery-based storage
capacity in DNs is increasing. Such storage solutions can be financially attractive for PV owners,
when it allows them to substantially increase their self-consumption. These additional DERs affect
load flows in DNs mainly in two ways. First, the new energy-intensive loads increase overall
electricity consumption and consequently lead to an increase of network loading. In the case
of battery systems, consumption patterns can fundamentally change. Additionally, excessive
distributed generation from large amounts of installed PVs can reverse the typical direction
of power flows (i.e., from the transformer to end consumers). All of the above makes it more
challenging for DSOs to ensure that electricity reaches customers with adequate power quality
(especially appropriate voltage magnitude), since DNs were not designed for high shares of DERs.
Second, load flows can be significantly affected by aggregator control of DERs. As explained above,
aggregators control a large number of small-scale DERs and participate in the energy and ancillary
service markets. However, a side-effect of this coordinated control is higher load coincidence
factors2 in DNs [7]. This makes consumption peaks in the DN more pronounced and harder to
predict, which increases the likelihood of network congestion or voltage violations. The newly
installed energy-intensive loads, the significantly higher load coincidence factors due to aggregator
control, and the possibility of reversed power flows render the fit-and-forget approach particularly
costly.
At the same time, the roll-out of smart meters and the wide collection of load consumption profiles
of residential customers allows DSOs to monitor and assess long term developments their DN.
In Denmark, smart meters will be entirely rolled out by the end of 2020 [8], and most European
counties are planning to follow suit [9]. While online grid observation of the DN is not yet possible,
2 The load coincidence factor describes the system peak divided by the sum of customer peak loads and thereby
represents a measure for the likelihood of customer peaks to occur simultaneously.
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smart meters enable DSOs to carry out a more detailed analysis of the power flows in their network
ex-post, enabling them to observe and potentially predict network congestion and voltage issues.
This allows DSOs to consider alternative options to the fit-and-forget approach.
Recent policy targets force system operators to increase network efficiency and reliability by using
the most cost-effective solutions. It is therefore generally accepted that a mechanism is needed,
which facilitates DSO access to DER flexibility [10].

1.1.3

Flexibility options in the distribution network

European regulators have recognized four mechanisms for enabling DSO access to flexibility in the
DN [11] including: a rules-based approach, network tariffs, connection agreements, and flexibility markets.
Under a rules-based approach, existing grid and connection codes are modified to set requirements
for flexibility provision. On the one hand, this approach usually requires no additional ICT
infrastructure. On the other hand, it sets the same requirements to all customers, irrespective of
their willingness or their cost of providing flexibility. This poses limitations to the extent that such
measures can be implemented in a socially acceptable manner. For this reason, the application of
rules-based approaches should be limited to cases where consumers have no significant financial
disadvantages or no strong preferences regarding the provision of flexibility. Typical examples of
such cases are reactive power control (RPC) or PV curtailment with financial compensation for lost
power generation.
As of 2019, time-dependent electricity prices (based on the day-ahead prices) are already applied
in seven European Union member states for residential customers, namely Denmark, Estonia,
Finland, the Netherlands, Spain, Sweden and the United Kingdom [12]. Through price differences,
customers are encouraged to shift their consumption to hours where electricity generation is
cheaper, thereby using flexibility to reduce their costs.
Network tariffs apply the same line of thinking to network operation. DSOs, which recover their
costs by charging end users a network tariff, could make these tariffs time dependent, incentivizing
end-customers to shift load to hours when network loading is lower. This indirect DSO access
to flexibility requires no ICT investments. One such example are time-of-use tariffs, which were
recently introduced in Denmark and aim at shifting consumption away from peak hours and thus
reducing the risk of possible congestions [13]. Dynamic network tariffs, which can be updated
more frequently and can have a finer temporal and spatial granularity, could equip DSOs with an
additional tool to tackle the emerging operational issues in DNs [14, 15]. In both cases, DSOs would
have to estimate the sensitivity of customers to varying tariffs [16], but this is a more complicated
task in the case of dynamic tariffs, compared to time-of-use tariffs. However, when large shares of
DERs are controlled by aggregators and become more responsive to system prices, estimating this
sensitivity might become a particularly complex task, without guarantees for the effectiveness of
the mechanism to prevent congestions.
Connection agreements allow customers to reduce their connection cost by enabling the DSO
to limit their network access. They represent situation-specific bilateral agreements, and come
with related costs, namely for administrative purposes and additional control/communication
equipment. As a result, connection agreements are usually economically viable only for large
consumers. Additionally, such agreements are not easily scalable to small DERs, as this would
substantially increase the operational complexity of DSOs.
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Figure 1.1: Overview of an aggregator’s role in the power system (reproduced from [Pub. D]).

1.1.4

Local flexibility markets

Local flexibility markets (LFMs) have gained particular attention in recent years, as they promote
competition and innovation. Further, LFMs can incorporate DERs of all sizes and can take into
account the preferences of all involved actors. This means that they theoretically allow for a
socially-optimal use of flexibility resources. In an LFM, aggregators and DSOs will be able to trade
flexibility services, as illustrated in Figure 1.1. Aggregators can control both aggregations of small
DERs and larger flexible industrial loads. LFMs are envisioned to operate in parallel to the energy
and the ancillary service markets, so they are in line with the ENTSO-E guidelines [17], which state
that DERs should be able to sell services where it is most profitable for them. Such markets seem
to be the most promising avenue for allowing DSO access to DER flexibility in Europe, and the
European Union recommends that DSOs procure their necessary flexibility through market-based
solutions [18].
To participate in LFMs, DSOs will need to expand their available set of operational tools. Figure 1.2
represents a simplified overview of those necessary functionalities and models. As discussed above,
newly available smart meter data allows DSOs to monitor the DN and detect potential operational
issues. Using flexibility services to improve network operation will require that DSOs are able to
forecast the likelihood of unwanted situations, such as network congestion, unacceptable voltage
magnitudes, or faults. For this purpose, detailed load models both for non-flexible consumption
and flexible consumption are required. While non-flexible load forecasting is a well-established
field, modelling and forecasting the flexible consumption of DERs under aggregator control
requires new methods, and DSOs need to understand the capabilities and objectives of aggregators
in their network. Further, DSOs would have to estimate how aggregators realize flexibility services
and what the resulting impact on the DN is. Finally, to make a final decision regarding DN
operation, the financial impact of flexibility options has to be evaluated, requiring the use of
detailed cost models.

1.2. RESEARCH OBJECTIVES

7

Flexibility &
aggregator modelling
Smart meter data
DN model

Ex-post DN
state estimation

DN assessment
with flexibility use

DN operation
cost modelling

DN operational
decision

Non-flexible
load modelling

Figure 1.2: Necessary DSO tools to accommodate flexibility options in DN planning and operation
(adapted from [Pub. E]).

1.2

Research objectives

The overall aim of this thesis is to contribute to the development of a flexibility coordination
mechanism which allows DSOs to access and benefit from the available flexibility of DERs. Options
to mitigate operational issues in DNs can be roughly split into two categories - RPC and active
power control.
RPC can be used for various purposes: voltage control, DN losses minimization, voltage imbalance,
or even to some extent congestion management. However, it is most effective for mitigating voltage
violations without negative consequences for customers. RPC options are discussed in subsection
1.2.1.
Active power control can effectively address both voltage violations and network congestion. Yet,
active power control affects customer utility resulting in an associated social cost. Due to the
complex cost structure of these options, they are best facilitated through an LFM approach. DSO
tools and LFM design questions are addressed in subsection 1.2.2.

1.2.1

On the use of reactive power of flexible DERs

Inverter-based DERs have the capability to adjust their reactive power output when exchanging
active power with the network. As this usually has no additional costs for DER owners, the most
simple approach to making use of these capabilities is through grid codes. The newly available
smart-meter data allow DSOs to better model and observe the state of DNs. This knowledge
should be leveraged to revise current RPC practices. Available proposals in the literature are either
not easily scalable to large amounts of DERs or obtained solutions are not robust. Accordingly, the
first part of the thesis addresses the following research question:
Q1: How can DSOs better use RPC capabilities of inverter-based DERs to improve DN operation under
current grid codes?

1.2.2

On the use of flexible active power through local flexibility markets

In contrast to reactive power set-points, which only affect the reactive power output of DERs,
small-scale customers have strong preferences regarding their ability to consume active power.
Policy makers recommend that, wherever possible, DSO access to flexibility should be marketbased, and it is likely that LFMs will represent an important pillar of the electricity system of the
future. As mentioned in 1.1.4, DSOs need new methods and models to be able to participate in
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future LFMs and to benefit from the acquisition and activation of flexibility services. This part
of the thesis focuses on the development of such necessary tools. More specifically, two research
questions are addressed:
Q2: How can DSOs forecast and evaluate the financial benefit that flexibility services have on DN operation?
Q3: How can the DSO estimate available flexibility and aggregator capabilities based solely on available
smart meter data?

1.2.3

Local flexibility market design

The final part of the thesis addresses specific LFM design choices, namely the flexibility service
definition and the market clearing mechanism.
The flexibility service definition fulfils a central role in the overall LFM framework, as it has an
impact on the necessary DSO, aggregator and market functions. Proposals in the literature can
be roughly split into two different approaches - baseline services and capacity limitation services
(CLSs). Baseline services are similar to balancing services of the wholesale level, and define
temporary deviations from a reference profile, called baseline. CLS represent temporary active
power consumption caps. In order to implement LFMs in the real world, a consensus has to
be reached as to which service definition best facilitates the efficient use of available flexibility
resources for DSO purposes. Therefore, the following research question is addressed:
Q4: Which are basic flexibility service requirements for an LFM and which service definition best facilitates
and promotes efficient use of flexibility resources in DNs?
Further, a market clearing mechanism of an LFM with baseline services can be designed in a
similar manner to the existing balancing markets. The choice of market clearing mechanism for an
LFM that trades CLSs is not as straightforward, given that the same capacity limitations for two
aggregators with different portfolio sizes are not equivalent. Accordingly, the final part of this
thesis focuses on the following research question:
Q5: How should an efficient market clearing mechanism for an LFM trading CLSs be designed?

1.2.4

Thesis outline and research contributions

This thesis consists of two parts. Part I summarizes the authors main contributions. It is organized
in five chapters, an introduction, three self-contained technical chapters and a conclusion. Part II
consists of the five relevant publications.
In chapter 2, research question Q1 is addressed. A method to optimize local reactive power
controllers for PV inverters is proposed, which builds on historical smart meter data, and requires
no additional ICT infrastructure. In contrast to comparable methods, the proposed methodology is
more robust and easily scalable to large DNs and other inverter-based DERs.
Chapter 3 addresses research questions Q2 and Q3. To participate in a future LFM, DSOs need to be
able to accomplish several tasks. The state of the DN has to be assessed in advance to estimate when
flexibility services are necessary and which specific service best mitigates anticipated operational
issues. In section 3.2, a method is proposed which uses a probabilistic network assessment to
estimate the financial impact of flexibility services well ahead of time. This allows DSOs to decide
which specific flexibility service to request from an LFM and what amount to maximally pay
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for it. In the probabilistic network assessment DSOs forecast both non-flexible load and flexible
load. Forecasting flexible load behaviour under aggregator control is a particularly challenging
task, and predicting specific load patterns months or even years ahead of time is not possible.
However, DSOs can develop aggregator and flexibility models, allowing them to determine the
available flexibility and aggregator capabilities. In section 3.3 such a model is developed for a real
population of thermostatically controlled loads (TCLs), based only on available behind the meter
(BtM) data. Both of the proposed methods have been used and tested in a large-scale field trial of
an LFM in the context of the EcoGrid 2.0 project.
Finally, chapter 4 addresses research questions Q4 and Q5. As LFMs have not been established
yet and only early stage initiatives exist, the exact market design has not been consolidated.
One of the most consequential open questions is which flexibility service type should become
the traded commodity of a future LFM. After reviewing existing literature on flexibility service
proposals for LFMs in section 4.1, section 4.2 presents a list of essential requirements for such
services. A detailed argumentation is laid out as to why baseline services are unable to fulfil
all requirements at the same time. In addition, two persistent baseline service design flaws are
illustrated, which would compromise the efficient use of flexibility from the DN both for DSO and
transmission system operator (TSO) purposes. CLSs are found to meet the service requirements
and represent a more intuitive tool to mitigate congestion and increase DN reliability. For this
reason, we argue for disregarding the use of baseline services in the context of LFM, and favor the
use of CLSs instead. Section 4.3 proposes a comprehensive LFM setup with CLSs as the traded
commodity. Since the classical market clearing mechanisms pay-as-bid (PAB), uniform-pricing (UP)
and Vickrey-Clarke-Groves (VCG) cannot facilitate an efficient trade of CLSs, the section proposes a
tailored VCG-based clearing mechanism, which has all the necessary economic properties. Finally,
a list of recommendations for the application of the market framework in the real world is provided.
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Reactive power control of
inverter-based distributed energy
resources
Distribution system operators (DSOs) can use reactive power control (RPC) of interver-based distributed energy resources (DERs) to tackle voltage violations in distribution networks (DNs). Local
controllers require no additional information and communications technology (ICT) infrastructure
and are easy to implement. For this reason, current photovoltaic (PV) systems are required to allow
local RPC. These local control methods could be enhanced with the help of recent smart meter
data, to better take into account the DN topology and residents’ consumption patterns. Therefore,
this chapter focuses on research question Q1.
Q1: How can DSOs better use RPC capabilities of inverter-based DERs to improve DN operation under
current grid codes?
Section 2.1 gives a brief introduction into the topic. In section 2.2, the proposed methodology to
define local reactive power controllers for inverters of PV systems is presented. In section 2.3, the
method is tested and evaluated in a case study of a real DN on the island of Bornholm. Finally,
section 2.4 summarizes the findings and concludes the chapter with a discussion regarding the
relation of local RPC to other congestion management approaches. This chapter includes content
and results of [Pub. A], which is attached to the thesis.

2.1

Motivation

The installation of additional DERs such as PV panels, electric vehicles (EVs) and heat pumps
(HPs) in the DN is increasingly causing operational issues. One way to tackle voltage deviations
and network congestion is RPC. Reactive power in an AC circuit describes the power which is
temporarily stored in the system’s electric and magnetic fields. It oscillates between the AC power
sources, loads and all network equipment. Generally, capacitive equipment increases voltage
magnitudes and inductive equipment reduces voltage magnitudes. Inverter-based equipment can
adjust the reactive power output without any cost. This ability can be used to manage voltage
magnitudes and to mitigate congestion.
Several European countries have introduced mandatory RPC capabilities for PV panels in their
grid codes. In Germany, Denmark, Austria and Italy, large PV panels (> 13.8 kWp) must have
the ability to adjust their power factor1 between 0.9 inductive and 0.9 capacitive [19–22]. The
control is realized through local RPC curves, which define the reactive power output depending
1 The

power factor represents the ratio of active and apparent power.
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Figure 2.1: Characteristic curve and admissible range which is implemented by default into PV
power inverters in Germany (reproduced from [Pub. A]).

on the generated active power. Such local control strategies have the advantage of not requiring
additional ICT infrastructure. Figure 2.1 shows the local RPC curve, which is implemented by
default when PV units are connected in Germany. Denmark, Italy and Austria are using the same
curve, however it is only being applied when requested by the DSO. When PV panels generate
less than 50 % of their capacity, no reactive power is generated. At higher generation levels the
power factor is linearly reduced to an inductive set-point (90 % inductive for PV panels larger
than 13.8 kWp, and 95 % inductive for PV panels smaller than 13.8 kWp) in order to prevent
potential over-voltages in the network. RPC can at times reduce network losses, when the inductive
behaviour of customer loads or transformers is compensated, however under most circumstances
RPC increases losses, due to higher network currents. For this reason, RPC curves should only be
used when voltage violations are to be expected, and a general fixed curve for all feeder types is not
ideal. According to the grid codes, DSOs have the right to define alternative unit-specific curves to
better take into account local conditions. However, this option has so far barely been used.
Several methods to calculate more advanced unit-specific RPC curves have been proposed in the
literature [23–26]. These methods solve an optimal power flow (OPF) problem with individual
reactive power set-points of DERs as decision variables. The results are then used to define
advanced local RPC curves. However, the proposed methods have some shortcomings. When
designing a local RPC curve, the minimization of losses and voltage deviations represent conflicting
objectives and therefore have to be considered at the same time. The authors of [23] and [24] do
not carry out such a co-optimization. In [23] only losses are minimized, and the authors of [24]
minimize only voltage deviations. Further, [23–25] first solve the OPF problem and afterwards local
RPC curves are fitted to the results, but the resulting fitted curves do not necessarily respect grid
constraints. The authors of [26] include the calculation of piece-wise linear functions in their OPF
calculation. However, the introduction of integer variables renders this approach computationally
expensive and limits the authors to ten PV-units.
In this chapter, a method to define unit-specific RPC curves is proposed, which overcomes the
aforementioned issues. A co-optimization of grid losses and voltage deviations is carried out
and the process of defining local RPC curves is integrated in the OPF problem. As polynomial
functions are used to define RPC curves, no integer variables are necessary, and the problem can
easily be applied to large DNs and could potentially be extended to other DERs types such as EVs
or HPs. Finally, the method is tested in a case study of a real low-voltage distribution feeder from
the island of Bornholm.

2.2. METHODOLOGY
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Methodology

This section formulates the optimization problem which is used to find advanced RPC curves. The
problem consists of DSO constraints, PV panel constraints, as well as the AC power flow equations.
Throughout the formulation, three sets are used. T is the set containing all time steps in the

considered period. Time steps are indexed by t. I represents the set of nodes in the DN under
investigation. I ∗ is a subset of I containing all nodes where customers are connected. Both i and j

are used as indices for nodes. P denotes the set of PV panels connected in the DN. PV units are
indexed by p.

2.2.1

Distribution network constraints

There are two main constraints that DSOs have to take into account during operation. First, voltage
magnitudes at the point of common coupling of customers have to stay within a specific range.
The European norm EN 50160 defines this range as ±10% of the nominal voltage V nom [27]
m
0.9V nom ≤ Vi,t
≤ 1.1V nom ,

(2.1)

m
where Vi,t
is the voltage magnitude at node i and time t. V nom represents the nominal voltage of

230 V. Second, DSOs have to ensure that equipment ratings are respected, such that
rat
m
rat
− Ii,j
≤ Ii,j,t
≤ Ii,j
.

(2.2)

m
Here Ii,j,t
represents the magnitude of the current flowing through the equipment connecting
rat
node i and node j at time t, whereas Ii,j
denotes the corresponding rating.

2.2.2

Photovoltaic inverter constraints

Due to grid codes, most PV inverters nowadays are oversized, such that they can still provide
reactive power even when the PV system generates active power at full capacity. Therefore, PV
inverters in this work are modelled with the ability to generate or consume reactive power Qp,t as
− Qmin
≤ Qp,t ≤ Qmin
∀t, ∀p,
p
p

(2.3)

Qmin
= tan(arccos(0.9))PpkWp ∀p.
p

(2.4)

where
kWp

Here, Pp

2.2.3

represents the kW-peak value of PV panel p.

Problem formulation

To evaluate the proposed method, two approaches are compared. The first approach calculates
local RPC curves in the process of formulating and solving an optimization problem. We therefore
refer to it as the integrated approach. P-Var curves are used to define a reactive power set point Qp,t
of PV unit p at time t depending on the current active power output Pp,t . 3rd order polynomials
are used,
3
2
Qp,t = ap Pp,t
+ bp Pp,t
+ cp Pp,t + dp , ∀t, ∀p.

(2.5)

Constraint (2.5) represents a coupling constraint of the formulated problem. As it is impossible to
solve the OPF problem for all considered time steps at once, a subset T ∗ of representative scenarios

is chosen by using the k-means algorithm [28]. The algorithms groups all time steps into k clusters,
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with πk time steps assigned to each cluster. The time step with the smallest distance to the cluster
center is used as the cluster’s representative time step. In addition, worst case scenarios in terms
of solar irradiance and residential consumption are added to the set T ∗ . The objective function of
the OPF calculation of the integrated RPC curve calculation can then be formulated as


min

λ

ap ,bp ,cp ,dp

X

i,j∈I,t∈T ∗





πt Pi,j,t  + (1 − λ) 

X

i∈I ∗ ,t∈T ∗


m 2



πt V nom − Vi,t  .

(2.6)

Here, λ represents the co-optimization trade-off parameter of the two conflicting objectives. πt
weights each scenario according to the corresponding cluster size. The first sum represents
the losses which occur in the network. The second sum represents the penalization of voltage
deviations throughout the network. The decision variables of the problem are represented by
the set of the polynomial RPC curve parameters of all PV panels. Hence, the final optimization
problem consists of the objective function (2.6) with the constraints (2.1) to (2.5), as well as the
standard AC power flow equations.
The method is compared to a regression approach where the RPC curve calculation is not integrated
into the optimization problem but curves are defined through ex-post regression. For this purpose,
a similar optimization problem is solved with the following objective
min λ
Qp,t

X

i,j∈I,t∈T

Pi,j,t + (1 − λ)

X

i∈I ∗ ,t∈T

m
V nom − Vi,t

2

.

(2.7)

Constraints (2.1) to (2.4) are included as well as the AC power flow equations. The coupling
constraint (2.5) is omitted, which also eliminates the need for time step clustering. The decision
variables of this problem formulation are the reactive power set points of the PV panels. The
problem is solved for every time step individually and afterwards a RPC curve is found by means
of a constrained linear least square method.

2.3

Case study

The two methods are applied in a case study of a real distribution feeder from the island of
Bornholm. The low voltage feeder, which connects a total of 131 residents, is shown in Fig. 2.2. The
red node represents the 400 kVA transformer where the feeder is connected to the higher voltage
levels. Yellow nodes represent nodes with PV units. It is assumed that the power output of PV
panels is proportional to the solar irradiance, generating the kW-peak value when the irradiance
corresponds to 1 kW/m2 . To model a future scenario it was further assumed that 39 of the 131
households own an EV. The locations of these EVs are indicated by blue nodes. The model for EVs
is presented in [29]. Smart meter data and solar irradiance data from the area from the months
of June 2016 and July 2016 are used. The month of June is used as a training set to develop RPC
curves. These are afterwards tested on the data from the month of July.
An example of the calculated RPC curves is shown in Fig. 2.3. The yellow curve has been defined
by means of the integrated approach. Each blue dot represents the optimization result of one time
step when the constraint 2.5 was omitted. Finally, the red curve represents the resulting RPC curve
of the regression step.

2.3. CASE STUDY

15

Reactive power [kVAr]

Figure 2.2: Sketch of the used 400 V distribution grid, the red node shows the secondary substation.
PV units are located at yellow nodes, blue nodes indicate EV locations (reproduced from [Pub. A]).
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Figure 2.3: Q-P scatter plot of PV unit (reproduced from [Pub. A]).
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Figure 2.4: Integrated P-Var curve of PV unit at node 5. (a): minimization of voltage deviations,
(b): minimization of losses (adapted from [Pub. A]).

2.3.1

Case study results

Four RPC strategies are compared in the results.
• Strategy 1: No RPC,
• Strategy 2: Ideal RPC with optimal reactive power set point,
• Strategy 3: Local RPC with P-Var curve based on the regression approach,
• Strategy 4: Local RPC with P-Var curve based on the integrated approach.
The first and second strategies are included as benchmarks, to represent the best and worst case
scenarios.
In the case study, the highest voltage magnitudes occurred at node number 5 around noon. The
calculated RPC curve for this unit is shown in Fig. 2.4. In graph (a) only voltage deviations are
minimized. When the PV panel generates little active power, a capacitive power factor is used to
compensate for the voltage drop caused by residential loads. When generation levels are high, an
inductive power factor reduces the voltage magnitude at the node. In graph (b) only losses are
minimized. In this case, reactive power is mainly used to reduce high voltage magnitudes during
times of high active power in-feed.
Table 2.1 summarizes the results of the case study. Each control strategy is evaluated for three
different trade-off values, λ = 1, λ = 0 and λ = 0.4. The first column is independent from λ as
no RPC is applied under strategy 1. With this strategy, voltage violations occur regularly. When
only losses are minimized, the ideal reactive power controller (strategy 2) with full knowledge
of the grid state could mitigate those over-voltages without a significant increase in losses. The
regression approach fails to mitigate over-voltages successfully and violations still occur 2.3 % of
the time, or 32 minutes per day. The integrated approach manages to mitigate the over-voltages at
a cost of a loss increase of 0.31 % of the delivered power. In both cases when voltage deviations are
considered, losses increase substantially. All strategies are able to mitigate over-voltages, however,
the regression approach causes overloadings in a power line.
Figure 2.5 shows a histogram of the nodal voltages which occur in the network under each control
strategy. Note that the y-axis has a logarithmic scale.
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Table 2.1: Summary of results for different λ (reproduced from [Pub. A]).
Loss minimization - λ = 1
Parameter
Str. 1 Str. 2 Str. 3
Max. nodal voltage (p.u.)
1.122 1.100 1.115
0.976 0.973 0.965
Min. nodal voltage (p.u.)
share of volt. violations (%)
3.9
0
2.25
88.6
88.6
89.2
Max. line loading (%)
Losses (%)
2.18
2.18
2.20
Minimization of voltage deviations - λ = 0
Max. nodal voltage (p.u.)
1.122 1.088 1.092
0.976 0.982 0.969
Min. nodal voltage (p.u.)
share of volt. violations (%)
3.9
0
0
88.6
96.9 100.6
Max. line loading (%)
Losses (%)
2.18
6.37
5.22
Co-optimization - λ = 0.4
Max. nodal voltage (p.u.)
1.122 1.093 1.094
Min. nodal voltage (p.u.)
0.976 0.980 0.970
3.9
0
0
share of volt. violations (%)
Max. line loading (%)
88.6
96.9 100.5
Losses (%)
2.18
3.92
3.61

Str. 4
1.096
0.970
0
99.6
2.49
1.092
0.971
0
97.6
5.85
1.0944
0.972
0
98.4
3.55
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Figure 2.5: Logarithmic histogram of nodal voltages in the distribution grid for the four control
strategies with λ = 1 (reproduced from [Pub. A]).
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Conclusion

Under current grid codes in Denmark and several other European countries, DSOs can use local
RPC curves for PV inverters. The proposed method designs PV specific control curves based on
local smart meter data, thereby taking local DN topology and customer consumption patterns into
account.
The proposed method overcomes two important challenges, which previously proposed methods
for local RPC curve calculations had.
First, a co-optimization of grid losses and voltage violations is used to define local controllers.
Only considering grid losses would encourage voltage deviations due to the commonly known
fact that higher voltage magnitudes reduce transmission losses. However, the range of ±10 %
of the nominal voltage represents only a tolerance range, while the ideal voltage magnitude at

the point of common coupling of customers should be considered the nominal voltage of 230 V.
Further, only penalizing voltage deviations would ignore losses and their significance as one of the
the main economic driving forces of DSOs. Thus, both objectives have to be considered, when
local control curves are defined. The co-optimization approach allows DSOs to choose the weight
of each objective themselves.
Second, the method integrates the definition of local control curves in an OPF problem, which can
easily be solved as mixed integer variables are avoided through continuous polynomial curves.
This allows the method to be applied to DNs with a large number of PV panels and potentially
expanding the concept of unit specific local RPC curves to other inverter-based DERs such as
EVs or heat pumps. An additional advantage of the proposed method is the compatibility of
such a local control setup with network tariffs or local flexibility markets (LFMs). Local control
curves based on the smart meter data and resulting power flows of previous months or years take
current dynamics in of the DN into account, even when these are affected by tariff schemes or the
regular use of flexibility services through an LFM. The method therefore represents an additional
option for DN optimization, which can be used independently from other congestion management
mechanisms. The local controllers only need to be updated, when local conditions in the DN have
changed significantly.

CHAPTER

3

Distribution network operation
under local flexibility markets
Local flexibility markets (LFMs) have the potential to facilitate distribution system operator (DSO)
access to flexibility sources. DSOs need a set of new tools and methods in order to participate in
trades on an LFM and to rely on flexibility options.
This chapter focuses on research questions Q2 and Q3.
Q2: How can DSOs forecast and evaluate the financial benefit that flexibility services have on distribution
network (DN) operation?
Q3: How can the DSO estimate available flexibility and aggregator capabilities based solely on available
smart meter data?
This chapter presents tools and methods, which were developed for the real-life demonstration of
an LFM in the context of the EcoGrid 2.0 project. In the following, section 3.1 provides necessary
background on LFMs and EcoGrid 2.0. Section 3.2 addresses research question Q2, and presents a
method to quantify the economic benefit of flexibility services for the DSO. Section 3.3 addresses
research question Q3 by developing a baseline method, which can be used to estimate the available
flexibility in DNs. Afterwards, the method is used to create a flexibility model of a population
of thermostatically controlled loads (TCLs), solely based on available behind the meter (BtM)
smart meter data. Both methods were tested under real-life conditions in the EcoGrid 2.0 project,
where they were used to evaluate a series of demand response (DR) field trials. Finally, section 3.4
concludes the chapter with a discussion on the implications of these experimental results. This
chapter includes content and results of [Pub. B] and [Pub. C], which are attached to the thesis.

3.1

Introduction

DSOs aim to provide uninterrupted power delivery with an appropriate quality to end customers
at all times. In recent years, additional distributed energy resources (DERs), such as electric vehicles
(EVs) and heat pumps (HPs), are being installed in DNs and this process is expected to accelerate
in the near future [30]. These units can provide additional flexibility through DR [31]. However,
they are usually too small to participate in the energy and ancillary service markets individually
[32]. Aggregators are new entities in the power sector, which control and optimize electrical
appliances on behalf of their customers. At the same time, aggregators can reach system-relevant
portfolio sizes by pooling the flexibility of many customer-owned DERs. This allows them to
participate in the wholesale markets and to offer ancillary services to the transmission system
operator (TSO). To provide such services, aggregators synchronize loads, a phenomenon which can
potentially cause operational issues in the low- and medium-voltage networks [33]. The authors of
19
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[34] identified resulting conflicts of interest between DSOs and the TSO as a key flexibility market
design challenge. Therefore, to best use DER flexibility, a well-designed coordination mechanism
between system operators is required [35]. LFMs have the potential to resolve these conflicts of
interests [36], while retaining the current wholesale markets structure, and requiring only minor
adjustments in the legislative framework. For this reason, LFMs have gained particular attention
in recent years and are promoted by legislators in Europe.
There exists extensive literature on LFMs. In subsection 3.1.1, the results of a critical review are
presented, which reveals three common shortcomings in LFM proposals. Afterwards, subsection
3.1.2 presents the EcoGrid 2.0 project, which carried out a real-life demonstration of an LFM with a
large number of residential customers and DERs.

3.1.1

Literature review of local flexibility markets

In LFM proposals, there are three recurring misconceptions and unrealistic assumptions about 1.
the flexibility service definition, 2. the role of the DSO and 3. the proposed LFM time horizon.
First, any market requires a clear definition of the traded commodity. This means that LFMs
require a clear specification of the considered flexibility services. This is in line with the findings
of [37], where the authors review 67 flexibility market proposals and conclude that clear service
specifications in line with the service purpose are needed. In numerous works such a clear
service definition is missing entirely [38] or only a generic service purpose is mentioned, such as
peak-shaving [39] or congestion service [40]. When flexibility service definitions are available, they
often resemble up- and down regulation services from the balancing market. To define and verify
such flexibility services, it is usually assumed that consumption patterns can be forecasted and
used as reference baselines [41]. However, the high stochasticity and uncertainty of residential
demand poses limitations on how accurate such forecasts can possibly be, and there is a need to
assess for which aggregation sizes baselines can be calculated in a meaningful manner. These
topics will be discussed in greater detail in section 3.3.
Second, the European unbundling principle requires that network operation and commercial
activities are strictly separated. Accordingly, DSOs are not allowed to own power generation or
consumption units [42]. Proposals in which the DSO operates the LFM [43] or where aggregators
are directly responsible for keeping voltage magnitudes at specific nodes in a predefined range
[44], are not compatible with this principle. Further, setups have been proposed where DSOs
directly control residential DERs [45]. However, DSOs are responsible for the safe operation of the
DN, and controlling customer-owned DERs is neither part of their business model, nor does it
respect their role in the power sector.
Finally, numerous works introduce LFMs with short lead times, i.e., the authors of [38],[46], [47] and
[48] propose an LFM to efficiently schedule flexibility for congestion management day ahead. Such
schemes would require that flexibility services are requested on a day-to-day basis. This represents
a time-consuming and risky approach which is not in line with the practices of risk-averse network
operation and long-term planning of DSOs. Flexibility services need long lead times to represent
an attractive option for DSOs. Only then DSOs can evaluate the effect of flexibility and obtain
long-term guarantees during their network planning stage [49].
This subsection presented the results of a review of the existing literature on LFMs. A more
complete version of the review can be found in [Pub. B]. The next subsection introduces the
EcoGrid 2.0 project, which implemented and demonstrated an LFM in real life.
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Local flexibility market demonstration in EcoGrid 2.0

The tool and methods, which are presented in this chapter, were developed for and tested in
the EcoGrid 2.0 project. EcoGrid 2.0 was a Danish demonstration project, and was carried out
on the Danish island of Bornholm between 2016 and 2019. The project proposed and tested an
LFM, which operates in parallel to the wholesale markets. Two service types are introduced,
namely capacity limitation service (CLS) and baseline services. CLSs define temporary total
power consumption caps, and baseline services define deviations from a reference profile. The
demonstration featured all aspects of an LFM, including the full information and communications
technology (ICT) infrastructure, a large population of flexible DERs, two different aggregators,
an automated market platform and a verification and settlement methodology. The sources
of flexibility in the demonstration project were the heating systems of around 800 residential
customers, roughly equally split between resistive heaters and HPs. Aggregators, who operate
these heating systems on behalf of their customers, can shift their energy consumption in time, as
long as customer comfort temperature in the household can be maintained. When aggregators
switch heaters off, which leads to a load reduction (referred to as the response) this is later followed
by a predictable load increase (referred to as the rebound). The same logic applies when heaters are
artificially switched on. The resulting load increase is later followed by a load reduction, allowing
household to return to the steady state temperature. To facilitate the participation of DERs with this
type of behaviour in the balancing market, an adapted version of this market, based on asymmetric
block offers, was tested in the project [50]. Necessary control equipment and smart meters were
installed in all participating households. The smart meters collected residential active and reactive
power consumption data with a resolution of five minutes. However, this data was only available
to aggregators and to the DSO with a 24 hour delay. As a result, the portfolios were controlled in
an open-loop manner. The TCLs were metered together with the rest of the households’ power
consumption, a practice generally referred to as BtM metering.
EcoGrid 2.0 proposes a lead time of one to twelve moths for the LFM. As it is not possible to predict
when exactly flexibility services are necessary months in advance, provision times in the order of
weeks and moths are envisioned, and flexibility services are offered with a conditionality option.
In contrast to scheduled services, which are always activated at a pre-defined time, conditional
services may be activated by the DSO if needed. Payments for conditional services are split in two
parts. A reserve price, which is paid under all circumstances, and an activation price, which is
paid per service activation.
Capacity limitation services
Figure 3.1 presents a sketch of a CLS. Under normal circumstances, aggregators are physically
constrained by the installed capacity of their portfolio P max . When an aggregator agrees to provide
a CLSs between times tstart and tend , it agrees not to exceed an artificial lower limit P cap . For
this purpose, that aggregator controls the portfolio and thereby changes the power consumption
pattern from the dashed red to the blue curve.
Table 3.1 lists seven service parameters which uniquely identify each instance of a CLS. Limit start
and end time define the service delivery time. Provision start and end time define the period when
conditional services can be activated. The capacity limitation power defines the power limitation
during service provision. Flexibility services for DSOs target specific areas or nodes in the DN.
This means that only specific DERs can be used to deliver a flexibility service. If for example the
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Figure 3.1: Sketch of a CLS (adapted from [Pub. B]).

Table 3.1: Capacity Limitation Service Parameters (adapted from [Pub. B]).
Parameter
Limit start time
Limit end time
Provision start time
Provision end time
Capacity limitation power
List of unit IDs
Activation probability

Variable
tstart
tend
P cap
π act

Example
19:00:00
22:00:00
01-Feb-2019
31-Mar-2019
350 kW
List of IDs
0.3

DSO aims at reducing the loading of a transformer station with a flexibility service, only DERs
which are connected on the feeder of this particular transformer can realize this service. For this
purpose, each flexible DER is assigned a unique unit ID, and the list of IDs defines which specific
units can be used to provide the service in question. Finally, the activation probability describes the
probability of service activation for conditional services and is specified by the DSO. The parameter
allows aggregators to better estimate their service provision cost, as they have an idea of how often
the flexibility service will be activated. Scheduled services have an activation probability of 1.

Baseline services
Figure 3.2 presents a sketch of a baseline service. The red dashed curve describes the pre-calculated
baseline. The aggregator offers temporary power deviations relative to this baseline between
times tstart and treb (response). Between times treb and tend the aggregator is allowed to change the
portfolio’s power consumption in the opposite direction of the initial response (rebound). This
allows the portfolio to return to its steady state. Baseline services are defined through a set of nine
service parameters, which are listed in Table 3.2. They again include provision start and end time,
list of unit IDs and an activation probability. Service delivery periods are defined through a start,
response end and rebound end time. The response power parameter defines the intended power
deviation of the response, and the rebound power describes a maximally allowed rebound.
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Figure 3.2: Sketch of a baseline service (reproduced from [Pub. B]).

Table 3.2: Baseline Service Request Parameters (adapted from [Pub. B]).
Parameter
Start time
Response end time
Rebound end time
Provision start time
Provision end time
Response power
Rebound power
List of unit IDs
Activation probability

Variable
tstart
treb
tend
P res
P reb
π act

Example
19:00:00
20:00:00
21:30:00
01-Feb-2019
31-Mar-2019
150 kW
100 kW
List of IDs
0.3

Market sequence diagram
Figure 3.3 presents the process of flexibility services request, trading and activation in the
EcoGrid 2.0 market with the help of a sequence diagram. First, the DSO models and observes
the DN several months ahead of time. If the DSO anticipates any potential network congestion,
it requests flexibility services which can address the issue. In the sequence diagram, this DSO
internal process is indicated by the red box. The process requires several decision-support tools,
which are developed in the remainder of this chapter. First, section 3.2 presents a method which
allows the DSO to evaluate the risk of network congestion months ahead of time, when load
forecasts are still very uncertain. The method allows to quantify the economic benefit of flexibility
services such that the DSO is able to chose the most beneficial service and can state its willingness
to pay for it. The process also requires detailed load models of flexible and non-flexible demand.
Section 3.3 presents the baseline method, which is used to evaluate the provided services. By
means of the baseline methodology and a series of flexibility identification tests, a flexibility model
for TCLs is proposed, which can be used by DSOs to model different aggregator strategies in their
probabilistic network assessment.
To initiate a trade on the LFM the flexibility service parameters are forwarded to the market
platform together with a price or maximal willingness to pay for the service. The market platform
forwards the request to relevant aggregators, receives their offers, and clears the market. The choice
of clearing mechanism represents an important market design decision. The clearing mechanism
in the sequence diagram Fig. 3.3 is indicated by the light blue color. While the EcoGrid 2.0 project
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Figure 3.3: Sequence diagram of DSO service request (adapted from [Pub. B] and [Pub. E]).

considered both baseline services and CLSs, the final demonstration involved baseline services
only. Accordingly, the tested market clearing mechanism is tailored to this service type. A detailed
description can be found in [51]. The trade of CLSs requires the development of an alternative
market clearing mechanism. A proposal and assessment of related market incentives is later
presented in section 4.3. After the market clearing, standardized contracts are issued.
When the cleared flexibility service is conditional, the DSO has to decide whether to activate the
service during network operation. In EcoGrid 2.0, conditional services could be activated the latest
one hour ahead of time. At this point a much better load forecast is available and the expected
benefit of the service should be reevaluated. For this purpose the same methodology as before can
be applied as an operational tool. The DSO should activate the conditional service if the resulting
expected benefit exceeds the activation cost. For activation, a signal is sent through the market
platform to the relevant aggregators. Finally, aggregators control their portfolio to deliver the
flexibility service in question.
This section has reviewed available literature of LFM, and presented the LFM as envisioned by the
EcoGrid 2.0 project. The required decision-support tools are presented in the next two subsections.
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Figure 3.4: Flowchart of the service request process (adapted from [Pub. B]).

3.2

Economic assessment of flexibility options

In an LFM with a lead time of several months, DSOs have to request flexibility services at a point
in time when specific load forecasts for their DN are not meaningful yet. However, DSOs can use a
stochastic approach to predict when network congestion or voltage violations are most likely. This
section develops a method to estimate the probability of network congestion in an upcoming period,
and to formulate meaningful flexibility services which can help prevent anticipated issues. Figure
3.4 provides an overview of the different steps which a DSO has to take in order to participate in
the envisioned LFM. The DSO carries out a probabilistic network assessment based on historic
smart meter data and a DN model. The goal of this step is to generate a set of realistic network
loading scenarios. The purpose of these load scenarios is not to predict specific load patterns
accurately, but to capture the uncertainty and the variability of the demand. Afterwards, the load
scenarios are used to estimate the economic benefit of different flexibility options to allow the DSO
to request the most promising service.
The load modelling process is outlined in subsection 3.2.1. Afterwards, subsection 3.2.2 describes
how these scenarios can be used to estimate the expected benefit of candidate flexibility services.

3.2.1

Load scenario generation

DSOs aim at ensuring uninterrupted power delivery with adequate quality to their customers
even when conditions in the DN are exceptional.
Historic smart meter data reflects load uncertainties and its variability precisely. However, there
are two reasons why this data cannot directly form load scenarios. First, extreme scenarios and
unprecedented events are unlikely to be part of the historical data sets. Second, in a functional
LFM setup, DSOs are able to use flexibility services to prevent operational issues in their DN.
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Figure 3.5: Overview of the load scenario generation process.

Under these circumstances, historic smart meter data cannot be used to assess the probability of
operational issues, since such events have previously been avoided and are not represented in the
historic data set.
Therefore, this subsection presents a method to create load scenarios with the help of a load model,
which is based on the historic data set but is also able to predict the load under unprecedented
circumstances, such as a particularly cold winter.
Figure 3.5 provides an overview of the load scenario generation process. First, a decomposition
technique from [52] is used to separate historic load patterns into three different components, a
general trend, a daily repetitive pattern and a residual. Then the historic trend, daily and residual
patterns are used to create a model for each of the three components. This process is indicated by
the dashed lines. Afterwards, each of the three models is used to create a set of scenarios. Finally,
the three sets are combined to form a final set of N representative load scenarios.
The decomposition separates the aggregated load P tot in an overall trend P T , a daily repetitive
component P D and a residual part P R , such that
P tot = P T + P D + P R .

(3.1)

Figure 3.6 shows the result of the decomposition of the aggregated power consumption of 191
households during seven winter days in January. The blue curve shows the total measured power
consumption. The trend component P T is depicted in red, and captures long-lasting effects, such
as time of the year or slow weather phenomena. The green plot represents the daily component
P D , which is a daily pattern that captures variations due to the time of day. Finally, the black
plot represents the residual component P R , which captures unpredictable noise due to customer
behaviour and other random events.
The trend component is modelled as a linear function of ambient temperature T amb , such that
P T (t) = α1 T amb (t) + α0 .

(3.2)

In contrast to historic power consumption profiles, historic weather data is readily available. In this
particular aggregation, no strong correlation with solar radiation was found. To model the daily
and trend component of feeders with a high photovoltaic (PV) penetration, a similar approach can
be used to capture the dependency of solar radiance.
It was observed that the daily component P D does not change significantly, and values from the
past years can directly be used as the current pattern.

P R [kW]

P D [kW]

P T [kW]

P tot [kW]
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Figure 3.7: Top: load model and measured data on the test set, bottom: model error distribution
(reproduced from [Pub. B]).

The residual component P R is strongly auto-correlated, and accordingly an ARIMA model is used
to capture its dynamics. The model is trained on data from previous years.
Figure 3.7 compares the real measured data (blue) of the first week of February 2017 to the most
likely load scenario of this period according to the aforementioned models (red). The graph
shows that the model results in a reasonable prediction and is therefore well capture to model the
uncertainty range of the load. A more detailed description of the individual component models
and their individual performances is presented in [Pub. B].
The next subsection discusses how DSOs can use load scenarios to assess the financial impact that
flexibility options have on their network operation.

3.2.2

Financial benefit of flexibility services

When requesting flexibility services from an LFM, DSOs have to be able to quantify their willingness
to pay. This section illustrates how the DSO can use the developed load models to achieve this
task. First, two scenario sets are created, which model the network loading with and without a
flexibility service in question. Afterwards, cost models are used to calculate the expected cost of
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network operation of both scenario sets. Finally, the difference of those costs represent the expected
financial benefit of the flexibility service.
To evaluate the financial benefit of a specific flexibility services s, the DSO needs to assess how this
service affects the loading of network equipment. For this purpose, two sets of load scenarios are
needed. 1. a set of load scenarios under the assumption that the flexible DERs provide the service
s, and 2. a reference set of load scenarios under the assumption that no flexibility service is being
provided. To estimate how aggregators would control their portfolios, a more detailed flexibility
model might be required. A more advanced method to create such a model for a population of
TCLs will later be discussed in section 3.3. Finally, the two resulting sets of load scenarios can be
translated into two sets of equipment loading scenarios through a simple power flow calculation.
There are various costs which can be considered when modelling the cost of DN operation. In this
thesis, we focus on reduction of equipment life time cost with a particular focus on transformer
stations [53]. However, such models are also available for power lines and underground cables. In
addition, the cost of lost load (COLL) is taken into account, which describes the socio-economic
loss when electricity is not supplied to end-customers.
Slightly overloading transformer stations for a short period of time usually has no consequences
other than a small reduction of the transformers’ life time. However, transformer stations have
a protection switch to prevent severe damage. It is assumed that this switch is triggered when
the load exceeds 120 % of the transformer power rating. Further we assume that outages on the
primary substation last 5 minutes, as these transformers are usually controlled remotely, and
outages on the secondary substation last one hour, as reconnecting them is usually done manually.
Based on [54] this work considers a loss of 120 DKK per kWh to calculate the cost of lost load.
The N equipment loadings scenarios with and without the flexibility service s are evaluated by
applying the preferred cost model. Let OCks and OCkref describe the cost of operating the DN
under scenario k with and without the flexibility service s, respectively. It is assumed that the
DSO activates conditional flexibility services only in the case when the transformer station would
otherwise be overloaded. With γks = 1 indicating that the service is activated, and γks = 0 otherwise,
the activation probability π act,s is calculated as
π act,s =

N
X

γks /N.

(3.3)

i=k

The expected financial benefit of the flexibility service s can be calculated as
EB s =

N

1 X s
γk OCkref − OCks .
N

(3.4)

k=1

A similar economic evaluation can be used as a operational tool, when the DSO faces the decision
whether to activate conditional flexibility services. In the EcoGrid 2.0 project, an activation signal
could be sent up to one hour before service delivery. At this point, load and weather forecasts
have a much smaller uncertainty. Therefore, when load scenarios are created at this point in time
and the economic impact of the flexibility option is reevaluated, the resulting expected benefit will
be subject to a much smaller uncertainty compared to the evaluation carried out months ahead of
time. DSOs should then activate the conditional flexibility service, if the activation cost is smaller
than the expected benefit of activation.
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Figure 3.8: Distribution grid model (adapted from [Pub. B]).

3.2.3

Large-scale field trial of local flexibility market

The method to evaluate the expected benefit of flexibility options, which has been presented in the
previous section, has been used in the large-scale field trial of the EcoGrid 2.0 project to assess
the performance of such options under real-life conditions. The method was used to request 63
conditional baseline services. 36 times the conditional services were activated, after the economic
assessment indicated that the flexibility service was going to be beneficial.
This section first describes the initial economic evaluation for different service types and different
service duration. Afterwards, the results of the 36 activations are presented and discussed.
For the field trial, a real medium voltage distribution feeder has been chosen to demonstrate
flexibility services for DSO purposes. Figure 3.8 shows an overview of the selected feeder, which
supplies 564 residential customers with electricity. As the area is not connected to the local district
heating system, most households use electricity as the primary source for heating. It was assumed
that 337 EcoGrid 2.0 participants, out of the total 564, are located on the feeder. To simulate
congestion, the transformer rating was artificially reduced to 1200 kVA, and it was assumed that
the protection equipment is triggered when the load on the transformer station exceeds 120% of its
nominal rating or 1440 kVA.
The highest loads in the network occur during the winter months, which is why the months of
January and February are studied. On Bornholm, temperatures in this period of the year vary
between −10◦ C and 10◦ C. In the historic data set (covering the three previous years) the loading
on the primary substation ranges from 550 kVA to 1550 kVA, and load peaks occur between 4 and
7 pm. Further, the critical mark of 1440 kVA was exceeded on 6 days.
To create a set of representative equipment loading scenarios, loads are aggregated on the secondary
substation, and for each of the seven stations, 8100 load scenarios with a duration of 24 hours
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Figure 3.9: Plot of power flow through transformer in two scenarios, with and without flexibility
service (adapted from [Pub. B]).

are created according to the method described in subsection 3.2.1. In the resulting data set, in 20
scenarios, or 0.25 % of all cases, the protection equipment is triggered and an outage occurs.
To request a flexibility service from the LFM, the DSO evaluates the performance of different
flexibility services with the help of the created load scenarios. In the following, this is done for
both baseline services and CLSs.
Scenario based assessment of baseline services
First, a service response period of one hour is considered, with the goal of preventing the potential
overloadings. A load reduction of 100 kW beginning at 16.15 represents the baseline service with a
duration of one hour which prevents the highest amount of anticipated outages. Figure 3.9 shows
the effect of the service on two selected load scenarios. The baseline (or else the load without
an activated service) is depicted as the red pattern, and the load which is modified through the
service is shown in blue. In scenario (a), without the service the transformer security limit would
not have been exceeded as the total load is still below 1440 kVA. The flexibility service reduces
the loading by 100 kW between 16.15 and 17.15, causing a rebound between 17.15 and 18.15. The
rebound triggers the security switch, and causes an outage with a significant COLL. In contrast, in
scenario (b), without a flexibility service an outage would have occurred. The same load reduction
in scenario (b) prevents this, leading to a significant social benefit. In this scenario, the rebound
occurs in a time period when the load has already significantly dropped, such that it does not have
any negative consequences.
The example illustrates that the use of flexibility services can both prevent and cause power outages
in the DN, depending on the exact realization of the load. Accordingly, the value of flexibility
services must be evaluated in a probabilistic manner. Figure 3.10 shows the histogram of the
financial benefit of the flexibility service in the different load scenarios; note that the y-axis has
a logarithmic scale. In the majority of cases, the flexibility service has no significant effect. In
0.4 % of the scenarios, the service causes an outage with a significant cost due to the fact that the
rebound increases the load during the peak period. Only in 0.2 % of cases an outage is successfully
prevented. Thus, the service increases the likelihood of an outage in the network and the expected
benefit of this service, calculated according to (3.4), is negative (−118 DKK). Therefore, the DSO
should not request this flexibility service.
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Figure 3.10: Logarithmic histogram of scenario benefit of one hour baseline service (reproduced
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Figure 3.11: Logarithmic histogram of scenario benefit of three hour baseline service (reproduced
from [Pub. B]).

Figure 3.11 shows the logarithmic histogram of a baseline service with a response duration of three
hours and a load reduction of 100 kW. The longer duration brings along two benefits. First, in the
analyzed data set load peaks occur within a time interval of three hours. A longer response period
increases the probability that the service response actually reduces the peak load. Second, through
the longer response the rebound is shifted outside of the peak period, and is therefore less likely to
have a negative effect. This baseline service reduced the likelihood of an outage from 0.25 % to
0.01 %, and thus has an expected benefit of 129 DKK.

Scenario based assessment of capacity limitation services
In the following, the same scenarios which were used to evaluate baseline services are used to
evaluate CLSs. A capacity limitation of 1300 kW is considered. The two CLSs with the highest
expected benefit are evaluated, lasting one and three hours, respectively. Figure 3.12 presents
one scenario for the CLS with a duration of three hours. In the presented scenario, an outage
would have occurred at 18.15. To evaluate how aggregators would shift power consumption to
deliver CLSs, the DSO would need a detailed aggregator flexibility model. Such a model will be
developed in section 3.3.2. At this point, the simplifying assumption is made that aggregators
shift load which exceeds the capacity limit to adjacent time intervals, unless this in turn would
again violate the limit. The most beneficial CLS with a duration of one hour lasts from 16.00 to
17.00, and prevents outages in 18 out of the 20 cases. In two scenarios, an outages occurs outside of
the service delivery period, one of which is the scenario presented in Fig. 3.12. The service has
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Figure 3.13: Logarithmic histogram of scenario benefit of one three hour capacity limitation service
(reproduced from [Pub. B]).

reduced the probability of an outage from 0.25 % to 0.02 % and has an expected benefit of 122 DKK.
The CLS lasting three hours is able to prevent all potential outages. The expected benefit of the
service is 136 DKK. Figure 3.13 present the scenario benefit histogram of the CLS with a service
duration of three hours. Overall, CLSs have a higher expected benefit for the DSO, indicating that
they are better suited for DSO purposes.

3.2.4

Demonstration results

The full functionality of an LFM with baseline services was demonstrated in the EcoGrid 2.0 project
in the heating season of 2018/2019. The demonstration included the economic evaluation and
request of flexibility services by the DSO, an automatically operating market platform and two
competing aggregators who control aggregations of real-life customer owned DERs. As mentioned
before, 63 conditional baseline services were requested in this period, 36 of which were activated
and delivered. Due to internal constraints the project decided that CLSs could not be demonstrated.
During the heating season, temperatures on Bornholm were mild, leading to a lower power
consumption than usual. For the evaluation of the demonstrated services we therefore assume
that security equipment is already triggered when the transformer rating of 1200 kVA is exceeded.
Throughout the experiments, the lead time of one to twelve months was not respected, to be able
to carry out a large amount of experiments under different weather conditions. However, when
requesting flexibility services, only at least one year old smart meter data was used, to ensure
the same level of uncertainties that are caused by long lead times. To decide whether conditional
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Figure 3.14: Delivered service response vs. requested service response of 36 DSO services
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Figure 3.15: Maximal delivered rebound power vs. maximal requested rebound power of 36 DSO
services (reproduced from [Pub. B]).

services should be activated, the entire available smart meter data was used. Further, the service
response duration was limited to one hour in order to ensure the comfort of the voluntary project
participants.
To evaluate the provision of flexibility services, the measured power consumption during the
response period is averaged and compared to the averaged reference baseline. The here used
baseline method will later be presented in section 3.3. Aggregators were able to deliver services
with a mean average percentage error (MAPE) of 18 %, where the MAPE is calculated as the average
value of the absolute errors of all 36 services. Two important factors contribute to this result.
First, the baseline uncertainty, which originates from the calculation of a reference profile. Second,
an open-loop control setup was used in the experiments. Due to this, no real-time information
regarding the state of TCLs was available, and aggregators had to predict the available flexibility
depending on the time of the day and ambient temperatures. Figure 3.14 presents the delivered
response of the 36 experiments against the requested response. The dashed red line corresponds to
the ideal service provision.
Figure 3.15 shows a similar scatter plot, describing the rebound behaviour throughout the
experiments. The y-axis describes the observed rebound, while the x-axis indicates the maximally
allowed rebound according to the market outcome. In all but two experiments, aggregators were
able to control the portfolio such that the rebound stayed below the allowed limit.
34 of the 36 service activations had no significant effect, that is, while they affected the load pattern,
they resulted in no significant financial benefit or COLL. One activation of a flexibility service
caused the transformer limit of 1200 kVA to be exceeded, which would have caused an outage.
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Figure 3.16: Power flow on transformer station during DSO service delivery - (a): the 23rd of
January 2019, (b): the 25th of January 2019 (adapted from [Pub. B]).

This was caused by the rebound, which occurred during the peak period. The case is presented in
Fig. 3.16 (a). The two green lines represent the load uncertainty range of the scenarios, which were
created one day ahead of time to decide whether to activate the service. The majority of load peaks
in the scenarios occurred between 16 and 17 o’clock, such that the service seemed well suited to
reduce the probability of an overloading. The final load peak however occurred between 17.15 and
17.30, such that both rebound and load peak overlapped.
In one instance a potential outage was prevented. This case is depicted in Fig. 3.16 (b). The
flexibility service successfully reduced the peak load between 16 and 17 o’clock. The rebound,
which was not very significant in this particular instance, slightly increased the load in the
subsequent time period, but did not cause an outage.
Overall, the field experiments have shown that aggregators are able to shape flexible power
consumption and deliver flexibility services reliably, despite the presence of large uncertainties
and a simple control infrastructure. However, the high stochasticity of residential demand and the
large lead times of an LFM make it practically impossible to reliably predict the exact time of load
peaks. Even one day ahead of time, predicting the time and magnitude of load peaks remains a
challenging task and is not always accurate. Therefore, flexibility services with short duration (1
hour and less) do not represent reliable options for the DSO.
Flexibility services with a longer duration (3 hours and more) can cover the entire potential peak
period. In these cases they can be understood as an insurance policy as they are unlikely to have
a significant effect in the majority of cases. However, in the rare case when these services are
activated and successfully prevent power outages, they have a substantial socio-economic benefit.
The next section presents the baseline method, which was used to evaluate the DR experiments.
Further, the baseline method is used to create a flexibility model for the TCL population under
aggregator control.
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Baseline methodology and flexibility modelling

To evaluate aggregator control actions, market participants require a baseline methodology.
Baselines can generally be used for two different purposes. First, aggregators, DSOs and potentially
other parties can use baselines to evaluate DR events and create or improve their flexibility models.
Second, baselines can be used to define and verify flexibility service provision [55].
This section first presents a method to establish baselines for aggregations of flexible DERs in
subsection 3.3.1. These baselines serve the purpose of evaluating DR events and creating flexibility
models. The approach is based solely on available smart meter data and combines the advantages
of linear interpolation (LI), forward-backward auto-regression (AR) and load decomposition
techniques.
In subsection 3.3.2, the method is used to evaluate the response and the rebound of a portfolio
of 138 residential customers during a series of DR experiments. Results are used to create a
simple flexibility model which describes the available TCL flexibility as a function of time of day
and ambient temperature. The model is used to forecast the response and the rebound of the
TCL population during a series of validation experiments and proves suited to capture the main
underlying dynamics. The flexibility modelling approach can be used by DSOs to better reflect the
behaviour of flexible loads subject to aggregator control in a probabilistic network assessment.

3.3.1

Baseline methodology

When aggregators offer DR services they change the electricity consumption of their portfolios.
The resulting consumption pattern can be measured by smart meters. To evaluate the impact
of aggregator control, assumptions have to be made regarding the power consumption of the
portfolio, had the control not been exerted. The resulting hypothetical power consumption is
generally called a baseline.
Various methods for calculating baselines have been proposed in the literature, covering approaches
like LI [56, 57], AR [58–60], reference populations [61–63], neural networks [64] and support vector
machines [65]. This section aims at developing a baseline methodology which combines their
advantages.
The proposed method established baselines for the period of a flexibility service or DR experiment,
that is for several hours rather than an entire day or week. Further, obtained baseline models are
aggregation-specific, and have to be retrained when the aggregation changes. Baseline calculations
are built on the assumption that flexible DERs have a predictable natural behaviour. The goal of a
baseline model is to estimate this natural consumption pattern. To do so, both training data and
input data are required; the former is used to train the baseline model, and the latter is used as
input, for example in the case of AR or regression models. DERs in EcoGrid 2.0 were subject to
frequent aggregator control, emulating their participation in the balancing market. An example of
this, with four DR activations, is shown in Fig. 3.17. If the effect of those DR activations would
remain in the training and input data, then it is likely that the produced baselines would reflect the
effect of aggregator control as if it was the natural behavior of the DERs.
Therefore, the effect of aggregator control is removed, by replacing consumption data during DR
experiments in the training set and thus removing the effect of aggregator control. By doing so, a
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Figure 3.17: Aggregated load for all households under frequent DR activations. The load reduction
periods are marked with orange color (reproduced from [Pub. C]).

cleaned power time series is obtained, which is used to develop the baseline models, and assess
their accuracy. Further details regarding this data replacement process can be found in [Pub. C].
Information regarding the exact time periods of DR activations is available to aggregators. However,
this may not be the case for the DSO, for example when these activations occur in order to offer
balancing power to the TSO. In such cases, the identification of DR activations, which are significant
enough to affect the portfolio’s consumption pattern, can be carried out with simple data-driven
approaches like decomposition or neural networks.
Four basic baseline approaches are considered, namely linear regression, AR, LI and load decomposition. Linear regression by itself does not perform well, but yields promising results, when
combined with load decomposition. In addition, AR is combined with load decomposition. These
five different models are trained and tuned on the cleaned training data set. The outputs of each
resulting baseline method contain valuable information, which can be combined to form a more
accurate baseline estimate. We call the output of this linear combination of the five different
approaches the hybrid baseline. Weights for the linear combination are calculated on the training set
with a least-squares fit. A more detailed description of the different data cleaning steps and the
individual methods can be found in [Pub. C].
Fig. 3.18 summarizes how the trained models can be used to calculate baselines. First, the collected
smart meter data of the relevant households is aggregated and cleaned. It serves as input data
for the five different baseline methods. Afterwards, each of the five different methods is used to
calculate a baseline time-series for the period in question. Finally, the five calculated baselines are
linearly combined with the corresponding weights to form the final hybrid baseline.
To evaluate the performance of the baseline method, baseline predictions are calculated for time
periods, when no DR experiments occurred and the real measured data is available, such that the
baseline prediction can be compared to the real measured values. Two additional benchmarks
are used, which help to interpret the results. A moving average (MA) of the real measured data
is calculated and and treated as if it represented a baseline prediction. The MA of a time-series
removes high-frequency fluctuations, which are believed to be unpredictable. It is assumed that
the MA benchmark indicates the best possible performance any baseline method could have. LI, as
a simple and easily implementable method, serves as a reference benchmark for the performance.
To analyze the impact of aggregation size on the baseline errors, the performance of the method
was evaluated on randomly chosen subaggregations. As the result depends on the chosen subset,
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Figure 3.18: Schematic overview of the baseline estimation procedure.
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Figure 3.19: STD of total error (a) and error per household (b) as a function of the aggregation size
(reproduced from [Pub. C]).

the process is repeatedly carried out until the resulting errors converge. The performance of the
hybrid baseline method is presented in Fig. 3.19. The graph shows the standard deviation (STD)
of the baseline prediction error depending on aggregation size. Figure 3.19 (a) shows the error
STD in absolute terms and figure 3.19 (b) shows the error STD per household.
The hybrid method performs significantly better than LI, resulting in an overall 23 % reduction
of baseline prediction errors. Further, the STD of the baseline prediction error increases with
aggregation size. This is to be expected, as the overall power consumption of the portfolio increases
as well. However, the prediction error calculated per DER decreases with a growing aggregation
size, reflecting the natural smoothing of aggregated load. With an STD of the prediction error
ranging from 0.08 kW to 0.14 kW per household, it is smaller than the expected DR potential of
individual TCLs. Therefore, it can be concluded that the baseline method allows the quantification
of available flexibility with acceptable accuracy. A more detailed analysis of the different baseline
methods and their accuracy is presented in [Pub. C].
In the next section the baseline method is applied to a series of DR experiments with the goal of
identifying the available flexibility of a TCL population and to assess the aggregations behaviour
under aggregator control.
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Flexibility model

Providing a comfortable indoor climate is an energy-intense task. In buildings with electric heating
or cooling appliances, these TCLs usually consume a large share of the residents’ overall electricity
consumption. At the same time, thermodynamics of buildings have high time constants1 . This
means that internal temperatures of buildings react slowly when heating or cooling appliances are
temporarily switched off. When the interruption only lasts for a short period of time and indoor
temperatures remain in the residents’ comfort zone, the event is unlikely to be noticed at all. This
makes TCLs particularly well-suited candidates for the provision of flexibility services. There
exists a large variety of literature on thermal load modelling approaches of residential households
for DR purposes, both for large buildings [66–68] and smaller customers [69–72]. The proposed
methods are usually intended for aggregators, who collect and evaluate large amounts of data,
such as power consumption profiles of units, room temperature measurements or weather data.
Accordingly, in most cases detailed knowledge of building characteristics is assumed [73–75].
The primary mission of DSOs is the efficient planning and operation of the DN. Detailed modelling
of individual small-scale DERs does not naturally belong to the scope of a DSO. However, the
participation in a future LFM will require simple methods to model available flexibility and
aggregator capabilities. In contrast to aggregators, DSOs cannot rely on large amounts of available
customer data when building such models, but will have to cope with limited information about
aggregator portfolios and DER dynamics.
This subsection develops a simple model for the available flexibility of TCLs. For this purpose, 90
load reduction experiments, which were carried out in the context of the EcoGrid 2.0 project, are
evaluated with the presented baseline methodology. Fig. 3.20 presents a typical result of such an
experiment. The top graph shows the measured aggregated consumption of the portfolio in blue
and the baseline in red. The lower graph shows the difference between baseline and measured load,
together with the baselines confidence interval2 . In both graphs the response period is indicated
by the light orange background. To observe the impact of the rebound, the two hours following
the response period are also evaluated.
The developed flexibility model consists of a response model and a model for the rebound
behaviour.
Response model
The response model is created based on the results of 80 load reduction experiments. The remaining
10 DR experiments are used for verification purposes. For each experiment with a starting time
t, n participating loads, and a load reduction period including d time steps, the average response
P res during the response period is calculated as
P

res

=

Pi=d

ut+i − yt+i
,
n(d − 1)

i=2

(3.5)

where ut and yt represent the baseline and measured aggregated load, respectively. To assess the
impact of the baseline error on the average response, the baseline error is also averaged throughout
1 A building’s time constant describes how fast the internal temperature of a building changes when outdoor and
indoor temperatures are different. The value is defined as the ratio of thermal heat capacity of a building and the average
transmittance of the building’s thermal envelope.
2 Here, the confidence interval is defined as the 95th inter-quantile range.

Load deviation [kW]

Aggregated load [kW]
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Figure 3.20: Result of a DR experiment - Top: Baseline (red) and measured consumption (blue),
Bottom: Load deviation and the IQR95 of the baseline uncertainty (adapted from [Pub. C]).
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Figure 3.21: STD of the offset error per household, as a function of the aggregation size (adapted
from [Pub. C]).

the response period. The baseline error averaged throughout the response period is called the
offset error. This value is significantly smaller than the average of the instantaneous absolute
baseline errors, which reduces the impact of the baseline error on the response error. Fig. 3.21
depicts the offset error per household as a function of aggregation size. Again, the offset error
decreases as the aggregation size increases. Even small aggregation sizes of only 50 household
show an offset error of only 0.1 kW per household.
Apart from the baseline uncertainty, two factors affect the response of a portfolio, namely hour of
the day h and ambient temperature T amb . The flexibility model expresses the estimated response
per household as a function of these two terms, such that
P̂ res (h, T amb ) = λ1 cos



2πh
24



+ λ2 sin



2πh
24



+ λ3 T amb + λ4 ,

(3.6)

where P̂ res represents the predicted response per household. The hour of the day h is projected on
the [-1,1] interval by means of trigonometric functions due to the fact that the model prediction
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Table 3.3: Fitted values of the coefficients of model (3.6) (reproduced from [Pub. C]).
Parameter
λ1
λ2
λ3
λ4

Value
0.125
−0.007
0.039
−0.739

Unit
[kW ]
[kW ]
[kW/o C]
[kW ]
10◦ C

Response per household [kW]

−0.2
−0.4

5◦ C

−0.6
0◦ C

−0.8
−1

−5◦ C

−1.2
−1.4

−10◦ C
0

2

4

6

−5◦ C
8

0◦ C
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Hour of day
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16
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10◦ C
20

22
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−10◦ C

Figure 3.22: Fitted flexibility model as a function of time of day and ambient temperature. Each
point represents the average load reduction per household during an experiment (reproduced
from [Pub. C]).

for h = 0 should be equivalent to h = 24. λ1 to λ4 are the model parameters and the resulting
values are summarized in Table 3.3. The residuals of the model fit are approximately normally
distributed, with an STD of 0.12 kW.
Fig. 3.22 shows the result of the individual experiments as well as the resulting model. Each dot
in the graph represents the average load reduction of an individual DR experiment. The color
indicates the ambient temperature during the experiment. The fitted model is depicted through
isotherm lines, for temperatures of −10◦ C, −5◦ C, 0◦ C, 5◦ C and 10◦ C. 10 load reduction experiments

were used for verification of the response model. Corresponding results are summarized in Table

3.4. Only two model mismatches greater than 0.1 kW were observed. Given the fitting residual
STD of 0.12 kW, such mismatches are to be expected.
Two DR experiments with 110 participating households were chosen to assess the impact of
aggregation size on the uncertainty of the flexibility model. For this purpose, subaggregations of
varying sizes were randomly created and the resulting response per household during the very
same experiment was evaluated. This process was repeated 150 times for each subaggregation size.
The corresponding results of one of the two tests are depicted in Fig. 3.23 in a box plot format. The
average response of all 110 households in the experiment is equal to 0.84 kW. If a subaggregation
of 50 household is randomly chosen from this portfolio, the expected response remains at 0.84 kW,
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Table 3.4: Results of the validation of model (3.6) for 10 experiments (reproduced from [Pub. C]).

Average response
per household [kW]

number of
experiment
1
2
3
4
5
6
7
8
9
10

predicted
response
-1.02
-0.60
-0.36
-0.81
-0.76
-0.55
-0.57
-0.77
-0.51
-0.68

measured
response
-1.10
-0.56
-0.37
-0.80
-0.94
-0.50
-0.52
-0.70
-0.40
-0.62

estimation
mismatch
0.074
-0.036
0.008
-0.012
0.179
-0.048
-0.054
-0.070
-0.112
-0.065

amount of
households
75
85
74
75
109
112
116
114
73
76

0
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Figure 3.23: Boxplot of the average response per household for varying aggregation sizes
(reproduced from [Pub. C]).

but depending on the exact aggregation, measured responses can lay anywhere within the range of
[0.54 − 1.18] kW. This uncertainty seems to increase exponentially as the aggregation size decreases.
For aggregation sizes below 50 DERs, uncertainty bound described by the inner 95 % exceeds the
average expected response per household and a meaningful evaluation of flexibility provision is
not possible anymore.
Rebound model
Most of the the presented DR experiments showed a similar rebound behaviour. The intensity of
the rebound was found to be proportional to the initial response, which can easily be explained
with the “missing” energy in the portfolio. To define a rebound model, a normalized response and
rebound are introduced, which are defined as
Ptnor =

ut − yt
.
nP res

(3.7)

The normalized responses of 25 load reduction experiments were averaged to obtain a representative
rebound behaviour. During these 25 experiments, the entire portfolio was released at once. The
resulting rebound model is depicted in Fig. 3.24.
The portfolio rebound model was verified in a series of five gradual release tests. During these tests,
instead of releasing the portfolio at once after the response period, heater set points were restored
gradually to limit the resulting rebound. The release strategy and the experiment conditions are
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Figure 3.24: Average normalized load deviation P nor from 25 load reduction experiments (reproduced from [Pub. C]).

Table 3.5: Description of gradual release experiments (adapted from [Pub. C]).
Test

Percentage

Time [min]

(a)
(b)
(c)
(d)
(e)

[50,10,10,10,10,10]
[50,25,25]
[50,25,25]
[50,25,25]
[20,20,20,20,20]

[0,10,20,30,40,50]
[0,15,30]
[0,15,30]
[0,10,20]
[0,10,20,30,40]

Number
of DERs
99
120
109
112
118

Ambient
temperature [◦ C]
8
7
1
2
5

summarized in Table 3.5. Each row describes one experiment. A percentage vector of [50, 25, 25]
combined with a time vector [0, 15, 30] indicates that during the experiment 50 % of loads were
released immediately when the response period was over, 25 % followed after 15 minutes and the
remaining 25 % were released after 30 minutes. To predict the response and the rebound of these
control patterns, it is assumed that unreleased loads will maintain the predicted load reduction
until released. The resulting load responses are superimposed resulting in the prediction for the
entire portfolio.
The results of the five gradual release tests are shown in Fig. 3.25. The red curve depicts the real
measured power consumption of the portfolio and the blue curve represents the predicted curve.
In all five cases the calculated response and rebound are found to be similar to the real measured
time series.
As mentioned previously, DSOs need simple models to model potential aggregator behaviour on
the wholesale and balancing markets in their probabilistic network assessment. The purpose of
such models is not to predict the exact load behaviour accurately, but to capture its main dynamics.
As the developed model only requires available smart meter measurements and weather data, it is
considered suited for this purpose.

3.4

Conclusion

To participate in future LFMs, DSOs require a series of new decision support tools and methods.
Two crucial methods have been proposed in this chapter.
First, section 3.2 proposes a method to evaluate the economic impact of flexibility services on
DN operation in a probabilistic manner. Based on available historic smart meter data, a set of
equipment loading scenarios was created which are used to evaluate the performance of flexibility
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Figure 3.25: Calculated and actual response for five gradual release tests with varying portfolio
size and ambient temperature (adapted from [Pub. C]).

services. The two predominant flexibility service types, namely baseline services and CLSs were
introduced and assessed individually.
A theoretical assessment indicated that flexibility services targeting the DN need to span at least
several hours. As DSOs cannot perfectly forecast the time, duration and amplitude of load peaks,
shorter services might have undesirable effects when they fail to reduce the network loading during
the peak period or when a significant rebound occurs while the load is still high. Further, results
show that flexibility services with a long response duration are better suited for DSO purposes.
Conditional flexibility services can represent an insurance policy against network overloading and
potential outages. Further, the theoretical assessment indicates that CLSs are better suited for DSO
purposes.
The methodology was used to request and evaluate flexibility services for the DN in EcoGrid 2.0
project, which tested a fully functional LFMs with baseline services under real-life conditions. The
results of 36 baseline service tests including on average 100 customers, show that aggregators
can reliably shape flexibility and deliver such services to the DSO. Despite large uncertainties
originating from the baseline model and an open-loop control setup, aggregators were able to
deliver services with a MAPE of only 18 %.
However, as only baseline services with a response period of one hour were tested, the majority of
activated services had no significant financial impact on the DSO’s network operation. In one of
the DR experiments, exceeding the hypothetical limit of the considered transformer station was
avoided, however in another instance the rebound of a flexibility service caused this limit to be
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reached. This confirms the theoretical finding that is too challenging for DSOs to schedule baseline
flexibility services with short response periods. This is due to the fact that the prediction of the
exact peak period is not possible, particularly if flexibility services are traded with a long lead time.
Flexibility services must last several hours such that they cover the entire potential peak period to
represent a more reliable flexibility option for DSOs. In addition, potential rebounds of baseline
services should be controlled and stretched out in time.
Section 3.3 developed a baseline methodology based only on aggregated BtM data. The method
combines the benefits for AR, linear regression, LI and load decomposition and achieves baseline
calculation with high accuracy. Resulting baselines were then used to evaluate a series of 90 DR
experiments, during which a population of TCLs were temporarily switched off. The amount of
achievable load reductions was found to vary between 0 kW and 1.2 kW per TCL. The achievable
load reduction is significantly larger than the baseline uncertainty, indicating that the baseline
model is well suited for this type of flexibility identification. Based on the results of the 90 load
reduction experiments, a response model was created which expresses the available load reduction
potential as a function of ambient temperature and the time of the day. The resulting residuals of
the model fitting process showed a STD of 0.12 kW which is well below the value of achievable
load reduction. The largest share of this uncertainty originates from the baseline uncertainty, which
is dependent on the aggregation size and corresponds to values between 0.09 kW and 0.05 kW per
household for aggregation sizes between 50 and 140 households. Finally, a simple rebound model
has been developed. In a series of five verification tests, the combined response and rebound
models were able to predict the response of the aggregation of TCL subject to different aggregator
control signals with reasonable accuracy. The model is therefore well suited for DSO modelling
purposes of flexible TCLs subject to aggregator control.
On the one hand, DSOs can use the proposed baseline methodology to estimate the available
flexibility in a specific part of their DN. On the other hand, the baseline method allows them to
observe increasing aggregator activity and corresponding load changes in their DN.
At the same time, the section has demonstrated that the development of simple flexibility models
can allow DSOs to realistically model aggregator capabilities on the wholesale or ancillary service
markets. While such flexibility models can of course not predict exact flexible load patterns, they
allow the DSO to better represent flexible loads in a probabilistic assessment of the network. This
ability would allow DSOs to also estimate the risk of potential congestion due to aggregator activity
on the wholesale and ancillary service markets. This in turn can enable DSOs to request flexibility
services which prevent undesirable consequences in the DN due to aggregator commitments
towards the TSO and would thereby resolve potential conflicts of interest between the system
operators.

CHAPTER

4

Local flexibility market design
The previous chapter designed methods, which enable distribution system operators (DSOs) to
participate in a local flexibility market (LFM), and their functionality was demonstrated in a
large-scale field trial. One limitation of such trials is that participants do not have the same financial
interests as they would have in the real world. They therefore often act in a coordinated manner
and take each others’ preferences into account when taking decisions.
This chapter focuses on research questions Q4 and Q5.
Q4: Which are basic flexibility service requirements for an LFM and which service definition best facilitates
and promotes efficient use of flexibility resources in distribution networks (DNs)?
Q5: How should an efficient market clearing mechanism for an LFM trading capacity limitation services
(CLSs) be designed?
In contrast, in the real world, market participants are usually independent actors and are primarily
interested in maximizing their own benefit. The goal of this chapter is to define LFM rules
which produce desired behaviours among aggregators and DSOs, under the assumption that all
parties act in their own interest and aggregators would consider all legal actions as long as they
increase the aggregators own financial benefit. In particular, this means that aggregators would be
willing to misrepresent their own cost and withhold or manipulate information regarding their
intentions or portfolios. Two important market design questions are addressed in this chapter.
Section 4.1 reviews existing literature regarding the two predominant flexibility service definitions,
namely baseline services and CLSs. As a first contribution, section 4.2 develops a set of essential
requirements for flexibility services on an LFM and analyses the two service types in light of these
requirements. The section illustrates why LFMs which trade baseline services are not compatible
with regular distributed energy resource (DER) participation in the energy and ancillary service
markets, and concludes that CLSs are better suited to serve DSO purposes and can resolve potential
conflicts of interest between the system operators. Therefore, as a second contribution, section
4.3 focuses on CLSs and designs a market clearing mechanism which leads to efficient market
outcomes and ensures that aggregators remain truthful when offering CLSs. Finally, section 4.4
concludes the chapter with a discussion of the findings and a list of policy recommendations for
the application of the proposed setup in the real world. The chapter includes content and results
of [Pub. D] and [Pub. E], which are attached to the thesis.

4.1

Motivation

LFMs have the potential to unlock the flexibility of formerly idle DERs located in the DN. They
have gained attention from academia and the industry in recent years, and are recommended by
the European Union as the primary channel for flexibility access by DSOs [18]. However, LFMs
are so far not established and only a few early-stage initiatives exist [76, 77]. Accordingly, exact
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Figure 4.1: Main building blocks in an LFM (reproduced from [Pub. E]).

specifications regarding the type of service and the market design have not yet been consolidated.
This section first introduces the key design choices of an LFM and afterwards reviews existing
proposals in the available literature and project initiatives in this context.
Figure 4.1 represents a simplified overview of necessary functional blocks, which market participants need in an LFM. Aggregators require an energy management strategy for their portfolio.
This strategy defines their activity and focus, with respect to the various power and service markets
as well as customer agreements. In light of this management strategy, aggregators must be able to
evaluate at which additional cost they can offer flexibility services in an LFM. DSOs can assess
their network performance in a probabilistic manner. This step requires that DSOs develop models
which allow them to forecast flexible and non-flexible load behaviour. Two methods which achieve
these tasks were proposed in chapter 3. On the basis of a probabilistic network assessment, the DSO
can evaluate hidden financial risks of network operation and evaluate the expected financial benefit
of reducing those risks through flexibility services. The role of the market clearing mechanism is
to collect the bids from DSO and aggregators and choose the service allocation which minimizes
the overall system cost. The clearing mechanism must ensure that market participants cannot
easily manipulate the outcome to their own advantage, e.g. by inflating their offers of by providing
false information regarding their portfolio. Finally, all of these functional blocks are dependent on
the flexibility service definition and have to be designed accordingly. The question of how the
flexibility service is defined, as the underlying product of the LFM, is of vital importance.
Most flexibility service definitions which can be found throughout the literature follow two main
lines of thought: baseline services and CLSs [78]. Figure 4.2 illustrates these two concepts. Assume
the DSO needs to keep the total power flow in a specific part of the network below the power rating,
indicated in green. Figure 4.2 (a) represents a CLS. This service defines a total power consumption
cap (blue) for an aggregator’s portfolio between times tstart and tend . Figure 4.2 (b) depicts the
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Figure 4.2: (a): Sketch of a capacity limitation service, (b): sketch of baseline service (reproduced
from [Pub. D]).

sketch of a baseline service. These services are similar to the wholesale balancing markets and
represent temporary power deviations from a predetermined reference profile called baseline.

4.1.1

Literature review on flexibility services

There is a large variety of literature on flexibility services designed for the DN. This subsection
first reviews baseline methodologies and continues with a review on CLSs.
Review of baseline methods
The majority of LFM proposals relies on baselines as a basis to define flexibility services. Baseline
approaches can be divided into six categories: averaging, regression, machine learning (ML) or
hybrid methods, control groups, schedules and interpolation. Several of these approaches use the
concept of admissible days for establishing baselines. Admissible days describe past days where the
considered DERs were not participating in a demand response (DR) event [79] and typically also
exclude non typical days, such as Christmas Eve [80].
• Averaging methods calculate baselines by taking the average of X days from a set of Y past
admissible days and are therefore often referred to as XofY-methods. Several variants of the
XofY-method exist. The HighXofY method takes the average of the X highest consumption
days in the set of Y admissible days, and similarly, the MidXofY and the LowXofY approaches
take the average of the X middle and lowest consumption days in the set of Y admissible days.
Finally, the LastY averages over the past Y days. Apart from academic proposals [79–84],
averaging approaches are applied in several DR initiatives. In the United States numerous
DR programs exist, in which the independent system operator commits to remunerating
customers for reducing their power consumption when necessary. These schemes exist for
example in California [85], Hawaii [86] or New York [87] and employ averaging methods
to calculate the reference baseline. As customers participate on a voluntary basis in these
schemes, the baselines are not part of an official agreement. In Europe, such voluntary
approaches are not as popular. The Low Carbon London project carried out a trial of DR
services for DSOs and investigated averaging baseline methods. The project concludes that
there is both a need for precision as well as simplicity and transparency, and that these two
factors are not easily achieved at the same time [88]. The authors argue that in the future a
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whole range of baseline methods will be necessary, depending on the baseline service or the
aggregator portfolio. They particularly promote the HighXofY, even though it overestimates
flexibility provision by nature. The same baseline approach is employed by Piclo [77], a
flexibility platform from the United Kingdom, which organizes tenders between DSOs and
aggregators [89].
• Regression methods estimate baselines based on historical consumption patterns as well as
external factors such as weather data, time of the year, etc. Several academic studies have
analyzed the regression approach for baseline calculation [82, 83, 90–93], using between five
to 450 external variables. Among others, a regression approach was also investigated in
section 3.3.
• Control group baselines are built on the assumption that a baseline for a portfolio which
participates in a DR-event can be derived from a similar portfolio, which does not participate
in the event. Often this approach is enhanced through scaling of resulting profiles based on
group size. As the reservation of a whole DER portfolio represents an obvious disadvantage
of the approach, the authors of [94] suggest a regression method to find optimal control
groups. Ref. [95] proposes the use of the k-means clustering technique to find the most
similar reference group, and [96] argues for the use of a mobile app, through which customers
state their willingness to participate in a DR-event to find idle flexibility more easily. Control
groups with scaling have also been investigated in the EcoGrid 2.0 project [61].
• Machine learning or hybrid methods lead to the smallest errors and biases among all methods.
Various approaches have been proposed, such as support vector machines [65, 97, 98] , neural
networks [81], deep learning based clustering [99, 100] or self-organizing maps [101].
• Interpolation methods can achieve surprisingly good results - given their simplicity - since
they use data directly before and after the provision of a flexibility service. The authors of
[102] apply linear interpolation. More sophisticated interpolation methods have also been
proposed. For example, the authors of [81] propose a fourth-order polynomial interpolation.
The flexibility platform Piclo uses linear interpolation to create baselines when services are
provided by batteries [103].
• Schedules form the basis for flexibility services in a series of proposals. Usually it is assumed
that residential consumption can be forecasted such that binding schedules can be created [41].
Some works assume that such schedules are available per aggregator [104], per distribution
feeder [48], per customer [105], or even per individual appliance [49]. The authors of [106]
and [107] propose an interesting idea, and suggest that consumers submit a schedule and
reduction potential, but only a random fraction of them is activated. Under this mechanism,
customers have the incentive to remain truthful, however the probability of activation must
be very small.

The main advantage of a baseline service definition is that a potential market mechanism for an
LFM could be designed analogous to the existing wholesale markets [51, 108], where aggregators
place offers describing their willingness to deviate from their schedule [109]. The pros and cons of
the individual baseline types will be discussed in 4.2.2.
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Review of capacity limitation services
There is a large variety of literature on the use of DERs flexibility to ensure that local capacity
constraints in the DN are met. However, most works assume direct control of DERs by DSOs or
at least aggregator knowledge regarding the grid state. These assumptions are not compatible
with the European unbundling paradigm of network operation and commercial activities. So far,
few academic works have considered capacity limitation services as a means to respect network
constraints. CLSs have been proposed in [78] and authors argue for the use of their flexibility
clearing house. The authors of [110–112] analyze this type of services from an aggregator’s
perspective. The authors of [111] and [112] develop an aggregator optimization framework to
participate concurrently in the wholesale markets, as well as an LFM with CLSs. In [113] and [114],
the authors argue for a mechanism in which the DSO can sell remaining capacity to aggregators
incrementally. Such approaches are straightforward to implement, however, DSOs are no longer
incentivized to provide adequate network capacity.
Defining an adequate market clearing mechanism is more complicated in the case where CLSs
rather than baseline services represent the underlying commodity. This stems from the fact that
the same CLS from aggregators with different portfolio sizes are not necessarily equivalent. To
illustrate this, consider a simple example in which an aggregator A controls 60 electric vehicles
(EVs) and an aggregator B controls 100 EVs. Two baseline services of a load reduction of 100 kW are
equivalent in the eyes of the DSO, irrespective of which aggregator provided the service. However,
the value of a temporary capacity limitation of, e.g., 100 kW is dependent on the aggregator.
Aggregator A controls fewer EVs and might never use a capacity of 100 kW, hence the aggregator
would not have to act at all to respect this limit. Aggregator B will have to reschedule the charging
of several EVs to ensure that the service is met.
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4.2

Choice of flexibility service for local flexibility markets

The previous section reviewed flexibility service definitions available in the literature. This section
first presents a list of essential flexibility service requirements and proceeds to assess baseline
services and capacity limitation services in the context of the presented requirements.

4.2.1

Requirements for flexibility services traded on an LFM

The definition of the flexibility service has a major impact on the overall functionality and dynamics
of an LFM. For this reason, flexibility services have to be carefully designed. Services should
meet several requirements to adhere to regulations and set desirable market incentives. In the
following, four such requirements are presented. A functional LFM setup should meet all of these
requirements at once.
• Transparency and simplicity
Traded services on an LFM must be clearly defined and transparent for all stakeholders. This
promotes competition and allows for automation of processes, like contract distribution,
verification and financial settlement. This requirement is also expressed by the relevant
EU task force, which stresses the need for simplicity and transparency in the calculation of
baselines [18].
• Inclusive use of flexibility
The amount of flexible DERs on LFMs targeting the medium- and low-voltage network level
is expected to be small. If several aggregators offer services to residential customers, this
would split the available flexibility in several portfolios, thereby further reducing aggregation
sizes. In addition, during the initial stages on any potential LFM, few participants are to be
expected. For this reason, services should have an inclusive nature and should not exclude
any potential flexibility providers.
• Not prone to manipulation
Flexibility services have to be designed such that they are not vulnerable to manipulation.
On the one hand, aggregators might profit from inflating flexibility provision. On the other
hand, LFMs will suffer from imperfect competition as the number of aggregators offering
services in a specific part of the DN will be limited. For this reason, LFMs must be designed
such that aggregators cannot artificially inflate their flexibility provision and that market
participants cannot misuse market power.
• Compatibility with continuous control
Without aggregator control, many flexible DERs currently show some typical load pattern,
such as EV “dumb charging” or the cyclic switching of thermostatically controlled loads
(TCLs). Participating in the various markets, while also respecting customer constraints,
in the future will require that aggregators control their portfolio and change those typical
patterns to the point where no natural behaviour can be observed anymore. As aggregators
and owners of DERs should be able to sell their flexibility wherever and whenever it is most
profitable for them [17], LFMs should not assume that DERs have a natural behaviour or are
reserved for DSO purposes only.
Finally, two additional factors have to be considered regarding the lead time of LFMs and potential
conflicts of interest between DSOs and the transmission system operator (TSO).
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Figure 4.3: Power flow through transformer station during a temporary load increase with an
aggregation of residential heating loads (adapted from [Pub. B]).

Lead time of Local flexibility markets
First, the primary purpose of an LFM is to grant DSOs access to flexibility and allow them to
consider flexibility options in their DN operational strategy. Grid reinforcements are usually
planned months or even years ahead of time. To represent a realistic alternative, LFM lead times
need to be compatible with this time horizon.
Conflicts of interest between TSO and DSO
Second, LFMs have to efficiently resolve potential conflicts of interest between DSOs and the
TSO. Figure 4.3 shows the effect of an aggregator’s load increase on the transformer loading. The
increase occurred when the aggregator provided a down-regulation service to the EcoGrid 2.0
wholesale market on the 24th of November 2017. In November, temperatures on Bornholm are mild
and the power consumption on the feeder is usually low. The aggregator increased the load by
roughly 600 kW in the off-peak period. This example illustrates that aggregator control can easily
cause violations in DNs, when DERs are controlled to participate in wholesale markets. Violations
can occur even though the network is operated far below its rated capacity and/or in off-peak
periods. Without online observation, DSOs cannot react to such events on-the-fly. LFMs have to
provide a reliable tool to prevent these events, while also allowing aggregators to participate in the
wholesale markets when DN constraints allow for it.

4.2.2

Assessment of baseline services

The previous subsection presented a set of flexibility service requirements. The goal of this
subsection is to assess to which degree baseline services adhere to these requirements. The
subsection first discusses two persistent problems with the baseline approach and afterwards
continues to discuss to which degree the various baseline calculation approaches fulfil the flexibility
service requirements.
Problems due to lack of admissible days
As described in section 4.1.1, several baseline methods rely on the concept of admissible days.
These are supposed to represent typical days during which an aggregator did not offer a flexibility
services and the load pattern can therefore used to train a baseline model. There are two problems
with the concept of admissible days. First, in the future, DER portfolios might be subject to
continuous control and offer services on an LFM as well as on the wholesale and ancillary service
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Figure 4.4: (a): average power on a 15 min basis of a battery offering PFC on two different days,
(b): schedule of a battery participating in the balancing market on two different days (adapted
from [Pub. D]).

markets. Therefore, flexible load patterns will also depend on the current aggregator objective on
those markets. To illustrate the problematic, Fig. 4.4 presents loads patterns of a battery for two
different days. The battery has a capacity of 1 kW and a storage capacity of 2 kWh. Figure 4.4 (a)
shows the average power of the battery when it is used to offer primary frequency control. Figure
4.4 (b) shows the schedule of the battery, when it is used to participate in the balancing market.
The example demonstrates that even though the battery was not used in the LFM and these days
would be considered as admissible, there is no underlying natural behaviour. If such data would
be used as a basis for baseline calculation, the results would be subject to such great uncertainty
that they can be considered arbitrary.

Second, flexibility services are likely to be necessary in extraordinary situations, such as extreme
weather events. For this reason, baseline accuracy will be of particular importance during these
rare events. However, extraordinary events will not be represented in the training data as they
are by nature rare, and it is likely that during previous extreme events, flexibility services were
activated and the corresponding data must be dismissed as non-admissible. This training data
scarcity means that during such events baseline uncertainty is expected to be particularly high,
which will a negative impact on the verification of any provided flexibility services.

The zero kilowatt paradox
One learning from the EcoGrid 2.0 project is the zero kilowatt paradox. In the EcoGrid 2.0 project, two
aggregators participated in parallel in a mock-up of the Danish balancing market and in an LFM.
An example of the participation in the balancing market has already been presented in Fig. 4.3
and is here considered again. Assume the DSO needs to limit the load on the transformer station
to 1000 kW and there is only one aggregator in the DN controlling all the load. To counteract
potential load increases, the DSO could have acquired a load reduction service in the distribution
feeder for several hours of the day. The spontaneous load increase from 650 kW to around 1200 kW
is not predictable, and the baseline does not capture this load change. Accordingly a significant
discrepancy between the baseline and the real load would occur. A good estimate of the aggregators
natural consumption would lay somewhere around the 650 kW.
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There are three possible cases that can occur, irrespective of the actual baseline methodology.
• The baseline can be overestimated (for example 1000 kW).
• The baseline can be unbiased (roughly 650 kW).
• The baseline can be underestimated (for example 400 kW).
Since flexibility services are defined in reference to the baseline, in all three cases, the DSO would
only have to activate 0 kW of load reduction to ensure that the transformer limit is not exceeded,
which in turn would force aggregators to reduce their total power consumption by 200 kW, 550 kW
and 800 kW, depending on the agreed baseline. However, reserving and activating baseline
services of 0 kW poses obvious problems in terms of payment. Remember that baseline services
are paid per kilowatt of load deviation in reference to the baseline. Even though the aggregator
has to reduce its load significantly when activated and thus does provide a significant service, it
would not receive a compensation for this service, since in reference to the baseline, the aggregator
did not provide a service. The example illustrates the associated risk when aggregators agree to a
baseline in an LFM. In the unbiased case and the underestimated case of the example, aggregators
have to reduce their load by around 550 kW and 800 kW without receiving any compensation for
the service. For this reason aggregators could only agree to overestimated baselines when offering
load reductions and underestimated baselines when offering load increases. At the same time, this
would regularly overcompensate aggregators for their services.

4.2.3

Assessment of individual baseline methodologies

In the following, the six baseline methodologies are assessed individually with respect to the
essential service requirements.
• Averaging methods are simple, transparent and can be used for all types of DERs. The
previous section showed that aggregators would only accept baselines which overestimate
their flexibility provision. For this reason, only the HighXofY-method represents a realistic
candidate for real-life application among the averaging methods. It is not a coincidence that
this method is also used by PICLO [77], the most mature congestion management platform
on a distribution level in Europe. However, averaging methods can easily be manipulated. In
[115], the authors show that under a HighXofY baseline aggregators have a strong incentive
to inflate their load during non-DR days, leading to a manipulation of baselines. Similar
concerns regarding the possibility of manipulation of baselines are expressed in [107, 116–119].
In [120] the authors investigate flexibility provision with battery systems and show that
with an averaging method 66 % of the load reduction during DR events could result from
purposefully inflated baseline consumption during non-event days. Finally, in a future setup
frequent aggregator activity on the energy and ancillary service markets and a potential lack
of admissible days would significantly reduce the accuracy of the averaging method.
• Regression methods can theoretically accurately reflect dependencies of baselines on a large
number of external variables. However, a large number of external variables makes the
approach nontransparent. Aggregators and DSOs need access to the regression model and
dependent data to calculate their baselines and to estimate how much flexibility is available.
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However, distributing the regression model makes the approach prone to manipulation.
Regression approaches are likely to suffer form a lack of admissible days and accordingly
a lack of training data and dependency on random variables, such as SPOT market prices.
This view is shared by the authors of [63]. Further, PJM conducted an analysis [79] and
concluded that due to the substantial disadvantages of the approach, there is no reason to
pursue this method. Finally, the authors of [90] develop a regression approach with 450
external variables, thereby not fulfilling the requirement of simplicity and transparency, but
the authors still express concerns regarding the high level of uncertainty.
• Control groups are simple as a concept, but have a series of disadvantages. First, a significant
share of available DERs have to be reserved for verification purposes. The authors of [94]
argue that a minimal portfolio size of 100 DERs is necessary. For this reason, control group
approaches do not fulfil the requirement of inclusive use of flexibility. Second, pattern
similarity is not guaranteed, especially in extraordinary situations like extreme weather
events [63], but also when aggregators are participating in various markets at the same
time. Several authors have proposed to define control groups dynamically for each service
individually [96], but such approaches come at the expense of reduced transparency. Further,
these approaches raise the practical question of how aggregators can know how much load
reduction or increase to offer, if the baseline is unknown to them during service delivery.
• Machine learning and hybrid methods represent black-box models which can often deliver good
results, when analytical and transparent models fail. However, this makes these approaches
by nature incompatible with the simplicity and transparency requirement [95, 121]. In
addition, ML approaches suffer from a lack of admissible days, which they can be trained on.
The lack of training data will make it impossible to validate model outputs, making it risky
for aggregators and DSOs to trade services on such a basis.
• Interpolation methods are simple and transparent. However, interpolation methods only lead
to small uncertainties and biases when services are short. Section 3 established that flexibility
services, which target the DN, need to last at least three hours to be effective. Further,
interpolation methods are prone to manipulation, as aggregators can easily change their
power consumption before and after service delivery.
• Schedules on a low aggregation level have been proposed by many authors, but they
significantly increase system complexity. While currently balance responsible partys (BRPs)
submit binding schedules for the two bidding zones in Denmark, aggregators would have
to submit schedules for potentially hundreds of connection points, even though the high
stochasticity of residential demand would result in overwhelming uncertainties. Further,
it is not clear to which degree such schedules would be binding and how to differentiate
flexible DERs with a schedule from non-flexible consumption without the need for schedules.
Finally, schedules can be easily manipulated, and provide the opportunity for gaming.

To summarize, we have presented two fundamental problems with the baseline approach. First,
it was argued that the methods which rely on historic data in order to create baselines (namely,
averaging methods, regression methods and ML approaches) would lack sufficient reliable data
to train and validate their models, especially under non-typical circumstances. Second, the zero
kilowatt paradox has demonstrated that only baselines with a significant bias can prevent congestion
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Table 4.1: Compatibility of baseline methods with LFM requirements (reproduced from [Pub. D]).
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which is caused by aggregators through their participation in the wholesale and balancing markets.
However, a baseline estimate with a consistent bias overcompensates aggregators for delivered
services. Therefore, LFMs with baseline services are unable to efficiently resolve potential conflicts
of interest between the TSO and DSOs. Finally, all identified baseline methods were assessed and
discussed individually. Table 4.1 summarizes the finding of this assessment. No baseline method
was found to fulfil all of the essential service requirements.
Substantial work is dedicated to improving the accuracy of baselines. However, such efforts
come at the expense of reduced transparency. Transparency and simplicity remain crucial, since
flexibility providers and the DSO would have to agree upon a baseline to deliver a baseline service.
Complicated and non-transparent baseline methodologies would render an LFM dysfunctional, as
involved parties would be unable to understand what they agree to and would accordingly decline.
For this reason, only averaging and interpolation methods have been used in practice [77, 103].
But averaging and interpolation approaches are prone to manipulation and are not compatible
with the continuous control of DERs. In demonstration projects and initial stages of local trading
platforms for flexibility, like Piclo [77], these approaches seem like a suitable solution at first, as
participants are likely to remain truthful. In a real LFM, stakeholders would not have a common
goal and significant economic interests are involved. Therefore, if possible, resulting baselines will
be manipulated, which would render baseline services either unreliable or ineffective for the DSO.

4.2.4

Assessment of capacity limitation services

In the previous subsection baseline flexibility services were assessed and it was found that none of
the proposed baseline methodologies is suited for an LFM in a European context. This section
reviews CLSs in light of the same flexibility service requirements.
CLSs represent temporary total power consumption caps on the portfolio of aggregators. As
discussed in section 3, DSOs can identify the need for CLSs with a probabilistic network assessment.
DSOs can model aggregator participation in the wholesale and ancillary service markets, if they
are aware of available flexibility and aggregator capabilities. In contrast to baseline services,
DSOs would not need to forecast exact aggregator load patterns, but would aim at estimating the
amplitude and likelihood of load peaks. The analysis allows DSOs to identify specific points in
the network with unacceptable risk of network congestion. In these areas the DSO can define a
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temporary capacity limitation. The DSO defines the maximal total power consumption of flexible
load in the area during the considered time period. Several aggregators can deliver CLSs, as long
as their combined maximal capacity does not exceed the capacity limitation set by the DSO.
CLSs would not suffer from a lack of historical data, as no such data is needed to define meaningful
services. Further, the problem described as the zero kilowatt paradox does not apply. CLSs could
prevent network congestion, which is caused by aggregator participation in the various markets.
Further, CLSs fulfil all the flexibility service requirements.

• Transparency and simplicity
CLSs are clearly defined through an absolute maximal consumption cap and a specified time
period. To verify and settle service delivery, the aggregated smart meter data of aggregators
can be compared to the defined capacity limit and no further uncertainties are involved.
• Inclusive use of flexibility
CLSs can be defined for all types of flexible DERs. Since no errors, biases or uncertainties are
involved in the process, CLSs can be effectively applied to small portfolios. This makes these
services also suited for a potential gradual increase of flexibility use and roll-out of LFMs.
• Not prone to manipulation
CLSs are not prone to manipulation since the absolute consumption caps cannot be manipulated. Note that here only manipulation in relation to service delivery is considered. Factors
such as imperfect competition and strategic bidding will be considered in section 4.3.
• Compatibility with continuous control
Finally, CLSs are compatible with continuous control of DERs. In fact, aggregators are free
to control their portfolio as they choose, as long as they do not exceed the agreed capacity
limit. Regular activity on the wholesale or ancillary service markets does not affect service
verification or settlement. Aggregators might even be able to deliver services like frequency
control and a CLS simultaneously.

Figure 4.5 illustrates how a CLS could be realized in practice. For this purpose, the same load
increase test is considered, which was already discussed in subsection 4.2.1. The total load
throughout this test is again represented in Figure 4.5 (a). It is assumed that the loading on
the transformer station has to be limited to 1000 kVA. Figure 4.5 (b) depicts a forecast for the
non-flexible load in the considered feeder together with the two uncertainty bounds. The gray area
represents the remaining available capacity, which can be used by flexible DERs. A risk-averse
DSO could assume a worst-case realization of the non-flexible load and acquire a set of CLSs
depicted in Figure 4.5 (c) as the black curve.
CLSs have a minor disadvantage in comparison to baseline services. As mentioned before, finding
a market clearing mechanism for a LFM with CLSs is not as simple as it is for baseline services.
This is due to the fact, that the same CLS provided by two different aggregators with different
portfolio sizes does not have the same effect on the DN. It is therefore not intuitive how aggregators
should be remunerated for the provision of CLSs.

Power [kVA]

4.2. CHOICE OF FLEXIBILITY SERVICE FOR LOCAL FLEXIBILITY MARKETS

57

1,000
500
0

03:00

06:00

09:00

12:00

15:00

18:00

21:00

15:00

18:00

21:00

15:00

18:00

21:00

Power [kVA]

(a)
1,000
500
0

03:00

06:00

09:00

12:00

Power [kW]

(b)
1,000
500
0

03:00

06:00

09:00

12:00
Time
(c)

Transformer rating
Uncertainty bound (95 %)

Total load
Flexible load

Inflexible load
Capacity limits

Figure 4.5: Illustrative example of a CLS. (a): total consumption under a transformer.(b): derivation
of the allowed range (gray area) of DER consumption. (c): consumption of DERs vs. CLSs
(reproduced from [Pub. D]).

4.2.5

Summary

In this subsection the two main flexibility service types were assessed. On the one hand, flexibility
services which are built upon baseline calculations were found to be incompatible with reliable
service delivery to DSOs and service verification. Baseline services are therefore not suitable
for a European approach to LFMs. CLSs, on the other hand, were found to fulfil the essential
requirements. The overall finding is in line with the intuition that TSOs are primarily concerned
with a relative issue - balancing generation and demand when market participants have deviated
from schedules. DSOs’ primary concern are voltage violations and network congestion, issues
of an absolute nature which are better addressed by the absolute nature of CLSs. However,
as mentioned in subsection 4.1, there are remaining challenges regarding market design and
stakeholder incentives. Subsection 4.3 addresses these market design questions, and proposes
a market clearing mechanism. The proposed mechanism ensures the efficient use of flexibility
resources, and avoids market manipulation.
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4.3

Market design for capacity limitation services

The previous section illustrated why baseline services are not suitable for local flexibility markets,
and argued for CLSs instead. As outlined in section 4.1, CLSs bring along market design challenges,
as capacity limits of aggregators of different portfolios are not interchangeable. This section
addresses these design challenges. First, a clear CLS definition is provided in subsection 4.3.1.
In subsection 4.3.2, the most prominent market clearing mechanisms along with their economic
properties are presented, namely pay-as-bid (PAB), uniform-pricing (UP) and Vickrey-ClarkeGroves (VCG). As none of the considered clearing mechanisms has all the desirable market
properties, a VCG-based tailored clearing mechanism is introduced, which is called uni-sided
VCG. The proposed mechanism achieves a balanced trade-off among various economic properties,
including budget-balancedness, incentive-compatibility and stability. To the best knowledge
of the author, [Pub. E] is the first time that market incentives of a LFM with CLSs have been
investigated and that an appropriate market clearing mechanism has been proposed. Subsection
4.3.3 derives realistic representations of aggregator and DSO cost functions. Based on these cost
representations, the functionality of the uni-sided VCG mechanism is demonstrated in a case study
in subsection 4.3.4.

4.3.1

Capacity limitation service definition

As mentioned previously, a clear flexibility service definition is crucial when designing an LFM.
The considered CLSs are defined by four parameters:

• List of service days - containing a set of days when the capacity limitation is active.
• Capacity limitation start time - defining the start time of the capacity limitation for each service
day.
• Capacity limitation end time - defining the end time of the capacity limitation for each service
day.
• List of flexible unit IDs - defining the flexible units in the DN that can deliver the service in
question.

Based on these parameters, DSOs and aggregators can evaluate associated cost and offer curves,
which are forwarded to the market platform. After the market clearing outcome is calculated,
contracts are distributed which specify two additional parameters:

• Capacity limitation - defining the total active power consumption limit allocated to the
aggregator.
• Payment - the payment which the aggregator receives for the CLS.
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Choice of market clearing mechanism

This section introduces the two common clearing mechanisms, PAB, UP and the VCG mechanism.
The last mechanism is less known, but has interesting properties [122–124].
First, some necessary notation is introduced. On the envisioned LFMs, aggregators represent the
potential sellers of flexibility services and the DSO is the single buyer. In the following, bold letters
represent vectors. Let A be the set of aggregators, indexed by j. Two important aggregator cost

functions are differentiated - the offer curve fjoffer Pjlim describes aggregator j’s willingness to

sell a capacity limitation Pjlim and the true cost curve fjtrue Pjlim represent the real underlying
aggregator cost of delivering a CLS of Pjlim . These two are not necessarily the same, as aggregators
might not want to reveal their true cost. The DSO estimates the expected network operational cost
with a capacity limitation on all flexible DERs. This limitation is denoted by P LIM and corresponds
P
to the sum of CLSs of all aggregators, hence P LIM = j∈A Pjlim . The DSO cost is represented

through the cost function f DSO P LIM . It is assumed that all cost functions are continuous, however
the argumentation presented in this section is also valid for a setup with discrete offer and cost
curves.
Introduction of market clearing mechanisms
All auctions consist of an allocation rule h and a payment rule q [125]. An allocation rule defines
how the traded commodity of the auction is being distributed among the auction participants,
so it is a function of the submitted aggregator offers and the DSO cost - h(f offer , f DSO ). The
resulting allocation is denoted as Plim,∗ := h(f offer , f DSO ). The payment rule q defines how buyers
compensate the sellers, given the resulting allocation, therefore q is a function of Plim,∗ .
PAB, UP and VCG have the same allocation rule defined through the minimization of the total cost.
Allocation rule h can be defined through an optimization problem which minimizes the sum of all
cost functions, and is formulated as
h(f offer , f DSO ) := arg min
Plim

X


lim

fjoffer Pj

j∈A



+ f DSO 

X

j∈A

s.t. Pjmin ≤ Pjlim ≤ Pjnom , ∀j ∈ A.



Pjlim 

(4.1a)
(4.1b)

The objective function on the right side of (4.1a) consists of the sum of the offer functions of all
aggregators and the cost function of the DSO. Equation (4.1b) constraints the capacity limit of
aggregator j to a value between the minimal amount Pjmin this aggregator is willing to accept and
the aggregator’s installed capacity Pjnom , which represents the maximal power consumption this
aggregator could physically have. Note that even though these three market clearing mechanisms
have the same allocation rule, this does not mean that resulting capacity limitations are allocated
in the same manner. The allocation rule depends on the submitted aggregator offer and DSO cost
curves. Offers depend on the payment rule and aggregators could submit different curves, if doing
so increases their own revenue.
pab

Under PAB, each aggregator j receives the payment qj

according to



pab
qj (Pjlim,∗ ) = fjoffer Pjlim,∗ .

(4.2)
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Under UP, each aggregator should receive the same price per sold unit. However, with CLSs
services it is not straightforward to define what a single unit represents. The most simple way is
to compensate aggregators per kW of reduced capacity, relative to their installed capacity. The
uniform price can be found through the marginal cost at the cleared amount. Then the UP payment
to aggregator j becomes
up
qj (Pjlim,∗ )

=

∂fjoffer Pjlim
∂Pjlim



Pjlim,∗

(Pjnom − Pjlim,∗ ).

(4.3)

In a VCG auction, aggregator j receives the sum of cost reductions caused through that aggregator’s
market participation to all other players. To calculate the payment to aggregator j, minimization
problem (4.1) is solved twice, once with and once without aggregator j participating in the market.
Let Pilim,−j,∗ denote the capacity limitation assigned to aggregator i, when aggregator j does not
participate in the market. The payment to aggregator j under the VCG mechanism becomes
!
!
X lim,−j,∗
X lim,∗
vcg
lim,∗
lim,−j,∗
DSO
DSO
qj (P
,P
)=f
Pi
−f
Pi
(4.4)
i∈A

i∈A





X
+
fioffer Pilim,−j,∗ − fioffer Pilim,∗ .
i∈A
i6=j

The first two terms represent the reduction of DSO costs through aggregator j’s participation. The
third term expresses the cost difference caused to other aggregators. The VCG payment rule is
quite elegant, as it leads to incentive-compatibility. Incentive-compatibility describes the property of
an auction mechanism to incentivize market participants to reveal their true underlying cost when
submitting their offers [125]. Under VCG, the same payment rule applies to the DSO. As the DSO
is the single buyer in an LFM, there is no market without its participation and payments are zero.
Accordingly, the payment of the DSO in this case is




X
vcg
qDSO (Plim,∗ ) =
fjoffer Pjlim,∗,−DSO −fjoffer Pjlim,∗ .
{z
}
j∈A |

(4.5)

=0

It can be easily shown that the VCG mechanism is not budget-balanced. That is, the sum of all

payments do not add up to zero. In fact, the sum of all payments is always negative, meaning
that this payment scheme results in a net loss. This is unsatisfactory, since it would mean that an
LFM which employs the VCG mechanism would require a subsidy. Due to this fact, a tailored
VCG-based mechanism is proposed, which is referred to as uni-sided VCG. Under this mechanism,
only the DSO payment rule is altered to
qDSO (Plim,∗ ) =
us-vcg

X

qj (Plim,∗ , Plim,−j,∗ ).
vcg

(4.6)

j∈A

Under the uni-sided VCG mechanism, the DSO covers all the payments made to the aggregators.
This leads to strict budget-balancedness.
Economic properties of clearing mechanisms
Incentive compatibility and budget-balancedness have already been discussed above. In the
following, these two and four more important properties of market clearing mechanisms are
defined.
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1. To reiterate, a mechanism is called incentive-compatible when all market participants have the
incentive to reveal their true underlying cost to the market. This is the case when aggregators
expect not to benefit from unilaterally misrepresenting their cost.
2. A market mechanism is called budget-balanced, when the sum of payments to all market
participants is equal to zero.
3. A mechanism is called weakly budget-balanced, when the sum of payments to all market
participants is zero or positive.
4. A mechanism is called individually rational when all participants benefit from participating.
5. An auction is called efficient, when participants are incentivized to bid such that items
are allocated in a socially-optimal manner and social costs are minimized. This is one
of the most important market properties, as it ensures that the general public benefits
from trades. The optimization problem which minimizes overall social cost is similar to
the problem formulated in (4.1), with the small but important difference, that in (4.1) the
aggregators’ announced costs f offer were considered, while here the true underlying costs
f true are minimized. This results in the following optimization problem


X
X

min
fjtrue Pjlim + f DSO 
Pjlim 
Plim

j∈A

(4.7a)

j∈A

s.t. (4.1b).

An auction is called efficient, if the solution of (4.1) equals the solution of (4.7). Note that
incentive-compatibility implies efficiency.
6. A mechanism is called revenue-monotone if the total payments to sellers remain constant or
decrease as the number of bidders grows.
It has been shown, that no mechanism can be efficient, incentive-compatible, individually rational
and budget-balanced at the same time [126]. Both PAB and UP are inefficient [125], or only
asymptotically efficient in markets with a large amount of participants. However, the number of
potential aggregators which participate in an LFM is expected to be small. A proof of the fact, that
aggregators can always increase their profit by inflating their offers under PAB and UP can be
found in [Pub. E]. Under these conditions, aggregators would benefit from inflating their offer
curves. This would ultimately render CLSs too costly for the DSO.
The VCG mechanism is efficient as well as individually rational. Unfortunately, the mechanism is
not budget-balanced. In cases when mechanisms make a surplus and are weakly budget-balanced,
there are means to redistribute the surplus after the trade such that the mechanism becomes ex-post
budget-balanced. However, the VCG mechanism is not weakly budget-balanced in our case, and
generates a net loss. It has been proven, that if the VCG mechanism is not weakly budget-balanced,
no efficient and individually rational mechanism exists, which balances the budget ex-post [127].
The uni-sided VCG mechanism achieves budget-balancedness, but since no mechanism exists
which is efficient, incentive-compatible, individually rational and budget-balanced at the same
time, this necessarily means that other properties are thereby compromised. However, as only the
DSO payment rule has been altered, this does not affect aggregators. Therefore, under uni-sided
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Table 4.2: A summary of properties hold or lost in different market-clearing mechanisms. Parentheses indicate that properties hold, under the assumption that the DSO reports cost truthfully
(reproduced from [Pub. E]).

Efficient
Agg. incentive compatible
DSO incentive compatible
Agg. individually rational
DSO individually rational
Budget-balanced
Collusion averse
Revenue monotone

UP
7
7
7
3
3
3
3
3

PAB
7
7
7
3
3
3
3
3

VCG
3
3
3
3
3
7
7
7

Uni-sided
VCG
(3)
3
7
3
7
3
7
7

VCG aggregators are guaranteed to profit from market participation and they have the incentive
to reveal their true cost. The corresponding proof can be found in [Pub. E]. Only the DSO might
benefit from concealing its true cost. However, as DSOs are strictly regulated natural monopolies,
this is not considered a major issue. Further, as the mechanism is not individually rational (with
respect to the DSO), situations might theoretically occur in which the DSO does not benefit from a
trade. This topic is discussed in greater detail in the conclusion of the chapter.
In contrast to PAB and UP, VCG and uni-sided VCG are not necessarily revenue monotone [128]. In
revenue monotone mechanisms, additional participants increase competition and thereby reduce
the price of the underlying commodity. This increases overall social benefit. This is not necessarily
the case under VCG, and situations can occur, in which aggregators can benefit from artificially
splitting up their portfolio [129]. Such a situation is prone to shill bidding [130]. Under VCG
mechanisms each individual market player cannot benefit when unilaterally misrepresenting its
costs. However, aggregators can benefit from inflating their offers in coordination with other
participants [127, 131]. Due to this fact, VCG and uni-sided VCG are also prone to collusion.
Table 4.2 provides an overview of the four considered market clearing mechanisms and their
properties. The missing efficiency disqualifies PAB and UP as the mechanism of choice for a
potential LFM. As VCG is not budget-balanced, also this mechanism cannot be applied without a
subsidy, and has to be disregarded. The proposed uni-sided VCG mechanism strikes a balanced
trade-off between the desirable economic properties, and could be used as the clearing mechanism
for an LFM trading CLSs. Missing revenue monotonicity and collusion represent two important
disadvantages of this mechanism, which have to be handled by legislators.

4.3.3

Aggregator and DSO cost functions

CLSs constrain the operation of an aggregator during specific time periods. The additional
constraints incur opportunity costs. These costs can be quantified by formulating an optimization
problem to find the optimal portfolio operational strategy with and without the additional CLS
constraints. To establish an aggregator offer curve, the process is repeated for different capacity
limitations.
CLSs can also realize gains for the DSO, when the reduced network access of aggregators results in
lower network loading and thereby defers necessary grid expansions or prevents them entirely.
Such services can further prevent faults, resulting in lower compensation fees for customers and
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Figure 4.6: Flowchart of the calculation of DN operational cost with a CLS (adapted from [Pub. E]).

improved performance metrics. Under current regulation, these metrics are decisive for the DSO’s
allowed rate-of-return.
Figure 4.6 describes the process of how DSOs can quantify these financial benefits. Flexible and
non-flexible load models are used to create a set of load scenarios, both with and without CLSs. The
scenarios are used to consider possible corrective actions (e.g. load curtailment) and to evaluate
the corresponding impact of the CLSs on network equipment through a power flow calculation.
The resulting component loading scenarios are used to calculate the expected cost of network
operation. Cost models can include the cost of lost load (COLL), cost of losses, life time reduction
of network equipment etc. To create a DSO cost curve, the process is carried out repeatedly for
different total capacity limitations of the flexible load.

4.3.4

Case study of the uni-sided VCG mechanism

This subsection presents the results of a case study of the uni-sided VCG mechanism. The case
study is carried on the feeder, which has already been considered in section 3 and is presented in
Fig. 3.8. All 564 residents on the feeder own a heat pump (HP) or a resistive heater. Accordingly,
the highest load occurs during winter months. In the case study, weather and meter data from
January 2019 are used to evaluate a CLS with a duration of one month.
EVs and resistive heaters are considered as sources of flexibility. EV sales are expected to increase
throughout the next decade [5]. This will likely make them the most important flexibility source
in DNs [132]. For this reason EVs are considered as the primary source of flexibility in the case
study. It is assumed that 30 % of the households own an EV, resulting in a total of 169 cars. Two
separate aggregators control the vehicles with portfolio sizes of 101 and 68 units. An additional
third aggregator controls 150 resistive heaters in the DN. The three aggregators maintain customer
comfort, while minimizing the overall energy acquisition cost on the day-ahead market [133].
Resistive heaters are modelled with a first-order model [72, 134] based on the results obtained in
the EcoGrid 2.0 project, which were presented in section 3.3. The EV model is based on [29].
Aggregator offer functions
Aggregator cost curves are calculated according to the procedure which was briefly outlined in
subsection 4.3.3. A more detailed description of the process and the corresponding formulations
of the optimization problem can be found in [Pub. E]. Figure 4.7 presents the three resulting
aggregator costs as a function of the CLS value P lim . Hollow circles represent results of an
individual optimization. Squares represent the installed capacity of an aggregator, and triangles
represent the minimum capacity limit aggregators are willing to offer. Naturally, CLS higher than
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Figure 4.7: Three examples of aggregator cost curves as well as their total cost curve. Hollow
circles indicate individual results, while continuous curves are fitted (reproduced from [Pub. E]).

the installed capacity have zero cost, as the portfolio is not affected by such constraints. The two
aggregators with EV fleets rarely operate their portfolio close to their installed capacity, since most
of the time some EVs are already fully charged or not connected. For this reason, a CLS equal
to 80 % of the installed capacity has hardly any cost for the aggregator (around 0.1 DKK per EV
for both aggregators). The steeper cost curve of the aggregator with heating systems indicates
that this aggregator is less flexible. A CLS at 80 % of its installed capacity already results in a cost
of 6.8 DKK per household. As all cost functions have an exponential shape, aggregator cost of
offering CLSs are modelled as
agg

Cj




Pjlim = aj exp bj Pjlim − aj exp bj Pjnom ,

(4.8)

where aj > 0, bj < 0. The formulation ensures that CLS cost are zero at an aggregator’s installed
capacity P nom . The fitted functions are shown as continuous curves in Fig. 4.7. These continuous
curves will be used for the market clearing. Finally, the black continuous functions represent the
combined cost curves of all aggregators.
DSO cost function
Congestion is simulated in the primary substation and the COLL is evaluated. For this purpose,
the transformer rating is artificially reduced to 1200 kVA, and it is assumed that outages are caused
when the load exceeds 120 % of the transformer rating, at 1440 kVA. Figure 4.8 presents an example
of how a CLS can help prevent potential faults. The graphs show the power flow through the
transformer station on the 26th of January due to flexible and non-flexible loads. Power flows due
to non-flexible loads are depicted as the blue curves. The red curve represents power flows due to
the combined flexible and non-flexible consumption. The former is affected by aggregator control
and is more volatile. In the example many EVs charge in the early morning hours due to low
day-ahead prices (Fig. 4.8 (a)). This would cause protective equipment of the transformer to be
triggered, resulting in the disconnection of the feeder. A CLS of 500 kW would prevent the outage
(Fig. 4.8 (b)).
When requesting a CLS, DSOs need to specify their willingness to pay for such a service. Often the
COLL is used to estimate the cost of faults. Estimates for the COLL reach prices of up to 120 DKK
per kWh [54]. This cost represents society’s cost of lost electricity supply, rather than the actual
DSO cost. Using such a value would represent the social loss of power outages. In reality, a DSO’s
real willingness to pay for CLSs would be smaller. The authors of [135] assess publicly available
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Figure 4.8: Power flow through transformer station on the 26th of January 2019, (a): no CLS - (b):
CLS of 500 kW (reproduced from [Pub. E]).

DSO data from Finland, and estimate that the DSO’s real COLL is around 0.5 eurocent per customer
and minute interruption. It is assumed here that DSOs would be willing to pay the same amount
for CLSs in order to prevent outages. To calculate the cost of network operation under a given set
of CLSs, the amount of time steps with power flows exceed the transformer rating are counted, and
the value is multiplied with the corresponding cost per time step. Rebounds are neglected [136].
Figure 4.9 shows the result of the analysis. Without a CLS, the total flexible loads reach a maximal
value of 825 kW, resulting in regular power interruptions in the feeder. This would result in a
DSO cost of 6770 DKK. A CLS of 725 kW would reduce the flexible load peak by only 100 kW,
but would reduce the cost by 58 %. With a CLS of 460 kW no more power outages would occur,
resulting in a benefit of 6770 DKK. The DSO cost curve also shows an exponential shape and can
therefore be modelled as


C DSO P LIM = α exp(βP LIM ) + γ,

(4.9)

where α, β > 0. Figure 4.9 shows the fitted function as the continuous blue curve. Again, the
continuous curve is used for the market clearing.
Market outcome under uni-sided VCG
Figure 4.10 presents the result of the market clearing under uni-sided VCG. As uni-sided VCG
is incentive compatible with respect to aggregators, they cannot benefit from misrepresenting
their underlying cost functions unilaterally. Due to this fact, it is reasonable to assume that all
aggregators submit their true underlying cost functions as offer curves. In this step, it is also
assumed that the DSO reveals its true cost curve. In the graph, circles indicate the occurring costs
and triangles indicate payments.
The trade results in three CLSs with a combined capacity of 499 kW. Table 4.3 provides an overview
of aggregator profits. The larges share of the service is provided by the two EV aggregators, since
they are more flexible than the heating units. The aggregator controlling 150 heaters only provides
a CLS which reduces its capacity by 30 kW. Aggregator 1 has the largest portfolio and therefore a
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Figure 4.9: DSO cost curve for different amount of CLSs. Hollow circles indicate individual results,
while the continuous curve is fitted (reproduced from [Pub. E]).
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Figure 4.10: Market-clearing outcome of the proposed uni-sided VCG mechanism (reproduced
from [Pub. E]).

Table 4.3: Summary of aggregators’ profits expressed in DKK (reproduced from [Pub. E]).
Aggregator
1
2
3

Portfolio
101 EVs
68 EVs
150 heaters

P lim,∗ [kW]

Total profit

Profit per DER

164
111
224

1372
653
234

12.2
8.3
1.1

Profit per kW of
installed capacity
3.3
2.2
0.7

dominant market position. Under uni-sided VCG this is rewarded, and this aggregator has the
highest profit not only in absolute terms but also both per DER and per kW of installed capacity.
The DSO also benefits from the trade. As described above, without the CLS the DSO would face
operational cost of 6770 DKK. The CLS reduces this cost to 2350 DKK, 2117 DKK of which are paid
to aggregators for their services and 233 DKK are remaining compensation fees to customers.
Sensitivity analysis
Theoretically, there could be cases when the DSO does not benefit from a trade of CLS, when the
payment it has to make to aggregators exceeds its own benefit. To assess how likely such situations
are, a sensitivity analysis is carried out.

DSO benefit [kDKK]
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Figure 4.11: Sensitivity of DSO benefit under uni-sided VCG (reproduced from [Pub. E]).
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Figure 4.12: Sensitivity of aggregators’ profit (reproduced from [Pub. E]).

Changes in aggregator flexibility share, network loading and COLL are evaluated. To investigate
how changes in the flexibility share affect the market clearing and the DSO benefit, the amount
of EVs in aggregator 1’s portfolio is increased, while keeping the total number of EVs in the DN
constant. The transformer rating was changed to simulate different levels of network loading, and
the COLL was varied between 0.1 and 1 eurocent per minute and customer. The results of the
varying DSO benefit are shown in Fig. 4.11. Figure 4.12 shows how the flexibility share of an
aggregator and the transformer rating affect the aggregators profit per DER.
The graphs show three important features of the uni-sided VCG clearing mechanism. First,
while the issue of the DSO ending up with negative benefit under uni-sided VCG is a theoretical
possibility, no such situation could be observed in this case study. Second, DSO and aggregator
benefits drop sharply as the transformer rating is increased. Since aggregator and DSO profits drop
at lower network loadings (i.e., when the transformer rating is larger), it is logical to assume that
there would be reduced interest in trading services until DERs penetration increases substantially.
Finally, aggregators with a more dominant market position have a higher revenue per DER, which
might lead to high market concentration. As this reduces DSO benefits, the DSO has an interest in
ensuring that there is at least some aggregator diversity in DNs.
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4.4

Conclusion

LFMs have the potential to facilitate needed DSO access to flexibility resources, however exact
design questions have so far not been consolidated. This chapter has investigated different LFM
designs and assessed their economic incentives with the aim of identifying the best suited candidate.
First, in section 4.1 existing proposals for flexibility services were reviewed. Two common service
types were identified in the literature, namely baseline services and CLSs. In section 4.2 a list of
four essential service requirements was developed. Flexibility services have to be:
1. defined in a simple and transparent manner,
2. inclusive towards all types of DERs and aggregation sizes,
3. immune to manipulation,
4. compatible with continuous control.
Baseline service fail to meet these requirements. In addition, two persistent challenges with
baseline services were discussed. Flexibility services are likely to be activated under rare and
exceptional conditions, such as extreme weather events. Due to the rare nature of these evens and
the fact that flexibility services would have likely been activated in those cases in the past, training
data in the form of admissible days would be hard to obtain. Additionally, the continuous control
of flexible portfolios introduces randomness in the load patterns of admissible days, which in turn
substantially increases baseline uncertainty.
Second, the zero kilowatt paradox illustrates how baseline services are not suited to prevent
congestion in the DN which is caused by aggregator activity on the wholesale or ancillary service
markets. Baseline services would therefore not be able to resolve potential conflicts of interest
between the TSO and DSOs. In contrast, CLSs fulfil the essential requirements, as their definition is
simple and intuitive, they can be defined for all types of DERs and all aggregation sizes, flexibility
provision cannot be artificially inflated and aggregators are free to control their portfolios as
preferred, while delivering these services. Further, the arguments of lack of admissible days (or
the randomness introduced in those days due to the continuous control of portfolios) or the zero
kilowatt paradox do not apply to this service type. CLSs are therefore better suited for a European
approach to LFMs.
Due to this fact, section 4.3 proposes a market clearing mechanism to trade CLSs. Unlike common
market clearing mechanisms like PAB, UP, or VCG, the proposed uni-sided VCG achieves a
balanced trade-off between critical economic properties, namely efficiency, incentive compatibility,
budget-balancedness and individual rationality. In a case study, the proposed clearing mechanism
is found to facilitate trades, which are beneficial to both participating aggregators and the DSO.
For practical implementation of the uni-sided VCG mechanism, legislators have to be wary of
several uni-sided VCG properties
• Installed capacity
The proposed clearing mechanism ensures that aggregators cannot profit from misrepresenting their true cost. However, it is possible that aggregators increase their revenue by inflating
their installed capacity, and market regulators have to ensure that aggregators are unable to
do so.
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• Fall-back clearing option
The proposed market mechanism is only able to calculate payments when the market can be
cleared without an aggregator’s participation. Situations can occur where one aggregator
is essential, and the uni-sided VCG cannot meaningfully calculate payments, e.g., when
one aggregator has a very dominant market position. In such cases a fall-back option for
the calculation of payments is necessary. Possible candidates could be a take-it-or-leave-it
approach or price caps.
• Collusion
As mentioned previously, uni-sided VCG is vulnerable to collusion. Excessive collusion
would render CLSs too expensive for the DSO, which would then reinforce the network. This
in turn would eliminate the additional income for aggregators through the LFM, and acts as
a deterrent for such a behaviour. Nevertheless, legislators should impose strict penalties to
prevent potential collusion.
• Artificial splitting of portfolios
As the uni-sided VCG mechanism is not revenue monotone, aggregators can benefit from
artificially splitting up their portfolio. This behaviour has to be prevented. In practice,
administrative and commercial barriers might already prevent the intentional partition of an
aggregator’s portfolio.
• Truthfulness of DSO
The uni-sided VCG mechanism is not incentive compatible with respect to the DSO. Theoretically, the DSO could reduce the price of CLSs by understating its own benefit. However,
unlike aggregators, DSOs are closely monitored and regulators can ensure that the DSO’s
bidding in the LFM is fair and truthful.

CHAPTER

5

Conclusion and future work
This chapter first presents general conclusions and then addresses research questions Q1-Q5
individually.
The work that is presented in this thesis was completed in the context of the Danish project
EcoGrid 2.0, which designed and demonstrated a fully functional local flexibility market (LFM)
with hundreds of participants. This local market operated in parallel to the system-level balancing
market. Participating customers offered flexibility concurrently on both markets via aggregators
who controlled the flexible distributed energy resources (DERs). The demonstration included all
aspects of the LFM, including large aggregations of residential DERs, the installation of necessary
information and communications technology (ICT) infrastructure, flexibility forecasts and control
algorithms, market bidding and clearing methods, and service delivery verification and settlement
methodologies. This unique opportunity of a real-life and large-scale demonstration provided
the groundwork for a critical observation regarding all aspects related to an LFM and flexibility
provision by DERs in general.
This thesis highlighted the fact that most demand response (DR) concepts are based on the notion
of predictable flexible loads with a natural behaviour, such as dumb charging of electric vehicles
(EVs) or cyclic switching of thermostatically controlled loads (TCLs). However, it is necessary
that DER participate in the wholesale and ancillary service markets to provide much-needed
flexibility in a predominantly renewables-based system. Frequent participation in those markets,
which is desirable, results in more volatile load patterns such that no natural behaviour can
be observed. At the same time, load synchronization through aggregator control can cause
more regular operational issues in distribution networks (DNs), such as congestions and voltage
violations. A key observation of this thesis is that the primary role of an LFM would be to
represent a coordination mechanism to mitigate the consequences of this load synchronization.
This coordination is necessary to resolve potential conflicts of interest between the transmission
system operator (TSO), who would request and activate flexibility from DERs via the system-level
markets, and the distribution system operators (DSOs), who have to ensure the safe operation of
the DN. These conflicts have long been identified as one of the main barrier of the wide application
of residential DR.
In the absence of natural behaviour, it is very likely that baselines (and thus baseline services) will
be highly unreliable or even arbitrary. All attempts to standardize and quantify the impact of DR
by means of baselines have led to counterproductive market incentives and practical complications,
which may diminish the effectiveness of the LFM as a whole. Experimental results from the LFM
field trial on Bornholm have further strengthened this view. It is found that baseline services
with short response periods do not represent a reliable option for DSOs. Further, in the economic
assessment of flexibility services with long response duration, capacity limitation services (CLSs)
outperformed their baseline service counterparts.
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This thesis therefore argues to disregard the idea of baselines when designing an LFM. It is
important to note that this does not mean that load forecasts and load models should not be used
at all. Both DSOs and aggregator require such tools to participate in an LFM. However, these tools
should be developed for internal use and should be a part of contracts or agreements between the
different entities.
In the following, the individual research questions are addressed.
Q1: How can DSOs better use reactive power control (RPC) capabilities of inverter-based DERs to improve
DN operation under current grid codes?
RPC represents an additional measure to increase DN efficiency and reliability, and is particularly
well suited to mitigate voltage violations. Local RPC curves have several advantages. First, such
local controllers require no additional ICT infrastructure, and reactive power control for inverterbased DERs does not affect customer comfort. The proposed local reactive power controllers are
designed in a centralized manner, and are based on recent smart meter measurements. They are
therefore able to take recent local network conditions into account. Accordingly, the implementation
of local RPC curves can be considered as a first step against voltages violations. Afterwards, if the
application of local RPC curves does not fully mitigate voltage violations, alternative options, like
the acquisition of flexibility services, can be considered.
The approach, which is proposed in section 2, overcomes two main shortcomings of previously
developed design methods for local reactive power controllers. First, the use of a co-optimization
ensures that the contradicting objectives of loss minimization and minimization of voltage
deviations are both taken into account, and a desirable trade-off is achieved. Only minimizing
losses would ignore the fact that the nominal voltage does represent the ideal voltage magnitude
at each point of common coupling, and the ±10 % should only be seen as a tolerance range.
Second, the design of local RPC curves has been integrated in the formulation of an optimal power

flow (OPF) problem. This ensures that resulting solutions are more robust against extraordinary
situations. At the same time, the method scales well, making it possible to apply the approach to
large DNs with large populations of inverter-based DERs.
Q2: How can DSOs forecast and evaluate the financial benefit that flexibility services have on DN operation?
Acquiring flexibility services in an LFM requires that DSO are able to quantify their willingness
to pay for flexibility. At the same time, DSOs need long-term guarantees and services have to be
requested with lead times in the order of months or years to be compatible with representative
planning horizons of DSOs. Given these lead times, explicit load forecasts in DNs are not
meaningful well ahead of time, and the value of flexibility services has to be evaluated in a
probabilistic manner. In [Pub. B] a method is proposed to carry out a probabilistic DN assessment
to identify periods when flexibility services are most beneficial, and to quantify the expected gain
that these services can realize for the DSO. The method uses historical smart meter data to create
a set of representative network loading scenarios for a considered time period. Based on these
scenarios the impact of flexibility services on network operational cost can be determined.
In a considered case study, a set of scenarios was used to assess the two predominant types of
flexibility services, namely baseline services and CLSs. The results show that flexibility services
with short response periods do not represent a reliable option to mitigate congestion. This originates
from the fact that the accurate prediction of timing and magnitude of load peaks in the DN is too
challenging to allow DSOs to schedule flexibility services with short response periods efficiently.
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In the case of baseline services, such short response periods can often even be counterproductive
when a rebound occurs during the peak period. Overall, CLSs achieve higher expected benefits,
indicating that they might be better suited for DSO purposes.
In the real-life LFM demonstration, a total of 36 baseline services with a duration of one hour were
delivered by the aggregators. From the DSO’s perspective, the majority of these services had only
a marginal financial benefit. This confirms the previous finding that scheduling such services is
extremely challenging and might in some cases even lead to counterproductive effects. Therefore,
flexibility services aimed at DSOs must last several hours such that they cover the entire peak
period and rebound effects have no undesirable consequences.
In the rare event when services prevent outages, they realize in a significant financial benefit.
This means that DSOs can use flexibility services to hedge against unprecedented events, such as
extreme weather conditions.
Q3: How can the DSO estimate available flexibility and aggregator capabilities based solely on available
smart meter data?
Aggregators can use residential flexibility to participate in the energy and ancillary service
markets. To this end, they control aggregations of DERs, thereby synchronizing load patterns. The
EcoGrid 2.0 project has demonstrated how easily these actions can cause network congestion in
the DN. DSOs need to observe and model available flexibility and aggregator capabilities, in order
to participate in LFMs and identify time periods with a high probability of network overloading,
In [Pub. C] a method to identify the available flexibility of an aggregation of TCLs by using only
behind the meter (BtM) data is presented. The proposed baseline methodology can be used by
DSOs to identify and model DER flexibility. and evaluate the impact of aggregator control actions.
A simple flexibility model for the considered TCL population was developed, which allows the
DSO to better model frequent aggregator activity on the system-level markets in their probabilistic
network assessment. This in turn could enable DSOs to anticipate aggregator-induced network
overloadings and prevent them through the acquisition of flexibility services.
Results of a series of flexibility identification experiments have revealed that residential heating
systems have an average load reduction potential of 1.2 kW, depending on the ambient temperature
and the hour of the day. In addition, the impact of aggregation size on baseline uncertainty and
flexibility forecast accuracy has been investigated. Results show that the model delivers acceptable
results for larger aggregation sizes, but uncertainties increase rapidly for aggregation sizes below
50 households. This means that it would be difficult for a DSO to create a reliable flexibility model
for small aggregator portfolios.
Q4: Which are basic flexibility service requirements for an LFM and which service definition best facilitates
and promotes efficient use of flexibility resources in DNs?
Based on a literature review of existing LFM proposals, [Pub. D] established a list of four essential
flexibility service requirements. Flexibility services have to meet these requirements to represent a
reliable option for DSOs. First, the flexibility service definition has to be simple and transparent,
such that all involved actors can understand he service and are able to prepare service offers or
requests. Second, given the small expected number of LFM participants, flexibility services should
have an inclusive nature and should not exclude any potential flexibility providers. Third, the
market setup must be designed such that clearing outcomes and measured flexibility provision are
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difficult to manipulate. Fourth, service delivery on an LFM should not be affected by continuous
and irregular aggregator control actions for alternative purposes, such as activity on the wholesale
or ancillary service markets.
The two predominant flexibility service types of LFMs, namely baseline services and CLSs, have
been assessed with respect to these developed essential service requirements. Existing baseline
calculation methodologies are grouped into six categories, namely averaging methods, regression
methods, control groups, machine learning and hybrid methods, interpolation methods and
schedules. The analysis showed that none of these approaches results in a flexibility service which
meets all the service requirements at the same time. In addition, two persistent problems of baseline
approaches were identified. First, previous service deliveries and aggregator control of DERs lead
to a lack of reliable historic consumption data, which represent the basis for baseline calculation
in most approaches. Second, the relative nature of the baseline approach makes it practically
impossible to prevent network overloading due to spontaneous load increases of aggregators, in a
reasonable market framework.
CLSs were found to fulfil the essential service requirements. When CLSs are traded, no uncertainties
are part of any agreements between market participants. This represents a major advantage of
this type of flexibility service definition. Transparency and simplicity are fulfilled as the service
definition is not based on the vague notion of natural behaviour. CLSs can be defined for all types
of DERs and aggregation sizes. The provision of CLSs cannot be manipulated and aggregators can
continuously control their portfolios, even while offering a CLS to the DSO. Thus, it is concluded
that CLSs are better suited to facilitate efficient use of flexibility resources in DNs.
Q5: How should an efficient market clearing mechanism for an LFM trading CLSs be designed?
This thesis advocates an LFM setup with CLSs as the traded commodity. In [Pub. E] it has been
demonstrated that the most common market mechanisms, namely pay-as-bid (PAB), uniformpricing (UP) and Vickrey-Clarke-Groves (VCG), do not have the required market properties for
such a market. For this reason, a tailored VCG-based market clearing mechanism is proposed,
called uni-sided VCG. The mechanism achieves a trade-off between desirable economic properties, namely incentive compatibility, budget-balancedness, stability and efficiency. From an
aggregator’s perspective, the mechanism is incentive-compatible and individually rational. The
incentive-compatibility is of particular importance when trading CLSs, as these services are not
interchangeable among aggregators, and no common price can be found.
We believe that the proposed mechanism is suited for real-life application. However, a few minor
shortcomings and relevant recommendations were presented in [Pub. E], which legislators and
policy makers have to consider for a real-life implementation.

5.1

Future work

The results obtained in this thesis have also uncovered several possible topics for further work. In
the following, the most important of those are mentioned.
• Chapter 3 has proposed a method to quantify the expected financial benefit of flexibility
services. For this purpose, the cost of lost load (COLL) and cost of reduction of equipment
life time were considered. Expanding the range of considered costs such that they also
reflect compliance with the N − 1 criterion and other reliability measures could enhance the
methodology.

5.1. FUTURE WORK
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• This thesis proposed a simple method to identify available flexibility of an aggregation of
TCLs and developed a flexibility model which can be included in a probabilistic network
assessment of the DSO. To realistically model aggregator participation in system-level
markets, such models should also be developed for other DER types - EVs in particular.
• In this thesis flexibility services were primarily considered in the context of network congestion
and radial DNs. The question how DSOs should define CLSs in meshed networks and/or to
mitigate voltage violations should be addressed in future research.
• In chapter 4, a market clearing mechanism for LFMs trading CLSs has been proposed. So
far, conditional CLSs have not been considered. It would be interesting to investigate how
a market for conditional CLSs with a reserve and activation prices and potential partial
activations of services could be realized.
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Polynomial P-Var Functions
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Abstract—Reactive power control of inverter-based equipment,
such as photovoltaic units or electric vehicles, is one way to
address increasing voltage violations in distribution grids. Local
droop control strategies have been rolled out in several European
countries. In this work, we present an advanced method to
define polynomial P-Var curves. A stochastic optimal power flow
problem is solved, which co-optimizes both voltage deviations
and distribution grid losses, and incorporates the polynomial
coefficients as decision variables. The proposed method is applied
to a real Danish low voltage feeder, leading to more robust
solutions.
Index Terms—Optimal power flow, Power distribution, Power
system planning, Reactive power control, Voltage control

N OMENCLATURE
Sets
I
Set of buses
T
Set of time steps
T∗
Subset of time steps of cluster centers
Variables
η
EV charging efficiency
λ
Co-optimization trade off variable
πt
Cluster size of representative time step t
ap , bp , Polynomial P-Var curve parameters of PV unit p
cp , dp
EEV
EV battery capacity
m
Ii,j,t
Current magnitude flowing from node i to node j at
time t
rat
Ii,j
Current rating of equipment between node i and node
j
PpkWp kW peak of PV unit p
l
Pi,t
Active power consumption of households at node i
and time t
Pi,j,t Active power flowing from bus i to bus j at bus i and
time t
Pp,t
Active power output of PV unit p at time t
Qli,t
Reactive power consumption at node i and time t
Qi,j,t Reactive power flowing from bus i to bus j at bus i
time t
Qp,t
Reactive power output of PV unit p at time t
tarrive EV arrival time
tdepart EV departure time
m
Vi,t
Voltage magnitude at bus i and time t
V nom Nominal voltage magnitude

I. I NTRODUCTION
The introduction of renewable generation is increasingly
causing voltage problems in distribution grids, particularly
towards the end of long low-voltage feeders. On the one hand,
distributed generation can cause reversed power flows. On the
other hand, electric vehicles (EVs) can significantly increase
residential load during peak hours. These developments might
eventually lead to both stronger voltage dips, as well as higher
voltage spikes in the same distribution grid.
One way to counteract such voltage deviations is reactive
power control (RPC), facilitated by inverter-based equipment.
Germany has implemented a mandatory local RPC strategy
for photovoltaic (PV) units. PV inverters must have the ability
to generate power with power factors between 0.95 inductive
and 0.95 capacitive for units with a peak power smaller than
13.8 kW, and power factors between 0.9 inductive and 0.9
capacitive for units with a peak power greater than 13.8 kW.
The power factor thereby only depends on their active power
output [1]. The same control strategy has been adapted by
Denmark for PV units larger than 11 kW [2] and by Austria
[3], whereas a similar strategy has been introduced in Italy
[4]. Such local control strategies have the advantage of not
requiring communication infrastructure. This implementation
might help to prevent voltage limit violations, but it usually
increases grid losses due to higher current magnitudes. In
most distribution grids, voltages do not reach critical values,
hence a fixed control curve for all grids is not beneficial [5].
Distribution system operators (DSOs) are allowed to define
unit-specific P-var curves, however this possibility has so far
barely been made use of.
Several methods to define alternative and more efficient
local reactive power controllers have been proposed. The
authors of [6] calculate piece-wise linear P-V-Var curves for
each PV inverter, where the reactive power output depends
on local voltage and active power generation. The curves are
fitted to the results of an optimal power flow (OPF) calculation
which minimizes losses and treats the reactive power output
of PV inverters as the decision variables. Since voltages
deviations are not represented in the objective function, the
derived curves do not reduce voltage deviations, as long as
these stay within the allowed bounds. Since higher voltages
generally reduce grid losses, voltages above the nominal value

are interpreted as being beneficial, with an ideal voltage
magnitude of 1.1 p.u. at all nodes. If such curves were adopted,
regular voltage violations would occur. In [7], the authors
define piece-wise linear voltage-var curves in a similar fashion,
but only minimize voltage deviations instead. This approach
neglects grid losses, which are one of the main cost factors
for DSOs and one of the key indicators for their performance.
Both [6] and [7] include local voltage measurements into their
local controller. The authors of [8] chose a co-optimization
approach and thereby take into account that the minimization
of voltage deviations through RPC and the minimization of
grid losses represent conflicting objectives. P-Var curves are
defined through a regression.
One has to note that [6], [7] and [8] first solve an optimization problem which defines an optimal reactive power set point
for each time step and for each inverter. Once these set points
have been calculated, the local control curve of each inverter
is fitted to these values. The limitation of this approach lies in
the fact that this fitted curve does not necessarily respect the
grid constraints of the initial optimization problem.
The authors of [9], [10] define piece-wise linear P-Var
curves and V-Var curves in combination with active power
curtailment within the power flow optimization. However,
using piece-wise linear functions introduces integer variables,
which is computationally expensive, and therefore limits the
authors to a total of ten PV-units.
This paper defines local RPC-control curves through the formulations of a stochastic optimization problem. P-Var curves
are defined as 3rd order polynomials, whose parameters are
the decision variables of the OPF problem. Hence, instead of
a two-step procedure, the problem is solved at once, allowing
to take all grid constraints into account when defining the
P-Var curves. Since polynomial P-Var curves are used, no
integer variables are introduced and the problem can easily
be applied to larger distribution grids, with a high number of
PV-units. The problem is formulated as a co-optimization of
grid losses and voltage deviations. The method is tested on a
model of a real low voltage distribution feeder with a total of
131 households.
The paper is structured as follows: Section II introduces
the method, proposed in this paper. Section III presents the
case study, as well as the used models. Finally, Section IV
concludes the paper.
II. D ERIVATION OF ADAPTED P-VAR CURVES
A. Distribution Grid Operation Constraints
During distribution grid operation, there are two major
factors DSOs have to consider. First, voltages at customer
nodes have to stay within an allowed rage. The European norm
EN 50160 defines this range as ±10% of the nominal voltage
V nom [11]. Even though local grid codes often require DSOs to
keep voltages within an even smaller interval, the 10 % limit
will be considered throughout this paper, which is expressed
as
m
0.9V nom ≤ Vi,t
≤ 1.1V nom .
(1)

m
Vi,t
denotes the voltage magnitude at node i during time
step t. We denote the set of grid nodes as I and the set of
time steps in the simulation as T . PV power generation in
the distribution network increases nodal voltages. Therefore,
(1) limits the acceptable PV penetration in each distribution
network.
The second important constraint is set through equipment
ratings. All power equipment is designed for a maximal current
I rat . Exceeding the ratings for a long period of time reduces
the expected lifetime or can destroy the equipment entirely.
Therefore, DSOs have to ensure, that currents flowing through
power lines and transformers stay within the allowed range,
defined by
rat
m
rat
−Ii,j
≤ Ii,j,t
≤ Ii,j
.
(2)
m
Here, Ii,j,t
represents the magnitude of the current flowing
through the equipment, connecting node i and node j at time
rat
t, whereas Ii,j
denotes the corresponding rating. Ultimately,
(2) also limits the acceptable PV penetration in a distribution
feeder. Whether the voltage constraint or the thermal constraint
is the limiting factor for the PV hosting capacity of a feeder is
decided by the grid topology and the individual PV locations.
Generally, urban feeders with shorter cables tend to be rather
limited through the thermal constraint (2), whereas feeders in
the countryside with longer cables tend to be limited through
the voltage limit (1).

B. Photovoltaic Inverter Operational Constraints
All loads and generators in the power system have a power
factor, defining the ratio of active and apparent power flowing
through the equipment. A capacitive power factor increases
voltage at the point of common coupling (PCC) through
the generation of reactive power. An inductive power factors
reduces voltage by absorbing reactive power. In inverter-based
equipment this ratio can be adjusted, which again can be used
to manipulate voltages in the grid. If the maximal acceptable
PV penetration is defined through the voltage constraint, such
reactive power control can be used to allow additional PV
generation in the feeder.
Local reactive power curves are useful and comparably easy
to implement. The default curve, used in Germany is depicted
in Fig. 1. Denmark, Italy and Austria are using the same curve,
however it is only being applied, when requested by the local
DSO. Inverters, just like any other equipment in the electricity
grid, are designed for a specific maximal current, which can be
transformed into an apparent power rating S rat . This limits both
the active and reactive power output of PV inverters according
to
2
2
Q2p,t + Pp,t
≤ Sprat .
(3)

The index p is used for the set of PV units. Due to the grid
codes [1-4], it is nowadays common to oversize PV inverters,
such that they can still provide sufficient reactive power while
operating close to their peak power PpkWp . Accordingly, PV
units have the capability to generate or absorb reactive power
Qp,t as follows:
min
−Qmin
p ≤ Qp,t ≤ Qp ,

(4)

kWp >13.8kW
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Figure 1. Characteristic curve and admissible range which is implemented
by default into PV power inverters in Germany.

where
kWp
Qmin
.
p = tan(arccos(0.9))Pp

100

(5)

Finally, PV inverters can be connected to a single phase or to
all three phases. All grid codes limit the amount of asymmetric
power injection to single phases (Germany 4.6kVA, Denmark,
Austria and Italy 3.68kVA per phase). Beyond these limits,
both active and reactive power has to be fed into the grid
symmetrically on all phases.
C. P-Var Curve Definition within the OPF
We propose to derive P-Var curves based on historic smart
meter data as well as historic solar irradiance data. It is
impossible to solve the OPF for all time steps at once. In
the following we present how a k-means clustering algorithm
using the Euclidean norm is used to create representative
scenarios of both load profiles and solar radiation [12].
Afterwards, the resulting scenarios are used to formulate a
stochastic optimization problem. By solving this problem the
integrated P-Var curves are defined.
1) Scenario Generation: The available data is split into a
training set and a test set. The training set is used to create
P-Var curves, and afterwards their performance is evaluated on
the test set. All the time steps of the training data are clustered
into k groups according to the following properties: total
power consumption of all loads, total power consumption of all
households on each of the branches, and the solar irradiance.
The resulting amount of time steps assigned to each cluster
is denoted as πk . The time step with the smallest distance
to the cluster center is chosen as the cluster’s representative
scenario. In addition to these k time steps, two additional time
steps are added to the scenarios: the time step where the solar
irradiation is maximal, as well as the time step, when the total
household and EV load is maximal. This way, the initial set of
time steps T is reduced to the subset T ∗ containing only the
k +2 representative time steps. In this work, five minute smart
meter data and solar irradiance data from June and July 2016
have been used. June and July are used as a training and test
set, respectively. The 8640 time steps are reduced to a total of
150 representative time steps, which can be seen in Fig. 2.

Figure 2. Representative time steps, chosen with the k-means algorithm.

2) Problem Formulation: The P-Var curves define the relation between active power generation Pp,t and reactive power
output Qp,t for each PV unit as
3
2
Qp,t = ap Pp,t
+ bp Pp,t
+ cp Pp,t + dp , ∀t, ∀p.

(6)

These curves are derived by solving a stochastic OPF problem,
which is formulated as a co-optimization of both grid losses
and voltage deviations. We denote by Pi,j,t the active power
injected into the line connecting node i and node j at node
i and at time t. λ denotes the trade off variable of the two
objectives. πt weights the objective according to the cluster
size. The objective function is formulated as
X
min
λ
πt Pi,j,t
ap ,bp ,cp ,dp

i,j∈I,t∈T ∗

+ (1 − λ)

X

i∈I,t∈T ∗

m
πt V nom − Vi,t

2

. (7)

The problem is solved for all 150 time steps resulting from
the clustering at once. Each time step is weighed according to
the cluster size πt , representing the scenario’s probability to
occur. The first sum calculates the grid losses. By summing
over all indices i and j ∈ I, the power flowing from node
j to node i is added to the power flowing from node i to
node j, resulting in the line losses. The second sum represents
deviations from nominal voltage at all nodes. Deviations from
nominal voltage are penalized quadratically, representing the
fact that in the distribution grid small deviations are tolerable,
while larger deviations should be avoided.
In addition, (1) to (5) are included as constraints. Finally, the
usual AC power flow equations are also included, nodal active
and reactive power balance as well as line flow equations.
D. P-Var Definition based on Regression
To compare the proposed method, we apply a two-step
regression technique. First, the same OPF problem as in
subsection II-C is solved for all time steps in the training set,
with the only difference, that (6) is not included. The decisions
variables are then the reactive power set points of the PV units
Qp,t . No clustering is necessary, since the problem can now be
solved for all time steps individually. The objective function
is then formulated as:
X
X

m 2
min λ
Pi,j,t + (1 − λ)
V nom − Vi,t
. (8)
Qp,t

i,j∈I,t∈T

i∈I,t∈T
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Figure 3. Q-P scatter plot of PV unit

Next, the polynomial coefficients are found by fitting a PVar curve. To do so, we solve the constrained linear least
square problem, where the included constraint is (4). This
problem is solved for each PV unit individually. Finally, to
evaluate the performance of the two different P-Var curves, we
apply them to the test set. As there are no free variables any
more, this evaluation requires a simple load flow analysis. An
example of the three optimization results for one PV inverter
is depicted in Fig. 3. The yellow curve has been defined using
the integrated approach from section II-C. Blue dots depict the
individual time steps optimization result without (6), during
the first step of the regression approach. Each dot represents
the ideal reactive power set point of one time step. Based on
this result, the red curve was fitted using the constraint least
square method.
III. C ASE STUDY
To test the proposed method, a real radial distribution feeder
from the Danish island of Bornholm has been modeled, which
is shown in Fig. 4. The grid connects a total of 131 residential
houses. The red node marks the transformer station, where
the system is connected to the higher voltage level through a
400 kVA transformer. Yellow nodes indicate nodes to which
PV-units were added blue nodes represent nodes with electric
vehicles.
A. Case study data and models
1) Load and slack bus data: Loads are modeled as active
l
and reactive power draws (Pi,t
, Qli,t ) at the PCC. The smart
l
l
meter data for Pi,t and Qi,t of 131 households with a resolution of five minutes are used for the simulation. Usually,
several customers connect to the same node. In this case
their load is aggregated. For the purpose of this simulation,
it is assumed that the distribution grid is balanced. Slack
bus voltages are modeled based on real five minute averaged
voltage data from the SCADA-system. The used data which
originates from the corresponding primary transformer station,
has a mean voltage on the secondary side of 10.51 kV and
a standard deviation of 71.8 V. These voltages are linearly
mapped onto a distribution with the same shape, but with
mean voltage of 10.1 kW. To account for additional voltage

Figure 4. Sketch of the used 400 V distribution grid, the red node shows the
secondary substation. PV units are located at yellow nodes, blue nodes depict
EV-locations.

deviations through the 10 kV grid a slightly higher standard
deviation of 73.3 V is used for the slack bus.
2) Electric vehicles: To model a future load scenario of this
distribution feeder, it is assumed that 39 of the 131 households
own an electric vehicle. These cars charge such that they
minimize the power acquisition cost on the wholesale market
and reach a state of charge of 100% by the time they depart.
Full knowledge of both spot prices [13] as well as arrival time
tarrive and departure time tdepart is assumed. Since households
usually have a 16 Ampere fuse, cars charge with a maximal
power of 3.68 kW. Further, the modeled car batteries have a
storage capacity of 24 kWh and charge with an efficiency η.
The probability distributions for tarrive , tdepart and the state of
charge are taken from [14].
3) Photovoltaic units: Photovoltaic units are modeled as
active power injections at the PCC. At 17 nodes PVs are placed
into the grid. The injected power is proportional to the solar
irradiance. The peak power of each PV unit PpkWp is fed into
the grid, when the solar irradiance is 1 kW/m2 . Real solar
irradiance data from the island of Bornholm is used for this
purpose. A peak power PpkWp of 20 kW is used, which is rather
large. This accounts for the fact, that at each node, several
customers are connected.
The parameters for both PV units and EVs are summarized
in Table I. The probability distribution for the state of charge
at tarrive can be found in [14].
B. Results
The proposed method is applied to the months of June and
July. In the considered distribution feeder, the highest voltages

Parameter
tarrive [h]
η + (−)
EEV [kWh]

Simulation Parameters
Value
Parameter
N (19, 10)
tdepart [h]
U [0.85, 0.9]
Pcharge , [kW]
kWp
24
Pp [kW]

Value
N (7.5, 1)
3.68
20

Table I
S UMMARY OF SIMULATION PARAMETERS FOR PV AND EV MODEL .
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5
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Results - λ = 1
Parameter
Str. 1
Str. 2
Max. nodal voltage (p.u.)
1.122 1.100
0.976
0.973
Min. nodal voltage (p.u.)
time share with violations (%)
3.9
0
Max. line loading (%)
88.6
88.6
2.18
2.18
Losses (%)
Objective
136.0
136.2
Results - λ = 0
Max. nodal voltage (p.u.)
1.122 1.088
Min. nodal voltage (p.u.)
0.976
0.982
time share with violations (%)
3.9
0
88.6
96.9
Max. line loading (%)
Losses (%)
2.18
6.37
Objective
204.1
35.7
Results - λ = 0.4
Max. nodal voltage (p.u.)
1.122 1.093
Min. nodal voltage (p.u.)
0.976
0.980
3.9
0
time share with violations (%)
Max. line loading (%)
88.6
96.9
Losses (%)
2.18
3.92
127.6
52.7
Objective

Str. 3
1.115
0.965
2.25
89.2
2.20
137.3

Str. 4
1.096
0.970
0
99.6
2.49
155.9

1.092
0.969
0
100.6
5.22
70.3

1.092
0.971
0
97.6
5.85
65.9

1.094
0.970
0
100.5
3.61
70.4

1.0944
0.972
0
98.4
3.55
66.0

Table II
S UMMARY OF RESULTS FOR DIFFERENT λ
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Figure 5. Integrated P-Var curve of PV unit at node 5. Top: minimization of
voltage deviations, Bottom: minimization of losses.

occur at node five during times of high PV generation. Fig. 5
shows the calculated P-Var curve of the PV unit located at this
bus. In the top graph, only voltage deviations are minimized
(λ = 0). At low PV in-feed, the inverter uses a capacitive
power factor to compensate for the voltage drop, caused by the
residential loads. When PV generation exceeds the load, and
power is flowing towards the transformer station, an inductive
power factor reduces voltage.
The bottom graph shows the behavior of the same PV
unit when only losses are minimized (λ = 1). For loss
minimization, little reactive power is used by the PV inverters,
since RPC usually leads to higher currents and therefore higher
losses. The PV units in the grid only operate with a slight
capacitive power factor to counteract the inductive loads and
the transformer’s inductiveness. During high power injections
of the PV-units, reactive power is absorbed to lower the nodal
voltage to the allowed range.
In this case study, four different control strategies are
considered:
•

•
•
•

Strategy 1: No RPC,
Strategy 2: Ideal RPC with optimal reactive power set
point,
Strategy 3: Local RPC with P-Var curve based on regression method,
Strategy 4: Local RPC with P-Var curve based on integrated calculation.

Strategies 1 and 2 are included as benchmarks, to illustrate

what the worst case scenario is (strategy 1) and what the
best possible performance could be (strategy 2). Note that
4th -order polynomials have been tested as well, but it was
found that these did not improve the performance on the test
set, indicating over-fitting. Table II summarizes the results of
these four control strategies for three different trade off values,
λ = 1, λ = 0.4 and λ = 0.
The first column is independent from λ, since it represents
the case without RPC. This case leads to significant voltage
violations in the distribution grid. 3.9% of the time the grid
constraints are not respected in this scenario, corresponding to
56 minutes per day. When λ = 1, only losses are minimized
and nodal voltages are only represented through constraints.
Using an ideal central controller, with full knowledge of the
grid state (strategy 2), manages to contain all voltages in the
allowed band, without any significant increase in grid losses.
Using the regression-based approach (strategy 3) still leads
to voltage violations 2.25% of the time, corresponding to 32
minutes per day. The integrated P-Var approach manages to
respect all voltage constraints. To accomplish this, a larger
share of reactive power is absorbed by the inverters, which
results in an increase of losses of 0.3%. Fig. 6 shows a
logarithmic histogram of the nodal voltages throughout the
distribution grid for these four different control strategies.
When only voltage deviations are minimized, all RPC
controllers are able to contain the voltages. Since grid losses
are not taken into account, this increases line loadings and
therefore losses. Power ratings are only represented through
constraints. When a regression-based P-Var curve is applied
(strategy 3), these constraints can not be taken into account
and the power line connecting the nodes 14 and 17 is at times
overloaded. When the integrated P-Var curve is used, the lines
are also heavily loaded, but all grid constraints are respected.
Finally, we analyze a trade-off case, where both objectives
are taken into account with a similar weight. λ is therefore

Strategy 1: No RPC
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Strategy 3: Regression based P-Var curve

10
103
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103
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0.98
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1 1.02 1.04 1.06 1.08 1.1 1.12
Strategy 4: Integrated P-Var curve

linear curves, are used, computational complexity is low and
the problem scales well because of the employed polynomial
curves instead of binary variables.
Future work will apply the proposed methodology to unbalanced grids. The PV units, which were considered in this
study, are required to feed active and reactive power symmetrically into the different phases. However, the asymmetrical
residential loads and EV charging are expected to have an
influence on the ideal shape of P-Var curves. The result of
such a study might indicate which load and grid topology
information has to be taken into account when deriving
advanced P-Var curves.
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Figure 6. Logarithmic histogram of nodal voltages in the distribution grid
for the four control strategies (λ = 0).

chosen based on the previous simulations objective results as
λ = 0.4. In this case, again all RPC controllers are able to respect the voltage constraint of the distribution gird. Regression
based P-Var curves fail to fully respect the thermal constraint
of the network. However, the application of integrated P-Var
curves respect all constraints of the grid, while at the same
time performing better in terms of grid losses and operator
objective.
IV. C ONCLUSION
The continuing increase of distributed renewable generation
in low voltage networks requires to control voltages at the
customer side. Local RPC curves, where inverter-based equipment adjusts the reactive power output according to locally
measured quantities, have already become part of grid codes
in Germany, Denmark, Austria and Italy. Adjustments of such
P-Var curves can further reduce grid losses, as well as voltage
deviations.
This work presents a method to incorporate the derivation
of P-Var curves into an optimal power flow calculation. By
formulating the OPF as a co-optimization of grid losses and
voltage deviations, the shape of these P-Var curves can be
chosen according to the priorities of the local DSO. The
derivation of curves through a regression technique is compared with the proposed integrated approach on a Danish lowvoltage distribution feeder. We show that when regression is
applied, regular voltage or thermal constraint violations can
occur, as not all grid constraints can be taken into account. Our
calculation method is able to limit such constraint violations,
since P-Var curves are defined within the optimal power flow
calculation. Since polynomial curves, rather than piece-wise
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Abstract
The number of distributed energy resources installed in distribution networks is steadily
increasing. Their flexibility can be leveraged by aggregators and used in the wholesale markets. However, the utilization of this flexibility cannot neglect the operating conditions of
distribution networks, and thus some form of coordination between distribution and transmission system operators must exist. The idea of operating local flexibility markets has
been proposed to address these issues, but experience from real-life demonstrations is still
missing. The Danish project EcoGrid 2.0 has designed, implemented and tested a local flexibility market with 800 participating customers, which runs in parallel with the wholesale
markets. First, this paper presents a method to identify and quantify the value of possible
flexibility services that are beneficial to the distribution system operator. Next, it provides
insight from the operation of a real local flexibility market, with a large number of controllable loads. Results show that aggregators are able to reliably shape the load of residential
heating units to deliver flexibility services, despite the presence of large uncertainties. Services can act as an insurance policy against rare but consequential network overloadings and
outages. In these rare cases flexibility services can increase social welfare significantly. However, such services should be carefully selected to avoid adverse effects. Finally, we provide
with guidelines and some general remarks on the nature and the desirable characteristics of
those markets and services.
Keywords: Aggregated flexibility, demand response, distribution network, field trial, local
flexibility market

1. Introduction
Additional flexibility is required for balancing purposes, as more volatile renewable power
generation is introduced to the power system [1]. Flexibility can come from demand response
(DR), i.e. by using electric vehicles (EVs) [2] and heat pumps [3] as flexible resources, from
distributed storage and from distributed generation. These distributed energy resources
(DERs) can provide system services [4] and even replace fossil-fuel based flexibility on the
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generation side [5]. Individual DERs are usually too small to participate directly in the
wholesale markets [6]. To this end, aggregators can pool and control large populations
of DERs, and use them for offering services to the power system. Numerous works have
shown that advanced control mechanisms of populations of DERs can yield financial benefits
to consumers. [7] assesses the economic benefit from optimizing energy consumption of
aggregations of different types of buildings. The authors of [8] minimize the energy cost of
an aggregation of DERs, considering spot prices and options on the balancing market. The
authors point out the particular potential of EVs, and state that prosumers can reduce their
electricity bill by up to 40%, when utilizing V2G flexibility.
Distribution system operators (DSOs) must guarantee uninterrupted power delivery with
an appropriate quality to end consumers at all times. However, load synchronization from offering services to the wholesale markets can cause operational issues in distribution networks
[9]. One way to avoid significant voltage violations or network overloadings is to reinforce
the distribution grid, such that it can withstand all possible loading scenarios. However,
sever spikes occur only few times a year (e.g. during times of negative prices or extreme
weather conditions), and relying solely on this traditional “copper and iron” strategy is not
economically feasible [10]. Therefore, alternative options have to be considered.
One way to tackle voltage and congestion issues on a distribution level is via service-based
market mechanisms. The authors of [11] argue that potential conflicts of interest between
system operators represent a key flexibility market design challenge. To fully leverage the
capabilities of DERs, a well-designed coordination mechanism between the transmission
system operator (TSO) and DSOs is required [12]. The Danish EcoGrid 2.0 project [13] has
implemented and demonstrated a local flexibility market (LFM) with an adapted balancing
market, which facilitates the participation of small flexible resources. The LFM resolves
potential conflicts of interest between system operators, and DSOs can acquire flexibility
services to delay or avoid investments for reinforcement of transformers and power lines [14].
LFMs are able to retain the current wholesale markets structure and require only minor
adjustments in the legislative framework. In addition, they are in line with the ENTSOE
guidelines [15], which state that DERs should be able to sell their services where it is most
profitable for them. Due to the these advantages, LFMs are also promoted by EU legislators
[16]. While there exists extensive literature regarding LFMs, to the best knowledge of the
authors, a complete real-life demonstration with a large number of consumers has not been
carried out before. As a result, many proposed frameworks lack the insight that such a
demonstration provides. As an example, the authors of [17] show how customer willingness
to offer flexibility can easily be misrepresented.
The goal of this paper is to present the LFM that was designed and tested throughout
EcoGrid 2.0, which operated in parallel with an implementation of a system-level balancing
market. More importantly, we present our insights on issues we identified through operating
such a LFM, the importance of proper service definition, and the shortcomings of particular
types of services. We also provide some more general observations regarding DSO-TSO
coordination and the role and use of flexibility in this context.
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1.1. Contribution and paper organization
The contributions of this paper are twofold. In the literature review presented in Section
2, we show that existing theoretical assessments of LFMs tend to make overly simplifying assumptions. For example, uncertainties related to flexibility and load forecasting are
largely neglected, or the distinct roles of market participants are not respected. As a first
contribution, we implemented a complete market framework that overcomes the shortcomings that we identified in the literature. A real-life demonstration of this LFM ensured
that all involved uncertainties are realistically represented. In the context of this coherent
setup, we present a method that allows DSOs to identify beneficial services and estimate
their economic value. Second, we present the results of the first large-scale field trial of a
LFM. We designed and executed a large number of tests, involving hundreds of real residential customers, to evaluate the operation of the proposed market and the accuracy in
the provision of DSO services. We provide new perspectives on DSO-TSO coordination,
and on the nature of congestion management in distribution networks. Finally, we make
recommendations regarding the desirable characteristics of services traded on a LFM.
The remainder of the paper is structured as follows: Section 2 provides an overview of
the existing literature and demonstration projects regarding market approaches for flexibility services in the distribution level. Section 3 presents the EcoGrid 2.0 project and the
flexibility services are defined. In Section 4, the methodology to assess the value of flexibility services for congestion prevention is introduced. In Section 5, the method is applied
to a real medium voltage feeder to analyze two types of flexibility services on a theoretical
level, and the results of the large-scale demonstration experiments on the island of Bornholm
are presented. Section 6 discusses various techno-economical issues, potential barriers and
limitations of the LFM. Finally, Section 7 concludes the paper.
2. Literature review of local flexibility markets
The authors of [18] provide a comprehensive overview of distribution network congestion
management solutions, and in [19] these are split into two categories - direct and indirect
methods. Direct methods describe actions that DSOs can take, such as network reconfiguration, reactive power control or load shedding. Indirect control methods use price signals
or contracts to manipulate the power demand of customers. The most prominent indirect
congestion management methods are distributed locational marginal prices [20], dynamic
pricing [21] and LFMs. Peer-to-peer local electricity markets are also a promising alternative way to procure energy and utilize flexibility [22], while putting customers at the forefront
of decision making [23]. Our work focuses on LFMs, and more specifically the framework
proposed and implemented in EcoGrid 2.0. For this reason, our literature review focuses on
this particular congestion management mechanism.
There exists extensive literature on LFMs. [24] reviewed market structure proposals that
target the whole power system, as well as the distribution level. The authors compare 67
approaches according to targeted system level, purpose of flexibility service, consideration of
TSO-DSO coordination, existing market proposal, specification of necessary service metrics,
as well as consideration of rebound effects. The authors conclude that common flexibility
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definitions and clear service specifications in line with the service purpose are needed. In
particular, they stress the necessity to define new services that are specifically designed for
DSO needs, like voltage control, loss minimization, phase balancing, load reduction during
planned maintenance, and contribution to the extension of asset life time. In [25] the authors
present a framework to incorporate such options in the planning procedures of DSOs.
During our literature review, we identified several unrealistic assumptions and shortcomings, which are widespread in proposals regarding LFM. First, a market approach requires
clear definitions of flexibility services, such that they can be traded as standardized products. This implies a list of parameters which identify an individual service, for example
delivery period or delivered load change. In many works, such a clear service definition is
missing entirely [26] or only a generic service purpose is mentioned, such as peak-shaving
[27] or congestion service [28]. If services are defined, the method usually resembles the
balancing market. Products are defined as a deviation from a predefined consumption reference profile, and flexibility is remunerated per kW of down regulation or up regulation.
However, balance responsibility is currently applied on a system level, and cannot simply be
scaled down to a feeder or even an individual customer level. It is commonly assumed that
residential consumption can be forecasted and used as a reference baseline to verify service
delivery [29]. Some works assume that such forecasts are available for each aggregator in
a distribution grid [30], for each customer [31], or even for each individual appliance [32].
In addition, some works assume that the costs of deviating from these schedules are available as well [33]. On the one hand, such approaches do not consider the high stochasticity
and uncertainty of residential demand [34]. On the other hand, the introduction of such
schedules or reference profiles raises a series of important practical issues and questions. For
example, it is not clear to which degree schedules introduced in the distribution level are
binding, or how flexible units with schedules can be differentiated from non-flexible units
without schedules.
Second, flexibility services have to be defined, such that the role and responsibilities of
all stakeholders are respected. DSOs are monopolies and could potentially use their market
power for their own benefit. They are therefore highly regulated. Apart from DSOs and
power generators, also flexible demand resources can in some cases exert market power [35].
Therefore, network operation and commercial activities have to be strictly separated. This
separation is called the unbundling principle. Accordingly, DSOs are not allowed to own
power generation or consumption units [36]. Proposals in which DSOs can directly control
DERs in order to mitigate congestions or manipulate voltages [37], or in which the DSO
acts as a market operator [38], are not compatible with this principle. Services that make
aggregators directly responsible for keeping voltages and currents at specific grid nodes
within an allowed range [39] have also been proposed. Such an approach would imply that
aggregators are continuously informed about the distribution grid state. Apart from the
fact that DSOs are currently not able to fully observe their distribution grid in real time,
aggregators are private entities and are not supposed to receive information about the state
or the topology of the grid, again due to the unbundling principle. What is more, such
services assign the responsibility of respecting network constraints to aggregators. Thereby,
the aggregator may take over responsibility for loads that do not belong to its portfolio.
4

This could potentially also include flexible DERs under the control of other aggregators.
Finally, numerous works introduce LFMs with short lead times. The authors of [40]
propose a LFM to efficiently schedule flexibility for congestion management day ahead.
Similarly, in [33] the DSO runs a market right after the day-ahead market clearing, in order to
mitigate local congestions. The market in [41] uses a similar approach but considers potential
flexibility rebound effects and is designed to work in the yellow phase of the German traffic
light system [42]. The authors of [26] compare two approaches for a LFM. They differentiate
flexibility services for retailers, DSOs and the TSO, and compare separate market clearing
with a single market, which co-clears all services at once. The co-clearing approach requires
that flexibility services for the DSO have the same lead time as the wholesale markets. Such
short lead times are not in line with DSO network planning time horizons, such that DSOs
would not be able to consider flexibility services during their network planning stage. The
authors of [32] analyze different LFM approaches and conclude that a reserve-type market
approach with lead times of six months to one year are likely to face the lowest entry barriers
for market participants.
Apart from theoretical analyses, a series of demonstration projects have showcased the
technical feasibility of congestion management methods. Interflex [43] is a Dutch project
dealing with congestion management, comparing time-of-use tariffs, dynamic tariffs and a
LFM approach with long lead times. A clear definition for the standardized products on
the market, which represents the core of a market proposal, has not yet been provided. The
REnnovates [44] project has demonstrated the use of flexibility for congestion management
using price incentives. Flexibility services are provided by an aggregator that controls DERs
from six residential households [45]. In [46], the authors present the results from the Reflexe
project, which demonstrated flexibility services with DERs, using eight industrial and commercial sites, as well as a battery storage system. Flexibility dispatch is optimized according
to different objectives, such as maximization of expected revenue, however, it is unclear how
the used baselines are created and services are not properly defined. The concept of PowerMatcher [47] relies on dynamic pricing and has been demonstrated with a population of
22 residential customers. [48] presents a centralized approach which is the result of the
EMPOWER and INVADE projects. Instead of providing clear service definitions, the authors list what the potential purposes of flexibility services could be, namely congestion
management, voltage and reactive power control, and controlled islanding. A daily LFM
is simulated under the assumption that accurate flexibility forecasts and baseline estimates
are available to the DSO. By generating a common objective function, the authors neglect
uncertainties regarding baselines and load forecasts, as well as the fact that stakeholders
have conflicting objectives and different levels of information.
In [29] the authors present an optimization method to schedule DERs in order to provide
flexibility services to the DSO. It is assumed that power consumption can be forecasted for
individual electrical appliances and can be used to precisely estimate the available flexibility
in a distribution grid. Creating accurate forecasts or imposing binding schedules on low
aggregation levels is unrealistic, largely due to the considerable uncertainties of residential
consumption. The iPower project has brought forward a series of ideas for potential distribution grid flexibility services [49], and the authors of [50] promote a market platform called
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flexibility clearing house (FLECH), which relies on the customer - aggregator - DSO setup.
Even though these services are described in detail, important challenges regarding each service specification are not addressed. Both [49] and [50] propose baseline flexibility services.
These services work in a manner analogous to the balancing services of the wholesale market, and require deviations from reference profiles (or else baselines). As mentioned before,
baselines or schedule-based services bring along a number of challenges, such as considerable
uncertainty for small DER populations, due to user behavior. Another important drawback
is the ability of aggregators to manipulate baselines, to maximize their own profits [34]. A
thorough investigation of these challenges is missing. Another proposed service is the PowerCap, which makes an aggregator responsible for ensuring that a specific network component
does not become overloaded. However, aggregators are commercial entities, which are not
allowed to have access to detailed information about the state of distribution grids. The
PowerMax service sets caps on the total active power consumption of an aggregator during
specified periods. Such a service would be easy to deliver and verify. However, aggregators
of different population sizes would have to be assigned different consumption limits to grant
the DSO the same level of security. A fair and efficient way to clear such a service market
is, however, not provided. The authors of [51] propose a method to calculate bidding curves
for aggregators intending to offer such capacity limitation services to the DSO.
The EcoGrid EU project was the first large-scale DR demonstration, involving around
1900 residential customers from the island of Bornholm, Denmark [52]. In the project, realtime prices were used to manipulate demand. Price incentives, tariffs or transactive control
schemes do not require loads to shift their consumption, but only create incentives to do
so. Therefore, they grant the DSO only limited security. Moreover, such pricing schemes
penalize inflexible loads as well, as they do not have the ability to shift consumption.
This section has reviewed the existing literature and related projects on congestion management in the context of LFMs. We have identified three widespread shortcomings. First,
flexibility services have to be clearly defined as standardized products, and the stochasticity
of residential and flexible demand has to be properly represented. Second, the roles and
responsibilities of all stakeholders have to be respected. In particular, market proposals
must be in line with the unbundling principle of network operation and commercial activities. Finally, LFMs should allow DSOs to consider flexibility as an option in the network
planning phase, otherwise it would be very difficult for them to consider such products as
a reliable alternative to grid reinforcement. The next section presents the LFM framework
proposed in EcoGrid 2.0, which takes the aforementioned issues into account.
3. EcoGrid 2.0 local flexibility market
3.1. Introduction
EcoGrid 2.0 is a Danish project that demonstrates how flexibility from households can
be utilized through DR to offer power system services to both the TSO and DSOs. An
overview of the project setup can be seen in Figure 1. Around 800 private households
from the island of Bornholm participate in the project. Every household owns a flexible
electric heating unit, and is equipped with a smart meter and the necessary communication
6
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Figure 1: Overview of the EcoGrid 2.0 setup

and control equipment. The flexible loads of approximately half the project participants
are resistive heaters and the other half heat pumps. Resistive heaters are controlled by
adjusting room temperature set-points, whereas a throttle signal can be sent to heat pumps,
which ceases their operation [53]. Flexible units are controlled by aggregators - entities that
pool and optimize electric appliances for their customers. By controlling a population of
DERs, aggregators reach sizes which allow them to be active on the wholesale markets. The
smart meters of the households measure flexible consumption together with the non-flexible
load and potential photovoltaic generation. Historical load values of all smart meters are
available since the beginning of the project in 2016.
3.2. Data-related issues
The methods developed in EcoGrid 2.0 are designed for smart meter technology that will
be available in Denmark by the end of 2020. Most of the customers are already equipped
with smart meters, and their consumption data is stored centrally in the DataHub [54].
If manufacturers equip DERs with information and communication technology capabilities
allowing remote control, aggregators will be able to offer flexibility to the TSO and the DSO
at low additional cost. Such technologies are already pre-installed by manufacturers in most
EVs, and in many modern heating systems.
Data privacy is another important aspect related to LFMs. In our proposed market setup,
both DSOs and aggregators need access to smart meter data. The former in order to calculate
which services they need to acquire, and the latter in order to model flexibility, control their
DERs effectively, and calculate the amount of flexibility they can offer to DSOs. Customer
awareness in Denmark is increasing significantly and consumers are willing to share their
consumption data, since they believe that this contributes to the country’s sustainability
goals [55]. In the proposed market, DSOs use aggregated smart meter data, which is less
likely to raise data-privacy concerns, compared to analyzing and using individual customer
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profiles. Methods that use aggregated smart meter data to model flexibility and control
portfolios of DERs can also be used by aggregators [56]. Based on the above, we believe
that the use of customer data in the described context is realistic and does not pose any
significant obstacles for real-life implementation.
3.3. EcoGrid 2.0 services
EcoGrid 2.0 assumes that flexibility products for the DSO are traded one to twelve
months in advance. Long lead times enable DSOs to consider flexibility as an option during
their network planning procedures. As it is not possible to forecast during which specific day
flexibility services will be necessary, provision time is expected to be in the order of weeks
to months. Ultimately, DSOs will choose lead and provision times which achieve a desired
trade-off between complexity, administrative costs and operational guarantees, depending
on the occasion. To be able to rely on such flexibility services, the DSO has to quantify how
often, how much and for how long services are required, at a point in time when no reliable
load forecasts are available.
EcoGrid 2.0 introduces two types of DSO services: capacity limitation services, which
impose total power consumption caps on an aggregator’s portfolio, and baseline flexibility
services, which refer to load reductions or load increases, with a predefined baseline as
a reference. Furthermore, these two services can be either scheduled or conditional. A
scheduled service is activated regularly at a specified time period, whereas a conditional
service may be activated by the DSO during that time period, if deemed necessary. Payments
for conditional services are split into a reserve part and an activation part. If a conditional
service is not activated, the DSO only pays the reserve price.
3.3.1. Capacity limitation services
Capacity limitation services impose total power consumption limits on the portfolio of an
aggregator for a fixed time period. Figure 2 shows an example of such a service. Normally,
aggregators can freely control their portfolio - they are only physically constrained by the
relatively high sum of their customers’ household fuse limits P max . For the time interval
tstart to tend the aggregator and the DSO agree on a lower total consumption limit P cap .
Without additional control actions, the aggregator would have exceeded P cap (red curve).
In order to respect the lower consumption limit, the aggregator controls its portfolio so that
total consumption stays below P cap (black curve).
Each capacity limitation service is defined through a set of seven parameters, which
are listed in Table 1. Limit start time and Limit end time define the time period when
the capacity limitation takes effect. Provision start time and Provision end time define
the interval during which the service can be activated. Capacity limitation power is the
total active power limit, which the aggregator has to respect during the service period.
Furthermore, it is necessary to include locational information to the request. Each flexibility
unit in the distribution network is assigned a unique unit ID. The DSO specifies which units
can deliver the service through a List of unit IDs. Apart from the Maximal price, which
expresses the DSO’s willingness to pay for a service request, an Activation probability is
8
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Figure 2: Sketch of a capacity limitation service

included. Through this probability, the DSO expresses how often it expects a conditional
service to be activated.
Table 1: Capacity Limitation Service Parameters

Variable
Parameter
Limit start time
tstart
tend
Limit end time
Provision start time
Provision end time
Capacity limitation power
P cap
List of unit IDs
Maximal price (DSO)
Activation probability
π act

Example
19:00:00
22:00:00
01-Feb-2019
31-Mar-2019
350 kW
List of IDs
750 DKK
0.3

3.3.2. Baseline flexibility services
Baseline flexibility services are characterized by a reference time series, called baseline.
A baseline is an estimate of the hypothetical power consumption, had the aggregator not
controlled the portfolio to deliver the service in question. More details on the baseline
estimation method used to define and verify the proposed services can be found in [56].
With the baseline concept, a load change through aggregator control (response) is followed
by a load change to the opposite direction (rebound), to return consumption to its steady
state. This effect can be taken into account by defining two consecutive blocks for each
service, one representing the response and the other the rebound; together they form an
asymmetric block offer [57]. Figure 3 shows an example of a baseline load reduction service.
A baseline service request is defined through ten parameters, which are listed in Table 2.
These again include Provision start time, Provision end time, List of unit IDs, Maximal
price and a Activation probability. In addition, each service is characterized through a
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Figure 3: Sketch of a baseline service

Start time, Response end time and Rebound end time, which define the time when response
and rebound periods occur and a requested Response Power and maximal allowed Rebound
Power.
Table 2: Baseline Service Request Parameters

Parameter
Start time
Response end time
Rebound end time
Provision start time
Provision end time
Response power
Rebound power
List of unit IDs
Maximal price (DSO)
Activation probability

Variable
tstart
treb
tend
P res
P reb

π act

Example
19:00:00
20:00:00
21:30:00
01-Feb-2019
31-Mar-2019
150 kW
100 kW
List of IDs
750 DKK
0.3

Flexibility services for the DSO target specific network components. This means that
each service can only be delivered by specific DERs that are connected to specific nodes.
Flexibility services proposed by EcoGrid 2.0 target grid nodes and lines which connect groups
of customers, e.g. primary or secondary substations, as these are the parts in the network
which might suffer the most from high load concurrency. The process of how a service is
requested, sold and activated is illustrated by a sequence diagram in Figure 4. Initially,
the DSO models the network load to identify when equipment might become overloaded.
A list of potential flexibility service requests is created, which can mitigate the anticipated
problem. The DSO initiates an auction by sending the list of service requests to the market
operator. This happens one to twelve months ahead of time. The market operator forwards
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this information to the aggregators, without revealing the DSO’s willingness to pay for each
service. Aggregators then calculate at which cost they can provide the requested services
and send offers for each service request on the list, which they want to provide. As service
requests on the list are mutually exclusive, only one will be finally acquired. However, this
service can be delivered by multiple aggregators. The market is cleared by choosing the most
economically beneficial service request, and standardized contracts are created between the
DSO and the aggregators. If the acquired flexibility service is conditional, shortly before the
service period the DSO faces the decision whether or not to activate the acquired service.
The green box describes the process in this case. At this point in time, a better load forecast
is available. If the expected service benefit exceeds the activation cost of the service, the
DSO sends an activation signal to the market. This signal is forwarded to all relevant
aggregators. Finally, aggregators control their portfolios such that the service is delivered.

DSO:

Aggregator:

DSO-Market:
- load modelling,
- identification of congestion,
- definition of list of service requests
service list

service list
bids

bid
calc.

market clearing
contract
opt

contract

- activation decision
service activation

service activation

acknowledgement

acknowledgement
DER
control

Figure 4: Sequence diagram of DSO service request

To benefit from the proposed market, the DSO needs to be able to accomplish a number
of tasks, which are represented as the red blocks in Figure 4. First, it has to be able to
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Figure 5: Flowchart of the service request process

meaningfully forecast the risk of congestion in the distribution network. Second, the DSO
needs to create a list of flexibility service requests which alleviate the identified problem. To
request a service from the market, the DSO must be able to estimate the financial benefit
it gains through each service, since this represents the maximal price the DSO is willing to
pay. Finally, the DSO needs to evaluate whether the expected financial benefit of the service
exceeds its activation cost, and decide whether to activate a conditional service. Section 4
introduces a method to achieve these tasks.
4. DSO methodology for service requests
Smart meters in Denmark record consumption with a fifteen minute time resolution.
DSOs have access to the data of their customers through a central database called DataHub.
This section analyzes how available smart meter data can be used to estimate the probability
of potential operational issues in an upcoming period and how meaningful flexibility services
are defined to address these. We use the term operational issues as a generic term to refer
to line/transformer congestions, unacceptably high voltage excursions, interrupted customer
supply due to the triggering of protection etc.
Figure 5 gives an overview of the different steps that are carried out to create a list
of candidate service requests. Given the long lead time of the LFM, DSOs are unable to
accurately predict the electric load in the distribution network. However, they are able to
estimate the range within which the load will most likely lie. Using load scenarios which
realistically capture the uncertainty and volatility of the flexible and non-flexible demand,
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a probabilistic network assessment is carried out as a first step (grey box). This method
is described in subsection 4.1. Using a grid model, these load scenarios are translated into
network loading scenarios for each node, using a power flow calculation (red box). Next, the
operational cost for each load scenario can be estimated by using a cost model. Thereby,
the DSO predicts the risk of overloading and the economic implications associated with it.
The used cost model is introduced in subsection 4.2. The difference between the cost with
and without service delivery gives the financial benefit of a candidate service for a specified
scenario (green box). Various metrics can then be used to assess the different services, for
example the expected operational benefit or a metric expressing the conditional value (in
our case benefit) at risk. This process is described in subsection 4.3. The list with the most
valuable services (from the DSO’s perspective) is forwarded to the DSO market. Finally,
subsection 4.4 addresses the question when the DSO should activate a conditional service.
4.1. Load scenario generation
As shown in Figure 5, the proposed method requires load scenarios to realistically estimate the uncertainty and variability of demand. DSOs have to design the distribution grid
such that power delivery is uninterrupted even when power consumption or generation in
the distribution grid are exceptional. During the grid planning stage DSOs are interested
in extreme scenarios and unprecedented events, such as particularly cold and cloudy winter
days. As these cases are likely not represented in a historical data set, historical data can not
directly form scenarios. Instead of trying to forecast the actual load, DSOs can identify the
range and probability for network overloading. This section describes how a DSO can create
load scenarios which also include rare or unprecedented load events, based on historical data.
A decomposition technique from [58] is applied, which uses local regression smoothing. The
decomposition divides load P tot into three parts - overall trend P T , seasonal variation P S
and residual P R as
P tot = P T + P S + P R .
(1)
The time index has been omitted for notational simplicity, but a 15 minute resolution
is used. The result of such a decomposition for an aggregation of 191 households during
seven days in January is shown in Figure 6. The top plot (blue) shows the total power
consumption for one week. This time series is split into three parts. The trend component
(red) captures long-lasting effects due to time of the year or lasting weather conditions. It
is therefore highly correlated with slowly-changing weather characteristics, such as ambient
temperature, and can be modelled accordingly. In contrast to historic power consumption
profiles of customers, historic weather data is usually widely available and can be used
for this purpose. The seasonal component (green) describes daily repetitive patterns and
captures the changes in power consumption due to time of the day. The residual part (black)
is used to capture uncertainty of customer behavior and other random influences. In the
following, the three parts are modelled separately. Scenarios are created for the trend P T
and for the residual P R . Finally, the three parts are added together to form the set of load
scenarios. Table 3 shows the correlation of ambient temperature and solar radiation with
the three components of the decomposition during the year 2016.
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Figure 6: Decomposition of aggregated consumption of 191 households in January

Table 3: Load component and weather correlations

Ambient Temperature
Solar radiation

PT
PS
PR
-0.91 0.013 -0.15
-0.001 0.17 -0.10

The trend P T is strongly correlated with ambient temperature T amb . We express trend
P T as a function of T amb for every t out of the NT daily time steps
P T (t) = α1 T amb (t) + α0 ,

∀t ∈ [1...NT ].

(2)

Figure 7 shows an example of the model. The model is fitted to data from February 2016
and then applied to data from February 2017. The red curve represents the result of the
linear model, while the blue curve depicts the actual trend component of the decomposition.
The most significant correlation is that of trend P T and ambient temperature. Feeders with
a strong PV penetration might have a more significant influence of solar radiation on the
trend and the seasonal component of the decomposition. In this case, a similar approach
as for temperature can be introduced to capture this dependency. For ease of exposition,
the less significant correlations between the other two components and weather (ambient
temperature and solar radiation) are neglected, but it is straightforward to consider them
when creating the respective scenarios.
Residual P R is auto-correlated. An ARIMA model is used to capture the time series
dynamics. Based on the AIC-criterion, a (p, d, q) = (2, 0, 7) ARIMA model is chosen to
model the residual part of the decomposition. Figure 8 shows the Q-Q plot of the ARIMA
residuals. There seems to be only a very slight deviation from perfect random distribution
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Figure 8: Q-Q plot of the residuals of the fitted ARIMA model

and we can assume that the ARIMA residuals are normally distributed. The Ljung-Box
test of the residuals leads to a p value of 0.4, indicating that the ARIMA residuals are not
significantly auto-correlated.
Next, ntemp scenarios for the ambient temperature are created and translated into trend
samples using (2). To each trend scenario, the seasonal part is added, for which it is assumed
that the shape does not change compared to the previous year. Finally, nres residual scenarios
are created by using the ARIMA model trained on the previous year’s data. This results
in a total number of N = ntemp nres load scenarios. These N scenarios are used in a Monte
Carlo-based power flow simulation, which results in a set of N equipment loading scenarios.
Figure 9 shows the real and modelled trend and seasonal component of the first week of
February of 2017. The top graph shows the power time series with the real data in blue and
the model in red. The lower graph presents the error distribution of this model.
15

Power [kW]

300
200
P model

100
Feb 2

Feb 4
Time

P real

Feb 6

Occurrence

2,000
1,500
1,000
500
0
−60

−40

−20

0

20

40

60

Power [kW]

Figure 9: Top: load model and real data on the test set, bottom: model error distribution

4.2. Network operational cost model
There is a wide variety of costs that can be considered in the network operational cost
model. Here we focus on the power rating of substations. Exceeding the design limit of
a transformer for short periods reduces the equipment’s expected life span and can trigger
protection devices, a situation which results in outages. Continuous violations can harm
or even destroy a grid component. In the following, we consider the transformer’s loss of
life and the cost of lost load (COLL). This refers to the cost of not providing power to the
customers connected downstream the transformer, once protection has been triggered as a
result of overloading. However, cost models are available for power lines and cables, and the
method can easily be expanded to cover such components, or even voltage excursions.
Models for the reduction of life span of transformers are widely used and are based on the
concept of hottest spot temperature. For brevity, the equations are not presented here, but
the full model can be found in [59]. In addition to the reduction of transformer life time cost,
the COLL is considered. It is assumed that the transformer protection is triggered when
load exceeds 120% of the transformer rating. In most cases of faults in medium voltage
networks, the grid can be reconfigured, such that all customers are reconnected to the grid.
As this is usually done manually, we assume that power delivery is interrupted for one hour.
The cost of non-serviced load is therefore the load that would have occurred within this hour
multiplied with the value of lost load. In this study, the value of lost load is chosen as 120
DKK per kWh, in accordance with [60].
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4.3. Calculation of the economic benefit of service requests
Flexibility is best utilized when it reduces the DSO’s network operational cost substantially, while at the same time causing little dispatch cost on the aggregator side and little
discomfort to the customers. In the proposed LFM setup, the DSO creates a list of candidate flexibility services and defines a maximal price it is willing to pay for each service on
the list. Aggregators have detailed knowledge of their available flexibility and the cost of its
dispatch. Therefore, they are able to estimate at which cost they can provide each of the
candidate flexibility services.
To estimate the benefit of flexibility services, DSOs create a set of N scenarios for the
aggregated flexible and non-flexible load. Scenario k ∈ {1, ..., N } of the aggregated nonref
flexible load is denoted as Pnf
k , and for the aggregated flexible load as Pk . Note that
each k−th scenario represents a joint realization of the two load components, but in the
general case scenarios can be created separately and then combined. Both scenario sets are
calculated as described in subsection 4.1. For notational simplicity, bold capital letters will
denote vectors hereafter. If a flexibility service s (out of the list of candidate services) is
s
activated, the aggregated flexible load Pref
k becomes Pk .
In the case of baseline services, Psk is calculated by superimposing the delivered service
on the flexible load scenario, as illustrated in Figure 3. In the case of capacity limitation
s
services, Psk is derived in the following way. First, Psk is initialized with Pref
k . If Pk does
not exceed the capacity limit at any time step, the scenario power remains the same. If
violations of the limit occur, the energy which exceeds the limit is shifted to the adjacent
time steps. Half of the excess energy is shifted to the preceding time step (in our case with
a duration of 15 minutes) and the other half is shifted to the succeeding time step. This
process is repeated until either no power violations within the service period occur or until
limit Pscap is exceeded during all time steps within the service period. In the latter case, all
the remaining excess energy is distributed equally to the time steps preceding and succeeding
the capacity limitation service s.
Next, reference operational cost OCkref for scenario k is calculated. To do this, the nonref
flexible load Pnf
k and the flexible reference load Pk are added. Both models represent the
aggregated power consumption at the customers’ smart meters. OCkref is then calculated by
applying the operational cost model, as described in the previous subsection. Similarly, when
the DSO has requested and activated a flexibility service s, then the resulting operational
s
s
cost is equal to OCks , calculated by using Pnf
k and Pk . Financial benefit Bk for service request
s and scenario k is given by the difference of these two costs
Bks = OCkref − OCks .

(3)

The option to conditionally activate services has been neglected so far. The DSO can
decide on which occasions it would choose to activate flexibility. We assume that the DSO
activates the acquired service when the transformer’s rating is going to be exceeded if no
action is taken. We use γks = 1 to indicate that the service is activated, otherwise γks = 0.
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Activation probability π act,s is thus calculated as
π

act,s

=

N
X

γks /N,

i=k

∀s.

(4)

Next, the expected benefit of each service can be calculated, denoted by EB sch,s for the
scheduled services and EB con,s for the conditional. In the former case the expected benefit
is simply calculated as
N
X
sch,s
EB
=
Bks /N, ∀s.
(5)
k=1

In the latter case, the benefit is zero when γks = 0, whereas it is non-zero only when
γks = 1. Thus, the expected benefit is multiplied by π act,s and is smaller than that of a
scheduled service
N
X
con,s
act,s
(6)
EB
=π
Bks γks , ∀s.
k=1

Candidate services may have a positive expected benefit, while entailing a large risk,
which the DSO is not willing to take. The expected benefit should therefore not be used as
the sole measure to assess a flexibility service. In addition to the expected benefit, the DSO
can use the conditional value at risk to rate candidate flexibility services. The conditional
value at risk of a loss probability density function describes the expected loss for a given
probability. This allows the DSO to specify which level of risk it is willing to accept in its
operational strategy. For example, a DSO can specify that with a probability of 99.95%,
network operation at a part of the network should not cost more than 10.000 DKK. The
DSO can evaluate when such a requirement is not fulfilled. During these periods a flexibility
service is necessary. The DSO will further only consider services with which this requirement
is met. In extreme cases this could even mean that the DSO requests a flexibility service
with a negative expected benefit.
4.4. Activation benefit evaluation for conditional services
In the case of conditional services, the DSO has to pay an activation fee to the aggregators. The DSO has to make the decision whether it is beneficial to activate the service or
not. Activation costs are specified by the aggregators as part of their bids, hence the final
activation cost is determined by the outcome of the market clearing. The service activation
signal can be sent up to one hour before the service delivery period. At this point, the
uncertainty of load forecasts is smaller, as the delivery period is closer.
To estimate the benefit of service activation, load samples are generated in the same
manner as before. However, at this point lead time is much smaller, such that the generated load samples have a much smaller uncertainty compared to the network operational
planning stage. The DSO can decide whether or not to activate a service by comparing the
expected benefit of the service with the activation cost. The risk of the DSO deviating from
this specified activation probability, by activating conditional services more or less often, is
carried by the aggregators. Thus, aggregators have the incentive to specify their real reserve
cost, as well as their real service activation cost in their bids.
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Figure 10: Distribution grid model

5. EcoGrid 2.0 case study
The EcoGrid 2.0 project has proposed and implemented a LFM, along with an adaptation
of the current balancing market based on asymmetric block offers [57]. On the market
platform, the DSO can acquire flexibility services for congestion management and investment
deferral. The details of the clearing algorithm of the developed LFM are presented in [61].
5.1. Setup description
For the EcoGrid 2.0 project, a real medium voltage feeder has been selected to demonstrate DSO services. Figure 10 shows an overview of this distribution feeder. The feeder has
a total of seven substations, one primary substation with a 60 kV/10 kV transformer and six
secondary substations connecting the 10 kV level to the 0.4 kV network. The grid connects
a total of 564 residential customers. 27 EcoGrid 2.0 participants are physically connected
to the chosen feeder. Since 27 participants are too few to offer reliable DSO services, 310
additional EcoGrid 2.0 participants are assumed to be located on this feeder as well. To
simulate a congestion, the rating of the 60/10 kV transformer station has been artificially reduced to 1200 kW. This value corresponds to the 99.75th percentile of the annual load curve.
Power flow calculations are carried out using the Matpower package [62]. Thermostatically
controlled loads are used as flexible resources in the project. These residential heating units
are mainly used during the cold winter months. In distribution feeders with a high share of
electric heating among customers, these are also the months where the highest power flows
occur in the network.
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5.2. Theoretical assessment
In this section we conduct a theoretical assessment of flexibility services from a DSO
standpoint. We chose the month of January because it is the coldest month of the year
and leads to the highest loads in the network. In this month, weather conditions are fairly
uncertain and temperatures on Bornholm vary within ±10◦ C. Heating consumption in residential customers is low when outside temperature is close to 10◦ C, whereas heaters operate
almost at full power when temperature is around −10◦ C. A total of 8100 load scenarios
are created to model load during this month, by using the method from section 4.1. In
these scenarios, transformer load can lie anywhere between 550 kW and 1550 kW, with the
peak occurring between 4 pm and 6 pm. In the worst-case scenario, transformer load is
approximately 1550 kW. This situation would trigger protection equipment and cause an
outage. The transformer tripping limit was assumed to be equal to 120% of its rating, or
else 1440 kW. To prevent such an incident, the DSO can request flexibility services from the
LFM.
5.2.1. Baseline services
We analyze the candidate baseline service which yields the highest expected benefit to the
DSO. The considered service consists of one hour load reduction of 100 kW on the primary
substation beginning at 16.15, followed by a rebound of one hour with a maximum load of
100 kW. Figure 11 shows the transformer loading for one scenario where the flexibility service
leads to a high cost (top), and one scenario where it results in a large benefit (bottom). In the
first case, the baseline (red) would have exceeded the transformer rating for about two hours,
but without triggering the protection of the transformer. The activation of the flexibility
service reduces the load between 16.15 and 17.15, but the resulting rebound increases the
total load, such that the security limit is exceeded. As this causes an outage, a significant
COLL occurs. In the second case, the baseline load would have tripped the protection
equipment. As intended, this is prevented by the flexibility service. The rebound increases
the total load in a period when the inflexible load has already significantly decreased, such
that the rebound effect is not detrimental anymore.
It is clear from these examples that the activation of a flexibility service can either
prevent or even cause an equipment tripping. As a result, the benefit for the DSO has to be
evaluated in a probabilistic manner. The benefit of the service for each scenario is calculated
according to (3). Figure 12 shows the histogram of the benefit if the flexibility service is
applied to the individual load scenarios; note that the y-axis is logarithmic.
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Figure 11: Plot of power flow through transformer in two scenarios, with and without flexibility service
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Figure 12: Logarithmic histogram of scenario benefit of one hour baseline flexibility service

In the majority of scenarios (> 99%), the flexibility service has a negligible effect, i.e. a
very small benefit or a very small cost for the DSO. However, in 0.4% of the scenarios, the
activation of the flexibility service results in a significant cost for the DSO, as the rebound
causes an outage. In 0.2% of the scenarios the flexibility service leads to a large benefit, as an
outage is prevented. The expected benefit of this candidate service is negative (−118 DKK).
It is interesting to note that the probability of transformer tripping increases from 0.25%
without applying any services, to 0.45% if this specific service is delivered.
The exact time when the peak load in a transformer occurs is hard to predict. In the
considered feeder, peaks occurred within a two-hour interval. For this reason, a baseline
service with a duration of only one hour resulted in a greater probability of transformer
tripping and a negative expected benefit for the DSO. An extended service duration can
21

Occurence

104
0.2%

102
100
−60,000 −40,000 −20,000

0

20,000

40,000

60,000

Benefit [DKK]

Figure 13: Logarithmic histogram of scenario benefit of three hour baseline flexibility service

ensure that the peak period is fully covered by the service duration. In addition, a longer
service duration places the rebound further away from the peak load, significantly reducing
the probability for the rebound to cause an overloading. Figure 13 presents the logarithmic
histogram of the benefits of a load reduction service of 100 kW with a three hour service
duration and a three hour rebound. Service and rebound occur between 16.15 and 22.15.
As the graph indicates, the long service duration ensures that most outages are successfully prevented, while no outage is caused through service activation in any load scenario.
The probability of transformer tripping thereby reduces from 0.25% without applying any
services, to 0.01%. The expected benefit of this service to the DSO is 129 DKK.
5.2.2. Capacity limitation services
We consider again the month of January, with the same scenarios as in the previous
section, to evaluate the benefit of candidate capacity services. We first consider a capacity
limitation service of one hour. The service with the highest expected benefit limits the total
power consumption on the transformer station to 1300 kW from 16.00 to 17.00. This service
prevents an outage in 18 scenarios, with two outages occurring outside the service delivery
period, i.e. between 17.00 and 18.30. These outages are not caused through delivering the
service. Thereby, this service reduced the probability of an outage from 0.25% to 0.02%. The
expected benefit of this service is 122 DKK. Finally, we consider a capacity limitation service
with a duration of three hours, again limiting the total power on the primary substation to
1300 kW. This service is able to prevent all potential outages in the 8100 scenarios and no
outages are caused through service delivery.
Figure 14 presents a scenario in which the transformer’s protection limit would be triggered at 18.30. The three hour capacity limitation service prevents this from happening. In
contrast, a service with one hour duration fails to prevent the outage in this scenario. Figure
15 presents the logarithmic histogram of the benefits to the DSO for the capacity limitation
lasting three hours. In most cases the service has no effect, leading to a very small benefit.
In the twenty cases where an outage would have occurred, the service results in a significant
benefit to the DSO such that the expected benefit of this service is 136 DKK.
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Figure 15: Logarithmic histogram of scenario benefit of one three hour capacity limitation service

5.3. Demonstration results
The full functionality of the DSO market platform was demonstrated in the EcoGrid
2.0 project during heating season 2018/2019. The DSO successfully requested and acquired
conditional baseline flexibility services 63 times; 36 of those were activated and delivered by
the two participating aggregators. In the winter season of 2018/2019, the power consumption
in the feeder was lower than usual, as temperatures were fairly mild on Bornholm. Due to
this fact, we assume that the transformer protection equipment is triggered when its rating
of 1200 kW is reached. The heating systems of 337 customers on Bornholm were controlled
to deliver the DSO services. Services were not requested with a lead time in the order
of months, because of the time constraints imposed by the duration of a heating season
(roughly six months). However, smart meter data that was at least one year old was used to
create service requests. It was thus possible to formulate service requests, while still facing
the uncertainties that are caused by long lead times. For the service activation decision,
recent smart meter data (available to the DSO within 24 hours) and weather forecasts for
the next 24 hours were used. To avoid discomfort among project participants, the response
duration of most services was limited to one hour.
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The communication between aggregators and flexible units has not always been reliable
during the experiments, due to two main reasons. First, the communication infrastructure is
inherited from the previous project EcoGrid EU, and is in some aspects outdated. Second,
throughout the heating season an interoperability layer was finalized and tested. This layer
allows a standardized communication between flexibility units and aggregators. These two
factors resulted in regular communication failures between the aggregators and parts of the
controllable portfolio. We use the mean absolute percentage error (MAPE) as a metric to
evaluate the quality of service delivery. The consumption of the portfolio that offers a service
is averaged over the entire response period, to calculate the total load. This is then compared
with the corresponding average baseline, and the resulting difference expresses the delivered
response. The percentage error refers to the difference between requested (by the DSO)
and delivered (by the aggregator) response, normalized against the requested response. The
MAPE is calculated as the average value of the absolute errors for all conducted tests.
On average, around 20 % of flexible units did not respond properly to control signals.
This resulted in an overall service delivery MAPE in terms of energy of 31 %. When houses
that did not respond properly during the experiments were excluded from the evaluation,
and the requested response was scaled accordingly, aggregators were able to deliver services
with a MAPE of 18%.
Two main uncertainties contribute to the MAPE result. First, the baseline uncertainty
that originates from the calculation of the reference profile, which represents what would
have happened, had the service not been delivered. This reference profile is the basis for
the evaluation of each service response, and therefore directly impacts the response error.
Factors which influence the baseline estimation are manifold, for example weather uncertainty, the geographic distribution of the customers, random customer behavior or baseline
model selection. Second, there is uncertainty due to the open-loop nature of the control
setup. In the EcoGrid 2.0 setup no feedback regarding the consumption of the portfolios
was available to the aggregators in real time. Due to this fact, aggregators forecasted the
available flexibility based on outside weather conditions, time of the day, etc. [56, 63]. This
control method introduces further uncertainties in the delivered response. Both factors have
a large impact on the calculated errors, especially as the activated portfolio gets smaller.
Figure 16 shows the delivered service response, against the scaled requested response for
the 36 activated services. The red curve represents the ideal delivery. Figure 17 shows a
similar scatter plot, with the maximal rebound power against the requested rebound power.
Except for two experiments, the rest have rebound values below the allowed limit. Figure
18 presents the histogram of the realized benefit to the DSO for the 36 delivered services.
As expected, most of the delivered services have an insignificant benefit. In one case the
activation of a service increased the loading of the transformer such that the security limit
was exceeded. In another case the activation successfully prevented an outage.
Figure 19 presents the power flow through the transformer on the 25th of January 2019.
The two green lines indicate the maximal and minimal values of all load scenarios which
were created one day before the service delivery, to decide whether or not to activate the
service. In some scenarios the transformer could potentially be overloaded, such that security
equipment trips and an outage occurs. Due to this fact, the DSO activated a conditional
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baseline load reduction service. The service consists of a load reduction of 100 kW between
16.00 and 17.00, followed by a maximal rebound of 50 kW for two hours. The portfolio
response was 98 kW and was delivered by 121 households. According to [56], the standard
deviation of the baseline error for a portfolio of this size is 11 kW, corresponding to a MAPE
of roughly 9%. In other words, even with perfect service delivery from the aggregator’s side,
the expected MAPE would still amount to 9%, due to baseline errors. This corresponds
to half of the MAPE for the 36 conducted tests, highlighting the impact of the use and
estimation of baselines for delivering such services.
Figure 20 shows the result of a DSO service activation on the 23rd of January 2019.
Again, the load forecast one day ahead of time indicated a potential overloading with a peak
occurring at 16.45. Consequently, a conditional flexibility service was activated to reduce
the load by 90 kW during this hour. However, the baseline shows that the actual peak
load on the transformer station would have occurred slightly later than initially forecasted
- around 17.15 instead of 16.45. This made the final service activation counter productive,
since the response did not capture the peak. Instead, the rebound of the load reduction
increased the peak by an additional 77 kW.
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Figure 18: Logarithmic histogram of benefits to the DSO for the 36 baseline service demonstrations
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Figure 19: Power flow on transformer station during DSO service delivery on the 25th of January 2019

5.4. Conflicts of interest between the TSO and the DSO
So far we have discussed the provision of DSO services on a theoretical and experimental
level by neglecting the use of flexibility on the wholesale market. Figure 21 shows the effect of
a load increase on the transformer loading. The increase occurred due to a down-regulation
service provided by the aggregators to the EcoGrid 2.0 wholesale market at noon on the
24th of November. During this period of the year temperatures are mild and the overall
power consumption on the feeder is low. Aggregators increased consumption by roughly
600 kW during this hour, such that the transformer rating was nearly exceeded. This
example illustrates that if DERs located in the distribution grid participate in wholesale
markets in the future, violations can even occur in distribution grids which are operated
far below their rated capacity. Online observations of the distribution grid are usually
not available. Therefore, it is nearly impossible for DSOs to anticipate and react to such
aggregator control actions. Without a functional DSO-TSO coordination mechanism, such
activities could easily trip security equipment in the distribution grid.
Unexpected load behaviour due to wholesale market participation challenges the idea
that the DSO can buy baseline services for periods of regular peak consumption. First,
creating baselines for unpredictable flexible loads (due to wholesale market activity) might
not be meaningful. Second, in order to prevent congestion due to such unpredictable patterns
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would require the DSO to request services for virtually any point in time. Therefore, baseline
flexibility services seem unfit to appropriately prevent network overloading caused in this
manner. However, if flexible units show predictable patterns, baseline services could be used
to assist the operation of distribution grids.
6. Discussion
6.1. Economic aspects
There is high uncertainty regarding the economic value of residential demand response
[34], in part due to low electricity prices and a high share of the fixed price component (fees,
tariffs and taxes). This means that in many cases the utilization of residential flexibility
may not be justified economically. This is a well-known residential DR barrier and there is a
need to establish successful business models, to utilize larger amounts of flexibility in power
systems. However, the availability of smart meters (in the case of Denmark all meters will
be replaced by 2020), the ongoing standardization efforts, and the reduction of equipment
and IT-related costs, reduce the economic barriers of utilizing flexibility resources.
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It is important to note that the proposed LFM is envisioned to operate in parallel to the
existing wholesale markets. Therefore, it can provide additional revenue to customers, who
will not use their flexibility exclusively for this market. It is not easy to estimate the costs
of establishing and maintaining such a market. However, costs can be kept low by using
existing flexibility trading platforms [64]. Also, once smart meters are commonly available,
aggregators could participate in a LFM without additional costs. In fact, the economic
benefits of offering services in such local markets can outweigh those from the wholesale
market by a large margin. The potential benefit of utilizing smart solutions to decrease the
need for costly distribution grid investments is estimated to be equal to approximately 2
billion euros in Denmark over the next decade [65]. This can strengthen consumer flexibility
business models, and make such local markets a viable solution.
6.2. Technical aspects and barriers
From a technical perspective, a LFM, such as the one tested and demonstrated in EcoGrid
2.0, presents few challenges and barriers. A high penetration of smart meters is required
for the effective operation of such a LFM. The process of replacing older meters is almost
complete in Denmark [54], and is well underway in many other European countries [66].
Another prerequisite is that DERs are controllable, can utilize their flexibility and their
owners are willing to provide DSO services. To this end, customer engagement and willingness to share data are important. As discussed in section 3.2, consumers are becoming more
interested in providing flexibility through their assets. They are also mainly driven by their
desire to promote sustainability goals, and not, as often assumed, only by the amount of
economic compensation. Further, the potential revenue emerging from the deferral of costly
grid reinforcements can improve aggregator DR business models. Finally, the establishment
of such a LFM must be adopted and promoted by policy makers and system operators.
EU legislators advocate market-driven approaches for congestion management [16], and a
number of commercial initiatives are being currently rolled out [64, 67], which is a very
important step in the establishment and wide-spread use of LFMs and shows the interest of
the relevant stakeholders.
6.3. Future challenges
A number of challenges arise regarding the real-life operation of such local markets. First,
the issue of baselines must be resolved. The continuous control of DERs in the context of
DR complicates the calculation of baselines. Further research must be conducted to identify
whether and how baselines can be used under such conditions, or if only capacity limitation
services should be employed instead. For example, baselines for very small DER aggregations
are hard to be defined, without large uncertainties, effectively reducing the value of provided
services. Second, attention must be paid to the market design mechanism. Given the
probable low number of aggregators participating in the auctions, fairness, strategic behavior
and price-manipulation issues must be studied, and the market must be designed accordingly.
In [68], the authors compare two market modelling approaches, namely Cournot and a
Supply Function Equilibria market model for a demand response. Studies in this direction
are required, considering the properties of both baseline services and capacity limitation
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services. Third, it is not clear what the proper balance between service lead times and
risk-aversion is. A DSO would probably favor services with long lead and provision times,
to incorporate them in its network planning and obtain operational guarantees. However,
planning so far in advance may lead to conservative operation of the network, and the
acquisition of more flexibility than needed.
6.4. Economic impact of local flexibility markets
The proposed LFMs are envisioned to operate in parallel to the wholesale markets. It
is generally accepted that congestion management mechanisms are required, due to the
increasing penetration of DERs in distribution networks. Even though LFMs are advocated
by EU legislators [16], their economic impact on the operation of power systems cannot be
fully understood, as they are not yet established. Since such LFMs are expected to be used as
a means to limit aggregators and secure the operation of distribution networks, aggregators
will incur an opportunity cost by offering DSO services. This means that overall system
costs may increase to some extent, because DER flexibility will be occasionally used for
DSO-related issues, and not for the wholesale markets. However, the use of DERs in these
new LFMs is expected to reduce the needs for grid reinforcement, with a savings potential
of 2 billion euros in the next ten years in Denmark alone [65]. Understanding the economic
impact of LFM on overall system costs and estimating the savings from investment deferral
is an interesting path for future research.
7. Conclusion
The EcoGrid 2.0 project has designed and operated a fully functional local flexibility
market, under real conditions. This included the full setup of information and communications technology infrastructure for a large population of residential distributed energy
resources, flexibility control strategies, aggregator price models and a verification and settlement methodology.
We theoretically assessed the benefits of baseline and capacity limitation services - the
two standardized products that were proposed by EcoGrid 2.0 to mitigate congestions in
distribution grids. Our assessment showed that flexibility services in the distribution network
can act as an insurance policy against network overloadings and outages, since in most cases
such services are not needed and their impact is negligible. However, in the relatively rare
cases when a flexibility service prevents the disconnection of a feeder, it leads to a significant
increase of social welfare.
Our experiments confirmed that on feeders with a large penetration of residential heating
loads, aggregators can reliably deliver load reduction services. Despite many uncertainties in
the demonstration, flexibility services were delivered with a mean average percentage error
of 18 %. 50 % of this error originated from the baseline calculation, with the rest attributed
to flexibility modelling and control uncertainties. In each delivered service, approximately
100 customers participated. Even larger baseline-induced errors are expected for smaller
aggregations of loads, typical for primary or secondary substations. This poses limitations
on the use of baselines for distribution system services, and reduces their effectiveness.
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In our theoretical case study, peak periods regularly lasted more than one hour. To
reliably avoid grid violations, the whole peak period has to be covered by flexibility services.
The time, duration and amplitude of load peaks cannot be perfectly forecasted. Further,
if the rebounds of baseline services occur close to the peaks, this can cause overloadings.
For those reasons, baseline services with a short service duration are not valuable to the
distribution system operator. A flexibility service duration of at least three hours is necessary
to reduce the risk of outages. Additionally, the allowed rebounds should be relatively long
and with small rebound power, so that undesired peaks are avoided. We conducted 36
service activations from aggregators, under a real operation of the local flexibility market.
To avoid user discomfort, the duration of the load reductions was limited to one hour. We
successfully avoided one overloading with a flexibility service. However, in another case
one overloading was caused by the rebound, confirming our theoretical finding, that longer
service durations are needed.
Finally, an important observation from the EcoGrid 2.0 experiments was that overloadings are not only caused in extreme events (e.g. very cold weather), but may regularly occur
when aggregators participate in the wholesale markets. We conducted an experiment with a
large load increase, as a result of offering down regulation on the balancing market. Such demand response activations can cause hard-to-predict overloadings in distribution grids, and
not necessarily during the traditionally considered “peak hours”. In such cases, baseline
services cannot effectively mitigate network overloadings, and capacity limitation services
seem to be a more appropriate solution.
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Abstract
Thermal loads are an important source of flexibility at a residential customer level. The
uncertain economic value of residential demand response (DR) and the rising customer data
privacy concerns, require non-intrusive and economical approaches to harness flexibility.
Baselines are essential for evaluating DR activations, however, the frequent use of flexibility
makes them less accurate. In this paper, we first propose a baseline estimation method
based solely on aggregated behind the meter data, which does not require additional knowledge of the portfolio’s parameters. It is suited for frequent DR activations, and relies on
a combination of linear interpolation, forward-backward autoregression and load decomposition. The method is then used to evaluate DR activations, in order to construct, and
continuously update, a model for the response and the rebound behavior of the loads. A
portfolio of 138 real residential customers equipped with electric heaters, and a large number
of DR experiments, were used to verify the proposed approach. The response model, fitted
with the experimental results, shows a strong dependency of the load reduction potential
on time of day and ambient temperature, with a maximum load reduction equal to 1.2 kW
per household. Validation results confirm that the fitted model can be used to estimate the
response with a good accuracy. Finally, a model to describe and shape the rebound behavior
of the loads is proposed and validated with real experiments.
Keywords: Aggregation Size; Baseline; Demand response; Experiments; Flexibility model;
Rebound; Thermal loads.
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Nomenclature
Abbreviations
BtM Behind the meter
DER Distributed energy
resource
DR Demand response
DSO Distribution system
operator
FBA Forward-backward
auto regression
ICT Information
and
communication technology
IQR Interquantile range
LI
Linear interpolation
LR
Linear regression
MA Moving average
STD Standard deviation
TSO Transmission system
operator
Parameters
β
LR coefficients
γ
duration of decomposition sub time series
λ
flexibility model coefficients
fw
bw
φ , φ auto
regression
model parameters
εfw , εbw auto
regression
model noise
ζ
number of weeks in
the data set
ai
share of released
loads at step i
fw
bw
c , c auto
regression
model constants
dl
load reduction pe-

riod for experiment l
number of experiments for rebound
model
Ntot length of time series
ntr , ns load decomposition
parameters
nar
auto
regression
model order
ntp
auto regression training period
Nk
number of evaluation
steps for test k
nk
number of houses for
test k
q
order of MA filter
tk
starting time of test
k
v
order of time representation in LR
Indices
j
baseline method index
k
test index
l
experiment index
t
time step
Variables
αj,t linear combination
coefficient for hybrid
model
X
regressors

error of LR
P̂ resp fitted average load
response
res
P̂
estimated response
ŵt
detrended
aggregated load
nb

2

ωl , ρl experiment weights
nor
Pi
averaged normalized
response at step i
inst
el
STD of instantaneous
error
per
household at experiment l
off
el
STD of offset error
per household at experiment l
et
instantaneous error
value at step t
h
hour of the day
sh
normalized shaped
Pi
load deviation at
step i
res
Pl
average response at
experiment l
nor
Pl,i
normalized response
during experiment l
and step i
Rt
residual part of decomposition
St
seasonal part of decomposition
amb
T
ambient temperature
Tt
trend part of decomposition
j
ut
estimated
aggregated load of method
j
ut
estimated
aggregated load
wt
cleaned aggregated
load
yt
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1. Introduction
In 2017 Denmark set a new record, by generating 44% of its electricity demand from wind
energy [1]. The total share of renewable energy in the electricity generation is expected to
increase to approximately 87% in the next 10 years. Wind will remain the main renewable
resource, and is expected to account for about two thirds of the renewable electricity generation [2]. This trend increases the uncertainty and variability of electricity production. The
flexibility necessary to balance consumption and generation in the power system has historically been provided on the generation side. In recent years, the utilization of consumption
flexibility, commonly referred to as demand response (DR), is becoming more popular.
Reduced costs for information and communication technology (ICT) infrastructure could
make DR concepts, previously considered uneconomical, a viable solution. DR is expected to
play a vital role in system balancing, through participation of distributed energy resources
(DERs) in the wholesale market. In [3], power market structures and a large number of
individual DR support mechanisms are reviewed. Since the available flexibility of individual
customers is usually small, aggregators form and control pools of DERs. Through the
combined control of many DERs, aggregators can reach bid sizes sufficiently high for the
wholesale market. At the same time, DR can solve operational challenges of distribution
system operators (DSOs). The increasing penetration of distributed generation, together
with the ongoing electrification of heating and transport, will pose additional stress on
distribution networks. To avoid expensive network retrofitting and upgrades, residential
flexibility can be used to reduce equipment loading during hours of peak consumption or
peak generation [4].
A number of works have investigated how local DSO markets that incorporate DR could
be designed. In [5], a flexibility clearing house is proposed in parallel to the wholesale markets, where aggregators can place offers which help relieve congestions in the local network.
In [6], the concept of a proactive distribution company is introduced, which is active on the
wholesale markets, and at the same time operates a local distribution-level market, to increase network efficiency and renewable energy integration. The work of [7] proposes a local
market structure for distribution services, where individual prosumers directly offer their
flexibility to the local DSO. In [8] a market structure where capacity can be reserved on a
weekly basis, and for each hour of the day, is proposed. In [9], the authors propose a vertically integrated market for flexibility services, where DSOs and the Transmission System
Operator (TSO) can procure DR services simultaneously.
Recognizing the increasing importance of DR utilization on a distribution level, the
Danish project EcoGrid 2.0 develops, implements and tests a market approach for DR
services both on a TSO and DSO level. In other words, aggregators can offer services to the
DSO while participating in the wholesale markets. The goal of this paper is to characterize
the flexibility of residential thermal loads under practical limitations, such as the lack of
dedicated metering (behind the meter (BtM) data), uncertain customer behavior, and zero
information regarding the loads’ characteristics. An additional challenge arises from the need
to describe and utilize the flexibility of a relatively small number of loads. This is necessary
for DSO service provision on low aggregation levels, such as medium or low voltage feeders.
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In subsection 1.1 different flexibility modelling approaches and the advantages of the
proposed experimental identification of flexibility are discussed. In subsection 1.2 the idea
of baselines is introduced, and various proposed methods to estimate baseline consumption
are discussed. In subsection 1.3 the contributions and the organization of the paper are
presented.
1.1. Flexibility modelling under limited information
There is extensive literature on thermal loads modelling and flexibility aggregation. Many
works related to DR from thermal loads focus on modelling larger buildings. For example,
[10] proposes a model predictive approach for the control of a building’s thermal system,
participating in a demand response program. Due to the complicated resulting optimization
problem, a heuristic procedure is proposed to reduce the computational time.
A number of works have also focused on identifying the flexibility of the thermal systems
of small residential customers. The potential of two different residential heating systems to
provide flexibility is assessed in [11], assuming knowledge over a large number of building
characteristics. The authors of [12] do not rely on very detailed building information, and
propose to numerically fit a 2R2C model for each room of a household. This approach
requires air temperature and space heating power data for each room. There is a number of
challenges associated with such a detailed modelling approach. First, room air temperature
data with good quality may not be available. Second, under BtM metering the heating
power of each room is also not directly available. Third, the layout of the house affects
temperature dynamics. Fourth, a variety of factors such as the windows surface, the house
orientation, the effect of furniture on the thermal mass [13], imperfect weather data, and user
disturbances (window/door openings, occupancy, cooking, etc.), make system identification
a challenging and time-consuming task.
Apart from the difficulty of identifying and validating the model of each household separately, it is hard to quantify and assess the impact of the various sources of uncertainty
on smaller aggregations of residential buildings. Furthermore, it may also be difficult to
aggregate such complicated models, and express the flexibility of a population of thermal
loads. For these reasons simpler and more generic models to quantify flexibility have been
proposed. In [14], a battery model is used to characterize the flexibility of an aggregation
of small thermal loads, but assuming perfect parameter knowledge. A similar model is proposed in [15], together with a practical, experimental-based method to identify the battery
model’s parameters. However, this method assumes dedicated metering and neglects the
various user-induced disturbances. Other works using a similar approach, such as [16], focus
on aggregating the flexibility of large commercial buildings with more complex dynamics,
where knowledge of the individual load’s parameters is necessary.
In [17] a generic, bottom-up way of expressing flexibility is proposed, similar to the
computationally demanding, geometric approach using polytopes [18]. The work of [19] also
follows a bottom-up approach in line with [17], focusing on building energy systems. The
authors of [20] introduce a flexibility index, and the authors of [21] an instantaneous power
flexibility indicator to quantify the flexibility of the thermal systems of buildings. However,
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these approaches are suited for larger loads, and require high knowledge of the underlying
flexible units. Therefore, they are not easily scalable.
Apart from the aforementioned difficulties in performing individual system identification, expressing uncertainties, and aggregating flexibility in residential thermal loads, other
data-related problems arise in a real-world implementation. Bottom-up and data-intensive
approaches require intrusive user profiling to model occupancy and the customers’ actions.
This raises important data-privacy concerns, whereas the customers’ engagement and consent to the use of their private data is not certain. Additionally, the aggregators’ access to
data generated by smart appliances, such as thermostats, is not guaranteed. For example,
it may not be straightforward for an aggregator to use historical data generated by smart
thermostats, due to customer agreements with the devices’ manufacturer, or a previous aggregator who was providing services to the customer. Therefore, even if user privacy issues
are neglected, the required data may not be accessible.
Given the high uncertainty regarding the economic value of residential DR [22], a framework which aims at reduced costs is investigated in this work. To this end, a simple centralized control setup with limited information is used. The benefits of centrally coordinated
actions under network constraints, a situation similar to a DSO service for load reduction,
were highlighted in [23]. The proposed approach overcomes the aforementioned drawbacks,
as it relies on the use of aggregated meter data, and the evaluation of DR activations. Customers also equipped with PV units and battery systems may have more advanced controls
and a higher level of information. Such cases are outside the scope of this work. The basic
principle of our approach is that an aggregator can continuously use the evaluation results
of DR activations as training data to update the flexibility model. Characterizing flexibility
by evaluating DR activations allows this continuous re-training process, while the aggregator uses the portfolio for spot-price optimization, offering balancing services, etc. A minor
drawback of such an approach is that in the initial stage larger mismatches between the
expected and actual flexibility provision will appear. However, the continuously collected
evaluation data can be used by the aggregator to update the flexibility model, and achieve
more accurate estimations of its flexibility provision.
1.2. Baselines
To evaluate the performance of the households during the experiments, it is required to
estimate their consumption in the case where the experiment had not taken place. This
hypothetical consumption is called a baseline. The baseline concept can be used for two
fundamentally different purposes. First, baselines are used for defining and verifying DR
services [22]. In this case, the baselines must be defined in a fair way, either by the service
buyer or an independent third party. Second, baselines can be used by an aggregator to
assess the impact of its control actions on the performance of its portfolio. The purpose of
these two baselines may seem similar: to quantify the flexibility provision of an aggregation
of customers under a DR activation. The first type of baselines is calculated with an agreed
upon methodology, but can be manipulated by the flexibility providers to increase their
profits [24]. In this paper we use baselines to characterize the flexibility of thermal loads,
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and in this case the baseline must reflect the actual estimated uncontrolled behavior of the
loads, absent of any gaming behavior.
Many methods have been proposed to construct baselines. In [25], five different baseline
models are investigated. These models are based on linear regression (LR) of varying complexity, using ambient temperature, weighted average energy use, time of day and day of
week. The performance of baseline models considering a linear combination of hourly consumption and temperature data was also investigated in [26] and [27]. A weather-adjusted
variant of these models was proposed in [28], and adding occupancy data was shown to
improve performance in [29]. A problem of these methods is that they may create a significant offset when producing a baseline estimation for a short period of time. A simple
way to overcome the offset problem is to use linear interpolation (LI) between the power
consumption values before and after a DR event. Such a method to produce baselines was
applied in [30] and in [31], in order to quantify the flexibility of large thermal loads under
DR activation.
The authors of [32] use the consumption of a reference population to create a baseline for
a population of loads participating in a DR experiment. The consumption of the reference
population for four hours preceding the DR activation is scaled, by using least-squares fitting,
to match the consumption of the population that is participating in the DR activation.
Then, a smoothing spline is fitted to create the baseline. A similar approach, using the
consumption of non-DR participants to estimate the baseline of DR participants is proposed
in [33] and in [34]. The problem with this practical approach is that always a reference
population with similar characteristics needs to exist, which does not participate in DR
activations. Therefore, a baseline cannot be created for the whole population. Furthermore,
this approach becomes problematic under frequent DR activations. The authors of [35] use
an adjusted autoregressive model for short-term electricity forecasting, where the proposed
method outperformed a neural network model. Support vector regression was used in [36] to
calculate baseline for commercial buildings using occupancy and weather data as regressors.
1.3. Contribution and paper organization
Two are the main contributions of this paper:
• A scalable, non-intrusive, data-driven methodology for identifying and modelling the
flexibility of residential thermal loads by conducting a series of DR experiments is
proposed. As more DR experiments are carried out over time the flexibility model
accuracy can be continuously improved. This methodology considers only aggregate
BtM energy data and average weather data, whereas it requires zero knowledge of individual household parameters. Additionally, the derived flexibility model is validated
with real experiments involving a large number of thermal loads.
• A method to construct baselines, which are used to evaluate the results of the conducted experiments, is proposed. This method considers a large number of periods of
DR activations, requires only aggregate BtM and weather data, and is evaluated on
real households metering data. The method accounts for a large numbers of periods
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of DR activations, by first removing their effect on the aggregated consumption of
the loads. Next, a linear combination of three methods, namely LI, forward-backward
autoregression (FBA), and load decomposition, is used to create baselines.
The remainder of the paper is organized as follows. In Section 2, the EcoGrid 2.0
project and the conducted experiments are described. In Section 3, the different investigated
baseline methodologies are described, whereas in Section 4 the performance of these methods
is evaluated. In Section 5, a flexibility model, based on the analysis of a large number of
conducted experiments, is presented and validated. Finally, Section 6 concludes the paper.
2. The EcoGrid 2.0 project
In this section an overview of the EcoGrid 2.0 project is given. More specifically, in
subsection 2.1 background information regarding the control setup, the metering infrastructure, and the purpose of the project is provided. In subsection 2.2 the proposed EcoGrid
2.0 market setup is presented, and in subsection 2.3 the DR experiments conducted in the
course of the project are described.
2.1. Background
EcoGrid 2.0 is a demonstration project which investigates how the flexible consumption
of residential customers can be utilized for offering power system services at a TSO and
DSO level. The customers participating in the project are located in the Danish island of
Bornholm [37]. It is the continuation of the EcoGrid EU project, where the use of real-time
5 minute price signals to shift consumption, and thus balance the power system, was studied
[38]. In the EcoGrid EU project, residential customers were equipped with smart meters
and communication/control infrastructure to participate in DR experiments. These smart
meters have the capability of metering and storing active and reactive power consumption
in 5 minute intervals, instead of the typical 15 or 60 minutes of common meters. These
values are available in a central database (called DataHub) with a delay of 12 − 36 hours.
An overview of the EcoGrid 2.0 project setup can be seen in Fig. 1, where aggregators
participate in both TSO and DSO markets.
The customers’ flexible load consists of electric heaters and heat pumps, with roughly
half of the customers covering their heat demand with each type of heating load. The electric
heaters are controlled by adjusting room temperature setpoints. In the case of heat pumps,
a throttle signal can be sent, which prohibits them from switching on. More details on the
control of those heat pumps can be found in [32]. The flexible load is metered together with
the rest of the household consumption, as well as photovoltaic production, if it exists.
An implication of the EcoGrid 2.0 setup is that online observations of the loads consumption are not possible, due to the significant data transmission delay. This means that if an
aggregator wants to perform closed-loop control, an upgrade of the measurement capabilities
is needed, either by improved transmission time or by separate measurement infrastructure.
Since meters are owned by the DSO, there are restrictions on how they can be adjusted to
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Figure 1: Overview of the EcoGrid 2.0 setup.

accommodate advanced capabilities. It is also probable that customers may change aggregators in the future, which could make the installation of additional meters uneconomical
for small consumers.
The methods developed in EcoGrid 2.0 are based on data which will be accessible in
Denmark in the near future. By the end of 2019, all residential customers across Denmark
will be equipped with smart meters and their power consumption data will be centrally
stored in the DataHub. Identifying flexibility only via the readily available smart data has
the advantage that aggregators do not need to install additional metering equipment, and
can also use historical data. If manufacturers equip DERs in the near future with ICT
capabilities, which is already the case for many electric vehicles chargers, aggregators will
be able to utilize DER flexibility without installing additional ICT infrastructure. By having
an accurate representation of flexibility, the aggregators can offer balancing power to the
TSO, or fulfill possible commitments to the DSO.
2.2. EcoGrid 2.0 market
In EcoGrid 2.0 an asymmetric balancing market with a 15 minute granularity is proposed.
This market is based on the work of [39], where asymmetric block offers are included in the
economic dispatch of balancing power. This is done to facilitate the participation of energyconstrained units in the balancing market. An example of such units are heating loads,
which can only shift their consumption. Therefore, a load change (referred to as response)
is followed by a predictable load change in the opposite direction (rebound). The rationale
behind the asymmetric balancing market is that including the rebound in the dispatch
reduces the overall balancing costs. The TSO has knowledge of the imbalance which will be
caused by the rebound, and the aggregator is not subject to the balancing price uncertainty
for such an event. As shown in [39], such a market setup can reduce system balancing costs.
Apart from a modified balancing market, a DSO market is also proposed. In this market
the DSO buys flexibility services in specified connection points of the distribution grid
to alleviate potential operational issues. Two DSO services are being investigated in the
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course of the project. One is load changes around a baseline consumption. In this service,
the aggregator agrees to reduce its load by the agreed amount and for a specified time
period, while maintaining any subsequent load increase below a contracted limit, always
with reference to the baseline profile. The second DSO service is capacity limitation, where
the aggregators agree to cap their consumption to a certain level for a specified duration.
2.3. Demand response experiments
A number of experiments were conducted to identify flexibility, as well as model and
shape the rebound consumption. Control was performed by changes in the thermostat setpoints. To switch heaters off, the thermostat setpoints were decreased to a very small value,
which is equivalent to directly switching the heating loads off. Lowering the setpoints causes
a reduction of consumption, followed by an increase when the setpoints are reset to their
original values. The data used in this paper covers approximately 6 months, beginning from
the 1st of September 2017 and corresponds to 138 loads equipped with electric heaters. The
periods of load reduction lasted 30 − 60 minutes to avoid user discomfort. The experiments
were conducted under varying ambient temperature and time of day conditions, to assess
the impact of these factors on the aggregation’s flexibility.
3. Baseline Methodology
set of
houses

Aggregate raw
power data

real load
time series

Data cleaning

clean load
time series

Create
baseline

Figure 2: Schematic overview of the evaluation process of the experiments.

The steps of the baseline calculation process are depicted in Fig. 2. The first step is to
define the set of houses for which the baseline will be created. Afterwards, the meter data is
summed up to get the real aggregated load of the population. Due to the frequent control of
the flexible load by the aggregator, this aggregated load time series contains large deviations
from the “typical” consumption patterns. These deviations are not necessarily related to the
weather, time of day or user behavior, but to the aggregator’s control actions. An example
of deviations caused by DR experiments can be seen in Fig. 3. These DR activations were
part of the conducted experiments; in a commercial application setup, such activations can
be more frequent. The goal of the baseline model is to provide an estimation of the natural
consumption of the aggregation. Therefore, before using the time series as training data for
the baseline model, the influence of external control must be removed. In subsection 3.2
we elaborate on the data replacement process, where a clean aggregated load time series is
derived from the real one. This clean load time series is used as training data to create the
baseline consumption estimation for each evaluation period. The investigated methods are
described in subsection 3.3. Before describing the data replacement and baseline creation
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Figure 3: Aggregated load for all households under frequent DR activations. The load reduction periods are
marked with orange color.

processes, the error metric used in the evaluation of the different methods is introduced in
subsection 3.1.
3.1. Error metric
We denote the real aggregated load of a collection of residential customers by yt at each
time step t, and by ut the estimated load, given by one of the different investigated methods.
The deviation of the estimated load from the actual load (expressed in kW) is used as an
error metric. For each k−th evaluation period of Nk steps and starting at step tk , the
instantaneous error values are calculated as
eki = uktk +i − ytk +i ,

∀ i ∈ {1, ..., Nk }.

(1)

To simplify notation, bold letters will represent vectors and matrices throughout the
paper. Additionally, l will be used to index the DR experiments, and k will be used to
index tests used for evaluating the various baseline methods. Different metrics, such as the
standard deviation (STD) or percentiles of the error distributions, can be used to assess the
performance of the different baseline methods. Due to the metering data granularity of 5
minutes, the aggregated load is relatively noisy. The high-frequency load fluctuations are
very hard to estimate, if not impossible in practice. To avoid the high frequency fluctuations,
a moving average (MA) filter is applied to y, to obtain the smoother aggregate load ỹtq
Pq
j=1 yt−(q+1)/2+j
, ∀ t ∈ {(q + 1)/2, ..., Ntot },
(2)
ỹtq =
q
where Ntot is the length of time series y and q is the order of the MA filter. The corresponding
difference is calculated as
ẽqt = ỹtq − yt ,

∀ t ∈ {(q + 1)/2, ..., Ntot }.
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(3)

Aggregated load [kW]

This error value represents the error due to high-frequency oscillations, which we believe
are unpredictable. Hence, ẽq is used throughout this paper as a benchmark, to provide
lower bounds for the errors. The MA order was set equal to q = 5, resulting in the smoother
aggregated load profile shown in Fig. 4. Notice the sudden load variations occurring with a
frequency of 5 minutes, which are very hard to estimate.
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Figure 4: Actual and smoothed aggregate load for a morning of a typical winter day.

3.2. Data replacement during experiments
The need to obtain a clean aggregated load time series (denoted by w) has already been
described. The data replacement methods can only be evaluated during periods unaffected
by the DR experiments. The reason for this is that during the experiments, or the subsequent
rebound periods, the aggregated load is significantly affected by the aggregator’s control
actions. Therefore, the accuracy of the baseline estimation methods cannot be validated. A
large number of DR experiments was conducted, with durations ranging between 30 and 60
minutes. Any load rebound effects after 1 hour and 2 hours respectively were negligible. The
periods when experiments were conducted were excluded from the evaluation of the data
replacement, along with a succeeding rebound period equal to two times the experiment
duration. LI and FBA were evaluated as data replacement methods on randomly chosen
periods which do not overlap with the DR experiments.
3.2.1. Linear interpolation
Linear interpolation is the most straightforward data replacement method. The interpolated aggregated load values are calculated as
ukt = ytk +

ytk +Nk +1 − ytk
(t − tk ) , t ∈ {tk + 1, ..., tk + Nk }.
Nk

(4)

3.2.2. Forward-backward auto regression
For each test period, two auto regressive models of order nAR are trained, once for
forward data and once for backward data. The forward model expresses the value yt as a
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linear combination of previous values plus an error term, and can be expressed as
fw

yt = c +

nAR
X

fw
φfw
i yt−i + εt .

(5)

i=1

The reverse model expresses the value yt as a linear combination of future values. It can
be expressed as
nAR
X
bw
bw
yt = c +
φbw
(6)
i yt+i + εt .
i=1

bw
bw
φfw
are the linear model coefficients, cfw and cbw are constants, and εfw
i and φi
t and εt
represent the error terms at time t. The forward model is trained on nTR time steps before
tk , and the backward model nTR time steps after tk+Nk . Once both models are trained, (5)
and (6) can be used to forecast (or backcast) the most likely values for the missing time
steps recursively, using the fact that the expected value of ε is equal to zero. Finally, the two
results are added up by weighing each result by the distance to the next known value. It is
important to clarify that in order to evaluate the FBA method, it must be first applied on
all periods where DR experiments were conducted. Once the influence of the experiments on
the aggregated load is removed, FBA is then applied on each evaluation period individually.

3.2.3. Data replacement results
We compare the performance of the two methods on 300 randomly chosen 3-hour periods
(Nk = 36 for all periods). For the FBA model, a horizon of 2 days was chosen, and a
training period of 18 days (nar = 576 and ntp = 5184). These parameters were optimized
by performing an exhaustive search on nar and ntp values. FBA is first applied to remove
the influence of all DR experiments, and then applied for each test separately, as described
earlier. In the case of LI, there is no need for data replacement during the DR experiments,
since the evaluation periods never coincide with the DR experiments. The performance of
the two methods is shown in Fig. 5. The STD and the interquantile range (IQR) are used
as metrics. The subscript of IQR denotes its range, i.e., a value of 95 indicates the difference
between the 97.5th and the 2.5th percentiles. FBA outperforms LI in all metrics, and it
will be used as a data replacement method for the rest of the analysis in the paper. More
advanced methods based on load decomposition, which are presented later, cannot be used
for replacing data for a large number of periods concurrently.
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Figure 5: Comparison of LI and FBA methods for data replacement, against the benchmark case.

3.3. Baseline methods
After obtaining a clean time series w to use as training data, different baseline methods
can be applied. An overview of these methods is given in Table 1. The first two methods,
LI and FBA, were introduced in the previous subsection. We further investigated three
methods based on a decomposition technique, which is described later in more detail. In
the first, the residual load component obtained from the decomposition is neglected. In the
second, FBA is applied on the residual. In the last variant, LR is applied on the residual.
Finally, a hybrid approach, based on a linear combination of the aforementioned five baseline
methods is presented.
Method
M1
M2
M3
M4
M5
M6

Description
Linear Interpolation
Forward-Backward Auto regression
Decomposition + Ignoring Residual
Decomposition + FBA on Residual
Decomposition + Linear Regression on Residual
Hybrid

Table 1: Overview of the different baseline methods.

3.3.1. Load decomposition
We apply a decomposition technique from [40], which is based on locally weighted scatter
plot smoothing, on the clean aggregated load time series w. The benefits of deseasonalization
and detrending with respect to forecasting have been shown in [41, 42]. This subsection
outlines the concept of the applied decomposition method; for further details, the reader
is referred to [40]. The method splits time series w into a trend component T , a seasonal
component S and a remainder component R, such that
wt = Tt + St + Rt ,
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∀ t ∈ {1, ..., Ntot }.

(7)
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Figure 6: Example of decomposition for 138 households and a period of three days in January 2018.

An example of load decomposition is shown in Fig. 6. To calculate the trend component
at time t∗ , polynomials are fitted locally to all data points ntr time steps before and after
t∗ , using weights which are inversely proportional to the distance from t∗ . Hence, ntr is
an input parameter for the decomposition method, which defines how smooth the resulting
trend component is, with larger values of ntr resulting in smoother trends. The original time
series w can then be detrended by subtracting T
ŵt = wt − Tt ,

∀ t ∈ {1, ..., Ntot }.

(8)

Next, ŵt is used to calculate the seasonal component. The duration of the seasonal
electricity consumption pattern is equal to one week, corresponding to γ = 2016 time steps
for a 5−minute resolution. If ζ is the number of weeks contained in ŵ, then ŵ is divided
into γ sub-time series S ∗,i . Each sub-time series S ∗,i , of length ζ, consists of the power
values of the same time steps of each week, such that S ∗,i = {ŵi , ŵi+γ , . . . , ŵi+(ζ−1)γ }, with
i ∈ {1, 2, ..., γ}. Again polynomials are fitted locally, however, now fitted only to the subtime series, with the parameter ns defining how many time steps before and after are taken
into account. After the seasonal component is calculated, the residual component R is
defined as
Rt = wt − Tt − St , ∀ t ∈ {1, ..., Ntot }.
(9)
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.
3.3.2. Linear regression on residual consumption
This baseline method relies on both load decomposition and BR. First, the clean time
series w and the residual consumption are obtained, as previously described. The residual
consumption is correlated with the time of day, external temperature and solar radiation.
For this reason a multiple LR is used, with the residual being the dependent variable, and
the other three factors being the independent variables X, also referred to as regressors.
Coefficients β link the independent variables with the dependent variable, whereas  represents the error between the regression and the real values. The relationship between R, X,
β, and  for b data points is described in a matrix form by:
R = Xβ + ,

(10)
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2π
xi,2m+2 (f (gi )) = cos m f (gi ) , ∀m ∈ {0, ..., v}, ∀i ∈ {1, ..., b}.
24

(13)





A total number of p predictors are used: ambient temperature (in Celsius), solar radiation
(kW/m2 ), and v pairs of time predictors. Column x:,1 contains the b ambient temperature
values, whereas column x:,2 contains the solar radiation values. Columns x:,3 to x:,p contain
the sine/cosine transformed time values, as explained below.
Meter data is recorded every 5 minutes, therefore the time stamp gi associated with data
point i is mapped with the help of a strictly increasing function f : R → R to a range [0, 24),
representing the hour of day. However, the hour of the day should not be directly included
as an input to the LR, since its influence on residential power consumption is not linear.
The time stamp of each data point is therefore transformed for each pair m out of v time
predictor pairs as:


2π
(12)
xi,2m+1 (f (gi )) = sin m f (gi ) , ∀m ∈ {0, ..., v}, ∀i ∈ {1, ..., b}.
24

Note, that xi,j (24) = xi,j (0). Finally, the least squares method is applied on (10) to obtain
coefficients β which minimize the squared sum of errors .
3.3.3. Hybrid method
A hybrid method relying on the linear combination of the previously described baseline
methods is also used. It is based on the assumption that each of the methods contains useful
information, which can be combined to form a more accurate baseline. Let uj denote the
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estimation of baseline method j, as listed in Table 1. The estimation of the hybrid method
over a period Nd is calculated as a linear combination of all individual uj estimations as
uhybrid
i

=

5
X
j=1

αj,t uji , ∀ i ∈ {1, ..., Nd }.

(14)

To calculate coefficients αj,i , first a training set of evaluation periods is chosen randomly,
so that they do not coincide with the DR experiments. Next, the different methods are
used to produce baseline estimations for each evaluation period. These estimates are used
in (14), to produce the hybrid method estimate. Finally, a least-squares fit on the residuals
against the real consumption is applied for each i separately.
4. Baseline Methods Evaluation
In this section the results of the evaluation of the different baseline methods are presented.
Similarly to the data replacement method, the performance of the different baseline methods
was evaluated on time periods where no DR experiments were conducted. The duration of
each test is again 36 time steps, which translates to a 3-hour test period. First, the clean
aggregated time series w is obtained, as described in subsection 3.2. Next, the data set is
split into a training/cross validation set (80% of the data set) and a test set (20% of the
data set). All methods, except for LI where it is unnecessary, were trained and optimized on
the training set using 10-fold cross validation. Finally, all methods were tested on the test
set. The decomposition-based models M3, M4 and M5 were found to perform best with the
parameters (ns , ntr ) = (7, 55), (ns , ntr ) = (7, 87) and (ns , ntr ) = (7, 137), respectively. The
results of the six methods are summarized in Table 2, with the tests being carried out using
the aggregated load of the full portfolio of 138 households.
Method
M1 - LI
M2 - FBA
M3 - D - R
M4 - D + FBA on R
M5 - D + LR on R
M6 - Hybrid
MA Benchmark

STD [kW]
14.21
12.23
11.68
11.48
11.43
11.01
6.48

IQR95 [kW]
57.94
51.38
47.22
46.78
46.40
44.52
26.48

IQR99 [kW]
76.29
67.57
65.01
63.36
63.22
61.27
37.28

Table 2: Overview of the different baseline method results for 138 households.

LI is used as the upper benchmark for comparisons, whereas MA is used as a lower
benchmark. FBA outperforms LI in all metrics, with a 13% reduction of the errors STD, a
12% reduction of IQR95 and a 11% reduction of IQR99 . All three variants of load decomposition outperform the simple FBA, showing that the use of load decomposition can result
in smaller baseline estimation errors. LR on the residual consumption gives the best result,
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whereas the hybrid method achieves a further reduction of the errors. More specifically,
compared to LI, it achieves a 23% reduction of the errors STD, a 23% reduction of IQR95
and a 20% reduction of IQR99 . In Fig. 7 the probability distribution of the error of the
hybrid method for 300 test periods is shown.

Probability
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·10−2

IQR99
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2
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20

30
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Error [kW]

Figure 7: Relative frequency histogram of the error distribution of the hybrid method for 300 test periods.

Error STD [kW]

The performance of the methods is not the same for each time step. As expected, all
methods perform better at the first and last time steps of the estimation. This is depicted
in Fig. 8, where the STD of the error for each of the 36 time steps for all different baseline
methods is shown. The graph also reveals the much larger variability of the LI’s performance,
which is concealed by the average error results of Table 2. The hybrid method performs
better than all the other five methods for all 36 time steps, and with a smaller variability of
its performance.
LI
FBA
Decomp-no resid
Decomp+FBA
Decom+LR
Hybrid

16
14
12
10
8

1

6

11

16
21
26
Time step [5 min]

31

36

Figure 8: STD of the error term for each of the 36 time steps and for all different baseline methods.

Finally, the effect of the aggregation size on the STD of the errors is analyzed. To this
end, the portfolio size was reduced by randomly choosing a subset of the population, and
the calculations were repeated for 116, 94, 72 and 50 households. In general, the results
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depend on the composition of the chosen subset. To isolate the effect of the aggregation
size, the subsets were repeatedly (and randomly) chosen, until the mean of the calculated
errors converged to a steady-state value. The results are shown in Fig 9.
The total error increases with the aggregation size. This is expected, because of the
nature of the error metric. When more households are considered, the aggregated load has
larger values, which results in larger errors on average. However, the error per household
decreases as the aggregation size increases. This reflects the impact of the aggregation
size on the natural smoothing of the aggregated load, and the reduction of the impact of
customer uncertainty per household. As we will show in the following section, an error STD
of approximately 0.1 kW per household is significantly smaller than the contribution of each
household in the load reduction experiments. This allows us to quantify flexibility with
acceptable accuracy.
LI

FBA

DE

DE-FBA

DE-LR

10
5
0

MA benchmark

0.16
Error STD
per household [kW]

Error STD [kW]
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140

60
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Figure 9: STD of total error (left) and error per household (right) as a function of the aggregation size.

5. Flexibility Identification
In order to offer flexibility services, aggregators need to estimate the available flexibility
in their portfolio. Accordingly, a number of flexibility identification experiments were carried
out in the context of EcoGrid 2.0. A total of 90 DR experiments were carried out, with
aggregation sizes varying between 50 and 138 households. This section describes how these
experiments were used to create a flexibility model, which models the portfolio’s response
depending on time of day and ambient temperature. The flexibility model contains two
parts. The response model, describing the loads response during the load reduction phase,
is presented in subsection 5.1. The rebound model, describing the loads rebound, is presented
in subsection 5.2.
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5.1. Response model
First, the process of the experiments evaluation, and the proposed response flexibility
model, are described in subsection 5.1.1. Second, the validation of this model is presented
in 5.1.2. Finally, the impact of the aggregation size and the random selection of households
is assessed in 5.1.3.

Aggregated load [kW]

5.1.1. Evaluation of experiments and flexibility response model
A typical result of a flexibility experiment is depicted in Fig. 10. The upper graph
shows the actual measured consumption in blue color, whereas the red curve represents
the estimated baseline using the hybrid method. The lower graph depicts the load deviation, i.e., the difference between the baseline and the actual load, together with the IQR95
baseline uncertainty. The one-hour load reduction period is highlighted by the light orange
background, and the evaluation extends to a subsequent two-hour rebound period.
300

200

-100
20:05

Load deviation [kW]

Load reduction period
Baseline
Real consumption

21:00

22:00

23:00

00:00

01:00

Baseline Uncertainty (IQR95 )
Load Deviation

100
0
-100
20:05

21:00

22:00

23:00

00:00

01:00

Time
Figure 10: Experiment result example - Top: Baseline (red) and measured consumption (blue), Bottom:
Load deviation and the IQR95 of the baseline uncertainty.

Each of the conducted experiments involved a different number of households, and the
load reduction period was not always the same. The average load reduction per household
can be used to quantify flexibility, given the relatively constant load reduction observed
in the experiments (see Fig. 10). This allows us to calculate a flexibility indicator in a
normalized manner, irrespective of the number of households or the experiment’s duration.
For the evaluation of each experiment, three steps are followed:
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1. Obtain aggregated load. The aggregated load y of the nl households participating in
the l−th experiment is obtained.
2. Create baseline. A baseline is estimated as described in section 3, for the corresponding
nl households, and for a duration Nl equal to three times the load reduction period dl .
In other words, Nl = 3 dl .
3. Calculate average response. Using the estimated baseline, the average response per
household is calculated. In the example of Fig. 10, the load reduction occurs between
21.00 and 22.00, with 21.05 being the first time step of the evaluation. Due to the relatively slow ICT infrastructure, loads respond with a delay. To avoid underestimating
flexibility, the first time step is omitted from the calculation of the average response.
For each experiment l with a starting time tl , nl participating loads, and a load reduction
period equal to dl , the average response Plres is calculated as
Pi=dl
ut +i − ytl +i
.
(15)
Plres = i=2 l
nl (dl − 1)
As pointed out in [30], the baseline accuracy can have an effect on the calculation of
flexibility. Each Plres value is calculated by averaging the estimated load deviation over dl −1
time steps. To assess the effect of possible baseline errors on the average response, a new
offset error metric eoff is introduced. A positive offset error eoff will result in overestimation of
flexibility, whereas a negative error in underestimation. To quantify the performance of the
baseline method in terms of offset errors, an evaluation procedure similar to the one followed
for the instantaneous error e was carried out. 300 evaluation periods with a duration of three
hours (Nk = 36) were chosen randomly, and the evaluation process was repeated for different
aggregation sizes. The offset error per household for each evaluation period is calculated as
Pi=dk k
ut +i − ytk +i
off
.
(16)
ek = i=2 k
nk (dk − 1)
Note that the offset error is normalized per household, and that it is calculated for time
steps 2, . . . , dk , which are also the time steps used for the calculation of P res . Identical results
were obtained by evaluating eoff for Nk = 36 or Nk = 18. However, eoff was found to exhibit
a strong dependence on the number of houses, as is the case for the instantaneous error e.
In Fig. 11, the STD of eoff is shown. Notice the very small values for the benchmark errors;
this is explained by the MA nature of the benchmark estimation, that results in negligible
average errors, which is not the case for instantaneous errors.
After calculating Plres for each experiment, these values are fitted with a flexibility model.
The expected response P̂ res per household is expressed as a function of the hour of day h
and ambient temperature T amb as




2πh
2πh
res
amb
+ λ2 sin
+ λ3 T amb + λ4 .
(17)
P̂ (h, T ) = λ1 cos
24
24
The hour of day is projected onto the interval [−1, 1] using the sine/cosine functions.
This model design decision was made to retain the continuity of flexibility, since the model’s
20
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Figure 11: STD of the offset error per household, as a function of the aggregation size.

predictions for h = 0 have to be equal to h = 24. Moreover, experimental data indicated
a linear dependency between the load reduction and the ambient temperature. The model
parameters λ1 , λ2 , λ3 and λ4 are calculated using a weighted least square method. As
shown in Fig. 11, the evaluation of experiments involving fewer houses leads, in general, to
larger offset errors per household. As a result, the estimated Plres value will be less reliable.
If the offset error STD corresponding to an experiment l is denoted by eoff
l , then for each
experiment the following weight ωl is assigned
1/eoff
ωl = P l off .
l (1/el )

(18)

5.1.2. Model validation
80 of the total 90 experiments were randomly chosen as training data to fit the flexibility
model, and the remaining 10 experiments were used for validation. The evaluation results
upon the training data were used to calculate the coefficients of model (17), using weighted
least squares fitting. The results of this fitting are summarized in Table 3.
Parameter
λ1
λ2
λ3
λ4

Value
0.125
−0.007
0.039
−0.739

Unit
[kW ]
[kW ]
[kW/o C]
[kW ]

Table 3: Fitted values of the coefficients of model (17).

The fitted model is shown in Fig. 12, where each point in the graph represents the average
load reduction per household during an experiment, and the additional color dimension
indicates the average ambient temperature during the experiment. The fitted model is
depicted through isotherm lines, for temperatures of −10◦ C, −5◦ C, 0◦ C, 5◦ C and 10◦ C.
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Figure 12: Fitted flexibility model as a function of time of day and ambient temperature. Each point
represents the average load reduction per household during an experiment.

One can notice that even for the same hour of day and similar temperatures, the resulting response varies considerably. This is attributed to the baseline uncertainty, the varying
portfolio composition throughout the experiments, and the various customer-induced disturbances, among other factors. The residuals of the fitted model are approximately normally
distributed, with a standard deviation of 0.12 kW. Using a more complicated fitting model
may yield smaller residuals in the training data, but the resulting model will not be necessarily better. The reason for this is that the residuals also reflect the uncertainty of flexibility
provision, observed throughout the experiments. Trying to minimize the residuals often
leads to an over-fitted model, which produces less accurate flexibility estimations - in other
words, worse validation results. This is the reason why a simpler function for the flexibility
model was chosen, because it produced better results on the validation data set. The results
of the validation are summarized in Table 4. Most of the responses estimated via (17) are
close to the measured values. In only two cases a mismatch greater than 0.1 kW per household was observed. Given the STD of the residuals and the uncertainty of the offset error
(see Fig. 11), such mismatches are expected.
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number of
experiment
1
2
3
4
5
6
7
8
9
10

predicted
response
-1.02
-0.60
-0.36
-0.81
-0.76
-0.55
-0.57
-0.77
-0.51
-0.68

measured
response
-1.10
-0.56
-0.37
-0.80
-0.94
-0.50
-0.52
-0.70
-0.40
-0.62

estimation
mismatch
0.074
-0.036
0.008
-0.012
0.179
-0.048
-0.054
-0.070
-0.112
-0.065

amount of
households
75
85
74
75
109
112
116
114
73
76

Table 4: Results of the validation of model (17) for 10 experiments.

5.1.3. Uncertainty assessment of aggregation size
As explained in the previous subsection, the amount of load reduction cannot be fully described by the hour of day and the ambient temperature. Other factors, such as user-induced
disturbances or weather data inaccuracies, are introduced in the model as uncertainties. In
this subsection we focus on the effect of the activation of a subset of the whole portfolio,
on the delivered load reduction. The flexibility model expressed via (17) estimates the load
reduction per household for the whole available portfolio. However, activating a randomly
selected subaggregation may result in a different response per household, compared to the
one obtained from all loads. To assess the effect of random selection, the marginal contribution of each load to the load reduction was calculated.
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20
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0
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0
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Household Response [kW]

−2

0

2
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Figure 13: Frequency histograms of the estimated marginal contribution of a single household - (results for
experiment 1 are shown on the left subplot, and for experiment 2 on the right subplot).

Two load reduction experiments with the same 110 participating loads were chosen for
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Average response per household [kW]

the analysis. The following process was followed for both experiments. First, the total
load reduction during the experiment was calculated. Afterwards, one of the 110 loads
was removed, and the load reduction was recalculated for the remaining 109 loads. The
difference of these two values gives the contribution of a particular household to the overall
load reduction. This process was repeated for each load, resulting in 110 contribution values.
The results of the marginal contributions for these two experiments are shown in Fig. 13.
Two interesting observations can be made by examining the histograms of the marginal
contributions. First, some of the loads appear to have positive contributions to the load
reduction. This is mainly attributed to the uncertainty of the baseline. If a relatively large
increase of the uncontrollable consumption of a specific household during the experiment is
not captured by the baseline estimation, then its marginal contribution will appear as positive. Similarly, a decrease of the uncontrollable consumption not captured by the baseline
estimation may inflate the actual contribution. Second, there is a wide distribution of the
marginal contributions among the population.
To assess the impact of the aggregation size, we randomly constructed subaggregations
of varying sizes. For each subaggregation, the marginal contributions of the loads were
averaged. This process was repeated 150 times for each subaggregation size, and the results
are presented in Fig. 14 and Fig. 15 for experiment 1 and 2 respectively.
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Figure 14: Boxplot of the average response per household for varying aggregation sizes: experiment 1.
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Figure 15: Boxplot of the average response per household for varying aggregation sizes: experiment 2.

The expected response per household remains constant, regardless of the subaggregation size. However, the results for both experiments indicate a logarithmic decrease of the
uncertainty in the response, as the number of loads increases. In the first experiment, the
estimated response for the 110 households is equal to 0.84 kW per household. Fig. 14 reveals
that if the same experiment was conducted with 70 loads, then the response would lie in the
range of [0.79 − 0.89] kW, with a probability of 50 %. The response per household could
be as low as 0.63 kW, or as high as 1.05 kW per household. Notice that these ranges are
similar to the uncertainty ranges introduced by the baseline offset error in Fig. 11, which is
why Plres values were weighted by ωl , according to the number of participating houses.
Similar uncertainty ranges were found for the second experiment, as seen in Fig. 15.
Even if the estimated response for the 110 households is equal to 0.31 kW per household,
the ranges of the responses obtained by smaller aggregations exhibit similar variability.
These uncertainty ranges can be used by the aggregator to deliver a service by activating
the necessary amount of households, considering the baseline uncertainty and the service
specifications.
5.2. Rebound
A large number of experiments resulted in a similar rebound behavior, i.e., relatively
short in duration but with a large peak value. In this subsection, a model describing the
rebound behavior of the loads will be presented. For this purpose, only tests with a duration
nor
equal to one hour are considered. The normalized load deviation during an experiment Pl,i
is introduced, which is defined as the load deviation per household, normalized against the
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nor
average load reduction Plres . Pl,i
is calculated as
nor
Pl,i
=

utl +i − ytl +i
,
nl Plres

∀ i ∈ {1, ..., Nd }.

(19)

To obtain a representative rebound behavior, the normalized responses of nb = 25 experiments were averaged, when all loads were released immediately after the load reduction
period. The contribution of each experiment is weighted by a weight ρl . This weight is
similar to ωl , but is calculated considering the instantaneous error distributions of e (see
nor
Fig. 9), because Pl,i
is calculated for each time step i. If the instantaneous error STD
corresponding to an experiment l is denoted by einst
l , then for each experiment the following
weight ρl is assigned
1/einst
(20)
ρl = P l inst .
l (1/el )
nor

The average normalized load deviation P i
nor
Pi

=

nb
X

nor
ρl Pl,i
,

l=1

is calculated as

∀ i ∈ {1, ..., Nd }.

(21)

The expected normalized load behavior when all loads are released after the load reduction period is shown in Fig. 16. A simple rebound-shaping strategy is described next, which
can significantly reduce the large rebound peak power after the end of the load reduction
period.
P d
We introduce ai as the share of released loads at step i, with ai ∈ [0, 1], and N
i=1 ai = 1.
If a share of the loads a13 , instead of the whole portfolio, is released at step i = 13, then
these loads will exhibit a rebound behaviour as shown with blue color in Fig. 16. Note that
by convention a release at i = 13 refers to release commands sent at the end of the load
reduction period. We assume that the contribution of the rest of the loads (1 − a13 ) in the
load reduction will be the same. The shaped load deviation Pish , achieved by applying a
gradual load release, can be calculated as
( nor
P i ,
∀ i ∈ {1, . . . , 12}
 P
Pi
(22)
Pish =
nor
i−13
sh
P 12 1 − r=13 ar + r=0 ai−r P13+r
,
∀ i ∈ {13, . . . , 36}.
nor

The accuracy of model P i to describe the rebound behavior was validated by performing
a series of gradual release experiments. After one hour of load reduction, random subsets
of the portfolio were released according to five different release strategies, as summarized
in Table 5. The percentage column shows the shares of release, i.e., [50, 25, 25] means that
first 50% of the loads were released, followed by a 25% share and another 25% in the end.
Column time shows the time in minutes, when the commands for gradual release were sent
by the aggregator to the loads. The sequence has the end of the load reduction period as
time reference, which was 1 hour after the experiment commenced. Therefore, a sequence
of [0, 10, 20] means that the first share of loads were released right after the end of the load
26
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Figure 16: Average normalized load deviation P i
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from 25 load reduction experiments.

reduction period. The second share was released 10 minutes later, and another 10 minutes
later the last loads were released. With reference to the shares ai of (22), this results in
a13 = 0.5, a15 = 0.25 and a17 = 0.25.
Test
(a)
(b)
(c)
(d)
(e)

Percentage
[50,10,10,10,10,10]
[50,25,25]
[50,25,25]
[50,25,25]
[20,20,20,20,20]

Time [min]
[0,10,20,30,40,50]
[0,15,30]
[0,15,30]
[0,10,20]
[0,10,20,30,40]

Table 5: Description of gradual release experiments.

In Fig. 17 the results from these five experiments are shown. The actual response is
shown with red color, whereas the calculated response via (22) is shown with blue color. In
all cases the actual response of the loads under gradual releases was found to be close to the
response calculated by using (22). Such a strategy can be used to mitigate the high rebound
peak, and shape the rebound profile according to the aggregator’s objectives (for instance
to provide a service to the DSO).
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Figure 17: Calculated and actual response for five gradual release tests with varying portfolio size and
ambient temperature.

6. Conclusion
In this paper we proposed a method for identifying the aggregated flexibility of residential thermal loads by evaluating DR activations, based only aggregated behind the meter
measurements and weather data. For this purpose, six different baseline methods were presented and compared. Results show that load decomposition and auto-regressive models
lead to significant improvements with relation to linear interpolation. A hybrid method,
combining the benefits of regression and decomposition, was found to further increase the
accuracy of the baselines.
Results showed that the standard deviation of the baseline offset error ranges from 0.055
to 0.075 kW per household, for aggregation sizes ranging from 138 of 70 households, respectively. The amount of achievable load reduction was found to vary between 0 kW and −1.2
kW per household, for a large number of experiments involving 75 − 115 households. The
considerably smaller baseline errors, compared to the calculated load reductions, allows the
identification of flexibility with good accuracy. The available load reduction per household
was modelled as a function of the ambient temperature and time of day, using the DR evaluations as training data. The standard deviation of the residuals of the model was found to
be 0.12 kW per household. This uncertainty is higher than the baseline uncertainty, given
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that it also includes the uncertainty of random customer behavior, as well as the effect of
random selection of households participating in a DR experiment. We assessed the effect of
random selection of households by evaluating their individual flexibility contributions during
two DR experiments involving 110 households. The response of a subaggregation remained
on expectation constant, as the subaggregation size decreased. However, the uncertainty in
the response scaled faster than than the baseline uncertainty, resulting in very large response
ranges for subaggregation below 50 households.
The rebound behavior of the loads was also modelled, using a set of 25 experiments.
This model can be used to predict the rebound behavior of the aggregation under gradual
load releases, and mitigate the large rebound peaks. The accuracy of both the response and
the rebound models were validated with real experiments. Future work will investigate if
clustering the households can result in a reduction of the uncertainty when activating small
subaggregations.
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Abstract
The utilization of flexibility from distributed energy resources is necessary, in the course of
integration of more renewable energy resources to the power system. On a system level,
wholesale markets are well established and operate with the principle of power schedules
and balance responsibility. On a distribution level, local flexibility markets have gained
attention from both academia and the industry in recent years, and are advocated by EU
legislators. In those markets, distribution system operators can gain access to flexibility
offered by aggregators, for the purpose of congestion management or postponement of grid
reinforcements. Baseline services and capacity limitations represent the two main approaches
in trading flexibility locally. This paper reviews existing proposals for baseline mechanisms
and presents the challenges of the different approaches. We find that local flexibility markets
that rely on baselines are not compatible with the active participation of distributed energy
resources in power markets and the parallel operation of wholesale and local flexibility
markets. Service definitions that rely on baselines or schedules may suffer from lack of
transparency and simplicity, are prone to manipulation and may lead to inefficient use of
the available resources. We propose the use of capacity limitations services, which represent
temporary absolute consumption caps for aggregators, and argue that they are better suited
to tackle the challenges of distribution systems operation.
Keywords: Baselines, local flexibility markets, demand response, congestion management,
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1. Introduction
In the course of decarbonization of the energy system, renewable sources replace production from fossil fuels. The majority of this production comes from photovoltaic (PV)
systems or wind turbines, sources with uncertain and volatile output. Therefore, the need
for flexibility in the power system is increasing and it can be partially covered by intelligent
control of distributed energy resources (DERs).
Most DERs are installed at the distribution level. Their coordinated control significantly increases load concurrency [1], which can lead to equipment overloading or voltage
violations. Such violations could occur at any time throughout the day, and not necessarily only during traditional peak hours. Thus, it is generally accepted that some form of
congestion management in distribution networks (DNs) is needed [2]. Various mechanisms
for congestion management and for allowing the distribution system operators (DSOs) to
access DER flexibility have been proposed. The council of European energy regulators gives
guidelines of good practice for flexibility use at distribution level. According to their consultation paper [3], the council recognizes four techniques for enabling this access: rules-based
approach, network tariffs, connection agreements, and market-based procurement. It is an
EU recommendation that DSO procurement of flexibility should be market-based [4], using
local flexibility markets (LFMs) to trade flexibility locally between flexibility providers and
DSOs. Such approaches seem to be the most promising concept in Europe [5]. LFMs are
in line with the ENTSOE guidelines [6], which state that DERs should be able to sell their
services where it is most profitable for them.
Aggregators are commercial entities that manage and control DERs of residential and/or
commercial customers. They can use the flexibility of these units to participate in the
wholesale markets, or even offer ancillary services. Figure 1 illustrates the role of aggregators
and LFMs in the power system. LFMs can be seen as an additional layer in the existing
power markets. Aggregators can participate in the wholesale and ancillary services markets,
and DSOs are able to buy services from aggregators in the LFM, to ensure the safe operation
of their network or postpone grid reinforcements [7].
LFMs differ substantially from system-level markets in many aspects. The locational
aspect is of particular importance, since a service in a LFM can be offered only by units
in specific locations. Additionally, while the primary purpose of system-level markets is to
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Figure 1: Overview of aggregator role in the power system.

balance the power system, the primary purpose of LFMs is to manage congestions. LFMs
have not yet been established, and there are only few early-stage initiatives. As a result,
exact specifications for the traded services have not been consolidated. However, most LFM
design proposals follow two main lines of thinking: baseline services and capacity limitation
(CL) services [8].
Baseline services are requested as load deviations from a reference consumption, called
the baseline. This resembles system-level markets, where participants offer balancing services
by deviating from their schedule. Since such schedules do not exist in the distribution
system, baselines are introduced. System operators and flexibility providers agree upon such
a baseline to define and verify flexibility activations. CLs impose caps on the consumption of
an aggregator in specified time periods. From the description of the two types of services, it
is obvious that the former are relative (to the baseline) and the latter are absolute (capacity
limits).
Our contribution lies in the review and discussion of the nature and use of baselines in
the context of LFMs. More specifically, we present the different baseline approaches found
in the literature and in real-world applications, and describe a set of requirements that
services traded on a LFM should meet. We assess all proposed approaches and show the
shortcomings of employing baselines in LFMs. Finally, we argue for the use of CLs, as a
more natural, simpler and more efficient way of defining and trading services.
The remainder of this paper is structured as follows. Section 2 discusses LFMs and the
nature of baseline and CL services. It presents a series of requirements that services in a
LFM need to fulfil. Section 3 reviews the existing literature and categorizes baseline approaches. Section 4 presents two general challenges regarding baselines for LFMs and each
baseline category is discussed individually, with respect to the established service requirements. Section 5 argues why CLs lead to a much simpler and more effective procurement of
DN services, both for DSOs and flexibility providers. Section 6 concludes the paper.
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2. Flexibility services in a LFM
In subsection 2.1 we discuss the nature of a LFM and how it differs from wholesale
markets. Further, the difference between baseline services and CL services is explained. In
subsection 2.2 we present a set of requirements that services traded in a LFM should have.
These requirements will serve as the basis of our assessment in section 4.
2.1. Baseline and capacity limitation services
The role of the DSO is to provide power to end consumers with sufficient quality at
all times. There are two major challenges that DSOs currently face. First, due to the
electrification of the transportation and heating sectors, additional energy-intensive loads
are installed in DNs. Second, load synchronization from offering services to the wholesale
markets can cause operational issues [1]. Grid reinforcement has been the traditional solution
to such issues [9]. In many cases, operational problems can be overcome by utilizing DER
flexibility. Additionally, flexibility could be used as an alternative to load curtailment in
N-1 situations or scheduled maintenance.
So far, DSOs have not had the option to rely on customer flexibility, due to the lack of
an appropriate framework and the necessary communication/control capabilities of DERs.
LFMs fill this gap by allowing DSOs to buy flexibility services that improve network operation. The role of LFMs is to allow DSOs to access the available DER flexibility, while
respecting the unbundled operation of the power system.
As briefly mentioned in the introduction, the main functionality of system-level markets
is different to that of LFMs. Wholesale markets rely on the use of schedules. Each balance
responsible party (BRP) establishes a schedule and is responsible for following it. The main
role of the system operator is to keep generation and consumption balanced. If deviations
from these schedules occur, then balancing services are activated. Consequently, system
operation relies on relative deviations from schedules, and that is how market participants
trade in the intraday market or participate in the balancing market.
The situation is very different in DNs, where such schedules do not exist. There is no
requirement for aggregators to follow a particular schedule, as it happens with balance responsibility in a system’s bidding zone. This can be attributed to a multitude of reasons:
the sheer complexity due to the existence of thousands of transformers, the small aggregation sizes per BRP in the DN, the large uncertainties of small-scale customers, and the
lower observability as voltage levels in the system decrease. The use of baselines in a LFM
indirectly transfers the concept of schedules in the DNs, with baselines providing a reference
upon which the DSO requests load deviations. Contrary to schedules, which are established
by market participants themselves, baselines are calculated via a detailed methodology; we
review the proposed approaches in section 3.
DSOs are mostly concerned with avoiding overloadings of components or large voltage
violations, in contrast to the need of the transmission system operator to maintain power
balance in the system. Consequently, operational problems in DNs have an absolute, rather
than a relative nature. In other words, a DSO is interested in maintaining consumption
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below, for example, a transformer’s rating, and not in reducing load by a specific amount
upon a reference, that in many cases is unknown at the time of service request.
The left graph in Fig. 2 shows the concept of a CL service. The total load on a
transformer is expected to exceed its power rating, and an aggregator commits to limit
its consumption between tstart and tend . The right graph illustrates how a baseline-based
service works. The anticipated transformer overloading is mitigated by requesting a load
reduction from an aggregator, that is relative to its baseline. Note that in this case the
baseline is assumed to correspond exactly to what the aggregator would have done, and
any uncertainties, biases or previous control actions are neglected. The importance of these
issues will be explained in the following sections.
2.2. Requirements of flexibility services traded in LFMs
Services traded in a LFM should meet a number of requirements, so that they adhere to
the guidelines of energy regulators and ENTSOE, respect the unbundled nature of European
power systems and set the right market incentives. We present four requirements based on
our literature review and the evaluation of the recommendations of energy regulators. The
following four requirements do not present an exhaustive list, but we believe that they must
be met in any functional LFM.
• Transparency and simplicity
A LFM requires standardized and simple products that all stakeholders can understand
and feel confident trading. These features promote competition, lead to automated
contracts, and eventually to faster adoption by DSOs and aggregators. Traded products must be clearly defined and any involved methodologies related to service delivery
must be transparent.
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• Inclusive use of available flexibility
Products in a LFM must be designed such that they do not exclude potential flexibility
providers. This means that portfolios of relatively low aggregation sizes (and/or consisting of small customers) should be able to participate efficiently in the LFM. This
is particularly important in medium and low voltage networks, where the amount of
flexible resources per point of common coupling could be small. It should be also
taken into account that services are offered separately per aggregator, and this further
reduces portfolio sizes. Further, during the initial stages of LFMs, few participants
are expected to participate. Therefore, services should be designed such that they can
handle this transition stage.
• Not prone to manipulation
Services have to be defined such that they cannot be manipulated by stakeholders,
i.e. to present artificially inflated flexibility provision. In addition, LFMs are likely to
suffer from imperfect competition, due to low liquidity and few market participants.
LFM design has to ensure that the right incentives are set for all stakeholders and that
individual participants can not misuse their market power.
• Compatibility with continuous control
Many DERs have typical load patterns and can have a somewhat predictable behaviour, e.g., “dumb charging” of electric vehicles or thermostatic control of thermal
loads. In the context of smart grids, aggregators can continuously control DERs to
participate in power markets. This continuous control changes these typical load patterns such that the previously “natural behaviour” can no longer be observed. Owners
of DERs should be able to use their flexibility wherever and whenever it is most
profitable for them [6], i.e. the wholesale and ancillary services markets, and any developed LFMs. Therefore, LFMs should respect this principle and it should not be
assumed that DERs are controlled in a specific manner or are reserved and used for
DSO purposes only.
In addition to these requirements, LFMs must be compatible with the long DSO planning
horizons. A primary function of a LFM is to provide operational guarantees to DSOs over
a relatively long period, such that flexibility options can be effectively considered as an
alternative to grid reinforcements. Given that reinforcements have lead times of at least
several months, an effective LFM must be compatible with this time frame.
3. Literature review on baselines
Baseline methods have been employed in numerous demand response (DR) programs,
and have been used to estimate the amount of flexibility provision in case of DR activations.
In subsection 3.1, the proposed baseline methods that were identified in the literature are
presented. These can be grouped into the following categories:
• Averaging (also called XofY);
6

• Regression;
• Machine learning (ML) and hybrid methods;
• Control groups;
• Schedules;
• Interpolation.
In subsection 3.2, a review and discussion on the use of baselines in the context of DR
programs and various projects is presented.
3.1. Baseline methods
3.1.1. Averaging
Averaging methods calculate baselines by taking the average consumption of X days
from a set of Y non-DR (sometimes called admissible) days preceding the DR event [10].
For this reason, these methods are also referred to as XofY methods. Admissible days may
exclude special events, weekends or atypical days like holidays [11]. There are four variants
of the XofY approach:
• HighXofY takes the average load of the X highest consumption days from a set of Y
admissible days preceding the DR event.
• MidXofY takes the average load of the X middle consumption days from a set of Y
admissible days preceding the DR event.
• LowXofY is similar to HighXofY, but uses the X lowest consumption days [12].
• LastY uses the last Y days [13].
Report [14] investigated various averaging methods, namely: LastY with and without morning adjustment, HighXofY, and a weighted average with morning adjustment.
Weighted averaging methods do not use the same weights over a set of admissible days, but
put larger weights on more recent consumption. The exponential moving average method
uses weights that decrease exponentially with time [12]. The authors of [14] conclude that
morning adjustment significantly improves the accuracy of baselines for weather-sensitive
customers. Weather adjustment is also recognized by the authors of [15], who propose an
exponential smoothing method with weather adjustment.
3.1.2. Regression
Under regression, parameters are inferred based on historical data. In [12] various regressors such as historical consumption, temperature and sunrise/sunset time are considered.
The authors of [14] investigated three different regression methods, a seasonal linear regression with temperature as a regressor, a 10-day linear regression, where only the last ten
admissible days are used to calculate coefficients and a limited seasonal regression, where
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admissible training days are restricted by applying a lower temperature threshold. All three
methods use morning adjustment.
In [16] the authors build baselines using an advanced linear regression and employ an
elastic net to estimate the parameters of the model. Numerous exogenous regressors such
as weather, day of week or holidays are used. [17] uses linear regression with time-of-day,
day-of week and ambient temperature as regressors. In [18] the same authors determine
how much DR response variability is attributable to real event-to-event variability versus
baseline error. The authors of [19] developed a cubic regression spline method to model the
relationship between consumption and hour of day. Ref. [20] shows that grouping customers
improves the accuracy of regression-based baselines, while it barely affects biases.
3.1.3. Control groups
The idea behind this approach is that the baseline of a DR-participating group of customers during a DR event will resemble the consumption of a similar group of uncontrolled
customers, which is used as a control group. The authors of [21] established baselines by
splitting an aggregator’s portfolio in two parts, one of which was used for DR and one as
a control group. The consumption of the control group is used as a baseline for the second
group, after performing a scaling based on the consumption a few hours before the DR
event. Ref. [22] suggested a constrained regression method to define optimal control groups
that are based on each customer’s load curves. Ref. [23] proposed a clustering technique to
define typical load patterns for each customer and then k-means clustering is used to find
the most similar reference group. Similarly, the authors of [24] use correlations of non-event
day load patterns to split residential customers into clusters. During DR events, baselines
of DR-participants are defined through the consumption of the non-DR-participants of the
same cluster, who act as a control group.
The authors of [25] state that reserving a large part of customers to act as a control
group is a disadvantage of this approach. They propose to use a dynamic control group,
which is updated for each DR event individually, so as to include all customers that are
not participating in this particular event. This requires that the aggregator knows which
customers participated in the event, and in [25] this is solved by employing a mobile app
through which customers state their willingness to participate well in advance (i.e. one day
ahead of time).
3.1.4. Machine learning and hybrid methods
The authors in [13] use a neural network to create a baseline and find that compared
with alternative approaches, like regression or averaging, this approach leads to the smallest
errors and biases. Ref. [26] uses a support vector regression baseline estimation method,
which utilizes smart meter and weather data. Similarly, [27] shows that the use of a support
vector machine improves the accuracy of residential baselines, compared to averaging and
exponential moving average methods.
The authors of [28] propose a hybrid baseline estimation method. They apply support
vector regression to disaggregate PV generation and residential load to improve the performance of averaging and regression. In [29] it is proposed to construct a pool of daily
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load profiles and use deep learning-based clustering to extract information from non-DR
participating customers. Then, pre-event and post-event consumption of DR participating
customers is used to construct the training and testing features for the performed quantile
regression. The whole process is carried out on each DR event individually. Ref. [30] uses
Gaussian Process regression for ML and [31] employed a self-organizing map and k-means
clustering to estimate the consumption during a DR event day.
3.1.5. Interpolation
Interpolation methods consider consumption before and after a DR activation and construct the baseline by interpolating the relevant consumption values. The authors of [32]
apply linear interpolation. A more sophisticated method is proposed in [13], in the form of
higher order polynomial interpolation, i.e. by fitting a fourth-order polynomial function. A
neural-network approach is also used, employing temperature during the event, the average
temperature of the past 1.5 hours, day of week, a working day indicator, and the load one
hour and one week before.
3.1.6. Schedules
A series of works assume that residential consumption can be forecasted and used as a
baseline to verify service delivery. Some works assume that such schedules can be created per
aggregator [33], per customer [34], or even per individual appliance [35, 36]. The authors
of [37] propose that the DSO can request load deviations from aggregators, with feederlevel schedules acting as baselines. These schedules result from the day ahead bidding of the
aggregators in the wholesale market, despite the fact that day ahead positions are calculated
per bidding zone and not per feeder.
To overcome gaming opportunities, the authors of [38] propose that consumers submit
their baseline and reduction potential, but the aggregator activates a fraction of them randomly. More specifically, they state that the aggregator must keep the probability of call
close to zero, for consumers to stay truthful. The authors of [39] also advocate the use of
self-reported baselines. The mechanism is designed such that participants have the incentive
to be truthful towards their aggregator, but as in [38] activation probabilities must be small.
3.2. Projects and operating platforms
In this subsection we discuss how baselines have been used in the context of DR programs,
various projects or flexibility platforms. Numerous incentive-based DR programs have been
realized, where customers are incentivized to reduce their consumption in certain hours of
the day, usually in very hot or cold weather conditions. Customers are compensated on the
basis of a baseline consumption profile. In the United States, the California Independent
System Operator estimates baselines by averaging the consumption of 10 non-event similar
days closer to the event day [40]. In addition, an adjustment factor is calculated to account
for variations on the event day. Hawaiian Electric employs a similar baseline, which is
calculated for the DR window as the average load of a number of past days where no DR
activations took place [41]. Con Edison is a US utility in the New York area, which is
managed by NYISO. Con Edison defines baselines through averaging the peak hour load
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during the event window over 30 days [42]. Days where DR is activated either by Con
Edison or NYISO are excluded, as are days prior to those activations.
Such incentive-based DR programs originating from system operators are not as popular
in European markets. Instead, DR is in most cases embedded in the operation of customers,
aggregators and BRPs. In other words, those entities participate in the wholesale markets
and optimize their DER portfolios according to system prices. KiWi Powers, Flexitricity,
RWE nPower, Negawatt Business Solutions, Entelios, and Open Energi are some examples
of such aggregators and energy management providers in the DR field [43]. Piclo Flex
is a flexibility platform in the United Kingdom [44], where tenders between DSOs and
flexibility providers are organised with a lead-time in the order of months, and a contract
duration between months and four years [45]. Pre-qualified flexibility providers submit
both an availability (in £/MW/h) and a utilisation offer (in £/MWh). The participation
threshold is currently 50 kW [45]. Flexibility services are offered upon baselines, which
are calculated with a methodology defined by the DSO, using a specified template [46].
More specifically, the provider specifies the ten days of highest peak demand from the latest
delivery season at the time of allocation. The baseline is the average of the half hourly meter
data across those ten days, during the coincident service window periods. These baseline
calculations are subject to approval by the DSO. Alternatively, a recent history baseline can
be used for demand sites: a rolling baseline is taken as the average of metered consumption
during the service windows on the five days preceding a utilisation. Or, a last observation
baseline for generation or storage sites: this is defined as the average export of the site in
the half hour preceding a utilisation instruction.
The Low Carbon London project has carried out a trial of DR services for DSOs, with the
purpose of congestion relief [47]. The project has analyzed three types of baseline methods,
namely: High5of10, SimilarProfile5of10 and curve fitting. SimilarProfile5of10 works just
like High5of10, except that, instead of selecting days with the highest energy use, days
with most similar profiles are selected for averaging. EcoGrid 2.0 is a Danish project that
demonstrated how private residential flexibility can be used to offer power system services
to the transmission system operator and DSOs [48]. In the large field trial, two aggregators
used two different baseline estimation methods, namely a regression approach [49] and a
control group approach [21].
Ref. [50] reviews 67 flexibility market approaches for the wholesale markets and the
distribution level. The authors stress the importance of flexibility definitions and service
specifications designed specifically for DSO needs. This lack of specifications can be seen in a
number of projects. For example, EU project DOMINOES [51] is designing a market-driven
approach for smart distribution grids. In some use cases a baseline is needed to offer DSO
services, but specific definitions are currently missing.
In [52], the authors present the results from the Reflexe project, which demonstrated
flexibility services with DERs, using eight industrial and commercial sites, as well as a
battery storage system. Flexibility dispatch is optimized according to different objectives,
such as maximization of expected revenue, however, it is unclear how the used baselines
are created and services are not properly defined. [53] presents a centralized approach
which is the result of the EMPOWER and INVADE projects. Instead of providing clear
10

service definitions, the authors list what the potential purposes of flexibility services could
be, namely congestion management, voltage and reactive power control, and controlled
islanding. A daily LFM is simulated under the assumption that accurate flexibility forecasts
and baseline estimates are available to the DSO. By generating a common objective function,
the authors neglect the important fact that stakeholders have conflicting objectives and
different levels of information.
In [54] the authors present the results of the Nobel Grid project, which aimed at developing DSO tools, as well as new services for all actors in distribution grids. In a project
deliverable [43] the authors point out that inadequate and/or non-standardized baselines
represent one of the main regulatory barriers found repeatedly across all European member
states.
4. Assessment of baseline methods in a LFM context
In section 3 we reviewed the various proposed baseline calculation methods. In subsection
4.1 we first present two general problems with the application of baselines in a LFM context.
In subsection 4.2 we assess the different baseline approaches in terms of compatibility with
the concept of LFMs, using the set of requirements that were defined in subsection 2.2.
4.1. Two persistent problems with baseline approaches
4.1.1. Admissible days
Baseline functions try to calculate the most likely consumption of consumers during a
DR activation, assuming that this activation does not take place. Fine-tuning is often used
to improve accuracy, for example with pre-hour and weather adjustments. A fundamental
concept used in baseline calculations is the distinction between DR days and admissible
days. DR days are those where a DR service was activated and consequently consumption
patterns were affected; for this reason, those days are not used to derive a baseline. Admissible days are supposed to represent typical historical consumption patterns without DR
activations. Since consumers (via aggregators) can use their flexibility in the wholesale and
ancillary services markets, this raises the following issue. From a LFM perspective, days
without any LFM service deliveries would be considered admissible. However, during those
days consumption patterns can still be significantly affected by aggregator-induced control.
Therefore, it could be problematic to train baseline models on them.
We provide two examples to show the volatility of the load patterns of DERs, as a result
of participation in the power markets. In Fig. 3 the average power of a battery with a power
capacity of 1 kW and a storage capacity of 2 kWh is shown, when it is used to offer primary
frequency control on two different days. In Fig. 4 we show the schedule of the same battery
for these two days, assuming it is used for participating in the balancing market.
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Figure 4: Schedule of a battery participating in the balancing market on two different days.

In these two illustrative examples, the power exchanges with the grid are very different
and depend both on the day and the provided service. A similar behaviour would be observed
with other DERs, such as thermal loads or electric vehicles. If such days are considered
admissible, then the resulting baselines will be to a large extent arbitrary and will depend
on prices, power system conditions and on each aggregator’s bidding and control strategies.
4.1.2. The 0 kW paradox
EcoGrid 2.0 was a Danish demonstration project whose goal was to investigate how the
flexible consumption of residential customers can be used to provide power system services at
a transmission system operator and DSO level. For this purpose, more than 800 customers
located on the Danish island of Bornholm [55] were controlled by two aggregators. In this
project, every aspect of a LFM was developed and tested, e.g. service specifications and
verification, aggregator bidding and control methods, DSO tools, etc. Two types of services
were considered - baseline services and CL services. The two aggregators participated concurrently in the LFM and a mock-up of the Danish balancing market. The operation of this
setup for a long period with all important market participants gave us a unique opportunity
to evaluate its functionality from all different perspectives. One of the main learnings was
what we refer to as the 0 kW paradox. The result from an activation of down-regulation
for the balancing market is seen in Fig. 5, where a significantly higher peak than usual is
observed.
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Figure 5: Power flow through transformer station during a temporary load increase with an aggregation of
residential heating loads.

Such peaks can occur at any time of the day as a result of low balancing prices, when
the penetration of DERs in DNs is high. To mitigate possible consequences for the DN,
a DSO could acquire flexibility services for various time periods throughout the day. An
often unnoticed paradox may occur, when acquiring and activating baseline-based services.
Consider the example of Fig. 5 and assume there is only one aggregator. Further, assume
that the DSO must keep load below 1000 kW, while the actual load during the demonstration
was equal to 1200 kW. Let us consider four cases of baseline consumption, irrespective of
the underlying methodology:
1.
2.
3.
4.

An unbiased baseline, in this case 650 kW.
An underestimated baseline of 400 kW.
A moderately overestimated baseline of 800 kW.
A significantly overestimated baseline of 1100 kW.

The DSO needs to activate a service to bring the total load below 1000 kW. This can be
achieved by requesting from the aggregator to consume load equal to its baseline in cases
1-3. Due to the way the service is defined, the DSO would need to activate just 0 kW, and
aggregators would need to reduce consumption by 550 kW, 800 kW and 400 kW respectively.
In case 4, the DSO would need to activate 100 kW, even if that means that the aggregator
would decrease load by 200 kW.
This simple example shows that the consequences of large load increases can be mitigated
by reserving and activating services of 0 kW, unless baselines are significantly overestimated.
Procuring services of 0 kW presents obvious problems in terms of payment, both for reservations and activation, and for market clearing. At the same time, overestimated baselines
would regularly overcompensate aggregators in case of load reductions.
4.2. Assessment of baseline methods
4.2.1. Averaging
As we discussed in subsection 4.1.2, only high and overestimated baselines, i.e. HighXofY, can tackle load increases from DERs. In other cases, the DSO would need to reserve
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services of 0 kW, which would be impossible to procure. It is no coincidence that the most
mature congestion management platform on a distribution level in Europe, PICLO [44],
uses the HighXofY method, and more specifically the average load of the ten days with the
highest peak demand.
However, this method does not meet several of the requirements. The authors of [56]
show that under a HighXofY baseline, the optimal consumption on non-DR days is always
inflated, leading to a manipulation of baselines. Similar concerns regarding baselines and
the possibility of manipulation are expressed by [57, 58, 39, 59, 60]. In [61] the authors
investigate the issue of customers participating in baseline-based DR programs when they
are equipped with a battery system. Baselines are calculated for the DR window as the
average load of a number of past days where no DR activations took place, following the
definition of [41]. They show that 66% of the average load reduction during DR events could
result from inflating baseline consumption during non-event days. These results stress the
problems associated with continuous control and admissible days (see subsection 4.1.1) and
show how baselines can be easily manipulated.
The authors of [62] state that “averaging methods are easy to understand and implement,
but these methods typically generate large estimation errors because the information of the
DR event day is not taken into consideration in these methods”. In a case study in [58],
the authors investigate the economic impact of inaccurate baseline estimates for residential
customers and conclude that a significant part of the benefit which American DR programs
create is negated through false baseline estimation.
4.2.2. Regression
Theoretically, a large number of external variables in regression approaches can be taken
into account when defining a baseline function. However, a large number of external variables
will make the approach less transparent for the different stakeholders. Aggregators need
to have access to the regression model to be able to estimate how much flexibility they
are able to offer on the LFM. This makes regression a method prone to manipulation.
Additionally, in subsection 4.1.1 we discussed how DER consumption may depend on system
prices or participation in the ancillary services market. This severely limits the applicability
of regression, since it would have to be trained on arbitrary variables.
The authors of [62] criticize regression, stating that “DR event days most likely correspond to those extreme weather days (i.e.the temperature is very high or low), thus it is
difficult to find past non-DR event days in which the consumption patterns are similar to
those in DR event days. Another issue is that regression methods require a large amount of
historical data to estimate suitable coefficients, which is probably unavailable prior to the
first DR event day”.
PJM conducted an analysis [63] and concluded that administrative costs and the associated complexity of regression approaches are significantly higher than those of the averaging
approaches. They found no reason to pursue this method based on the results of the analysis. The relevant EU task force stresses the need for simplicity and transparency in the
calculation of baselines [4], and given the aforementioned arguments it seems that regression
cannot be used to establish baselines in a LFM.
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Finally, the authors of [16] present a regression approach to construct baselines. This
regression relies on more than 450 external variables, contradicting the guidelines of [4]
regarding simplicity and transparency. However, the authors still express concerns regarding
the high level of uncertainty due to the stochastic behaviour of DERs.
4.2.3. Control groups
The idea behind this method is that the control group has very similar load patterns with
the aggregation in question. The baseline is then defined by assuming that the control group
and the aggregator portfolio would have had a similar power consumption, if no flexibility
would have been delivered to the LFM.
The authors of [62] argue that the pattern similarity of control groups in non-DR days
does not guarantee pattern similarity in DR days, especially if those are days with extreme
conditions. They propose a new control group method that does not employ historical
data, but only data of the DR event day, and relies on clustering and an optimized weight
combination method. Lee et al. [25] propose to use dynamic control groups, which are
updated for each DR event. Such approaches can improve accuracy or reduce the necessary
control group size. However, this comes at the expense of increased baseline complexity and
reduced transparency, and does therefore not represent a practical solution that could lead
to standardized products and processes.
The authors of [22] evaluate baseline estimation errors for various control group sizes
and conclude that a minimal control group size of 100 participants is necessary to achieve
acceptable results. This disadvantage is particularly important for services on a distribution
level, where aggregation sizes can be very small, leading to inefficient utilization of flexibility.
Finding control groups is a very difficult task due to the continuous control of DERs for
market participation. This would require to identify a set of DERs that is subject to almost
identical control as the aggregation in question, but which does not participate in LFMs.
Even in that case, load pattern similarity is not guaranteed during DR activation. Such an
approach would affect the standardization of LFM products and aggregators and the DSO
would need to agree, and possibly negotiate, for each individual service.
There are other practical issues related to control groups that have not yet been answered.
If an aggregator cannot calculate its baseline under various conditions, but baselines are
revealed only ex-post, then it is very challenging for the aggregator to estimate and guarantee
a level of load reduction over an upcoming period. Not knowing the baseline during service
delivery is also problematic. Even if an aggregator has real-time power feedback, it will
not know to which exact level it should reduce its total consumption, because the baseline
during service delivery is unknown.
4.2.4. Machine learning and hybrid methods
ML algorithms are designed to extract patterns from large sets of data without explicit
instructions or prior knowledge about the nature of these patterns. The main advantage of
such data-driven approaches is that they can often deliver good results when transparent
analytical methods fail. As they represent black-box models, their nature is not compatible
with the first requirement (simplicity and transparency) of flexibility services. In [23, 24], the
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authors share this concern, when they argue that artificial intelligence and ML techniques
can yield smaller biases and estimation errors, but they are unsuited for application, as not
all stakeholders are able to “understand, calculate and implement” them.
With sufficient training data, such methods can lead to smaller biases and estimation
errors. However, as [62] stresses, non-event days are particularly hard to find for extreme
days, since DR has most likely been applied during the past extreme weather scenarios
as well. In other words, in many extreme scenarios where flexibility is most needed, DR
is activated, and training data does therefore not exist. This means that data of extreme
events, which is most needed to establish and verify ML models, will actually be the scarcest.
A ML-based baseline model can still be trained, but its output on those scenarios will not
be sufficiently validated and it will only represent a guess. This would negatively affect the
simplicity and standardization of the baselines, and it would be difficult and risky for the
aggregator to agree to provide services on such a basis.
4.2.5. Interpolation
Simple interpolation techniques have been investigated, which take into account power
consumption directly prior to and after DR activations. Such simple methods can lead to
small estimation errors and baseline biases only when DR events do not last long. However,
in [48] the authors argue that services for congestion management need to last several hours
to be effective. What is more, interpolation methods are prone to manipulation, as aggregators can easily change their consumption directly before and after service delivery, which
will influence the verification of the service to their benefit. In situations when a reserved
flexibility service is spontaneously activated, aggregators might not be able to artificially
change their power consumption prior to service delivery, but they have the incentive to
inflate the rebound following service delivery. Therefore, interpolation approaches are not
compatible with the specified service requirements, as they are prone to manipulation and
might lead to ineffective use of flexibility after the service period.
4.2.6. Schedules
The idea of employing schedules in the DN and using those as baselines has been proposed
by many authors. However, schedules on very low aggregation levels, such as primary
or secondary substations, significantly increase system complexity. Aggregators would be
required to submit and follow such schedules on potentially hundreds of connection points,
whereas currently each BRP needs to be balanced per bidding area. To give some perspective
to the complexity scale, all of Denmark has two bidding zones. Additionally, schedules on
those system levels do not appreciate the high stochasticity and uncertainty of residential
demand [64]. Further, schedules raise a series of practical questions such as the extent to
which they are binding, or how flexible units with schedules can be treated fairly compared
to non-flexible units without schedules. Manipulation of submitted schedules is an obvious
shortcoming of this approach. To overcome this, an interesting approach has been presented
in the form of self-reported baselines [39], where customers report a baseline consumption
and their willingness for load reduction, but are penalized for baseline deviations if they are
not activated. The authors design this mechanism to avoid customer manipulation against
16
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Table 1: Compatibility of baseline methods with LFM requirements.

aggregators, but do not explain how baselines are defined between an aggregator and a DSO.
Further, it is not discussed how uncertainties, which are significant on low aggregation levels,
should be taken into account. Most importantly, this mechanism violates the requirement
for inclusive use of flexibility, because it requires that the activation probability is very
small [38, 39]. Only under this condition customers have the incentive to report baselines
truthfully. This would mean that only a very small fraction of flexibility would be utilized.
4.3. Summary
In the previous subsections we assessed the various existing baseline methods and argued
why they are not suitable for defining and delivering services in a LFM. An overview of the
service requirements that various baseline methods do not meet is given in Table 1. A large
part of the current literature is devoted to improving the accuracy of baseline methods.
However, simplicity and transparency in the calculation of baselines is crucial, and even if
more advanced approaches produce more accurate results, simpler methods are advocated
[4]. One has to keep in mind that baselines in a LFM would essentially be an agreement
between DSOs and aggregators, and for that reason all parties must understand them and
be able to use them efficiently. Overly complicated and non-transparent methods would
render a LFM dysfunctional, because it would be difficult for the involved parties to agree,
and future disputes could arise. For those reasons, only averaging methods have been used
in practice in DR programs and in a few operating LFMs [44] that are in their initial stage.
In section 4.1.2 we presented what we called the 0 kW paradox. Based on real experiments, we explained why only significantly overestimated baselines (i.e., HighXofY) can
mitigate overloadings. However, this often leads to overcompensation of aggregators for
load reductions they do not perform. In the case of HighXofY, it would be impractical to
mitigate congestions by limiting load to an absolute value in an two-step process, i.e., by first
defining a reference baseline and then requesting a relative deviation from it. It would be
much more reasonable for the DSO to request CL services that directly limit consumption.
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In the example of Fig. 5, a CL service of 1 MW could efficiently limit total consumption
without the need of baselines. The next section discusses CL services and briefly outlines
how these could work in a DN.
5. Moving towards capacity limitation services
In the previous section we have argued why baseline-based services are not suitable for
LFMs. A more straightforward and simple alternative is to employ CL services [11]. An
aggregator can sell a service in a LFM that limits its total consumption to a specified value
at each hour of the day [65]. This service can be delivered by a portfolio of DERs that are
connected below a point of common coupling, specified by the DSO, e.g. a transformer.
These services can be either scheduled or conditional. Scheduled CL services are fixed. For
conditional services, aggregators sell availability (the right for the DSO to limit their load
up to a certain value) and are also remunerated for activations. Depending on the network’s
loading, the DSO may activate the service to the extent it considers sufficient.
CLs respect all of the established LFM service requirements.
• Transparency and simplicity
CL services are much simpler to define and procure, since the process of defining
baselines is omitted. Consequently, a large share of associated administrative costs and
potential disputes are avoided. Verification can be achieved by simply comparing the
collected meter data of all units in the portfolio with the corresponding consumption
cap of the contract.
• Inclusive use of flexibility
CL services allow for an inclusive use of flexibility. Unlike the use of control groups,
no DERs need to be reserved without offering services. In contrast to self-reported
baselines, CLs do not require that only a small share of DERs are activated to ensure
truthful reporting. Since no errors, biases or uncertainties originating from baseline
calculations are involved, CL services can be effectively applied to small portfolios making them suited to manage the gradual increase of flexibility use in DNs.
• Not prone to manipulation
CL services are not prone to manipulation, since explicit consumption limits are traded.
Note that we refer to service-related manipulation and not market manipulation via
strategic bidding under imperfect competition. Aggregators may take advantage of
their market power in a LFMs irrespective of how services are defined, due to low
liquidity or potentially few market participants. However, these challenges can be
handled by appropriate market design (for example by using Vickrey-Clarke-Groves
auctions).
• Compatibility with continuous control
CL services are compatible with continuous control of DERs. Aggregators are free
to control their portfolio and pursue their objectives on system-level markets, with
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additional power constraints imposed by their CL obligations. Regular activity of
aggregators on the wholesale level does not affect the definition or verification of the
services.
In practice, the DSO would first identify the need for a CL. This can be done by means
of a probabilistic assessment of network loading using historical data [48]. This assessment
can take into account any possible provision of ancillary services by the aggregators. Note
that the goal of this step is to forecast potential congestion due to inflexible load and the
combined behaviour of all aggregators in a specific point of the DN. For this purpose, it is
not necessary to exactly forecast each aggregator’s actions - but rather estimate potential
risks for overloading. This allows the DSO to define specific points of the network, as well
as points in time, for which a CL needs to be established. This CL can be calculated as
the difference between the component rating and the maximal value of the inflexible load.
The considered maximal value for the inflexible load depends on the risk aversion of the
DSO. A CL can be realized through the acquisition of several CL services from the relevant
aggregators, given that the collective CLs are equal to the total limitation requested by
the DSO. The LFM evaluates all aggregators’ offers as CLs with respect to their individual
installed capacity. The benefit of using the installed capacity is that it is a fixed value, which
is known to both aggregators and the DSO, therefore no uncertainties or disputes could
occur. Each aggregator that offers a CL service does so by offering to cap its consumption
at a level below the installed capacity of the relevant DERs, in exchange for some financial
compensation. The exact way that each aggregator is compensated is defined by the market
clearing mechanism, which is out of the scope of this paper, but will be addressed in our
future work.
In Fig. 6 we show how a CL service could work in practice - again with the help of
the example of a load increase test, which we already discussed in section 4.1.2. The total
load of an aggregation of units connected to a transformer with a rating of 1 MW is shown
in the top graph. In the middle graph the inflexible load is shown in orange, along with
its uncertainty bounds. The gray area depicts the remaining available capacity, which can
be used by the flexible loads without causing congestion. The derivation of the available
capacity (shown with black color in the bottom graph) assumes a risk-averse DSO behaviour,
because the worst-case realization of the inflexible load is used. It is up to the DSO to request
the CL that best fits its operational strategy, based on a risk-benefit trade off. Lower CLs
would provide higher guarantees, but would probably be more costly to acquire. The load
increase observed between 12.00 and 13.00 is a result of very low balancing prices, which
cannot be predicted well in advance. A CL service of 400 kW would avoid overloading of
the transformer.
Forecasting of the inflexible load is a well-established field and is a much easier task, compared to forecasting the volatile behaviour of flexible loads that are active on the wholesale
markets. For example, the DSO does not need to forecast the possible provision of frequency
reserves or balancing power of an aggregator who participates in the LFM. Forecasting only
the inflexible loads also circumvents the issue of admissible days, described in section 4.1.1.
Additionally, online observability of the DN is not needed. If baseline-based services were
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Figure 6: Illustrative example of a CL service. Top: total consumption under a transformer. Middle:
derivation of the allowed range (gray area) of DER consumption. Bottom: consumption of DERs vs CLs.

used, the DSO would need to observe the overloading and the aggregators would need to
react with short response times. Further, a large source of uncertainty that stems from the
calculation of baselines and the exact amount of flexibility activation is avoided. This allows
the DSO to operate its network with higher levels of reliability.
So far, we have discussed only CL services whose goal is to avoid congestions due to
excessive consumption in the DN. With the ever-increasing PV penetration, it would not
be uncommon to encounter situations where congestion due to excessive power injection
could occur. In such cases, the DSO could acquire CL services that cap generation. Such
services could be offered more efficiently by mixed DER portfolios which combine significant PV generation with consuming DERs and/or storage units, thus avoiding generation
curtailment. Additionally, capacity floor services could be introduced, where aggregators
that offer them would be required to consume a minimum amount of power, thus avoiding
situations of excessively low demand. Similar to the described CLs on consumption, the
aforementioned services can be defined without the complexities, uncertainties and conflicts
introduced by baselines.
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On the aggregator side, offering CL services is straightforward from an operational perspective. The aggregator only needs to include some additional power constraints in the
optimization and control of its portfolio. This makes it easier to estimate how much flexibility it can offer in the LFM and how to deliver the services. Baseline methodologies, on the
other hand, would introduce uncertainties and additional risks. In light of all the challenges
associated with baselines, we believe that CL services can serve the purpose of congestion
management in a simpler manner, without the complexities and requirements of employing
baselines.
6. Conclusion
This paper discussed the application of baselines and capacity limitations in the context
of local flexibility markets in Europe. A set of service requirements was formulated, based on
which the suitability of these two types of services were assessed. It was found that baseline
services do not meet the established requirements and that they are not compatible with
the active participation of distributed energy resources in the power markets. What is more,
they introduce unnecessary uncertainty, administrative burden, risks and potential conflicts
of interest between the different stakeholders. The introduction of capacity limitation services bypasses many of the fundamental problems of baselines, in terms of service definition,
verification, and possibility of manipulation. We believe that capacity limitation services
represent a much simpler and more effective way of trading services in a local flexibility market. In our future work we will focus on the development of a fair and incentive-compatible
market clearing method to trade capacity limitation services locally.
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1. Introduction
Due to the intermittency and uncertainty of the ever-increasing shares of renewable power
generation, finding additional sources of flexibility is a prerequisite of phasing out carbon-intensive
power generation, and achieving the decarbonization of the energy sector [1]. Aggregators of
large portfolios of small-scale distributed energy resources (DERs) have in recent years started to
participate in energy markets [2], by providing flexibility through the control and optimization of
such resources [3]. The coordinated control of DERs, which are primarily located in distribution
networks (DNs), leads to significantly higher load coincidence factors [4]. Consequently, some
form of congestion management [5] and coordination with the transmission system operator are
needed [6, 7], to enable the efficient use of available DER flexibility.
European energy regulators have recently recognized four mechanisms for enabling access to
flexibility in the DN [8] including: a rules-based approach, network tariffs, connection agreements, and market-based procurement. Out of those mechanisms, local flexibility markets (LFMs)
have gained particular attention in recent years, as they allow for marked-based flexibility utilization and promote competition. Further, they are in line with ENTSO-E guidelines [9], which state
that DERs should be able to sell services where it is most profitable for them. Therefore, LFMs
seem to be the most promising flexibility-driven concept for Europe, and the EU recommends
that distribution system operators (DSOs) procure their necessary flexibility through market-based
solutions [10]. LFMs are envisioned to operate in parallel to the wholesale energy markets, and
aggregators and DSOs will be able to trade flexibility services, as illustrated in Figure 1.

DSO

TSO

LFM

Balancing market
Ancillary services market
Intra-day market
Day-ahead market

Aggregator

Power line

ICT connection

Trade

Figure 1: Overview of an aggregator’s role in the power system (from [11]).

In general, the proposed flexibility services for DNs can be split in two distinct categories:
baseline services and capacity limitation services (CLSs). Figure 2 distinguishes these two services. Assume that the DSO must keep the consumption of an aggregator below the limit of a
2
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Figure 2: Sketch of a CLS (a) and a baseline service (b) (from [11]).

transformer. CLSs (Figure 2 (a)) define a total power cap for an aggregator between time steps
tstart and tend . In contrast, baseline services (Figure 2 (b)) define a temporary power deviation from
a reference power profile called baseline, by a specified amount of load reduction. Baseline services have the benefit of requiring a relatively simple framework for trading flexibility, in a way
that is analogous to the wholesale energy markets (i.e., deviations from agreed-upon schedules).
However, there are various shortcomings associated with the use of baseline services in DNs.
In our previous work [11], we present four requirements that services in an LFM need to fulfill.
First, flexibility services must be simple and transparent. Second, services should be designed
such that aggregators with relatively small portfolios can contribute to them. Third, it must be
impossible to manipulate service delivery, i.e., to present artificially inflated flexibility provision.
Fourth, flexibility services should allow aggregators to control their portfolios continuously, and
flexibility services should therefore not be based on the assumption of “natural behavior” like
dumb charging of electric vehicles (EVs). We then argue that none of the available methodologies
for the establishment of baselines in flexibility markets fulfills all of the four requirements at once.
Finally, baseline services cannot handle well the operational problems caused by the unpredictable
load behavior of DERs, which participate in the wholesale energy markets. Due to these findings,
in this paper we only consider the trade of CLSs in LFMs.
A potential market-clearing mechanism of an LFM with baseline services could be designed in
a similar fashion to the existing wholesale market [12, 13], with the aggregators placing discrete
offers of price and amount of load reduction [14]. In contrast, designing an efficient and fair
market-clearing mechanism to trade CLSs is more complicated, as the same capacity limitations of
different aggregators are not necessarily equivalent, in the way a load reduction due to a baseline
service of say 100 kW would be. Several academic works have already considered LFMs for
CLSs. For example, [15–17] analyze such services from an aggregator’s perspective. Reference
[15] focuses on the consumer optimization problem under the assumption of a capacity limitation
on their meter, and analyzes the corresponding pricing for customers and aggregators. References
[16] and [17] analyze the costs that aggregators incur when offering CLSs under uncertainty. In
addition, [18] analyzes experimental results of flexibility service provision, and proposes a method
to quantify the financial benefit that CLSs bring to the DSO.
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Potential underlying market-clearing mechanisms for LFMs trading CLSs have so far received
little attention. References [16] and [17] do not specify a market-clearing mechanism. Reference
[17] proposes a pay-as-bid mechanism but does not investigate the resulting market incentives
that such a mechanism sets. Reference [19] proposes a hierarchical market structure for CLSs,
prioritising services for the DSO over system services, but without considering a market-clearing
mechanism. References [20] and [21] suggest a market framework where aggregators acquire
network capacity from the DSO incrementally. While such approaches might be relatively easy to
implement, they may set wrong incentives for the DSOs, who are no longer encouraged to provide
adequate network capacity.
This work investigates at which cost aggregators are able to offer CLSs (deriving offer curves),
and how they can reduce the network operational cost of the DSO (deriving cost curve). Afterwards, a detailed analysis of different market-clearing mechanisms is carried out, namely payas-bid (PAB), uniform-pricing (UP) and Vickrey-Clarke-Groves (VCG). To the best of our knowledge, such a study has never been carried out before. Given the resulting offer and cost curves,
the market participants’ incentives under different clearing mechanisms are investigated. We find
out that PAB and UP do not necessarily lead to efficient market outcomes, and we show that under VCG the market results in a financial deficit. Therefore, the use of a VCG-based tailored
clearing mechanism is proposed, which we refer to as uni-sided VCG. This mechanism achieves
budget-balancendness by compromising incentive-compatibility on the DSO side only, but sets all
desirable incentives for aggregators.
In the rest of the paper, section 2 introduces the envisioned market framework, and provides
a CLS definition. Section 3 analyzes the cost structure of such services both for aggregators who
offer CLS, and the DSO who requests them. The results are then translated into CLS offer and cost
curves, which are used to clear the market. In section 4, the different market-clearing mechanisms
and their economic properties are evaluated in light of the market participants’ cost structures.
Section 5 evaluates the proposed mechanisms using a case study. Finally, section 6 concludes the
paper, and provides a set of policy recommendations.
2. Market Framework and Service Definition
This section provides an overview of how an LFM would work in practice. Subsection 2.1
presents a sequence diagram of the envisioned setup, detailing the interactions of the involved
actors. Next, subsection 2.2 discusses the main required functionalities by aggregators, DSOs and
the market platform. Finally, subsection 2.3 provides the CLS definition that will be considered
throughout the remainder of the paper.
2.1. Sequence diagram of a local flexibility market
Figure 3 shows a sequence diagram of the LFM with the interactions of the four involved
actors, namely the DSO, the market platform, aggregators and the customer-owned DERs. Aggregators continuously control and observe the DERs in their portfolio. An accurate estimation of
their available flexibility is crucial to offer services in the LFM in a reliable manner [22].
In order to operate the DN efficiently, DSOs regularly estimate the possible load flows on their
networks for upcoming periods. When a potential congestion is foreseen, one option is to acquire
4
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Figure 3: Sequence diagram of a DSO service request.

a flexibility service from the LFM. DSOs need to specify the parameters of the service that would
be beneficial for the operation of the network. For example, it could be a CLS from 17.00 to
20.00 every weekday of a given month, and for a particular primary substation. Next, DSOs must
estimate the cost of operating their DN with different acquired services, and thereby establish a
cost curve. DSOs forward the service parameters and the cost curve to the market platform, and
initiate an auction. The market platform notifies all relevant aggregators who can offer the service,
and sends them the service parameters. All relevant aggregators evaluate the DSO’s request, and
provide the market platform with their offer curves, indicating the minimum payment they are
willing to accept for each amount of capacity limitation.
The DSO’s cost curve and the aggregators’ offer curves are then used to clear the market. It
is of importance to design a proper market mechanism to efficiently allocate the service among
aggregators with the goal of maximizing the overall social welfare. The market design should
respect all characteristics of the LFM, especially the fact that the number of market participants is
comparatively low, so the market is prone to strategic behaviors. After this step, standardized contracts are formed for aggregators and the DSO. Apart from the service parameters, these contracts
specify the capacity limitation amount allocated to each aggregator and the respective payment.
2.2. Main functional blocks of a local flexibility market
In this section we summarize the main functional blocks that all actors need, in order to participate in an LFM. Figure 4 presents an overview of these blocks. The most important functional
block is the flexibility service definition, which forms the basis for an LFM, as it defines the traded
commodity. All remaining five functional blocks depend on the service definition.
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Aggregators need an optimal energy management strategy function for their DERs. Additional
constraints imposed by a service incur costs, for example when power consumption has to be
shifted to hours of higher day-ahead market prices. In addition, aggregators need an estimation of
offer curve function to quantify these costs. The DSO needs a probabilistic network assessment
function to describe the state of the network in a probabilistic manner, both with and without any
acquired services, and identify the flexibility service needs. This function forms the basis for
evaluating the cost of operating the DN and deriving the DSO cost curve. The role of the marketclearing mechanism is to use the cost curve of the DSO and the offer curves of aggregators to find
the flexibility service which minimizes overall system cost. The clearing mechanism must work
such that market participants cannot manipulate the clearing outcome to their own advantage.
In our previous work we addressed several of these building blocks. In [22], a DER flexibility
model and an aggregator control strategy for a large population of residential heaters were presented. In [16], a method to estimate the cost of offering CLSs for EV aggregators was proposed,
while taking into account related uncertainties. In [18], a method for DSOs to forecast the need for
flexibility services and quantify their financial benefits was presented. Building upon our previous
works, the main goal of this paper is to address the important issue of CLS market clearing in an
LFM, given the particular characteristics of such a market and service.
2.3. Definition of capacity limitation services
A CLS to be requested by a DSO is defined by four parameters:
• List of service days - containing a set of days when the capacity limitation is active.
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• Capacity limitation start time - defining the start time of the capacity limitation for each
service day.
• Capacity limitation end time - defining the end time of the capacity limitation for each
service day.
• List of flexible unit IDs - defining the flexible units in the distribution grid that can deliver
the service in question.
Using these four parameters, both the DSO and aggregators can calculate cost and offer curves,
which are forwarded to the market platform. According to market-clearing outcomes, contracts
consisting of the following two additional components will be issued:
• Capacity limitation - defining the total active power consumption limit in kW allocated to
the aggregator.
• Payment - the payment which the aggregator receives for the CLS.
3. Choice of Market-Clearing Mechanism
This section discusses different market-clearing mechanisms for an LFM with CLSs. We start
by introducing several mechanisms in subsection 3.1, and then define their economic properties in
subsection 3.2. Finally, subsection 3.3 analyzes and discusses the incentives of market participants
under different mechanisms, considering the typical characteristics of LFMs and CLSs.
3.1. Description of the market-clearing mechanisms


Let A be the set of aggregators, indexed by j. We differentiate between offer curve fjoffer Pjlim




and true cost curve fjtrue Pjlim . The offer curve describes the aggregator’s willingness to sell a
capacity limitation of Pjlim . Aggregators submit their offer curves to the market platform. These are
not necessarily identical to true cost curves, which represent the real underlying cost incurred by
aggregators when delivering a service with a capacity limitation of Pjlim . From the demand side of
services, we assume that the DSO estimates the expected cost of network operation with different
P
amounts of capacity limitations, and represents this cost through a cost function f DSO ( j∈A Pjlim ).
Auctions consist of an allocation rule h and a payment rule q [23]. The allocation rule defines
how the traded commodity is distributed among the participants, hence in the case of CLSs it
defines the capacity limitation allocated to each aggregator. The allocation rule depends on the
market participants’ offer and cost curves. The payment rule specifies how much each aggregator
is getting paid for the provided CLS. The two most common auction types are PAB and UP.
VCG auction is less known, but has interesting properties [24–26]. These three market-clearing
mechanisms have the same allocation rule, defined by the minimization of the total social cost, but
differ in their payment rules. Overall social cost g is defined as
g=

X

j∈A







fjoffer Pjlim + f DSO 
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X

j∈A



Pjlim  .

(1)

, the optimization problem which minimizes g is formulated as
min
g
lim

s.t. Pjmin ≤

P
Pjlim

(2a)

≤Pjnom , ∀j ∈ A.

(2b)

Objective function g consists of the sum of all aggregator offer curves and the DSO cost curve.
Variables Pjlim with j ∈ A represent the capacity limitation assigned to each aggregator j. Equation (2b) constrains each capacity limitation to a value between the minimum consumption the
aggregator is willing to agree upon (Pjmin ) and the aggregator’s installed capacity (Pjnom ). We use
the symbol ∗ to denote the solution of an optimization problem hereafter. The allocation rule of all
three auctions is then formulated as
h(f offer , f DSO ) := P lim,* , where P lim,* is the solution of (2).

(3)

Note that even though these three market-clearing mechanisms have the same allocation rule,
this does not mean that aggregators will be assigned the same capacity limitations. An aggregator’s
offer depends on the underlying payment rule, and the aggregator would submit a different curve
if it results in a higher profit. However, submitting curves that do not reflect the true costs leads to
inefficient market outcomes. With a PAB rule, aggregators receive a payment according to their
offer curve, such that


qjpab (Pjlim,∗ ) = fjoffer Pjlim,∗ .
(4)

Under UP, each aggregator is paid the same market-clearing price per sold unit. However,
in the case of capacity limitations it is not straightforward to define this unit, because capacity
limitations of aggregators with different portfolio sizes are not equivalent. The most intuitive approach would be to compensate each aggregator j per kW of reduction from the installed capacity
Pjnom . In the case of continuous offer and cost curves, the market-clearing price corresponds to the
marginal cost at the cleared amount. This price is equal for all market participants. The payment
to aggregator j becomes
qjup (Pjlim,∗ ) =



∂fjoffer Pjlim
∂Pjlim



Pjlim,∗

(Pjnom − Pjlim,∗ ).

(5)

The main idea of the VCG auction is quite elegant. All market participants receive as payment
the sum of cost reductions they cause to all other participants through their participation, while the
underlying allocation rule remains the same. To calculate the payment to aggregator j, the market
is cleared both with and without that aggregator’s participation. In our case, problem (2) is solved
with an additional constraint
(6)
Pjlim = Pjnom .
Pilim,−j,∗ denotes the capacity limitation allocated to aggregator i when rival aggregator j does
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not participate in the market. The payment to aggregator j according to VCG is formulated as
qjvcg (P lim,∗ , P lim,−j,∗ )

=f
+

X

DSO

X

i∈A
i6=j

Pilim,−j,∗

i∈A



!



−f

fioffer Pilim,−j,∗ −

DSO

X

Pilim,∗

i∈A


offer
fi
Pilim,∗ .

!

(7)

The first two terms of (7) represent the difference between the DSO cost without and with
aggregator j’s participation, respectively. The third term represents the difference between the
other aggregators’ costs without and with aggregator j’s participation, respectively. As we show
in Appendix A, aggregators cannot make a loss through their market participation, therefore
qjvcg (P lim,∗ , P lim,−j,∗ ) ≥ fjoffer (P lim,∗ ).

(8)

VCG auction is incentive-compatible. This means that when all aggregators reveal their true
costs to the market, they do not have a unilateral incentive to misrepresent their true costs [23]. To
ensure that DSOs also participate truthfully, their payments would have to be set up in the same
manner. Denoting the capacity limitation allocation without the DSO’s participation as Pjlim,−DSO,∗
for j ∈ A, the corresponding payment in a VCG auction is given by
vcg
qDSO
(P lim,∗ )

=

X

j∈A

fjoffer
|



Pjlim,∗,−DSO
{z

=0



}

−fjoffer



Pjlim,∗



.

(9)

The DSO is the only buyer in the market, so payments without DSO participation are equal to
vcg
zero. qDSO
(P lim,∗ ) is negative (see (9)), and the DSO profits from acquiring a service, thus needs
to make a payment. However, this payment is smaller than the sum of all payments which the
aggregators receive, because due to (8) and (9) it holds that
vcg
− qDSO
(P lim,∗ ) ≤

X vcg

qj (P lim,∗ , P lim,−j,∗ ).

(10)

j∈A

This is problematic, as payments under the VCG mechanism do not add up to zero, and the
mechanism results in a financial loss to the market operator. Due to this shortcoming, we introduce
the fourth market-clearing mechanism, which we refer to as uni-sided VCG. In this variation of
the VCG auction, the DSO simply covers all payments to the aggregators. The payment rule for
the DSO under uni-sided VCG is
us-vcg
qDSO
(P lim,∗ ) =

X vcg

qj (P lim,∗ , P lim,−j,∗ ).

(11)

j∈A

As we will show later, this weakens the incentive-compatibility property with respect to the
DSO, while leading to a strict budget balance for the mechanism.
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3.2. Overview of market properties
We already introduced the property of incentive-compatibility in the previous subsection. This
subsection introduces five additional desirable market properties [23]:
1. An auction is called efficient when underlying commodities are allocated such that the overall social cost is minimized. This property is crucial to guarantee that society benefits from
the market. In addition, this property implies that no one has an incentive to unilaterally
deviate from market outcomes. The optimization problem which minimizes overall social
cost is
min
lim
P

X

j∈A





fjtrue Pjlim + f DSO 

s.t. (2b).

2.

3.
4.
5.



X

j∈A



Pjlim 

(12a)

Note that problem (12) describes a similar optimization problem as (1). The only difference
is that here aggregators’ true cost curves are considered. We denote the solution of this
optimization problem as P̂ lim,∗ . Hence, an auction which trades CLSs is efficient if, and
only if, P̂ lim,∗ = P lim,∗ . Obviously, aggregators participating truthfully immediately implies
efficiency.
A mechanism is called individually rational when participants have the incentive to participate in the market. This is the case if the expected benefit of participation is greater than
zero.
A mechanism is called budget-balanced if the sum of all payments is zero. The market
operator neither makes a profit nor a loss.
A mechanism is called weakly budget-balanced if the sum of all payments is zero or positive.
A mechanism is revenue monotone if total payments to the sellers remain the same or do not
increase as the number of bidders grows.

3.3. Comparison of properties of different market-clearing mechanisms
It has been proven that, in general, there exists no efficient, incentive-compatible and individually rational mechanism which also balances the budget [27]. Therefore, none of the mechanisms
considered in this paper is able to hold all four properties at the same time. Both PAB and UP
are generally known to be inefficient [23]. The so-called bid shading effect1 incentivizes market
participants to bid untruthfully, such that the market outcome might not be socially optimal [28].
In a PAB market, truthful aggregators are unable to make a profit. On the other hand, UP is only
asymptotically efficient, meaning that a high number of aggregators have to offer CLSs such that
all are price-takers, and they cannot significantly influence market outcomes to their own profit.
However, recall that an LFM is expected to have a few participating aggregators. In Appendix B
we prove that aggregators are always able to increase their profits by inflating their offers under
1
Strategic bid shading or demand reduction describe the case where market participants understate their true demand or supply curve in order to compensate for the winner’s curse.
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Table 1: A summary of properties hold or lost in different market-clearing mechanisms. Parentheses indicate that
properties hold, under the assumption that the DSO reports cost truthfully.

both UP and PAB. The proof assumes exponential functions for offer and cost curves. Subsections
5.2.1 and 5.2.2 will show that it is a reasonable assumption.
Unlike PAB and UP, the VCG auction is efficient, incentive-compatible and individually rational. However, it does not guarantee the satisfaction of budget-balancedness. In cases where
the VCG auction makes a surplus, this can be redistributed among market participants without affecting incentive-compatibility, making the mechanism ex-post budget-balanced. Unfortunately,
VCG auction does not generate a surplus in our setup, and it has been shown [29] that if this is
the case, no efficient, incentive-compatible and individually rational mechanism exists, which balances the budget in an ex-post manner. To restore budget-balancendness, we make concessions on
incentive-compatibility and individual rationality by introducing the uni-sided VCG mechanism.
In the uni-sided VCG auction, aggregators receive payments according to the VCG payment
rule, all compensated by the DSO. This means that aggregators are guaranteed to make a nonnegative profit through participation, while they still have the incentive to report their true cost.
DSOs, on the other hand, might have an incentive to conceal their true cost. As they are strictly
regulated natural monopolies, we do not consider the missing incentive-compatibility to be a large
issue. All UP, PAB and VCG are individually rational. However, with the uni-sided VCG, under
some circumstances DSOs may make a loss from acquiring a service.
Both UP and PAB are revenue monotone, as an additional aggregator can only reduce the
price that the buyer pays for a specific quantity. Both VCG and uni-sided VCG are not revenue
monotone. This may result in a circumstance wherein aggregators could increase their profit by
partitioning their portfolio - a situation prone to shill bidding [30]. However, such an intentional
partitioning into several commercial entities bears many administrative, practical and commercial
barriers in the overall operation of an aggregator. Further, VCG mechanisms are known to be
prone to collusion [29, 31]. While aggregators do not individually have an incentive to inflate their
offer, two aggregators that inflate their offers in a coordinated manner are able to increase their
earnings.
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Table 1 summarizes the properties of different clearing mechanisms. Due to the missing efficiency, PAB and UP are not appropriate for a CLS market. Since VCG is not weakly budgetbalanced, it cannot be implemented without a subsidy. This disqualifies VCG as the mechanism of
choice. The proposed uni-sided VCG mechanism is budget-balanced and has all desirable properties on the aggregator side. We therefore propose to use it as the clearing mechanism of an LFM
trading CLSs. The uni-sided VCG mechanism has two main disadvantages, i.e., missing revenue
monotonicity and the possibility of collusion. We hypothesize that in practice the cost of intentionally splitting an aggregator’s portfolio would exceed the potential increase in earnings from
offering CLSs in an LFM. However, the potential for collusion represents a property that legislators would have to be particularly wary of. We provide a more thorough discussion on these points
in the policy implications discussion in section 6.
4. Cost Functions of Aggregators and DSO under CLSs
Subsection 4.1 presents a method to calculate the cost that aggregators incur when offering
CLSs. This allows them to determine their true underlying cost function. Subsection 4.2 explains
how the DSO calculates the cost of operating the network with CLSs.
4.1. Derivation of the cost function of aggregators
CLSs constrain the operation of aggregators by requiring them not to exceed some given power
limits during specific time periods. These additional power constraints lead to higher operational
costs. Let Pk,t be the power consumption of the k-th DER within the portfolio of the underlying
aggregator at time step t. P is a matrix containing all DER power consumption values at all time
steps in the underlying time horizon. The cost of each aggregator is minimized as
min f opt (P , ξ)
P ,ξ

s.t. y opt (P , ξ) ≤ 0
z opt (P , ξ) = 0,

(13a)
(13b)
(13c)

where f opt (P , ξ) is the aggregator’s cost function, and other state variables are contained in ξ. The
aggregator has to respect inequality constraints y opt (·) and equality constraints z opt (·). The solution
of (13) is denoted by P wo,∗ , and defines a power schedule for all DERs without any CLS-related
constraints. When aggregator j offers a CLS of Pjlim , a set of additional constraints is added to
(13) as
X
Pk,t ≤ Pjlim , ∀t ∈ {tstart , ..., tend }.
(14)
k∈B

Pjlim

Here,
is not time-dependent, as the capacity limitation is the same for all time steps.
Symbol B denotes the set of the aggregator’s DERs in the area of interest. Optimization problem
(13), subject also to constraint (14), forms the aggregator optimization problem when offering
the CLS. We denote the solution of the problem with CLS constraints by P w,∗ (Pjlim ), which is
now a function of Pjlim . For notational simplicity we omit ξ when we refer to the solution of the
optimization problem. The cost C agg of offering a CLS of Pjlim can then be expressed as
C agg (Pjlim ) = f opt (P w,∗ (Pjlim )) − f opt (P wo,∗ ).
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Figure 5: Flowchart of the calculation of DN operational cost with a CLS.

To create the aggregator’s offer curve, the second optimization problem is repeatedly solved
for different values of Pjlim .
4.2. Derivation of the DSO cost function
Aggregators that provide CLSs have limited network access, resulting in a lower network loading. This can prevent or defer grid reinforcements. Further, CLS can prevent power outages in
the DN, leading to lower compensation fees which have to be paid to customers, and improved
performance metrics which are decisive for the DSO’s rate-of-return. Therefore, such services
bring financial benefits to the DSO.
Figure 5 illustrates a process of how a DSO can quantify the cost of operating the DN with
CLSs. These services are formulated as active power consumption caps on flexible consumption,
but do not affect the non-flexible counterpart. Therefore, probabilistic load models for both flexible
and non-flexible consumption must be used to analyze how CLSs affect power flows throughout
the network.
CLSs are split among aggregators, with the exact allocation eventually being determined by
the market. Beforehand, the DSO does not know how capacity limitations will be allocated, and
must therefore estimate the likely combinations. Given a specific allocation, the DSO can model
the power consumption of aggregators who operate under capacity limitations.
The power consumption scenarios generated by the DSO are translated into a set of DN component loading scenarios, by considering possible DSO corrective actions (e.g. load curtailment)
and running power flow calculations. Component loading scenarios are used to calculate the expected cost of DN operation. This cost evaluation can include the value of lost load (VOLL), DN
power losses, equipment reduction of life expectancy, etc. The process is carried out repeatedly for
different values of P lim to create the DSO’s cost curve. The difference of the expected operating
cost with and without a service represents the expected financial benefit of the CLS in question.
5. Illustrative Case Study
This section presents a case study which illustrates how CLSs can be used to operate the DN
more economically. Subsection 5.1 provides a description of the case study. Subsections 5.2.1
and 5.2.2 present the resulting aggregator offer curves and DSO cost curves, respectively. Based
on these results, subsection 5.3 discusses the market outcomes when using the proposed uni-sided
VCG mechanism to clear the LFM of the case study.
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Figure 6: Distribution grid model.

5.1. Case study description
We consider a real radial medium voltage feeder, shown in Figure 6, located on the Danish
island of Bornholm. The feeder supplies 564 residential customers. The load data was collected
in the context of the Danish project EcoGrid 2.0 [32]. All households own either a heat pump
or a resistive heater. Therefore, the highest consumption occurs when heat demand peaks during
winter months. Accordingly, we use weather and meter data from January 2019, and a service
period of one month is considered.
EVs and resistive heaters are considered as flexibility sources. The former are generally considered to be the most important source of DER flexibility in DNs [33], due to a fairly high charging power combined with a large storage capacity. Further, EV sales are expected to increase
steadily throughout the next decade [34]. For this reason, in this case study we assume that a
larger share of flexibility originates from EVs. It is assumed that 30% of all households own an
EV, which charges with a nominal power of 3.68 kW. EVs are controlled by two aggregators. The
first, referred to as agg. 1, controls a portfolio of 101 EVs with P1nom = 371.68 kW. The second,
referred to as agg. 2, controls 68 EVs with P2nom = 250.24 kW. Both aggregators optimize charging patterns such that EVs reach a state of charge (SOC) of 100% by their time of departure, while
minimizing the total energy costs in the day-ahead market. The probability distribution functions
for arrival and departure times and the SOC upon arrival are taken from [35]. EV batteries have
a storage capacity of 24 kWh and charge with an efficiency of 90%. As this serves as an illustrative case study, we make a simplifying assumption that aggregators have full knowledge of the
day-ahead prices [36], arrival/departure times and the initial SOC values.
An additional third aggregator (agg. 3) controls resistive heaters from 150 homes. Heaters
are modelled using a first-order model [37], [38] and employing a concept known as the ther14

mal battery model [39], [40] to describe the aggregated flexibility. The thermal battery model is
explained in more detail in Appendix C. Results from the EcoGrid 2.0 project [32] are used to obtain realistic values for the heating systems [22]. The analysis showed that the equivalent battery
power is approximately 1.68 kW for each house, thus P3nom = 252 kW. The aggregator schedules
the residential heating units such that customer comfort is maintained, while minimizing energy
acquisition costs in the day-ahead market.
We simulate a congestion in the primary substation, and evaluate the cost of lost load. For this
purpose, the rating of the transformer station has been artificially reduced to 1200 kVA. Slightly
exceeding the transformer’s rated power for a short period is usually not an issue. However, transformers are equipped with a protection switch. It is assumed that the transformer is disconnected
when consumption exceeds 120% of its rating, at 1440 kVA. In most cases of faults in medium
voltage networks the grid can be reconfigured, such that all customers are quickly reconnected to
the grid. We therefore assume that the load will be interrupted for five minutes only. Flexible and
non-flexible consumption is aggregated on the secondary feeders, and power losses in the 400 V
network have been neglected. As resistive heaters have no reactance and the power factor of EV
inverter chargers can usually be adjusted, flexible loads are modelled with a power factor of 1.
5.2. Derivation of cost curves
This section derives aggregator cost functions in subsection 5.2.1 and the DSO cost function
in subsection 5.2.2.
5.2.1. Aggregator cost
Aggregators minimize their costs with and without offering a CLS, according to section 4.1.
The optimization problem formulations for resistive heaters and EVs are detailed in Appendix C
and Appendix D, respectively. The resulting costs for different P lim values are shown in Figure
7 with hollow circles. Squares indicate the installed capacity of aggregators. Naturally, capacity
limitations higher than the aggregators’ P nom have zero costs, as they do not affect the aggregators’
actions in any way. The minimum capacity limitations that aggregators can offer are indicated by
triangles in Figure 7.
Total aggregators cost
agg. 1 (101 EVs)
agg. 2 (68 EVs)
agg. 3 (150 heaters)
Pmin
Pnom
Pnom

Cost [DKK]

1000

500

0

200
400
600
Capacity limitation [kW]

800

Figure 7: Three examples of aggregator cost curves as well as their total cost curve. Hollow circles indicate individual
results, while continuous curves are fitted.
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Agg. 3 is less flexible, and the costs of lowering the capacity limitation rise faster, compared
to the EV aggregators. Agg. 1 and agg. 2 rarely operate their portfolio close to the nominal
power, since most of the time some EVs are absent or already fully charged. Therefore, a capacity
limitation equal to 80% of P nom barely increases cost for the EV aggregators (at a cost of 0.26 DKK
per EV). On the contrary, a capacity limitation of 80% of P nom for agg. 3 leads to a cost of 6.8 DKK
per heater, because this aggregator regularly operates the portfolio close to nominal power.
The cost curves of all three aggregators indicate an exponential shape. This is in agreement
with [16]. Based on such findings, we represent the aggregator costs of offering CLSs as








C agg P lim = a exp bP lim + c,

(16)

where a > 0, b < 0. We set c = −a exp (bP nom ) to ensure that aggregator costs are zero at
their nominal capacity, therefore c < 0. The fitted exponential functions are shown in Figure 7 as
continuous curves. As part of the market clearing, the market platform combines the individual
cost curves to derive an overall cost curve for the service, given by the sum of the capacity limitations of all aggregators. This combined curve, shown in black color in Figure 7, represents the
total cost to achieve a certain capacity limitation when the service is optimally distributed between
aggregators.
5.2.2. DSO cost
This subsection quantifies the DSO cost of network operation with CLSs according to the
method described in subsection 4.2. Figure 8 shows the apparent power flow through the transformer station on a cold winter day, with and without a CLS. The blue curve corresponds to the
non-flexible consumption, and the red curve to the total one. Flexible consumption patterns are
the result of aggregator control, and are more volatile compared to the fairly smooth and more
predictable non-flexible consumption. Many EVs charge at night, when day-ahead prices are
comparatively low. Without a capacity limitation, this leads to congestion in the DN during offpeak hours (Figure 8 (a)). The control strategy of the aggregators would trigger the protection of
the transformer, leading to the disconnection of the entire feeder. To prevent the potential power
outage, the DSO can request a CLS. A CLS of 500 kW would have the desired effect, preventing
faults during early morning hours (Figure 8 (b)).
To be able to participate in the LFM, the DSO has to derive a cost curve which specifies the
DN operational cost under different capacity limitations. For this purpose, the VOLL can be used,
which can reach prices of up to 120 DKK per kWh [41]. The VOLL represents the residential
customers’ point of view, and their willingness to pay to prevent outages, but not the actual cost
of such events for the DSO. Therefore, using it would significantly overestimate the DSO’s real
willingness to pay for a service. The authors of [42] quantify the real DSO cost of lost load by
shadow pricing based on publicly available DSO data from Finland. They estimate that DSOs
in Finland pay between zero and five eurocents as compensation fees per interrupted minute and
customer, with an average of 0.5 eurocents. As these findings consider the DSOs’ point of view,
they are better suited to represent its willingness to pay for flexibility services. It is therefore
assumed that DSOs are willing to pay at most 0.5 eurocents per customer per minute to prevent a
power outage with the help of a flexibility service. To calculate the cost of a particular capacity
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Figure 8: Power flow through transformer station on the 26th of January 2019, (a): no CLS - (b): CLS of 500 kW.

limitation, the amount of time steps where total consumption exceeds the transformer security limit
are counted, and the value is multiplied with the corresponding cost per time step. Dynamics, such
as a rebound [43] after an outage, are neglected.
As described in subsection 4.2, the DSO has to make assumptions regarding the aggregators’
control strategies and the market allocation of the CLS. In this illustrative case study, we are
merely interested in the shape of the DSO’s cost curve. Therefore, we assume that the DSO has
perfect knowledge of the aggregator load profiles under different capacity limitation constraints. In
addition, it is assumed that the DSO perfectly knows how the market would allocate each specific
capacity limitation to different aggregators. The resulting DSO costs are shown in Figure 9. The
DSO benefit corresponds to the difference in operational cost without and with a CLS.
According to Figure 9, flexible consumption reaches a maximum value of 825 kW without a
CLS. This situation would lead to regular short power interruptions in the feeder, which would
cost the DSO 6770 DKK. Certainly, under such circumstances the DSO would reinforce the grid
to ensure security of supply. A CLS of 725 kW, which only reduces the possible peaks by at most
100 kW already reduces the DSO cost to 2850 DKK, resulting in a benefit of 3920 DKK. Costs
eventually drop to zero at around 460 kW, at which point no transformer limit violations occur.
The DSO cost curve shows an exponential shape. Therefore, in the remainder of the paper, the
DSO cost is modelled with an exponential function as




C DSO P lim = α exp(βP lim ) + γ,
where α, β > 0. The corresponding fitted function is shown as the blue curve in Figure 9.
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Figure 9: DSO cost curve for different amount of CLSs. Hollow circles indicate individual results, while the continuous curve is fitted.
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Figure 10: Market-clearing outcome of the proposed uni-sided VCG mechanism.

5.3. Uni-sided VCG results
In this subsection we numerically verify the suitability of the the proposed uni-sided VCG
mechanism using the case study. Due to the incentive-compatibility of the mechanism on the
aggregators’ side, they are expected to submit their true cost curves f true (·). In subsection 5.3.1
the market outcome is presented and discussed, whereas in subsection 5.3.2 a sensitivity analysis
with respect to some key parameters is conducted.
5.3.1. Market outcome
Figure 10 shows the result of the uni-sided VCG market clearing. Circles indicate the costs that
aggregators incur when offering the services, and the operational cost of the DSO when acquiring
such said services. Triangles indicate the participants’ payments. Table 2 summarizes the aggregator profits. EV aggregators receive the majority of the payments, as they provide the largest
share of the CLS. This is a result of less steep cost curves, compared to agg. 3. Notice how their
respective curves in Figure 7 increase at a much lower rate than that of agg. 3. As a result, agg. 3
does not contribute considerably to the overall capacity limitation as the value of the CLS lays only
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30 kW below the nominal power. The reason is that heating systems are not as flexible as EVs.
The profit is only 1.1 DKK per heater, 8 − 12 times less than each EV. Since heating systems have
a considerably smaller nominal power, this figure drops to 3 − 5 times when considering profits
per kW of installed capacity. Agg. 2 has the largest portfolio in terms of installed capacity, and
thus a more dominant market position. Under the uni-sided VCG this dominant position results
in a higher payment not only in absolute terms, but also in a higher profit per DER and kW of
installed capacity. As a result, the profit of agg. 2 per DER is 50% higher than that of agg. 1.
Table 2: Summary of aggregators’ profits expressed in DKK.

Aggregator
1
2
3

Portfolio
101 EVs
68 EVs
150 heaters

P lim,∗ [kW] Total profit
164
111
224

1372
653
234

Profit per DER
12.2
8.3
1.1

Profit per kW of
installed capacity
3.3
2.2
0.7

The CLS is also beneficial for the DSO. As already observed in Figure 9, without a CLS the
DSO would face a total operational cost of 6770 DKK. By acquiring a CLS of 500 kW, this cost is
reduced to 2350 DKK. Out of this cost, 2117 DKK are spent to pay aggregators for the provision
of CLSs, and the remaining 233 DKK are the remaining compensation fees to customers. These
results show that both aggregators and the DSO benefit from an LFM built upon the proposed
uni-sided VCG auction.
5.3.2. Sensitivity analysis
The mechanism is not incentive-compatible with respect to DSOs, as they cover all aggregator
payments. In these cases, DSOs have incentive to misreport their true cost functions. As this
would make the market inefficient, such situations should be avoided. Further, there could be
cases where aggregator payments exceed the DSO’s benefit, and the latter would not be willing
to acquire non-beneficial services. To understand how likely these situations are, a sensitivity
analysis is carried out to illustrate how the market clearing responds to changes in aggregator
flexibility share, network loading, and the cost of lost load. To this end, the test case was run
again with the number of EVs controlled by agg. 1 varied, while keeping the total number of EVs
the same, with the transformer rating changed to emulate high loading, and with varied cost of
lost load. These results are shown on Figures 11 and 12 for DSO benefits and aggregator profits,
respectively.
For this case study, we find no situation in which the DSO ends up with a net loss. As seen
in Figures 11, the DSO benefit is positive in all considered cases - when altering the share of
EVs controlled by agg. 1, changing the rating of the transformer, or changing the cost of lost
load. While the issue of DSOs ending up with negative benefits as a result of uni-sided VCG is a
theoretical possibility, our investigation has not uncovered such a situation.
Further, note that the DSO benefit in Figure 11 (b) and the aggregator profit per DER in Figure 12 (b) drop sharply with increased transformer rating. In the current setup, components in
DNs are usually oversized. Since DSO benefits and potential aggregator profits are significantly
reduced at lower network loading, there is a lower need for creating a service market, and a reduced
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Figure 11: Sensitivity of DSO benefit under uni-sided VCG.
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Figure 12: Sensitivity of aggregators’ profit.

push to establish these markets. Thus, current investment strategies in DNs may be preventing the
formation of markets for flexibility services, even if those markets would bring a net benefit to the
overall system.
Finally, Figure 12 (b) indicates that aggregators with a more dominant market position have
a higher revenue per DER. Since this revenue represents how much the aggregator is willing to
refund each individual DER, larger aggregators are able to offer greater incentives to DERs, which
can cause a drift towards high market concentration. However, since high market concentration
also slightly decreases DSO benefits, as shown in Figure 12 (a), the DSO has an active interest in
ensuring there is a sufficient diversity of aggregators in the grid. We note finally, that aggregators
with a very small portfolio share are still able to make a profit, ensuring that a business case exists
for aggregators in systems where few DERs are involved in service provision.
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6. Conclusion and Policy Implications
This work investigates potential market-clearing mechanisms for local flexibility markets with
capacity limitation services and reveals that pay-as-bid, uniform-price and the VCG mechanisms
do not satisfy the critical economic properties for such markets. Therefore, an alternative mechanism is proposed in this paper, namely uni-sided VCG, which provides a proper trade-off between
budget-balancedness, incentive-compatibility and individual rationality. The proposed mechanism
is applied in a case study, where typical aggregator offer curves, as well as the DSO’s cost curves,
are found to have an exponential shape. Given these findings, the uni-sided VCG market outcome
is found to be beneficial for both aggregators and the DSO, resulting in an increase of overall
social welfare.
Below we summarize a number of policy implications that are relevant for the practical implementation of the proposed mechanism.
• Aggregators must not misreport installed capacity
The proposed mechanism guarantees that aggregators report their true cost. However, aggregators could still theoretically increase their profits by misreporting the installed capacity of
their portfolio, and it is therefore crucial for market regulators to ensure that they are unable
to do so. In practice though, DSOs can easily identify the correct value of an aggregator’s
installed capacity from the relevant connection agreements. Increasing it is most likely not
a viable option, as doing so entails costly connection fees, which would almost certainly
surpass any increased payments in the market.
• Need for fall-back option
The uni-sided VCG mechanism is only able to calculate a payment for an aggregator if it is
possible to clear the market without that particular aggregator’s participation. There could
be a case where an aggregator has a very dominant position in the auction, such that market
clearing is impossible when that aggregator is excluded, as part of the payment calculation.
This also means that the mechanism is unable to calculate payments for a DN with only one
aggregator. In such cases, payments would have to be found differently. A take-it-or-leave-it
price or a price cap could be possible fall-back options in such situations.
• Preventing collusion
VCG-based mechanisms are known to be vulnerable to collusion [29]. While individual
aggregators are not able to increase their profits by being untruthful, two aggregators, who
both misreport their cost, can increase payments for each other. This potential collusion
is an issue in many markets, and it is usually unlawful. In an LFM, excessive collusion
would render the services unprofitable for DSOs, who would then have to expand their
network. This acts as a deterrent against collusion, because grid expansion would eliminate
the aggregators’ additional revenue from the LFM. In addition, legislators should impose
strict rules which forbid any potential collusion between aggregators.
• Aggregators must not artificially split their portfolio
VCG-based mechanisms are not necessarily revenue monotone [44]. Aggregators can boost
their profit by pretending to be several entities [45], therefore, such a potential behavior has
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to be prohibited. However, an intentional partition into several entities bears administrative,
practical and commercial barriers in the overall operation of an aggregator. In case that
potential earnings in the LFM are so high that would justify such a decision, the market
regulator should prohibit any aggregator(s) from operating under such terms.
• DSOs have to report their cost truthfully
Payments and incentives are only compromised from the DSO side. Unlike aggregators, the
DSO has an incentive to report lower costs and thus increase the profitability of acquiring a
certain service. However, DSOs are strictly regulated monopolies which do not follow the
principles of profit maximization, and their actions are closely monitored by regulators. It is
thus expected that DSOs will participate truthfully in the market. Not doing so could potentially dissuade aggregators from offering flexibility services, and the DSO would eventually
need to consider more expensive options such as grid reinforcement.
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Appendix A. Vickrey-Clarke-Groves is individually rational
An aggregator j can only reduce overall system cost by participating in the market, hence








g P lim,−j,∗ − g P lim,∗ ≥ 0.
The payment that aggregator j receives is given by




(A.1)





qjvcg (P lim,∗ , P lim,−j,∗ ) = g P lim,−j,∗ − fjoffer (Pjlim,−j,∗ ) − g P lim,∗ + fjoffer (Pjlim,∗ ).
Since fjoffer (Pjlim,−j,∗ ) = 0, we get









qjvcg (P lim,∗ , P lim,−j,∗ ) = g P lim,−j,∗ − g P lim,∗ + fjoffer (Pjlim,∗ ).
Combining (A.1) and (A.3) results in

qjvcg (P lim,∗ , P lim,−j,∗ ) ≥ fjoffer (Pjlim,∗ ).

(A.2)

(A.3)

(A.4)

Appendix B. PAB and UP are not incentive-compatible
Let us consider the case where only two aggregators are active in a DN. The shape of the true
underlying cost of agg. 1, i.e., f1true , is defined by (16). Say agg. 1 slightly inflates the bid by ,
such that
(B.1)
f1offer = (a1 + ) exp(b1 P1lim ) + c,
while agg. 2 bids truthfully. To show that UP and PAB are not incentive-compatible, it is necessary to show that aggregators can increase their profit by manipulating their offer curve. For this
22

purpose, we will calculate agg. 1’s profit, and show that the partial derivative of the profit by the
manipulation term  is greater than zero. First, we calculate some necessary equations, which we
use to complete the proofs in Appendix B.1 and Appendix B.2.
We know that the market clears such that the marginal cost of both aggregators corresponds to
the marginal DSO benefit. The marginal cost of aggregators M C agg and marginal cost of the DSO
M C DSO represent the derivatives of (16) and (17), i.e.,
M C1agg (P1lim ) =

∂f1offer
= (a1 + )b1 exp(b1 P1lim ),
lim
∂P1

(B.2)

M C2agg (P2lim ) = a2 b2 exp(b2 P2lim ),

(B.3)

M C DSO (P1lim + P2lim ) = αβ exp(P1lim + P2lim ).

(B.4)

Through the market balance condition M C1agg (P1∗ ) = M C2agg (P2∗ ) we can derive that
P2∗ =

g
b1
+ P1∗ ,
b2 b2

(B.5)

1
where g = ln( (a1a+)b
). We also know that M C1agg (P1∗ ) = M C DSO (P1∗ + P2∗ ), so
2 b2

h + b1 P1∗ = β(P1∗ + P2∗ ),

(B.6)

+)b1
with h = ln( (a1αβ
). Combining (B.5) and (B.6) leads to

P1∗ =

b2 h − βg
.
β(b1 + b2 ) − b1 b2

(B.7)

It further holds that
∂P1∗
φ
b2 − β
=
, φ=
.
∂
a1 + 
β(b1 + b2 ) − b1 b2

(B.8)

∂f1true (P1∗ )
∂
=
(a1 exp(b1 P1∗ ) + c1 )
∂
∂
φ
= a1 b1 exp(b1 P1∗ )
.
a1 + 

(B.9)

Note that φ > 0, since b1 , b2 < 0 and β > 0. Then, the partial derivative of the true underlying
cost of agg. 1 is

Appendix B.1. Incentive under uniform pricing
The profit Πi which an aggregator makes under UP is equal to
Πi = λ(Pinom − Pi∗ ) − fitrue (Pi∗ ).
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(B.10)

Here, market price λ corresponds to the negative derivative of the aggregator’s curve. We aim
to find out how the aggregator’s profit changes with . Therefore, we are interested to calculate
∂Π1
. First,
∂
∂
∂Π1
=
(−(a1 + )b1 exp(b1 P1∗ ))
∂
∂
= −b1 exp(P1∗ b1 ) − b21 exp(P1∗ b1 )φ
= −b1 exp(b1 P1∗ )(1 + b1 φ).

(B.11)

By using the previous results, the derivative becomes
∂Π1
∂P ∗ ∂f true (P1∗ )
∂λ nom
=
(P1 − P1∗ ) − λ 1 − 1
∂
∂
∂
∂
∗
nom
= −b1 exp(b1 P1 )(1 + b1 φ)(P1 − P1∗ )
φ
+ b1 exp(b1 P1∗ )φ − a1 b1 exp(b1 P1∗ )
a1 + 
= −b1 exp(b1 P1∗ )(1 + b1 φ)(P1nom − P1∗ ) − φ(1 −

(B.12)

a1
))
a1 + 

= −b1 exp(b1 P1∗ )(1 + b1 φ)(P1nom − P1∗ )
βb2
= −b1 exp(b1 P1∗ )
(P1nom − P1∗ ) .
|{z} |
{z
} β(b1 + b2 ) − b1 b2 |
{z
}
1

>0

>0

|

{z

}

>0

>0

Hence, agg. 1 has an incentive to unilaterally deviate from a truthful offer curve under UP.
Appendix B.2. Incentive under pay-as-bid
The profit which an aggregator makes with PAB is equal to
Π1 = f1offer (P1∗ ) − f1true (P1∗ )
= (a1 + ) (exp(b1 P1∗ ) − exp(b1 P1nom )) − a1 (exp(b1 P1∗ ) − exp(b1 P1nom ))
=  exp(b1 P1∗ ) −  exp(b1 P1nom ).

(B.13)

Calculating the derivative of the profit by  results in
∂
∂Π1
=
( exp(b1 P1∗ ) −  exp(b1 P1nom ))
∂
∂

∂P1∗
∂
φ
= exp(b1 P1∗ ) − exp(b1 P1nom ) + b1 exp(b1 P1∗ )
a1 + 
= exp(b1 P1∗ ) − exp(b1 P1nom ) + b1 exp(b1 P1∗ )

(B.14)

= exp(b1 P1∗ ) − exp(b1 P1nom ) .

1

|

{z

}

>0

Therefore, under PAB agg. 1 has an incentive to unilaterally deviate from a truthful offer curve.
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Appendix C. Optimization of residential heating resources
Let H be the set of the aggregator’s residential heating systems, indexed by m. The portfolio
is optimized for an upcoming horizon, and T is the set containing the corresponding timesteps,
indexed by t. Tm,t denotes the indoor temperature at time step t and household m, and Tmset the
ideal temperature. Tm,t is allowed to vary within a dead band without causing thermal discomfort.
−
+
By introducing variables Tm,t
and Tm,t
as the positive and negative temperature deviations from
the deadband respectively, we can relax this constraint as
−
+
−
set
+
Tmset − δm
≤ Tm,t − Tm,t
+ Tm,t
≤ Tm,t
+ δm
.

(C.1)

−
+
Additional constraints on Tm,t
and Tm,t
are used to prevent excessive temperature deviations,
i.e.,
+
lim,+
−
lim,0 ≤ Tm,t
≤ δm
, 0 ≤ Tm,t
≤ δm
.
(C.2)

The baseline consumption of one thermostatically controlled load is given by
base
Pm,t
=

αm
(Tm,t − Ttamb ),
βm

(C.3)

where αm = 1/Rm Cm , and β = γm /Cm ; Cm is the thermal capacitance, Rm is the thermal resistance, Ttamb is the time-varying outside temperature, γm is the coefficient of performance, and P n is
the nominal power. Using data from the Ecogrid 2.0 project [32], R is found to be approximately
24 ◦ C/kW, C equal to 1.05 kWh/◦ C, and P n 1.68 kW. This is in agreement with estimates provided
in [46]. If Pm,t is the power consumption at time step t, then the power constraints are expressed
by
0 ≤ Pm,t ≤ Pmn .
(C.4)
State Xm,t represents the energy content of the thermal battery model. If ∆T is the normalized
time step (∆T = 1 corresponding to one hour), then the evolution of Xm,t is described by
h

i

Xm,t+1 = Xm,t adm + Pm,t + γm (Ttamb − Tr,m ) ∆T,

(C.5)

where the self-discharge rate adm is equal to 1 − αm ∆T and for notation simplicity γm = αm /βm .
+
−
The energy constraints of the thermal battery model require that −Sm
≤ Xm,t ≤ Sm
, where the
energy limits are given by
−
+
+
−
= Cm δm
, Sm
= C δm
.
(C.6)
Sm
We relax the constraints of the energy limits in a similar manner as (C.1) on temperature, i.e.,
−
+
−
+
+ Xm,t
≤ Sm
.
− Sm
≤ Xm,t − Xm,t

(C.7)

−
+
+
The introduced non-negative variables Xm,t
and Xm,t
have an equivalent interpretation to Tm,t
−
and Tm,t
, and they express temperature deviations outside the dead band in energy terms. We again
−
+
impose additional constraints on deviations Xm,t
and Xm,t
, such that
+
max
≤ Sm
0 ≤ Xm,t

25

−
min
0 ≤ Xm
≤ Sm
.

(C.8)

+
Parameters Sm
and S − m are calculated as
max
max
Sm
= C δm
,

min
min
Sm
= C δm
.

(C.9)

The aforementioned parameters are summarized in Table C.3. R and C are drawn from normal
distributions, with a mean value equal to the one obtained through our experiments. To avoid
unreasonable values for the nominal power, households nominal power is chosen as a function of
R and C but with a slight randomness, represented as a normal distribution. Given a day’s known
Table C.3: Parameters of residential heating loads

Parameter
T set (◦ C)
C (kWh/◦ C)
R (◦ C/kW)
P n (kW)
δ + , δ − (◦ C)
lim,+ lim,- ◦
δ
,δ
( C)

Description
Value or distribution
Temperature set-point
21
Thermal capacitance
N (1.05, 0.1)
Thermal resistance
N (24, 2)
Nominal power
1.68RC/25.2 + N (0, 0.2)
Temperature deadband
1
Max temperature variation
2

prices, and assuming perfect day-ahead ambient temperature forecasts, the total aggregator cost be
−
+
found by solving the following optimization problem, with W = {Pm,t , Xm,t , Xm,t
, Xm,t
|m∈
H, t ∈ T } representing the set of decision variables
min
W

s.t.

X X

−
+
(λt Pm,t + ρXm,t
+ ρXm,t
)∆T

(C.10a)

m∈H t∈T

0 ≤ Pm,t ≤ Pmn ,
Xm,t+1 =

Xm,t adm

h

+ Pm,t +

γm (Ttamb

Xm,0 = Xm,|T | = 0,
−
+
−
+
− Sm
≤ Xm,t − Xm,t
+ Xm,t
≤ Sm
,
+
max
−
min
0 ≤ Xm,t
≤ Sm
, 0 ≤ Xm
≤ Sm
,

X

m∈H

Pm,t ≤ P

lim

,

−

i

Tmset )

∆T,

∀m ∈ H, ∀t ∈ T

(C.10b)

∀m ∈ H
∀m ∈ H, ∀t ∈ T

(C.10d)
(C.10e)

∀t ∈ T ,

(C.10g)

∀m ∈ H, ∀t ∈ T

∀m ∈ H, ∀t ∈ T

(C.10c)

(C.10f)

where λt is the hourly day-ahead price value in DKK/kW, ρ is the hourly thermal discomfort price
expressed in DKK/kWh, which is set equal to 1 DKK/kWh.
Appendix D. Optimization of a fleet of EVs
Let E be the set of the aggregator’s EVs, indexed by k. The portfolio is optimized for an
upcoming horizon, and T is the set containing the corresponding timesteps, indexed by t. Dk ⊆ T
is the set that contains the timesteps when EV k is plugged in. Pk,t and SOCk,t represent the
dep
arr
charging power and SOC of EV k at time t, respectively. tarr
k , tk and SOCk denote the arrival
time, departure time and SOC during arrival of EV k. λt is the day-ahead market price at time t,
26

ηk is the efficiency of EV k, and ∆T is the time step length. EkkWh and Pkmax are the energy storage
capacity and nominal charging power of EV k, respectively. With M = {Pk,t , SOCk,t | k ∈ E, t ∈
T } representing the set of decision variables, the optimization problem is formulated as
min
M

s.t.

XX

λt Pk,t ∆T

(D.1a)

k∈E t∈T

0 ≤ Pk,t ≤ Pkmax ,
Pk,t = 0,
SOCk,t+1 = SOCk,t +
SOCk,tdep = 1,

ηk
Pk,t ∆T,
EkkWh

k

SOCk,tarr
= SOCkarr ,
k

k∈E

(D.1d)

∀k ∈ E

(D.1e)

∀k, ∀t ∈ Dk

Pk,t ≤ P lim ,

(D.1b)
(D.1c)

∀k ∈ E, ∀t ∈ Dk
∀k ∈ E

SOCkarr ≤ SOCk,t ≤ 1,
X

∀k ∈ E, ∀t ∈ Dk
∀k ∈ E, ∀t ∈
/ Dk

∀t ∈ T .

(D.1f)
(D.1g)
(D.1h)
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