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SUMMARY

Uncertainties in the operation of distribution networks are expected to drastically increase
with the ongoing energy transition. These uncertainties are caused by the large scale
introduction of distributed renewable energy sources and heavy and stochastic loads such
as electric vehicles and heat pumps, challenging the network operators to keep the system
states of the distribution network within safe and secure operation limits. Continuing the
current paradigm of infrastructure over-dimensioning is expected to come with high future
investment costs. Therefore, a new paradigm for planning and operation of the power
system is required, making use of information and communication technologies to deploy
advanced monitoring and control applications in the network. For example, network
operators can deploy local controllers and control algorithms to prevent operation limit
violations of the system states, e.g. using on-load tap-changers or reactive power control
via inverters. However, the deployment of these local controllers might be too expensive or
ineffective otherwise. Therefore, specific operation limit violations in the predicted or
actual system states might remain unresolved. In that case, network operators can call for
flexibility in the supply and demand of active power from customers instead, using
so-called demand side management applications.

Flexibility in active power consumption or production of appliances can come from
appliances that can defer or advance their running interval or adjust the power
consumption or production level within a certain time interval. This can be various
controllable appliances, such as photovoltaic inverters and inverters from batteries, but
also time shiftable appliances such as heat pumps, freezers and washing machines. From
here, programs for demand side management are foreseen to offer ancillary services to
network operators that can help to operate the network in a cost-effective and reliable way.
Demand side management applications exist in many forms and usually have the goal to
shift energy consumption or production in time in order to offer these ancillary services.
These services are foreseen to include means for performing system balancing, mitigating
operation limit violations or optimising power flows over time. However, many demand
side management applications are foreseen to be operated by aggregators or energy
suppliers and not by the network operators themselves. As a result, aggregators are
expected to have limited insight in the operation state of the network. As such, they tend
to be unaware about specific grid related issues faced by the network operator and
therefore cannot take into account physical and geographic aspects of the network during
their optimisation of the available flexibility. Although some demand side management
programs are designed to resolve specific operation limit violations like congestions of
transformers, their optimisation objective is often not focussed on resolving specific
operation limit violations occurring at a certain geographical location. This is especially
true for low voltage networks, where uncertainty is even higher. Therefore, these demand
side management applications might not be capable of effectively resolving sudden
operation limit violations, or could even worsen them.
As a part of the broader developments towards a new paradigm for network operation,

this thesis focusses specifically on grid supportive demand side management and the
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required changes in the energy supply chain to enable this. Grid supportive demand side
management here means the optimisation of active power flexibility while taking into
account the physical state of the network, providing opportunities for the network operator
to prevent or correct geographically dependent (predicted) operation limit violations.
Enabling such a new paradigm, this thesis contributes with the development of an overall
framework for grid supportive demand side management, covering the different parties and
stakeholders in active distribution networks and the interfaces between them. The
framework focusses especially on the specification of interfaces between distribution
network operators and demand side management programs, allowing to exchange
information on operation limit violations in the network for the procurement of active
power flexibility from demand side management applications. Also, the different planning
and execution phases within the framework are presented, overall forming the foundation
for newly developed monitoring and control applications.

Monitoring of the system states of distribution networks as of today is still highly
limited. Due to the before mentioned uncertainties the system states are becoming less
predictable and operation limit violations are expected to occur more frequently. This puts
new requirements on the capabilities for monitoring the network system states. With the
availability of affordable information and communication solutions, newly developed
monitoring applications can serve as a basis for control functions deployed by network
operators to prevent and correct these operation limit violations. To establish suitable
monitoring for low-voltage networks, a method is presented for assessing the balance
between the required accuracy and usage of (measurement) input data for real-time state
estimation. These monitoring applications should lead to a detailed insight in the system
states of the distribution network in order to deal adequately with upcoming uncertainties.
They will rely on various data sources, such as network measurements,
pseudo-measurements, weather forecasts and end user data. The accuracy requirements for
this data depends on the goals and functionalities the advanced network operation
strategies are supposed to realise. Data collection is costly, as investments have to be made
for installation and operation of measurement equipment and communication
infrastructure. The higher the required accuracy (e.g. shorter time-frame of measurements,
more detail, and reliability), the higher the investments costs and the higher the risk for
compromising customer privacy. Therefore, balancing the data usage versus accuracy is
required and discussed in detail.

From here, a method has been developed using which the network operator will predict
the network system states on a day-ahead or intra-day basis and estimate the system
states in real-time, based on the established monitoring capabilities. Using this method, it
will analyse the network for (expected) operation limit violations and use the presented
interface between network operator and demand side management applications to procure
active power flexibility from demand side management applications. In order to make the
flexibility provided by the customers exploitable, a practical approach for modelling
flexibility of household appliances and how to exploit this flexibility in an optimisation is
developed. This involves various types of flexible appliances, such as buffering appliances
and time shifting appliances. The behaviour of these appliances is described using
mixed-integer linear constraints for their scheduling, such that they can be easily
remodelled for incorporation in various optimisation strategies while keeping the burden
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on the computational complexity limited. Also for computational complexity reasons, a
decentralised optimisation approach has been developed using a multi-agent system.

Within the presented framework, the newly established interface between network
operators and demand side management applications will facilitate the exchange of
information on (predicted) network issues and end user flexibility. The overall functioning
of this interface is intended such that, independently of what objective the demand side
management is pursuing, the demand side management application can take into account
grid related constraints within its scheduling process, in order prevent and resolve
operation limit violations in the network over time. As such, the demand side management
is not run by the network operator, but the relevant information is exchanged with the
demand side management application to establish a form of grid supportive demand side
management. The developed grid supportive demand side management adopts a two stage
approach, being 1) time-horizon preventive demand side management and 2) real-time
corrective demand side management. At first, time-horizon demand side management is
triggered on a day-ahead/intra-day basis, taking into account information from
probabilistic load forecasting in the scheduling process. If during operation, despite the
preventive demand side management, still certain operation limit violations are detected
by the network operator based on real-time state estimation, corrective demand side
management is triggered to solve the problem in real-time. As the preventive demand side
management is computationally intensive, this methodology is extended by a method using
machine learning to come up with predictions on the probability of having operation limit
violations and how demand side management can bring the probability back to acceptable
levels. A neural network is applied to specifically deal with geographically dependent
operation limit violations in distribution networks, resulting in a probabilistic approach for
time horizon grid supportive demand side management.

Finally, for the performance assessment of the developed monitoring and control
applications, the development of a test-bed for the performance assessment of monitoring
and control applications is presented, using a power hardware-in-the-loop simulation
architecture for distribution networks. This allows to create a realistic but cost effective
test-bed in which the functioning of the monitoring and control applications can be verified.
The architecture of the developed test-bed is presented in detail, followed by a practical
caste study on the performance assessment of state estimation for distribution networks.
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SAMENVATTING

Onzekerheden in de bedrijfsvoering van distributienetwerken nemen naar verwachting
drastisch toe met de voortschrijdende energietransitie. Deze onzekerheden worden
veroorzaakt door op grote schaal geïntroduceerde hernieuwbare energiebronnen, evenals
zware, stochastische belastingen zoals elektrische voertuigen en warmtepompen. Deze
vormen een uitdaging voor netbeheerders om de systeemstatus van het distributienetwerk
binnen veilige bedrijfslimieten te houden. De verwachting is dat het laten voortbestaan van
het huidige paradigma van infrastructuuroverdimensionering samengaat met hoge
toekomstige investeringskosten. Hierom is een nieuw paradigma voor planning en
bedrijfsvoering van het elektriciteitsnetwerk noodzakelijk, gebruikmakend van informatie-
en communicatietechnologieën om geavanceerde monitorings- en
bedrijfsvoeringstoepassingen in het netwerk uit te rollen. Hiervoor kunnen netbeheerders
lokale stuurelementen en stuuralgoritmen aanbrengen om bedrijfslimietoverschrijding van
de systeemstatus te voorkomen, bijvoorbeeld door gebruik te maken van een
lasttrappenschakelaar of sturing van blindvermogen. Het toepassen van dergelijke lokale
stuurelementen kan echter zeer kostbaar of anderszins ineffectief zijn , waardoor
geografisch afhankelijke overschrijdingen van de bedrijfslimieten onopgelost blijven. In dat
geval kunnen netbeheerders flexibiliteit in de vraag en het aanbod van actief vermogen van
klanten inzetten, gebruikmakend van toepassingen voor vraagzijdebeheer.

Flexibiliteit in de consumptie of productie van actief vermogen resulteert van apparaten
die hun draaitijd kunnen uitstellen of vervroegen, of hun vermogensconsumptie of
-productie kunnen aanpassen in een bepaald tijdsinterval. Dit kunnen verschillende typen
stuurbare apparaten zijn, zoals omvormers van zonnepanelen en accu’s, maar ook in tijd
verschuifbare apparaten zoals warmtepompen, vriezers en wasmachines. Programma’s voor
vraagzijdebeheer die gebruik maken van deze flexibiliteit worden voorzien
ondersteuningsdiensten aan te bieden aan netbeheerders, die kunnen helpen het netwerk
op een kosteneffectieve en betrouwbare manier te bedrijven. Beheerstoepassingen van de
vraagzijde bestaan in vele vormen en hebben vaak als doel energieverbruik te verplaatsen
in de tijd om deze ondersteuningsdiensten aan te bieden. Verwacht wordt dat deze diensten
methoden zullen behelzen voor het in stand houden van de systeembalans, het verhelpen
van overschrijdingen van de bedrijfslimieten of het optimaliseren van de vermogensstromen
over tijd. Het is echter de verwachting dat programma’s voor vraagzijdebeheer uitgevoerd
zullen worden door aggregatoren of energieleveranciers en niet door de netbeheerders zelf.
Als gevolg hiervan hebben deze aggregatoren naar verwachting slechts beperkt inzicht in de
bedrijfsstatus van het netwerk. Hierdoor zijn zij onbewust van specifieke netgerelateerde
problemen van de netbeheerder en daarom niet in staat fysieke en geografische aspecten
van het netwerk mee te nemen in hun optimalisatie van de beschikbare flexibiliteit. Hoewel
sommige programma’s voor vraagzijdebeheer zijn ontworpen om specifieke overschrijdingen
van de bedrijfslimieten op te lossen (zoals overbelasting van transformatoren), is hun
optimalisatie vaak niet gefocust op het oplossen van specifieke overschrijdingen van de
bedrijfslimieten op bepaalde geografische locaties. Dit geldt temeer voor
laagspanningsnetten, waar de onzekerheden nog groter zijn. Om die reden kunnen
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toepassingen voor vraagzijdebeheer niet in staat zijn overschrijdingen van de
bedrijfslimieten effectief te verhelpen, of kunnen deze zelfs versterken.
Als onderdeel van de bredere ontwikkelingen naar een nieuw paradigma voor netbedrijf

van distributienetwerken, focust dit proefschrift specifiek op netondersteunend
vraagzijdebeheer en de benodigde wijzigingen in de energieketen om dit te bewerkstelligen.
Met netondersteunend vraagzijdebeheer wordt bedoeld de optimalisatie van actief
vermogen, met inachtneming van de fysieke status van het netwerk, waarmee
mogelijkheden geboden worden voor netbeheerders om geografisch afhankelijke
(voorspelde) overschrijdingen van de bedrijfslimieten te voorkomen of te corrigeren. Dit
proefschrift draagt bij aan een dergelijk nieuw paradigma, met de ontwikkeling van een
algeheel raamwerk voor netondersteunend vraagzijdebeheer, inclusief een beschrijving van
de interfaces tussen de verschillende partijen en belanghebbenden in actieve
distributienetwerken. Hierbij focust het raamwerk in het bijzonder op de specificatie van de
interfaces tussen distributienetbeheerders en programma’s voor vraagzijdebeheer, om de
uitwisseling van informatie omtrent overschrijdingen van de bedrijfslimieten mogelijk te
maken . Daarnaast worden de verschillende plannings- en uitvoeringsfasen binnen het
raamwerk gepresenteerd, welke bij elkaar de basis vormen voor nieuw ontwikkelde
monitoring- en bedrijfsvoeringstoepassingen.

Monitoring van de systeemstatus van het distributienetwerk wordt heden ten dage nog
altijd beperkt toegepast. Door voornoemde onzekerheden wordt de systeemstatus minder
voorspelbaar en worden overschrijdingen van de bedrijfslimieten verwacht vaker op te
treden. Dit stelt nieuwe eisen aan de mogelijkheden om de systeemstatus te kunnen
monitoren. Met de beschikbaarheid van betaalbare informatie- en
communicatieoplossingen kunnen nieuw ontwikkelde monitoringstoepassingen dienen als
basis voor bedrijfsvoeringstoepassingen die netbeheerders kunnen inzetten ter voorkoming
van overschrijdingen van bedrijfslimieten. Om geschikte monitoring van
laagspanningsnetwerken te realiseren, wordt een methode gepresenteerd voor het evalueren
van de accuraatheid van algoritmen die de systeemstatus schatten, afhankelijk van de
hoeveelheid gebruikte (meet)gegevens. Deze monitoringtoepassingen moeten leiden tot een
gedetailleerd inzicht in de bedrijfsstatus van het distributienetwerk, om zo adequaat om te
kunnen gaan met de opkomende onzekerheden. Hiervoor kan gebruikgemaakt worden van
een variëteit aan databronnen, zoals netwerkmetingen, pseudo-metingen,
weersvoorspellingen en gebruikersgegevens. De nauwkeurigheidseisen voor deze gegevens
hangen af van de doelstellingen en functionaliteiten die de bedrijfsvoeringsstrategieën
geacht worden te realiseren. Dataverzameling is kostbaar, daar investeringen gedaan
moeten worden voor het installeren en laten draaien van meetinstrumenten en
communicatie-infrastructuur. Hoe hoger de benodigde nauwkeurigheid (bijv. kortere
meetintervallen, meer details en hogere betrouwbaarheid), hoe hoger de investeringskosten
en hoe hoger het risico afbreuk te doen aan de privacy van klanten. Om deze redenen is het
belangrijk de balans te vinden tussen het gebruik van databronnen en de benodigde
accuraatheid, waarvoor de hier beschreven methode een belangrijke input levert.

Gebaseerd op deze monitoringscapaciteiten kan een netbeheerder de bedrijfsstatus
voorspellen voor een dag of uur vooruit, alsmede een instantane schatting maken van de
actuele bedrijfsstatus. Hiermee kan de netbeheerder het netwerk analyseren op (de
waarschijnlijkheid van) overschrijdingen van de bedrijfsstatus en vervolgens gebruikmaken
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van de gepresenteerde interface tussen de netbeheerder en toepassingen voor
vraagzijdebeheer om flexibiliteit in actief vermogen aan te vragen. Om de flexibiliteit van
klanten praktisch inzetbaar te maken, is een methode ontwikkeld voor het modelleren van
flexibiliteit van huishoudelijke apparaten, evenals een methode voor hoe deze flexibiliteit
gebruikt kan worden in een optimalisatie. De modellen omvatten verscheidene typen van
flexibele apparaten, zoals bufferapparaten en in tijd verschuifbare apparaten. Het gedrag
van deze apparaten is beschreven door middel van mixed-integer lineaire randvoorwaarden
voor hun planning, zodanig dat ze gemakkelijk geremodelleerd kunnen worden om
opgenomen te worden in een verscheidenheid aan optimalisatiestrategieën, waarbij de
belasting voor de rekenkundige complexiteit beperkt gehouden wordt. Eveneens om de
rekenkunde complexiteit te kunnen beheersen is een gedecentraliseerde methode
ontwikkeld die gebruik maakt van een multi-agentsysteem.

De ontwikkelde interface binnen het raamwerk tussen de netbeheerders en toepassingen
voor vraagzijdebeheer zal de uitwisseling van informatie omtrent (voorspelde)
netwerkproblemen en gebruikersflexibiliteit faciliteren. De algehele functionaliteit van deze
interface is zo ingericht dat deze toepassingen, onafhankelijk van welke doelstellingen de
toepassing voor vraagzijdebeheer nastreeft, netgerelateerde randvoorwaarden van de
netbeheerder kunnen meenemen in diens planningsproces, om zo overschrijdingen van de
bedrijfslimieten in het netwerk te voorkomen of te verhelpen. Als zodanig wordt het
vraagzijdebeheer niet uitgevoerd door de netbeheerder, maar wordt de relevante informatie
uitgewisseld tussen de netbeheerder en de toepassing voor vraagzijdebeheer om zo een
vorm van netondersteunend vraagzijdebeheer te realiseren. Het ontwikkelde programma
voor netondersteunend vraagzijdebeheer behelst een tweeledige methode, zijnde 1)
preventief tijdshorizon vraagzijdebeheer en 2) correctief instantaan vraagzijdebeheer. Als
eerste wordt tijdshorizon vraagzijdebeheer geactiveerd voor de komende dag of het
komende uur, met inachtneming van informatie van probabilistische voorspelling van de
belasting in het planningsproces. Als zich tijdens bedrijf, ondanks het preventieve
vraagzijdebeheer, toch bepaalde overschrijvingen van bedrijfslimieten voordoen, wordt
correctief vraagzijdebeheer geactiveerd om het probleem instantaan te verhelpen. Daar de
methode voor preventief vraagzijdebeheer zeer rekenintensief is, is deze uitgebreid met een
methode gebruikmakend van kunstmatige intelligentie. Deze methode maakt een analyse
van de waarschijnlijkheid waarmee overschrijdingen van de bedrijfslimieten zich voordoen
en hoe vraagzijdebeheer deze waarschijnlijkheid kan reduceren tot aan acceptabel niveau.
Een neuraal netwerk wordt toegepast om specifiek om te kunnen gaan met geografisch
afhankelijke overschrijdingen van de bedrijfslimieten in distributienetwerken. Dit resulteert
in een probabilistische aanpak voor tijdshorizon netondersteunend vraagzijdebeheer.

Tenslotte wordt een nieuw ontwikkelde testomgeving gepresenteerd waarin de prestatie
van monitoring- en bedrijfsvoeringstoepassingen kan worden geëvalueerd, gebruikmakend
van een zogenaamde power hardware-in-the-loop simulatiearchitectuur voor
distributienetwerken. Dit maakt het mogelijk om een realistische en kosteneffectieve
testomgeving te creëren, waarin het functioneren van de monitorings- en
bedrijfvoeringstoepassingen geverifieerd kunnen worden. De architectuur van de
ontwikkelde testomgeving wordt in detail gepresenteerd, gevolgd door een praktische casus
over prestatie-evaluatie van een algoritme voor het schatten van de systeemstatus in
distributienetwerken.
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1INTRODUCTION

Under pressure of climate change and other factors, the world energy consumption is in a
transition from fossil fuel based energy consumption towards renewable energy
consumption. The resulting anticipated introduction of Distributed Renewable Energy
Sources (DRESs) and electrification of energy demand by the large-scale introduction of
for example Electric Vehicle (EV) and heat-pumps, is expected to cause increasing
uncertainties that challenge electricity network operators. The enormous spatial
distribution of power systems and the increasing unpredictability of production and
demand introduce vulnerabilities, which affect the controllability and therefore the
reliability and efficiency of the power system. These vulnerabilities include imbalances
between supply and demand and therefore frequency variations, voltage fluctuations,
non-optimal power flows, unbalanced three-phase operation, line or transformer
overloading, harmonics or even outages. Therefore, the uncertainties make it increasingly
difficult to both maintain the balance between supply and demand, as well as to operate
the electricity network within secure operation limits [1–3].
Aiming to contribute to a reduction of the uncertainties to actors in the energy supply

chain due to the upcoming energy transition, the Netherlands Organisation for Scientific
Research (NWO) has established the URSES (Uncertainty Reduction in Smart Energy
Systems) program. Part of this program is the DISPATCH (Distributed Intelligence for
Smart Power routing and mATCHing) project, which focusses specifically at the two
challenges introduced above, maintaining the balance between demand and supply on a
global but also a local scale, and operating the (distribution) network within safe operation
limits. Within the project, also a suitable legal framework within the EU law is of high
importance, as the developments towards future power systems also implies significant
changes to all actors involved in the energy supply chain. The next subsections discuss the
background and motivations of the project and the work presented in this thesis in more
detail, including the research questions for this work and the outline of this thesis.

1.1 background and motivation

In Europe, those two challenges are mostly addressed independently of each other. Matching
the supply and demand is coordinated in liberalised energy markets with different trading
mechanisms, e.g. day-ahead, intra-day and balancing markets. These markets establish a
planning for the global balancing of supply and demand for different time scales. Meanwhile,
the reliability and stability of the system is maintained by the grid operators using energy
management systems. Despite limited observability of distribution systems due to a lack of
monitoring capabilities, the grid operators deploy necessary control mechanisms and power
flow control actions to secure and optimise network operation. The limited insight in network
status and control capabilities is mainly due to two fundamental design aspects in current
infrastructure. Firstly, measurement infrastructure installed in the distribution networks is
currently limited to a few main substations. Because more detailed awareness of the system

1
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operation state is be required to deploy proper control strategies, monitoring technologies
for the distribution network need to be developed that can capture the current system
state of the full distribution system in real time and predict the future system state with
high accuracy. Secondly, hardly any interaction takes place between the energy markets and
the monitoring and control capabilities of the network operators, while their correlation is
obvious. Since the energy markets establish a time horizon planning, this information can be
used in monitoring applications for better prediction of the future system state. The other
way around, energy markets can take into account geographical and physical constraints
or preferences of the distribution network operators. This can help the system to operate
within secure boundaries and reach a more efficient state. However, since the energy markets
and grid operators nowadays work independently of each other, this is not common practice.
These limitations of the current infrastructure drastically restrict the ability to deal with the
uncertainties occurring from renewable power generation and energy-intensive applications.

The NWO DISPATCH project aims to establish synergy between market operation and
network operation. The work presented in this thesis focusses specifically on the operation
of distribution networks. It is motivated by a need to establish an overall framework for
monitoring and control applications that involve customers to actively support the network
by offering active power flexibility through demand side management applications or local
energy/flexibility markets. However, customer flexibility has time-dependent constraints,
meaning that if flexibility is offered at a certain time, less flexibility is be available at another
time. This requires detailed modelling of the flexible appliances and their (owners) behaviour
over time and scheduling of the flexibility over a certain period.
Following from here, an uncertainty assessment for the network loading by the network

operators is needed, enabling effective dispatching of flexible appliances the in day-ahead or
intra-day planning. In addition, procurement of immediate flexibility to address unexpected
operation limit violations in real-time is crucial. For both the time-horizon as well as the
real-time procurement of flexibility yields that the flexibility should be able to address
geographically dependent operation limit violations. This is for example the case with under
and over voltages at specific nodes, overloading in certain branches or imbalances between
the three phases. These aspects call for advanced monitoring capabilities of the distribution
network and control applications involving customer flexibility that can be targeted towards
highly geographically specific network issues that occur only locally.

Before deployment of such monitoring and control applications in the actual power
system, their performance needs to be assessed carefully. However, testing the applications
in a field test can be risky and expensive and therefore calls for advanced simulation tools
for performance assessment of these applications. Due to the different nature of the
simulation domains involved (e.g. power systems, information and communication systems,
and the monitoring and control applications running on top of them), advanced simulation
architectures are required that can accurately mimic the behaviour of each individual
domain. To this extent, a suitable test bed for the performance assessment of monitoring
and control applications in distribution networks is required. Real-time power
hardware-in-the-loop simulations have proven to be a powerful simulation tool for testing
hardware components. For testing complete monitoring and control applications for
distribution networks, the simulation should include a real physical low voltage feeder. The
benefit of this approach is that it allows equipment and applications to be validated in a
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virtual power system under a wide range of realistic conditions, repeatedly, safely and
economically. It combines the power of real-time simulation with the actual response of
real power and control hardware components. Another advantage of a real-time simulation
system is that additional simulators for other simulation domains can easily be integrated
within the real-time environment.

The work presented in this thesis focusses especially on the Low Voltage (LV) network.
As mentioned, LV networks can be highly unbalanced due to unequal loading of the
individual phases. As a result, the mutual impedances between the phases as well as the
neutral impedance, will significantly influence the nodal voltage magnitudes but also the
phase angles.
To deal with this, all the work presented in this thesis is carried out for unbalanced

three-phase distribution networks, with unbalanced (mostly) single phase loads tapping off
the feeders. The network modelling is based on the model presented in [4]. As such, all
the analysis performed in this work takes into account the three-phase mutual impedances
and shunt admittances of the network, including the (probabilistic) power flow calculations,
power system state estimations and analysis of the system state sensitivities.

1.2 research questions

The above motivations delineate a need for change in the way how the power system and
especially distribution systems are operated as of today, in order to compensate for the
increasing uncertainties. The main research question therefore in this thesis is formulated
as:

What future strategies for monitoring and control can be incorporated in
the operation of distribution networks, such that network operators can
invoke flexibility to prevent and correct specific geographical operation limit
violations caused by the upcoming uncertainties resulting from the energy
transition?

To answer this question, a number of research steps have been defined, which are dealt
with in the subsequent chapters:

1. The presentation of an overview on what consequences the increasing uncertainties in
the network loading have on the operation of the distribution network and the relevant
technologies for monitoring and control applications to address these uncertainties;
(chapter 2)

2. The development of a suitable framework that enables these type of monitoring and
control strategies, including an overview of the involved stakeholders and their roles
and responsibilities (chapter 3);

3. An investigation of the characteristics to establish monitoring capabilities in the
distribution network and the trade-off between its accuracy and the required input
data (chapter 4);

4. The development of a suitable modelling approach for the available flexibility from
various types of household appliances, to be exploited and optimised by a broad range
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of demand side management appliances and given that these appliances have complex
time dependent constraints (chapter 5);

5. The development of an efficient optimisation approach for flexibility of household
appliances, while taking into account the requirements of network operators in order
to prevent and correct operation limit violations and as such reduce uncertainty
(chapter 6);

6. The design of a suitable simulation test-bed for the performance assessment of such
monitoring and control applications, given its multi-domain simulation nature
(chapter 7).

1.3 content of this thesis

The above stated research questions are addressed in the five main chapters of this thesis,
chapter 2 to chapter 7, where in each of the chapters one of the sub-questions is assessed.
Here, we briefly discuss the organisation and structure of this thesis by the contents of the
individual chapters.

chapter 2: the world of electrical energy distribution In chapter 2,
the relevant background information on the world of electrical energy distribution is given.
Starting of with a brief introduction of the electricity supply chain, the focus shifts towards
the main characteristics of low-voltage networks in particular. Subsequently, the energy
transition is discussed, with a special attention to the effects it has on usage of electrical
energy. This involves the changing demand patterns for electricity, as well as changes in the
way how electricity is produced. From here, the consequences this has on the operation of
the distribution network is introduced, from where the chapter will finalise with a discussion
on how power system operation can benefit from future monitoring and control applications
using information and communication technologies.

chapter 3: overall framework Building upon the challenges in the electrical
power system as introduced in chapter 2, in this chapter the overall framework developed
for this work is introduced. The framework covers the different parties and stakeholders in
active distribution networks and the interfaces between them. The framework presents a
broad picture on coping with uncertainties in future smart energy systems and the usage
of flexibility to mitigate uncertainties from various sources as discussed in chapter 2. For
this, the roles and stakeholders within the framework are divided into three layers, being
the physical layer, the prosumer service layer and the trading layer. For each of these layers,
it is anticipated that the adoption of flexibility from customers will play an important role
in the near future. For this, new interfaces that need to be established among the different
parties and stakeholders is discussed. Furthermore, the different planning and execution
phases within the framework are presented, which forms the foundation for the remainder
of the work.

chapter 4: distribution system monitoring and prediction With the
availability of affordable information and communication technologies, newly developed
monitoring applications can serve as a basis for control functions deployed by network
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operators to prevent and correct operation limit violations. These monitoring applications
should lead to a detailed insight in the system states of the distribution network in order
to deal adequately with upcoming uncertainties. The information gained from network
monitoring serves as input for various network operation strategies to operate the network
more efficiently and within secure boundaries. The accuracy requirements for this data
depend on the goals and functionalities the advanced network operation strategies are
supposed to realise. In any case, data collection is costly, as investments have to be made
in monitoring equipment, communication infrastructure, etc. As such, following the general
introduction to distribution system state estimation and prediction, the chapter presents a
method for assessing the balance between monitoring accuracy and data usage, illustrated
with a practical case study.

chapter 5: active power flexibility modelling and optimisation
chapter 5 presents a practical approach for modelling flexibility of household appliances
and how to exploit this flexibility in an optimisation. This involves various types of flexible
appliances, such as buffering appliances, time shifting appliances and multi-commodity
appliances. The behaviour of these appliances is modelled using mixed-integer linear
constraints for their scheduling, such that they can be easily included in linear, quadratic
or convex programming. Although this results in a limited computational complexity, this
might for larger scale problems still result in long computation times, especially on
embedded hardware. Still, the modelling of the behaviour using mixed-integer linear
constraints allows to derive easy heuristics when applied to other optimisation solutions.
Also for computational complexity reasons, a decentralised optimisation approach is
discussed using a multi-agent system.

chapter 6: grid supportive demand side management Following the
results of chapter 5, chapter 6 discusses how to exploit the flexibility from customers to
support the network operator to reduce uncertainties in the operation of the network. The
chapter uses a newly developed interface for the network operator to procure the flexibility
from household appliances, facilitating the exchange of information on (predicted) network
issues and available flexibility. The grid supportive procurement of flexibility discussed in
this chapter adopts a two stage approach in relation to the two stages of the framework,
being 1) time-horizon preventive procurement of flexibility and 2) real-time corrective
procurement of flexibility. At first, time-horizon flexibility is triggered on a day-ahead or
intra-day basis, taking into account information of the network operator on the predicted
system states in the scheduling process in order to prevent operation limit violations from
occurring. If during operation, despite the preventive planning phase, still certain
operation limit violations are detected by the network operator based on real-time
monitoring, corrective flexibility is triggered to solve the problem in real-time.

chapter 7: test-bed for performance assessment For the performance
assessment of the developed monitoring and control applications, this chapter presents the
development of a test-bed for the performance assessment of monitoring and control
applications, using a power hardware-in-the-loop simulation architecture for distribution
networks. This allows to create a realistic but still cost effective test-bed in which the
functioning of the monitoring and control applications can be verified. The architecture of
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the developed test-bed is presented in detail, followed by a practical case study on the
performance assessment of the in chapter 4 presented monitoring methodology for
distribution networks.



2THE WORLD OF ELECTRICAL POWER DISTR IBUT ION

Electrical power is everywhere around us and the electrical power system forms the
lifeblood of every day life. As one of the largest systems built by mankind, it can be
divided in three categories being power generation, transmission and distribution as
depicted in Figure 2.1. Historically, these three domains where vertically integrated and
operated by a single entity, where the efficiency of the whole electricity supply chain
increased significantly due to economies of scale. These days, the European electricity
sector is liberalised by the European Commission to increase competition, but the majority
of electricity generation still takes place in large centralised power plants, from where the
electricity is transmitted over long distances using the transmission system operated at
High Voltage (HV), including large interconnections to neighbouring countries. The
transmission system is operated by the Transmission System Operator (TSO), which is
also responsible for maintaining the balance between supply and demand of electricity
within its service area. From the transmission system, the electricity is distributed further
on to the Medium Voltage (MV) network, which together with the LV network is operated
by Distributed System Operators (DSOs) and forms the distribution system. In the MV
network, some medium size customers or larger distributed generation units are connected.
However, more than 99% of the customers are connected to the LV network. As the LV
network forms the main focus of this thesis, the following section will give a more in depth
discussion on the distinctive features of the LV network.

Although the total household consumption has a considerably lower share than the
above mentioned connection percentage, the establishment of a connection towards all
these households results in the fact that the number of nodes of the LV network is way
higher than the number of nodes in the MV or HV network. Here, a node is defined as the
point where multiple branches (i.e. more than two) join together, or the point where a
customer is connected. As will be discussed in section 2.1, demand patterns of households
and the resulting power flows in the LV network used to be relatively predictable.

Transmission Distribution

MV

LV

Generation (centralised)

HV

Figure 2.1: Overview of the electrical power system.
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Monitoring of the LV network was therefore not necessary, nor practically feasible due to
the high number of nodes. As of today, most of the LV networks are still unobserved, apart
from a few measurements in the MV/LV substations. Although in the European Union
widespread programs are undertaken to install smart meters at the household premises,
these measurement capabilities are not yet regularly used to enable widespread monitoring
of the network.
Besides the large number of nodes and the limited monitoring capabilities, some other

aspects play an important role in low voltage networks. Although the power flows in the
network used to be relatively predictable, the loading profiles of the individual households
can be highly stochastic. These local fluctuations usually average out higher in the network,
but on a local level the loading can behave highly stochastic and therefore comes with a
high uncertainty. Especially because LV networks mainly consist of underground cables and
therefore have high R/X ratios (i.e. a large impedance compared to the inductance), active
power has a relatively large influence on the voltage levels in the network compared to
reactive power. As in some countries like the Netherlands, small customers are connected
to only a single phase of the network, unbalanced loading of the phases might occur if
the customers are not divided equally or have unequal loading (although this might also
happen with three-phase connections). These factors can cause various power quality issues
or Operation Limit Violation (OLV) in the network, as discussed in more depth in section 2.2.

2.1 changes in the usage of electrical energy

The operation of the power system has to a large extent relied on the use of various types of
fossil fuels that came available in abundance from the industrial revolution onwards. As of
today, the increasing awareness of climate change due to the emission of greenhouse gasses,
air pollution from carbon monoxides, nitrogen oxides and particulates and environment
pollution because of mining, oil or gas wells and petrochemical plants, has led to a cautious
start of what is commonly called the energy transition. Under the Paris climate agreement,
current emissions of greenhouse gasses need to be drastically reduced in order to limit the
increase of the global average temperature to two degrees Celsius. The energy transition will
imply two highly significant changes in the way electricity is being produced and consumed
as discussed in the next subsections. The consequences of these changes for the electrical
distribution system will be described in section 2.2.

2.1.1 Changes in electricity demand

At first, on the demand side of electricity, a large increase in consumption is expected. In
Figure 2.2, the electricity generation in the 28 EU member states is visualised over the
years. This shows a steady increase in electricity generation of on average almost 1% per
year for the period 1995 to 2016, only showing some dip in the period directly following
the European debt crisis [5]. The increasing generation indicates the growing demand for
electricity throughout the years. This can mostly be attributed to two main aspects, namely
the increase in population and economic welfare, and the electrification of energy demand
that was previously directly fulfilled using fossil fuels. Focussing on this last aspect, this
is just the beginning. Driven by increasing awareness of climate change and air pollution,
electric vehicles are slowly but steadily replacing traditional internal combustion engine
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Figure 2.2: Total generation versus wind and solar generation in the 28 EU member states [5].

based vehicles [6]. On similar grounds, traditional gas based heating and cooking systems are
increasingly replaced by electricity based alternatives, like heat pumps and induction based
cooking. Despite the increasing efficiency of these types of appliances, they are highly energy
intensive. Combining this fact with the expectation that the speed of this electrification
process will increase, challenges arise on how to meet and facilitate the strong growth in
electricity demand, especially in the LV networks.

2.1.2 Changes in electricity production

The second important change can be found in how electricity is being produced. As
discussed, economies of scale resulted in a vertically integrated supply chain maintained by
a single company. Electricity was centrally produced by a small number of large generators,
with a top-down approach for transmission and distribution of energy towards the
customers. Despite the relatively high stochasticity of the single customer demand profiles,
this resulted in predictable power flows and therefore a predictable bandwidth for the
operational system states of the power system. After the liberalisation of the electricity
sector by the European Commission, resulting in more competition in the electricity
production sector, the generation of electricity over the years has slowly shifted from
mostly fossil fuel based generation towards more and more renewable energy sources like
wind turbines and Photo-Voltaics (PVs) [7]. Figure 2.2 shows the total amount of wind
and solar generation compared to the total generation of electricity (including wind and
solar generation). In Table 2.1, the share of wind and solar generation in percentage is
given, showing that the wind and solar generation is, growing faster than the total
generation in the 28 EU member states (although this process seems to have stalled in
2016). A significant amount of this renewable generation comes from the small scale
application of PV panels and micro wind turbines, that are installed in the (LV)
distribution network by house owners, farms and other businesses. This form of small scale
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1995 2000 2005 2010 2015 2016

Wind share [%] 0,149 0,731 2,120 4,438 9.332 9,305
Solar share [%] 0,000 0,003 0,045 0,692 3,335 3,404

Table 2.1: Share of wind and solar generaton in the 28 EU member states [5].

local generation is often referred as DRESs. As a result of the increasing application of
DRESs, the generation of electricity does no longer solely take place in large scale
generation units, resulting in reverse power flows in the distribution networks.
Furthermore, the generation of these DRESs is way harder to predict than the traditional
on-demand sources, as they rely on external parameters like wind and sun. As such, in
combination with the increasing demand, this results in a significantly higher variance of
the power flows in the network. These factors cause challenges in maintaining the all time
balance in the network, but also to keep the network operated within safe and reliable
boundaries for the network system states.

2.2 consequences for the power (distribution) system

DSOs operate their network according to the (national) grid codes. These grid codes specify
within what operational limits the network should be operated in order to be compliant with
the devices and appliances installed at the customer premises. The customers connected to
the network should be able to withdraw their contracted current at all times, meaning the
the DSO should plan their networks such that always enough capacity is available. The
above mentioned changes in the energy consumption and production patterns will have a
severe influence on the operation of the distribution network. For this thesis, there are two
effects that play an important role. Firstly, the increase in demand or distributed generation
might lead to temporary overloading of transformers or cables and therefore exceedance of
the network hosting capacity. Secondly, a variety of power quality problems might appear,
that violate the operational limits in the grid codes and therefore causes OLVs. Both aspects
will be discussed in more detail in the next subsections.

2.2.1 Exceedance of network capacity

The infrastructure of the distribution network is designed based on long term planning
studies. In these studies, long term predictions of the peak loading of cables and transformers
based on the average household consumption determines the sizing of these components. As
this infrastructure is laid down for several decades, usually a significant over-dimensioning
factor is taken into account. Nevertheless, such a time span involves a large amount of
uncertainty, as many factors can influence the future peak demand. As a result of the growing
demand and reverse power flows due to DRES, temporary overloading of components might
occur, therefore exceeding the total network capacity. Although temporary overloading of
transformers and cables is generally not a problem as long as thermal limits are not violated,
regular overloading will cause lifetime degradation and is therefore costly. If the exceedance
of the total network capacity becomes too high, circuit breakers might trip to protect the
network and as such cause an outage.
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2.2.2 Power quality issues

Power quality relates mainly to different aspects of the voltage at the point of connection
of the customer, where the DSO is responsible that a sufficient power quality is guaranteed
to meet the requirements of the grid code. Most important for the work in this thesis is
the steady-state voltage level, temporary over and under voltages and for specific cases
the symmetry (balance) of the voltage level for the three phases. Besides this, harmonic
distortion, frequency and flicker are important parameters of power quality. The frequency
is controlled by TSOs on a national level, where consumers in the future will be enabled to
support the frequency control with ancillary services as discussed in chapter 3. Harmonic
distortion and flicker are commonly addressed locally by installing passive or active filtering
components and preventing sudden load changes. As this thesis focusses on monitoring
and control of distribution network by support of customer offered ancillary services, both
frequency and harmonic distortion are not considered here in this thesis.
Figure 2.3 shows an example of the total household loading of a small LV network with

55 households, together with the corresponding variance of the household loading over a
24-hour time interval. This variance represents the variance of the household loading at a
particular time interval over all connected households for comparable days throughout
several years. This concerns a summer day (Monday closest to the 21st of June), where
more than 80% of the households is equipped with PV installations and have a significant
loading especially in the evening, mainly from air-conditioning installations and charging
electric vehicles. Due to the large amount of PV infeed during the day and high
consumption in the evening, bidirectional power flows will occur in the network. This
might cause unexpected voltage levels throughout the feeder, an effect that becomes even
stronger because of the high variance of the loading compared to the actual load value,
especially in the afternoon and evening [8]. The high variance is a result of the fact that
some households will produce electricity by means of their PV installations, while others
will have heavy loading because of energy intensive appliances like electric cookers,
heat-pumps and air-conditioners. These type of appliances tend to regularly switch on and
off, while the PV production might be affected by clouds, therefore increasing the
stochasticity. As a result, the power flow and therefore the voltage level will show
significant variation throughout the day and comes with high uncertainty, an effect that is
expected to increase with the ongoing energy transition. This might cause OLVs in terms
of steady-state under and over voltages and loading or generation with high stochasticity
could also result in temporary voltage changes or unbalanced operation of the network.
The latter might arise when a single (or two) phase(s) is/are (temporarily) under heavy
loading, an effect that gets worse if another phase hosts distributed generation units.
Under these circumstances, the voltages of the three phases start to differ severely. This is
commonly expressed in the Voltage Unbalance Factor (VUF), defined as the ratio of the
absolute values of the negative sequence over the positive sequence components of the
voltage at the fundamental frequency.

2.2.3 Current practices in mitigation of operation limit violations

Commonly, in the grid codes strict operation limits on the steady state voltages are included,
as well as limits on the VUF. Regularly occurring OLVs on the steady state voltage or
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Figure 2.3: Total LV network loading and household variance.

exceedance of the network capacity can be solved by reinforcement or reconfigruation of
the network, although this might come with high investment costs [9]. Similarly, a regularly
occurring voltage unbalance can be solved by reconfiguration of the single phase household
connection, but as such requires physical work to be carried out locally (although just once).
In inverters of DRES, local control strategies are installed, usually in the form of droop
control or other forms of coordinated or self-organising control [10, 11]. This will reduce the
power infeed or adjust the reactive power set points in case of over voltages. However, these
local control capabilities lack central coordination and therefore often tend to be inefficient.
Overall, continuing the current paradigm of infrastructure overdimensioning for the expected
increase in (peak) demand and generation is expected to come with high future investment
costs. As an alternative, in order to cope with irregular occurring of OLVs, during the
last decades the concept of smart grids has been explored extensively, making use of the
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broad availability of affordable Information and Communication Technology (ICT) for more
advanced applications in network monitoring and control.

2.3 smart grids

Despite the lack of a widely supported notion of the concept smart grid, most general
definitions incorporate the usage of ICT for advanced managing the electricity grid in order
to improve on the reliability, usage of sustainable electricity production and economical
profitability [12–14]. Notwithstanding the promising capabilities of the various proposed
control applications and functionalities in smart grids [15–18], the ICTs in next generation
power systems will face a greater variety of cyber vulnerabilities than those of today [19]. The
increasing involvement of ICT systems and advanced control mechanisms reveals challenges
in the interoperability and design of smart grids [20] and security and privacy aspects will
be stressed more, since monitoring capabilities in the whole energy supply chain will need
to use more customer data. Therefore, addressing these uncertainty problems requires a
comprehensive insight on the relevant system components. These components include the
physical power grid as discussed earlier in this chapter, the information and communication
components, as well as monitoring and control functionalities and services deployed on top
of this. The next subsections discuss the ICT and monitoring and control application in
more detail.

2.3.1 Information and communication components

Although communication systems already play an important role in power systems,
according to [16], the operation of the power grid historically was affected by several issues
regarding the communication system, such as fragmented architectures, a lack of adequate
bandwidth for achieving two-way communications and a lack of inter-operability between
system components. The increasing need for high quality data service networks in future
smart grid environments results in many research efforts, studying the most efficient
topology, physical media and protocols of the communication network [21]. According to
[16], communication networks can be private or public (like the public Internet). Public
communication networks can offer a cost effective approach for remote monitoring and
control of the power grid due to the already existing, shared infrastructure, however,
security and quality of service (QoS) concerns may arise. Because the Internet was not
designed for safety- and time-critical applications, the required QoS for transmitting the
data over internet protocols such as TCP/IP is potentially very difficult to obtain [22].
Another important aspect of the information and communication components is the

processing of large amounts of information. Data from a lot of end points (e.g. customers
or smart meters) can sometimes be processed locally, but often needs to be transmitted to
a central place, where it will be processed by more complex monitoring and control
applications requiring a full overview of the system. To do so, hierarchical structures can
be introduced, in which information is aggregated in a central point, after which an
abstract representation of the information is passed on to the monitoring and control
applications. This can be achieved by applying distributed or decentralised algorithms, for
example by using a Multi-Agent System (MAS). A MAS is comprised of several intelligent
agents with autonomous, goal oriented behaviour, enabled to interact with their
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environment and to communicate with other agents in the MAS. In power systems,
intelligent agents can be applied to represent local controllers of embedded systems,
receiving measurements from and sending control signals to its associated device, with
typical applications in monitoring, diagnostics, distributed control and protection [23–25].
The difference between a conventional local controller and the agent is that the latter can
work autonomously and pro-actively by negotiating control strategies with other agents.
The work published in [26] and [27] by the IEEE Power Engineering Society’s Intelligent
System Subcommittee provides a detailed analysis on the merits of MAS in the power and
energy sector. Besides, it gives practical recommendations and guidance on the
development and integration of MAS in future power systems. Decentralised algorithms for
dispatching active power flexibility are discussed in more detail in chapter 5.

2.3.2 Monitoring and control applications

On top of both the power system and the information and communication components
are the monitoring and control applications installed. With the emerging developments in
the area of smart grids, various kind of monitoring and control applications become more
important for managing the uncertainties in the power system, making use of ICT. The most
important applications related to network operation and optimisation are categorised into:
1) network monitoring applications; 2) network protection and restoration; and 3) network
control and optimization, and 4) demand side management:

system monitoring and analysis As discussed, the increasing uncertainties
caused by the energy transition require improvement of the conventional network
monitoring tools. State estimation in transmission systems forms one of the foundations
for safe and secure operation of the power system, providing the necessary information for
control applications. In order to guarantee reliable distribution system operation in the
future, monitoring capabilities at distribution networks have to be established. However, as
outlined in chapter 4, the methodologies for monitoring and state estimation in the
transmission systems cannot directly be applied to distribution systems. This is the result
of mainly two fundamental differences between the distribution systems and transmission
systems, being: (1) the low amount of measurement units installed for the large amount of
nodes in the distribution network, and (2) the complex models required for multi-phase
unbalanced networks [4] compared to the single phase equivalents used in transmission
networks, challenging the development of robust state estimation algorithms. The
application of distribution system state estimation will be discussed in more detail in
chapter 4.

system protection and restoration Due to the bidirectional power flows
resulting from DRES, protection schemes will have to be re-engineered [28]. Distribution
automation in the future distribution network can be enhanced by advanced automatic
reconfiguration/reclosing functionality based on detailed monitoring of the power flows
throughout the network. This will reduce outage times and enhance the overall reliability
of the network.
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network control and optimisation Based on the established monitoring
capabilities of the distribution network, operators will be able to deploy local controllers
and control algorithms to prevent operation limit violations of the network and optimise
the network system states [29]. Network control and optimisation applications may include
various types of objectives, like minimising OLVs, loss minimization, dispatching of DRESs,
etc. The main variables for distribution network control are voltage and active and reactive
power, which can be controlled at different levels in the network using locally installed
controllers. These local controllers can include for example the use of On-Load
Tap-Changers (OLTCs) [30] of MV/LV transformers in substations [31], or reactive power
control of inverters, or micro-grid control applications [32–34]. Adjustment of the set
points for transformer tap changers or droop characteristics of inverters can cope with
specific problems of overloading or violation of voltage constraints. However, the
deployment of these local controllers might be too expensive or insufficiently effective
otherwise. As discussed the R/X ratios in distribution networks tend to be high, rendering
the usage of reactive power control relatively ineffective. Therefore, the usage of active
power in control applications has gained increasing attention from the power and energy
research community and network operators, which brings us to demand side management.

demand side management In today’s power grid, consumers are uninformed and
do not actively participate in operation strategies of the grid. While Europe’s electricity
grid is highly liberalised these days, the market structure still offers limited opportunities for
customers to participate in the existing markets for energy trading or other types of programs
that facilitate the usage of active power flexibility from end users for ancillary services to
the energy supply chain. These programs are usually referred as DSM programs and usually
have the goal to shift energy consumption or production in time to achieve one or more
optimisation objectives as will be discussed in more detail in chapter 3. Their application is
expected to have a great impact in future smart grids for improving reliability, safety and
(economic) efficiency of the power system [35–38], as the flexibility can compensate for the
increasing uncertainties due to the energy transition.

2.4 summary

Today’s operation of power systems and especially LV distribution networks is challenged
by the energy transition, in which both the supply and demand patterns change due to the
large scale introduction of DRES and electrification of demand that was previously fulfilled
using fossil fuels directly. As this strongly increases uncertainties in the network operation,
OLVs might appear more frequently, degrading the power quality of the network. To
address this, monitoring and control applications need to be developed, that can capture
the system states, allow adjustment of operational set points and offer flexibility in the
demand patterns. In order to streamline the adoption of such applications in smart grids, a
proper framework is required that specifies the roles and responsibilities of all the involved
parties and stakeholders. The framework as proposed in this thesis will extensively be
discussed in chapter 3, while individual monitoring and control applications are covered in
chapter 4 to chapter 6. Simulation results that also involve the underlying (ICT
infrastructure using hardware-in-the-loop simulations are presented in chapter 7.
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As a result of the challenges in the electrical power system as introduced in chapter 2, a new
paradigm for planning and operation of the power system is required [39, 40]. Enabling this
new paradigm, in this chapter the overall framework developed for this work is introduced, of
which an overview can be found in Figure 3.1. The framework covers the different parties and
stakeholders in active distribution networks and the interfaces between them. The framework
shows similarities with the Universal Smart Energy Framework (USEF) [39]. However, where
the USEF aims for a market model for the trading and commoditisation of energy flexibility,
the framework presented in this work focusses on the specification of interfaces between
network operators and DSM programs. As such, it could be rather considered as an extension
of the USEF [39]. The framework presents a broad picture on coping with uncertainties
in future smart energy systems and the usage of flexibility to mitigate uncertainties from
various sources as discussed in chapter 2. For this, the roles and stakeholders within the
framework are divided into three layers, being 1) the physical layer, including the power
system, their network operators and the appliances at the prosumer premises connected to it;
2) the prosumer service layer, including energy suppliers for energy retail and aggregators for
flexibility management services; and 3) the trading layer, where Balance Responsible Parties
(BRPs) clear their energy consumption and production in energy markets. For each of these
layers, it is anticipated that the adoption of flexibility though DSM programs will play an
important role in the near future. For this, new interfaces that need to be established among
the different parties and stakeholders will be discussed. Furthermore, the different planning
and execution phases within the framework are presented, which will be the foundation
for the remainder of the work. Although the framework presents the broad picture, the
red highlighted parts are the main focus of this thesis, including monitoring and control of
distribution networks with procurement of active power flexibility from prosumers.

3.1 roles and stakeholders in active distribution networks

This section introduces the various roles and stakeholders for the physical, prosumer service
and trading layers within the framework of this thesis for future active distribution networks,
and discusses how they benefit from active power flexibility through DSM.

3.1.1 Physical layer

The physical layer corresponds to the operation and management of all physical assets
that are present within the transmission system, distribution system and at the prosumer
premises.

network operators Within the physical layer, both the TSO as well as the DSO
are present. TSOs guarantee sufficient network capacity for transmission of energy between
producers and consumers. The TSO is responsible for maintaining the balance between
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supply and demand at all time scales. DSOs are responsible for operating their medium
and low voltage networks in a safe and cost effective way, distributing the energy from the
transmission network towards the small-scale end users. In the traditional top-down
approach, where the distribution network was operated in a unidirectional and hierarchical
way, detailed system monitoring was not required due to the limited variations in the
operation state, nor possible because of a lack of measurement infrastructure. As a result
of this, monitoring capabilities of DSOs are still highly limited to a few critical substations
and measurements at the beginning of the main LV feeders. Therefore, DSOs often do not
notice OLVs that may occur in the distribution network. As discussed in chapter 2, the
anticipated introduction of DRES and other energy-intensive Distributed Energy
Resources (DER) such as electric vehicles, heat-pumps and combined heat-power
installations, is expected to cause increasing volatility that challenges the DSO to operate
the network within the predefined operation limits. Continuing the current paradigm of
infrastructure over-dimensioning is therefore expected to come with high future investment
costs. As such, today’s networks will increasingly evolve to active distribution networks.
The availability of affordable ICT allows for more advanced applications in network
monitoring and control, as well as interaction with DSM applications for the procurement

Demand
side management

Aggregators

Suppliers

Prosumer service layer

Geographical portfolio of flexible appliances

Energy retail and billing

Figure 3.1: Overview of the overall framework.
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of active power flexibility. As such, prosumers will be enabled to support the DSO in their
tasks of congestion management and voltage control to increase the overall reliability of
the network while reducing future investment costs. For this, they might receive some
financial compensation. A very important aspect here, is that certain OLVs are strongly
geographically dependent, like under and over voltages as well as congestions in specific
cables. With geographical dependent, here we mean a certain location in the network
topology, more specifically a node and phase. As LV networks are typically not
reconfigured often, this corresponds to a fixed geographical location. Due to the
geographical dependency, the effectiveness of flexibility offered by DSMs for resolving these
kind of OLVs strongly depends on the origin of the flexibility.

prosumers With customers becoming more and more aware of their energy usage, the
active involvement of the consumer in the energy supply chain will increase over time. They
are not only found willing to invest in energy saving measures, they also take ownership of
local generation units and other energy intensive DER. As such, the end user will not only
be a consumer, but also a producer and hence become a so-called prosumer. A part these
DERs will be suitable to offer flexibility in their energy consumption. Flexibility in active
power consumption or production of appliances can come from appliances that can defer or
advance their running interval or adjust the power consumption or production level within
a certain time interval [41]. This can be various controllable appliances, such as photovoltaic
inverters and inverters from batteries from e.g. EVs, but also time shiftable appliances such
as heat pumps, freezers and washing machines.

In this work, all flexible appliances are controlled through a home energy management
system that is able to convert the flexibility of the appliances to abstract classes that define
the constraints and prosumer preferences for the flexibility of the appliances. Thereafter, the
flexibility of all prosoumers is harnessed by aggregator services, who offer it collectively to
the DSM application.

3.1.2 Prosumer service layer

After liberalisation of the European energy market, energy suppliers where introduced for
retail and billing of energy towards end users. However, with consumers developing into
prosumers, the relationship between the energy supplier and the prosumers will change in
the near future.

energy suppliers and aggregators At present, energy suppliers ensure that
they provide the demanded energy to their end users whenever they need it and purchase
this energy from the energy markets through their associated BRP or generate it themselves.
As every energy supplier needs a BRP, these two roles come often in the form of different
departments within the same market entity. The energy suppliers arrange the contracts and
billing towards the prosumers that are their customers. However, with flexibility introduced
at the end user premises, new services and business models are to be developed that can
incorporate these changes. Aggregator services will be introduced to facilitate demand side
management programs, by interfacing with the home energy management systems at end
user premises for control of equipment and appliances. This way, prosumers will be enabled
to become actively involved in the energy supply chain by offering flexibility for various
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types of grid ancillary services. The aggregator agrees with the prosumers that it manages
on commercial terms for the supply and procurement of active power flexibility, including
market bidding mechanisms or fixed price programs. Because of this, it is likely that the role
of aggregator and supplier will be carried by the same market entity, as energy suppliers are
responsible for the energy programs towards the energy markets through their associated
BRPs.

3.1.3 Trading layer

The trading layer includes the traditional market parties active on over-the-counter markets,
day-ahead and intra-day markets and the BRPs.

energy markets Within the European liberalised market, market participants trade
on the basis of over-the-counter contracts or on the regular Day-Ahead (DA) and Intra-
Day (ID) markets. The ID markets are already designed for covering unexpected imbalances
closer to the time of delivery or after closure of the DA markets, mostly on an hourly
basis. With the massive amount of intermittent DER, it becomes increasingly difficult for
the involved market parties (e.g. BRPs) to stick to their planned energy schedules, due
to the increasing forecasting errors. Therefore, increased capacity will be required for the
balancing reserve markets and frequency control programs operated by the TSO. Besides,
the combination of the usual balancing interval of 15 minutes in combination with the high
stochasticity of intermittent renewable energy sources and other DERs, calls for additional
and fast flexibility that can be scheduled with a considerably finer granularity. This calls
for the establishment of active participation in these markets and programs by small-scale
producers and consumers, which can be facilitated through DSM applications.

balance responsible parties As mentioned, for BRPs it becomes increasingly
difficult to stick to their energy programs due to higher prediction errors in their DA and
ID energy programs, also for them active power flexibility will be important to prevent
high imbalance costs. It might seem evident that a BRP can use flexibility from the
prosumers of its associated energy suppliers for this purpose, but it can also participate in
DSM programs for flexibility offered by other customers. As stated before, offering
flexibility by the aggregator to the various DSM applications affects the energy program
for which the BRP is responsible. Therefore, new regulations are required to also inform
the TSO on the settled ’trades’ by the aggregator within the DSM program on behalf of
the associated BRP. A good example could be the recent regulations on ’transfer of energy’
from the TSO Elia.

3.1.4 The centrepiece: flexibility from demand side management

In the centre of the framework, the DSM applications can be found. As different parties like
the DSOs, TSOs and BRPs are likely to require different types of flexibility with different
properties, the DSM application should be able to categorise the flexibility for these purposes
in order to exploit it effectively. For example, in case of balancing purposes, TSOs and BRPs
are generally not interested in the geographical location of the flexibility, whereas for local
congestion management or over/under voltage mitigation, the DSO will require flexibility
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from within a specific geographical area. These different purposes might also cause possible
conflicts of interest, in case a certain need for flexibility from one party will cause a problem
for another party. As such, the DSM applications need to be able to take into account
constraints from all these parties in the scheduling process, and make a trade-off in which
party will have the first right for flexibility or when they can compete with each other for
example based on price.. For this, they will interface with each of the physical, prosumer
service and trading layers and as such serve these different domains within the power system
supply chain. Many research works have been undertaken on DSMs applications to establish
methods to invoke flexibility from end users through aggregators. These works may be
different depending on the goals for optimising the prosumer flexibility, considered time
horizons, as well as other physical constraints. These goals can relate to several objectives,
depending on the layer(s) that the DSM application serves. Mostly, two forms of DSM can
be considered, being 1) price-based mechanisms through local markets; and 2) contractual
arrangements for direct load control.

3.2 planning and execution phases

Within the overall framework adopted in this thesis, the procurement of flexibility takes
place in two stages sequentially in time: 1) time horizon flexibility based on a probabilistic
approach during the DA/ID preventive planning phase; and 2) real-time flexibility based on
real-time state estimation during the corrective execution phase.

3.2.1 Preventive time horizon planning phase

As the first stage, preventive time horizon flexibility will be procured on a DA/ID basis.
Preventive DSM based on time state prediction of distribution networks for the upcoming
time window is a tool of increasing importance to account for the system states and possible
OLVs that might occur in the (near) future. Because it is expected that most end user
flexibility in energy consumption or production will involve time dependent constraints.
This might mean that if flexibility is provided during a certain time interval, less flexibility
is available during another time interval. Besides, DSOs might prefer to not switch certain
controllers too frequently, in order to prevent excessive life time degradation, as can for
example be the case with OLTC. Therefore, a time horizon optimisation of the available
flexibility and network system states is important to address the OLVs that might happen
over time. In the DA/ID planning phase, probabilistic predictions of each of the system
states over time can be obtained using advanced forecasting techniques for consumption
and production patterns of the end users. With this information, decisions can be made
by the grid operator for altering the set points of local controllers. Whenever there are
any OLVs after this, the DSO can trigger time horizon flexibility from DSM applications,
specifying the specific OLV at hand, together with the sensitivity of the system states for
changes in active power at specific geographical locations (more details can be found in
chapter 6. Finally, the DSM applications also provide detailed information on the scheduled
flexibility to the monitoring applications of the DSO, in order to enhance the accuracy of
the monitoring applications.
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3.2.2 Real-time corrective execution phase

After the preventive time-horizon planning phase, real-time corrective DSM is triggered.
Within the corrective execution phase, the real-time DSM is based on actual monitoring
of the network through distribution system state estimation. It is much anticipated that
SE capabilities have to be extended from transmission to distribution networks, in order
to enhance the monitoring and control capabilities of the distribution network [42]. During
the real-time execution phase, real-time insight in the actual system states will be crucial
to trigger control applications and DSM. The estimated system states of the SE algorithms
can be used by grid operators to decide on specific set points of real-time local controllers,
and for real-time flexibility from DSM applications as described in chapter 5 and chapter 6.
Real-time State Estimation (SE) based on actual measurements in transmission

networks forms one of the cornerstones of safe and secure operation of the power system,
providing the necessary information for monitoring and control, like tap changer
optimization, voltage control, optimal power flow, and contingency analysis. It is much
anticipated that SE capabilities have to be extended to the distribution networks, in order
to enhance the monitoring and control capabilities of the distribution network during the
real-time execution phase. Although extending the existing practices of SE in transmission
networks to SE in distribution networks is not trivial, various works have proposed
methods for SE in distribution networks [43–46]. The output of these SE algorithms can be
used by grid operators to decide on specific set points of real-time local controllers, as
introduced in the next section.

3.3 interactions between parties

As discussed, programs for DSM have the potential to mitigate OLVs of the network,
optimise power flows over time, perform system balancing and support the integration of
intermittent DRES and DER. DSM applications exist with many possible optimisation
objectives and usually aim at shifting energy consumption or production in time in order
to achieve one or more of these mentioned objectives. However, many DSM applications
are foreseen to be operated by aggregators or energy suppliers and not by the DSO. As
they have limited insight in the operation state, they tend to be unaware about specific
grid related issues faced by the DSO, and exclude physical and geographic aspects of the
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Figure 3.2: Interface between DSO and DSM application.
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network during operation. Although some are designed to resolve specific OLVs [47], their
optimisation objective is often not focussed on resolving specific OLVs occurring at a
certain geographical location. This is especially true for low voltage networks, where
uncertainty is even higher due to higher stochastic loading of individual consumption
patterns. Therefore, these DSM applications might not be capable of effectively resolving
sudden OLVs, or could even worsen them.
For these reasons, with new flexibility services being introduced in the energy supply chain,

this section discussesx how the various parties interface with each other within the overall
framework. As this thesis focusses on distribution network operation within the physical
layer, including the procurement of active power flexibility using DSM from active prosumers
through aggregators, two interfaces are being considered. These are 1) the interface between
the DSO and the DSM and 2) the interface between prosumers, aggregators and the DSM.

3.3.1 Interfacing DSOs and DSM applications

As the effectiveness of active power flexibility for resolving OLV in distribution networks is
highly geographical dependent, a suitable interface between DSOs and DSM applications is
required. This section briefly introduces the interface adopted in this thesis between DSOs
and DSM applications for the procurement of active power flexiblity in order to resolve
specific local OLVs.
An overview of the interface can be found in Figure 3.2. One of the main requirements

of the interface is that it should work efficiently with various DSM applications in the field.
For this, the starting point of the interface is that the exchange of information happens in a
non-iterative fashion and that the information can be taken into account by a wide selection
of optimisation algorithms. It should concern information on the OLV at hand, how it can be
solved with active power flexibility from which geographical location and during what time
intervals. Therefore, for each time interval, the DSO can specify what flexibility it requires
for resolving certain OLVs, depending on the geographical locations of the flexibility within
the network. After receiving this information, the DSM application allocates the required
flexibility depending on its own optimisation strategy and send the results back to the DSO,
who can take this into account in its further control strategy. In order to establish exchange
of information that is integratable in a wide range of optimisation strategies of the DSM,
the specified information by the DSO on the required flexibility is formed by lower limits
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Figure 3.3: Interface between prosumer, aggregator and DSM application.
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of linear combinations for changes in active power at specific geographical locations. These
lower limits are choosen such, that the DSO can reasonably expect that, if the lower limits
are met by the DSM application, the OLV will be resolved. From these lower limits, linear
constraints can be constructed by the DSM application, which can be taken into account
in the scheduling process. This way, DSM applications with an arbitrary objective, will be
capable to solve the OLV by taking into account the specified information from the DSO.
With this, the DSM applications are able to respect the physical limits at each geographical
location in the distribution network. Depending on the DSM application in place, additional
information can be included, like for example bidding or pricing information.

3.3.2 Interfacing prosumers, aggregators and DSM applications

In order to offer flexibility to the various parties in the energy supply chain, it should first
be harnessed from the prosumer. For this, aggregators offer services towards prosumers to
harness the flexibility available from the flexible appliances as discussed in chapter 5. This
subsection introduces the interfaces adopted in this work between the aggregators,
prosumers and DSM applications. In order to enable DSM for active power flexibility from
flexible appliances, an Home Energy Management System (HEMS) is crucial to facilitate
the exchange of requested and offered flexibility with the aggregator and the DSM
application. The HEMS contains the required appliance drivers, capable to communicate
with the flexible appliances, using their own dedicated protocols and data transmission
media. In order to obtain the flexibility from the appliance, it retrieves the actual state of
the appliance including all necessary information regarding the functioning and flexibility
of the appliance. From the state of the appliance, the HEMS constructs a Control
Space (CS), an information class in which the flexibility that the appliance can offer in
active power consumption and production is specified in a standardised format. Once
constructed, the HEMS submits the CS containing information on the energy flexibility to
the aggregator, which forwards all aggregated flexibility including geographical information
to the suitable DSM applications. Depending on the objective of the applied DSM
approach, the DSM application calculates an allocation with the preferred energy
consumption pattern depending on the optimisation objective. The allocation specifies the
energy consumption pattern based on the optimization performed by the DSM application
and constrained to the flexibility limits of the corresponding CSs for each aggregator. The
allocation can be complemented with geographical information in case this is relevant for
the objective the DSM is aiming to achieve. The aggregator constructs individual
allocations for each prosumer and send back this information to the HEMS, which further
communicates it with the flexible appliances themselves. Once received, the appliances
apply the energy consumption as specified in the allocation as best as possible. All CSs
consist of attributes stating what flexibility is available for different types of appliances, as
can be found in more detail in section 5.1

3.4 conclusion

To address upcoming uncertainties in future distribution systems, in this chapter a
conceptual framework for the provision of appliance flexibility for power system ancillary
services has been proposed. The framework focusses on the specification of interfaces
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between network operators and DSM programs. This enables the DSO to specify specific
geographical OLV in the network (i.e. a specific node and phase), allowing the DSM
application to take into account this information in the scheduling process. As such, OLV
can be prevented during the DA/ID period, or corrected when occurring in real-time. In
the following chapters, these processes are studied in more detail, starting with the
required monitoring and prediction capabilities of the network system states.





4DISTR IBUT ION SYSTEM MONITORING AND PREDICT ION

As has been discussed in chapter 2 and chapter 3, monitoring and prediction of the
network system states will become increasingly important for safe and realible operation of
distribution networks. The system states are defined as a set of network varaibles that
togheter with the model of the network uniquely define the full operational state of the
network, for example the nodal voltage magnitudes and their corresponding angles at each
node and in each phase, or the branch current magnitudes, their corresponding angles and
a reference voltage magnitude. In this, a branch is formed by a line, cable or transformer of
the network, whereas a node is defined as a point where multiple (i.e. more than two)
branches come together. From the system states, any other network variable can be
derived, as the system states define the operation status of the network uniquely. In the
traditional top-down approach of operating the power system, power flows were
uni-directional and predictable, resulting in a well-known bandwidth for the system states
in which the network was operated [46, 48]. Because of the limited variation in system
states, the development of monitoring applications for distribution networks has been
highly limited due to a lack of need and limited amount of measurement equipment was
required.
With the changing paradigm in operating power systems, where the top-down approach for

energy transmission and distribution changes gradually to a bottom-up approach, the system
states are becoming less predictable and OLVs of the system states are expected to occur
more frequently. This puts new requirements on the capabilities for monitoring the network
system states. With the availability of affordable ICT solutions, newly developed monitoring
applications can serve as a basis for control functions deployed by network operators to
prevent and correct OLVs [13]. These monitoring applications should lead to a detailed
insight in the system states of the distribution network in order to deal adequately with
upcoming uncertainties. The information gained from network monitoring will serve as input
for various network operation strategies to operate the network more efficiently and within
secure boundaries. These monitoring applications will rely on various data sources, such as
network measurements, historical data, weather forecasts, time of the day and day of the
year, as well as end user data. The accuracy requirements for this data depend on the goals
and functionalities the advanced network operation strategies are supposed to realise. In
any case, data collection is costly, as investments have to be made in monitoring equipment,
communication infrastructure, etc. However, due to the lack of measurement equipment and
historical data, the development of monitoring applications for estimation and prediction of
the (future) system states is not a straightforward task. Usually, the investments that have
to be made for gaining this insight can be related to the degree of accuracy (quality): the
higher the accuracy (e.g. shorter time-frame of measurements, more detail, and reliability),
the higher the investments costs.
In addition, currently a high level of legal ambiguity with regard to data processing in

distribution networks exists, which is a hurdle for establishing network monitoring
capabilities. Therefore, next to making investments in measuring equipment, the legal
conditions regarding the measuring, processing, and estimation of information in relation
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to system operation need to be clarified. These legal conditions mainly relate to two
aspects. Firstly, European Union (EU) law requires that DSOs provide for secure, reliable
and (cost-)efficient electricity distribution networks. In practise this means that within
their framework of (legal) requirements, DSOs should strive for optimal efficiency of their
electricity networks. In this context network monitoring is also subject to the requirements
of keeping networks secure and reliable in a (cost-)efficient manner. Consequently, the
costs of monitoring and control applications used for network operation should be
proportionate (cost-efficient) in relation to the benefits (security, reliability or efficiency)
they create. Secondly, while monitoring their network, DSOs have to respect the privacy of
their (household) customers as much as possible [49, 50], especially taking into account
that household customers generally become more vulnerable to (unlawful) privacy breaches
[51, 52] if the network is equipped with advanced monitoring capabilities. Although
network monitoring might contribute to more secure, reliable and efficient networks, they
might also reduce household customer privacy. Therefore, a balance has to be struck
between these interests.
As such, considering both the technical and legal aspects involved in network monitoring

as discussed above, it is clear that the complex interactions amongst these aspects complicate
the question on how the monitoring functionality can be realised for a specific case. Therefore,
the aim of this chapter is to introduce and discuss the establishment of distribution system
monitoring and how this is affected by the available data, based on the work in [42]. In
this thesis, we consider two types of monitoring applications fitting in the overall framework
as discussed in chapter 3, being 1) time-horizon state prediction based on forecasted or
historical data in the preventive planning phase during the DA/ID period; and 2) real-time
state estimation based on actual measurements in the corrective execution phase. Both types
of monitoring applications are discussed in the next sections, where the main focus is on the
real-time execution phase.

4.1 distribution system state prediction

Long-term predictions of the electrical consumption and generation have been playing a
major role in electric power systems for over a century, especially in power system planning
and energy trading [48]. In this, long-term ranges from years up to several decades for
power system planning and the development of new energy policies, and days to months for
energy trading and unit commitment. These long-term predictions are often referred to as
Probabilistic Load Forecasting (PLF) [48, 53–55], and usually come in the form of quantiles,
interval ranges or complete Probability Distribution Functions (PDFs). The PLF can be
used for predictions of the network system states, which serve as an input for power system
planning, unit commitment, reliability planning, prediction of marginal prices in markets
and network control applications.
With the increasing stochasticity in network loading caused by renewable generation and

changing consumption patterns, short-term PLF is becoming increasingly important as well
for network operation, balancing and short-term energy trading and unit commitment [56].
Here, short-term ranges from the DA period in the (short-term) planning phase, till second
to minutes in the real-time execution phase. With the deployment of new measurement
equipment like smart meters and distribution automation, new data is available for the
establishment of short-term PLFs with a high granularity, both spatially and temporally.



4.1 distribution system state prediction 29

This means that the level of detail in the PLF can be on individual household levels in
terms of spatial granularity and up to minute based temporal granularity when ID time
intervals are concerned, depending on the available input data for the PLF. From the PLFs,
the probabilistic state prediction is carried out, as will be described in the next subsections.

4.1.1 Probabilistic load forecasting

This section aims to give an overview on the topic of PLF and to explain how PLF forms a
fundamental aspect of the preventive planning phase in the remainder of this work. A brief
overview on the main technologies applied for producing PLF forecasts will be presented.
PLF techniques can usually be classified into two groups, statistical techniques and machine
learning techniques, which will be discussed in the following paragraphs.

statistical techniques The most straightforward method to forecast future
network loading, is to base the PLFs on historical data. The installation of smart meters at
the end user premises allows to collect large amounts of (anonymised) consumption profiles
over many years. These consumption profiles can be used as sample data for the PLFs,
with simple parametric dependencies on the day of the year/week and the time of the day.
From here, more advanced regression analysis can be applied for estimating the
relationships between the forecast loads and other independent variables, like special days,
weather forecasts, household parameters (e.g. available appliances and distributed
generation, occupancy levels, occupant behaviour), special days and events, etc [53–55].
Confidence intervals can be used to indicate the accuracy of the forecasts, or probability
distribution fitting can be applied to come up with the PDF of the load forecast (for a
particular node of the network and time interval). Especially in LV distribution networks
with a high variety of different appliances and end user behaviour, these PLFs can also be
based on mixture distributions, like Gaussian mixture models.

machine learning techniques One of the disadvantages of statistical/regression
PLF techniques is that they often require some form of pre-knowledge on the relationship
between the independent variables and the forecast load, as well as the distribution function
of both. As such, the underlying physical system needs to be modelled explicitly, but the
underlying relationships with the independent variables are often unknown or non-linear.
In these cases, machine learning techniques can be applied that do not require explicit
modelling of the physical system, but instead learn the patterns from the historical data.
The most commonly known example is ANNs, which try to establish a mapping between the
input variables and the forecast load [57]. For this, the gain and bias of neurons in hidden
layers are trained iteratively, for example using the commonly applied back-propagation
algorithm. On similar grounds, in case the relation between the independent variables and
the forecast load can be modelled in insufficient detail, fuzzy regression models can be applied
instead [58]. Here, the assumption is that the errors are not in the independent variables (i.e.
measurements/observations), but instead the relationships with the independent variables
are made fuzzy. This can be used to evaluate the load forecast and independent variables
within the fuzzy environment.
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4.1.2 Probabilistic state prediction

After obtaining the PLFs and corresponding confidence intervals or the complete PDFs, still
nothing is known about the probability of the system states within the network. For this,
a Probabilistic Power Flow (PPF) analysis will be required, in which the power system is
analysed numerically in steady-state, taking the PLFs as an input for the analysis [59]. In this
PPF analysis, the PLFs serve as an input to determine the corresponding PDFs of the system
states. As such, the PPF will output the nodal voltage magnitudes and corresponding angles
at each node and in each phase, or the branch current magnitudes, their corresponding angles
and a reference voltage magnitude. A commonly used technique for this is using Monte Carlo
simulations, in which the PDFs of the PLF will be sampled, after which for each sample
a steady state power flow calculation is performed which will result in the PDFs of the
system states. As this is a computationally intensive task (both because of the non-linearity
of the power flow calculations, as well as the many iterations required), much research has
been done to improve the computational complexity of PPF calculations, like convolutional
analytical methods or point estimate approximation methods. After obtaining the PDFs of
the system states, the DSO determine from the PDFs of the system states whether (too high
probabilities of) operation limit violations are expected to occur in the network and take
necessary actions by means of adjusting set-points of local controllers or procuring active
power flexibility from DSM applications.

4.2 distribution system state estimation

As mentioned, until recently the development of real-time monitoring applications for
distribution networks was limited due to a lack of measurements and ICT infrastructure
[60]. In order to establish a higher situational awareness in distribution networks, various
works have studied the application of SE (often referred as Weighted-Least-Square (WLS)
SE) in distribution systems [61–63]. WLS SE is a process to obtain the maximum
likelihood estimate of the system states, based on measurements, pseudo-measurements
(artificial measurements based based on information like historical data, weather
predictions, time of the day and day of the year and other sources of information [45, 64])
and a model of the network. In other words, the WLS SE optimisation problem maximizes
the conditional probability function of the system states, as further discussed in more
detail in subsection 4.2.2.
Estimation of the system states is applied because not all the system states can be

measured directly, or measurement values might be inaccurate. Instead of relying on
inaccurate measurements or pseudo-measurements, a more accurate estimate of the true
system states can be obtained by using a model of the network and a state estimation
algorithm. This way, less measurements are required or a less expensive metering
infrastructure can be used.
Although SE is well-established for transmission systems, it is not directly

straightforward to apply it to distribution systems. First of all, the necessary
computational capacity for the high number of nodes in distribution networks puts strong
requirements on the processing capabilities of the hardware used. Besides earlier
mentioned problems related to measurement availability and poor synchronisation [44] and
the physical size of the network, many other problems exist for distribution system SE [46].
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transmission systems distribution systems

Number of nodes 10 - 1000 100 - 10000
Branch characteristics Mainly inductive Mainly resistive
Topology characteristics Meshed Radial
Loading balance Three-phase balanced Unbalanced or single-phase
Loading aggregation level Highly aggregated Non-aggregated
Loading stochasticity Low-stochastic High-stochastic
Measurement availability Redundant Limited, smart meters
Nature of data Non-personal Partly personal

Table 4.1: Comparison of transmission and distribution system state estimation.

These include that assumptions on low R/X ratios and topology structures made in
transmission systems are often not valid in distribution networks [43, 65–67], affecting the
convergence of state estimation algorithms. Further, distribution networks are expected to
have an increased imbalance between the three phases in the future due to single phase
connected customers with renewable energy sources or heavy loads, as often occurs in the
Netherlands. For these reasons, decoupling methods often applied in transmission networks
result in inaccurate results and convergence problems when applying to distribution
networks. Finally, in transmission systems state estimation is especially applied to
establish redundancy in measurement and to increase the accuracy and reliability of the
system monitoring. In distribution systems, state estimation would at first be applied to
get some awareness at all, not based on redundant measurements but rather on the few
measurements that are available, complemented with pseudo-measurements. Here,
pseudo-measurements are artificial measurements not based on a sensor but calculated
from alternative data such as historical data, weather forecasts, behavioural models, day of
the year and time of the day etc. As such, these measurements will have a considerably
higher measurement error compared to normal measurements. A full overview of the
differences between transmission and distribution system state estimation is presented in
Table 4.1.

The next subsections describe the process for distribution system state estimation and
how its accuracy is assessed in detail. This includes the measurements and the usage of
pseudo-measurements, as well as observability analysis and the state estimation process itself,
finalised by the comparison between the estimated system states and the true system states
for the performance assessment. A flowchart of the full process is displayed in Figure 4.1.
Simulation results using this process are presented in section 4.3.
For the assessment of the SE performance, usually the estimated system states are

compared with the true system states. In an actual physical power system, it is difficult to
obtain the true system states of a power system in reality, as that was the initial reason to
actually apply SE. As such, in order to assess the performance of the SE in this chapter a
simulation environment is used, in which measurements are taken from a simulated power
system (adding artificial measurement errors according to the specification of the
simulated measurement equipment), from where the estimated system states will be
compared with the original simulated (true) system states. For a more in depth discussion
on how this method can be improved, please refer to chapter 7.
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Figure 4.1: Flow diagram of the full simulation for assessment of the SE performance.

4.2.1 Distribution system state estimation

To bridge the gap for establishing monitoring capabilities in distribution networks,
dedicated distribution system SE methods are required that can handle fully three-phase
unbalanced distribution networks with a high amount of nodes. For this purpose, in recent
advancements, parallel and distributed or decentralized computation methods have been
proposed for distribution system SE. These methods have the advantage that parallel
computational performance can be exploited to solve the SE problem for a large number of
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nodes, as for example in [68, 69]. However, these SE applications will rely on various data
sources, such as network measurements, pseudo-measurements, weather forecasts and end
user data. The accuracy requirements for this data depend on the goals and functionalities
the advanced network operation strategies are supposed to realise. Before state estimation
can be carried out, first the observability criteria of the network need to be satisfied and
algorithms for bad data detection [70] can identify faulted sensors or data that is arriving
late, as further discussed in subsection 4.2.3. Whether observability is satisfied depends on
the available measurements and therefore meter placement [71]. Using the observability
analysis and bad data identification, the data can be excluded from the state estimation
process and eventually be replaced by pseudo-measurements to retain observability of the
network. As discussed, for a fully observable network, typically the system states are
defined as the set of all nodal voltages and corresponding angles, but also the set of all
branch currents and angles can be used, together with a reference voltage. Branch current
SE is known for its performance for handling current and power measurements [65, 72], as
well as its capability to deal with convergene problems as a result of different R/X ratios
[43, 65–67].
In any case, data collection is costly, as investments have to be made in monitoring

equipment, communication infrastructure, etc. As introduced, historically hardly any
measurement equipment is installed in the current distribution network, preventing DSOs
from gaining insight in their system states. Usually, the investments that have to be made
for gaining this insight can be related to the degree of accuracy (quality): the higher the
accuracy (e.g. shorter timeframe of measurements, more detail, and reliability), the higher
the investments costs [71]. Especially the relatively high stochasticity of the loading in
distribution networks, results in the expectation that a fine spatial and temporal
granularity will be required for network measurements.
In addition, currently a high level of legal ambiguity with regard to data processing in

distribution networks exists, which is a hurdle for realising network monitoring [42]. Most
of this ambiguity can be ascribed to a lack of a clear framework for assessing the legality of
data processing for network monitoring purposes. Also the lack of clear and measurable goals
makes it difficult to assess whether, how, and which data should be processed. Therefore,
next to making investments in measuring equipment, the legal conditions regarding the
measuring, processing, and estimation of information in relation to system operation need
to be clarified, as detailed extensively in [42]. Considering both the technical and legal aspects
involved in network monitoring as discussed above, it is clear that the complex interactions
amongst these aspects complicate the question on how the monitoring functionality can be
realised for a specific case. Therefore, the aim of this section is to discuss the monitoring
accuracy depending on the available measurement coverage and sample frequency. Based on
this, operators could determine the required measurement configuration that satisfies the
operators requirements on the monitoring error margin, the associated costs for installing
this measurement configuration and whether it fits within legally feasible boundaries. As
such, this method forms a valuable tool for network operators to determine the specifications
for their measurement infrastructure.
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4.2.2 Weighted least squares state estimation

The SE algorithm used in this thesis is a branch-current state estimation algorithm based on
the work presented in [43]. It is based on the WLS that maximizes the conditional probability
function of the system states. As such, WLS state estimation is expressed as the following
optimisation objective:

minimise
x

J(x) = minimise
x

[z − h(x)]T R−1[z − h(x)] (4.1)

In this equation, x is the state vector containing the system states uniquely defining the
operation state of the network and h(·) is the function relating the state vector x with the
measurement vector z according to:

z = h(x) + e (4.2)

Finally, R is the covariance matrix of the normally distributed measurement error e,
containing the measurement and pseudo-measurement variances as described in the next
subsections. In practice, the WLS estimate of Equation 4.1 is obtained using the
Newton-Raphson method by iteratively solving the optimisation objective in Equation 4.1
according using:

xk+1 = xk −G(xk)−1g(xk) (4.3)

where

g(xk) =
∂J(x)

∂x
= HT R−1[z − h(x)] (4.4)

and the gain matrix G(xk) is the Jacobian of g(xk) evaluated around xk:

G(xk) =
∂g(xk)

∂x
= HT (x)R−1H(x) (4.5)

The measurement Jacobian matrix HT (xk) is obtained by differentiating the measurement
function h(x) at xk, of which many examples for different power system models and system
states can be found in the literature.

4.2.3 Network observability

As stated, in order to make the network fully observable, a minimum number of
measurements is required. This minimum number is related to the number of nodes or
branches in the network. Suppose the radial network consists of N nodes and therefore
B = N − 1 branches. The number of system states that now uniquely defines the operation
state of the network is 2N − 1 for a single phase equivalent network. Please note that this
number needs to be multiplied by three for a three-phase unbalanced network.
In case of nodal voltage state estimation, this number is made up by N voltage amplitudes

of all the nodes and N − 1 voltage angles of all the nodes except the reference node (slack
node). In case of branch current state estimation, this number is made up by B current
amplitudes of all the branches, B current angles of all the branches and 1 reference voltage
amplitude of the slack node. Now, for a fully observable network, at least 2N −1 independent
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measurements are required that can be mapped to the 2N − 1 system states. Therefore, if
insufficient measurement equipment is installed to provide this data, the measurements have
to be complemented with pseudo-measurements. As such, before the actual state estimation
process is triggered, a network observability analysis will be carried out to check whether
enough independent measurements are available to establish full observability of the network
[68]. If the observability analysis turns out this is not the case, more pseudo-measurements
need to be added to the inputs of the state estimation process. Also changes in the network
topology due to switching actions might render the network unobservable, requiring to alter
the used pseudo-measurements.

4.2.4 Network measurements and pseudo-measurements

In practice, the (pseudo) measurements themselves can be obtained from various sources
and can concern any network quantity that can be related to the system states. These
sources can include data from measurement equipment installed in the distribution
network, or pseudo information in case real measurement data is missing (because of a lack
of measurement equipment, bad data connections etc.). Real measurement data can be
obtained from measurement equipment installed by the DSO, or from measurement
equipment at the customer side. Mostly, measurement equipment installed by the DSO will
be located in the substation and other important junctions of the network. Measurement
equipment at the customer side can include smart meters or measurement components
that are part of controllers such as inverters for PV installations or batteries of EVs.
Pseudo-measurements can be derived from various data sources, such as historical power

consumption data, weather forecasts, household/customer details (number of inhabitants,
available appliances), etc. The key importance is that this data can be used to compose power
injection profiles (consumption or production) at the customer connection point, where
real measurement data regarding power injection is missing. Although the error of this
information is likely to have a high variance, it still helps to restore network observability.
In order to compensate for the relatively high variance of the pseudo-measurements, in the
state estimation algorithm the pseudo-measurements are taken into account with a lower
weight compared to real measurements, as will be shown in subsection 4.2.2.

In any case, regardless of whether data is collected directly from the network or its users,
or indirectly from other sources, legal conditions apply to the processing of such data. These
conditions have to be assessed in order to define if system operators are expected or required
to process data in the first place, and if so, which data can be collected based on these
expectations or requirements. As such, the following section continues with discussing the
applicable legal framework for network monitoring in distribution systems.

4.2.5 (Pseudo) measurement error variances

In order to perform a proper maximum likelihood WLS SE for the distribution network,
the variances of the input measurement errors need to be known. For the measurement
equipment as installed by the DSO, the variance will be a property of the measurement
equipment itself. For the measurements, the variances can be derived from the manufacturing
and calibration specifications. For pseudo-measurements and smart meter measurements
however, the variance needs to be derived in another way.
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In this work, for the power injection pseudo-measurements, the variance for each 1-minute
time interval is based on the profiles for the different households for five different years. The
pseudo-measurement is calculated as the minute interval household consumption (negative
for production) cy

h,m in minute m averaged over the households h ∈ H and the years y ∈ Y,
where H is the set off all households of size H = |H| and Y is the set of all years of size
Y = |Y|. From this, it follows that the variance vm4 for the pseudo-measurement for each
1-minute time interval m can be calculated as:

vm =
1
HY

∑
h∈H,y∈Y

cy
h,m −

1
HY

∑
h∈H,y∈Y

cy
h,m

2

(4.6)

For the variance of the smart meter power injection measurements, it is important to
consider that the state estimation algorithm runs on a 1-minute interval base over the
24-hour time span. Depending on the required monitoring accuracy, available bandwidth
and legal requirements, smart meters can however be configured to have a lower
measurement interval. Obviously, at the moment the measurement is taken, the variance is
given by the accuracy of the measurement equipment. However, for each moment in time
between the previous measurement and the next measurement, the variance depends on
the statistical change in the measurement value compared to the moment the measurement
was taken. Therefore, now we calculate the variance vk for each minute k within a
measurement interval based on the difference between the power injection value cy

h,0 at the
moment the measurement is taken and the difference between the power injection value
cy

h,k at minute k after the measurement is taken:

vm =
1
HY

∑
h∈H,y∈Y

(cy
h,0 − c

y
h,m

)
− 1
HY

∑
h∈H,y∈Y

(
cy

h,0 − c
y
h,m

)2

(4.7)

Finally, these variances are averaged over all households in the network and the five
different years for each simulation time interval.

4.2.6 Bad data detection

After the convergence of the state estimation process, several methods exist to detect whether
corrupted data was part of the input measurements [70, 73]. This could be the case because
of faulty measurement sensors, bad communication infrastructure or other external factors
influencing the measurement value. If this is the case, the corrupted data can be replaced
with pseudo-measurements or its error variance can be increased, after which the state
estimation process will be repeated to improve the overall accuracy of the estimated system
states. In this work it is assumed that no bad data is present in the measurement input
values of the state estimation process.

4.2.7 Performance assessment and indicators

In order to compare the performance of different cases, a performance measure is needed
to indicate how accurate the state estimation algorithm is compared to the true simulated
system states. From the estimated and true simulated system states, the nodal voltage
phasors are calculated using power flow calculations. The performance measure indicating
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the estimation accuracy at each node n and phase p used in this thesis is expressed as
the absolute difference between the estimated nodal voltage magnitude Vest and the true
(simulated) nodal voltage phasor Vsim in percentage of the absolute estimated nodal voltage,
averaged over each of the three phases and each of the nodes in the set of all nodes N:

mean
n∈N

(
mean

p∈{a,b,c}

(∣∣∣∣∣V
n,p
est − V

n,p
sim

V n,p
est

∣∣∣∣∣× 100%
))

(4.8)

4.3 simulations of state estimation accuracy

This section deals with the practical and numerical results on the accuracy of monitoring
applications in distribution systems under different measurement configurations. To this
regard, various test cases are analysed. Each of the cases makes use of a different set of
measurements, measurement intervals and pseudo-measurements. For all cases (other than
the base case), a minimum smart meter coverage of 80% is used. This minimum is based on
the EU requirement for member states of having 80% smart meter coverage by 2020. The
following subsections for each case describe the measurement variances obtained from the
data sets used, followed by the assessment of state estimation accuracy. From here, each
case is analysed on monitoring accuracy and legal feasibility.

4.3.1 Network model

The network model used in these simulations is the IEEE European LV test feeder, as
described in Appendix A. For the time horizon simulations as well as computing the pseudo-
measurement variances, 24-hour load profiles are required from several years for each of the
households. As the publication of the IEEE European LV test feeder is lacking this data,
similar data has been obtained from real measurement data as published by the Pecan Street
project [74]. From the data available in the Pecan Street project, a group of 55 households is
selected of which their load profiles have been measured at a summer day (Monday closed to
the 21st of June) in the years from 2012 to 2016. This selection reflects a representable group
of households with various types of loads, including significant amounts of PVs and EVs. For
each test case discussed, the same profiles have been applied for each household. Differences
exist however in the measurement configuration and usage of pseudo-measurements for each
of the test cases.

4.3.2 Measurement models

Overall, we distinguish three types of measurements. Firstly, measurements obtained from
equipment installed by the DSO is concerned, which will be specified in more detail following
in the next subsection regarding test cases. This measurement equipment is assumed to have
high accuracy and reliability with a 1-minute measurement interval. The second category
concerns measurements obtained from smart meters installed in the customer households.
These measurements have various measurement intervals, where the measurement intervals
can be either synchronised or unsynchronised. In the case of synchronised measurement
intervals, the smart meters are assumed to all take measurements at the same moment.
For example, in case of a 15-minute measurement interval, measurements could be taken



38 distribution system monitoring and prediction

at 0, 15, 30 and 45 minutes past the whole hour. For the unsynchronised case, the smart
meters take their measurements at a random moment within the time interval, where we
make the assumption that the number of smart meters are equally distributed over the time
interval. Independent of either of the two methods, within the simulation the measurement
values are derived during run-time from the true system states derived from power flow
simulations [4]. First, the measurement (e.g. power injection) value is calculated out of the
simulated system states. After this, a zero-mean, normally distributed random error is added
to this measurement value to model the inaccuracies of the measurement equipment, before
inputting it to the SE algorithm. The errors applied to the measurements are considered
uncorrelated.
The last category of measurements concerns pseudo-measurements. These are

measurements that can be substituted in the absence of real measurement data.
Pseudo-measurements and their error variances are compiled offline, before running the
simulation, as described earlier in subsection 4.2.5.

4.3.3 Test cases

This section aims to illustrate the performance assessment of different measurement
configurations (i.e. different measurement intervals from smart meters) for state estimation
in distribution networks under highly stochastic loading. To this extent, various variants of
measurement configurations are compared to a base case, which only includes
pseudo-measurements and a single substation measurement, as detailed below.

base case The base case (BC) provides the monitoring accuracy for distribution
networks as can be obtained with the current practice for network operation, without
additional investments costs for measurement equipment. This means that the only
measurement equipment installed in the network is located in the transformer substation,
as is often the case nowadays. It is assumed that measurements of the substation nodal
voltage, as well as the active and reactive power flows are available on a minute interval
base. In order to establish observability, complementary pseudo-measurements in the
network are taken into account in the estimation process in the form of household power
injection pseudo-measurements with error variances as described in subsection 4.2.5.
Figure 4.2 displays the pseudo-measurement variance over time. As can be seen, this
variance is quite significant compared to the household loading. This is a result of the fact
that it concerns an individual household and therefore there is no aggregation of load
profiles. Switching in a single load can make a large difference in total loading, resulting in
a high stochasticity of the load profiles for each individual household connection.
Figure 4.3 displays the mean error between the estimated voltage phasors and the true

voltage phasors according to Equation 4.8 over a 24-hour period, averaged over all nodes
and phases and the simulated summer days in the years 2012–2016. It can be seen that the
averaged error over time for the years 2012–2016 shows a strong correlation with the variance
as presented in Figure 4.2 and remains lower than 0,6% throughout the day. Although this
might seem insignificant, the non-averaged error for individual nodes peaks above 2% of the
absolute voltage values in certain time intervals. Considering an operational range of the
nodal voltage in the network between 0,9 and 1,1 per unit (EN 50160), this would result
in an error of more than 10% of the operational voltage range of the network. Besides, the
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Figure 4.2: Pseudo-measurement variance over time of household consumption.
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Figure 4.3: Average monitoring accuracy for of the base case for the years 2012 to 2016.

state estimation algorithm in these simulations is based on ideal network models. In reality,
even higher estimation errors might occur [75], as discussed in more depth in chapter 7. All
together, this can result in a very significant error, forming a motivation for deploying a
more advanced measurement configuration in the network. For this, various variants have
been analysed in the remainder of this section.

variant 1 The measurements in variant 1 consist of voltage- and power measurements
in the substation on a minute interval base. On top of that, household power injections
measured from smart meters are available on a 15-minute interval base. These smart
meters have a measurement accuracy with a variance of 0,1% of the measurement value.
For configurations without full coverage of smart meters, the smart meter measurements
are complemented with pseudo-measurements to restore observability of the network.
Figure 4.4 displays the measurement variances for the pseudo-measurements, as well as the
15-minute time interval smart meter measurements. From here, it can be seen that the
variance for the smart meter measurements drops to zero every 15 minutes as expected.
However, between two smart meter measurements, the variance rapidly increases to levels
comparable to those of the pseudo-measurements. This is due to the high stochasticity of
the individual loads in the distribution network. Consequently, we expect that smart meter
measurements with 15-minute intervals are inadequate for improving the monitoring
accuracy in the periods between two measurements.
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Figure 4.4: Smart meter variance for 15-minute measurement intervals.
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Variant 1: 15 min asynchronous with 100% coverage

Figure 4.5: Monitoring accuracy on measurement configuration variant 1.
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In order to verify this, for the variant with 15-minute time interval smart meter
measurements, the accuracy of three different measurement configurations are analysed.
These configurations concern respectively: 1) synchronised smart meter measurements with
80% coverage (randomly distributed) as complying with the EU requirement, 2)
synchronised smart meter measurements with 100% coverage, and 3) unsynchronised smart
meter measurements with 100% coverage. The results of these simulations are depicted in
Figure 4.5, showing the errors over time between the estimated and true system states,
averaged over the three phases, all nodes and the simulated summer days for the years
2012–2016. As a reference, also the averaged error of the base case (Figure 4.3) is displayed
in red. From the results, we can clearly see that for the first measurement configuration,
the estimation error strongly reduces (but does not reach zero) each 15 minutes at the
moments the synchronised measurements are taken. However, in between the
measurements, as expected from the measurement variances, the error is comparable to
the error of the base case. This effect is even more visible for the second measurement
configuration, where the estimation error approaches zero each 15 minutes due to the 100%
coverage of smart meter measurements. For the third measurement configuration, the
measurement error does not drop each 15 minutes due to the unsynchronised
measurements.
Although one would expect an improved estimation error compared to the base case, due

to the relatively high error variance of the smart meter readings in between each 15-minute
time interval, this turns out to be not the case. In order to improve the monitoring accuracy
over the base case, a smaller measurement interval will be required.

variant 2 As the 15-minute measurement interval in variant 1 did not improve the
monitoring accuracy over the base case considerably, improving the monitoring accuracy will
require a smaller measurement interval. The measurements in variant 2 are similar to those of
variant 1, with the only difference that the smart meter measurements are now taken with 5-
minute time intervals instead of 15-minute time intervals. By doing so, a reduced variance in
the smart meter measurements might be expected resulting in a higher monitoring accuracy,
however at the down side a higher communication burden and therefore higher costs will be
the result.

From the measurement variance given in Figure 4.6 for 5-minute measurement intervals,
one can see that the smart meter measurement variance is indeed considerably lower
compared to the pseudo-measurement variance. From this, one might already expect a
higher monitoring accuracy in between the measurement intervals. In the averaged
monitoring errors over time as displayed in Figure 4.7, we see similar behaviour as in
variant 1. The error drops each 5 minutes for the first measurement configuration with
80% coverage of synchronised smart meter measurements. Similarly, for the second
configuration with 100% coverage of synchronised smart meter measurements, the error
approaches zero each 5 minute time interval. Due to the lower variance between the
measurements compared to the 15-minute time interval smart meter measurements, the
overall error between estimated and true system states is also lower over time. This effect
is also visible in the third measurement configuration with 100% coverage of
unsynchronised smart meter measurements.
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Figure 4.6: Smart meter variance for 5-minute measurement intervals.
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Figure 4.7: Monitoring accuracy on measurement configuration variant 2.
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variant 3 In order to improve the monitoring accuracy even further, the measurement
configurations in variant 3 are again similar to the previous variants, but now with a 2-minute
time interval for smart meter measurements.

In variant 3, the trend of variant 2 continues with a significantly lower variance for the
smart meter measurements compared to the base case as can be found in Figure 4.8. In
line with the expectations, the overall errors due to the lower variances of the smart meter
measurements with 2-minute time intervals are also drastically reduced as displayed in
Figure 4.9. For the synchronised smart meter measurements with 100% coverage, the error
still approaches zero every two minutes, but for the 80% coverage configuration the error
at the moment of taking measurements versus in between the measurements is becoming
less distinguishable.

4.3.4 Overall comparison

Table 4.2 shows the full comparison of monitoring accuracy for each of the variants and all
measurement configurations. The table lists various measures on the monitoring accuracy.
These measures include the mean error, which is the average error over the three phases, all
nodes, the years 2012–2016, and each minute within the 24-hour period. The mean maximum
error is the maximum error that occurred in one of the nodes (in either of the three phases)
during the 24-hour period, averaged over the years 2012–2016. The maximum mean error is
the maximum of the averaged error over the three phases, all nodes and the years 2012–2016
that occurred within the 24-hour period. Finally, the last figure resembles the percentage
of time in which the maximum error occurring in one of the nodes (in either of the three
phases) was higher than 1%.
The table shows that the base case performs worst in terms of mean error and percentage

of time in which the mean error is higher than 1%. However, for the mean maximum error and
the maximum mean error, variant 1 (with 15-minute time interval synchronised smart meter
measurements) performs worse compared to the base case. This can be explained by the fact
that, although more measurements are added, these measurement values will contain more
extreme values compared to the averaged pseudo-measurements, as it can be seen as a sample
from the measurement distribution. Therefore, these values are causing more extremes in the
maximum errors. Obviously, the smaller the measurement interval, the higher the accuracy
for all figures. Mostly, the synchronised measurements perform better in terms of mean error.
On the contrary, in most occasions the unsynchronised measurements perform slightly better
in terms of mean maximum error, maximum mean error and percentage of time in which
the maximum error is higher than 1%. In addition, unsynchronised measuring will also be
a more plausible measurement configuration, as there is no requirement for synchronised
measurement intervals.

4.4 conclusion

In order to come up with an integrated method to establish state estimation in
distribution systems for monitoring purposes, this chapter provides an overview of the
different aspects related to monitoring accuracy. For the presented variants of the case
study, it is clear that different variants with different measurement configurations provide
highly different monitoring accuracies compared to a base case using only pseudo
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Figure 4.8: Smart meter variance for 2-minute measurement intervals.

0 6 12 18 24
Time [h]

0

0.1

0.2

0.3

0.4

E
rr

or
 [%

]

Variant 3: 2 min synchronous with 80% coverage

Smart meter measurements
Pseudo measurements

0 6 12 18 24
Time [h]

0

0.1

0.2

0.3

0.4

E
rr

or
 [%

]

Variant 3: 2 min synchronous with 100% coverage

0 6 12 18 24
Time [h]

0

0.1

0.2

0.3

0.4

E
rr

or
 [%

]

Variant 3: 2 min asynchronous with 100% coverage

Figure 4.9: Monitoring accuracy on measurement configuration variant 3.



4.4 conclusion 45

15-min interval 5-min interval 2 min-interval bc

[%] 80% 100% 100%
asyn.

80% 100% 100%
asyn.

80% 100% 100%
asyn.

mean error 0,18 0,16 0,17 0,12 0,085 0,01 0,08 0,03 0,04 0,18
mean max err 1,88 1,80 1,81 1,50 1,488 1,35 1,26 0,97 0,87 1,77
max mean err 0,36 0,35 0,32 0,26 0,255 0,22 0,17 0,14 0,13 0,32
time err > 1% 10,46 10,54 7,60 2,29 1,042 0,76 0,67 0,03 0,00 12,86

Table 4.2: Overall simulation accuracy in percentage.

information as an input. As a recommendation for further work, the ultimate choice for
the measurement configuration will not only depend on what is technically achievable, but
also on legal implementability, costs and social/privacy related issues. By extending the
presented presented method to an integrated assessment on these aspects (see for example
[76] together with the presented assessment on the monitoring performance for the
different variants of measurement configurations, conclusions can be drawn on which
variant provides the best balance between technical, legal, social and financial aspects.
This might mean that, for the sake of privacy of end users and reduced costs for data
processing, for the presented results, network configuration and load profiles for which the
simulations have been performed, one might settle for variant 2. Here one might argue that
it strikes a reasonable balance between the monitoring accuracy over time (with a
significant improvement compared to the base case) and the impact of corresponding data
usage with respect to data protection requirements and the proportionality of the
implementation costs in relation to the monitoring accuracy.
Overall, this chapter gives insight in what considerations can be made regarding the

used data and measurement configurations in establishing distribution network monitoring.
For sure several improvements can be made to the various cases presented. For example,
instead of fixed time interval measurements, more dynamic measurements, triggered on
certain change rates of the measurement value, can be taken. Further improvements to this
work can include a more detailed cost benefit analysis taking into account the benefit of
the applications to which the monitoring serves as an input. Nevertheless, it is clear that in
order to find a proper balance between accurate network monitoring and privacy of household
customers, technicians and lawyers should closely cooperate in assessing the best available
options for system monitoring.
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The development of DSMs applications for active power flexibility in the energy supply chain
is challenged by different aspects. Firstly, flexibility offered by appliances can exist in several
types, such as postponing or advancing a certain consumption and buffering or storing energy.
The DSM application must be able to deal with all of those types of flexibility. Secondly, the
flexibility offered by different appliances often has complex temporal constraints, requiring
to take into account a certain time interval within the optimisation of the DSM application.
The flexibility offered by appliances in their consumption and production can often be known
in advance, enabling time horizon rather than instantaneous scheduling or dispatching. This
way, more advantage can be taken from the flexibility offered by the appliances.

In recent years, many works have investigated the modelling of appliance flexibility and
the complex time-dependent constraints that exist between different time intervals. These
constraints can imply that if flexibility is used in some time interval, less flexibility is
avaialbe in another time interval, complicating optimisation strategies to find an optimal
allocation of the available flexibility with limited computational (embedded) resources.
The work in [77] provides a comprehensive overview of various types of flexibility and
flexible appliances. In the FlexiblePower Application Infrastructure (FPAI) [78], a selection
of (flexible) appliances have been conceptually described in detail, where the appliances
include buffering appliances, time shifting appliances and uncontrolled appliances. They
have been generalised in a so-called CS classes that conceptually describe the available
flexibility. Advanced implementations of such kind of CS classes and DSM programs
exploiting this flexibility in simulation environments can for example be found in
TRIANA/DEMKit [14, 79, 80]. Other examples of DSM programs using models of flexible
appliances can be found in the research presented in [81], focussing on a combination of
electrical heating installations together with flexible electrical loads, incorporating
extensive models of the home and heater properties. Examples of DSM strategies with
time horizon management are presented in [82, 83], aiming at optimal charging of electric
vehicles, but therefore only including a single type of flexibility.

The modelling in this chapter makes use of strictly mixed integer linear constraints for
modelling the flexible appliances of various types based on the work in [41, 78, 84], in order
to facilitate adoption of the modelled flexibility in a wide range of optimisation algorithms.
For this, the modelling approach for various types of flexible appliances is presented in
section 5.1. These models are integrated in an overall DSM optimisation in section 5.2,
where several examples of objectives related to operation of distribution networks are
discussed in subsection 5.2.1. Both a centralised and decentralised approach are presented
in subsection 5.2.2 to deal with computational complexity, of which the results are
presented in subsection 5.2.2. As a last step, the models will be integrated in a grid
supportive DSM approach, which is further discussed in chapter 6.

47
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5.1 appliance flexibility modelling

As stated, this section presents the modelling of active power flexibility using mixed-integer
linear constraints based on the CS as defined in [78]. In these CS classes, the flexibility
that the appliance can offer in terms of energy consumption/production during a certain
time span is specified with a standardised format as described in the following subsections.
The CS class describing the active power flexibility is created by the appliance or the home
energy management system, for example based on preferences from the end user set to the
appliance or forecasts made by the appliance.
Throughout this section, let A denote the set of appliances that are participating in the

DSM application. For each appliance a ∈ A, the CS contains attributes describing a ’valid
from’ time vFa and a ’valid thru’ time vTa, stating the time interval from and until which
the CS is valid. Besides this, the CS includes the expiration time eTa, indicating before
which time a decision has to be made on how to schedule the appliance. We define vF to
denote the earliest valid from time and vT the latest valid thru time as specified in the CSs
of all appliances a in A. Now, for each appliance a ∈ A, the power consumption over time
will be defined as xa for the time interval vFa ≤ t ≤ vTa, where

xa =
[
xvF

a ,xvF+1
a , ...,xvT−1

a , pvT
a

]
(5.1)

In this, xt
a is the energy consumption (negative for energy production) of appliance a during

the time interval t. This energy consumption xa is constrained by the appliance’ flexibility
space Xa as described in the CS of the appliance. This flexibility space depends on the type
of appliance (buffer, time shifter, etc.) where, Xa forms the set of all options for assigning
a valid consumption pattern to the flexible appliance. Therefore, an energy allocation is
valid if xa ∈ Xa. By stacking the consumption vectors of all appliances a ∈ A, the energy
consumption vector x̄ combining the energy profiles of all appliances a in A can be created.
The elementwise sum of all consumption vectors forms the total consumption vector x̄, which
is constrained by the flexibility space XA of all appliances a ∈ A. This way, XA forms the
set of all feasible energy consumption schedules for x̄ and therefore allocations for energy
consumption schedules are only feasible if x̄ ∈ XA .
The following subsections describe the characteristics of the flexibility for the various types

of appliances that might take part in the DSM program, together with the constraints that
need to be taken into account in the optimisation.

5.1.1 Uncontrolled appliances

Uncontrolled appliances are appliances that offer no flexibility. Nevertheless, it is useful
to be aware of their consumption or production pattern, since it needs to be taken into
account by the optimisation algorithm of the aggregator to schedule the flexibility according
to its optimisation objective. The CS for uncontrolled appliances can also be used to include
forecasts for the energy production of renewable energy sources. Therefore, in the CS the
profile is described by specifying the (predicted) amount of energy consumption in each time
interval using the vector pa of length Pa = |pa| = vTa − vFa + 1:

pa =
[
p1

a, p2
a, ..., pPa−1

a , pPa
a

]
(5.2)



5.1 appliance flexibility modelling 49

In this, pi
a is the power consumption during the ith time interval of the vector pa. Since no

decision can be made on how to schedule an uncontrollable appliance, the expiration time
eTa will be equal to the start time vFa. Clearly, the constraint Xa that need to be taken
into account by the DSM application for the sub vector of xa for an uncontrolled appliance
is: [

xvFa
a ,xvFa+1

a , ...,xvTa−1
a ,xvTa

a

]
= pa (5.3)

and xt
a = 0 for Xa for t < vFa and t > vTa.

5.1.2 Time shifter appliances

Time shifters are appliances that need to follow a specific consumption/production pattern,
but offer flexibility in the time when to start this pattern. Similar to uncontrolled appliances,
the CS specifies an energy profile pa as described in Equation 5.3. Besides this, there are
attributes specifying that the consumption profile should not start earlier than earliest start
time sAa and not later than the latest start time sBa. In most cases, the start after time sAa

will coincide with the valid from time vFa, and the start before time sBa will coincide with
the expiration time eTa, since this is the latest possibility for the appliance to start. From
this, the DSM application needs to take into account the constraint that the specified energy
profile has to be followed, and that the start time is in [sA..sBa. To describe this behaviour
in mixed integer linear constraints, a starting variable st

a ∈ {0, 1} will be introduced for every
time step sAa ≤ t ≤ sBa. If the starting variable equals one at time t, the consumption
pattern will start at time t and if the starting variable equals zero at time t, the consumption
pattern will not start at time t. The starting variables together form the starting variable
vector:

sa =
[
ssAa

a , ssAa+1
a , ..., ssBa−1

a , ssBa
a

]
(5.4)

Because the flexible appliance may only start once, the sum of starting variables st
a needs

to be equal to one, resulting in the constraint that:

sBa∑
t=sAa

st
a = 1 (5.5)

Furthermore, constraints for the shifted energy profile need to be determined. From the
energy consumption vector P a, a matrix P a is created that contains the transposed energy
profile P a in every column, each column shifted vertically by the numbers 0..sB − sAa.
Further, P a is filled with zeros. This way, a matrix is created which includes all possible
allocation patterns, having sBa − sAa + Pa rows and sBa − sAa + 1 columns:
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P a =



p1
a 0 . . . 0

p2
a p1

a

...
... p2

a 0

pPa−1
a

... p1
a

pPa
a pPa−1

a p2
a

0 pPa
a

. . . ...
... pPa−1

a

0 . . . 0 pPa
a



(5.6)

Now, the power consumption pattern can be mapped onto the shifted position according
to the starting variable. Therefore, the energy consumption vector xa for the timeshifter
appliance a is given by:[

xsAa
a ,xsAa+1

a , ...,xsBa+P−1
a ,xsBa+P

a

]
= P asa (5.7)

and xt
a = 0 for t < sAa and t > sBa + Pa.

5.1.3 Buffer appliances

Buffer appliances are appliances that can charge and discharge. Therefore, buffer appliances
offer a lot of flexibility, but are also constraint to quite some parameters in order to model
them properly. First of all, the buffer may need to reach a certain target state of charge
(SoC) soctT a at a certain time interval indicated as the target time tTa. In order for the
DSM application to know how much energy the buffer needs to consume, the buffer CS also
indicates the socvFa , which is the SoC of the buffer at the valid from time vFa, and the
self-discharge power rate xdisa due to non-perfect isolation of the buffer. Both the socvFa and
the soctTa are from the interval [0, 1], such that the State of Charge (SoC) is expressed as a
fraction of the total capacity Ea of the buffer. Beside this, the appliance is constrained to
its minimum and maximum power rate γmin

a and γmax
a . Note that the minimum power rate

can also be negative, in order to discharge the buffer. Finally, the buffer can be constrained
to the minimum on and off times, which state the minimum period Lon

a the appliance needs
to stay on once switched on and the minimum off period Loff

a the appliance needs to stay
off once switched off. This is a result of the fact that many appliances cannot be switched
on and off frequently to ensure the live span of the appliance is not reduced. The expiration
time eTa of the buffer appliance is such that the target SoC can always be met at the target
time tTa when charging at full power γmax

a .
For the constraints regarding the minimum on and off times, a new state variable Zt

a ∈ 0, 1
is introduced for every time step vFa ≤ t ≤ vTa, describing the on or off state of the buffer
appliance (0 = off, 1 = on). Now, as soon as a buffer appliance switches from the off state
to the on state, it should stay on for the specified amount of time. The constraints for Xa

yield:

Zt+1
a −Zt

a ≤ Zt+i
a , 2 ≤ i ≤ Lon

a (5.8)
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The constraint for the minimum off time can be obtained by binary inverting every variable
in Equation 5.8. Furthermore, the power consumption needs to be constrained to the state
variables Zt

a and constrained to the minimum and maximum power limits of the appliance
for the time interval vFa ≤ t ≤ vTa for which the CS is valid:

γmin
a Zt

a ≤ xt
a ≤ γmax

a Zt
a, vFa ≤ t ≤ vTa (5.9)

and xt
a = 0 for t < vFa and t > vTa.

Lastly, in case the buffer has to reach a target SoC at the target time, additional constraints
apply for the energy consumption schedule. If this is the case, the total consumed energy
between the valid from time vFa and the target time tTa, needs to be equal to the difference
between the target SoC soctT ,a and the SoC at the time from which the CS is valid socvF ,a,
multiplied by the total capacity Ea. Besides this, the discharge power xdisa needs to be
compensated. Therefore, an additional constraint of Xa for xt

a of the buffer CS is:

tTa∑
t=vFa

xt
a = Ea(soctTa − socvFa) + xdisa (ttTa − tvFa) (5.10)

Finally, one more constraint is need to ensure that for each time interval i the buffer is never
discharged lower than the minimum SoC socmin and charged higher than the maximum SoC
socmax:

socmin ≤ EasocvFa +
i∑

t=vFa

xt
a ≤ socmax (5.11)

5.1.4 Multi-commodity appliances

In this thesis, two types multi-commodity energy systems are are considered, in which both
electrical and thermal energy are involved. The first one is a HP, which uses electrical energy
to extract thermal energy from a thermal source like the ground and release it to a thermal
energy grid. The second one is a CHP installation, which produces both electrical as well as
thermal energy by burning gas, also called co-generation.

heat pump In this work the HP is modelled as a conversion device, consuming electrical
energy to produce thermal energy. The relation between electricity consumption and heat
production of the HP is related by the coefficient of performance (COP), which indicates the
ratio between produced heat and consumed electricity. The COP of a HP depends on many
parameters, like the ambient temperature, ambient humidity and temperature of the heated
water. Although different HPs show different relations between the compressor speed and
COP, the differences in COP against power output of the HP are usually small and therefore,
within this paper, the COP is assumed to remain constant for different output powers of the
HP. The relation between electricity consumption xHPe and heat consumption (production
is defined negative) xHPh

of the HP at time interval t therefore is defined as:

xt
HPe

=
−1
COP

xt
HPh

(5.12)

Assuming that the HP will have internal heat storage, it can be considered as a buffer
appliance with a minimum SoC to ensure heat demanding appliances can use it for their
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thermal energy. As such, the HP is constrained to the minimum and maximum power rates
γmin

HP and γmax
HP , where 0 ≤ γmin

HP ≤ γmax
HP , as well as the minimum on and off times Lon

HP

and Loff
HP . Therefore, the constraints as described in Equation 5.8 and Equation 5.9 also

hold for the HP. Besides this, maintaining the minimum SoC for each time interval t can be
guaranteed using a similar approach as adopted in Equation 5.11.

combined heat and power installation Similar to the HP, the CHP is
modelled as a conversion device as well, consuming gas to produce both electricity and
heat. The relation between electricity and heat production of the CHP is given by the heat
to power ratio (HPR). The HPR is assumed to remain constant for varying power outputs.
With this, the relation between electricity and heat consumption (negative production) is
defined as:

xt
HPe

=
1

HPR
xt

HPh
(5.13)

Similar as for the HP, the CHP can have constraints for the minimum and maximum power
rates as well as minimum on and off times.

5.2 exploiting active power flexibility in demand side management

In order to exploit the modelled flexibility from the available appliances for DSM, the in
the previous section described constraints need to be integrated in the overall optimisation
of the flexibility carried out by the aggregator. As discussed in chapter 3, the DSM
applications might pursue various objectives depending on their goals and interactions
with the various parties in the physical, prosumer service and trading layers. The overall
schedule for each household will consist of a combination of uncontrollable (base load)
appliances and flexible appliances. In this, for part of the uncontrollable appliances, the
aggregator cannot influence their schedule but to some extend knows about their schedule,
but for large parts the aggregator application will need to rely for large parts on
(probabilistic) predictions of their schedules.

Besides the usage of flexibility for the optimisation objective of the aggregator, various
type of ancillary service demanding parties might request flexibility from the aggregator.
As for this thesis the focus is on the LV network, the DSO forms the most important party
in this. The DSO can use the flexibility for resolving local OLV in the network. In order for
the DSO to determine the right amount of flexibility as will be discussed in chapter 6, in
this thesis two possibilities are foreseen. Firstly, the DSO can rely on its own
(probabilistic) predictions of the network loading, taking into account various sources of
information. The difficulty in here is that the schedules of flexible appliances are difficult
to predict by the DSO, as it depends on the goal and various factors taken into account by
the DSM application in charge. As such, in this work also a two-stage approach is
proposed, in which DSM applications perform an initial optimisation and will inform the
DSO on the resulting schedules of flexible appliances. The DSO can combine this
information with its own predictions of uncontrollable appliances of which the schedules
are not known on forehand. For this exchange of information, suitable and adequate
regulation might be required, in order to guarantee the honesty of the information, prevent
gaming opportunities and to specify what will happen in case of deviations in the
schedules during execution time. From here, the DSO can determine whether, and if so,
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what amount of flexibility will be required to prevent or resolve any OLV in the network,
as described in chapter 6. Taking into account the constraints from the DSO as also
discussed in chapter 3, the DSM performs a second optimisation of its available flexibility,
realising the required change in system states for the DSO.
In this procedure, the initial energy consumption profile xa,init is assigned to every

appliance a for the time interval vFa ≤ t ≤ vTa during the first optimisation:

xa,init = [xvFa
a,init,x

vFa+1
a,init , ...,xvTa−1

a,init ,xvTa
a,init] (5.14)

Here xt
a,init is the active power consumption of appliance a at time interval t. After the

analysis of the network system states by the DSO, changes in the active power consumption
might be requested by the DSO, requiring a second optimisation by the DSM application,
taking into account information specified by the DSO. This will produce the final schedule
of active power consumption xa, similar to xa,init. The total power consumptions P t

n,p,init
and P t

n,p at a node n, phase p and time t can now be stated as the sum of consumptions of
all appliances a for which yields that they are connected to node n and phase p, respectively
for the initial schedule and the schedule after the second optimisation. The change in active
power at time interval t for a certain node n and phase p is indicated as

∆P t
n,p = P t

n,p,init − P t
n,p (5.15)

This way, ∆P t
n,p is the change in active power compared to the initial schedule of the DSM

application.
In general, the active power consumptions P t

n,p (independent of whether they include the
subscript init) at all nodes 2..N (excluding the slack node) and phases p together form the
vector P t:

P t = [P t
2,a,P t

2,b,P t
2,c, ...,P t

N ,a,P t
N ,b,P t

N ,c]
T (5.16)

Similarly, the active power changes ∆P t
n,p at all nodes 2..N and phases form the vector ∆P t:

∆P t = [∆P t
2,a, ∆P t

2,b, ∆P t
2,c, ..., ∆P t

N ,a, ∆P t
N ,b, ∆P t

N ,c]
T (5.17)

5.2.1 Optimisation objective

Now, depending on the management objective of the DSM application, a cost function
c(P t

init) or c(P t, ∆P t) can be assigned that in most cases will involve the decision variables
P t
init for the initial optimisation and P t or ∆P t for the second optimisation, for all t within

the DA/ID time interval or the specific real-time time. The next paragraphs discuss some
common examples of objectives for DSM that can be found in the literature:

example 1 Many works discuss the usage of DSM for balancing the local supply and
demand of energy consumption and production. This might mostly be used in (islanded)
operation of micro-grids, to support local operation processes like unit commitment,
economic dispatch and frequency control. In case the optimisation objective is to locally
balance the supply and demand within the distribution network over the time horizon
from t = vF to t = vT while spreading out the remaining supply and demand over time
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(i.e. profile flattening), the aggregator can minimise the sum of squares all power
consumptions P t within the network/micro grid. This yields:

minimise
xa

vT∑
t=vF

(P t)TP t (5.18)

Constraints for the flexible appliances and the net work limits are included and discussed in
chapter 6. Obviously, the above equation can be easily modified to balance on a per phase
basis or for a (group of) household(s).

example 2 Similarly, if the objective is to have fair power sharing, the flexibility
provided by different users that can contributed to resolving the OLV is aimed to be
mostly equal, in order to prevent certain users to be ’curtailed’ more or more often
depending on their connection in the network. Still however, some users will be able to
make a larger contribution than others (depending on the phase and location of their
connection). Therefore, the least sum of squares of ∆P t

n,p can be a balanced method to
achieve a fair spread of power sharing amongst the users that can reasonably contribute to
resolve a certain OLV:

minimise
xa

vT∑
t=vF

(∆P t)T ∆P t (5.19)

example 3 For cost optimisation, the DSM mechanism can use a market scheduling
mechanism [85, 86], in which the DSO is a single buyer as is a common approach in providing
balancing capacity to transmission system operators. In this, the end user located at node
n and phase p can set a price pt

n,p for offering flexibility, where pt = [pt
2,a, pt

2,b, .., pt
n,c]. The

market will minimise the price of using the flexibility by the DSO:

minimise
xa

vT∑
t=vF

(pt)TP t (5.20)

Of course, also more advanced market mechanisms are possible, as for example described
in [86]. Such a market mechanism can obviously be extended with other parties buying
from this end user flexibility market, such as transmission system operators or balance
responsible parties buying balancing capacity. As this complicates the optimisation due to
possible conflicts of interest, this is left out here.

5.2.2 Optimisation approach

Besides the various optimisation objectives for the DSM applications that can be envisioned,
also the optimisation method can come in various forms [87, 88], depending on the type of
optimisation and available computational infrastructure and resources. As one of the most
important aspects, the optimisation approach of the DSM can be designed to be either
centralised or decentralised. In the centralised approach, the management strategy is carried
out by a single entity, controlling all the energy resources and flexible appliances within the
system. The decentralised approach makes use of distributed intelligence technology to carry
out the management objective without relying on centralised decision making infrastructure.
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Both the centralised and decentralised approaches have advantages and disadvantages, which
will be highlighted in the next paragraphs.

centralised optimisation Within the centralised approach, the complete
optimisation for all appliances is solved by a single entity. After receiving the CSs of the
appliances, this single entity computes the optimal allocations for all appliances a ∈ A and
sends the allocation back to the aggregator as soon as the optimisation is completed. The
advantage is that the decision problem is formulated relatively easily. Furthermore, as long
as the number of appliances is limited and the optimisation problem convex, the algorithm
for solving the optimisation will be solvable with relatively low computational complexity.
When putting all information in a single entity, this allows for easy decision making and
often a lot of computational power can be present in this single entity. On the other side,
this might also mean high volumes of transferred data and the optimisation problem can
become very large with a lot of (mixed-integer) constraints. In these situations, the
centralised approach might not be suitable for large scale applications. For the quadratic
optimisation problems in Equation 5.18, Equation 5.19 and Equation 5.20, mixed integer
quadratic programming can be used to solve the optimisation problems together with the
mixed-integer constraints presented in this chapter. However, with a large number of
appliances and small time intervals, the computation time can explode very fast, affecting
the practical application of the centralised approach.

decentralised optimisation In order to manage complexity and to deal with
scalability, a decentralised approach may be based on distributed intelligence technology,
for example in the form of a multi-agent system (MAS) to perform management of the
flexible appliances. The IEEE Power Engineering Society’s Intelligent System
Subcommittee has published contributions [26] and [27] about the potential values of MAS
for the power industry, as well as guidance and recommendations on how MAS can be
designed and implemented in the power and energy sector. In [26], a MAS is defined as a
system comprising two or more intelligent agents, where each agent will try to accomplish
its own goal, creating a flexible and extendible environment. In the MAS approach for
decentralised DSM adopted in this work, each appliance is represented by an appliance
agent. The appliance agent will optimise the consumption pattern of only the appliance or
a small group of appliances it represents, taking into account the consumption of other
appliances. Using an iterative process, in which the local optimisation problem of each
appliance agent is solved in every iteration, the algorithm will converge to a sub-optimal
solution. Here, convergence is denoted as the point at which xa for any appliance a ∈ setA
will not change any more when performing a new iteration. As such, with the decentralised
approach, the optimisation problem is cut in small relatively easy to solve sub-problems.
This implies that in the local problems only a limited amount of decision variables is
involved, making the system highly scalable.
Other benefits of the local intelligence paradigm relate to the ability on fast decision

making by acting on the locally available information, where only the relevant information
needs to be shared with other agents in the system. This often has benefits from a privacy
perspective of end users, and also limits the volume of the transferred data. But on the
contrary, this might also create gaming opportunities for stakeholders. As a final
advantage, if the optimisation of the schedule for each appliance is solved locally, this
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means that appliances have considerably less compatibility restrictions compared to the
centralised approach, as every manufacturer can implement the optimisation and
constraints how they best fit the appliance. As such, the optimisation can have the
complexity required for the specific appliance, carried out on the dedicated (low power)
computational infrastructure of the appliance. However, in the decentralised approach sub
optimal solutions may also be the result of the fact that the optimisation is composed of
smaller sub-problems, in which the agents are unaware of the flexibility offered by other
appliances. This may cause the optimisation of the overall system to end up in a local
minimum, even though every appliance has solved its local optimisation problem to
optimality.
As stated, each appliance agent tries to optimise the energy consumption schedule xa of

its own appliance a ∈ A, while taking into account the consumption vectors of all other
appliances b ∈ A\a. Besides the appliance agents, an aggregator agent is assumed to be
present in the MAS, for the solve purpose of streamlining communications. The aggregator
agent is included to streamline and ease the exchange of information. It will collect the
information of the individual consumption vectors xa of each appliance a ∈ A and provide
other appliances with this information. For privacy reasons, the aggregator agent can supply
an appliance agent a ∈ A with information on the consumption vector P t

−a, being the sum
of the consumption patterns of all other appliances b ∈ A\a at the different locations in the
network, excluding appliance a.

The iterative algorithm is detailed in Algorithm 1. As soon as an appliance agent
receives a CS from its appliance, it will start with its first iteration. For this, it will request
the aggregator agent for the most actual consumption vectors P t

−a. Based on this
information, the appliance agent will optimise the consumption of its own appliance xa,
such that the objective of the overall DSM is achieved. The objectives are constrained to
the appliance’ flexibility space Xa and taking into account the consumption patterns P−a

of other appliances as a fact, not as a decision variable. As an example, Equation 5.21
details the optimisation objective for the decentralised approach for local supply and
demand matching, similar to Equation 5.18 for the centralised approach:

minimise
xa

vT∑
t=vF

(xt
a + P t

−a)
2 (5.21)

The result of the optimisation will be submitted to the aggregator agent, after which other
appliance agents can take this result into account. From now, at random time intervals τ ,
where 0 < τ < R with R being the upper bound of the time interval, the appliance agent
can start a new iteration, repeating the optimisation, each time based on the most actual
consumption vectors P−a. After each iteration, the appliance agent will submit a new xa

to the aggregator if xa has changed compared to the previous consumption schedule. This
process continues for each appliance until either a Nash equilibrium is reached, and no
appliance agent changes its schedule any more, or until time is over (i.e. the appliances need
to start). This way, the optimisation for all appliances is performed in a decentralised and
iterative way, where the schedules are continuously updated according to the latest available
consumption schedules of all appliances.
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Algorithm 1: Executed by each appliance agent 𝑎 ∈ 𝒜 

1 Receive CS from the flexible appliance 

2 Request aggregator for 𝑃−𝑎 

3 Receive 𝑃−𝑎 from aggregator agent 

4 Optimize 𝑥𝑎 using MIQP or otherwise 

5 Send control message to aggregator to update 𝑥𝑎 

6 Repeat 

7 At random time instances 𝜏 with 0 < 𝜏 < 𝑅 Do 

8 Request aggregator for 𝑃−𝑎 

9 Receive 𝑃−𝑎 from aggregator agent 

10 Optimize 𝑥𝑎 using MIQP or otherwise 

11 If x𝑎 changes compared to current schedule Then 

12 Update 𝑥𝑎 according to new solution 

13 Send control message to aggregator to update 𝑥𝑎 

14 End 

15 End 

16 Until the agents reach the Nash-equilibrium 

17 Apply most recent allocation 𝑥𝑎 to the flexible appliance 

5.3 experimental results

In order to compare the performance of the decentralised approach with the centralised
approach, both algorithms have been verified using a practical test case. The test set-up
consists of nine flexible appliances in total, in order to keep the results easily visualisable.
The appliances included concern three buffer appliances and six time shifter appliances,
which are expected to be the most common in a typical household. Within the decentralised
approach, each of the appliances is represented by their own appliance agents. The appliances
offer flexibility within a 24 hours sliding window, with a granularity (time interval length) of
one hour. For the optimisation, we apply the objective of local supply and demand matching
while flattening the overall profile. The graphs in Figure 5.1 show the optimal allocations of
the individual appliances after completion of the centralised optimisation approach. In this,
the blue continuous lines are for buffering appliances, who may consume energy from the
first dot at vFa to the second dot at tTa, at which they need to reach a certain SoC. The
red dashed lines are for time shifting appliances who need to follow their specified pattern
somewhere in between the two dots at sAa and sBa + P .

5.3.1 Individual schedules of flexible appliances

The graphs in Figure 5.1 show that each appliance has been scheduled such that the supply
and demand are matched optimally using the centralised approach. In a similar way, the
graphs in Figure 5.2 display the results for the same set of appliances, now optimised using
the distributed algorithm. To compare the optimisation performance of the centralised and
decentralised algorithm, the graphs in Figure ?? show the schedules of centralised approach
and the decentralised approach after convergence. As a reference, also the schedule of the
decentralised approach after each appliance has performed its first iteration, is displayed.
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Figure 5.1: Final schedule flexible appliances using the centralised approach
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Figure 5.2: Final schedule flexible appliances after convergence of the decentralised approach
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Figure 5.3: Initial (dashed green) and final (continuous blue) decentralised and optimal centralised
(dashed red) schedule of net electricity exchange.

Note that this schedule is already more flattened out than just starting the appliances on
the first possible occasion, but still shows a lot of peaks in the electricity consumption.
Compared to the schedule of the first iteration, the electricity supply has nicely flattened

out after convergence of the decentralised approach. However, it can be seen that there
is a small difference with the results of the decentralised approach, where the total costs
of the optimisation (i.e. square of the sum of power) for the decentralised approach are
slightly higher than for the centralised approach. Here, the centralised approach is a little
more flattened out, and therefore better in terms of overall optimality compared to the
decentralised approach. When looking at the individual differences of the schedules between
the centralised and the decentralised approach in this test case, it turns out that in the
decentralised approach one of the time shifter appliances has shifted its consumption to
another position and gets ’trapped’ inside the schedule of some buffer appliances. The time
shifter appliances in the decentralised approach are unaware of the fact that the buffer
appliances can possibly adapt to better starting times of the time shifter. In contrast, in
the centralised approach the optimisation is carried out with the whole picture in mind,
preventing the local minimum. Therefore, when including discrete switching appliances like
the time shifter appliance, the decentralised approach might end up in a local minimum.
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5.3.2 Comparison of centralised and decentralised optimisation

As a next step, we want to compare the optimisation performance of the centralised and
decentralised approach in a more systematic way. In order to do so, 1000 Monte Carlo
simulations were performed for different appliance configurations, to gain insight in the
average performance of both approaches. Each configuration is composed of 25 appliances
of different types, being randomly initialised (i.e., random valid from vF and valid thru vT
time, start after sA and start before sB time, consumption vectors , target time tT and
target SoC).
The MC simulations resulted in a mean absolute percentage error (MAPE) over the square

root of the cost function in Equation 5.18 and Equation 5.21 of 2.07% between the centralised
and the converged decentralised approach. When the number of participating appliances was
increased from 25 to 100, the MAPE reduced to 0.18%. This reduction is the result of the
fact that a single appliance that is scheduled sub-optimally has a smaller contribution to
the overall cost function when more appliances are present. When excluding time shifter
appliances from the simulation, the MAPE reduced to values close to the solver tolerance.
Therefore, for the simulations performed, in general the difference between the decentralised
and centralised approach is relatively small, especially compared to the difference when
scheduling without optimisation (i.e., starting all appliances at the first occasion).

5.3.3 Algorithm complexity

In order to illustrate the computational benefit of the decentralised approach in terms of
computational complexity, Figure 5.4 displays how the optimisation performance evolves
with the number of iterations when running the decentralised algorithm. In this, the result
of the cost function is normalised to the costs of the first iteration. The given results are
the costs for different numbers of appliances, averaged over a large amount of simulations,
with randomly initialised appliances. It can be seen that the algorithm converges after each
appliance has performed three to four iterations, independent of the number of participating
appliances. Therefore, for the number of appliances shown in Figure 5.4, the algorithm scales
linearly with the number of appliances when performing the iterations sequential. However,
in a practical situation the iterations will be performed even partly in parallel, due to the
randomly instantiated time instances τ at which the iterative optimisations are started by
different appliance agents. This results in another performance increase, especially for a large
amount of participating appliances. At the down side, more appliances will also mean more
local appliance agents and therefore more small pieces of computational resources. However,
since the local decision problem concerns a very limited amount of decision variables, a single
optimisation iteration of an appliance can be carried out in a very small amount of time
and on computationally limited resources. Therefore, the absolute time to converge depends
mainly on the average random time instance τ between the repetitive iterations and the
number of participating appliances. Future works needs to be carried out to determine the
a good mean and standard deviation for τ as function of the number of appliances and
communication delays. Interestingly, the larger the number of appliances, the closer the
average costs at the first iteration are to the average costs after convergence. This can be
explained by the fact that with more participating appliances, there is a large amount of



62 flexibility modelling and optimisation

 

1 2 3 4 5 6 7 8 9 10 
0.86 

0.88 

0.9 

0.92 

0.94 

0.96 

0.98 

1 
Convergence of the decentralized algorithm 

Number of iterations [-] 

C
o
s
ts

 n
o

rm
a
lis

e
d
 t

o
 f
ir
s
t 
it
e
ra

ti
o
n

 [
p

.u
.]
 

  

  
5 appliances 
50 appliances 
500 appliances 

Figure 5.4: Convergence of the decentralised algorithm.

flexibility. For the same reason, a sub-optimally scheduled appliance will more easily be
compensated by others.

5.4 conclusion

The modelling of active power flexibility as presented in this chapter aims to make the
flexibility universally exploitable for DSM applications for ancillary services in power
system operation. To this extent, an attempt has been made to model the flexibility using
(mixed-integer) linear constraints, such that they can be easily integrated or translated
into heuristics for a broad class of optimisation problems. These optimisations will be
extended with constraints for grid supportive DSM will be included in chapter 6.
The class based modelling approach might put restrictions on the accuracy of the

modelling of the flexibility and therefore leave potential flexibility unexploited. The
decentralised approach has been presented, in which each of the appliances/households can
perform their own optimisation using the most suitable optimisation method. This offers
also benefits in computational complexity, but at the down side might end up in a
suboptimal solution.



6GRID SUPPORTIVE DEMAND S IDE MANAGEMENT

As discussed in chapter 3, many DSM applications are often operated by a market actor,
i.e. aggregators or energy suppliers, with limited insight in the network operation state. As
such, they tend to be unaware about specific grid issues related to physical and geographic
aspects during operation. Although some DSM applications are designed to resolve specific
geographical OLVs like [47], their optimisation objective is often not focussed on resolving
specific OLVs occurring at a certain location. This is especially true for LV networks, where
the uncertainties are even higher due to the high stochasticity of the individual household
loadings.
To overcome these limitations, this chapter will use the uniform interface between DSOs

and DSM applications as presented in chapter 3 for grid supportive DSM, based on the
work in [89–91]. This will facilitate the exchange of information on predicted network
issues and end user flexibility. The overall functioning of this interface is intended such
that, independently of what objective the DSM is pursuing, the DSM application can take
into account grid related constraints within its scheduling process, in order prevent and
resolve OLVs in the network over time. As such, the DSM is not run by the DSO, only
relevant information is exchanged. The grid supportive DSM discussed in the chapter
adopts a two stage approach in relation to the two stages of the framework presented in
chapter 3, being 1) time-horizon preventive DSM and 2) real-time corrective DSM. At first,
time-horizon DSM is triggered on a DA/ID basis, taking into account information of the
DSO on the predicted system states in the scheduling process in order to prevent OLVs
from occurring. If during operation, despite the preventive DSM, still certain OLV are
detected by the DSO based on real-time state estimation, corrective DSM is triggered to
solve the problem in real-time. For simplicity reasons, in this chapter we first introduce the
real-time corrective DSM, followed by the time-horizon preventive DSM.

6.1 corrective demand side management

During the real-time execution phase, the DSO can procure active power flexibility from
DSM, based on real-time monitoring of the system states through distribution system
state estimation. For this, through the universal interface as discussed in chapter 3, the
DSO will provide generalised information on the specific OLV at hand, together with
information on what linear combinations of active power flexibility from different
geographical locations can solve the OLV. Although the choice for specifying the required
changes in active power using linear combinations for active power from different
geographical locations will result in inaccuracies due to the non-linear behaviour of the
power system, it allows for a non-iterative exchange of information and easy integration of
the information as constraints in the DSM optimisation. In this work, these linear
combinations will be specified by the partial derivatives of the OLV at hand with respect
to changes in active power of the households offering flexibility, as discussed in more detail
in subsection 6.1.3. This way, DSM applications with an arbitrary objective, will be
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capable to solve the OLV by taking into account constraints on the sensitivity of changes
in active power towards the OLV at hand. With this, the DSM applications is able to
respect the physical and geographical limits of the distribution network.

6.1.1 Active power flexibility

Flexibility during the real-time corrective execution phase can come from appliances that
can defer or advance their running interval or adjust the power consumption or production
level within a certain time interval. Examples of these controllable appliances are discussed in
chapter 5. Each of these appliances is connected at a specific location (node) in the network,
and therefore can contribute effectively to OLVs occurring in nodes or branches nearby.
Often, low-voltage distribution networks are radially operated. Therefore, in this work we
assume that the network has N nodes and N − 1 branches. As discussed in chapter 5, the
change in active power at time t for a certain node n and phase p is denoted by ∆P t

n,p. The
changes in active power for all nodes (excluding the slack node) and phases form the vector
∆P t:

∆P t = [∆P t
2,a, ∆P t

2,b, ∆P t
2,c, ..., ∆P t

N ,a, ∆P t
N ,b, ∆P t

N ,c]
T (6.1)

6.1.2 Required change in system state

As discussed, the DSO will notify any OLVs to the DSM application. This is done by
specifying the minimum required change for any network system state. These system states
can include various parameters, of which nodal voltage and branch current magnitude are
two of the most important ones. In case of nodal voltage magnitude violations, we can specify
the vector ∆V t of the minimum required changes in nodal voltages ∆V t

n,p at each node n,
phase p and time interval t:

∆V t = [∆V t
2,a, ∆V t

2,b, ∆V t
2,c, ..., ∆V t

N ,a, ∆V t
N ,b, ∆V t

N ,c]
T (6.2)

Similarly, for branch current magnitude violations, we can define the vector ∆It of the
minimum required changes in branch currents ∆It

b,p in each branch b, phase p and time
interval t:

∆It = [∆It
1,a, ∆It

1,b, ∆It
1,c, ..., ∆It

N−1,a, ∆It
N−1,b, ∆It

N−1,c]
T (6.3)

6.1.3 Network sensitivity

In order to determine the linearised sensitivity of any OLV with respect to a change in
active power ∆P t

n,p at every node n and phase p, the Jacobian matrix containing all partial
derivatives of the power injections P t

n,p with respect to the violated system states are
obtained. In case of voltage violations, one can express the partial derivatives based on
power flow equations in terms of the nodal voltage magnitudes and network impedances:
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J t
V =



∂P t
2,a

∂V t
2,a

∂P t
2,a

∂V t
2,b

. . .
∂P t

2,a
∂V t

N ,c
∂P t

2,b
∂V t

2,a

∂P t
2,b

∂V t
2,b

. . .
∂P t

2,b
∂V t

N ,c
...

... . . . ...
∂P t

N ,c
∂V t

2,a

∂P t
N ,c

∂V t
2,b

. . .
∂P t

N ,c
∂V t

N ,c


(6.4)

Similarly, in case of over currents, the partial derivatives can be expressed in terms of the
branch current magnitudes, network impedances and the slack node voltage V t

1 :

J t
I =



∂P t
2,a

∂It
1,a

∂P t
2,a

∂It
1,b

. . .
∂P t

2,a
∂It

N−1,c
∂P t

2,b
∂It

1,a

∂P t
2,b

∂It
1,b

. . .
∂P t

2,b
∂It

N−1,c
...

... . . . ...
∂P t

N ,c
∂It

1,a

∂P t
N ,c

∂It
1,b

. . .
∂P t

N ,c
∂It

N−1,c


(6.5)

In this, it is very important to note that the partial derivative differs depending on the
relation between active and reactive power of the appliance associated to the power injection.
For example, for any change in active power injection, keeping the power factor constant or
keeping the reactive power constant, results in different partial derivatives. Of course, also
more complicated relations between active and reactive power might exist, depending on
the behaviour of the appliance. These relations need to be taken into account in calculation
the Jacobians.
The OLV sensitivity is obtained by inverting the Jacobian according to S = J−1. From

here, the linearised change in the network system states can be obtained depending on a
change in active power ∆P t

n,p. For a change in nodal voltage magnitudes ∆V t
n,p this yields:

∆V t = SV t ∆P t (6.6)

Similarly, for a change in branch current magnitude this yields:

∆It = SIt ∆P t (6.7)

6.1.4 Overall demand side management optimisation

Once the DSM application has received the OLV and the corresponding sensitivity from
the DSO, it can deploy an overall optimisation as discussed in chapter 5 to allocate energy
flexibility depending on the OLVs and optimisation objectives. As introduced in chapter 5, it
can pursue various objectives, like peak-shaving [92, 93], local supply and demand matching
[41, 84], fair power sharing [47], or optimising global welfare of flexibility using a market
bidding mechanism [86]. In extension to the optimisations discussed in chapter 5 involving
constraints for active power flexibility, we want to integrate constraints to make sure that the
required changes in system states as specified in Equation 6.6 and Equation 6.7 are met. For
the lower limit voltages, we denote the required change in nodal voltages with a subscript
l and for the upper limit with a subscript u. Now, independently of what optimisation
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objective the DSM application has, we can define the general optimisation function and
corresponding constraints for voltage violations as:

minimise
∆P t

c(∆P t)

subjected to ∆V t
l ≤ St

V ,l∆P
t

∆V t
u ≥ St

V ,u∆P t

∆It ≤ St
I ∆P t

(6.8)

Practical examples on different optimisation objectives for DSM applications are discussed
in section 5.1, whereas simulation results using the above described approach for real-time
corrective grid supportive DSM are presented in section 6.4.

6.2 preventive demand side management

Before corrective real-time DSM is triggered, preventive time horizon flexibility will be
procured on a DA/ID basis. Preventive DSM based on time horizon state prediction of
distribution networks is expected be an important tool to account for the system states
and possible OLVs that might occur in the (near) future. One of the reasons is that most
end user flexibility in energy consumption or production will involve time dependent
constraints. This might mean that if flexibility is provided during a certain time interval,
less flexibility is available during another time interval. Besides, DSOs might prefer to not
switch certain controllers too frequently, in order to prevent excessive life time degradation,
as can for example be the case with OLTC. Finally, preventing a certain OLV from
occurring might be better than correcting it. For these reasons, a time horizon
optimisation of the available flexibility and network system states is important to address
the OLVs that might happen over time. However, the future system states are based on
predictions and therefore come with uncertainty depending on the stochasticity of the local
consumption and generation. For coping with the high stochasticity of DER and end user
behaviour, a probabilistic approach is required in determining potential network risks [94,
95]. At the down side, probabilistic approaches often require some form of PDF
calculations, in order to evaluate the probability of having OLVs at certain locations in the
network. Despite abundant attempts (e.g. [59, 96–98]) to lower the computational
complexity for PPF calculations, for a large three-phase network they are still highly
computational intensive. If a DSO needs to perform PPF calculations for each 15-minute
time interval within a 24-hour day-ahead period for all the networks it operates, this forms
an enormous computational burden, every day again. Quite often however, we are not
interested in the full probability density functions produced by the PPF, but just in the
probability that a certain operation limit will be violated. In other words, control and
management decisions are made based only on specific information of the OLVs (e.g. the
probability of it exceeding a certain predefined threshold). As such, only a limited amount
of information is required, creating possibilities to speed up the computation time.
To these extents, in this work we use machine learning to come up with predictions on

whether the probability for OLVs exceeds a certain threshold and from here how DSM
can bring the probability back to acceptable levels. Various machine learning techniques
such as ANN attract increasing attention for applications in DSM [56, 99]. Often, their
application can be found in load forecasting [100]. Furthermore, various types of home
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energy management system implement machine learning for decision making, as for example
in [81], where an ANN is applied for the scheduling of photo voltaic panels and a storage
system. Here, the application of ANN to specifically deal with geographically dependent
OLVs in distribution networks is presented, resulting in a probabilistic approach for time
horizon DSM using the universal interface between DSO and DSM application. Specifically,
the probabilistic ANN based analysis will indicate whether OLVs are expected to occur at
which geographical location in the network and with what probability. If this probability
exceeds a certain threshold, the DSO will request the DSM application for flexibility to
reduce the probability of the violation of operation limits to acceptable levels. Based on the
probability of the system states of the three-phase nodes over a DA or ID time interval, the
three-phase sensitivity of the OLV at hand with respect to changes in active power from end
users is derived. The DSO will use this information to specify the expected OLV and how
its probability can be reduced, towards the DSM application using the universal interface.
In the DA/ID planning phase, PDFs of each of the system states over time can be obtained

using probabilistic power flow calculations using predicted consumption and production
patterns of the end users [101]. In this thesis, the PLF is formed by the complete PDF
of the expected load at a certain household or other node of the network within a certain
time interval as discussed in subsection 4.1.1. From here, the PLFs are used as an input
for the prediction of the network system states, as can be found in subsection 4.1.2. With
this information, important decisions can be made by the DSO for altering the set points
of local controllers and trigger preventive and corrective active power flexibility through the
DSM application. For this, based on the predictive and real-time monitoring applications,
the interface will provide generalised information on the specific OLV at hand, together
with the sensitivity for changes in active power at specific geographical locations. Finally,
the DSM applications can also provide detailed information on the scheduled flexibility to
the monitoring applications of the DSO, in order to enhance the accuracy of the monitoring
applications. A flow diagram of the full functioning of the proposed methods covered in the
following subsections is shown in Figure 6.1.

6.2.1 Probabilistic prediction of operation limit violations

Again, we assume that the network is radial and consists of N nodes including the slack
node, where there areM households tapping off the feeders offering flexibility in their active
power consumption or production. In order to determine the required amount of flexibility in
active power consumption or production at each node in the network within the preventive
planning phase, the DSO performs a probabilistic analysis of the network system states
for each time interval t of the DA/ID optimisation. This can be either based on the above
mentioned PPF or the ANN approach. For benchmarking purposes, in this subsection first
the PPF approach will be discussed, followed by the ANN based approach in the next
subsection.
As an input, the PPF calculation takes the power injection PDF of each household, which

is based on predictions. The PPF calculation results in a PDF for the all the system states
of the network. For example, the probability density of the voltage magnitude V t

n,p occurring
at node n, phase p and time interval t is given by P(V t

n,p). Now suppose that the network
has a lower limit and upper limit V l and V u for the voltage magnitude, then the probability
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Figure 6.1: Flow chart of the presented grid supportive demand side management using PPF and
machine learning.

of an under voltage occurring at node n, and phase p during time interval t can now be
calculated according to the Cumulative Distribution Function (CDF) FV t

n,p
(V ) as follows:

Pr[V t
n,p ≤ V l] = FV t

n,p
(V l) =

∫ V l

0
P(V t

n,p)dV
t

n,p (6.9)

Similarly, for the probability of overvoltages we can state that:
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Pr[V t
n,p ≥ V u] = 1−FV t

n,p
(V l) =

∫ inf

V u
P(V t

n,p)dV
t

n,p (6.10)

Similar expressions can obviously be made for overloading or violation of voltage
imbalances throughout the phases, however in this section we focus only on
under/over-voltages. Now, if the probability of having an under/over voltage as expressed
in equations Equation 6.9 and Equation 6.10 exceeds a certain threshold value f , the DSO
will opt to procure flexibility from the DSM applications in order to shift the PDF of the
voltage magnitudes such that the probability of having an under/over voltage is brought
down to acceptable levels. Acceptable levels can be defined from a company risk profile. In
order to formulate this as a more relaxed condition to deal with, we first introduce the
variables V t,l

n,p and V t,u
n,p . Here, V t,l

n,p is the voltage magnitude for which the CDF FV t
n,p

equals
the acceptable probability threshold f :

FV t
n,p

(V t,l
n,p) = f (6.11)

In other words, there is a probability of exactly f that the voltage at node n and phase p
at time interval t will be lower or equal to V t,l

n,p. Similarly, V t,u
n,p , can be expressed as:

FV t
n,p

(V t,u
n,p ) = 1− f (6.12)

Again rephrasing in other words, there is a probability of exactly f that the voltage at
node n and phase p at time interval t will be higher or equal to V t,u

n,p . From here we define
the vectors V t,l

p and V t,u
p of all voltages V t,l

n,p and V t,u
n,p of all nodes n (apart from the slack

node), in phase p and time interval t according to

V t,l
p = [V t,l

2,p,V t,l
3,p, ...,V t,l

N−1,p,V t,l
N ,p]

T (6.13)

respectively,

V t,u
p = [V t,u

2,p ,V t,u
3,p , ...,V t,u

N−1,p,V t,u
N ,p]

T (6.14)

Now, the DSO will procure flexibility for under voltages if any of the voltage magnitudes
V t,l

n,p are lower than the lower limit V l, and flexibility for over voltages if any of the voltages
V t,u

n,p are higher than the upper limit V u. After all, in both cases the probability of having a
voltage limit violation is higher than the probability threshold f . This can be expressed as
conditions

V t,l
n,p < V l (6.15)

and

V t,u
n,p > V u (6.16)

If one of these conditions holds, the DSO needs flexibility in order to reduce the probability
at least to the acceptable probability threshold f , as illustrated in Figure 6.2 and detailed
in the next subsections.
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Figure 6.2: Illustration reducing probability of undervoltages to acceptable levels.

6.2.2 Network sensitivity operation point

In order to procure the right amount of flexibility from the DSM application, the DSO
needs to know how much flexibility will be required to solve the OLV, depending on the
geographical location at which the flexibility is delivered. As stated in the introduction
section of this chapter, this work uses the linearised sensitivity of the probabilistic OLV
to inform the DSM application on what linear combinations in active power flexibility can
address the OLV. In order to determine the linearised sensitivity of an OLV with respect to
a change in active power ∆P p

n at node n and phase p, the Jacobian matrix containing all
partial derivatives of the power injections P p

n with respect to the system states are obtained.
For voltage violations, one can express the partial derivatives based on power flow equations
in terms of the nodal voltage magnitudes and network impedances:

J t
V =



∂P t
2,a

∂V t
2,a

∂P t
2,a

∂V t
2,b

. . .
∂P t

2,a
∂V t

N ,c
∂P t

2,b
∂V t

2,a

∂P t
2,b

∂V t
2,b

. . .
∂P t

2,b
∂V t

N ,c
...

... . . . ...
∂P t

N ,c
∂V t

2,a

∂P t
N ,c

∂V t
2,b

. . .
∂P t

N ,c
∂V t

N ,c


(6.17)

It should be noted that ifM < N , the nodes at which no active power flexibility is available,
can be left out of the Jacobian.
From here, we need to determine the point at which the derivative is calculated, where

this point is denoted as the operation point. The operation point for determining the
partial derivatives is based on the outcome of the PPF calculation. The PPF calculation is
in practice often done using Monte Carlo simulations resulting in discrete samples of the
PDFs of the system states. I this work a pragmatic approach is taken to obtain an effective
operation point from the discrete samples of the PDFs of the system states. Suppose that
the Monte Carlo simulations for each time interval t result in a set Kt

p of discrete samples
of the PDFs of the system states. For each sample k ∈ Kt

p at time interval t, we can
compose the vector of all system states for each node n in phase p:
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V t,k
p = [V t,k

2,p ,V t,k
3,p , ...,V t,k

N−1,p,V t,k
N ,p]

T (6.18)

From here, we define the subset Kt,l
p ⊂ Kt

p to be the set of samples k for which yields that
the minimum value of V t,k

p has a probability lower or equal to f , i.e. the minimum value of
V t,k

p is smaller or equal than the minimum value of V t,l
p :

minV t,k
p ≤ minV t,l

p (6.19)

Similarly, the subset Kt,u
p ⊂ Kt

p is the set of samples k for which yields that the maximum
value of V t,k

p is larger or equal than the maximum value of V t,u
p :

maxV t,k
p ≥ maxV t,l

p (6.20)

Finally, we define δ̄t,l
p and δ̄t,u

p as the average voltage angle vector, averaged elementwise
over all complex voltages corresponding to all k being an element of the set Kt,l respectively
Kt,u. Now, the operating point of the network for the Jacobian is chosen to be V t,l

p ∠δ̄t,l
p or

V t,u
p ∠δ̄t,u

p , i.e. the voltage vectors for which the magnitude corresponds with the probability f
and the angle is averaged over the phasors of the sets Kt,l end Kt,u. Note that the sensitivity
will be different for under and over voltages, denoted as St

V ,l and St
V ,u. Averaging the angle

for the Jacobian operation point is required, as there is not a single angle that corresponds
with the system states for the probability f . Note that this is only used for determining a
suitable operation point for the Jacobian, and in no way aims to change the power factor
of any appliance. In relation to this, for the Jacobian it is very important to note that the
partial derivatives differ depending on the relation between active and reactive power of the
appliance associated to the power injection. For example, for any change in active power
injection, keeping the power factor constant or keeping the reactive power constant, results
in different partial derivatives. Of course, more complicated relations between active and
reactive power exist, depending on the appliance or device, which might complicate the
derivation of the Jacobian. Finally, the sensitivity with respect to the OLV is obtained by
inverting the Jacobian according to:

S = J−1 (6.21)

6.2.3 Constraints for demand side management

In order to reduce the probability of a specific OLV to acceptable levels, the DSO will specify
the required change in system states. This is done by specifying the minimum required
change for any network system state. As flexibility for resolving OLVs most likely will result
in shifting power consumption to another point in time, we also need to specify the available
’capacity’ in time intervals where no OLVs are expected. With capacity here we mean the
possible change in system states until the point of having OLVs In case of nodal voltage
magnitude violations, we can specify the vectors ∆V t

l and ∆V t
u , indicating the voltage with

which the system states are exceeded and what capacity is available. We rearrange the
elements of ∆V t

l and ∆V t
u , in general denoted as ∆V t, such that the vectors contain the

elements for all nodes n and all phases p ∈ a, b, c:

∆V t = [∆V t
2,a, ∆V t

2,b, ∆V t
2,c..., ∆V t

N ,a, ∆V t
N ,b, ∆V t

N ,c]
T (6.22)
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The individual elements of these vectors are given by:

∆V t
l,n,p = Vmin − V t

n,p (6.23)

and

∆V t
u,n,p = Vmax − V t

n,p (6.24)

Here, Vmin and Vmax are the minimum and maximum voltage limits, whereas V t
n,p is the

voltage before DSM at node n and phase p.
As a final step, the change in active power at time t for a certain node n and phase p is

indicated as ∆P t
n,p. The changes in active power for all nodes and phases form the vector

∆P t:

∆P t = [∆P t
2,a, ∆P t

2,b, ∆P t
2,c, ..., ∆P t

N ,a, ∆P t
N ,b, ∆P t

N ,c]
T (6.25)

Now, the sensitivity with respect to the OLV is obtained by inverting the Jacobian
according to S = J−1. From here, the linearised change in the network system states can
be obtained depending on a change in active power ∆P t

n,p. For a change in nodal voltage
magnitudes ∆V t

n,p this yields:

∆V t = St
V ∆P t (6.26)

6.3 neural network based demand side management

As discussed, performing the PPF is computationally costly, despite the many works in
literature improving its efficiency. If a DSO needs to carry out DA PPF calculations for
all time intervals in the DA period and all the networks it is managing, this might require
significant computational power. Therefore, this work introduces a ANN based approach to
accurately approximate the findings derived in the previous section, and therefore drastically
reduce the required computation times. After all, the interest here is not on the probabilistic
system states, but rather the need for flexibility. For this purpose, a multi-layer ANN is
introduced, that only needs to be trained once for a particular distribution network. After
training, evaluating the ANN is considerably faster than performing the PPF, resulting in
significantly reduced computational effort. The next subsections will respectively discuss the
ANN architecture and the training of the ANN.

6.3.1 Neural network architecture

The ANN is designed to prevent the costly PPF within the risk analysis of the DSO. To this
extent, it needs to approximate the information on the OLV at hand and its sensitivity with
respect to change in active power as detailed in section 6.2. For this purpose, in this work
a regressive ANN is applied to provide the DSM application with the required information,
replacing the costly PPF. The overall architecture of the network is displayed in Figure 6.3.
In order to make the probabilistic DSM approach as described in section 6.2 suitable for

ANNs, some transformations of the presented approach is required. For the presented PPF
method, the inputs are the PDFs of each of the households, whereas the outputs are formed
by the required change in systems states ∆V t and the sensitivity matrix St

V . However, the
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full PDFs of the households are not very suitable to be used as an input for a ANN, as it
normally expects a numeric input value rather than a continuous function specification. On
a similar note, the output sensitivity matrix St

V has a number of entries equal to the square
of the number of nodes, making it too large to be effectively approximated by a regression
based ANN. As a final point of concern, the required change in system states ∆V t is a
non-linear function with a discontinuous derivative and therefore is also not very suitable
for regression analysis.
To overcome these design challenges, for the inputs of the ANN, the PDF of the loading

of each household can be fitted on a suitable well-known default PDF, like a Gaussian,
beta or Weibull distribution. From here, specific features or shape parameters can be
extracted, like the mode, mean, median and variance, or α and β or k and λ as commonly
indicated parameters for the beta and Weibull distributions. From here, these shape
parameters can be used as inputs for the ANN. For the sensitivity matrix, although large
matrix inversion is involved, determining the sensitivity based on a set of operation points
of the network is a simple task and relatively computationally efficient. Also determining
the required change in the system states ∆V t from the operation points is straightforward
using equations . Therefore, the ANN is trained to not output the required change in
system states and corresponding sensitivity, but rather approximate the operation point
used for calculating the network sensitivity. Mathematically expressed, these are V t,l

p ∠δ̄t,l
p

or V t,u
p ∠δ̄t,u

p as introduced in section 6.2, i.e. the voltage vectors for which the magnitude
corresponds with the probability f and the angle is averaged over the phasors of the sets
Kt,l end Kt,u. From here, the network sensitivity St

V can be calculated according to
equations Equation 6.17 and Equation 6.21. Similarly, ∆V t is easily derived using equation
Equation 6.23 and Equation 6.24.
The simulations presented in this chapter use data for the household loading PDFs that

is suitable to be fitted on a Gaussian distribution. From here, the mean µt
m and variance σt

m

of the PDFs for each household m at time t are defined as the input variables of the ANN.
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Figure 6.3: Schematic overview of the separated artificial neural network for the nodal voltage
magnitudes and angles.
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This means that the number of inputs for the ANN will be equal to 2M . Similarly, all the
output variables together, i.e. V t,l

p ∠δ̄t,l
p and V t,u

p ∠δ̄t,u
p , will be of size 12(N − 1) (three phase

nodes, four variables per node, excluding slack node). However, as the numerical values of
the voltage magnitudes and angles are considerably different, it is better to split the ANN
in two separate networks of size 6(N-1), as this way performance indicators such as the
mean squared error (MSE) are used more meaningful. Finally, in the average distribution
network, we do not expect differences in voltage angles up to π radians. Finally, in the
average distribution network, we don’t expect differences in voltage angles up to π radians.
Therefore, it is advisable to shift the voltage angles with π radians, in order to eliminate the
transition between 0 and 2π. As an alternative, one could consider to work in Carthesian
coordinates rather than polar coordinates.
As a final step, experimental simulations will be required to determine a suitable number

of hidden layers and neurons. For the experimental results presented in section 6, it turns
out that two or up to three hidden layers strike a reasonable balance between training time
and accuracy, approximating the non-linear relation between the input and output variables
accurately as detailed in section 6. The number of hidden neurons is highly dependent on the
expected correlation of the input data and therefore should be determined experimentally
for each network.

6.3.2 Neural network training

In order to train the ANN with the architecture as described above, a sufficient amount of
historical data is required, comprising the PDF of household loadings for a broad variety
of different situations. From this, the mean µt

m and variance σt
m can be derived, together

with the corresponding V t,l
p ∠δ̄t,l

p and V t,u
p ∠δ̄t,u

p as described in section 6.2, together forming
the training set for the ANN. Obviously, it is important that the training set contains a
sufficiently diverse amount of situations that might occur in the network, in order to make
the system robust for unexpected events. As the proposed ANN architecture will have a
significant size for larger distribution networks, it is advisable to perform the training of the
ANN on a graphics card in order to exploit the possibilities of parallelism. When doing so,
from experimental results backpropagation training using gradient derivatives and steepest
descent turns out to strike good balance between performance and training time for the
ANN architecture proposed in this work. However, the convergence is very sensitive to the
learning rate and therefore in this work the gradient descent with adaptive learning rate
backpropagation is used.

6.3.3 Overall demand side management optimisation

Once the DSM application has received the specification of the OLV and corresponding
sensitivity from the DSO (either using the PPF or ANN approach), the DSM application
can deploy an overall optimisation to allocate energy flexibility depending on the OLVs
and optimisation objectives. As discussed before, it can pursue various objectives, like local
supply and demand matching, fair power sharing, or optimising global welfare of flexibility
using a market bidding mechanism. Formally, we define the set F of sizeM, containing all
pairs of nodes and phases n, p at which flexibility is available. Now, independently of what
optimisation objective the DSM application has, the general optimisation function will be
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equal to the one presented in Equation 6.8. Here, the main difference is that the
optimisation function here will involve the full time horizon of the DA/ID period for which
the optimisation is performed, rather than the instantaneous optimisation in Equation 6.8.
Examples of other constraints of flexible appliances can be found in chapter 5. For time
horizon optimisations based on probabilistic predictions, the constraints will need to be
satisfied for each time interval t within the time horizon. This general optimisation can be
turned into case specific optimisations as illustrated by the examples in chapter 5.
Simultaneous overvoltages and undervoltages at different nodes of the network are (though
unlikely) possible to address as long as it does not render the optimisation infeasible.
Examples of other constraints of flexible appliances can be found in chapter 5.

6.4 experimental results

This section shows the applicability of the probabilistic time horizon DSM approach,
featuring the optimisation objective for fair power sharing as discussed in chapter 5 in
Equation 5.17 applied to a simplified version of the IEEE European LV test network given
in Appendix A. The simulation results are divided in three parts, being 1) real-time
corrective results, 2) time-horizon preventive results and 3) simulations results including
models of flexible appliances. In this, the first two categories aim to just show the accuracy
of the grid supportive DSM approach as discussed in this chapter without adding the
modelling of the appliances. Here, goal is to model flexibility as realistic as possible, but to
show the effectiveness of the proposed probabilistic sensitivity method. The third category
also models the flexible appliances as discussed in chapter 5.
Within the IEEE LV test network, the slack node voltage is assumed to be constant at

230 V line voltage, whereas the DSO maintains voltage limits of 0,9 and 1,1 p.u. (i.e. +/-
23 V) throughout the remainder of the network. It should be noted that during practical
application, a safety margin should be added for mainly two reasons. Firstly, the
approximations in the method presented in this chapter result in some small remaining
OLVs, that can be prevented with a stricter limit. Secondly, the DSO or household
equipment will also have other protection mechanisms that trigger at these limits, which
might be unwanted if flexibility still can be applied. For example, inverters of DER will
switch off or reduce power in case of over voltages, which might be prevented with
flexibility that is allocated before the limit of the inverter is reached. Furthermore, the
voltage at the inverter will usually be slightly higher than the voltage at the connection
point of the customer, requiring to lower the over-voltage limit a little further.
The acceptable probability limit f for OLVs of the voltage magnitudes is set to 0,1 for

each time interval (i.e. 90% certainty of having no OLV). Additional operational constraints
can obviously be taken into account, such as constraints for the branch current magnitude
or the three-phase voltage unbalance factor (VUF). However, in this work that is left for
further research.

6.4.1 Real-time corrective results

To show the effectiveness of the grid supportive DSM during the real-time corrective
execution phase, the assumption is that flexibility is available at each household with an
upper bound of 2 kW. It should be noted that requests for that much flexibility will only
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be met in case very high loadings of the network, for instance in cases of several
simultaneous charging electric vehicles. In those cases, 2 kW is less than a quarter of the
total household loading and therefore considered realistic. The simulations take place in
the following sequence.

step 1 : The IEEE European LV test network is simulated for a 24-hour period using
three phase load flow calculations [4], applying different load profiles for each household
over time. The load profiles are obtained from 1-minute interval household measurements on
June 21st 2015, published by the Pecan Street project [74]. The profiles include a significant
amount of photo voltaic generation during day time, and have a high peak load in the
evening. Although the simulations for the full 24-hour period are carried out at once, no
dependencies exist between the time intervals and therefore should be imagined as real-time.

step 2 : From the 24-hour period load flow simulation, for each one-minute time interval
measurements are taken at each household (for example by smart meters) and send to a
centralised SE algorithm run by the DSO as described in chapter 4. From the estimated
system states (i.e. nodal voltages and branch currents), the DSO determined for each time
interval whether any OLVs occur in the network. If so, the DSO determines the required
change in nodal voltages or branch currents, together with the sensitivity matrixes for each
time interval at which OLVs occur.

step 3 : This information is send to the DSM application, which will optimise the
available flexibility that is available from end users according to the optimisation problem
of the DSM application for each sequential time interval. As stated, in this simulation
study, the objective is to achieve fair power sharing amongst the end users that can
reasonably contribute to solving a specific OLV, according to the optimisation objective as
specified in Equation 5.19. With this, the overall optimisation takes care of resolving both
voltage and current magnitude OLVs, while spreading out the burden for solving these
problems over different customers.

step 4 : As a final step, the resulting change in active power ∆P t of the optimisation is
put back in a new load flow simulation, to check the effectiveness of the applied algorithms.
The overall results of the simulation are displayed in Figure 6.4 to Figure 6.6.

Figure 6.4 and Figure 6.5 respectively display the minimum and maximum voltage
magnitudes that occur throughout the network in either of the phases over time. Note that
this can be a different node at each time interval, it cannot be seen from the graphs which
node it concerns. The blue lines give the voltages as they would have occurred when no
DSM is applied, whereas the red line gives the voltages after applying the DSM
optimisation as described earlier in this section.
In a similar way, Figure 6.6 displays the maximum branch current magnitudes that occur

throughout the network in either of the phases over time. Again, the blue line gives the
highest currents as they would have occurred when no DSM is applied, whereas the red
line gives the currents after applying the DSM. From the figures, we can derive that this
network cannot facilitate the large amount of photo-voltaic installations on a sunny day,
nor the energy intensive loads that run in the evening, without additional measures. Both
over voltages and over currents occur during the day time, whereas the evening peak-load
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Figure 6.4: Comparison of real-time minimum occurring voltage before and after DSM.
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Figure 6.5: Comparison of real-time maximum occurring voltage before and after DSM.
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Figure 6.6: Comparison of real-time maximum current before and after DSM.

causes under voltages and some slight over currents. However, after applying the DSM
optimisation, we can see that all OLV have been (nearly) resolved. Some deviations or small
OLVs do remain, which is due to the linearisation process of the network sensitivity, and the
uncertainty in the SE. Therefore, a small safety margin should be built in to ensure no OLVs
will remain, also because inverters intalled in the household might switch of (unwanted)
before the voltage limit at the connection point is reached. It should be noted that the
mitigation of certain OLVs at certain network locations also has influence on the system
states elsewhere in the network. Therefore, some unexpected deviations between the original
profile and the profile after DSM are be visible, due to correlation with other network
problems.

6.4.2 Time horizon preventive results

For the simulations of the time-horizon preventive planning phase, similar assumptions are
made as for the real-time corrective planning phase. This includes the assumptions on the
available active power flexibility and network constraints. In these simulations, only voltage
constraints are taken into account for simplicity, where the acceptable probability limit f for
OLVs of the voltage magnitudes is set to 0.1 for each time interval (i.e. 90% certainty of
having no OLV).

step 1 : As a first step, the DSO will perform the ANN based analysis of the IEEE
European LV test network for the need of active power flexibility as described in section
4, based on the PDFs of for each of the households. In the simulations performed in this
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Figure 6.7: 90% probability minimum voltage magnitudes over time.
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Figure 6.8: 90% probability maximum voltage magnitudes over time.
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work, the PDFs are normally distributed, where the mean and variance is different for each
household and time interval and fitted from historical data obtained from the Pecan Street
project. The mean values of the household consumption PDFs range from -5,3 to 6,8 kW,
depending on the household and time of the day, whereas the variance goes up to 6 kW2.
The profiles include a significant amount of photo voltaic generation during day time, and
have a high peak load in the evening. From the resulting outputs of the ANN, the DSO
will determine for each time interval whether the probability of any OLV occurring in the
network is acceptable or not. If not, the DSO determines the required change in nodal
voltages (or other system states) for that time interval together with the sensitivity with
respect to changes in active power..

step 2 : For benchmarking purposes, the DSO also performs Monte Carlo based PPF
network for the DA 24-hour period, using three phase unbalanced load flow calculations [4].
The Monte Carlo simulations for each time interval take 10.000 samples from the PDF of
the power consumption of the connected households. Again, from the resulting PDFs of the
system states (i.e. nodal voltages and branch currents), the DSO will determine whether the
probability of OLVs occurring in the network is acceptable and if not also determine the
required change in system states and sensitivity.

step 3 : The results of step 1 and 2 are sent to the DSM application, which will optimise
the flexibility that is made available by end users according to the optimisation problem of
the DSM application. As stated, for the numerical simulations carried out here, the objective
is to achieve fair power sharing amongst the end users that can reasonably contribute to
solving a specific OLV, as discussed in chapter 5. For each appliance in the optimisation,
additional constraints can be set such as described in chapter 5.

step 4 : As a final step, the effectiveness of the allocated flexibility is assessed. The
allocated flexible power comes on top of the original base load, which was represented by
the PDFs of the power consumption of the households. As this base load will still have the
associated uncertainty after allocation of the flexibility, the resulting changes in active power
∆P t of the optimisation is added to the original power values of the PDFs of the household
consumptions. After this there is a final verification in the simulation, for both the PPF
approach as well as the ANN approach. It should be noted that this is just for performance
assessment purposes. During the final verification, for both the PPF approach as well as the
ANN approach, a Monte Carlo simulation is carried out, with the only difference that the
input samples from the PDFs are now shifted over ∆P t, where ∆P t is either the result of
the PPF approach or the ANN approach. The overall results of the simulation are discussed
in the next paragraphs, starting off with the benchmarking results.

benchmarking results using ppf For each of the Monte Carlo simulations
within the benchmarking PPF approach, the minimum respectively maximum values out
of the combined voltage vectors of the three phases [V t,l

a ;V t,l
b ;V t,l

c ] and [V t,u
a ;V t,u

b ;V t,u
c ] are

determined for each time interval t and their probabilities are displayed in Figure 6.7 and
Figure 6.8 respectively. In other words, Figure 6.7 displays the probability of the lowest
voltage according at any node or phase within the network. Also shown is the probability
of having a lower or equal voltage of exactly f . That means that there is a 90% chance
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that there will be no lower voltage than the displayed value anywhere in the network. If
the displayed value is lower than the voltage limit, there is a higher than 10% chance for
undervoltages.
Similarly, Figure 6.8 displays the probability of the highest voltage of any node or phase,

including the probability of having a higher or equal voltage of exactly f , (i.e. there is a 90%
change that there will be no higher voltage and a higher than 10% chance for overvoltages if
the displayed value is higher than the voltage limit). The dashed blue lines give the voltages
as they would be when no DSM is applied, whereas the solid blue lines give the voltages after
applying the DSM optimisation. It should be noted that the displayed values can relate to
any node and phase in the network, where this can be a different node at each time interval
and even before and after DSM. It cannot be seen from the graphs which node is concerned,
as this is changing over time depending on the loading of the network.
From the figures Figure 6.9 and Figure 6.10, we can derive that the network is expected

not to be able to facilitate the large amount of photo voltaic generation on a sunny day as
installed for this configuration, nor the energy intensive loads that run in the evening, as
there is a higher than 10% probability of having overvoltages during the middle of the day,
and under voltages during peak hours in the evening. During the remainder of the day, there
is a less than 10% probability of having OLVs, as the displayed voltages are below the limit.
After applying the DSM optimisation, we can see that all OLV have been (nearly) resolved,
reducing the probability of OLVs for the voltage magnitude to below 10% at nearly all times.
Again, some deviations or small OLVs do remain, which is due to the linearization process
of the network sensitivity, and the probabilistic uncertainty in the PPF. Deviations from the
linearization process occur especially when the network becomes highly unbalanced, as is the
case during the photo voltaic infeed. Nevertheless, it can be seen that the DSM application
is most of the time slightly conservative, overcompensating more when there is a more severe
OLV. This can be considered as a good property, as with this the system operations on the
safe side. In the rare event that a small OLV will remain after time horizon DSM, additional
corrective real-time DSM can be triggered based on state estimation of the actual system
states.

results using the artificial neural network In the previous subsection,
from the results the PPF based approach has been shown to be effective for reducing the
probability of OLV to acceptable levels on a DA basis. In this paragraph, the performance of
the ANN based approach is discussed, where the results are presented in Figure 6.9 for under
voltages and in Figure 6.10 for over voltages. This time, only the voltage corresponding with
a probability exactly f is shown. Similar as in Figure 6.7 and Figure 6.8, as soon as this
voltage crosses the indicated voltage limits, the probability of having a OLV is higher than f
and flexibility needs to be procured. In the figures, again the dashed blue lines represent the
voltages before DSM, whereas the solid blue lines are for the voltages after DSM using the
PPF approach. Finally, the red lines are for the voltages after DSM using the ANN based
approach. The insets give a detailed comparison between both approaches during the hours
at which OLVs take place.
From the figures, it can be seen that the ANN based approach resembles the performance

of the PPF approach in a good way, and in this simulation is especially accurate for the
over voltages. During the evening hours where under voltages occur, in the second half of
the under voltage period a situation occurs in which the deviation from the PPF approach



82 grid supportive demand side management

0 6 12 18 24
Time [h]

195

200

205

210

215

220

225

230

235

M
in

 v
ol

ta
ge

 m
ag

ni
tu

de
 [V

]

90% before DSM 
90% after PPF DSM 
90% after DL DSM 
Min voltage limit

18 19 20 21 22
200

205

210

215

Figure 6.9: Under voltage comparison between the PPF and ANN approach.
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is higher (although more accurately to the limit). Here, the occurring loading configuration
was insufficiently present in the training data for the ANN, resulting in the lower accuracy.
This can be improved by retraining the ANN with more similar situations as occurring here.

execution and training time As has been discussed, the PPF approach is
computationally intensive, despite the many works in literature improving its efficiency. If
a DSO needs to carry out DA PPF calculations for its complete distribution network, this
might require significant computational power. Notwithstanding the large computation
time for the PPF approach, one may argue that, as the time horizon preventive DSM as
proposed in this work runs on a DA/ID basis and not in real-time, computation time is not
a top priority. However, as predictions on the load probability density functions tend to be
more accurate closer to the time of delivery/consumption, deferring the procurement of
flexibility by the DSO as much as possible is important. Besides, also the DSM application
itself should be allowed time to perform its optimisation. For the numerical simulations
performed in this work, the PPF and DSM optimisation for the 1440 time intervals takes
over two hours on an Intel Core i7-4790 CPU, excluding the verification step in step 4. Of
course, the computation time is strongly dependent on the number of time intervals for
which a OLV is expected. For the ANN based approach, the computation time reduces
strongly to just under 15 minutes, fully because of the fast evaluation of the ANN. Besides
the execution time, the ANN also requires training time. By training the ANN on a Nvidia
GTX 1080 Ti graphics card, within one hour training the mean squared error of the
voltage magnitudes drops below 0,12 V2 using the mentioned gradient descent algorithm.
It should be mentioned however, that the choice for the number of layers and neurons for a
particular network configuration might require repeated retraining of networks. Finally,
preparing the training data set might require way more time than the training itself. Still,
each of these tasks are in principle a one-time exercise that will save considerably on the
computation time during operation of the presented grid supportive DSM approach.

6.4.3 Simulation results including models of flexible appliances

As a final result, the simulations including models of flexible appliances from chapter 5 are
presented including time dependent constraints as discussed in chapter 5 within the 24-hour
time horizon. Again, predictions of the base load have been constructed as the average over
several years of historical load profile data. The load profiles are again obtained from 15-
minute interval household measurements on June 21st 2015, published by the Pecan Street
project. Regarding the other flexible appliances, each household is equipped with a battery
storage system with a round-trip efficiency of 90% and a charge/discharge power of 1,85
kW. Furthermore, each household owns an electric vehicle, that is connected to the grid at a
randomly generated arrival time (though mostly in the late afternoon/early evening), after
having driven a uniform distributed randomly generated distance up to 60 km. Each electric
vehicle needs to be fully charged the next morning at 8:00 h and has a maximum charging
rate of 3,7 kW. Time shiftable appliances are left out of these numerical simulations, as the
many binary variables result in a too high computational complexity. The overall simulations
now take place in the following sequence.
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step 1 : As the first step, the aggregator performs an initial optimisation of the available
flexibility to produce the initial schedule of flexible appliances xa,init over a 24 hour time
interval. For the numerical simulations presented in this work, we choose to optimise the
first schedule according the market optimisation as discussed in chapter 5. For this, the DA
price vector has been obtained from the Dutch DA spot market EPEX (hourly prices) as
displayed in Figure 6.11. Following this, the IEEE European LV test network is analysed
by the DSO for the 24-hour period using three phase load flow calculations [4], applying
different base loads and the scheduled flexibility to each household.
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Figure 6.11: DA spot market price.

0 6 12 18 24
Time [h]

-3

-2

-1

0

1

2

3

4

O
ve

ra
ll 

gr
id

 lo
ad

in
g 

[W
]

105

Uncontrolled profile
Profile after 1st DSM opt.
Profile after 2nd DSM opt.
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Figure 6.13: Comparison of minimum occuring voltage before and after DSM.
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Figure 6.14: Comparison of maximum occurring voltage before and after DSM.
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step 2 : From the 24-hour period load flow simulations, the DSO determines for each
15-minute time interval whether any OLVs occur in the network. If so, the DSO determines
the required change in nodal voltages, together with the sensitivity matrices that describe
what linear combination of active power flexibility will solve the OLV at hand.

step 3 : This information is sent to the DSM application, which will optimise the
available flexibility that is available from end users for a second time. This time, the
chosen objective is to achieve fair power sharing amongst the end users that can
reasonably contribute to solving a specific OLV, again according to the optimisation
objective the DSM pursues. With this, the overall optimisation takes care of resolving the
OLVs, while spreading out the burden for solving these problems over different customers.

step 4 : As a final step, the results of the optimisation are put back in a new load flow
simulation, to check the effectiveness of the applied algorithms. The overall results of the
simulations are discussed in the next paragraph.

results including flexible appliances Figure 6.12 displays the resulting
loading of the network, being the sum of all household productions and consumptions over
time. It should be emphasized that the overall loading gives some indication for voltage
OLVs, but no guarantees as the voltages highly depend on the geographical location of the
loading. Therefore, the same total loading might result in different voltages depending on
the locations. The blue lines indicate what would have been the profile when no flexibility
was used, i.e. all flexible appliances run on the first occasion possible. Furthermore, the red
lines correspond with the profile after the first DSM optimisation, whereas the yellow lines
correspond with the profile after the second DSM optimisation. Figure 6.13 and
Figure 6.14 respectively display the minimum and maximum voltage magnitudes that
occur throughout the network in either of the phases over time. From the figures, we can
derive that the photo voltaic infeed only causes some slight overvoltages around noon,
which are resolved after the grid supportive DSM using the local storage installations.
During the evening peak load, we can see that the uncontrolled profile causes significant
undervoltages, especially caused by the high number of electric vehicles plugged in. After
the first DSM optimisation, this is mostly resolved, as the DSM shifts the charging to low
prices during night time (i.e. the next morning, visible is the charging from the previous
day). However, this causes an even higher peak load during those hours. Nevertheless, this
gets nicely resolved after the second DSM optimisation, where the DSO calls for flexibility
to resolve these network issues. Some deviations or small OLVs do remain, which is due to
the linearisation process of the network sensitivity.

6.5 conclusion

The results presented in this chapter show the effectiveness of exploiting active power
flexibility in DSM to resolve specific geographic OLVs in distribution networks in real-time,
as well as to procure time horizon-flexibility for reducing the probability of expected
operation limit violations to acceptable levels. For the latter, the ANN based approach
offers a significant benefit over the PPF based approach in terms of computational
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complexity. Finally, the effectiveness of the proposed approach has also been demonstrated
while taking into account advanced models of flexible appliances as presented in chapter 5.

Nevertheless, many possibilities for further research are still open at this point. First of
all, apart from the currently used limits on nodal voltage magnitudes and branch currents,
various other power quality related limits can be specified by the DSO to the DSM
application, like for example on the voltage unbalance factor. Finally, additional work is
required to deal with situations in which the constraints for resolving operation limit
violations by the DSM application are infeasible due to limited end user flexibility. A
future solution should reformulate the optimisation problem such that, although the DSM
application cannot completely resolve all problems, it can at least help in reducing the
problems as much as possible.





7TEST -BED FOR PERFORMANCE ASSESSMENT

As discussed in the previous chapters, advanced monitoring and control applications
(monitoring and control applications) need to be developed to optimise the operation of
the distribution network. These control applications make use of the actual estimated
system states from state estimation algorithms, as well as predicted system states based on
forecast information to come up with optimal set points for local controllers such as OLTC,
(droop-control of) inverters, SoC of batteries and the set points for grid supportive DSM.
Although the development of monitoring and control applications for distribution networks
is progressing rapidly, the performance assessment of these monitoring and control
applications is still a challenging task. On the one hand, testing the applications in a field
test can be risky and expensive [12]. Besides, for assessing the performance of monitoring
applications (e.g. state estimation) in a field test, another challenge is to determine the
true system states of the network. Measurements of the system states that can serve as a
reference are vulnerable to inaccuracies, and above all difficult to take and communicate to
a single processing unit. Therefore, the development of grid monitoring applications and
control functionalities in low voltage distribution networks calls for advanced simulation
tools for performance assessment of these applications. The role of stringent testing in
combination with in-depth simulation becomes increasingly important to maintain the
current level of quality of supply. On the other hand, due to the different nature of the
simulation domains involved (e.g. power systems, communication systems and newly
developed monitoring and control applications), advanced simulation architectures are
required that can accurately mimic the behaviour of each individual domain. Examples of
these domains are continuous time simulations for the power system domain and event
driven simulations for communication systems and control applications. This grows the
need to carry out experiments and qualification tests with complex integrated simulation
testbeds for the evaluation of smart grid frameworks as discussed in chapter 3. For this,
multi-domain simulation solutions have been proposed. Multi-domain simulation
environments often make use of co-simulation [102–106], in which specialized simulation
solutions run in parallel, using custom designed interfaces for the exchange of relevant
information [107, 108]. Usually, these simulation environments involve simulation solutions
for the physical power system domain, the communication system domain and finally the
application domain. The last category involves the monitoring and control applications
running on top of the power system, often consisting of local sensing and controlling
capabilities in combination with distributed intelligence or multi-agent systems.
Co-simulation can be a challenging task due to the different nature of the simulation
domains involved [12, 23]. Therefore, often these co-simulation solutions make use of
special designed schedulers to keep each of the simulation domains synchronised. Examples
of multi-domain co-simulation solutions can be found in [102–106]. The main limitation of
the existing simulation solutions relates to the validation process itself. For example, to
assess the performance of monitoring applications, the estimated system states are often
compared with ones generated from software simulations, in order to determine the error
in the estimation of the system states. In this, usually the power system model used for the

89
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state estimation is exactly equal to the power system model for the power flow calculations
used as a reference. In reality, the model used for the state estimation can deviate
significantly from the real network due to a wide range of factors, including temperature,
mutual coupling and physical locations of the cables. Accounting for these deviations in
the model used for the power flow is difficult since these deviations are often unknown.
Therefore, in the traditional approach of state estimation performance assessment, only the
inaccuracies of measurements and communication systems are taken into account, whereas
inaccuracies of the power system model that is an input to the state estimation, are left
out. One can argue that to overcome uncertainties in the power system models used, the
models could be validated and tuned using data from real-world feeders. However, another
approach to overcome this, is by using Power Hardware-in-the-Loop (PHIL) simulations
[109] that include a real physical low voltage feeder. The benefit of this approach is that
PHIL testing allows equipment and applications to be validated in a virtual power system
under a wide range of realistic conditions, repeatedly, safely and economically. It combines
the power of real-time simulation with the actual response of real power and control
hardware components. By PHIL simulations, a real physical feeder can be made part of a
larger simulated distribution network. For this, the physical feeder is connected to a
Real-time Simulator (RTS) for power systems using a PHIL-interface. The integration of a
physical feeder within a large simulated network by means of a PHIL-interface gives the
advantage that the applications under test can be verified for scalability on the large
simulated network, but also for accuracy and deviations in the models of the power system,
measurement system and local controllers. Another advantage of a real-time PHIL
simulation system is that additional simulators for other simulation domains can easily be
integrated within the real-time environment.
To this extent, this chapter presents the development of a testbed for the performance

assessment of monitoring and control applications based on the work in [75, 110], by using a
PHIL-simulation architecture for distribution networks. This involves interfacing the RTS for
simulating a large distribution network in real-time with a real physical feeder, measurement
equipment, a data acquisition and processing system and the various monitoring and control
applications under test. This feeder includes various types of real loads and inverters that can
emulated electric vehicles or distributed energy resources. From here, the true (synchronised)
system states of the combined software and hardware simulated network need to be known
with a high accuracy and made available for processing purposes, such that the monitoring
and control applications can be verified. Specifically, the testbed involves the inclusion of a
physical three-phase feeder in a larger simulated distribution network, including household
equipment, batteries, PV and inverters as well as local measurement equipment. This allows
to create a realistic but cost effective testbed in which the true system states of the whole
network (i.e. the physical feeder and larger simulated network on the RTS) can accurately be
captured in real-time to allow for comparison with monitoring and control applications under
test. By doing so, one can realise accurate performance assessment of monitoring and control
applications in terms of both accuracy as well as scalability. On the one hand, the physical
feeder allows to verify the performance and effectiveness in terms of accuracy in higher detail
compared to the commonly used simplified simulation models. On the other hand, the larger
simulated network on the RTS allows to test scalability due to its capabilities for simulating
a large number of nodes in real-time. As a final advantage, the PHIL-simulation architecture
creates the possibility for integration of different real-time simulation domains. Measurement
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equipment and local controllers installed in the physical feeder and interfaced with the RTS
can be coupled with a real or simulated communication network and the application domain
to allow assessment of communication delays, performance of distributed intelligence etc.
The work presented in this chapter involves the design and validation of the discussed

testbed, followed by a case study in which the performance of the branch current state
estimation algorithm as discussed in chapter 4 is evaluated using the PHIL-simulation
architecture. This serves as an illustrative example on how the testbed can be used for
performance assessment of monitoring and control applications in distribution systems,
where further work will be required to validate the full framework as discussed in chapter 3
on the simulation environment.

7.1 real-time phil-simulation overview

This section gives an overview of the various components involved in the PHIL simulation
platform. A simplified overview of this simulation platform can be seen in Figure 7.1. In here,
the three-phase distribution network along with the monitoring and control applications
under test are displayed. The three phase distribution network used in the PHIL testbed
can be divided into two parts: 1) a dynamic power system simulated in software using a RTS,
and 2) a physical feeder involving various households (i.e. real cables, loads and distributed
generation) interfaced with the software simulated network. By means of a PHIL-interface,
which serves to amplify the digital power signal from the RTS and feed it to the feeder, the
physical feeder is made part of the larger simulated network. As stated in the introduction
section, this allows to evaluate the performance of monitoring and control applications for
large networks, while simultaneously taking into account the inaccuracies of the network
model (for the physical part of the network). A Data Acquisition and Processing (DAP)
system has been designed that acquires all the true system states from the total emulated
distribution network (i.e. both the simulated part on the RTS, as well as the physical feeder).
Using the true system states acquired by the DAP, both the estimated system states from
monitoring applications, as well as the effectiveness of control applications, can be evaluated.
Tough the DAP acquires the system states from all nodes, in Figure 7.1 the dashed lines
from some nodes to the DAP have been left out to keep the figure uncluttered.
As the simulation platform consists of both software and hardware simulation, the full

set of system states consists of system states simulated in real-time by the RTS, as well
as the actual system states of the physical feeder. A very important consideration in this
chapter is the difference between measurements for determining the true system states, and
the measurements that serve as input for the monitoring applications. On the one hand, the
measurements that reflect the true system states are collected by the DAP system and have
the highest accuracy possible, because they serve as the reference for assessing monitoring
and control applications. On the other hand, another set of measurements exists, that forms
the input for the monitoring applications. This set of measurements might have less accuracy
(or just consist of mainly pseudo-measurements), because often it is considered to be unlikely
that distribution network operators will deploy a large amount of high accuracy sensors in
their network. From this point, the measurements taken by the DAP used as a reference
will be indicated with a subscript d. Measurements used by the monitoring applications will
be indicated with a subscript m. Finally, the subscript s refers to measurements taken from
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the part of the network that is simulated on the RTS, whereas the subscript p refers to
measurements taken from the physical part of the network.

7.1.1 Software simulation

The software part of the simulated three-phase distribution network runs on an OPAL-RT
OP5600 eMEGAsim real-time simulator. The RTS is capable of simulating a full three-
phase distribution network and outputting the simulation results as analogue and digital
signals in real-time. The models of the simulated network are implemented in Simulink
and afterwards compiled to run under the Redhat real-time operating system. The models
can provide information on the three-phase phasors of nodal voltages and branch currents,
as well as simulations of the dynamic system states. The model makes use of three-phase
distributed parameter lines for accurate modelling of the power line branches, including
distributed parameters for the line impedance, capacitance and inductance, as well as the
mutual coupling between the lines. For the modelling of the loads and distributed energy
resources, the simulation can deal with constant current, constant impedance and constant
power loads with varying load profiles over time. Detailed information on how these power
system models can be implemented and how they are compiled on the RTS can be found
in [106]. From the real-time simulations, the true system states of the network are derived.
As will be detailed in section 7.2, the vector of all simulated nodal voltages magnitudes V n

d,s
of all simulated nodes ns, branch currents magnitudes Ib

d,s of all simulated branches bs and
their corresponding angles δn

d,s and αb
d,s will be communicated by the RTS in real-time with

the DAP over a UDP connection.

Real-time simulation on OPAL-RT eMEGAsim
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Figure 7.1: System overview of the PHIL-simulation platform.
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Figure 7.2: Interfacing the physical feeder within the Cigré benchmark network [111].

7.1.2 Hardware emulation

As introduced, the hardware emulation allows to study the behaviour of a real physical
household feeder within a larger distribution network. The physical feeder itself is a three-
phase household feeder installed in the TU/e Smart Grid lab. It is composed of 12 nodes
and 11 branches in total, with six house installations tapping off the feeder as displayed in
Figure 7.2. The house installations are equipped with photovoltaic simulators and inverters
for emulation of other distributed generation, as well as controllable loads that can emulate
various types of appliances. All this concerns real hardware that exchanges actual power
(active and reactive) with the feeder. This way, the set-up represents a typical feeder for
household installations and therefore allows realistic simulation of such networks, including
the connected equipment and their dynamic behaviour under stressed conditions. Similar
to the network part simulated on the RTS, the true system states need to be captured and
acquired by the DAP. For this purpose, high accuracy measurement equipment has been
installed at each of the nodes. This measurement equipment captures all simulated nodal
voltages magnitudes V n

d,p of all physical nodes np, branch currents magnitudes Ib
d, of all

physical branches bp and their corresponding angles δn
d,p and αb

d,p.

7.2 interfacing hardware and software simulation

In order to make the physical feeder part of the larger simulated network, a PHIL-interface
is required between the RTS and the physical feeder as displayed in Figure 7.2. Using this
PHIL-interface, the physical feeder is virtually connected to one of the nodes of the larger
simulated network using a power amplifier. The virtual node in the larger simulated network
to which the physical feeder is connected is called the PHIL-connection node, indicated as cn.
Similarly, the first branch of the physical feeder is called the connection branch, indicated
as cb. The purpose of the PHIL-interface is two-fold: 1) it allows to apply the (dynamic)
voltage at the PHIL-connection node as simulated by the RTS to the starting point of the
physical feeder; and 2) the resulting current flow though the feeder is measured, where the
measurement values are send to the RTS and applied to a simulated current source connected
to the PHIL-connection node. The full lab implementation of the resulting implementation
as described in the next subsections is displayed in Figure 7.3.
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Figure 7.3: Overview of the LV feeder with 6 house installations (left), interfaced via the inverter
(right) with the RTS. The DAP implemented on the CompactRIO in between household
3 and 4 shows the system states of the LV feeder on the screen.

7.2.1 Power hardware-in-the-loop interface

As detailed in [112], proper design of the PHIL-interface is required in order to prevent
stability issues. These stability issues, for example due to small distortions of the power
amplifier output, depend on the interface impedances and time delays in the control loop.
The work in [112] gives practical recommendations for the design of the PHIL-interface,
especially with respect to the interface algorithm [107, 112, 113]. The interface algorithm
determines which signals are exchanged between the RTS and the power amplifier
connected to the physical feeder. Different interface algorithms are compared such as the
Ideal Transformer Method (ITM), time-variant first-order approximation, the transmission
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line model, partial circuit duplication method and the Damping Impedance Method (DIM).
The DIM interface algorithm is recommended for most PHIL applications, due to its good
stability when a proper damping impedance is selected. However, to implement the DIM
interface algorithm properly, it would require detailed knowledge of the physical feeder and
all hardware connected to it. As many of the future appliances and local controllers are
expected to have non-linear behaviour, implementing the DIM is a straightforward
procedure. It would imply a detailed model of all the connected components, which would
partly defeat the purpose of PHIL-simulations. Therefore in this implementation, the
straightforward ITM interface algorithm has been selected as the approach for
implementing the PHIL-interface. This has obvious limitations for the system stability, but
also advantages in terms of accuracy. This can be extended with online identification of the
dynamic impedances [113, 114] to improve the stability of the PHIL-simulation testbed.
The ITM interface algorithm is established using two three-phase inverters as displayed

in Figure 7.4, operated by a real-time target computer that runs several models for
controlling the PWM signals for the half bridges of two inverters. These inverters are
connected with each other by a shared DC-bus. The real-time computer receives
instantaneous measurements of both voltages and currents of the inverters. The first
inverter takes power from the public grid and charges the DC-bus. A PID controller
implemented on the real-time computer controls the PWM signal to keep the DC-bus
stable charged at a fixed voltage. The second inverter takes power from the DC-bus to
supply the AC voltage of the connection node V cn

d,s as simulated by the RTS to the starting
point of the feeder. The real-time target continuously receives the set points for V cn

d,s from
the RTS over a fibre optic connection and converts them using a PID control-loop to the
right PWM signal for the inverter. This way, V cn

d,s will match V cn
d,p which is by definition

equal to V 1
d,p (i.e. the first node of the physical feeder). As a result of the applied voltage,

depending on the installed loads and generation in the households, a current Icb
d,p will flow

through the connection branch. In order to fully integrate the physical feeder into the
larger simulated network on the RTS, this current needs to be injected (negative) to the
simulated connection node as well. Therefore, the real-time target receives high accuracy
measurements of the currents Icb

d,p flowing through the feeder and forwards these as
set-points to the RTS. The RTS applies the current set-points to a three-phase simulated
current source connected to the PHIL-connection node, in order to establish the right
current injection Icb

d,s into this node. With this, Icb
d,s will be equal to Icb

d,p and by definition
equal to I1

d,p (i.e. the first branch of the physical feeder). Overall, the inverters are capable
of supplying/absorbing 17 kVA to the physical feeder with a maximum switching frequency
of 16 kHz, allowing to control harmonics up to the 16th harmonic. Now assuming that the
interface has a unity gain of the control bandwidth from V cn

d,s to V cn
d,p+ and Icb

d,p to Icb
d,p

except for a small delay, the stability of the system is determined by the ratio of interface
impedances at both sides of the interface. As long as the ratio of the simulated impedance
over the physical impedance is smaller than unity for linear loads, the loop transfer
function of the overall system satisfies the Nyquist criterion for stability. For non-linear
systems it may be required to apply the Popov circle criterion in order to check for system
stability.
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7.2.2 Data acquisition

In order to be able to assess the performance of monitoring and control applications [115],
the DAP system has been designed such that it can capture the true system states of the
PHIL simulation platform in real-time, combining the system states of both the physical
feeder as well as the larger simulated distribution network on the RTS. The DAP system
is implemented on a National Instruments cRIO-9038 system, which is a combination of
an embedded cRIO controller with a real-time processor and reconfigurable FPGA. The
implementation of the DAP system is divided into the data acquisition executed on the
FPGA target, and the data processing and performance assessment executed on the real-
time processor. For the data acquisition for the physical feeder, high precision measurements
of magnitudes and angles for both voltage and current are taken in each of the three phases
at each node. The three phase voltages of each node are measured directly using NI 9225
Analog to Digital Converter (ADC) modules which provide 24 bits of resolution over the
range of 300 VRMS. For the current measurements, Allegro Microsystems’ ACS 712 hall-
effect based current transducers are used, providing a linear output voltage proportional
with the sensed current. A calibration correction is applied in the software running on the
cRIO, based on a piece-wise linearized correction factor over the measurement range of the
sensor. The output of the ACS 712 is connected to a NI 9234 ADC module which provides
24 bits of resolution over the range of 5 VRMS. An in depth description of the DAP system
can be found in [110].

7.2.3 Synchronisation of RTS, DAP and physical feeder

The measurements of the physical feeder are complemented and synchronised with the
simulated system states from the RTS, which are exchanged in real-time over a low latency
UDP connection. Both the DAP and the RTS have access to measurements of the
connection node. Therefore, synchronisation of the voltage angles in the physical network
and the simulated network is carried out by taking the connection node as a reference. The
DAP calculates all the system states of the physical feeder with respect to the voltage
angle of the physical connection node. Before sending the simulated system states to the
DAP, the RTS calculates all simulated system states with respect to the angle of the
physical connection node. Similarly, when outputting an analogue waveform to one of the
analogue output ports, the angle of the waveform is synchronised with respect to the angle
of the physical connection node. This also allows monitoring applications making use of
synchronised measurement equipment like phasor measurement units.

7.2.4 Data processing

Out of the real-time data received from the measurements and the RTS, filtered waveform
signals is created. Out of the voltage and current waveforms, an arithmetic loop calculates
active power, power factor, RMS voltages and currents as well as the voltage and current
angles and harmonics. From here, the system states as estimated by (PHIL) grid monitoring
systems can be compared with the true system states, or in a similar way, the effectiveness
of (PHIL) control algorithms can be assessed by comparing the controlled reference with the
true system states. The DAP system presents all this information in a user friendly, easy
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to understand format and provides error calculations between the true system states and
the estimated system states from monitoring applications or reference system states from
control applications. All the data can be made available in real time to other applications
over a TCP/IP connection.

7.3 monitoring and control applications

Based on the data of the true system states for both the physical feeder, as well as the
larger simulated network on the RTS available at the DAP system, monitoring and control
applications can be added on top of the simulation platform. To this extent, the
monitoring applications like state estimation need to be interface with their own
measurement equipment that is deployed in the network. Similarly, control applications
need to be interfaced with controllable devices, such as on load transformer tap changers,
controllable inverters for batteries or PV systems, or even demand side management
programs and local energy/flexibility markets.

7.3.1 Measurement equipment

The measurement equipment used as an input for monitoring applications consists of four
types: 1) measurement equipment that is simulated using a model on the RTS, 2) real
measurement equipment that is interfaced with the analogue outputs of the RTS, where each
output is mapped to a particular simulated system state, 3) real measurement equipment
that is installed in the physical feeder and 4) pseudo-measurements. As the last category is
usually embedded within the monitoring applications itself, here we only describe the first
three categories. For the measurement equipment that is simulated using a model on the RTS,
the measurement models include stochastic simulation of measurement magnitude errors,
as well as time delays. Depending on the type of measurement equipment modelled, the
measurements could for example include magnitudes of nodal voltages V n

m,s, branch currents
Ib

m,s or nodal power injections Pn
m,s and Qn

m,s, as well as phasor measurements including
angles δn

m,s and αb
m,s, in case the modelled measurement equipment includes synchronisation.

The modelled measurement equipment can implement TCP/IP sockets to communicate with
its own dedicated protocols to communicate with the monitoring application for exchange
of the measurement results. These TCP/IP sockets can be interfaced with a communication
system simulator to model the communication channel between the measurement equipment
and the monitoring application. The physical measurement equipment that is connected to
the analogue outputs of the RTS is exactly equal to the measurement equipment as it
would be deployed in the field, apart from that it will measure a scaled down voltage of
+/- 10 V instead of the original quantity. The advantage is that this way the measurement
equipment is real, instead of relying on models. The analogue output port of the RTS can be
mapped to whatever quantity at whatever location of the simulated network. Similarly to the
simulated measurement equipment, the physical measurement equipment can be interfaced
with a communication system simulator or a real communication system. The third category
concerns the use of real measurement equipment within the physical feeder. In contrary to the
measurement equipment interfaced with the RTS, the measurement equipment now measures
the real voltages, currents or power within the physical feeder. Again the communication
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interfaces of the measurement equipment can be coupled to a real communication system or
a communication system simulatior.

7.3.2 Local controllers

Control algorithms for set points of circuit breakers, on-load transformer tap changers,
reactive power control of inverters or the usage of demand side management programs, can
cope with faults or specific problems of overloading or violation of various network
operation limits. Similar to measurement equipment, three types of controllers can be
included in the testbed. Hardware controllers can be installed within the physical feeder,
as well as interfaced with the analogue/digital I/O of the RTS for interacting with the
simulated part of the network. Besides, models of the controllers can run on the RTS itself
as well. From there, the effectiveness of the developed control applications can be verified
by comparing the intended response with the actual response as derived from the true
system states of the network acquired by the DAP.

7.4 validation of the simulation testbed

In order to validate the presented PHIL-simulation platform, in this section some
numerical results on the functioning of the platform are presented. To this extent, the
Cigré LV benchmark network [111] has been extended with the physical feeder of the TU/e
Smart Grid lab, as displayed in Figure 7.2.
A time horizon simulation of 15 minutes has been carried out for the combined network of

both the simulated and physical part. Just two loads have been included for this simulation,
one in the simulated part of the network and one in the physical part of the network.
This way, the correlations between the voltage occurrences at different nodes and the power
consumptions of the loads are clearly visible. The first load is a constant power load indicated
as load 5. The second load is a constant impedance load indicated as load 11. The load
profiles of both loads for the 15 minutes are displayed in Figure 7.5. In the figure, a slight
increase of power consumption of the physical constant impedance load can be observed at
the moments that the power consumption of the simulated load drops to zero, causing a
slight voltage rise throughout the network.
The voltages fluctuations as a result of the varying load profiles over time within the

emulated network are displayed in Figure 7.6 for various nodes. These include the voltages
as observed at load 1 and load 5 located in the simulated network, as well as load 6 and load
11 located in the physical network. Clearly visible in Figure 7.6 is that the voltage drops along
the feeder depending on which load is switched on and off. As we would expect, nodes more
downstream in the feeder have a lower voltage. Of special interest is the connection node,
which exists both in the simulated as well as the physical network. As this is considered to be
one node, existing both virtually as well as in reality, the voltage of the physical connection
node as controlled by the PID controller of the second inverter of the PHIL-interface, should
match the voltage of the simulated connection node as good as possible. In order to show
the correct functioning of the PHIL-interface in more detail, Figure 7.7 zooms in on the
voltages of the simulated and physical connection node. The line of the simulated voltage by
the RTS can hardly distinguished from the line of the measurement taken by the DAP from
the voltage as applied by the PHIL-interface to the connection point of the physical feeder.
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Figure 7.5: Power consumption of load 5 and 11.

This indicates that the applied control method for the second inverter is effectively applied
within the PHIL-interface. One can observe that downstream in the physical feeder, some
low frequency oscillations are present (although low amplitude), even though the voltage as
applied at the connection node is very stable. It has remained unclear what is causing these
low frequency oscillations.

7.5 case study: assessment of branch current state estimation

Besides the verification of developed simulation architecture as covered in section 7.4, this
section aims to give a first case study of the developed test-bed by assessing the performance
of a branch current state estimation algorithm by using the PHIL-simulation architecture.
In this, the focus is not on achieving the best state estimation performance possible, but
rather on assessing the performance of the state estimation as best as possible. This way, the
state estimation serves like an illustrative example on how the simulation platform can be
used to assess the performance of monitoring and control applications. The state estimation
algorithm has been applied to the same network as displayed in Figure 7.2.

7.5.1 Simulation set-up

As mentioned, in this thesis the state estimation algorithm is used as discussed in chapter 4.
The measurements used as an input for the state estimation originate from both simulated
measurement equipment as well as physical measurement equipment installed in the physical
feeder. The measurements concern power injection measurements at each of the loads with



100 test-bed for performance assessment

Load number 1 3 5 7 9 11

Mean error
[%]

0,062 0,175 0,329 0,834 0,815 0,778

Table 7.1: Mean error in estimated system state over time for different households.

varying accuracy. Figure 7.8 shows the power profiles over time, where the thick printed
profile is of special interest as will be detailed in the next subsections, as this profile belongs
to household 11 applied in the physical feeder. All the load profiles concern a period of 24
hours.

7.5.2 Practical results

Figure 7.9 shows the mean error between the estimated system states and the true system
states as captured by the DAP, averaged over all nodes of the network, for each time interval
during the 24 hour simulation. One observation is that there is a very clear correlation
between the mean error and the load profile of household 11. A second important observation
can be made from the data presented in Table 7.1 showing the mean error of the estimated
system state over time for different households. The errors in the estimated system states
within the physical feeder are considerably larger than the errors within the simulated part
of the network. When moving closer to the physical feeder, the errors in the simulated
network start increasing. Both observations are a direct result of the fact that when doing
state estimation, the state estimation algorithm makes use of a model of the network to
calculate the best estimate of the system states. As mentioned, this model will not resemble
the true network completely due to inaccuracies in network impedances and other modelling
aspects. In the simulated part of the network, this is not the case as both the power flow
simulation and the state estimation rely on the same model. For this reason, the errors
between estimated and true system states in the real feeder are considerably larger than the
errors within the simulated part of the network. For the same reason, when the loading of
the physical feeder increases, also the mismatch between estimated and true system states
in the physical network increase, due to inaccuracies in the network model. Therefore, there
is a clear correlation visible between the mean error and the load profile of household 11 at
the end of the feeder. Clearly here, the model of the physical part of the emulated network
as used within the state estimation algorithm has a mismatch with the real properties of the
physical feeder, which will inherently be the case for state estimation algorithms deployed
for a real network. These results underline the importance of an accurate model used as the
input for the state estimation algorithm. Using the presented PHIL-simulation testbed, the
influence of deviations between the model and the physical feeder on the accuracy of the
state estimation can be assessed.

7.6 conclusion

This chapter presents solutions for interfacing a physical feeder consisting of several
household installations with a large simulated network on a real-time simulator for the
purpose of performance assessment of monitoring and control applications for distribution



7.6 conclusion 101

0 100 200 300 400 500 600 700 800 900
Time [s]

225

226

227

228

229

230

231

R
M

S
 v

ol
ta

ge
 [V

]
Observed voltages throughout the network

V
load1

V
cnsim

V
cnphys

V
load5

V
load6

V
load11

Figure 7.6: Observed voltage throughout the network.
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networks. To this extent, the design of a PHIL-interface has been presented, that effectively
bridges the gap between the physical feeder and the RTS, combining the two components
into a single distribution network. Using a DAP system all the true system states of both
parts of the network are acquired, allowing to accurately assess the performance of
monitoring applications and verify the effectiveness of control mechanisms. The functioning
of the PHIL-testbed has been shown with practical results and illustrated with a test case
involving branch current state estimation. The results on the test case as presented in this
chapter serve as an illustrative example on the usage of the PHIL-simulation platform. The
PHIL-simulation platform becomes of real interest when more advanced monitoring and
control applications will be under test, that require a high amount of detail in the models
of the power system that is difficult to achieve. This will for example be the case for
dynamic state estimation algorithms or advanced time critical protection mechanisms.
Here, the PHIL-simulation platform will offer the right amount of detail of the emulated
network, as well as the possibility to integrate real devices under test like measurement
equipment and local controllers. Finally, the PHIL-simulation platform can be interfaced
with simulation solutions for other domains like communication systems and artificial
intelligence. Future work will be required to test these applications on the PHIL-simulation
testbed, such that the full framework as presented in chapter 3 can be evaluated.





8DISCUSS ION , CONTRIBUT ION AND CONCLUS ION

The work in this thesis aims to present what changes are required for the operation
paradigm of distribution networks, such that future monitoring and control strategies of
network operators can invoke customer flexibility to prevent and correct specific
geographical operation limit violations in the network. For this, various aspects of network
monitoring, flexibility modelling, risk assessment and the specification of operational
constraints towards demand side management applications have been discussed.
Nevertheless, there are many more aspects that need to be considered and the discussed
contents are not exhaustive. Therefore, this chapter will reflect on the outcomes of this
thesis, do recommendations for further research and summarise the conclusions of this
work.

8.1 discussion and recommendations

The research presented in this thesis is based on strong assumptions on the evolution of
the customer behaviour in LV networks, as well as legal and regulatory restrictions for new
services in the energy supply chain. For these developments, many scenarios are possible,
depending on the political and societal climate. Especially the expected separation in the
roles of aggregators, network operators and demand side management applications might
not be favourable from a technical perspective, but dictated from a political insights. The
in this thesis proposed grid supportive demand side management, with interfaces between
the mentioned actors, will at the moment only work with a single demand side management
application per LV network. As this will likely not be the case in practice, further research
is required for a distributed solution that is able to divide the request for flexibility from the
network operator over various demand side management applications. Also, solutions need to
be found to balance the interests between different actors demanding active power flexibility
from a single demand side management application, like distribution network operators,
transmission network operators and balance responsible parties.
Another challenge that arises from political and societal influences is the access to smart

meter data for distribution system monitoring. Although the EU demands a smart meter
coverage of at least 80%, legislation in the different member states might prevent usage
of their output data by network operators, if they are unable to motivate the necessity for
using the data for the intended purpose. This could result in a lack of accurate measurements
for distribution system monitoring, therefore also preventing control applications and grid
supportive demand side management from being deployed. Related, the large number of
nodes in distribution networks, challenges the application of state estimation algorithms as
the computational complexity will result in lengthy computation times for large networks.
As state estimation is intended to offer situational awareness in real-time, this could be a
potential hurdle for practical application. To resolve this, distributed or parallelised versions
for power flow [116–119] and state estimation [69, 120] have been investigated in literature.
Despite their good convergence performance for distribution networks, applying parallisation
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to the branch current state estimation approach is not straightforward, as it requires a
forward load flow sweep to calculate the nodal voltages during each numerical iteration.
The work in [67] makes a first attempt to come up with a solution for this, but further
research is required to address this problem completely.
Regarding the modelling of active power flexibility as presented in chapter 5, accuracy is

an important issue. If an appliance is scheduled to offer a certain amount of flexibility, it is
expected to fulfil its commitment. All deviations in the modelling of power consumption
compared to its behaviour in reality might lead to new operation limit violations of the
distribution system operator. Here, the trade-off between modelling complexity and
computational complexity limits the accuracy of the models. As discussed, the
decentralised approach can offer a solution for this, as it allows for high complexity models
without seriously affecting the computational complexity. However, the approach for grid
supportive demand side management as presented in chapter 6 cannot be combined with
the decentralised optimisation approach for flexibility scheduling presented in chapter 5.
Therefore, further research will be required that integrates both methodologies and as such
combines the benefits of the grid supportive demand side management as well as the
decentralised optimisation approach. Furthermore, a regulatory framework is required that
charges the responsible actor with the incurred costs in case deviations still remain.
For the probabilistic grid supportive demand side management during the

day-ahead/intra-day period as described in chapter 6, further research is required to come
up with more advanced models for the probabilistic load forecasts. This will allow to fine
tune the probabilistic grid supportive demand side management methodology based on
more realistic distributions of the forecast network loading and to train the artificial neural
networks for these types of distributions. Regarding the application of the artificial neural
network, more advanced instruments need to be developed for the sizing and dimensioning
of the network in order to allow the network operators to easier design a suitable artificial
neural network architecture for preventive grid supportive demand side management in
their networks.

8.2 contributions

Overall, the work presented in this thesis comprises the following contributions:

• The presentation of a framework that incorporates a new interface among the different
actors in the electricity supply chain, allowing to exchange information on operation
limit violations in the network for the procurement of active power flexibility from
demand side management applications.

• The development of a methodology for assessing the balance between distribution
network monitoring and usage of measurement data.

• The modelling of appliance flexibility, such that it can easily be translated to
heuristics for a wide range of demand side management applications, both centralised
and decentralised.

• The development of grid supportive demand side management, for procurement of
active power flexibility for both real-time corrective demand side management based
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on state estimation, as well as time-horizon preventive demand side management based
on probabilistic load forecasts.

• The development of a power hardware-in-the-loop simulation test-bed involving a full
distribution feeder for the assessment of monitoring and control application accuracy.

8.3 conclusion

The energy transition is causing uncertainties in the consumption and production of
electricity and hence causes severe challenges to distribution network operators.
Addressing these challenges calls for a joint effort of all the actors involved in the energy
supply chain, including the customers. This effort should result in changes to the
electricity supply chain and the operation of distribution networks, such that future
monitoring and control strategies of network operators can invoke customer flexibility to
prevent and correct specific geographical operation limit violations in the network. To
support this, an overall framework is presented in chapter 3. The framework specifies the
interactions among the different actors in the electricity supply chain, allowing to exchange
information on operation limit violations in the network for the procurement of active
power flexibility from demand side management applications. This information is based on
the monitoring applications of the distribution system operator, including probabilistic
load forecasts and state estimation. To establish monitoring capabilities in distribution
networks, a trade-off is required between the availability and usage of measurement data
and the accuracy of distribution system state estimation. chapter 4 presents a method for
making such a trade-off and illustrates this by means of a practical case study.

To actually use the flexibility by demand side management applications, chapter 5
presents the modelling of active power flexibility of household appliances. Here, the
resulting constraints on the possible schedules for these appliances are designed such that
the flexibility is modelled realistically, enabling easy translation of the constraints for a
wide range of optimisation strategies of the demand side management applications
practically feasible. Also a distributed optimisation approach is presented, featuring
benefits in terms of computational complexity, compatibility and ease of integration. To
exploit the flexibility for the purpose of preventing and correcting operation limit
violations occurring at specific geographical locations in the network, chapter 6 presents an
effective method that allows distribution system operators to specify the operation limit
violations they are facing and what linear combinations of active power flexibility can
address them. The resulting two-stage approach allows to prevent operation limit
violations from occurring by reducing the risk for operation limit violations to an
acceptable threshold using a predictive probabilistic approach, as well as to correct
operation limit violations in real-time that are detected based on state estimation of the
network. Also when including the constraints for modelling the appliance flexibility of
chapter 5, the proposed approach is demonstrated to be effective using a practical case
study.

Finally, chapter 7 presents the developed PHIL simulation test-bed, including a full
distribution feeder in the simulation loop. This allows to create a realistic but cost effective
testing environment in which the functioning of the monitoring and control applications
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can be verified. The presented architecture is demonstrated by a practical caste study on
the performance assessment of the in chapter 4 presented monitoring methodology for
distribution networks and illustrates the need for such kind of simulation environments.



AAPPENDIX

a.1 distribution feeder

All the simulations carried out in this work have been performed on the IEEE European
LV distribution network [121]. This is a three-phase distribution network counting 117
nodes and 116 branches with specified line parameters and 55 households tapping of the
feeders, as displayed in Figure A.1. The model has been implemented in MATLAB, where
all simulations comprise a fully unbalanced approach, including the possibility for adding
mutual impedances and nodal shunt admittances. Power flow simulations are implemented
using a three-phase unbalanced back end forward sweep approach as described in [4].

Figure A.1: IEEE European Low Voltage distribution network.
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