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Summary
The ongoing energy transition towards a more sustainable energy supply has
far-reaching effects on the power system.
On the generation side the
incentivization of renewables is leading to a growth in the number of distributed
energy resources connected to the electricity network. An increasing number of
smaller scale renewable generators such as wind turbines and solar photovoltaics
(PV) are being connected at medium and low voltage level changing the
previously unidirectional power flows to bidirectional flows. Moreover, as a
growing share of the generators is dependent on the weather, which makes their
power output less predictable and controllable, the traditional balancing approach
where generation follows load becomes harder to maintain.
Also on the demand side the energy transition will have an impact, causing
changes in energy use and network load. The majority of residential energy
consumption is spent on transportation and heating, of which the vast majority
are currently powered by (fossil) petroleum fuels or gas respectively.
Sustainability incentives and maturing of technology are giving way to the
increased adoption of electric vehicles (EV) and heat pumps (HP), leading to an
electrification of these two major energy streams of households. This will lead to
significantly increased electricity flows and, due to a high simultaneity and rated
power, to higher expected peak loadings in the network.
In order to allow for a smooth energy transition towards a sustainable power
system, the electricity network must be ensured to be able to cope with the
increasing and more stochastic electricity flows. As the networks were mainly
dimensioned using traditional forecasts extrapolated from historical data, they
might not suffice for these changing conditions. Moreover as many of the
developments are taking place at the household consumer level these will directly
affect the low voltage networks, which historically have a very low degree of
observability and, due to their low aggregation levels, a high uncertainty in local
power flows. Adding to this the stochastic generation from PV and stochastic
load from an increasing number of EVs and HPs, whose adoption itself is also
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uncertain, leads to a highly unclear state of the current and future adequacy of
the network.
It becomes therefore necessary to better understand these
uncertainties and model them, so they can be explicitly taken into account for
network assessment, planning and design.
In this research models and methods are developed that can be implemented to
incorporate the impact of the energy transition in distribution network planning.
A methodology is developed to diversify large scale technology adoption
scenarios to locally specific scenarios. Using methods from the field of statistical
learning, factors that are significant for the adoption of energy transition
technologies (specifically PV, EV and HP) can be systematically found and
quantified. Substantial improvements in prediction accuracy are achievable
compared to the common homogeneous scenario forecasts. Additionally, the
probabilistic implementation of the approach allows for the quantification of the
uncertainty in adoption and benefits a risk-based evaluation of the scenarios. The
results show that differences in socio-demographic variables may lead to
substantially diverse local adoption probabilities and are therefore important to
take into account in scenario studies to properly estimate future expected
penetration levels of new technology adoptions.
Income level, household
composition and age, and peer effects are key factors to take into consideration.
A modeling approach is developed that is able to model the stochastic
behavior of diverse datasets using a combination of Gaussian mixture models and
copula functions. The stochastic behavior of current residential load, electric
vehicle charging, heat pump load and photovoltaic generation are shown to be
accurately modeled using this approach. Due to the parametric nature of the
models, they can be adapted and scaled to local variations as required.
Furthermore, the modeling approach is not limited to these specific datasets or
technologies, but can be applied to a wide variety of data, and can be used to
generate realistic load profiles in a bottom-up fashion for diverse adoption
scenarios.
The previous models are combined in a planning methodology and used to
assess the impact of different scenarios on the LV network. By integrating the
stochastic load and generation models with local technology adoption scenarios
the expected growth in local LV network loading is identified. By evaluating this
expected growth on the locally available network capacity, high risk feeders and
areas are identified, and their expected timing of constraint violation determined.
Using stochastic profiles further makes it possible to assess in detail the
operation and effects of smart alternatives to traditional network expansions. Due
to the combination of a probabilistic approach and time series profiles both the
duration and probability of capacity and voltage bottlenecks can be assessed, thus
allowing for a detailed assessment of the operational requirements of smart
alternatives such as storage, or demand side management (DSM). Consequently,
insight can be obtained in the risks associated with different options, which
supports making investment decisions under uncertainty. The simulations show
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different smart alternatives to be an effective option in deferring or even avoiding
traditional network investments. The extent to which deferral is possible depends
on the chosen operational scheme and the allowed risk level. Additionally,
implementation of DSM in conjunction with other smart alternatives may reduce
their operational and/or investment costs and potentially make it a more
attractive option to traditional network investments.
The models and methods proposed in this thesis can be employed to more
accurately estimate the local effects of different energy transition scenarios and
describe the uncertainties herein. This can benefit efficient distribution network
planning strategies, but may also find broader application in other areas such as
for instance city development planning. Moreover, as the models can be applied
to a wide variety of data, additional applications may be found and the developed
models can be updated with new datasets to provide additional insights in the
future.
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Samenvatting
De energietransitie naar een meer duurzame energievoorziening zal verregaande
gevolgen hebben voor het elektriciteitsysteem. Aan de opwekzijde leidt de
stimulatie van duurzame energie tot een groei in het aantal gedistribueerde
energiebronnen die aan het elektriciteitsnet gekoppeld worden. Een groeiend
aantal kleinschalige duurzame generatoren zoals windturbines en zonnepanelen
(PV) worden aangesloten op het midden- en laagspanningsnet, waardoor de
voorheen unidirectionele vermogensstromen veranderen in bidirectionele stromen.
Bovendien wordt een groeiend aandeel van de opwek afhankelijk van
weersomstandigheden, wat hun opgewekte vermogen minder voorspelbaar en
controleerbaar maakt,
en waardoor de traditionele benadering van
balanshandhaving waarbij de opwek de belasting volgt moeilijker te handhaven
wordt.
Ook aan de vraagzijde zal de energietransitie gevolgen hebben, zoals een
verandering in het energiegebruik en de netwerkbelasting. Het grootste deel van
de residentiële energievraag wordt op dit moment gebruikt voor transport en
verwarming, die voor het overgrote deel van energie voorzien worden door
(fossiele) brandstoffen en aardgas. Stimulatie van duurzame ontwikkelingen en
technologische vooruitgang maken de weg vrij voor een groeiende adoptie van
elektrische voertuigen (EV’s) en warmtepompen (WP’s), wat een elektrificatie
van deze twee grote energiestromen tot gevolg heeft. Dit zal leiden tot een
significante groei in elektrische vermogensstromen en, door een potentieel hoge
gelijktijdigheid en hoge instantane vermogens, tot hogere verwachte
piekbelastingen van het netwerk.
Om een soepele transitie naar een duurzame elektriciteitsvoorziening mogelijk
te maken, is het noodzakelijk dat het elektriciteitsnet de groeiende en meer
stochastische vermogensstromen aan kan. Doordat het grootse deel van de
netwerken gedimensioneerd is op basis van traditionele voorspellingen,
geëxtrapoleerd uit historische groei, voldoen zij wellicht niet met het oog op de
veranderende ontwikkelingen. Daarnaast spelen veel van de ontwikkelingen zich af
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op bij residentiële consumenten, wat directe effecten zal hebben op de
laagspanningsnetten. Deze netten hebben historisch gezien altijd een zeer laag
niveau van observatie gehad en, door het lage aggregatieniveau, een grote
onzekerheid in de lokale vermogensstromen. Wanneer hier de stochastische opwek
van zonnepanelen en de stochastische belasting van een groeiend aantal EV’s en
WP’s, wiens adoptie zelf ook weer onzeker is, bij opgeteld wordt, leidt dit tot een
onduidelijke staat van de huidige en toekomstige toereikendheid van het netwerk.
Het wordt daarom noodzakelijk om deze onzekerheden beter te begrijpen en te
modelleren, zodat zij expliciet meegenomen kunnen worden in de beoordeling,
planning en het ontwerp van de elektriciteitsnetten.
In dit onderzoek zijn modellen en methodes ontwikkeld die gebruikt kunnen
worden om de impact van de energietransitie mee te nemen in de planning van
distributienetten.
Een methodologie is ontwikkeld om grootschalige technologie adoptie
scenario’s te diversifiëren naar lokaal specifieke scenario’s. Gebruikmakend van
statistische lerende algoritmes, kunnen factoren gevonden en gekwantificeerd
worden die significant zijn voor de adoptie van energietransitie technologieën
(PV, EV en WP). Hiermee is een substantiële verbetering in nauwkeurigheid van
voorspellingen haalbaar, vergeleken met de gebruikelijke homogene scenario
prognoses. The probabilistische implementatie van de methode maakt daarbij ook
een kwantificatie van de onzekerheid in adoptie mogelijk, en biedt opties voor een
risico gebaseerde evaluatie van de scenario’s. De resultaten laten zien dat
verschillen in socio-demografische variabelen kunnen leiden tot een grote
diversiteit in de lokale adoptiekansen, en daarom belangrijk zijn om mee te nemen
in scenariostudies, om de toekomstige verwachte penetratieniveaus van nieuwe
technologie adoptie correcter in te schatten.
Inkomensniveau,
huishoudsamenstelling, leeftijd van bewoners, en peer effecten zijn hierbij
belangrijke factoren om rekening mee te houden.
Een modelleringsmethode is ontwikkeld waarmee het stochastisch gedrag in
diverse datasets gemodelleerd kan worden, gebruikmakende van een combinatie
van Gaussian mixture models, en copula functies. Het stochastische gedrag van
residentiële belasting, opladen van elektrische auto’s, de elektrische belasting van
warmtepompen en opwek van zonnepanelen kunnen accuraat gemodelleerd worden
met deze aanpak. Dankzij de parametrische aard van de modellen kunnen zij
aangepast en geschaald worden naar gelang van lokale variaties, en kunnen gebruikt
worden om bottom-up realistische belastingsprofielen te genereren voor diversie
adoptiescenario’s. De modelleringsmethode is verder ook niet beperkt tot deze
specifieke datasets of technologieën, maar kan toegepast worden op een variëteit
aan data.
Voorgenoemde modellen zijn gecombineerd in een planningsmethodiek en
gebruikt om de impact van verschillende scenario’s op het laagspanningsnet te
bepalen. Door het integreren van de stochastische belasting- en opwekmodellen
met lokale technologie adoptie scenario’s is de verwachte lokale groei in
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netwerkbelasting geı̈dentificeerd. Door het afzetten van deze verwachte groei
tegen de lokaal aanwezig netwerkcapaciteit, zijn gebieden en assets met een hoog
risico geı̈dentificeerd, en is het verwacht moment waarop hun limieten worden
overschreden bepaald.
Door gebruik te maken van stochastische profielen wordt het verder mogelijk
om in detail de exploitatie en effecten van slimme alternatieven voor
netwerkuitbreidingen te evalueren.
Dankzij de combinatie van een
probabilistische aanpak met tijdseries profielen kan zowel de duur als kans van
capaciteit- en spanningsknelpunten worden bepaald. Dit maakt een detail
evaluatie van de operationele vereisten van verschillende slimme alternatieven,
zoals opslag en demand side management (DSM), mogelijk. Vervolgens kunnen
inzichten verkregen worden in de risico’s die geassocieerd zijn met verschillende
opties, waarmee het nemen van investeringsbeslissingen onder onzekerheid
ondersteund wordt.
The simulaties laten zien dat verschillende slimme
alternatieven een effectieve oplossing kunnen zijn om traditionele
netwerkuitbreidingen uit te stellen of soms zelfs helemaal te vervangen. De mate
waarin uitstel mogelijk is hangt samen met de gekozen operationele strategie en
het toegelaten risiconiveau. Daarnaast kan het gunstig zijn om DSM samen met
andere slimme oplossingen in te zetten, omdat zo mogelijk operationele of
investeringskosten kunnen worden gereduceerd, waardoor het potentieel
aantrekkelijker opties worden tegenover traditionele netuitbreidingen.
De modellen en methodes die in dit proefschrift zijn beschreven kunnen
ingezet worden om de lokale effecten van verschillende energietransitie scenario’s
accurater in te schatten en de onzekerheden hierin te beschrijven. Dit kan
voordelen bieden voor efficiënte netwerk planning strategieën, maar kan mogelijk
ook bredere toepassing vinden in andere werkgebieden zoals omgevings- of
stedelijke ontwikkelplannen. Omdat de modellen ingezet kunnen worden op een
breed scala aan data, kunnen daarnaast bovendien nog nieuwe toepassingen
worden gevonden en kunnen de ontwikkelde modellen ook verrijkt worden met
nieuwe datasets om aanvullende inzichten te bieden in de toekomst.
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Introduction
1.1

The energy transition

The world’s energy demand is increasing and is expected to continue growing over
the next decades [1]. If a significant part of this demand will be supplied by
fossil fuels, this will gradually deplete natural resources and contribute to climate
change by emission of greenhouse gases. Therefore, the notion that action must
be undertaken and a change is needed to a more sustainable energy supply has
become ubiquitous. At the historical Paris climate conference (COP21) countries
from all over the world signed an agreement that aims to limit climate change
and promotes policies that reduce emissions, build resilience against the impacts
of climate change and strengthen international cooperation on multiple levels [2].
In the years leading up to the Paris Agreement the EU has set targets for 20%
reduction of CO2 emissions, 20% less energy consumption and 20% energy from
renewable sources by 2020. Looking ahead further, this has been updated with a
goal for an EU-wide 40% reduction of greenhouse gas emissions and a 27% share
of renewable energy in 2030 [3] with a, currently final, goal for an 80% reduction
in CO2 emissions by 2050 compared to 1990 levels. This decarbonization of the
energy system drives the current energy transition, integrating more renewable
energy, saving energy consumption where possible and using the available energy
as efficiently as possible.
To jointly achieve the global and EU targets, countries have set their own (or
cooperative) goals and need to devise proper policy regulations and incentives to
reach these individual goals. In the Netherlands, the Agreement on Energy for
Sustainable Growth [4] signed in 2013, aims among other things for 16%
renewable energy in 2023 and an average energy savings rate of 1.5% per year.
The Dutch government puts a high focus on energy savings, providing support
schemes for increasing energy efficiency ratings in the built environment as well as
1
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supportive facilities to achieve energy savings in industry and agriculture [5].
Renewable generation such as solar and (offshore) wind is stimulated, the roll-out
of a nationwide network of public charging spots is aimed at and steps are taken
to strive for an improved European Emission Trading System (ETS). Furthermore
a direction is taken to reduce the Netherlands’ dependency on natural gas [6],
following both the drive for sustainability and the growing societal and political
pressure to reduce gas extraction, due to its local environmental effects. These
incentives drive the increased adoption of renewable energy technologies such as
wind and solar, and more efficient appliances for heating (heat pumps) and
transportation (electric vehicles). As a result a growing part of the energy mix is
expected to be in the form of electricity and it is therefore important to assess the
effects of the energy transition on the power system.

1.2

Developments in the power system

On the generation side the incentivization of renewables is leading to a growth in
the number of distributed energy resources connected to the electricity network.
Whereas previously new generation units were usually large scale (e.g. nuclear,
coal- or gas-fired power plants) and connected to the high voltage transmission
network, an increasing number of smaller scale renewable generators such as wind
turbines and solar photovoltaics (PV) are being connected [1] at medium and low
voltage level changing the previously unidirectional power flows to bidirectional
flows. Moreover, as a growing share of the generators is dependent on the weather,
which makes their power output less predictable and controllable, the traditional
balancing approach where generation follows load becomes harder to maintain.
Also on the demand side the energy transition will have an impact, causing
changes in energy use and network load. Residential gas and electricity use have
actually been slowly decreasing since 2013, following better insulated homes,
more efficient gas boilers and an increased efficiency of electrical appliances [7].
On the other hand, the majority of residential energy consumption is spent on
transportation and heating, of which the vast majority are currently powered by
(fossil) petroleum fuels or gas respectively. Sustainability incentives and maturing
of technology are giving way to the increased adoption of electric vehicles (EV)
and heat pumps (HP), leading to an electrification of these two major energy
streams of households. This will lead to significantly increased electricity flows
and, due to a high simultaneity and rated power, to higher expected peak
loadings in the network.

1.3

Challenges and opportunities in the low voltage network

Increasing renewable electricity generation and an electrification of demand will
have a large impact on the electricity networks. In order to allow for a smooth
energy transition towards a sustainable power system the network must be
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ensured to be able to cope with the increasing and more stochastic electricity
flows. As the networks were mainly dimensioned using traditional forecasts
extrapolated from historical data, they might not suffice for these changing
conditions. Moreover as many of the developments are taking place at the
household consumer level these will directly affect the low voltage networks,
which historically have a very low degree of observability and, due to their low
aggregation levels, a high uncertainty in local power flows. Adding to this the
stochastic generation from PV and stochastic load from an increasing number of
EVs and HPs, whose adoption itself is also uncertain, leads to a highly unclear
state of the current and future adequacy of the network. It becomes therefore
necessary to better understand these uncertainties and model them, so they can
be explicitly taken into account for network assessment, planning and design.
On the other hand, there are several developments which provide
opportunities in the field of network planning. The increasing availability of
measurement devices in the medium and low voltage networks provides
possibilities to gain better insight in the current network state and can for
example be used for more accurate modeling of load and generation patterns.
Additional to an increasing amount of measurement data, also data from other
sources are becoming more (and more openly) available and more easily
manageable. By combining data from different sources using suitable methods,
new information can be created to gain more insight in local growth of electric
load and generation, which can be used as input in the decision making process.
Additionally, to cope with the effects of the energy transition new innovative
techniques and technologies are being developed, enabling new possibilities to
create a so-called smart grid. In such a smart grid advanced monitoring and
control operations are enabled by means of additional ICT infrastructure, and
involvement of consumers in the electricity market may be facilitated [8]. While
the design and operation of different smart technologies has been intensively
studied over the past years, it still remains a challenge to accurately assess their
costs and benefits from a planning perspective and incorporate them in the
network planning process.

1.4

Research questions and approach

This research aims to contribute to facilitating and accelerating the energy
transition by gaining more insight into the diffusion, behavior and effects of
sustainable technologies and into the question of how to deal with their
uncertainties from a network planning perspective. To achieve this goal the
following research question is formulated:
How can the impact of the energy transition and the inherent temporal and
geographical uncertainties be modeled and incorporated into network planning for
evaluation of both traditional and smart network expansion alternatives, under
consideration of different future scenarios?
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In order to answer the main research question several subquestions have been
composed, addressing different elements of the stated question and looking into the
previously posed challenges.
1. What are the current state-of-art and common practices in distribution
network planning?
2. How can the increasing availability of data be used to provide more accurate
insight in current and future network loading?
3. How can the local impact of large scale future energy scenarios on electricity
networks be determined?
4. How to model the stochastic behavior of different energy transition
technologies and residential load using measurement data?
5. How to evaluate the current and future state of the network using statistical
and stochastic models and what extra insight can be obtained from this from
a planning perspective?
6. How to model smart expansion alternatives and evaluate their potential for
deferral of traditional network investments?
First, an in-depth investigation of the current network planning process and
methods used at distribution network operators is conducted. In order to ensure
that the proposed methods and models will be designed such that they can be
practically implemented and contribute to supporting decision making in network
planning incorporating the impact of the energy transition. Next, the opportunities
and possibilities of the increasing availability of open and measurement data will
be explored. Looking into what data could feasibly be used, what methods and
tools can be applied to combine different data and derive suitable models, and
which additional information can be obtained from this. The explored methods
will subsequently be applied to provide more accurate models and forecasts, taking
into account the inherent uncertainties. A large scale application to a network
area in the Netherlands will be used to demonstrate how these models can be used
to assess the adequacy of the network and identify high risk areas. Additionally,
several case studies will show how the models can be used to assess specific areas
in more detail and consider smart expansion alternatives in the network planning
process.

1.5

Research scope

In this section the focal points of the research will be outlined, as well as a summary
of several points which may be considered related but will not be treated in this
work.

1.5 Research scope

1.5.1

5

Inside research scope

Low voltage distribution networks: The emphasis in this work lies on models and
methods that are applicable to low voltage distribution networks (including the
MV/LV transformer). However, as going from a lower to a higher level of
aggregation is relatively straightforward many of the results may also find
application in medium voltage distribution network analysis.
Energy transition scenarios: Energy transition scenarios describe different paths
towards a more sustainable energy supply system. While in this work no new
future energy scenarios will be developed, the planning methodology will be
outlined using several existing scenarios regarding the adoption of photovoltaics,
electric vehicles and heat pumps. To enable the use of these general scenarios for
the assessment of specific network impacts, they will be diversified to account for
local variations using a data analytical approach.
Uncertainty handling: As the progression of the energy transition and its growing
impact is accompanied by many uncertainties, these are specifically modeled and
taken into account in the proposed methodology. Generation and loads will be
stochastically modeled and the scenarios will be simulated probabilistically,
accounting for both uncertainty in adoption of energy transition technologies as
well as their stochastic network impact.
Smart expansion alternatives: Next to more accurate means for estimating
expected grid loading, the application of the developed models in the assessment
of several novel grid technologies will be discussed. It will be shown how to
evaluate these regarding their effectiveness for deferral of traditional grid
investments. Also the implications of a local smart market, activating user
flexibility, are considered.

1.5.2

Out of scope

High and medium voltage networks: The focus of this work is on low voltage
distribution networks, therefore the higher network levels will not be treated
in-depth. They are only briefly touched upon to identify their connection to the
underlying low voltage networks, and how the low level effects may be aggregated
to these network levels. Due to this interconnection the models that are proposed
and applied in this thesis may also find application in network planning at higher
levels.
Short term load/generation forecasting: Due to the focus on the planning aspect,
in this research the analysis of the grid impact of developments is regarded on the
mid- and long-term (i.e. years to decades). The models used to describe the
statistical behaviour will be used to provide forecasts of the stochastic network
loading during a year without regard for the exact day on which this occurs. No
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day-ahead or intra-day forecasts are explicitly included.
Power system dynamic behavior : The modeling assumes steady-state behavior,
therefore implications for power system stability and power quality are not
included.
Automated planning tools: The focus of this thesis is providing more accurate
models and methods to assist in better decision-making for distribution network
planning.
The automated evaluation and selection of different network
alternatives is out of the scope of this study. The presented models do synergize
with (probabilistic) optimal planning methods presented in literature by
providing more accurate estimations of expected load development, and as such
can work in cooperation to obtain better investment plans.
Power system protection: This thesis is concerned with the uncertain impact of
the energy transition on mid- and longterm planning aspects. The focus lies on
the steady state constraints, asset capacity and (slow) voltage variation, as the
changing load profiles are expected to have a major impact on these aspects
already in the near future. Conversely, protection parameters such as touch safety
and short-circuit currents are, at the LV level, mainly or fully determined by the
network itself and less so by the changes in loads brought about by the energy
transition. As such this aspect is not treated in this thesis.
Multi energy system planning: The energy transition does not only affect the
electricity network, but also other critical infrastructures such as gas and district
heating networks. Due to the increasing electrification of heat and transport, on
the mid-term, electricity networks are expected to see a significant increase in the
amount of energy that they need to distribute and face concurrent higher peak
loads. Therefore the methods and models proposed in this work aim at the
impact on the electricity network. It is however worthy to note that the gas and
heating networks could also play a role here for instance by providing extra
flexibility or buffer/storage options [9].

1.6

Thesis outline

Chapter 2 discusses the current state-of-art of distribution network planning in
practice and literature and identifies trends, thereby focusing on the first research
question. An overview is given of the common Dutch distribution network
structure and the definitions used throughout this thesis are introduced. Then,
alongside a literature review, an analysis of the current common planning
practices at Dutch distribution system operators (DSOs) is discussed.
Chapter 3 presents an overview and explanation of the statistical and stochastic
methods used in this thesis and is directed at answering the second research
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question. The increasing amount of available data is discussed as well as its
application towards improved network analysis and better investment decisions.
Chapter 4 addresses the third research question and analyzes how the spatial
uncertainty in adoption of energy transition technologies can be incorporated in
the network planning process. A statistical analysis is presented of the key
determining factors for adoption of several technologies as well as a demonstration
of how to apply the developed models to compose local future energy scenarios.

Chapter 5 looks into the stochastic modeling of load and generation using a data
analytical approach. The stochastic behavior of residential load and several
energy transition technologies with a large potential network impact are modeled
based on measurement- and mobility datasets, accounting for their temporal and
inter-variable correlations. This chapter provides an answer to the fourth research
question.
Chapter 6 focuses on the fifth research question and explains how to apply the
proposed models in a network planning approach and presents several case
studies. High risk areas are determined using the local transition scenarios, and
the stochastic models are used to analyze a few networks in-depth to study their
current and future adequacy.
Chapter 7 proposes methods for the modeling and evaluation of smart expansion
alternatives, addressing the sixth research question. Models for the assessment of
voltage control, storage and curtailment are proposed as smart grid solutions, and
a local smart market framework is defined to evaluate the benefit of including
user flexibility in the planning process.
Chapter 8 provides conclusions on the proposed methods and models and the
contributions of this thesis. Additionally, recommendations are made on their
practical implementation as well as for future work to further improve upon this
research.
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Distribution network planning
This chapter contains background information on network planning and the
Dutch distribution network and establishes several definitions used throughout
this thesis. It serves to provide insight in the current state-of-art of distribution
network planning in both literature and practice, relevant to low voltage
distribution networks. The focus lies on the technical side of the planning
process, the physical implementation and realization steps are kept out of the
scope. The content in this chapter is partially based on [10] and [11]. First, a
brief overview of the Dutch distribution network and common network structures
will be given. Next, planning methods presently in use at several Dutch
distribution system operators (DSOs) are analyzed to establish the current
state-of-art in network planning and consider its strengths and limitations. The
challenges posed by current and future developments are identified and it is
indicated where improved methods are necessary to cope with these developments
and allow for optimal planning of future (smart) grids.

2.1

Overview of the distribution network

The Dutch distribution networks connect over 8.2 million customers to electricity,
of which the vast majority is connected to the LV networks, and around 33.000
are directly connected to the MV networks [12]. The LV customers are mainly
connected through over 220.000 km of underground cables, whereas the roughly
105.000 km of MV cables (and a minor part overhead lines) may serve either a
transmission or distribution function. The current layout of the Dutch MV and
LV grids stems from a long legacy of different visions, altering economic climate,
changing regulation and ongoing technological developments. As such the existing
electricity grids are quite diverse in build-up and operation. Differences also exist
within DSOs as the current larger grid operators are a result from mergers of
9
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different companies, which all applied their own grid philosophies and design
criteria. Here we will sketch an overview of the existing different main grid
structures.

2.1.1

Medium voltage distribution networks

The MV distribution networks in the Netherlands are operated mainly at 10 kV
and are generally designed as radially operated ring networks. Advantages of this
topology are the relatively straightforward protection schemes and
reconfigurability options [13]. The distribution rings may be directly connected to
the MV busbar of an HV/MV substation, or via a (usually redundantly
connected) MV substation. Fig. 2.1 shows several examples of common MV
network structures. The MV substations are usually connected and protected in
such a way that there is no interruption of customers during a fault in one of
their feeding cables. The distribution rings may be individual ’ideal’ ring
structures (as structure 1 in the figure), or more elaborate structures with
subrings and/or interconnections to other rings (structure 2-4). The MV/LV
substations in the distribution rings connect the low voltage networks or
individual MV customers to the network. They are protected by circuit breakers
at the beginning of the feeders, such that in case of a fault power can be restored
through (manual) reconfiguring to the non-faulted part of the distribution ring.
150 kV

Transformer substation
MV Busbar
MV transport cable
MV distribution cable

MV node
Normally open point
LV connections

10 - 50 kV

1

2

3

4

Figure 2.1. Typical MV distribution network structures in the Netherlands, designed as
radially operated rings and may be split in a (redundant) MV-transmission and
(reconfigurable) MV-distribution section
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10 - 25 kV

10 - 25 kV

230/400 V

230/400 V

MV node
MV/LV transformer substation
LV busbar
LV cable
LV node/customer
LV load/customer

Figure 2.2. Typical LV network structures in the Netherlands. (left) Common radial
network structure, with multiple feeders which may have a few branches. (right) Meshed
network structure with two feeding transformers.

2.1.2

Low voltage distribution networks

The LV distribution networks are operated at 230 V (phase to neutral), generally
designed as radial networks, and for the vast majority laid out with underground
power cables. The radial structure ensures that a good overview of the layout and
connections can be maintained in practice, as well as benefiting secure operation.
As a consequence of different network design visions in the past, in some (mainly
urban) areas meshed LV networks still exist. While these are theoretically more
optimal in terms of energy losses and voltage drop, in practice they are difficult to
operate and due to the low degree of insight in the actual state of the LV network
their true benefits are unclear and might even be negative due to unwanted side
effects (e.g. stray currents between transformers due to slight voltage deviations).
As a rule, new network areas are designed as radial networks and most of the
meshed areas are slowly being untangled. Fig. 2.2 shows examples of the general
structure of a radial and a meshed LV network. Each feeder is protected by a fuse
at the LV busbar.
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Figure 2.3. Different stages of the network planning process.

2.2
2.2.1

Traditional network planning
Stages of the planning process

The current network planning process is conceptually straightforward; Based on
field research at Dutch grid operators and analysis of their planning guidelines
five distinct stages are discerned which are depicted in Fig. 2.3. First, gathering
the necessary data, then forecasting the expected load (and generation)
development followed by identifying nature and timing of bottlenecks,
subsequently solution alternatives are developed which are finally evaluated on a
set of criteria and the ’best’ option is selected. This process can be initiated by
for instance a new connection request, an expected load growth, or as part of a
periodical network analysis. In the following part, each of the five stages will be
treated individually.
Data collection
As a first step the necessary data on the specific area, such as network topology,
component ratings, existing connections and expected developments, are
gathered. Data is obtained from both internal as well as external sources. The
network topology and points of connection for the network area under study are
obtained from an internal database and modeled using power system simulation
software. Measurement data on the current load of components are added where
possible but is scarce. The vast majority of MV/LV transformers is equipped
with a measurement device that only measures the magnitude of the load, and
stores only its peak value. These peak values are recorded during annual or
biennial meter readings, after which the meters are reset for the next time period.
In the rest of the LV network usually no metering equipment is installed,
restricting the DSO to relying on theoretical or empirical models of the connected
customers. Smart meters are currently being rolled out in the Netherlands,
providing possibly many extra measurement points, however privacy regulations
restrict the access to and usage of these data [14] and are therefore currently not
(yet) part of routine network planning.
Next to the previously mentioned internal databases and measurement
devices, DSOs employ data about expected developments from external sources.
For instance information regarding city and country planning is obtained from
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municipalities, to anticipate new residential and office connections or development
of (new) industrial areas. Currently, more and more data are becoming (openly)
available, however these data are not yet being used to their full extent in the
network planning process.
Forecasting
In the next stage the expected load growth in the area of interest is estimated.
The forecasting of future demand is mainly done by extrapolating historical data
combined with information from city and country planning regarding spatial
planning developments. At the MV/LV transformer level the annual peak load
measurements are used, to which an annual load growth of 1-2% is added,
providing a base load growth scenario. Newly expected households, offices and
(expansion of) industrial areas are added to this, based on city development
plans. Standard allocation values per connection type are then applied to
determine the expected load growth in the coming years. On the LV network
level, planning is mainly based on a ’fit-and-forget’ approach, where new areas or
extensions are planned to be able to sustain a certain percentage of load growth
for the next 30 or 40 years and individual new grid connections are analyzed on
an ad-hoc basis. For new connection requests in existing LV networks, that
specific network section or feeder is modeled and it is checked whether after
addition of the new connection the section still adheres to the boundary criteria.
Due to the absence of measurement data in the LV network standardized values
or models are used to estimate the (peak) load. For small industrial or commercial
consumers empirically determined peak loads are used, which may depend on the
size of the consumers premises (e.g. 40-60 VA per m2 for stores). For residential
consumers, which make up over 90% of the LV connections [15], peak loads are
estimated using the models of Rusck [16] and Velander/Strand-Axelsson [17, 18].
The model of Rusck defines a coincidence factor to account for the simultaneity of
an aggregation of similar loads, using:
1
gn = g∞ + (1 − g∞ ) √
n

(2.1)

Pmax,n = n · Pmax · gn

(2.2)

and
where g∞ is an empirically determined coincidence factor as the number of
simultaneous consumers approaches infinity, gn is the coincidence factor
corresponding to n consumers. Pmax,n is the simultaneous peak load for an
aggregation of n consumers with individual peak load Pmax . This model is based
on the diversity in the moment of peak power use, as not all customers are likely
to use their maximum power at the same time. Velander and Strand-Axelsson
defined a relation between annual energy use and (simultaneous) peak power, this
relation is described by,
√
Pmax,n = αEn + β En
(2.3)
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where E is the annual energy use of a single customer and α and β are
empirically determined coefficients. If the annual energy use of households is
known (i.e. in existing networks), these are used in the assessment. For a newly
planned area, standardized values are used for different types of residential
customers (e.g. terraced house, apartment, detached house). To these values then
again a standard load growth for 30 years into the future is added, to determine
the future network requirements. While this approach to modeling residential
load has proven simple and effective over the years, it is not able to incorporate
the energy transition induced changes. The changing load profiles, caused by the
adoption of new loads and local generation, will render the empirically
determined coefficients inaccurate for mid- and longterm forecasting [8], so a
different modeling method is required to ensure good planning decisions.
Problem identification
To determine upcoming problem areas and bottlenecks, the distribution networks
are analyzed using the forecast load and generation. Typical calculations are
deterministic loadflows, to determine peak network loadings and voltage
variations, and short circuit calculations, to determine magnitude and duration of
potential short circuit currents. On the LV level additional calculations are used
to assess touch safety during faults and voltage firmness of the feeders. To assess
whether an asset is still deemed adequate, the results of these calculations are
checked against several bottleneck criteria. If during the analysis one or more
criteria are surpassed, alternatives need to be developed to solve the bottleneck.
DSOs use a variety of criteria:
Asset capacity, the maximum (electric) loading of each asset is constrained by its
maximum thermal limit. The maximum allowed loading used in the calculations
is based on the nominal current capacity given by the manufacturers, in some
cases augmented with a loading factor. For LV cables the employed value is equal
to the nominal current capacity. For MV/LV transformers the maximum allowed
loading may be higher than the nominal value depending on the (expected) load
profile of the transformer. As the heating up of a distribution transformer is a
relatively slow process it may be allowed to overload a transformer for 120% up
to even 150% for shorter periods of time, provided the load profile is such that
the transformer has time to cool down sufficiently. Another factor at play here is
that currently the peak load occurs in the winter period, with lower outside
temperatures.
Voltage variation, the voltage limits are based on the regulatory limits as
described in the Dutch Electricity Code [19]. For LV networks in normal
operating conditions the limits for (slow) voltage variation relative to nominal
voltage are:
• +/- 10% for 95% of all weekly ten minute values
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• +10/-15% for all weekly ten minute values
In practice the allowed voltage variation is distributed over the MV and LV
network levels and a +/-5% deviation of nominal voltage is considered acceptable
when assessing LV networks, in order to account for a maximum 5% deviation at
the MV level. In order to assess the expected worst case voltage variation, two
separate cases are considered: 100% load and no generation, and 25% load and
100% generation. The 25% minimum load is considered as the level of base load
that is in general always present.
Reconfigurability, at the HV and MV level the possibility to reconfigure the
network in case of a fault is a design requirement. This may vary from N-1
redundancy (e.g. no loss of power for any customer in case of a single fault), to
requiring several (manual) switching actions to restore power. Due to the large
number of LV networks and relatively low number of customers affected during a
single LV fault, reconfigurability is not a design precondition here. Although some
radially operated meshed LV networks exist, these mainly follow from a tendency
to disentangle existing meshed networks and it is not common design practice.
Short-circuit capacity, this is a thermal limit to the maximum short-circuit
current a component can withstand for a certain amount of time, usually denoted
2
t value, with Isc the short-circuit current and t the time in seconds. As
by a Isc
the protection systems need a certain amount of time to detect and clear a fault,
the components should be able to withstand the heat development that occurs
during this time.
Touch safety, during faults in the LV networks a potential difference can be
induced between the grounded side of equipment and the actual grounding point.
As these parts of the equipment are otherwise at zero potential, this could lead to
the risk of people being subject to possibly harmful touch voltages. In line with
security norms (IEC 60479 and NEN 1010), DSOs limit the magnitude and
duration of possible touch voltages. In general the applied rule is to ensure
clearing of faults within five seconds, although for higher touch voltages (above
50V) more stringent constraints may be implemented.
Network impedance, the impedance of the network has an effect on the
determining factors for many of the other constraints. A lower impedance leads
to less voltage variation, increased short circuit currents, decreased effect of flicker
and voltage dips. Due to its positive effect on both steady state and dynamic
voltage issues, DSOs aim to limit the maximum network impedance to 283 mΩ
following IEC 61000-3-3.
This thesis is concerned with the uncertain impact of the energy transition on
mid- and longterm planning aspects.
The focus lies on the steady state
constraints, asset capacity and (slow) voltage variation, as the changing load
profiles are expected to have a major impact on these aspects already in the near
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future. However, in specific situations it is conceivable that other constraints
might also be influenced, for instance a high penetration of local generation might
adversely affect touch safety issues if no other measures are taken, or the
adoption of many high power loads may reduce the maximum allowable network
impedance. Several of the models proposed in this work may also be used in
assessing these criteria, but they will not be treated in this thesis.
Alternative development
After determination of bottlenecks, alternatives are developed to solve these.
Design guidelines provide engineers with the boundaries to which the proposed
alternatives should conform. For developing different alternatives DSOs aim for
standardized solutions as much as possible. This may lead to suboptimal
solutions in individual cases, e.g. selection of a larger diameter cable because the
optimal size is not part of the standard set, but overall standardization benefits
from [11]:
• A clearer and more uniform grid structure, supporting grid operation and
outage restoration
• Faster and easier development, evaluation and selection of planning
alternatives
• Reduced cost of components due to economies of scale
Standardization is reflected in for instance allowing only a selected number of
possible cable diameters for new expansions or standard configurations for
substations.
Depending on the type of bottleneck encountered different expansion options
may be suitable. Common reinforcements considered in the current LV network
planning process are: replacing a transformer or (part of) a cable with a higher
capacity component, placing a new MV/LV substation, or transferring load to a
different feeder. Technically feasible alternatives are (manually) generated,
modeled in power system simulation software and checked against the network
criteria.
Evaluation and selection
Next, the alternatives that are deemed most promising and conform to the
technical requirements are then evaluated based on practical implementability
and cost. Evaluation and selection is for the main part based on an economic
assessment, but for larger investments the impact on other company values such
as reliability, sustainability and customer satisfaction are also factored in. The
cost evaluation is made by determining the investment costs, i.e. capital
expenditures (CAPEX), and the operational and maintenance costs, i.e.
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operational expenditures (OPEX), and translating these to a net present value
with
N
X
C(n)
NPV =
(2.4)
(1
+
r)n−N
n=0
where C(n) are the costs for the alternative in year n, N the final year in the
planning horizon and r the assumed discount rate. The effect on other company
values may be assessed on a more qualitative level or monetized to make a
comparison based on a single unit value (euros). For instance, the impact on
reliability may be monetized by calculating the expected customer-minutes-lost
(CML) and assign a price value per lost customer minute, or the effect on
sustainability may be represented by the expected reduction or increase of CO2
emissions where again a price value is assigned per produced kg CO2 . This type
of evaluation allows for a relatively objective decision making process, although
sometimes external factors which are difficult to quantify exactly and gut feeling
given by experience may still influence the final investment decision.
Overall, the current planning process relies on deterministic worst-case
forecasts of the expected future loading of the network. Additionally only
traditional expansion options are currently considered as viable investment
alternatives.
The next section treats several shortcomings and ongoing
developments in the field of network planning.

2.3
2.3.1

Developments in network planning
Load profiles and forecasting

The introduction of distributed, and less controllable, generation as well as the
introduction of new types of loads to the network complicates prediction of future
(peak) network loadings. The current methods are insufficient to adequately cope
with the changing load and generation characteristics, since they rely for a large
part on (relatively little) historical data and empirically determined key figures.
These methods are not flexible enough to properly account for a changing
environment, where load and generation growth is for a large part determined by
adoption of new technologies. Furthermore it is becoming increasingly clear that
maintaining this classic fit-and-forget planning approach with worst-case scenarios
considering new technologies would lead to massive network investments [20].
More detailed and flexible load models need to be used in order to be able to plan
the network more efficiently. Moreover, to be able to assess the costs and benefits
of novel planning alternatives a profile modeling approach becomes necessary [21].
Furthermore, in the current planning process loads, generation, load growth
etc. are all modeled deterministically. This results in assets either being
overloaded, or not, without respect to the actual risk of overloading. In order to
take into account the inherently uncertain development of the energy transition
and the stochastic network impact, a trend can be seen to more probabilistic
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Figure 2.4. Example of several smart grid and smart market alternatives.

models [22].
A probabilistic modeling approach is suitable for improved
evaluation of planning alternatives by enabling the integration of uncertainties
related to new energy technologies [23]. Supporting this trend is the increasing
influx of data, both in form of measurements in the network [24] as well as a more
general trend in society to have more data open and readily obtainable, also for
users outside of the direct scope of these datasets, to promote knowledge creation
on a broad level [25]. These data can be used to improve models and forecasts,
but in order to use these to its full extent from a network planning perspective a
prerequisite is knowledge about what data are necessary and to what level of
detail. Next, suitable methods should be applied to use these data to support
network assessment and decision making.
A more in-depth look at different load forecasting methods, and an outline of
the modeling method proposed in this research will be treated in chapter 3.

2.3.2

Smart grid alternatives and smart market

Considering solutions for identified bottlenecks, only traditional expansions are
currently assessed as feasible options. The changes on the load and generation side
have raised interest in new innovative ways to facilitate the energy transition from
a network perspective and support the progress to a more efficient and sustainable
electricity system.
Such smart grid alternatives are defined here as, technologies or techniques that
can affect a network’s capability to transport electricity without directly affecting
its transmission capacity, while possibly also being able to provide additional grid
services. Examples of several of such smart grid alternatives are shown in Fig. 2.4.
Energy storage is one of the primary examples of a smart grid alternative, possibly
offering services such as load leveling, energy loss reduction, balancing and voltage
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support [26]. Although the investment costs are still high, the possible flexibility
provided by storage might make it an attractive option in the future, especially for
high penetration rates of DG and new loads [20]. On-load tap changers (OLTC)
can be used to regulate the voltage at the LV side of an MV/LV transformer, which
can relieve voltage constraints in networks with a substantial voltage swing due to
DG [27]. Curtailment of stochastic DG infeed, such as PV, can lower the peak
loads in a network by sacrificing a small portion of their potential annual energy
generation [28]. Another option is using the flexibility available in customer’s load
by implementing demand side management (DSM). This can have a significant
impact on the transported electricity in the network, e.g. by shifting loads to offpeak hours or more closely matching local supply and demand, without traditional
network investments [29].
While some smart grid alternatives can be considered to be fully controllable by
a DSO, some are dependent on other actors as well. The impact of most notably
DSM, but also for instance energy storage systems owned by a commercial party,
depend on the objectives of the owners of the involved systems. To coordinate
and control such alternatives (local) smart markets may be established, where
actors can optimize the exchange of their load and generation [30]. These markets
may operate following different strategies, for instance they may be controlled to
incentivize people to locally balance supply and demand, or may be completely
free to maximize the social welfare in the market [31]. Different market strategies
will have a different impact on the expected network loading and it is therefore
important to assess what the effects of different strategies will be and how this
relates to required operational and investment costs in order to incorporate its
effect in the planning process.
Although it is becoming more widely recognized that smart grid alternatives
might prove to be effective in deferring or replacing traditional network
expansions, they are not yet incorporated as standard alternatives in the DSOs
network planning processes. Technical possibilities and network impact of
individual smart technologies are widely discussed in literature but a view at
actual integration in existing planning processes is still a relatively new field.
Currently applied load modeling approaches are not adequate to fully assess the
costs and benefits related to these technologies, as they are tied to the uncertain
development of the energy transition, local adoption of new load and generation
technologies and the stochastic time behavior of the loads. This is especially an
issue in LV networks where the stochastic nature of the load and generation and
their locations are important factors to consider. In chapter 7 of this thesis, the
modeling of smart grid alternatives and the implications of a local smart market
are treated, and their impact from a planning perspective is modeled using
stochastic load models.
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Automated planning and optimization tools

At present, smart alternatives are not factored in as serious options in practical
distribution network planning [32]. Properly assessing the costs and benefits
brought by new smart solutions requires more detailed modeling and calculations
than most grid operators apply so far. Also the (often conflicting) objectives of
different stakeholders have to be taken into account to find compromise solutions
that benefit all stakeholders [33]. Therefore there is a tendency to develop
advanced planning tools to support grid operators in their alternative evaluation
and decision making.
In such planning tools several aspects such as
multi-objective optimization, reliability constraints, modeling under uncertainty
and multi-stage planning, which are usually treated separately can be dealt with
in an integrated way [34]. Increasing complexity due to the dynamic behavior and
increasing uncertainties in future distribution networks, require these tools to
adopt advanced optimization algorithms [35].
Many different classes and types of optimization algorithms have been developed
over the years [36]. Present research focuses mostly on heuristic methods, such as
Genetic Algorithms [37] or Particle-Swarm-Optimization [38]. These are able to
deal with multi-objective optimization and can handle large search spaces. Two
major barriers for implementation lie in the fact that DSOs are not used to using
custom (if any) optimization codes and that some of the proposed techniques cannot
consider a sufficient range of scenarios to tackle real world problems [39]. On top
of that, finding the optimal solution is very dependent on valid load forecasts.
While this thesis will not treat the development of automated planning and
optimization tools, it does provide models that can be incorporated as input
scenarios and uncertainty models for such tools. As the effectiveness of these
tools highly depend on the accuracy of their inputs and forecasts this can improve
the validity of their results and applicability in practice. Also, as using the full
stochastic models proposed in this research would further increase the already
high computation times of such tools, the extraction of main network design
parameters (e.g. expected peak load) is discussed.

2.4

Conclusions

The current network planning process relies on deterministic worst-case forecasting
and traditional expansion options, i.e. replacement or addition of transformers
or cables. While this approach has proven effective over the years, it may lack
efficiency and is not able to flexibly adapt to the changing environment ensuing
from the energy transition. Additionally, smart grid alternatives may be effective
in deferring or even replacing traditional network expansions but are not included
in routine network planning.
The present load forecasts are based on relatively little data, and current
assumptions may no longer be valid for the future. As more data are becoming
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available from extra measurement points and more data are becoming openly
available, these might be used to improve the existing forecasts. In this thesis it is
therefore investigated how to make use of the increasing data availability to
improve and extend the load models to more accurately estimate future network
loading. As deterministic methods are not able to take into account the
uncertainties in future load profiles development, and especially in LV networks
the stochastic behavior of customers is important a probabilistic assessment is
required. Probabilistic methods can assist decision making by making the
probability of exceeding constraints explicit in the assessment, and are suitable
for improved valuation of traditional planning investments by enabling the
integration of uncertainties related to new energy technologies as well as makes it
possible to assess different smart grid alternatives.
In the next chapter the topic of using the increasing data availability for more
advanced load forecasting will be treated. Methods will be discussed that can be
applied to model the statistical behavior present in datasets to represent the
uncertainty and diversity in the development of the energy transition and the
impact on the (spatial) loading of the network.
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Chapter

3

Data analysis and modeling
methods
To properly account for the effects of the energy transition in LV network
planning, models that are able to represent the uncertainty and diversity in
future developments are required. The current growth in data availability can be
utilized to create more advanced forecasting models, providing improved
predictions and establishing a deeper understanding of the underlying
determining factors and their effects on the network. This chapter serves to
provide insight in the data analytical methods that are used throughout this
thesis to augment the distribution network planning process. Firstly, the data
that are available now and expected to be in the future are discussed. Next, the
possibilities for use in the network planning process are assessed, followed by a
description of available methods to enable this.

3.1

Data and availability

Coined as the oil of the digital era [40], data are becoming a more and more valuable
resource in a wide variety of fields of work, the field of energy and power systems
being no exception. Data are becoming more abundant, more varied, of higher
quality and more publicly available. This trend is not limited to installing more
measurement devices everywhere but also leads to investigating the use of external
sources such as meteorological data, soil composition or demographics which are
becoming of higher value and more readily available.
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Measurement data

Prime example of the growing data trend in power systems is the smart meter
which is being rolled out in many countries, also referred to as automatic meter
reading (AMR) or advanced metering infrastructure (AMI) [41]. The smart meter
provides the opportunity for better monitoring and enabling novel energy services,
by measuring and storing energy use data and enabling the possibility for remote
communication. In the Netherlands the nationwide roll-out was initiated in 2015
and by 2020 over 80% of all connections are expected to be equipped with a smart
meter [24]. In principle this could provide DSOs with energy usage data from
millions of customers, which can be used to gain better insight in the current
network state and customers’ load and generation patterns. Though access to this
wealth of data is surely not unlimited, but rather constrained by privacy and cyber
security considerations. While all customers have, or will have, the installation
of the smart meter offered to them free of additional charges, they are allowed
to refuse or to have the remote communication feature turned off. Furthermore,
reading out user data more often than once every two months, e.g. continuously
reading out 15-min averages, requires specific permission from the customer [14].
So, while many measurements are potentially available, it is at least in the
foreseeable future unlikely (and perhaps also unnecessary) that DSOs will have
continuous access to all of their customers’ energy usage data. However, the fact
that data can be available when consent is given still means a potentially huge
increase in measurement data with respect to current practices. Additionally, an
increased number of measurement devices is being installed in the network itself,
e.g. at the MV/LV substations. These are owned by the DSO and are able to
provide detailed measurement data at will, which can provide extra insight in
the network loading at a higher aggregation level, but again further adds to the
increasing influx of data.

3.1.2

Open data

Next to the increasing amount of measurement data, a trend can also be observed
into gathering and making use of data on external parameters and variables. For
instance, with a growing amount of solar and wind energy in the networks, the
generation becomes more dependent on weather circumstances. Likewise, the way
an increasing penetration of electric vehicles will change electrical load profiles,
depends on people’s driving behavior.
Additional data sources such as
meteorological data, e.g. from the Dutch national meteorological institute
KNMI [42], or data from mobility research, e.g. the OViN [43] carried out by the
Dutch Central Bureau of Statistics (CBS), can greatly help with respect to
modeling these aspects and estimating their effects. While in academia the use of
data is naturally quite common, application in industry was limited due to
resource constraints, no (or too expensive) access to substantial data, or
insufficient knowledge about what can be done with the information. In recent
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years there has been a growing number of platforms for (open) data sharing, e.g.
DANS [44] or Klimaatmonitor [45], and more and more organizations are willing
to provide access to useful data either publicly or on request. This helps both
academia and industry in getting more information and value from the data by
more straightforward access to more data, being able to more easily combine
datasets from different sources, and also opening up the feasibility of new use
cases.
In the context of the DSO, in practice the question remains what to do with this
possibly enormous wealth of data and how to best use this to create value for the
organization. In order to put the available data to use, the desired knowledge to
be obtained should be defined and detailed analyses should be done using suitable
data analytical methods.

3.2

Goals of data analysis in network planning

With a wide variety of available data comes a wide variety of possible use cases for
application in the electricity network, ranging from identifying electricity theft [46]
and state estimation of assets [47] to analyzing the root causes and propagation of
power quality phenomena through the network [48], to automatic fault location [49],
to quantifying customers’ flexibility [50] and energy usage patterns [51]. Here
we focus on its use to augment the network planning process, especially in the
forecasting stage, and to improve decision making in network investments.
A major aspect in planning and design of investments in both new and existing
electricity networks is determining the expected load and generation and growth
over the planning horizon. This aspect can again be disaggregated in three main
questions: where, when and how much? The where question focuses on the spatial
distribution of load and generation, and is employed to identify at which location
investments will be necessary. The when question focuses on the change of load
and generation over time and assesses the timing of required investments. The
how much question focuses on the determination of the expected (peak) loading
in the network and its profile, based on which the required asset capacities and
maximum cable lengths are determined. To answer these questions, future load
and generation scenarios are defined and applied to the networks. However, as
explained in chapter 2, the currently used models are not adequate in accurately
determining scenarios under the uncertain development of the energy transition.
In the following section several methods will be discussed which allow the use of
the increasing data availability to improve the assessment of these three questions
in the network planning process.
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Data analysis methods
Supervised learning

Currently applied scenarios are mainly based on the assumption of a
homogeneous growth rate of load over time. In contrast, the future growth in LV
network loading will for a large part be determined by adoption rates of energy
transition related technologies such as PV, EV and HP [7, 52], which might vary
significantly from area to area. To account for this diversity it becomes important
to identify the determining factors that drive the adoption of these technologies
and predict expected local penetration levels. Supervised learning techniques can
be helpful in exposing correlations of a response variable of interest to diverse sets
of input parameters and model the relationships between them. In supervised
learning a model is trained to describe the relation between a set of input
variables and known output variables. The most widely used type of methods
that can be classified under this description is the class of regression methods [53].
Regression
Founded in statistics, but applied in many disciplines, regression analysis can be
seen as the foundation of data analytical methods and can be used to find
statistical relationships between explanatory (input) variables and a response
(output) variable. The simplest form of regression is linear regression, whereby
the response is modeled as a summation of linear dependencies to a set of
explanatory variables. A thorough explanation of the mathematical background
can be found in [54], which also starts with a good overview of other work on the
same topic, whereas a more pragmatic approach to understanding linear
regression can be found in for instance [53]. The general formulation of a linear
regression problem is
k
X
y n = β0 +
βi xi,n + n ,
(3.1)
i=1

with yn the response variable for observation n, β0 the intercept term, βi the
regression coefficients for the ith input variable and xi,n the corresponding input
variable, also referred to as predictor or covariate, and  a random error term. There
are different algorithms for determining the β-coefficients, but the most common
is Ordinary Least Squares (OLS) which minimizes the sum of the squared error
terms [55],
N
X
min
2n ,
(3.2)
n

where

n = yn − β0 −

k
X
i=1

βi xi,n .

(3.3)
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This can be solved by differentiating the partial derivatives with respect to the
β-coefficients and equating these to zero. This type of regression analysis is very
useful in determining statistically significant factors and providing estimates of
continuous response variables as the predicted response potentially varies from
−∞ to +∞.
In order to model the future impact of energy transition technologies on the
LV network, their expected adoption should be modeled on a low aggregation
level, e.g. individual household to neighborhood level. As on these very low
aggregation levels there is a great deal of uncertainty regarding the exact
locations and numbers of adopted technologies, a probabilistic modeling approach
of the adoption becomes favorable. To this end, an extension of the linear
regression method can be used, called logistic regression. Logistic regression can
be applied to find a fitting model to describe the relation between a polytomous
response variable and a set of explanatory variables [56]. Here we will focus on
binary logistic regression, which limits the response variable to a two-class or
dichotomous response. A dichotomous variable can take only distinct values that
are both mutually exclusive and jointly exhaustive, e.g. success or failure, or in
our case ’adoption’ or ’non-adoption’ of a technology. Let y ∈ {0, 1}, describe
whether or not a household adopts a PV system, where the two distinct events
are
(
1, if household adopts PV
y=
(3.4)
0, if household does not adopt PV
To estimate the probability py (x) = P (y = 1|x1 , x2 , .., xk ), i.e. the probability that
y = 1 given the local characteristics x = x1 , x2 , .., xk , logistic regression aims to
find the best fit to the logit transformation of the probability of interest. This is
also referred to as the log-odds ratio [57], given by
logit(py (x)) = log(

py (x)
) = β0 + β1 x1 + β2 x2 + ... + βk xk ,
1 − py (x)

(3.5)

where β0 , β1 , .., βk are the regression coefficients. The probability of a certain
household adopting PV can then be described by a logistic function
py (x) =

1
1+

e−logit(py )

=

1
1+

e−(β0 +β1 x1 +β2 x2 +...+βk xk )

.

(3.6)

The logit transformation essentially ensures the predicted py (x) falls in the interval
[0, 1]. The values of the regression coefficients β can be obtained by maximum
likelihood estimation, i.e. by finding the coefficients that maximize the probability
of obtaining the observed set of data. For a set of N data points, (3.7) gives
the target likelihood function as the product of the calculated probabilities of the
individual data points [56].
l(β) =

N
Y
n=1

py (xn )yn [1 − py (xn )]1−yn

(3.7)
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Because it is easier both mathematically and computationally, usually the natural
logarithm of this equation is used yielding the log-likelihood:
log(l(β)) =

N
X

yn log[py (xn )] + (1 − yn ) log[1 − py (xn )].

(3.8)

n=1

Equation (3.8) can be maximized by evaluating the likelihood equations [56], which
are obtained by differentiating log-likelihood function and are given as
N
X

[yn − py (xn )] = 0

n=1
N
X

(3.9)

xn [yn − py (xn )] = 0.

n=1

Solving yields the estimated values for β and thus the relative influence of the
covariates on the adoption probability of a PV system.
Regression has been, and is still being, used in a myriad of scientific
researches, due to its good interpretability and relative simplicity while still being
a powerful tool, if used with the proper care. It allows for the simultaneous
estimation of the response variable, based on explanatory variables, and
interpretation of the individual effects of the explanatory variables to the
outcome. This boosts the making of meaningful predictions while also providing
insight in the contributing factors. Specifically in the field of discrete choice
modeling, such as innovation adoption decisions, logistic (or logit) regression is by
far the most widely used [58]. Here the insight in the contributing factors can for
instance play a role for policy makers to understand what drives or impedes
adoption of certain innovations, or it can help to distinguish what kind of data
would need to be gathered in the future [59]. In this way allowing for a broader
application of the models, than purely prediction. In parallel to the more classical
statistical regression approaches, advances are being made in algorithmic
modeling approaches which focus more (but not purely) on the improvement of
the prediction aspect. This field is now popularized under the term machine
learning, but depending on the used definition the above explained regression
techniques can also be considered as machine learning techniques.
Machine Learning
The field of machine learning, originating from the fields of computer science and
artificial intelligence, has been growing alongside the ’traditional’ field of
statistics.
Increasing size and availability of datasets and increasing
computational power, have spurred the advancement of machine learning
methods, which are now applied in a wide variety of fields [60]. Different methods
and algorithms exist, e.g. Support Vector Machines (SVM), Artificial Neural
Networks (ANN) or Random Forests (RF), which are able to model complex
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non-linear relations and can therefore achieve good performance on a wide variety
of datasets. Compared to (linear) regression algorithms these can possibly realize
better predictive performance depending on the dataset, however at cost of loss of
interpretability. Another consideration is that there may be cases where not
enough data are available to ensure accurate predictions, here a more qualitative
understanding is therefore helpful [59]. Additionally, changing future parameters
also complicate the prediction of trained models, which may make identifying
underlying trends more important than the prediction itself.
Due to the long time horizons in network planning and the many factors involved
in the energy transition, we favor a more detailed insight in the determining factors
and therefore will focus on the use of a logistic regression model formulation to
estimate the impact on adoption of energy transition technologies. To benchmark
the predictive power of the model, a comparative study on the predictive accuracy
of several common supervised learning techniques on the used datasets is included.

3.3.2

Load modeling

After determining where technologies are likely to show up in the network, the next
step is to evaluate their impact on the network. As explained in chapter 2, the
currently applied load modeling approach is not adequate as it is not able to deal
with changing load profiles and uncertainty. Therefore, suitable load and generation
models should be defined that are able to properly represent the expected behavior
of the current load and the addition of future technologies.1
Overview
The subject of load forecasting and profiling has been an active research topic
for many years, and different approaches have been developed with different focus
areas [61]. A distinction can be made between methods aimed at short-term load
forecasting (STLF) or at long-term load forecasting (LTLF), whereby this thesis
focuses on the latter. LTLF techniques usually focus at predicting peak loads and
drivers for change in the peak load [62]. To account for uncertainty in long term
change over time scenario-based studies are often adopted, analyzing for instance
different levels of economic growth, technology adoption, and/or alternate policy
effects. Taking a scenario-based methodology as baseline, different scenarios can
be used to account for uncertain adoption over time, using the earlier mentioned
learning methods to account for local variation, which then leaves the estimation
of the load and generation levels associated to a certain local scenario.
The majority of load models used in LTLF are aimed at planning for the
higher voltage levels and rely on aggregated deterministic models [62]. As in the
1 The paragraphs on Gaussian mixture models and copulas in this section are based on, R.
Bernards, J. Morren and J.G. Slootweg, ”Statistical Modelling of Load Profiles Incorporating
Correlations using Copula,” IEEE Innovative Smart Grid Technologies Conference Europe,
Torino, 2017.
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low voltage level it may concern only small numbers of customers per feeder, the
stochastic variation between these customers is still apparent at the network level
and aggregated models are not adequate in accurately representing the feeder
loads. This is exemplified in Fig. 3.1, the left plot shows five random day profiles
of measured smart meter data [63], the middle and right plot compare an
aggregated profile with a summation of 20 household profiles for two different sets
of households. The variation in individual consumption levels and time instants is
quite apparent, and a different combination of customers may result in vastly
different feeder load profiles and peak loads.
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Figure 3.1. Visualization of the stochasticity in the load at low aggregation levels. (Left)
Five random measured household day profiles. (Middle) Aggregated load profile for 20
households and the sum of a random subset of 20 households. (Right) Aggregated load
profile for 20 households and the sum of another random subset of 20 households.

To incorporate the volatile behavior of the load at these low aggregation levels
stochastic load models become necessary. Many probabilistic load modeling
approaches are designed bottom-up, requiring detailed knowledge or assumptions
at an appliance level [64–67]. Such models however suffer from having a high
required modeling intensity [68] and due to their specificity often have a limited
scope of application. For practical network planning purposes a more generally
applicable load and generation modeling methodology, which can be used to
model different types of connections, would be beneficial. Due to the increasing
availability of measurements in the distribution networks it is becoming feasible
to use statistical methods on this increasing pool of data to determine the
stochastic behavior of different customers.
As the data will still consist of a finite set of measurements, it is necessary
to model this behavior, rather than drawing directly from the data, to ensure
capturing of events that are feasible but might not have occurred in the original
dataset by chance. Moreover this can help in circumventing privacy issues as the
data need only be available for a limited amount of time during which models
are fit, after which the models can be used to generate new load profiles and the
data can be discarded. Several stochastic modeling methods using (black-box)
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machine learning techniques have been proposed [69, 70], however these do not
easily allow for the integration of scenarios [15] and cannot be flexibly adapted
without retraining the entire models. Therefore a parametric modeling approach
is proposed using Gaussian mixture models and copula functions, to describe both
the instantaneous stochastic behavior as well as the temporal interdependencies.
Gaussian Mixture Models
The marginal distributions are modelled using Gaussian mixture models (GMM),
as individual parametric probability distribution functions (e.g. Log-normal, Beta
or Gamma distributions) are often insufficiently flexible to accurately model the
distribution of electric loads and generation [71]. GMMs have a greater flexibility
while still remaining parametric.
A GMM is a weighted sum of normal
distributions, which for the univariate case can be defined as [72]

fY =

K
X

wk N (µk , σk2 ),

(3.10)

k=1

where K is the total number of components in the GMM, N (µk , σk2 ) the normal
distribution with mean and standard deviation of the kth component of the mixture
and wk the corresponding weight. wk is constrained by
K
X

wk = 1

and

0 < wk ≤ 1

(3.11)

k=1

The weight and component parameters can be determined with the expectation
maximization (EM) algorithm [71] which iteratively maximizes the expectation of
the loglikelihood defined by
log(L) =

N X
K
X

log(wk p(yn |θk )),

(3.12)

n=1 k=1

with yn the value of observation n and θk the parameter estimates for component
k. Using this algorithm requires the specification of the number of components to
be used up front. In order to find the optimal number of components information
criteria such as the Bayesian Information Criterion (BIC) [73] can be used,
calculated by
BIC = K log(N ) − 2 log(L).
(3.13)
The BIC provides a measure for the amount of information added by an extra
component in the GMM while penalizing for increasing model complexity (i.e.
increasing number of components), and is considered to be a reliable and consistent
selection criterion for GMMs used in density estimation [74]. For each time interval
GMMs are recurrently fit using an increasing number of Gaussian components,
where in the end the model with the lowest value for the BIC will be selected. An
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example of a fit to 15-min average values of residential smart meter data of the
quarter 18:30 - 18:45 during weekdays in January is shown in Fig. 3.2, the fitted
GMM is composed of four components which are shown disaggregated.
Power distribution at 18:30 in January
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Figure 3.2. Fitted mixture model and Gaussian components for time slot 18:30h in
January. The thick red line represents the summation of the four individual Gaussian
components represented by the thinner lines.

Copulas
The GMMs are used to describe the marginal distributions of each variable,
however in many cases the stochastic variables of interest will exhibit correlations
with sequential values, or with other variables. As an example, in Fig. 3.3 the
Spearman’s rank correlations [75] are shown between individual quarters of
measured electric load from smart meter data. A significant correlation can be
observed in the measured electric load for time intervals close to each other. For
subsequent quarters the correlation coefficient varies between 0.80-0.92 over the
day, and for values an hour apart still a 0.60-0.81 correlation coefficient is present.
For the hours at the beginning and end of the day the correlation intervals are
wider than during the middle of the day. The presence of these significant
correlations highlights the need to take these into account, for generating realistic
load profiles.
To incorporate correlations in the model, an approach is suggested using
copulas.
Copulas are mathematical tools which can be used to model a
dependency structure and see an increasing use in power system (load) modelling
applications [76–78]. Copulas are multivariate distribution functions with uniform
marginals defined on the interval [0,1] [79]. Following Sklar’s theorem [80] a
multivariate joint distribution of random variables X and Y with cumulative
density function (CDF) FXY can be described by its individual marginal
distributions FX and FY and a copula C which models the correlation between
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Figure 3.3. Spearman’s rank correlation coefficients of power consumption between
quarters of the day.

them as in (3.14) [76].
FXY (x, y) = C(FX (x), FY (y))

(3.14)

The transformed uniform distributions U and V of X and Y can be obtained
by applying the CDF to the random variable as
U = FX (X) and V = FY (Y ).

(3.15)

−1
Which, if the CDFs are invertible (X = FX
(U )), then (3.14) becomes
−1
CU V = F (FX
(u), FY−1 (v)),

(3.16)

with u and v realizations of the random variables U and V . Now different families
of copulas can be fit using a maximum likelihood (ML) estimator. An example of
an application of (3.14) - (3.16) to the smart meter data is shown in Fig. 3.4. For
the random variables X and Y we use the measured power values of the 74th and
75th quarter (18:15h - 18:45h) during weekdays in January. These power values
exhibit a high correlation as can be seen in the upper left graph. The lower left
graph shows applying the CDF transform scales these values to the [0,1] interval,
which allows a copula function to be fit.
For comparison the middle two graphs show the simulation results for an
uncorrelated simulation, where the power values of subsequent quarters may vary
much more than in the original dataset. The right two graphs show the results
when including correlation in the simulations using a copula. The lower right
graph shows 1000 simulated values from a t-copula fit to the data, and the upper
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Figure 3.4. Measured power values, CDF transformed measured power values and
copula generated values for the 74th and 75th quarter of a weekday in January

right graph shows the values transformed back to the original scale of the data,
demonstrating a good agreement with the original measurements. This theory
can be extended to include an arbitrary number of stochastic variables, e.g. the
electric load on multiple quarters of the day, or other variables such as weather or
mobility data. Combining this with the Gaussian mixtures from the previous
paragraph yields a flexible and adaptable modeling method for a wide variety of
data.

3.3.3

Conclusion

In this chapter we have looked at the growing availability, quantity and quality of
data which might prove beneficial for the network planning process. While many
goals for the utilization of data for a DSO are possible, here we focus on its use
in estimating where, when and how much load and generation can be expected
to be connected to the electricity network. Several data analytical methods have
been discussed that can be used to analyze and extract information from the data
and apply this for forecasting. For application in planning, flexible approaches
are favored which have good modeling accuracy, but simultaneously also provide
insight in the underlying data and trends. Additionally, the methods should be
able to be incorporated in a probabilistic framework as the low aggregation levels
of customers in the low voltage network level necessitate the explicit modeling of the
uncertainties. These considerations motivate the choice for the selected methods,
which will be applied in the next chapters.
In chapter 4, a logistic regression methodology is applied to pre-defined energy
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transition scenarios regarding adoption of technologies. Based on a large scale
analysis of Dutch local data and technology adoption, key determining factors
for adoption of energy transition technologies are found and used for forecasting
expected local penetration levels of these technologies.
Chapter 5 treats the implementation of a two-stage load modeling approach
based on Gaussian mixture models and copulas, to generate stochastic load profiles
of households and energy transition technologies. This allows the assessment of the
network impact of different energy transition scenarios.
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Chapter

4

Development of Data Enriched
Future Energy Scenarios
The increasing adoption of energy transition technologies such as photovoltaics,
electric vehicles and heat pumps will change the way households consume and
generate electricity [81]. The existing research on incorporating the impact of
these developments in the planning process of electricity distribution networks
mainly focuses on the medium voltage (MV) level [82], where it is possible to
make use of averaged or aggregated models. But as many of the developments are
taking place in the low voltage network, it is important to properly incorporate
their impact in the LV network planning processes as well [83]. At this low level
of aggregation the impact of the energy transition on local network loading is
uncertain and tied to the uncertainty in location and timing of adoption of PV,
EV and HP. This chapter focuses on incorporating the spatial uncertainty in
adoption of energy transition technologies in the network planning process. First,
the diversity in adoption is discussed and a methodology is proposed to integrate
this in planning scenarios. Then, an identification of key determining factors is
presented by means of a statistical analysis and models are developed to quantify
their impact on technology adoption probabilities. The models are then applied
to an actual adoption scenario to validate the results and demonstrate the
improved prediction accuracy.
This chapter is based on
R. Bernards, J. Morren and J.G. Slootweg, ”Evaluating Impact of New Technologies on Low
Voltage Grids using Probabilistic Data Enriched Scenarios,” 17th International Conference on
Environment and Electrical Engineering, Florence, 2016.
R. Bernards, J. Morren and J.G. Slootweg, ”Development and Implementation of Statistical
Models for Estimating Diversified Adoption of Energy Transition Technologies,” IEEE
Transactions on Sustainable Energy, 2018.

37

38

4.1
4.1.1

Development of Data Enriched Future Energy Scenarios

Technology adoption scenarios
Diversity in adoption

When making network investment decisions, long time horizons are regarded due to
the long lifetimes of components. On the LV network level planning is mainly based
on a fit-and-forget approach, where new areas or extensions are planned to be able
to sustain a certain percentage of load growth for the next 30-40 years and addition
of individual new grid connections are analysed on an ad-hoc basis. These long
planning horizons lead to a large amount of uncertainty regarding future network
loading, especially now with multiple new technologies becoming more widespread.
In presence of such large uncertainties, scenario studies can be employed to sketch
multiple possible futures and assist planners in making informed decisions.
Various studies are available which envision future penetration of new
developments (and in some cases also their impact on the network), e.g. several
scenario studies for the Netherlands are described in [8, 84–88]. Planners may use
such scenarios to estimate expected load growths and schedule required
investments accordingly. The limitation of many of such scenario studies however
is the fact that they generally assume an evenly distributed increase in new
technologies, e.g. a 50% penetration level homogeneously distributed over the
entire region of interest. In contrast, as the energy transition progresses and the
number of installed PV systems, EVs and HPs is increasing we can currently
discern a large spatial disparity in local penetration levels. Fig. 4.1 shows for
instance the diversity in PV penetration levels for municipalities in the
Netherlands. The penetration level refers here to the number of households in an

Figure 4.1. Local penetration levels of photovoltaics in the Netherlands in 2015 depicted
as the percentage of all households in a municipality that own a pv installation. (source:
klimaatmonitor).
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area that have adopted PV relative to the total number of households.
Varying local penetration levels of these different technologies will lead to
different load profiles, e.g. an increasing penetration level of PV would lead to
more local generation and might cause negative power flows during the day, while
increasing numbers of EVs and HPs increase electricity consumption and are
likely to increase peak loads in the network. Because different customers may
decide on different adoption times of new technologies and might also choose for a
different combination of technologies (including none at all), an increased
diversity between load profiles of individual customers is expected [8]. This makes
it especially challenging to predict the future expected loading of LV networks, as
there will be substantial differences on a local level. As they might therefore
impact the timing of necessary network investments, the spatial diversity should
be incorporated in the scenarios for a proper assessment in the planning process.

4.1.2

Related work

Previous studies suggest the adoption rate of energy technologies can be linked to
different attributes of the people that adopt these technologies, as well as attributes
of the technologies themselves. Recent work in this field includes for PV [89–
101], for EV [102–115], for HP [116–121]. By using mostly data obtained from
surveys, a wide range of variables is assessed in various works, which can mainly be
identified as socio-economic or demographic variables, technical variables relating
to the technology itself, variables relating to building characteristics, or households’
attitudes to and knowledge of environmental topics. Some studies focus on the
temporal adoption aspects, investigating key factors related to the evolution of
adoption over time [89,100,103–106,116–118], while other studies focus specifically
on the determining factors between different customers and areas [90–95, 109–113].
Specifically for PV there are several studies that consider an integrated spatiotemporal model [97, 101]. The majority of these studies deal with determining
the statistical significance of different factors and their coefficients, and provide
recommendations from a policy perspective [107]. Only few [101,109,111,115] make
an additional step to applying these models for prediction of spatial distribution of
adoption for planning studies. Additionally, none of the existing literature treats
how to apply the statistical models to different future scenarios. While for instance
[101] does treat a single scenario prediction, due to the integrated nature of the
model, it is not able to be flexibly adapted to other possible scenarios.
The focus of the existing literature is mainly on finding statistically significant
predictors and attempting to explain their impact from a sociological or policy
perspective, but rarely consider implementation in planning studies. To include
the impact of such models in the regular network planning process a grid operator
requires a quantifiable expected spatial distribution of adoption of technologies and
to be able to obtain all required data. It is for instance not feasible to include data
which can only be obtained through surveys such as individual residents attitude
towards climate change or education level, as these data cannot feasibly be obtained
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Figure 4.2. Visualization of the modeling method to transform homogeneous national
scenarios to locally specific scenarios using a trained statistical model

for the entire network area. Here we will focus on a methodology to estimate the
expected spatial distribution of adoption of new technologies using open data on
socio-economic attributes, combined with grid operator knowledge and data on
current geographical distribution of technologies and energy use.
The next section will outline the general methodology proposed to integrate
this spatial diversity to generate local planning scenarios.

4.1.3

Local scenario modeling methodology

To estimate the effect of local characteristics on expected local penetration levels,
a modeling method is proposed which scales a given input scenario using a trained
statistical model, as shown in Fig. 4.2. The input scenarios describe the expected
penetration levels of different technologies over time. To explicitly account for
the uncertainty in adoption a probabilistic modeling method is used, where firstly
the expected penetration levels from the input scenarios are converted to general
(yearly) adoption probabilities for the scenario horizon. The rate of adoption is a
numerical indicator of the steepness of the adoption curve for an innovation [122].
Thus by differentiating the modeled scenario curves and discretizing into yearly
intervals we can obtain the expected amount of a certain appliance installed in
a specific year. The yearly growth of PV installations is converted to a yearly
adoption probability by a division by the number of feasible installation locations:
pscen,t =

Ct −

It
Pt−1

i=0 Ii

(4.1)

with It the number of PV installations installed in year t, and Ct the number of
customers in year t. The term in the denominator (the number of feasible locations)
is the total amount of customers minus the total number of locations that already
own a PV installation at the beginning of year t. These base probabilities are then
scaled according to local parameter influences to obtain a local specific scenario for
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the location adoption probabilities in the area under study, using
pn,t = Sn · pscen,t ,

(4.2)

where pn,t is the scaled scenario adoption probability for customer n in year t and
Sn a scaling factor. In order to determine these scaling factors, a quantification
of the impact of local variables on expected adoption probability of customers
is required. To this end, in the next section a statistical analysis of the factors
affecting adoption of energy transition technologies will be discussed.

4.2
4.2.1

Data enrichment
Data and variables

The data used in this analysis are obtained primarily from publicly accessible
sources. Factors to include in the analysis have been selected based on a review of
the literature on energy technology adoption and data availability, and have been
grouped in four different categories:
Building and area characteristics,
Socio-economics, Demographics and Energy & technology. Data on building
characteristics and geographical location were obtained from the Dutch Cadastre.
Socio-economic and demographic variables were obtained from the Dutch Central
Bureau of Statistics (CBS). Due to privacy considerations these data are not
publicly available at the individual level but rather aggregated per 6-digit zip
code (usually around 10 - 40 addresses).
The dataset on building characteristics was used to link all other variables to
their specific building, and also contains the buildings year of construction
(YearConstructed) and footprint area (Area). Variables related to building area
characteristics are address density (AddressDensity), average house prices
(HousePrice), percentage of high rise buildings (PercHighRise), number of
households in zip code (NumHH).
Demographic variables related to household composition are the total number of
residents (NumResidents) and percentage of male and female residents (PercMale),
percentage of household members within a certain age group (Perc00-14, Perc1524, Perc25-44 etc.), percentages of single person households (Perc1p), single-parent
households (Perc1pa), multi-person households without children (PercMp), twoparent households (Perc2pa) and average household size (HHsize).
Socio-economic variables are the average monthly income (Income) and its
logarithm (LogIncome), the home ownership rate (PercOwned) and number of
income receivers (NumIncReceiver). The logarithmic scale is an often used
transformation for income variables as the distribution of income levels tends to
be positively skewed which can be made more normal by log transforming.
The final group of variables are related to energy and technology and contain
yearly energy use of both gas and electricity (EnergyUseE, EnergyUseG),
percentage of households with district heating (PercDistrHeat), number of cars
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per household (CarHH) and the number of PV installations in a 100 and 250
meter radius, prior to own installation, (PvDist100, PvDist250). A summary of
the descriptive statistics for these variables for the Netherlands are given in Table
A.1 in appendix A.

4.2.2

Implementation of logistic regression

The main goals are to obtain insight in the influential factors impacting adoption
of different energy technologies and determine a parsimonious model for
prediction of the adoption probability. The model should estimate the adoption
probability as good as possible given the available data, while containing only
variables which have a statistically significant influence on the predicted
probability. To this end, the data are analyzed using logistic regression to
determine the statistically relevant variables and their corresponding coefficient
estimates. The general theory of logistic regression and selection of this approach
is explained in chapter 3, here we will focus on the specific implementation.
Important aspects in the implementation of a regression model are that only
statistically relevant variables should be included in the model, and overfitting
should be prevented to ensure generalization of the model on new data. From
2 we recall that in logistic regression the coefficient estimates for the included
parameters are determined by maximizing the log-likelihood of the model on the
given dataset. To identify the key parameters that should be included in the final
adoption prediction model a stepwise variable selection method is employed using a
likelihood ratio test (chi-squared deviance test) and additional cross validation. A
flowchart detailing the methodology is depicted in Fig. 4.3. In the stepwise phase
we start with the null model, add each of the variables individually and compute
their marginal contribution to the likelihood function l(B). The variable with the
largest (statistically significant) contribution to the likelihood is then added to the
preliminary model. Whether any variable has a statistically significant impact is
evaluated using
D(y) = −2(log(Pr(y|B̂1 )) − log(Pr(y|B̂2 )))

(4.3)

where D is the deviance statistic comparing a model with coefficient estimates
B1 with a model with one extra variable and coefficient estimates B2 . The
corresponding p-value is calculated by entering D in a Chi-squared distribution
with one degree of freedom. Consequently this process is repeated, adding each
variable to the resulting preliminary model and evaluating their marginal
contribution. This continues until no further single variable passes the likelihood
ratio test for significance.
To prevent overfitting, k-fold cross validation is then carried out on the
preliminary model to remove any excess variables and determine the final
prediction model. During the cross validation the dataset is divided into five
folds, such that each fold contains an approximately equal technology penetration
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Figure 4.3. Flowchart of the stepwise regression process with cross validation used for
variable selection.

level. The model is recurrently trained on each combination of four folds and
validated on the fifth fold. This process is repeated for ten iterations, in each
iteration shuffling the data when determining the folds. Likelihood ratio tests are
conducted for each combination of folds in each iteration, comparing the initially
determined model with a reduced model where one of the variables is removed.
The variable is considered significant if the average p-value for the tests is smaller
than 0.05 and there is no excessive variance in calculated p-values. The number
of folds is selected based on the trade-off between having as much as data points
in the training set as possible, to achieve proper model training, while still having
a sufficiently diverse validation set. In literature most commonly 5 - 10 folds are
used [93, 110, 123]. Several preliminary cross-validation tests were executed on the
datasets with a varying number of folds, however the conclusions regarding
statistical significance for variables did not appear to change, and so five folds
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were deemed sufficient and also limit the computational effort required. To ensure
the results are less prone to the specific partitioning of the folds, the tests are
repeated for multiple different pseudorandom variations of the folds and the
results averaged. However, for a proper selection it is not only important that the
average is accepted or rejected, but also that there is no large variance between
the results (i.e. successive tests yielding very low and very high p-values). For a
large number of iterations the variance could be obscured, which could lead to
erroneous conclusions about the statistical significance of variables [124].
Therefore the number of iterations is limited to ten, to ensure that variance
between the individual cross validation runs is properly reflected.
Next we will apply this method to determine the main influential factors for
adoption of several energy transition technologies.

4.2.3

Statistical Analysis

The presented methodology is applied to adoption of PV, EV and HP and in
this section the analysis and corresponding statistical model coefficients for each
technology will be discussed individually, as different levels of data availability of
the location of these technologies necessitate varying approaches.

4.2.4

Photovoltaics

The statistical analysis for PV is performed on the supply area of a Dutch grid
operator with over 2.6 million connections, of the total of approximately 9 million
connections in the entire Netherlands. The geographical area is spread over the
Netherlands and comprises many different customers with diverse characteristics
and located in varying levels of urbanization. Data on the location of PV
installations in this area was obtained from the Dutch Production Installation
Register (PIR). The PIR is an online database maintained by the Dutch grid
operators containing information on geographical location and other
characteristics of local generation units such as PV and (micro-) CHP
installations. An overview of the distribution of PV in the analyzed supply area is
shown in Fig. 4.1.
The stepwise regression method with cross validation as explained earlier is
used to determine the statistically significant variables and their corresponding
coefficient estimates. The resulting model is given in Table A.2 in appendix A,
showing the 17 included variables and coefficient estimates and standard error,
along with the statistics for the Chi-squared tests and corresponding p-values. To
reduce the effects of multicollinearity in determining statistical significance the
variables are standardized. This also allows for comparison of the relative strength
of each variable. Standardization is done by subtracting the mean and dividing by
the standard error using
xi − xi,mean
,
(4.4)
xi,st =
SEi
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Figure 4.4. Standardized coefficients for all variables included in the final PV model,
determined with the stepwise regression process. The light grey bars represent the
positive coefficients and the dark grey bars the negative coefficients.

where xi,mean and SEi are respectively the mean and standard error of variable
xi . This scales the predictors such that they have mean zero and standard error 1.
A comparison of the relative impact of each variable on the adoption probability
is shown in Fig. 4.4. The main factors exhibiting a strong relation to adoption
probability are the income level and peer effect variables. When including only the
income level and logarithmic transform of the income level, their effect on adoption
probability can be visualized as in Fig. 4.5. The average income level of over 90%
of all observations falls between 1200 and 3500 euros per month. For this income
range the adoption probability increases by 1.1 percentage point per 300 euros
increase in income. For higher income levels the effect levels off. When including
all other statistically relevant variables, the predicted probabilities become more
diversified for higher income levels as shown in Fig. 4.6. For income levels between
1200 and 3500 euros the relation remains relatively constant, demonstrating the
strong correlation with income in this range. The dependency of the adoption
probability on other variables is visualized in Fig. 4.7, where for each variable in
the final prediction model the average predicted adoption probability is plotted
together with the observed penetration level. The adoption probability clearly
scales inversely with the address density (larger density equals lower probability),
and is positively correlated to average house prices and the percentage of home
owners. Also it is clear that various household composition and age variables show
a correlation to PV adoption, generally favoring large size households with young
children and decreasing with a larger percentage of elderly people.
Peer effects are another indicator for PV adoption, although not directly clear
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Figure 4.5. Comparison of predicted adoption probability and observed penetration level
for a model using Income and LogIncome as predictors.

0.3
PV penetration
Estimated probability
Estimated probability full model

0.25

Probability (-)

0.2

0.15

0.1

0.05

0
0

1000

2000

3000

4000

5000

6000

7000

8000

9000 10000
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for a model using the full fitted model.
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Figure 4.7. Comparison of predicted adoption probability and observed penetration level
for a model using the full fitted model for all selected variables. The grey crosses
represent the observed average penetration levels, the orange line a model fit with only
that single variable, and the black line the average predicted probability from the full
selected model.

from the graph in Fig. 4.7. However, this graph does not reflect that the number of
PV installations in the area also scale with the variables related to address density.
Judging by the coefficients in the standardized model (Fig. 4.4) the number of
PV installations installed in the direct vicinity (within a radius of 100 meters)
of a household appears to have a positive impact on the likelihood of adoption.
Looking at the total number of installations in a wider vicinity (250 meters), a
small positive correlation could be seen but this is effect is much weaker and actually
inverted when the (correlated) variable PvDist100 is also included in the model,
judging by the negative coefficient in the final model. This is in line with other
research [93, 98] which suggest that presence of PV in the direct neighborhood is a
strong contributing factor to adoption. Other statistically significant variables are
related to household composition and age, and level of urbanization of the area.
When looking at the individual coefficients of variables within a model one
must always account for the aspect of multicollinearity, which entails that certain
variables might exhibit correlations possibly obscuring the fitted coefficients.
Moreover, multicollinearity might also hide otherwise statistically significant
relations with the outcome variable. These issues are in part reduced by
standardizing the variables. Additionally, collinearity diagnostics suggested by
Belsley [125] were used to asses the strength and sources of collinearity in the
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model. The major cases of collinearity are within the groups of variables
regarding percentages of age groups and percentages of household compositions,
which are also intuitively quite clearly correlated. Different models are compared
where for each group only one of the variables is included and the rest are
excluded from the original fitted model. By including only one of each group of
variables that exhibit a high level of collinearity, better insight can be obtained in
the real impact of this variable. After correcting for this, the adoption model
suggests increased odds of adoption for multi-person households with adults
between 45-64 years, living in less urban areas. The final prediction model is
selected as the highest Loglikelihood model, as when applying the model for
predictions the individual coefficients are of less interest.
The standard error of the estimated coefficients is caused by the variance in the
dataset, i.e. observations with the same or very similar variables may have a PV
system (y = 1) or not (y = 0). The maximum likelihood algorithm corresponds
to the method that finds the coefficient estimates that minimize the error of the
least squares fit to the log-odds ratio of the response variable [56]. The standard
errors in our model can be considered low, they are all between 2−12% of their
corresponding coefficient estimate. This indicates a high degree of certainty about
the statistical significance and the approximate value of the estimated coefficient.
The errors could be reduced for a specific dataset by including more variables,
however this would lead to overfitting the data and would most likely increase the
errors when applying the model on new data.

4.2.5

Electric Vehicles

For determining the relevant factors and corresponding coefficient estimates for
adoption of electric vehicles a similar approach is used as for PV, however some
modifications are required due to the relatively low current penetration level of EVs
and the level of (open) data availability. In this research we regard both full electric
vehicles (FEVs) as well as plug-in hybrid vehicles (PHEVs). Due to privacy issues
geographical information of individual cars is not (openly) available, thus requiring
us to look at aggregated values to identify relevant predictors.
At the 1st of January 2017 the entire Dutch car fleet comprises 1.37% PHEVs
and 0.16% FEVs. Because the current penetration level of EVs is rather low, this
would result in a large number of areas with either zero or very few adoptions for
low aggregation levels (e.g. zip code level). This could be problematic in finding
a stable solution as looking at aggregations necessitates executing the regression
analysis on quantities or ratios of the numbers of EVs. For smaller numbers of
events these ratios are more unstable, which could lead to erratic results [115].
Following previous considerations publicly available data on the number of EVs
per municipality were obtained from the Dutch Government Department of Road
Traffic. This amounts to 390 observations with a mean EV penetration level of
0.7% and a standard error (SE) of 0.6%. Predictor variables from the original
dataset are averaged at the municipality level, which reduces the variability and
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specificity but is required for a proper analysis.
The predicted adoption probabilities on the municipality aggregation level per
vehicle can thereafter be further diversified to an adoption probability per
household on the neighborhood level by scaling them, using the average number
of vehicles per household. The number of households in any neighborhood varies
but mainly ranges from 100 to 1000 households. This gives a sufficient level of
specificity for many spatial planning problems.
The response is now modeled using a binomial distribution
 
Kn yn
Pr(Yn = yn ) =
p (1 − pn )Kn −yn ,
yn n

(4.5)

where Kn is the total number of vehicles in municipality n, yn the corresponding
number of EVs, and pn the estimated probability for a vehicle belonging to a
household in municipality n. And the likelihood is calculated as the product of
predicted probabilities of each municipality
l(β) =

N
Y

Pr(Yn = yn ).

(4.6)

n=1

Applying the regression methodology yields the model shown in Table A.3 in
appendix A. Fig. 4.8 shows a comparison of relative strength of each (standardized)
variable, after correcting for collinearity. Fig. 4.9 displays the dependency of the
adoption probability to changes in the selected variables together with the observed
penetration levels. The average household composition and income level are the
main determining factors. Again the effect of income is strong and levels off for
higher income levels, following from the positive coefficient for the logarithmic
transformed income and negative coefficient for the linear income variable. After
correcting for the main sources of collinearity caused by the groups of variables
related to household composition and age we observe a reduced adoption rate for
larger percentages of people above 44 year, and increased adoption rate for cities
with a larger percentage of income receivers and two-parent households, partly
compensated by favoring for smaller household sizes. In general this suggests an
increased adoption in areas with a larger percentage of relatively young parents.
Adoption is generally lower in more densely populated areas and areas with a larger
percentage of high rise buildings, and higher in areas with a greater average energy
use.
Note that in the regression analysis the variables relating to the number of PV
installations in a certain area were not included. This was done to avoid possible
double counting of any effect in section 4.3 of this chapter where we will look at
correlated geographical spread of the three technologies.
Fig. 4.10 shows the correlation between the observed and predicted number
of EVs. The orange line highlights the theoretical perfect fit and the yellow line
corresponds to the linear fit through the correlated points. For lower adoption
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Figure 4.8. Standardized coefficients for all variables included in the final EV model,
determined with the stepwise regression process after correcting for main sources of
collinearity. The light grey bars represent the positive coefficients and the dark grey
bars the negative coefficients.
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Correlation plot for observed and predicted penetration of EVs
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Figure 4.10. Correlation between observed and predicted number of EVs. Orange is the
theoretical perfect fit, yellow is linear fit through the data points.

rates the model overestimates and for higher rates the model underestimates the
expected share of EVs. The residuals are scattered evenly around the fitted line and
are normally distributed, suggesting an appropriate fit. The standard errors for the
coefficient estimates range from 2−13%, indicating a high degree of certainty about
the statistical significance and the approximate value of the estimated coefficients.

4.2.6

Heat pumps

In this section we focus on modeling the distributed individual adoption of heat
pumps. Unfortunately no publicly available or readily obtainable data could be
found on adoption and geographical location of individual heat pump units. In
order to assess the factors affecting heat pump adoption, an analysis of the results
of an OECD survey on household environmental behavior and attitudes was
used [121]. In this extensive survey, data were collected from over 12 000
respondents from 11 OECD countries (including the Netherlands). The survey
participants were asked questions regarding their adoption of energy efficient and
renewable technologies and their behavior and attitudes towards environmental
issues. On these results a logistic regression analysis was carried out to determine
the main contributing factors for adoption of heat pumps and solar panels or
investments in other energy efficient appliances or measures. The coefficients of
the factors included in the model with the highest posterior probability are shown
in Table A.4 in appendix A. The included factors are the (yearly) income level
(LogYrIncome), average age (Age), whether the property is owned or rented
(Ownership) and whether it is in a rural area or not (Rural). Additionally several
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factors describing environmental attitudes and behavior were included and used
to cluster participants in three groups, as well as a categorical variable for each
country. Overall the tendency to adopt HPs is increased for higher income levels
and home owners, and decreases with age.
In order to be able to apply the reported model using the available data, several
adaptions are necessary. As several of the reported influential factors can only
be obtained by running surveys (e.g. a households environmental attitude), this
is unfeasible to obtain for entire network areas of interest. These are therefore
included as a categorical offset at the mean reported values for the Netherlands.
Likewise the categorical variable Rural is treated in this way as the impact was
not considered significant (p>0.1) and the exact threshold to be considered rural
was undefined in the survey but left up to the respondent. The income level is
converted to a yearly net income to align the variables and the Age variable is
generated by taking the mid points of the age percentage variables and averaging
them for each zip code level. The ownership is integrated by scaling the categorical
coefficient to the home ownership rate per zip code (e.g. for an ownership rate of
80% the coefficient for households in that area becomes 0.420 x 80% = 0.336).
The standard errors of the HP model are generally larger than for the PV and
EV models fitted in this work (12−36% of the coefficient estimate for the significant
variables). This could be partly because the results are obtained from a survey,
thus having a limited sample. Additionally, HP adoption levels are currently lower
than for PV and EV, so it is harder to detect statistical significance and find good
coefficient estimates.
Implementing the model on the dataset of the Netherlands shows a substantial
local variation in adoption and expected numbers of HPs, as highlighted in Fig.
4.11. The bimodality of the distribution is caused by the strong (inverse) relation
between adoption and average age which exhibits a similar behavior.

4.3

Application and Evaluation

The three previously described models are applied to estimate diversified
probabilities for PV, EV and HP adoption. This may assist in identifying areas
which are more likely to exhibit large growth or penetration levels of such
technologies. For instance for electricity distribution network planning it is vital
to have insight into the spatial distribution of expected load and generation
growth in order to efficiently plan necessary network investments. Applying the
regression models on the network area of a Dutch grid operator yields insight into
the geographical locations with a high socio-demographic suitability for the
aforementioned technologies.
A correlation analysis of the estimated adoption probabilities per technology is
carried out using the Spearmans rank correlation coefficients [75] calculated using
P
6 dn
(4.7)
ρ=1−
N (N 2 − 1)
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Distribution of predicted adoption probability for heat pumps

Probability of occurrence (-)

0.1

0.08

0.06

0.04

0.02

0
0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

Adoption probability (-)

Figure 4.11. Spread in predicted adoption probability for heat pumps for households in
the Netherlands.

where dn is the difference between two ranks of each observation and N is the
number of observations. The rank of each observation is determined by sorting all
estimated probability values and assigning an increasing integer value
corresponding to each value. The lowest value is assigned rank 1, the second
lowest rank 2, etc.
Table 4.1 reports the correlation coefficients and corresponding p-values. A
medium strength positive correlation was found between PV and HP adoption,
whereas only very weak relations could be determined between EV adoption and
either PV or HP adoption. This suggests diverse combinations of penetration
levels are to be expected. In Fig. 4.12 and 4.13 maps are shown for a city in the
Netherlands with several surrounding villages, with highlighted areas ranked on
their relative suitability for either PV, EV, HP or a combination of these. Several
areas can be discerned with a high suitability for all these technologies, but also
areas with a preference for one or two. As different combinations and adoption
rates of these technologies may lead to vastly diverse load profiles, this signifies
it is essential to take into account the local variations in expected adoption when
making investment decisions under uncertainty.
To evaluate the improvement in prediction accuracy of the geographical
spread, the PV regression model is implemented on a historical scenario for the
service area of a Dutch DSO, using the method presented in section 4.1.3. The
observed PV growth in the years 2006 - 2016 was used to generate a 10 year
(probabilistic) scenario, where the base yearly adoption probabilities for each
household are determined based on the number of installed installations each year
divided by the number of customers that have not yet adopted in the previous

54

Development of Data Enriched Future Energy Scenarios

Figure 4.12. Heatmap of expected adoption of photovoltaics in a region in the
Netherlands.

Figure 4.13. Heatmap of locations with high expected adoption of energy transition
technologies in a region in the Netherlands.
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years according to equation 4.1. These probabilities are subsequently diversified
according to the regression model estimates to provide individual yearly adoption
probabilities of each customer. This is done by transforming the adoption
probabilities estimated by the regression model to a scale relative to the mean of
the estimates, and then multiplying by the base scenario probabilities, filling this
in for the scale factor Sn in equation 4.2 yields
pn,t =

pn
pscen,t ,
pn,mean

(4.8)

where pn,mean represents the mean of the estimated individual probabilities pn
and pscen,t the base adoption probability for year t. This diversifies the predicted
number of adoptions to a local level while ensuring the expected value of the total
number of adoptions is equal to the forecast defined in the scenario.
A Monte Carlo simulation is then carried out simulating 10 years of adoption,
taking the number of households with PV at the start of the year 2006 as initial
values. To evaluate the number and locations of adoptions, in each year, for each
household pn,t is compared to a random sample of a uniform distribution on the
interval of 0 to 1, U (0, 1). At the end of each iteration the installed PV
installations are aggregated per neighborhood, for comparison to the actual
adoption. Two separate simulations are carried out, whereby in the first
simulation only the base yearly adoption probabilities are used (simulating an
assumed even spread of adoption), and the second simulation uses the individual
adoption probabilities from (4.8).
The forecast errors and prediction accuracy of the method are evaluated by
comparing the results from the two simulations on several performance indicators.
The performance indicators used are: the Mean Average Percentage Error
(MAPE), to evaluate the overall average error in the forecasts, the Root Mean
Squared Error (RMSE), which penalizes forecasts that are far off more heavily
than smaller deviations, the Continuous Rank Probability Score (CRPS) [126], to
evaluate not only the mean but also the spread in forecasted values by comparing
the area between the forecasted and observed distributions, and the R-Squared,
to evaluate how well a certain model explains the variance in the outcome. The
performance indicators are calculated using (4.9)-(4.12), where Oh and Fh
represent the observed and forecasted values for neighborhood h of total H, and
Ō is the mean of the observed values. DOh and DFh are the (empirical)
Table 4.1. Spearman’s rank correlation coefficients for estimated adoption probabilities

ρ

p-value

PV - EV

-0.022

0.000

PV - HP

0.435

0.000

EV - HP

0.17

0.000
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cumulative distribution functions (CDFs) of the observations and forecasts, e.g.
for the observed values the CDFs are Heaviside (step) functions with the step at
the observed number of PV installations.
M AP E = 100 ·

H
1 X O h − Fh
|
|
H
Oh

(4.9)

h=1

v
u
H
u1 X
RM SE = t
(Oh − Fh )2
H

(4.10)

h=1

CRP S =

H Z
1 X
(DOh − DFh )2 dx
H

(4.11)

h=1

PH
2
h=1 (Fh − Ō)
R2 = PH
2
h=1 (Oh − Ō)

(4.12)

Table 4.2 shows the resulting performance metrics for both the base and
diversified simulations.
The error indicators for the simulation where the
diversified probabilities are used are 31-50% lower than when using just the base
values, indicating a significantly improved forecast using the local scenarios. Also
the R-squared for the diversified simulation is notably higher (a 52% increase),
showing that this model is able to better describe the variance in the observed
local adoption rates.
Table 4.2. Performance metrics for scenario simulations

4.4

Scenario

MAPE

RMSE

CRPS

R2

Base

103.42

24.43

7.61

0.44

Diversified

51.61

13.96

5.28

0.67

Comparison to other machine learning methods

The presented method uses a logistic regression analysis to both predict the
likelihood of adoption and simultaneously provide insight into the driving factors
which affect this. As noted in chapter 3, other methods exist that can be used to
model the adoption of technologies, which may possibly realize a better predictive
performance, by their ability to model complex non-linear interactions, at the
cost of loss of interpretability. This interpretability is an important beneficial
quality of regression methods, as the loss of interpretability of the model means it
becomes much more difficult or infeasible to identify the impact of individual
variables on the output. The predictive performance of the logistic regression
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model will therefore be benchmarked to several other supervised learning
techniques. The compared techniques need to be able to classify data and provide
a probabilistic estimate of the class membership. We selected several methods
that are commonly used in literature [127], and are shown to be able to provide
good probability estimates with the proper tuning [128]. The methods included in
the comparison are Naive Bayes (NB), Support Vector Machines (SVM),
Artificial Neural Networks (ANN) and Random Forests (RF).

4.4.1

Methods and implementation

This section briefly introduces the methods and describes their implementation
in this work. The algorithms were implemented in Matlab making use of the
Statistics and Machine Learning toolbox, and optimizing the models by applying
best practices from literature. For more details on the training, validation and
testing procedures of the used methods one is referred to [127–129].
• Naive Bayes is a method based on density estimation and modeling
posterior probabilities using Bayes theorem [129]. While it uses strong
(naive) independence assumptions, the ease of implementation and fast
computational time still allow it to sometimes outperform more
sophisticated alternatives [130]. The NB classifier is trained using a kernel
distribution for the input variables, using 10-fold cross validation to
counteract overfitting and holding out 15% of the dataset to test the
performance.
• Support Vector Machines classify data by non-linearly mapping the input to
a high dimensional feature space in which a linear decision surface is
constructed [131], where the support vectors are the data points which are
closest to this surface. The SVM classifier is trained using a radial basis
function as kernel and optimizing the misclassification cost and kernel scale
by minimizing the cross-validation loss function using the automatic
hyperparameter optimization. Again 15% of the data is used as a test set
for performance testing.
• Artificial Neural Networks consist of nodes, so-called neurons, which are
organized in an input layer, output layer and one or more hidden
layers [129]. Their design is based on the working of the human brain where
many different neurons exchange information to learn complex behavior. In
our case one hidden layer is used with 20 neurons with a hyperbolic
tangent-sigmoid activation function1 .
The weights of the model are
determined using a scaled conjugate gradient descent algorithm [132],
optimizing for minimum cross-entropy. The output layer of the model has a
softmax activation function which scales the output of the model to the
1 The number of neurons was varied from 1 to 100 and different types of activation functions
were analyzed, the chosen combination yielded the best overall results for our dataset
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[0,1] interval and ensures the sum of the outputs is 1. During training 70%
of the data is used for training, 15% for validation and 15% for testing.
• Random Forests (RF), or random forest decision trees, are an extension to
the decision tree algorithm aimed at counteracting decisions trees’ tendency
to overfit [133]. Classification trees are built by representing the leaves of
the tree as a class membership and going from a root node to these leaves
through several branches which each split the data with a certain statement
about one or more features [134]. In RF, multiple decision trees are created
on different (random) subsets or samples of the data and the final decision
result is based on a composition of the individual trees [133]. In this work, the
individual decision trees are generated using the standard CART algorithm
[134], the total number of trees is selected by evaluating at what number the
misclassification error of the forest on the out-of-sample data for an increasing
number of trees stabilizes.

4.4.2

Model performance comparison

Performance indicators
For comparison of the predictive accuracy for different models we are interested
in the correct classification rate and the overall likelihood of the dataset when
represented by this model. Concerning the classification rate we look at the
Receiver Operating Characteristic (ROC) curve and the area under this curve
(AUC).
The ROC curve is a visual representation of the performance of a binary
classification model, plotting the true positive rate versus the false positive
rate [135]. For an improvement in classification performance the curve should
have a concave shape, indicating a higher true than false positive rate.
The AUC is a numerical indicator of the correct classification rate and is
calculated as the integral of the ROC curve. The value of the AUC ranges
theoretically from 0 to 1, with 1 being a perfect prediction and 0.5 being
equivalent to flipping a coin.
Furthermore the performance of the models are compared based on their Loglikelihood on the test set and their Brier score.
The Log-likelihood is calculated as defined in section 3.3.1 using equation 3.8.
As the Log-likelihood ranges from −∞ to 0, for visualization purposes here we use
the normalized absolute value of the Log-likelihood, by first taking the absolute
value and then normalizing on the number of datapoints. The normalized indicator
ranges from 0 to 1 with lower values indicating a better performance.
The Brier score [136] is a common scoring rule for performance evaluation of a
probabilistic forecast [137]. The original scoring rule defined by Brier ranges from
0 to 2 for binary forecasts, however we use the more commonly used form which
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Figure 4.14. ROC curves for different machine learning models trained on the same
dataset.

omits the summation over multiple classes calculated using
Brier score =

N
1 X
(py,n − yn )2 .
N n=1

(4.13)

This score ranges once again from 0 to 1 with lower values being better.
Model evaluation
The learning algorithms are applied to the PV adoption dataset with 2.6 million
observations and their performance is comparatively evaluated based on the
introduced indicators. Fig. 4.14 shows the ROC curves for models trained using
the five different algorithms.
All models are shown to provide a decent
classification accuracy judging by the concave shape of the ROC curves, and with
AUC values varying from 0.71 to 0.84. The curves for the SVM, ANN and RF
model are all consistently above the curve of the LR model, indicating they have
a more accurate classification with the RF performing the most consistently best.
The NB model performs worse in this aspect, caused by a relatively high false
positive classification. A comparison of the numerical performance indicators for
the different models is shown in Fig. 4.15. The SVM and RF models yield the
best performance in AUC and Brier Score, whereas concerning maximizing the
likelihood of the dataset the SVM and ANN models perform best. The ANN
model has overall slightly better performance indicators than the LR model, and
the NB model is in all cases the worst performing model. Overall improvement in
performance with respect to the LR model is modest (3 to 15% difference to the
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Figure 4.15. Comparison of the numerical performance indicators for different machine
learning models. The highlighted bars indicate the best performing model regarding
that specific indicator.

best performing model per indicator). However, the LR model provides more
insight into the contribution of individual variables and may therefore still be the
preferred model depending on the value attributed to this additional knowledge.

4.5

Conclusion and discussion

In this chapter a method was presented that can be used to systematically find
and quantify factors that are statistically significant for adoption of energy
transition technologies and integrate their effect in energy transition scenarios.
Income level, household age and composition, and peer effects were shown to be
key factors to take into consideration. The method is designed to be flexible,
enabling straightforward incorporation and assessment of additional variables and
data. The large scale analysis showed that differences in socio-demographic
variables may lead to substantially diverse local adoption probabilities and are
therefore important to take into account in scenario studies to properly estimate
future expected penetration levels of new technology adoptions.
Furthermore, applying the regression model estimates to generate and
evaluate local adoption scenarios shows an improved prediction accuracy over
assuming a homogeneous growth scenario.
The combined assessment of
photovoltaics, electric vehicles and heat pumps displayed varying levels of
correlations in local adoption rates, signifying the need to be able to simulate the
effects of different combinations of technology penetration levels. Also, the
comparison of the logistic regression model to several other supervised
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classification techniques showed modest improvements in model performance may
be achieved, at the cost of loss of some interpretability of the results, which favors
their use when purely prediction is concerned. In contrast when insight in the
contribution of individual variables is valued, the logistic regression model is
favored as it still provides comparable performance. The presented results and
models may help network operators and other investment planners and
municipalities to identify key regions of interest for further detailed studies.
The focus in this chapter was on estimating adoption probabilities by making
use of publicly available data and data readily available to grid operators to be
applicable in (probabilistic) spatial load forecasting. An in-depth sociological
analysis of all possible socio-economic and demographic factors correlating to
energy technology adoption was therefore out of the scope of this study, in favor
of a more practically applicable modeling method which can be used in scenario
studies.
Several supervised learning techniques were used with overall modest differences
in performance, suggesting a limit to the predictive accuracy with the available
data. This could in part be caused by much of the data being available only at
zipcode or neighborhood aggregation levels, rather than at individual level, and
the dataset probably does not include all influential parameters. Additionally,
further advances in learning techniques are being made and may provide increased
accuracy when tailored to this application.
Further studies into the determinants for adoption of energy technologies should
aim for data to be as much as possible at the individual level in order to obtain
a detailed insight. At this point in time, while data on PV adoption is relatively
well available at individual level, for EV only a relatively high aggregation level
is available and for HP adoption very little information is available. It would be
very valuable for both research and practical purposes if the data on EV and HP
adoption can also be structurally acquired at a high level of detail. Additionally
the effect of other parameters such as (financial) incentivization schemes can be
profound and should therefore also be incorporated in such research. Furthermore
it should be noted that the estimated likelihood of adoption and spread herein is
based on the current prevalence of the different technologies considered, i.e. the
method assesses people that have already adopted. One should therefore take care
when incorporating this spread in long-term forecasts, as the dependencies may
change over time for instance due to changing regulation or maturing of technology.
It is therefore important to regularly reevaluate the models on up to date data to
account for this, and update forecasts accordingly.
Another important point to note is that knowing where high penetration
levels are expected does not necessarily equate to knowing where network
investments are expected to be necessary. The existing structure of the electricity
network varies widely in for instance cable type, length, number of branches and
number of customers connect to a feeder. To incorporate the effect of local energy
transition scenarios in network planning, suitable customer load models are
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therefore necessary. In the next chapter stochastic load and generation models
will be developed for the energy transition technologies investigated in this
chapter.
These models are designed to harmonize with the methodology
presented here to allow analysis of the local network impact of future energy
scenarios.

Chapter

5

Stochastic load and generation
modeling
To analyze the impact of future scenarios on the network the forecasts of energy
transition technology adoption should be combined with suitable load and
generation models of the individual technologies. In presence of an abundance of
data, statistical methods can be employed to model the stochastic behavior of
different customers and technologies. In this chapter the methodology introduced
in chapter 3 is implemented to model profiles of base residential load, PV
generation, EV charging and space- and tap water heating with a HP. First we
consider the modeling of the individual profiles using different datasets, after
which the profiles are combined to demonstrate the effect of different technologies
and penetration levels on the residential load profiles at LV level.

5.1

Modeling individual profiles

The modeling of each of the individual profiles is based on the following steps:
1. Pre-process and cluster measurement data
2. Fit marginal Gaussian mixture distributions to each cluster
3. Apply CDF transformation to obtain uniform distributions
4. Fit copula functions to model correlation structure
5. Generate random samples from the copulas
6. Convert samples back to original data scale using the inverse CDF
transformation
63
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The different steps will be discussed for each of the individual profile models,
starting with the residential load. As several modeling steps for the energy
transition technologies are quite similar the first explanation (for residential load)
will the most elaborate, and for the subsequent models more emphasis will be
placed on the differences in modeling approach.

5.1.1

Base residential load

First we consider the modeling of the base residential load, which is the current load
of households without any PV, EV and/or HP system installed. The dataset used
for this is an open data set of smart meter data of residential loads in 2013 [63].
This dataset contains recorded 15-min average energy consumption values for 80
households for a whole year. The households in this dataset vary from apartments
to detached houses, with a gas connection for heating and cooking, and a wide range
in yearly electricity consumption varying from 1000 to over 6500 kWh. Moreover,
the households also do not have any energy transition technologies already installed.
Data and preprocessing
To analyze and model the statistical behavior the measurements are first clustered
into groups, based on time of day, day type (week- or weekend day) and month
of the year. This partitioning is based on the seasonality of the load and time
of use behavior of residential customers [41, 66]. Each cluster now consists of all
measurements for all households for all week- or weekend days in a specific month
at a specific 15-minute time interval (e.g. the time interval of 12:00 - 12:15h for all
weekend days in June). This results in 12 months x 2 day types x 96 quarters =
2304 clusters with each around 1700 and 700 measurements for week- and weekend
days respectively. Fig. 5.1 illustrates the behavior of the residential load over time
and the stochastic variation at specific time instants. The mean profiles in Fig.
5.1a show a clear daily cycle, with a peak at 18:00h of approximately 0.9 kW in
the winter and 0.5 kW in summer. The wide confidence interval around the mean
indicates a large spread in individual load values, which is more detailedly displayed
in Fig. 5.1b and 5.1c which show the distribution of the load at two chosen 15-min
intervals.
Model fitting
We now first fit GMMs to the measurement data to obtain the marginal
distributions of each individual quarter-hour. The optimal number of components
of each GMM is selected by evaluating at what number the Bayesian Information
Criterion (BIC) (as explained in section 3.3.2) is minimal. Fig. 5.2a shows the
evaluation of the BIC for GMMs with an increasing number of components, for
several quarter-hours in January.
For all clusters the optimal number of
components varies between 3 and 7 components. Fig. 5.2b show the fit of four of
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Figure 5.1. Load behavior in winter and summer. (a) mean profiles and 90% confidence
interval around the mean, (b) and (c) stochastic behavior of load at specific time
intervals.

the mixture models to their respective data, and indicate a good fit while showing
no signs of overfitting.
Next, the data are transformed to (approximate) uniform distributions on the
[0,1] interval by applying equation 3.15 and copulas are fit to model the dependence
structure between all time intervals of a certain day type and month (e.g. weekday
in December). This yields a 96 x 96 correlation matrix with the rank correlation
coefficients between each quarter-hour. Different families of copulas exist, of which
the more common Gaussian, t, Gumbel, Clayton and Frank copulas [77, 79] were
applied. Their goodness of fit was analyzed using the Log-likelihood of the copula
on the transformed data points, and showed that in each case the t-copula provided
the best overall fit. Subsequently, these copula functions can be used to generate
daily load profiles.
Profile generation and evaluation
Correlated samples can be generated from the copulas, each sample corresponding
to a day profile of 96 correlated quarter-hours. The samples generated from the
copula are on the [0,1] interval and need to be transformed back to the scale of the
original data to represent their corresponding power values, by applying an inverse
CDF transformation with the marginal distributions. As mixture distributions
do not have an analytical inverse CDF, we opt for a numerical method by first
generating the marginal CDFs with small discrete steps and performing a line
search to find the power values corresponding to the copula generated samples.
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days in January for 30 (top) and 300 (bottom) households.
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simulated values.

Using the outlined methodology, profiles can be generated exhibiting the
statistical behavior and correlation structure of the original dataset. Fig. 5.3
shows a comparison of measured and generated profiles for 30 and 300 random
household profiles for four days in January. By visual inspection, the model
appears to represent the time behavior and peak load well. The probability
density distribution of the load for a full year is shown in Fig. 5.4, indicating a
proper capture of the stochastic yearly behavior by the model. Further, the
correlation factors between quarter-hours of the measured and modeled profiles
are compared in Fig. 5.5, again demonstrating a good representation of these
correlations by the model with a root mean squared error (RMSE) of 0.05.
Lastly, the model is assessed based on a time and probability based planning
indicator. For a proper risk based assessment of whether network investments
would be necessary, a planner would be interested not only in the absolute peak
which might occur, but also its duration and probability of occurrence. An
accurate representation of such indicators can be important to analyze the
possibilities for, and impact of, dynamic overloading of cables and
transformers [138] or for instance for the assessment and sizing of an energy
storage unit [139]. To assess this we look at the number and duration of high load
events, which we define as a group of subsequent 15-min intervals during which
the load is above a certain percentage (e.g. 80%) of the peak load. Fig. 5.6 shows
the number of high load events registered per iteration of the measured and
generated profiles for an aggregation of 300 households, and the energy content of
these individual events (which depends on the instantaneous power values and
the duration of the event). For comparison these are also calculated for
independent simulations that do not include the time correlations integrated with
the copula functions. Fig. 5.6a shows that by including the time correlations in
the model the expected number of individual high load events is lower and closely
resembles the original dataset, and Fig. 5.6b shows that also the energy content
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in the high load events is accurately reflected by the correlated model, as the two
lines in the graph overlap. In contrast, simulating independently would lead to a
higher expected number of high load events with shorter time durations (and
lower energy per event), due to the more erratic profiles caused by the lack of
correlation. The proposed model provides a good representation of the number of
high load events and the energy contained in these events, which can in turn help
in supporting risk based decision making.
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Figure 5.6. (a) Probability mass of the number of unique high load events in a year. (b)
Probability density of energy per high load event. During a high load event the load is
above 80% of its maximum.

Scaling marginal distributions
The proposed model can be used to accurately represent the load behavior of
random households of the measured dataset, however in specific planning situations
(especially in LV network planning) one might want to simulate households with
certain characteristics. Most notably, the average energy use of a household has
an effect on the load profile levels and is therefore a commonly used parameter
in planning situations to determine the expected peak loads [13]. Indeed in our
dataset we can also observe a relation between the expected magnitude of the load
and the average energy use, as shown in Fig. 5.7. The 5th, 50th and 95th percentiles
of the yearly load of each individual household in the dataset are plotted versus
the household’s yearly energy consumption, demonstrating a positive correlation
between the load level and energy consumption which also increases for the higher
percentiles. Fig. 5.8 shows the different CDFs of the load during the peak moment
in winter for varying levels of average energy consumption, indicating an increase
in the probability of higher load values over the entire curve range. To properly
represent the expected load behavior of a certain set of households, the model
presented here should therefore be able to scale with the measured or expected
energy consumption of a household. Note that we only scale the marginal mixture
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Set

Average daily energy consumption (kWh)

Relative energy consumption

Very Low
Low
Mean
High
Very High

5.19
7.58
11.41
18.84
24.31

0.45
0.66
1
1.65
2.13

Table 5.1. Absolute and relative energy consumption values in January for different
subsets.
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Figure 5.8. CDFs of load in winter for
different average energy consumption
levels.

distributions, the correlations between time steps modeled using the copula are
kept intact, a feature made possible by the two stage modeling process.
In order to model the effect of the average energy consumption on the load
distribution, we split the dataset in different subsets with varying average energy
levels and identify the change in load behavior of these subsets relative to the
complete set. For visualization purposes we split the dataset in five sets per month
according to the average daily energy consumption percentile values for that month,
the average values of the sets of January are shown in Table 5.1.
Fig. 5.9 shows the change in values of the CDF of the load during the peak
moment in winter relative to the CDF of the complete set for the five different
energy consumption levels. The transformed CDFs can be described by a cubic
(third degree) polynomial regression fit using ordinary least-squares [127], which
produces a model of the form
f (x) = α3 x3 + α2 x2 + α1 x + α0 ,

(5.1)

where x is the value of the original CDF and the α-values are the fitted regression
coefficients. The fitted curves are also shown in Fig. 5.9. The values of the
coefficients in the cubic fit vary for different energy levels, as shown in Fig. 5.10
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where for each of the subsets the estimated coefficients are plotted versus the
relative energy level of the subset. Next the coefficient estimates themselves can be
described as a function of the relative energy level by a second degree polynomial
fit as
f (αi ) = γ2 αi2 + γ1 αi + γ0 ,
∀ i ∈ {0, 1, 2, 3},
(5.2)
where the γ-values are the regression coefficients. The fits are also shown in Fig.
5.10, and are a decent fit indicated by R2 values of 0.77 − 0.96 (adding third or
higher degree factors did not improve the fit here). By combining 5.1 and 5.2
we can describe the effect of the average energy use of a household on its load
distribution by representing the change in CDF for various energy levels by a
polynomial function, whereby the individual coefficients are again represented as a
function of the energy consumption level.
To further assess the validity of scaling the models using the proposed method
we simulate daily load profiles from the scaled distributions and compare these to
profiles of the subsets. Fig. 5.11a shows the comparison for the aggregated daily
load profiles for different energy consumption levels. For the higher energy levels
a small underestimation (up to 7%) of the peak load can be seen, but overall the
scaled profiles follow the dataset quite well with a RMSE of only 1.3 − 7.9%. Fig.
5.11b shows a comparison of the PDFs of the load during the peak moment, and
also indicates a proper scaling for the various energy levels. Using this method, the
residential load can be modeled relative to the energy consumption of a household.

5.1.2

Photovoltaics

The power output of a PV system depends on the effective solar irradiance on
the surface of the panels. This is affected by several factors such as the actual
irradiance levels, the changing angle of the sun over the day (and year), and the
orientation and inclination angle of the panels [140]. To model the PV output, we
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Figure 5.11. Simulation results of the scaled distributions compared to their respective
subsets. (a) mean daily profiles in winter and (b) PDFs of load during peak moment for
the different sets.

first model the irradiance profiles and subsequently convert the irradiance values
to an instantaneous power output.
Data and preprocessing
The modeling of the irradiance profiles is based on measurements of the solar
irradiance for a period of 10 years from four weather stations in the Netherlands,
obtained from meteorological data of the Dutch Royal Meteorological Institute
(KNMI). The data are clustered per 15-minute interval of the day for each specific
month (the distinction between week- and weekend days is obviously not made),
resulting in 12 months x 96 quarter-hours = 1152 clusters with each around 1300
measurements.
Model fitting
Next we again first model the marginal distributions of each individual quarterhour. Because there is no or negligible irradiance during night we only fit models
on quarter-hours between (nautical) dawn and dusk1 . Evaluation of the optimal
number of components showed the optimal performance for 2 to 4 components,
depending on the time of day and year. Fig. 5.12 shows the fit of six mixture
models to their respective data clusters for morning, noon and evening clusters in
January and June. The densities of the fitted mixture models show to track the
stochastic behavior of varying levels of irradiance well.
To model the correlation between solar irradiance at different time intervals
of the same day copula functions are then fit to the transformed distributions of
1 Nautical dawn and dusk are the moments when the sun is 12 degrees below the horizon,
around this time the irradiance may become large enough for PV installations to start producing.
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Figure 5.12. PDFs of data and fitted mixture models for irradiance measurements at
three time intervals in summer and winter.

the data. The correlation matrices of the solar irradiance are constructed for the
quarter-hours between dawn and dusk for each month and the remaining correlation
values are fixed at 0. After an analysis of the performance of different copula
functions, again the t-copula was selected as it provided the best fit to the solar
irradiance data.
Profile generation and evaluation
By sampling values from the copula functions and transforming these back using
the GMMs, stochastic irradiance profiles can be generated. Fig. 5.13 shows a
comparison of averaged measured and generated profiles of 30 and 300 random
two day profiles in summer and winter, indicating the model closely represents the
measured profiles.
Conversion of irradiance to power
To obtain profiles of the power output of a PV system the global irradiance profiles
are converted to the irradiance on an inclined surface using the calculation methods
from [140], [141] and [142]. The global irradiance is decomposed in a direct (beam
irradiance) Ib and diffuse component Id based on their average measured ratios
per month per hour obtained from [143], and subsequently the irradiance on an
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Figure 5.13. Comparison of measured and generated profiles of 30 (top) and 300
(bottom) random two day profiles in summer and winter

inclined surface can be obtained using
I(θ, δ, t) = Ib (t)Rb + Id (t)Rd + Ig ρ(

1 − cos θ
),
2

Rb = sin ζ cos θ + sin θ cos ζ cos(δ − φ)

and

(5.3)
(5.4)

1 + cosθ
(5.5)
2
with θ the tilt angle of the solar panels, ζ the zenith angle of the sun over the
Netherlands, δ the orientation angle of the solar panels, φ the solar radiation angle
and ρ the ground albedo. A more detailed explanation of the various angles and
how they can be obtained can be found in [141, 142]. Finally the irradiance on
the inclined surface is converted to an output power by scaling to the kWp value
of the installed PV system. Fig. 5.14a shows the PV output power profiles for
a 1 kWp PV system with various tilt and orientation angles for a summer and
winter irradiance profile. The inclination of the solar panels affects the profile and
the timing and magnitude of maximum peak generation, the shape of the profile
is skewed towards the morning or afternoon hours for larger orientation angles.
In Fig. 5.14b the output power of a group of PV systems with various tilt and
orientation angles is shown (θ ∈ [0°, 40°], δ ∈ [−30°, 30°]) with tilt angle θ = 0°
being horizontal and orientation δ = 0° directly south facing. A group of PV
systems with mixed inclination angles follows the same profile as the irradiance
with some loss of efficiency.
Rd =

5.1.3

Electric vehicles

To model electric vehicle’s charging profiles a modified approach is used, as rather
than fitting the marginal distributions directly to measured charging profiles, we
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Figure 5.14. Power output profiles of PV for a given summer and winter irradiance
profile. (a) Profiles for three combinations of tilt and orientation angle, (b) mean
profiles for a group of 100 PV systems with various tilt/orientation angles.

model arrival times and trip distances and convert to electric load profiles
afterwards. This has several reasons, firstly because data on mobility is openly
available for many countries, this way of building up the models is more
generically applicable than by relying only on measured charging profiles which
might not be available or not representative enough. Secondly, (in absence of
some smart charging scheme) the charging profiles of electric vehicles usually take
the form of block shaped curves with an event-based character, i.e. either
charging at full power, or not charging. A stochastic representation of these
profiles would look like a combination of Dirac (delta) functions at zero and full
charging power, which are not well representable by a gaussian mixture with
non-zero variances. Thirdly, the charging profiles would change with varying
charging rates or when implementing smart charging to shift charging time and
alter power consumption levels, this can more easily be integrated in this way and
an implementation of this in a local smart market will be treated in chapter 7.
Data and preprocessing
The load profiles of electric vehicles are based on surveyed mobility data from
a Dutch Mobility research [43]. The dataset contains over 30,000 journeys by
car, made by over 11,000 individual persons. From this dataset, the arrival and
departure times, and distances traveled are extracted and modeled. To implement
a (from a network perspective) worst-case situation, we order the data such that
all persons are assumed to charge their car battery after the last homebound trip
and the total energy needed is based on their cumulative distance traveled that
day.
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Model fitting
The surveyed and modeled distributions of the departure and arrival times, and
the distance traveled are shown in Fig. 5.15. The plots again show a good
tracking of the marginal stochastic behavior of the different variables, which is
further supported by the low CRPS values of 0.11 and 0.08 minutes, and 10.2
meters for respectively departure time, arrival time and distance traveled.
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Figure 5.15. PDFs of data and fitted mixture models for first departure time, last home
arrival time and cumulative distance traveled.

Next, we investigate the correlation between these variables. Fig. 5.16 shows
three joint empirical probability distributions for the different combinations of the
variables. We can observe a large peak in departure times around 8:00 in the
morning and arrival times between 16:00 and 18:00. During these times the spread
in distances traveled is also the largest, whereas during other time intervals the
expected occurrence of large distance travelers departing or arriving is notably
lower. Furthermore, regarding the arrival and departure times two smaller peaks
can be observed, indicating a moderate amount of cars is being used only for
morning or afternoon trips. As the variables distinctly exhibit some degree of
correlation in their behavior this is also modeled using the proposed approach with
copula functions, and using the same assessment method as in section 5.1.1 again
t-copula functions provided the best fit.
Profile generation and evaluation
By sampling from the fitted copula functions and transforming these back,
combinations of departure time, arrival time and travel distance are generated.
To convert these to charging profiles the distances traveled are converted to an
expected charging duration at a charge rate of 3.6 kW (current standard
residential charging rate). The driving efficiency is assumed at 6 km/kWh, based
on the average efficiency of the current generation of electric vehicles [144]. If we
then assume people charging their car at full power starting at the time they
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Figure 5.16. Empirical joint probability distributions of departure time, arrival time and
travel distance.

arrive at home charging profiles can be generated. Fig. 5.17 shows individual and
aggregated profiles for residential EV charging. The average charging duration is
roughly 2.5 hours, which aligns with the average travel distance of 54 kilometers.
The bottom graph shows a comparison of the average simulated charging profiles
to the average of measured profiles from a dataset provided by ElaadNL. This
dataset contains measurements EV charging at 428 (semi-)public charging
stations in the Netherlands for a full year. From this dataset the charging
stations which are located in residential areas and that did not show charging
peak in the morning (to exclude charging when arriving at work) were selected
for comparison, furthermore the set was filtered to include only day profiles with
at least one charging session. Overall the general shape of the profiles is similar,
however the simulated profile has a lower peak, which also occurs a bit earlier in
the day compared to the measured profile. The differences may be related to the
fact that the measured profiles are from (semi-)public charging stations, and not
from actual residential customer connections, this might cause a different
charging behavior at individual stations. For instance, as the charging stations
are in the public space multiple cars may connect on a single day, for usually
shorter charging durations, and some stations are less regularly used than would
be expected for a private residential charging station. Also the driving behavior
of the average EV driver currently would not necessarily resemble the average
overall driving behavior of the current Dutch car fleet, e.g. the difference in peak
suggests that on average current EV drivers arrive at home a bit later than the
overall average driver.

5.1.4

Heat pumps

The heat pump loads are modeled based on measurements of the electric load of
heat pumps during the Your Energy Moment project [145]. Because the heating
demand is also strongly influenced by the outside temperature the interdependency
between electric load, time of day and temperature will be modeled to obtain
realistic profiles.

5.1 Modeling individual profiles
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Figure 5.17. Individual and aggregated profiles for charging of electric vehicles, at a
charging rate of 3.6 kW.

Data and preprocessing
The used measurements consist of 15 minute intervals of the electric load of 37
heat pumps during one year, along with the temperature at each time interval.
The heat pumps used in the pilot project had a two-step compressor, 1 kW for
normal heating and 1.8 kW for tap water heating. For households with higher
or lower heating demand we assume the installed power of the heat pump will be
sized accordingly, thus the overall usage profile remains identical only the actual
power consumption changes. The data are again clustered per month, day type
and quarter-hour of the day.
Model fitting
In Fig. 5.18, the PDF of the electric load of a heat pump is shown for evening time
in winter. Three distinct peaks can be discerned, signifying the three general states
of operation of the heat pump: off, room heating/cooling, and tap water heating.
During the off-state, a small amount of power is still being used to keep the water
flowing through the system. The other two peaks occur around the compressor
steps of the heat pump, the variance being caused by the change of operation state
during the measured 15-min intervals.
Once again, copula functions are used to model the correlations present in
the dataset. For the heat pump case, besides the autocorrelations of the load
itself, also the correlation between load and outside temperature will be taken into
account. Fig. 5.19 shows the correlation matrices of the load vs. load (Fig. 5.19a)
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Figure 5.18. Measured and fitted PDF of heat pump electric load during winter evening,
showing three peaks at the levels of power usage for the different operating states.

and the temperature vs. load (Fig. 5.19b). The autocorrelation of the load is
characterized by high correlation factors for subsequent time intervals, degrading
for time intervals further away. The correlation between load and temperature is
negative (higher temperature equals lower load), with the largest correlations in late
night and early morning, and late evening time intervals, indicated by the darker
shading in the figure. Notably, the correlation of the load with the temperature
during the afternoon is much lower, and for time intervals further apart virtually
non-existent.
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Figure 5.19. Correlation of power consumption at different time intervals, with darker
shading indicating a larger magnitude of the correlation factor. (a) autocorrelation of
electric load, (b) correlation of load with temperature.
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Figure 5.20. Average heat pump load and temperature profile during winter and
summer.

Profile generation and evaluation
By sampling from the copula functions random load-temperature profiles can be
generated. Fig. 5.20 shows the average load and temperature profiles generated
with the models compared to the measured averages. The model shows to provide
a good representation of the measurements, with an RMSE of 2.7% for the winter
load profile and 5.1% for the summer profile. The average aggregated peak load
occurs in the early morning and is approximately 0.65 kW.
In this simulation we have focused on the representation of the measured load
profiles, however for use in network planning we are interested in the behavior of
multiple heat pumps on the same day. The heat pump’s dependency on the outside
temperature means that the load of heat pumps on the same day will exhibit a
higher degree of simultaneity than when simulating multiple random days. To
account for this fact the sampling of heat pump load profiles for a group of heat
pumps should be based on a fixed temperature profile. To achieve this we set
the variable temperature T at each time interval at a fixed value t and transform
the marginal distributions of the load P to distributions that are conditionally
dependent on these fixed values, i.e. Pr(P |T = t), using a multivariate Gibbs
sampler [58].
To demonstrate the effect of this sampling technique, we compare the mean and
confidence intervals of the aggregated profiles of 30 heat pumps for both sampling
with a random temperature profile and sampling with the temperature profile fixed
at the lowest measured day profile. Fig. 5.21 shows the resulting profiles for
both sampling methods, showing a significantly higher load profile for the fixed
temperature profile. This is due to the low temperature of the fixed profile, which
results in a larger heat requirement from the heat pump. The average peak is
increased from 19.1 to 28.1 kW (46% increase), and the 95th percentile from 24.7
to 32.4 kW (32% increase), which highlights the importance of accounting for the
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Figure 5.21. Simulated heat pump load and temperature profiles for two sampling
techniques, random sampling (left) and Gibbs sampling with fixed temperature (right).

simultaneous behavior of heat pumps to one temperature profile.

5.2

Impact on load profiles

In this section we will look at the impact of the PV, EV and HP profiles on the
load profiles and expected residential peak load.
By combining the different individual stochastic models, load profiles can be
generated for varying penetration levels of technologies. To highlight the effect on
the load profiles aggregated profiles of 100 households are simulated with different
penetration levels of individual technologies, the resulting profiles are shown in Fig.
5.22. Both EVs and HPs contribute significantly to the existing residential load
peak, as their peak time of use coincides. A high penetration level of PV systems
may cause higher peak production than the original peak load of the residential
load (without EVs and HPs), leading to a peak power flow in the inverse direction.
PV systems have a reducing effect on the peak load in the summer, however the
highest residential peak loads in the Netherlands occur in the evening in the winter
during which the production of PV systems is around zero. The bottom right
graph in Fig. 5.22 shows the combined impact of a 50% penetration of PV, EV
and HP, for a summer and winter day. This demonstrates the cumulative effect on
the evening peak load of EVs and HPs, and that the addition of PV systems also
increases the variation between peak load and minimum load (or peak production)
values.
The relative increase in peak loading, defined as the maximum magnitude of
the load and production peak relative to the baseload peak, is shown in Fig. 5.23
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for increasing penetration levels. Whereas low penetration levels of EVs and HPs
immediately add to the residential peak load, the production peak of PV only
exceeds the current residential load peak at higher penetration levels (above 40%).
At PV penetration levels around 55% to 60% their resulting peak production is
larger than the peak load expected from either EV or HP at those penetration levels,
mainly caused by the higher simultaneity of PV systems. In the combined case,
with equal penetration levels of PV, EV and HP, the combined impact of EVs and
HPs on the peak load trumps the magnitude of the production peak caused by PV.
Additionally, due to the increasing load levels during the day in summer, caused
mainly by EV charging, the net production peak of PV is somewhat diminished in
the combined scenario.

5.3

Conclusion and discussion

In this chapter the development of stochastic profiles for residential customers
and energy transition related technologies has been discussed. The proposed
approach using Gaussian mixture models and copula functions is shown to be
both accurate and flexible, and is therefore an effective method to represent the
stochastic behavior and correlations of a variety of variables.
The advantages of this methodology over existing methods are that multiple
different technologies or datasets can be modeled using the same approach with
minor variations, and a low modeling intensity is required given an adequate
dataset, as not every aspect has to be modeled individually. This also allows the
methodology to be automated, for ease of use in practical network planning
situations where measurements (or representative measurements for the area
under study) are available. Further, due to the parametric nature of the used
models they can be scaled and altered to be adapted to local variations if
required, as shown for the scaling of residential load profiles in section 5.1.1.
Lastly the separate stochastic representation of individual technologies allows for
a risk based analysis of the change in electric load under various future scenarios.
The focus in the chapter was on the various implementations of the methodology
on different datasets. One of the limitations of this modeling approach comes from
its reliance on abundantly available data. When no or only few representative
measurements or other data points are available, the models cannot be ensured to
give an accurate representation of reality. Scaling the distributions as proposed
can in part help with broadening the results to specific variations, but their results
should be validated against reality to ensure validity. Most notably the heat pump
model is sensitive to this, as the current model is based on measurements of a single
year, which might not capture the possible worst-case peak due to its sensitivity
to temperature circumstances. More measurements, specifically during extended
cold periods, would be necessary to gain a higher degree of certainty about the
load behavior in these periods. Alternatively, the proposed method can be applied
to directly model the heat demand profile of a household, of which potentially
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multiple years of data are already available. Subsequently, that heat demand can
be converted to electric load using a heat pump model, however this requires and
extra modeling step.
Additionally, it may be difficult to incorporate a change in individual
segments of a model. As for instance the base residential load is modeled based
on measurements of the aggregated load of a single household, modeling the
effects of a change in individual appliances within these households would require
additional segmentation or clustering methods. Such methods might prove very
useful in future situations, when for instance more and more measurements of
residential load might already include several new technologies.
In the next chapter, we will discuss the assessment of the local impact of different
energy transition scenarios on the low voltage network by combining the models
developed in this chapter with the scenario diversification model of chapter 4.
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Chapter

6

Low voltage network analysis
and impact
In this chapter the forecasting model presented in chapter 4 and the load and
generation models developed in chapter 5 are implemented in a planning
methodology for both large scale network assessments and specific case studies.
In the first part a methodology is proposed for the evaluation of large scale
network areas. In the second part, an evaluation of two case study networks will
be presented, to validate the accuracy of the proposed approach against using the
full stochastic models. Lastly, an assessment of the network area of a large part of
the Netherlands will be discussed, in order to determine timing and location of
necessary network investments and identify high risk areas.

6.1
6.1.1

Network assessment
Simulation methodology

The simulation process to analyze the impact of a given scenario on a large scale
network area is shown in Fig. 6.1. Based on the developed logistic regression
models the likelihood of adoption per customer is determined and aggregated.
This aggregation can be done on for instance neighborhood level, or by grouping
customers connected to one transformer or to a single LV feeder. The aggregated
adoption probabilities are used to scale homogeneous growth scenarios of the
different technologies to local expected values per aggregation (e.g.
per
transformer). Next, random samples from the developed load and generation
models are used in a Monte Carlo simulation to determine the load profiles of
different aggregations of customers in the entire network area.
The key
parameters extracted from the simulation results are the percentiles of the load
85
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Figure 6.1. Flowchart of simulation methodology for large scale network assessment
using local forecasts and stochastic models.

and generation, i.e. the power values and their probability of occurrence, for each
aggregation of customers. Executing a full probabilistic evaluation of a large scale
network1 would lead to unacceptable computation times.
To reduce the
computational burden associated with analyzing large network areas, a
simplification is now made. From the load and generation percentiles stochastic
peak values are determined based on a certain defined risk level. These peak
values are then evenly distributed over the customers for which the peak was
determined, e.g. all customers connected to one LV feeder. Consequently, the
network impact of the scenario can be analyzed by executing a single load flow
per network, using the determined stochastic peaks for the different customers in
each aggregation area.

6.1.2

Scenarios

To demonstrate the feasibility of our approach and to analyze the possible impact
of the energy transition on LV networks, several scenarios are defined and applied
to LV network areas in the Netherlands. The scenarios are based on what can be
considered reasonable realistic estimates from different studies [84,86,146], but are
mainly designed to show the difference in different adoption paces and the effect of
either high load or in combination with high local generation levels. The scenarios
are defined from the situation in 2017 to the expected situation in 2045, at a twoyear interval. Fig. 6.2 shows the expected (national) penetration rates of PV, EV
and HP over the course of the scenarios for a Moderate, High Load and High Mixed
scenario.
These scenarios are diversified using the statistical models developed in chapter
4 to determine local penetration levels per LV feeder. These penetration levels will
then serve as the basis for the network impact assessments in sections 6.3 and 6.2.
1 Large scale is for instance the entire LV network area of the Dutch DSO Enexis, serving over
2.6 million customers
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Figure 6.2. Expected penetration levels of different energy transition technologies over
the course of three transition scenarios.

6.1.3

Probabilistic network constraints

To assess whether a certain probabilistic peak loading (i.e. the probability and level
of load or generation) would lead to unacceptable risks in the network, probabilistic
constraints are defined. These relax the deterministic constraints to account for the
(small) probabilities of the loading actually reaching certain peak values. Allowing
a small probability of exceeding the nominal loading constraints can be beneficial
in the planning process, as planning for the absolute worst-case peak would likely
result in overdimensioning of the network in many cases. In the current LV network
planning process the capacity limit is maintained at 100% of the nominal current,
regardless of the profile. This may be an overly conservative assumption as the
nominal capacity limits of network components are effectively thermal limits based
on a continuous loading of the component [147], which means that occasional, short
duration, overloading might be acceptable as it would not cause the component to
exceed its thermal limits. The complication however is the determination of the
allowed probability of a certain peak loading.
Executing a full thermal analysis of the cables would require much additional
data, which are also likely not all available to the level of detail required. More
importantly, the assessment of the differential equations for the temperature
would further add an extra computational burden to an already computationally
expensive simulation [15]. The allowance of risk in determining bottlenecks in
power systems is an active topic of study and different approaches and functions
to represent the allowable risk levels have been proposed in
literature [15, 148–152]. A common difficulty in these approaches is defining and
quantifying the actual magnitude of the allowed risk, which is usually not
considered or is assumed to be some predetermined value (e.g. probability of
overloading of 1% or 5%).
By quantifying the allowed probability we can enable the application of
probabilistic constraints to identify bottlenecks in practical network planning
aspects. To this end the network loading determined using the stochastic load
models is compared to the traditionally used deterministic peak load. The
deterministic peak load in the current network planning process is calculated
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using the formula of Velander (see section 2.2.1) and accounts for a certain
simultaneity between individual customers. While this leads to reasonable
estimates of the simultaneous peak of a group of customers2 , it does not
accurately represent the maximum peak possible, especially for smaller
aggregations of customers (less than 100).
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Figure 6.3. Comparison of the stochastic yearly peak load to the traditional Velander
method, and the probability of the stochastic peak exceeding this traditionally
determined peak.

Fig. 6.3 shows a comparison of the peak loads generated using the stochastic
residential load model developed in this thesis with the peak load calculated using
the Velander formula3 for a varying number of households. The maximum value
of the peak, determined using the stochastic model, is in all cases higher than the
deterministic peak. The probability that this peak exceeds the deterministic peak
value decreases with an increasing number of households but is still around 2% at
100 households (and still around 1% at 500 households). In a planning situation
we can then assume that allowing a 2% probability of overloading, when designing
a network for 100 households using the stochastic models, would lead to the same
level of adequacy of the network as would have been the case when designing on the
deterministic parameter. In this way probabilistic constraints can be defined by
not fixing the actual magnitude of the peak load at a certain value, but rather its
probability of occurrence. This allows us to make full use of the added information
gained by using the stochastic models. These probabilities can further be used to
determine the loading values on which the network should be designed for different
future scenarios while maintaining, at least, the current level of adequacy.
2 This calculation method has been a standard design parameter for many years, and proven
effective considering the high reliability of network.
3 The parameters used in the formula are obtained from planning guidelines of several Dutch
DSO’s, values for α range from around [2 − 3] · 10−4 and for β from [2 − 4.5] · 10−2 . The final
used curve is based on the average of the obtained curves for different types of households.
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Figure 6.4. Flowchart of simulation methodology for probabilistic case study using
stochastic profiles.

6.2
6.2.1

Validation of the proposed methodology
Simulation methodology

In this section, the feasibility of the proposed methodology to determine the large
scale impact of the energy transition on the LV network is validated with two case
studies. Stochastic time series will be implemented on two case study networks to
assess the impact of the energy transition on these networks and consider when
investments would be necessary. These results will be compared to the approach
using stochastic peak loads as proposed in the previous section.
The case study networks are from a small village and a suburban area in the
Netherlands, more details on the specific networks can be found in Appendix C.
The networks are modeled and analyzed using the MATPOWER [153] simulation
package, loadflows are carried out using the AC Newton-Raphson algorithm.
In each simulation we assess the loading and voltage levels of all network
components and determine in which year of the scenario bottlenecks occur. Two
simulation approaches are taken and compared for each scenario and network: A
full probabilistic simulation and a single stochastic peak simulation.
The full probabilistic simulation (see Fig. 6.4) is implemented as a Monte
Carlo simulation where each node is represented by its stochastic profile
distribution. The locations of energy transition technologies are pseudo-randomly
assigned based on the local penetration level and the local characteristics of the
connections. Subsequently, per node profiles are sampled from the respective
distributions and summed to create a profile for each node. This is repeated for
multiple iterations and for each iteration a loadflow is executed to calculate the
power flows and voltages in that iteration.
In the second simulation approach the load and generation at each node is
calculated based on the process defined in section 6.1. The nodes are aggregated
per feeder and a number of energy transition technologies is added based on the
local penetration level in each scenario year. Then, for each feeder the stochastic
peak load is calculated, based on its allowed probability of overload, and evenly
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distributed over the nodes of that feeder, after which a single loadflow calculation
is executed. To properly account for the simultaneity in this simulation in total two
loadflows are necessary. For the power through and voltage drop over the MV/LV
transformer the peak of the aggregation of all customers of all feeders should be
taken into account. In contrast, for the currents and voltages in the individual
branches the peak loading should be based only on the customers connected to
that feeder. We will therefore first execute a loadflow to determine the power,
losses and voltage drop at transformer level, and subsequently for the individual
branches based on the calculated voltage set point.

6.2.2

Village network

The village case network consists of a single 250 kVA transformer which feeds five
outgoing radial feeders connecting in total 186 residential connections.
The simulation results for the two simulation approaches are shown in Fig. 6.5
for two scenarios. Fig. 6.5a displays the results for the (winter) peak in the High
Load scenario, and Fig. 6.5b for the (summer) peak in a High Generation scenario.
The timing of occurrence of bottlenecks is shown for the transformer loading, the
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Figure 6.5. Comparison of the results two simulation approaches that determine the
timing of bottlenecks in a village’s LV network
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highest loaded feeder, and the worst-case voltage node.
Both simulation approaches yield very similar results in terms of timing of
bottlenecks, having at most a one year difference over a horizon of thirty years.
This indicates that for these types of studies replacing the stochastic profiles with
an evenly distributed peak power based on these profiles is a feasible option.
Computational time is reduced by a factor of 103 from 1-2 hours to several
seconds per scenario, while maintaining accuracy. Furthermore in all scenarios
the maximum loading of the transformer was the first occurring bottleneck. The
next bottleneck is either the maximum loading of one of the feeders or the voltage
level at one of the nodes at the end of a feeder, depending on the scenario. By the
end of the scenario still only one of the feeders is overloaded (with the second
highest loaded feeder at around 94% loading), and two out of five feeders have
nodes that are expected to experience voltage problems.

6.2.3

Suburban network

The suburban case network consists of a single 400 kVA transformer which feeds
six outgoing radial feeders connecting in total 185 residential connections.
The simulation results for the two simulation approaches are shown in Fig. 6.6
for two scenarios. Fig. 6.6a displays the results for the (winter) peak in the High
Load scenario, and Fig. 6.6b for the (summer) peak in a High Generation scenario.
The timing of occurrence of bottlenecks is shown for the transformer loading, the
highest loaded feeder, and the worst-case voltage node.
Again both simulations yield similar results, with the main differences being
on the voltage level (although these are also still quite small). This most likely
results from the fact that several feeders have an uneven distribution of types of
households over the length of the feeder. The two feeders which are most prone
to voltage issues have mainly terraced houses connected to the first half of the
feeder, while the second half connects only apartments with a comparatively lower
consumption and expected peak. This causes the load (and generation) to be more
heavily skewed to the first half of the feeder and therefore results in a lower voltage
drop or rise over the length of the total feeder. Because in the peak simulation the
households connected to one feeder are assigned the same peak level, this difference
is neglected resulting in a larger voltage variation.
In all scenarios the voltage at one of the feeders was the first occurring
bottleneck (if there was a bottleneck), with the capacity limit of that same feeder
being exceeded several years after that. The transformer did not reach its
maximum loading limit in any of the scenarios. The High Generation scenario
showed that even high penetration levels of PV (80%), are not expected to cause
issues in this network. In this scenario, the first (voltage) bottleneck occurs after
increasing the PV installation size per residence by 25%, i.e. the installed power
in kWp of each household is 25% larger than would be expected under the
current regulatory framework.
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Figure 6.6. Comparison of the results two simulation approaches that determine the
timing of bottlenecks in a suburban LV network

6.3
6.3.1

Large scale network simulation
Technology adoption

The simulation method is implemented on the network area of a large Dutch
DSO. First we consider the varying levels of technology adoption by estimating
the average adoption probabilities in different areas. By normalizing these
adoption probabilities on the scenario averages, the relative penetration levels and
expected number of technology adoptions can be determined, which are shown in
Fig. 6.7. A substantial variance can be expected in local adoption levels, which
also differs for the different technologies adopted. The expected penetration levels
in the high penetration regions is 1.5 to 2 times as high as the mean penetration
level and in the very high penetration regions this is 2 to over 5 times as high. In
contrast with the penetration level, the normalized number of adopted
installations (while quite diverse for different neighborhoods), does not differ as
much between the different technologies but is mainly dependent on the number
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of possible adoption locations (i.e. the address density) in that neighborhood. A
more in-depth analysis of the various factors influencing the adoption rates is
given in chapter 4, along with the development of the statistical prediction
models.
To identify the impact of the varying penetration levels on the local network
the load/generation models developed in chapter 5 are first implemented on
aggregations of customers to determine the growth in peak loading under
different scenarios.

6.3.2

Peak load development

Based on the adoption forecast presented in the previous section, the local adoption
levels belonging to the different scenarios are determined at the LV feeder level.
Each aggregation consists of the 1 to 375 households connected to one outgoing
feeder of a MV/LV substation, for a total of 205152 LV feeders with residential
connections. Subsequently, a Monte Carlo simulation is carried out to determine
the stochastic peak loading of each feeder, for each scenario. Fig. 6.8 shows the
development of the 99th percentiles of the stochastic peak load and net production
for the considered feeders under the three scenarios.
All three scenarios show a substantial increase in both load and production
peaks, but also a large variation in growth between feeders. Considering the load
peak, in the Moderate scenario 50% of the feeders are expected to experience a
growth to at most 125%, whereas some feeders go up to 175% in 2045. This
translates to a 0.8 to 2% yearly load growth. For the other two scenarios (with
higher penetrations of EV and HP) the variation is also apparent, with a load
growth to 191% for half of the feeders up to 246% for the highest expected growth,
a 2.4 to 3.3% yearly growth.
Considering the net production, i.e. the summation of PV generation and the
load, the moderate and high load scenario experience a similar net production peak
following from the identical PV penetration levels. For most feeders (just under
75%) the net production peak is expected not to exceed the current residential load
peak in these scenarios, however for the remaining feeders the magnitude of the
production peak may be as high as 224% of the original peak. For the High Mixed
scenario with a larger penetration of PV, the maximum production peak with
respect to the original load peak is slightly higher at 241%, but, more profoundly,
a larger number of feeders now have a greater production peak with over 50% being
well over the original residential load peak.
As on several occasions, the maximum production peak not only exceeds the
original base residential load peak but also the load peak in later years in the
scenarios, the question arises whether the increase in peak loading in different areas
is caused by increased production or load. This is an important consideration in
planning problems, especially when considering novel smart grid alternatives, as
whether the load or generation causes a possible bottleneck will influence which
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Figure 6.7. Relative local penetration levels and expected number of adoptions per
neighbourhood for the supply area of a large Dutch DSO.
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Figure 6.8. Development of peak load and net production of LV feeders over the
scenario horizon for three different scenarios.

alternatives may be more feasible to resolve the situation. Fig. 6.9 shows the
percentage of feeders which are expected to have a higher production than load
peak over the course of the different scenarios. In all scenarios the percentage of
production dominated feeders initially rises, following an increasing penetration
of PV installations, after which the increasing penetration levels of EV and HP
cause the load to overtake the production peak in a part of these feeders. This is
especially apparent in the High Mixed scenario, where an initial steep increase to
39% of production dominated feeders in 2035 is followed by a strong decline to only
17% at the end of the scenario horizon. This emphasizes the need for both a midand long-term view in the planning phases, and planning alternatives are required
that can deal with either or both load and generation induced bottlenecks.

6.3.3

Network impact

To analyze the impact of the different scenarios on the local level we zoom in on
a section of the LV network and evaluate the impact on its LV feeders. Hereby
we focus on (over-)loading of the feeders and not on voltage issues caused by the
increase in load or generation. Voltage issues can be determined using the same
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Figure 6.9. Percentage of feeders that have a higher net production peak than load peak
for the different scenarios.

methodology, however some additional data are required on the network topology,
whereas the feeder overloading can be determined using less data. A geographical
visualization of the network impact of the different scenarios on the residential LV
network of a mixed urban/suburban area in the Netherlands is shown in Fig. 6.10
- 6.15.
Fig. 6.10 and 6.11 show the variation in peak load growth in the Moderate and
High Load scenario at the end of the scenario horizon. The substantial variation in
the expected growth rates of the peak load for different feeders becomes apparent,
with a notably lower expected growth rate in the city center (bottom part of map)
and higher in the more suburban areas (upper half and right part of map). In the
Moderate scenario, with 30% EV and 20% HP overall, the feeders in the city center
are expected to experience an increase in peak load mainly between 30 and 60%,
whereas in the suburban areas the majority is within 60 to 90% mark with several
individual areas still higher. In the High Load scenario the peak load is expected
to at least double in the vast majority of the network, with differences between
feeders becoming smaller due to the higher overall penetration levels.
Looking then at the impact of PV generation, we focus on the areas where
the net production peak exceeds the load peak. For the High Mixed scenario the
generation dominated feeders are highlighted in Fig. 6.12 and 6.13 for the year
2035 and 2045 in the scenario. First of all the number of generation dominated
feeders is larger in 2035 than in 2045, which is in line with the earlier observation
from Fig. 6.9 that the percentage of feeders that have a higher generation than
load decreases towards the end of the scenario horizon. In 2035 the generation
dominated feeders occur a bit more in the suburban areas, caused by a general
higher local adoption likelihood and hence a faster uptake of PV. But in the final
scenario year the locations of the few feeders that are generation dominated show
more variety in geographical location and no distinctive clustering.
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To identify possible bottlenecks caused by the increases in peak loading the
simulation results are compared against the feeder current ratings using the
probabilistic constraints explained in section 6.1.3. The allowed probability of
overloading is based on the curve in the right side of Fig. 6.3. To warrant against
overoptimistic constraints for low numbers of households on a feeder, the
maximum allowed probability is 5% for feeders with less than 20 households. Fig.
6.14 and 6.15, show the magnitude of the peak loading relative to the cable
capacity for the Moderate and High Mixed scenario. In the Moderate scenario,
the peak (from either load or generation) in the majority of the feeders will not
exceed 80% of the nominal cable capacity even by the end of the scenario horizon.
Whereas in the High Mixed scenario around 26% of the feeders are expected to
have their nominal capacity exceeded. The location of the overloaded feeders
varies widely, and is only weakly correlated to the growth rate, while showing
more correlation with the number of customers connected to a feeder, although
also there a wide spread in expected feeder (over)loading is present.
Using this scenario-based methodology high risk feeders and LV network areas
can be identified, which are expected to be the first to have their constraints
violated. After identification of these risk areas, a more in-depth analysis of the
effects of the energy transition on the load profiles in these areas should be done
to assess the need for reinforcement and determine which planning alternative is
most efficient in solving the bottlenecks.
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Figure 6.10. Expected load growth per feeder in the Moderate scenario.

Figure 6.11. Expected load growth per feeder in the High Load scenario.

6.3 Large scale network simulation

Figure 6.12. Feeders that have a peak dominated by the local PV generation in year
2035 of the High Mixed scenario.

Figure 6.13. Feeders that have a peak dominated by the local PV generation in year
2045 of the High Mixed scenario.
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Figure 6.14. Expected (over)loading of feeders in the Moderate scenario.

Figure 6.15. Expected (over)loading of feeders in the High Load scenario.
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Conclusion and discussion

In this chapter a planning methodology was proposed and implemented for both
large scale network assessments and specific case studies.
By integrating stochastic load and generation models with local technology
adoption scenarios the expected growth in local network loading can be identified
for large network areas. By evaluating this expected growth on the locally available
network capacity, high risk feeders and areas can be identified, and their expected
timing of constraint violation determined. Based on the simulated scenarios several
observations are made:
- The two LV network case studies show the differences in timing of expected
bottlenecks for a full probabilistic simulation and a single stochastic peak
simulation. Both simulation approaches yield very similar results in terms of
timing of bottlenecks, indicating that for long-term studies replacing the
stochastic profiles with an evenly distributed peak power based on these profiles
is a feasible option. This drastically decreases the computational time needed
with a factor of 103 from 1-2 hours to several seconds per scenario. Care must
however be taken with the determination of voltage bottlenecks when the
distribution of load types over the feeder varies, e.g. only detached houses along
the first half of the feeder and (lower load) apartments at the end of the feeder.
This might lead to differences in the expected voltage level, due to an uneven
distribution of expected load in reality. Though in most cases these differences
will be minor. When required, this can be compensated by calculating the peak
contribution per feeder per connection type and scaling the evenly distributed
peak accordingly per connection.
- Depending on the scenario, different numbers of feeders are expected to become
overloaded, up to 26% of all feeders in the highest penetration scenario. Meaning
around 74% of LV feeders are not expected to be constrained by their capacity
in any of the simulated scenarios. Additionally, the difference in specific feeders
that are the first to become overloaded in the different scenarios mainly depends
on whether it is a scenario with many PV or with many EV and HP (i.e. high
generation or high load).
- Depending on the scenario, the origin of constraint violations may be
determined by either the load or generation peak, where for some feeders an
initial constraint caused by generation may later be exceeded by the load. This
dual source of bottlenecks means that solutions to these bottlenecks should in
these cases be able to deal with both load and generation peaks. Additionally,
while the penetration of PV generation does not impact the expected load peak,
the converse is true. Increasing penetration levels of EV and HP diminish the net
generation peak in summer somewhat, due to a slightly elevated electricity
consumption around noon time. Consequently, if one is only interested in
identifying which feeders have the highest risk of bottlenecks it is sufficient to
regard two scenarios: load peak for a high EV and HP penetration scenario,
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generation peak for a high PV penetration scenario (with low or no EV and HP).
- Feeders with a high growth rate are not necessarily the highest risk feeders.
There is little (direct) correlation between the local growth rate in a network area
and the location of overloaded feeders in the simulations. The state and loading of
the network at the scenario start is a major factor in whether overloading occurs
during the scenarios. The local growth rate does obviously have a significant impact
on the timing of bottlenecks, but for a good estimate of expected number and
location of future investments should always be set against the existing electricity
infrastructure.
In this chapter we have focused on the determination of the timing, number
and location of bottlenecks. In the next chapter we will discuss and analyze several
smart planning alternatives that can be used to solve these bottlenecks or postpone
their occurrence, and thereby defer traditional network investments.

Chapter

7

Smart Planning Alternatives
The previous chapter considered the assessment of the electricity network and the
determination of timing and location of bottlenecks. After identification of the
bottlenecks, the next step in the planning process is prioritizing to determine the
order in which they should be dealt with.
After prioritizing, investment
alternatives need to be developed, evaluated and finally one solution selected
based on different criteria (see also chapter 2). Up till now only traditional
solutions are included in the regular planning process as serious investment
options, e.g. adding or replacing cables or transformers. The methods and models
used so far in practice are insufficient to fully assess the costs and benefits of
novel (smart) solutions.
This chapter demonstrates how the methods and models developed in this
research can be used in the evaluation of smart alternatives to traditional network
expansions. We start by introducing several of these alternatives, followed by
discussing how they are modeled in this work. Next, their effectiveness for
deferral of traditional network investments is evaluated on the case study
networks.

7.1
7.1.1

Smart grid alternatives
Generation curtailment

Introduction
Curtailment of generation is an option which can deal with both capacity as well
as voltage issues caused by a high amount of local electricity generation. Due to
the stochastic nature of PV generation the amount of time in a year that a PV
installation generates its maximum power potential is very limited. Still, the
103
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network should be able to accommodate these rare events. By reducing the
amount of active1 power that PV installations yield during peak moments, the
net production peak in the network can be effectively reduced at the cost of less
electricity generation.
Implementation
Different options exist to implement and control this type of expansion alternative
and are investigated in for instance [28, 154, 155]. Here we will assume a simple
control scheme where the current and voltage at the bottleneck positions are known
(e.g. measured locally), and the production of PV installations can be reduced
to any desired set point. Moreover, customers are assumed to be (financially)
compensated for their reduction in PV generation, and therefore the technically
optimal installations will be curtailed first. This means that for radial feeders
usually the PV installations at the end of the feeder will be curtailed first, as they
have the most impact on the voltage levels.
For capacity bottlenecks the cumulative generation of the PV installations on
a feeder is reduced by the difference between the simulated (”measured”) current
and the nominal current of the overloaded cable section. The small beneficial effect
of the reduced losses is considered to be negligible with respect to the amount of
curtailed power.
For voltage bottlenecks the amount of power to be reduced is based on the
sensitivity of the node voltage at the overvoltage location to changes in power.
This is calculated using a reduced form of the Jacobian matrix [154, 156]. Using
a first order Taylor expansion of the load flow equations, the equation for the
sensitivity of active power ∆P and reactive power ∆Q to changes in bus angle ∆δ
and voltage magnitude ∆U can be written as

 


∆P
J11 J12 ∆δ
=
,
(7.1)
∆Q
J21 J22 ∆U
where J11 − J22 contain the first order derivates of the load flow equations. Due to
the high R/X ratio in the LV network, the voltage is more sensitive to changes in
active than in reactive power. Assuming the change in reactive power to be zero
7.1 can then be simplified to


−1
∆P = J12 − J11 J21
(7.2)
J22 ∆U.
This provides a direct relation between the change in power at a certain node and
the corresponding changes in voltage.
When a voltage bottleneck is detected the power production of the PV nodes
in the respective feeder is reduced until the voltage is within the required limits.
1 Many studies also investigate reactive power control for voltage support, however due to the
high R/X ratios in Dutch LV networks this is inefficient to implement [154] and will therefore not
be discussed here.

7.1 Smart grid alternatives

105

To curtail the least amount of energy in total, curtailing starts at the PV
installations located at the far end of the feeder, moving up along the feeder
towards the transformer until the bottleneck is resolved.
Simulation results
Now we evaluate the effectiveness of generation curtailment for solving the
capacity and voltage bottlenecks caused by PV production in the village case
network (see section 6.2.2). The starting year of the simulation is the year in
which the first bottleneck (overloading of the transformer) occurs as simulated in
chapter 6, the first feeder (voltage) bottleneck occurs two years later. We then
simulate 30 years into the future from that point, the adoption scenarios are
assumed to keep following the same adoption curve. Fig. 7.1 and 7.2 show the
amount of energy that needs to be curtailed to prevent bottlenecks.
For the feeder, investments due to capacity constraints can be postponed for
several years without significant curtailment. A deferral of 8 years is already
possible with on average less than 0.08% energy curtailed in the last year.
However, to also prevent the voltage from rising above 1.05 pu more curtailment
is needed, around 0.2% in year 4, growing to around 4.5% from year 18 onward.
After 20 years a 100% penetration rate of PV in the network is achieved, and
thus the amount of energy to be curtailed stabilizes.
Considering the capacity limit of the transformer, a much larger portion of
the energy would need to be curtailed, after 5 years on average already 5%. This
amount grows to around 15% on average, with a significant risk of needing to curtail
more than 20%. This is mainly caused by two factors. Most importantly, the level
of peak reduction required at transformer level is higher than for the feeders as
depicted in Fig. 7.3. A larger required reduction means more power needs to
be curtailed during peak moments, as well as the fact that the PV generation
profile becomes ”wider” meaning more moments in time curtailment is necessary.
Secondly, the higher aggregation level means more customers (and PV installations)
are contributing to the net production peak. This higher aggregation leads to a
more smoothed out profile resulting in more subsequent periods where curtailment
needs to be applied.
For the suburban network similar results are obtained regarding the feeder
curtailment. Again the energy curtailed to maintain the voltage limits was higher
than for the capacity limits. The transformer in this network was already of a
higher capacity, therefore less curtailment was necessary (around 5% on average)
than in the village network due to the lower required peak reduction.
Reflection
By using stochastic profiles, a probability distribution of the expected energy that
needs to be curtailed to defer network investments can be determined. Using
these results, and depending on how much energy curtailment is acceptable or
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(a) Curtailment based on capacity limit
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(b) Curtailment based on voltage limit
Figure 7.1. Percentage of energy that needs to be curtailed in a year to realize a deferral
of necessary feeder investments until that year.
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Figure 7.2. Percentage of energy that needs to be curtailed in a year to realize a deferral
of necessary transformer investments until that year.
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Figure 7.3. Required reduction in the PV generation peak

allowed, a DSO can then evaluate whether it is a feasible solution. Additionally,
the costs can be determined by multiplying the expected energy to be curtailed
by the financial compensation customers would get per curtailed kWh. Due to
the stochastic modeling, it is also possible to not only obtain the average expected
costs per year, but also the variance in these costs and hence a more adequate
estimation of the cost effectiveness is possible.
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On-load tap changer

Introduction
An MV/LV transformer equipped with an on-load tap changer (OLTC) is able to
dynamically change its tap setting to regulate the voltage at the LV busbar without
needing to disconnect. This can be an effective alternative to resolve voltage issues
in LV networks [157–159]. As the OLTC can both in- and decrease the voltage
tap setting, it can be used for both generation- as well as load induced voltage
bottlenecks. In contrast, it is ineffective for dealing with capacity bottlenecks, as
the feasible changes in voltage only have a small impact on the currents in the LV
network.
Implementation
To incorporate the OLTC in the network planning process it is important to
evaluate its effectiveness in deferral of other investments and to incorporate the
expected lifetime of the OLTC-transformer.
Considering the effectiveness for deferral of investments, the degree to which
the OLTC can prevent voltage bottlenecks in the planning phase depends on the
extent of measurement and ICT infrastructure, and the applied control strategy.
Different control strategies were for instance investigated in [158], where the voltage
boundaries could be increased to ±10% (up from ±5%) in the planning phase up
to ±19% if voltage measurements are installed on the ends of all feeders.
Considering the expected lifetime, the tap changer is the prime cause of
failures in transformers [160]. As the main mechanisms causing degradation of
the tap changer are related to switching [161], the number of switching operations
is therefore an important parameter to consider in the planning process.
The implementation in this work is aimed at determining both the occurrence
of voltage bottlenecks and the expected number of switching operations
simultaneously. We will assume a control strategy based on the voltage at the LV
busbar, that does not require additional voltage measurements anywhere else in
the network. First, a simulation will be done without OLTC controls, and based
on a linear regression analysis of the voltages, models will be established that
estimate the voltage at the feeder ends from the voltage at the LV busbar. Then
a simulation is done with OLTC controls, where if the 99% confidence interval of
the estimated voltage at the feeder end falls outside the ±5% of nominal voltage
the tap of the transformer is changed to compensate.
Simulation results
The transformers in the case networks have 5 tap settings (from -2 to +2), with
a step size of ±2.5%. At the beginning of the simulation the tap is assumed to
be at the middle position, such that the no-load voltage at the LV busbar would

7.1 Smart grid alternatives

109

Without OLTC

With OLTC

Density (-)

60
40
20
0
0.9

0.92

0.94

0.96

0.98

1

1.02

1.04

1.06

1.08

Voltage (pu)

Density (-)

80
60
40
20
0
0.96

0.98

1

1.02

Voltage (pu)

Figure 7.4. Voltage distributions at the end of the scenario horizon, in winter (top) and
summer (bottom).

be 1 p.u. . Again we simulate a 30 year scenario, starting at the occurrence of
the first voltage bottleneck. Using the OLTC is in both investigated case networks
effective to entirely solve voltage bottlenecks at least until the scenario horizon.
The distribution of the voltage at the end of the most sensitive feeder is shown in
Fig. 7.4. The distributions are shown for both a winter and summer case, both
with and without OLTC controls. The OLTC is able to effectively keep the voltage
within the limits, with two tap changes (one up and one down) on the necessary
days. Only a very minor risk of exceeding the voltage limits remains, with 0.005%
for a minimum voltage under 0.95 p.u. and 0.021% for a maximum voltage over 1.05
p.u., compared to respectively 14.98% and 1.7% for the case without an OLTC. This
is due to the imperfect estimation of the voltage using the linear models. When
desired these minor risks can be negated by using voltage measurements at the
ends of the feeders, however this will require additional investments (measurement
equipment, ICT infrastructure and data transmission).
Fig. 7.5 shows the expected number of tap changes per year, that are necessary
to prevent the voltage from exceeding the boundaries. On days that the tap changer
needs to switch it usually switches twice. The tap is increased just before the middle
of the day (when the PV generation causes reverse power flow) and at the increase
of the evening peak the tap is decreased. In summer it changes between the middle
and +1 setting, and in winter between the middle and -1 setting, due to the peak
either being caused by load or generation. As the tap changes occur in sets of two,
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by dividing the expected number of tap changes by two the results simultaneously
give a measure for the number of days on which tap changes are necessary.
Reflection
By applying the stochastic profiles developed in this work we can assess both the
effectiveness and expected number of switching actions of an OLTC. The
stochastic approach allows for risk estimation, while the profile modeling gives
insight in the operation of the OLTC. These results can be used to give a more
accurate quantification and evaluation of this alternative compared to traditional
investments.
The OLTC is shown to be a feasible alternative in case of too high voltage
variations in the network. In some cases its effectiveness might however be limited,
for instance when there is a large difference in loading of LV feeders connected
to one transformer. Issues might for instance be expected in LV networks with
a mix of residential feeders with a lot of PV and commercial feeders without, as
high voltages on the residential feeder due to PV generation might coincide with
low voltages on a feeder connecting commercial customers. This is caused by the
fact that the peak moment of generation for PV occurs during the day, when the
loading of commercial connections is also generally high. In residential areas an
OLTC is still likely to be effective despite the difference between generation and
load occurrence (e.g. 100% PV on one feeder and none on the neighboring feeder).
The peak in the load profile of residential feeders is commonly in the evening,
when the contribution from PV is low, and the load is usually relatively low during
the peak generation moments and related high voltages on a potential neighboring
feeder.

7.1.3

Battery energy storage system

Introduction
A battery energy storage system (BESS) can function to maintain both the
capacity and voltage limits during either peak generation or peak load situations.
By charging the battery during moments when excess network capacity is
available and discharging during peak load moments (or vice versa for peak
generation), the effective loading of the network can be reduced, affecting
currents and voltages simultaneously.
Implementation
From a planning perspective both siting and sizing are of importance in assessing
the costs and value of a BESS as an investment alternative. While the operation
scheme of the BESS has implications for the operational and maintenance costs of
the system, this is out of scope of our research as determining the optimal operation
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Figure 7.5. Expected number of tap changes per year to maintain the voltage limits.

of a BESS is a separate optimization on its own [162]. We therefore omit a detailed
simulation of the charging cycles and operating costs and rather assume that the
operation and forecasting of the battery is such that it is able to charge/discharge
the required energy when necessary. To account for the conversion losses a roundtrip conversion efficiency of 85% [163] is used.
The location of BESS is determined to be at the end of the LV feeders in case
of bottlenecks in that feeder. At this position the BESS has the largest impact
on the voltage level with the least amount of power required. We focus on the
(electrical) storage capacity required to be able to at least reduce the peak to the
allowed levels. The size of the necessary battery capacity is based on the maximum
sequential energy needed to prevent capacity or voltage bottlenecks. To ensure
the BESS itself does not cause exceeding of network limits during operation, the
maximum power it is allowed to deliver is checked to always be under the maximum
capacity of the last cable segment.
The implementation strategy to prevent bottlenecks is similar to the curtailment
implementation described earlier. Capacity bottlenecks are prevented by checking
the line currents vs. the current ratings and subsequently producing or storing the
difference in power when overloading is detected. Voltage bottlenecks are prevented
by measuring the voltage at the feeder ends and the required change in power is
calculated using 7.2. This can be used to determine which size of storage should
be installed, or estimate the portion of storage capacity that should be reserved
by a DSO during certain times of year/day, e.g. when the storage is not owned by
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the DSO, but for instance by a commercial party or community. If a bottleneck is
detected on a feeder, a BESS is installed at the end of that feeder. If during the
scenario bottlenecks appear on multiple feeders, a BESS is installed at the end of
each of these feeders.
Simulation results
Implementing the BESS as an alternative in the case studies allows us to estimate
the amount of years other investments can be deferred with a certain battery
capacity. Fig. 7.6 shows the capacity needed vs. the achievable investment
deferral for different confidence levels. The shown scenario is an extrapolation of
the High Load scenario (with 70% EV and 40% HP at the end of the original
scenario, aligning with 10 years deferral in Fig. 7.6).
We can see that 6 to 10 years of investment deferral can be achieved with
relatively small (i.e. residential scale) storage units. Until year 14 usually only
one feeder experiences undervoltage and/or overloading, after this multiple
feeders experience issues and thus more storage systems are necessary to alleviate
bottlenecks on these feeders. Deferral until the end of the scenario is possible,
requiring however steadily growing storage capacities. The necessary BESS
capacity can be significantly reduced by allowing a small risk of exceeding the
limits in the later years. This can be an effective strategy as network investments
can be postponed against lower costs. Subsequently, in a later stage when there is
more certainty about the load development the risk of exceeding the limits can be
reevaluated and investments done if necessary. For instance the original BESS
can be moved to a different feeder in the network, and a larger capacity BESS
placed at the initial location.
Reflection
Using the proposed approach the necessary battery capacity in future years can
be estimated. We have focused on the BESSs positioned at the feeder ends,
however the same approach can also be used to assess multiple smaller storage
units spread over a feeder. For instance when it is possible to activate small
(residential) storage units for grid support. Even in the final year the maximum
power a single storage unit is required to deliver is just over 33 kW, with a
storage size of 62 kWh being sufficient with a 99% certainty. These ratings can
also be achieved by an aggregation of several residential storage units, which are
already commercially available with ratings of 5 kW / 13.5 kWh [164]. 2
Activating residential storage for grid support requires coordination with the
owners of these systems using some ICT infrastructure. This infrastructure may
also enable making requests for flexibility in other customer owned devices.
2 Distributed storage will increase the required total BESS capacity and more energy and power
would be needed during bottleneck events (e.g. to maintain the voltage level), however comparable
ratings can be expected.

7.1 Smart grid alternatives

Total BESS capacity

250

250

200

Storage capacity (kWh)

Storage capacity (kWh)

113

150

100

50

Individual BESS capacity
Mean
95th percentile
99th percentile
Maximum

200

150

100

0

50

0
0

10

20

30

0

Years of deferral

10

20

30

Years of deferral

Expected number of installed BESS

5

4

3

2

1

0
0

5

10

15

20

25

30

Years of deferral

Figure 7.6. Required number and capacity of storage systems to prevent other network
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Flexibility as expansion alternative

Flexibility on the demand side can provide benefits to the power system in both the
energy market and network aspects [165]. In this section we discuss the integration
and benefits of activating user flexibility, referred to as demand side management
(DSM), from a network planning perspective.

7.2.1

Flexibility potential in the LV network

In order to incorporate DSM in the LV network planning process and evaluate its
effectiveness, insight is required in the flexibility potential of LV customers. In [166]
an assessment is presented of the results of several pilot studies which used different
techniques to unlock the available flexibility. To quantify the residential flexibility
potential, the results of these smart grid pilots carried out in different countries
were categorized and analysed.
All pilots used some form of price incentives to affect the load. The biggest
distinction in DSM approaches was in the level of active involvement of the user to
activate the flexibility. In several pilots the focus was on manual or semi-automated
DSM, where the users either need to actively respond to price signals by shifting
their load, or some limited user input is required to schedule operation (e.g. an
ultimate end time for a washing machine or dishwasher [29]). In other pilots an
automated DSM system was implemented, where after setup no additional user
interference is required, e.g. for the scheduling of a set of heat pumps to balance
wind power generation [167].
Based on the results of the different field tests, it can be concluded that
residential users are willing to shift their energy use when provided with some
incentive to do so. Flexibility is shown to be present in the use of white goods,
heating and EV charging. Their flexibility potential is defined here by the average
change in power per hour of the day per household. Looking at the results from a
planning perspective the flexibility potential for white goods is modest, up to
around ±50W per household. For HPs the potential is higher, in the order of
±150W on average for a group of 127 HPs. EVs show the largest potential for
flexibility in the pilots, showing flexibility of around ±400W per EV on average.
However, especially for EV, the effective achievable shifted power varies
drastically over the course of the day. More general this holds for most forms of
flexibility at the low aggregation levels of the LV network. Substantial variation
in responsiveness between different customers is present as well as uncertainty
about the actual availability of the flexibility.
For more details on the analysis of results of the field tests and insight into
the flexibility profiles that can be expected at residential customers one is referred
to [166].
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The resulting flexibility from the pilots can be used to obtain an estimate of the
value of DSM in the network planning process. Notably, when considering the
flexibility to be available for peak shaving, its effectiveness in deferral of traditional
network investments can be investigated.
In [168], the flexibility potential found in [166] is implemented in stochastic
network evaluations to assess the impact on network planning parameters. The
stochastic profiles used are sampled from the same datasets as those that were
modeled in chapter 5 of this thesis. DSM is implemented for peak shaving,
requesting downward flexibility during peak load moments. Further incentive is
given for upward flexibility during times of low demand, and overall energy use is
maintained constant. This can be achieved for instance by price incentives in the
form of a dynamic tariff, with high prices during peak times and low prices
during valley hours [169–171]. The expected user response to the incentive is
based on the flexibility potential measured in the different pilots.
Simulations are carried out using the Monte Carlo method, sampling random
load profiles from the datasets. In each iteration, if flexibility is requested, the
available flexibility potential is subtracted or added to the sampled load profile.
An evaluation of the impact of flexibility is then done for the most highly loaded
LV cable in the village network. A 100% penetration of PV, EV and HP is used to
simulate a worst-case scenario and the results are compared for a simulation with
and without applying flexibility.
The results show that this implementation of user activated flexibility can
decrease the probability of exceeding capacity or voltage limits, but cannot
prevent violations altogether. To value this type of DSM in network planning the
risk of exceeding certain limits should therefore be included in the boundary
limits, e.g. by implementing the probabilistic constraints as in 6.1.3. Still then,
flexibility in current residential load is very limited from a network planning
perspective [166, 172]. In contrast, the available flexibility will likely grow with an
increased penetration of EV and HP, which are also expected to be the main
drivers for increasing peak load and network investments in the LV network in
the coming years.

7.2.3

DSM through a local smart market

The large uncertainties in response when only price based DSM is applied, e.g. in
the form of dynamic tariffs, make it non-ideal to rely on for LV planning
purposes. Additionally, even in the operational stage there is still uncertainty
regarding the actual flexibility that is offered and that will be activated. To
obtain more insight into the available flexibility during the operational stage,
customers can be integrated in a local smart market, where their flexibility is
procured using a market based control mechanism. By integrating customers in
such a market, using the dynamic price as a control signal, the response of the
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system can be determined in advance [173]. Procurement of flexibility through a
market based control mechanism is a promising solution for network congestion
management amongst others [174]. Using this in combination with some limiting
scheme to ensure network limits are maintained even when insufficient flexibility
is available in the market might help make flexibility an attractive alternative to
network investments.
In [175] several market strategies were simulated using an agent-based model
and their effectiveness for investment deferral was investigated. The agent model
is based on the Power Matcher technology [176], enabling flexible energy
resources to match their supply and demand. Each agent represents a physical
device/component or a virtual entity, which may communicate bid curves to an
aggregator. These bid curves represent the agent’s willingness to consume or
produce electricity at a certain price.
By aggregating all bid curves an
equilibrium price is determined and communicated back to all agents, which then
respond accordingly.
Two market strategies, in addition to a direct control mechanism, are simulated
for different planning scenarios, with PV, EV and HP penetrations varying from 40
to 100%. These are then compared to a no-market base case situation to determine
the effectiveness and costs of implementing DSM using such a control mechanism.
The market strategies are a free market, where all agents bid on the market based on
their bidding strategies, and an equilibrium price is generated to which all agents
respond; a grid constrained market, where an extra DSO agent is added to the
market, which may act to shift the price in view of maintaining grid constraints;
and direct grid control, which essentially acts as curtailment if grid constraints
cannot be resolved by the market.
The results show that in scenarios with a high level of local generation,
facilitating the free market strategy will in many cases be sufficient to prevent
local network bottlenecks. In high load scenarios (e.g. high local penetration of
EV and HP), with little local generation, market based control is often not
sufficient to prevent bottlenecks and still traditional network investments will be
required. Due to the high local demand the market equilibrium gravitates to very
high prices or a price cap, where the DSO agent cannot shift the prices enough to
maintain the network limits.
Looking at the costs, in general all market strategies result in reduced costs for
losses in the network due to a better matching of supply and demand. However
in the grid constrained and direct grid control strategies, extra costs are incurred
for the DSO to activate the DSM. These costs are in most cases higher than the
reduction in costs of network losses. Additionally, in all but the high generation
with low load scenario, electricity costs for the customers are expected to increase
on average.
Implementing DSM through local market based control is an alternative which
may defer network investments. As the costs a DSO makes are socialized and
reflected in the network tariffs, a reduction in costs for the DSO also means lower
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costs for society. If the benefits of investment deferral offset the added electricity
costs of the customers, this can be optimal from a social welfare perspective.
However, under the current regulation no distinction in electricity costs is allowed
based on a customer’s connection location.

7.2.4

Combination with smart grid alternatives

Research into incorporating DSM or smart grid alternatives usually regards
either/or situations. Either DSM is implemented as an alternative to traditional
expansions, or a smart grid alternative such as storage is applied. However, DSM
can also be used in conjunction to smart grid alternatives as it might increase
their effectiveness or reduce associated operational or investment costs. Besides,
necessary ICT systems for implementing DSM can also serve to enable (or even
augment) the application of BESS, OLTC or curtailment alternatives.
The effect of using DSM in conjunction with several smart grid alternatives was
studied in [177]. Specifically the implementation of DSM as described in section
7.2.2, was used in a 30 year planning scenario, and combined with BESS or OLTC
alternatives. The potential for deferral of other traditional network investments
was then compared between the situation where only the BESS or OLTC was
applied, or when combined with DSM.
For the combination of the OLTC and DSM it was shown that first of all DSM
helped to further defer investments in the cable due to its limiting effect on the peak
load, which an OLTC by itself cannot do. Secondly, the implementation of DSM
also reduced the number of times the OLTC needed to switch, thereby reducing the
degradation of the switch, increasing expected lifetime and reducing operational
costs.
For the combination of a BESS with DSM it was shown that complementing a
storage system with DSM reduced the necessary storage capacity by 5 to 8 times.
Such a reducing effect on the required capacity would also lead to a significant
reduction of investment costs. Furthermore, implementing DSM also reduces the
number of times a BESS would need to be activated and less electricity would need
to be stored, thereby reducing its operational costs and increasing the expected
lifetime. And vice versa a BESS can complement DSM to obtain more certainty
that a certain amount of peak reduction can be obtainable when it is needed to
ensure capacity or voltage limits are not exceeded.

7.3

Conclusion and Discussion

In this chapter we discussed the implementation of the developed stochastic
profiles in a planning situation to evaluate the deferral potential of smart
alternatives to traditional network expansions. The combination of stochastic and
profile modeling allows for a detailed assessment of different smart alternatives,
by yielding insight into the probability, duration and level of network loading and
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voltages. Simultaneously, insight can be obtained in the risks associated with
different options, which supports making investment decisions under uncertainty.
The simulations show different smart alternatives to be an effective option in
deferral or even complete replacement of traditional network investments. The
extent to which deferral is possible depends on the chosen operational scheme and
allowed risk level. Depending on the cause (generation or load peak) and nature
(capacity and/or voltage limit) of the bottleneck, different options are more feasible.
Activating local flexibility through DSM schemes can be effective in deferring
the need for investments, however the uncertainty about the level of effectiveness
in the LV network is high. The implementation of user activated flexibility can
decrease the probability of exceeding capacity or voltage limits, but cannot prevent
violations altogether. To value this type of DSM in network planning the risk of
exceeding certain limits should therefore be included in the boundary limits. Still
then, flexibility in current residential load is very limited from a network planning
perspective. In contrast, the available flexibility will likely grow with the increased
penetration of electric vehicles and heat pumps that is expected.
The certainty of availability of flexibility decreases when it concerns smaller
aggregation levels, e.g. the LV feeder level. While the average level of response
to DSM signals can be estimated, this is mainly useful for larger aggregations of
customers as the actual response of small aggregations is highly uncertain. At
the low voltage level, implementation of DSM may be used in conjunction with
other smart alternatives to reduce their operational and/or investment costs, e.g.
by reducing the number of charging/discharging cycles and required size of storage
units or limiting the number of required switching actions of an on-load tap changer.
In the evaluation of different alternatives we focused on technical parameters.
In the end, to integrate these options in the practical network planning processes
the economic value is important. Steps therefore need to be taken to translate the
technical parameters to costs, e.g. by defining a compensation cost per curtailed
kWh of PV generation, or assessing different operational strategies of a BESS. Here
we assessed only a few possible operational strategies of different smart alternatives.
The proposed approach can however also be used in the assessment of different
operational schedules to assess their relative effectiveness and costs. For instance
different implementations of BESSs in the network can be used to evaluate the
charging/discharging profiles and determine the feasibility, associated costs and
uncertainty therein. Lastly, to be able to actually integrate most of the evaluated
alternatives, additional regulatory changes are necessary.
The evaluation of alternatives makes use of a full stochastic profile assessment
of the networks, thus computation times are relatively high. Depending on the
alternative to be evaluated computation times range from 1 to around 24 hours
for a full scenario analysis, 30 years with 186 nodes. The time can be reduced by
limiting the number of evaluation steps, e.g. by increasing the time steps between
evaluation years and interpolating the intermediate values. In most cases the
simulation results change gradually over the years, making this a feasible option.
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Alternatively, higher speed computational hardware3 can be used or parallel
and/or cloud computing methods.
In the simulations many of the same
calculations are executed with only variations in the input variables, for example
a single thirty year scenario evaluates well over a million load flow calculations on
the same network. This lends itself quite well to parallel processing, and hence
substantial speed boosts should be attainable with relative ease.
To limit data storage and generation of unused results, extra thought should be
put in advance into which results are required for the evaluation and which are not.
Single scenario simulations can easily generate multiple gigabytes of data, of which
the vast majority will have no or very limited added value in the planning process.
Sifting out only the valuable data during the simulations reduces not only the need
for extra ICT resources, but also makes it more straightforward to evaluate the
results.

3 All simulations in this work were carried out on an Intel Core i7-3630QM 2.4Ghz CPU with
8 GB of RAM
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Chapter

8

Conclusions, contributions and
recommendations
The main objective of this thesis was to develop methods that can be implemented
to incorporate the impact of the energy transition in distribution network planning.
To achieve this objective, several research question were formulated, detailed in
section 1.4, assessing different aspects of the network planning problem. To answer
the research questions, firstly, models were developed which yield more detailed
insight into the diffusion, behavior, and effects of sustainable technologies and
their related uncertainties. Furthermore it was discussed how these models can be
incorporated in the network planning process.
In the first section the main conclusions regarding the proposed methods and
models will be discussed. Next, the individual contributions of this work will be
highlighted, followed by recommendations for future research.

8.1

Conclusions

Local energy transition scenarios
A methodology was developed to diversify large scale technology adoption
scenarios to locally specific scenarios. Using methods from the field of statistical
learning, factors that are significant for the adoption of energy transition
technologies can be systematically found and quantified.
Substantial
improvements in prediction accuracy are achievable compared to the common
homogeneous scenario forecasts. Additionally, the probabilistic implementation of
the approach allows for the quantification of the uncertainty in adoption and
benefits a risk-based evaluation of the scenarios.
121
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Differences in socio-demographic variables may lead to substantially diverse
local adoption probabilities and are therefore important to take into account in
scenario studies to properly estimate future expected penetration levels of new
technology adoptions. Income level, household composition and age, and peer
effects were shown to be key factors to take into consideration.
Changing load profiles and stochastic behavior
A modeling approach was developed that is able to model the stochastic behavior
of diverse datasets using a combination of Gaussian mixture models (GMMs) and
copula functions. The stochastic behavior of current residential load, electric
vehicle charging, heat pump load and photovoltaic generation are shown to be
accurately modeled using this approach. Due to the parametric nature of the
models, they can be adapted and scaled to local variations as required.
Furthermore, the modeling approach is not limited to these specific datasets or
technologies, but can be applied to a wide variety of data.
As a consequence of the adoption of new technologies the future load profiles
will change considerably. By individually modeling the electrical profiles of
energy transition technologies, the impact of different adoption scenarios on the
load profiles can be obtained. The probabilistic modeling approach further allows
the profiles to be built bottom-up, and generates profiles that take into account
the coincidence between different customers. In this way realistic load profiles can
be generated for low to high voltage network levels.
Large scale planning scenario assessments
The previous models can be combined in a planning methodology to assess the
impact of different scenarios on the LV network. By integrating the stochastic
load and generation models with local technology adoption scenarios the expected
growth in local LV network loading can be identified. By evaluating this expected
growth on the locally available network capacity, high risk feeders and areas can
be identified, and their expected timing of constraint violation can be determined.
To reduce the computational burden for large scale assessments a
simplification can be done based on the allowed risk of exceeding limits. The
stochastic profiles can be reduced into a stochastic peak indicator to swiftly assess
the timing of bottlenecks for large network areas. This approach drastically
reduces the computation times and yields very similar results in terms of timing
of bottlenecks, therefore making it a feasible option for mid- to long-term
planning studies.
Based on the assessed scenarios we observed that feeders with a high expected
growth in penetration of energy transition technologies are not necessarily the
highest risk feeders. There is little (direct) correlation between the local growth
rate in a network area and the location of overloaded feeders. The local growth rate
does have a significant impact on the actual timing of bottlenecks, but the state
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and loading of the network at the scenario start is also a major factor in whether
and when overloading will occur.
Deferral of traditional investments through smart alternatives
Using stochastic profiles makes it possible to assess in detail the operation and
effects of smart alternatives to traditional network expansions. Due to the
combination of a probabilistic approach and time series profiles both the duration
and probability of capacity and voltage bottlenecks can be assessed. Thus
allowing for a detailed assessment of the operational requirements of smart
alternatives such as storage, or demand side management (DSM). Consequently,
insight can be obtained in the risks associated with different options, which
supports making investment decisions under uncertainty.
The simulations show different smart alternatives to be an effective option in
deferring or even avoiding traditional network investments. The extent to which
deferral is possible depends on the chosen operational scheme and the allowed risk
level. Depending on the cause (generation or load peak) and nature (capacity
and/or voltage limit) of the bottleneck, different options are more feasible.
Activating local flexibility through DSM schemes can be effective in deferring
the need for investments, however the uncertainty about the level of effectiveness
in the LV network is high. The implementation of user activated flexibility can
decrease the probability of exceeding capacity or voltage limits, but cannot prevent
violations altogether. To value this type of DSM in network planning the risk of
exceeding certain limits should therefore be included in the boundary limits. Still
then, flexibility in current residential load is very limited from a network planning
perspective. In contrast, the available flexibility will likely grow with an increased
penetration of electric vehicles and heat pumps.
Implementation of DSM may be used in conjunction with other smart
alternatives to reduce their operational and/or investment costs, e.g. by reducing
the number of charging/discharging cycles and the required size of storage units
or limiting the number of required switching actions of an on-load tap changer.

8.2

Contributions

The main contributions of this thesis are presented below:
• Development of a local scenario methodology that can diversify large
scale adoption scenarios to local scenarios based on local characteristics. This
method can be readily implemented in planning studies, to evaluate expected
local penetration levels of new technologies.
• Analysis of relevant indicators for adoption of energy transition
technologies.
Using statistical models, the relations between
socio-demographic factors and the adoption of energy transition

124

Conclusions, contributions and recommendations
technologies were investigated and quantified. Common factors, affecting
adoption of multiple technologies, were identified.
• Development of a flexible modeling method to generate stochastic
profiles based on measurement and research data. The method can be used
on a wide variety of data and is not limited to the domain of electric load
forecasting. Stochastic profiles can be generated representing the statistical
behavior of individuals in the underlying dataset.
• Stochastic profile models were developed for residential load, photovoltaic
generation, electric vehicle charging and electric heat pump load. These
models can be used in a wide array of network planning studies and their
parameters are adaptable to local specific situations.
• Integration of developed statistical and stochastic forecasting
models in a planning approach. A computationally feasible approach
was formulated to implement the developed models on large network areas.
The probabilistic bottom-up design of the approach allows the
implementation on various network levels and the use of multiple risk levels
for identification of timing and location of constraint violations.
• Implementation of planning approach in a large scale network
planning study. The feasibility and output of the proposed planning
approach were demonstrated.
Three energy transition scenarios were
applied to the Dutch LV network and the consequently required network
capacity was evaluated.
• Development and implementation of a methodology to assess smart
alternatives to traditional network investments. The generated stochastic
profiles were used to analyze the effectiveness of battery storage, curtailment,
on-load tap changers and DSM for the deferral or replacement of traditional
investments. The uncertainty in the load profiles was explicitly incorporated
in the evaluation of alternatives.

8.3

Recommendations

This section provides recommendations for future research directions, following
from the work in this thesis.
Adaptive modeling of adoption behavior
In this work statistical models were developed for the adoption of several
technologies, based on their current adoption level. This provides a snapshot view
of the relation between local characteristics and the tendency to adopt, and can
work well for forecasting adoption behavior on the medium term. As the adoption
of the investigated technologies is currently at or growing to substantial levels per

8.3 Recommendations

125

year, it becomes possible to investigate the change in these factors over time. For
instance a technological breakthrough might significantly reduce costs of an
technology and lower the barrier of adoption for people with a lower income,
possibly decreasing the influence of income level on the adoption diversity. By
studying these changes over the coming years, and including additional factors
such as technological development, regulatory changes and subsidies, adaptive
models can be created. These models can consequently be used to incorporate
more scenario variables (e.g. a disruptive change in cost of a certain technology),
and provide different possible views for longer time scales.
More data on adoption and location
In extension to the previous point, generating such models requires more data to be
available on adoption location. For PV adoption a decent registration system is in
place in the Netherlands, providing distribution network operators with a good view
of the location of most of the residential installations. Concerning electric vehicles
and even more for heat pumps such detailed information is not (readily) available.
It would be beneficial for future research in this direction if such data would be
available to parties such as research facilities and non-commercial parties. More
detailed information will help in creating more accurate models, which will not
only assist improved planning of distribution networks, but the added information
can also be useful in other areas such as city development plans and designing and
evaluating effective regulation.
Deep learning
In section 4.4 we show a benchmark of our proposed modeling approach to several
other supervised learning techniques, yielding similar prediction accuracies. Part
of our selection of logistic regression as a prediction approach was based on its
possibility for interpretation of the results. However, it would be worthwhile to
investigate the comparative accuracy of other implementations of the benchmark
methods or for instance the use of deep learning techniques. Deep learning is
a rapidly growing field and recently successful advances have been made in the
forecasting field, however its application to socio-demographic data has not been
studied much and would therefore be worthwhile to explore.
Optimal operational strategies of smart alternatives
In this work the developed stochastic profiles were implemented to analyze
different smart alternatives from a planning perspective. Several operational
strategies were implemented and assessed on their effectiveness for investment
deferral. It would be interesting to investigate the impact and effectiveness of
using different operational strategies of each smart alternative, and analyze which
would be most efficient. The proposed models can be used in such assessments
and also include different future scenarios. Furthermore, with some additional
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assumptions the costs of different strategies can be estimated and the smart
alternatives can consequently be integrated into optimal planning algorithms such
as proposed in other research.
DSM in higher network levels
In this work we looked at the effectiveness of DSM as an alternative for network
investments in LV network planning. Because the actual availability of flexibility
and customer response for small aggregations of customers, e.g. LV feeder level,
is highly uncertain, the value of DSM in LV network planning is limited. When
looking at larger aggregation levels, e.g. MV/LV transformer and the MV network
level, DSM might prove more effective at investment deferral. Especially electric
vehicles provide a high flexibility potential, although a suitable incentivization and
control scheme needs to applied and regulatory boundaries need to be overcome.
By aggregating the models proposed in this research with the results on available
flexibility, a risk-based evaluation can be done on the effectiveness of DSM as
planning alternative in higher network levels.
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Regression model fits and input variables

Regression model fits and input
variables
A.1

Descriptive statistics
Table A.1. Descriptive statistics for the Netherlands

Variable
YearConstructed∗
Area (m2 )∗
AddressDensity
HousePrice (e)
PercHighRise
NumHH
NumResidents
PercMale
Perc00-14
Perc15-24
Perc25-44
Perc45-64
Perc65-74
Perc75+
Perc1p
Perc1pa
PercMp
Perc2pa
HHSize
Income (e)
LogIncome
PercOwned∗∗
PercIncReceiver∗∗
EnergyUseE (kWh)∗∗
EnergyUseG (m3 )∗∗
PercDistrHeat∗∗
CarHH∗∗
PvDist100∗
PvDist250∗

Mean
1969
133.8
1267
225471
17.46
25.64
52.93
49.30
15.07
11.82
25.69
28.22
10.05
9.27
33.21
5.86
32.14
28.85
2.25
2287
7.39
60.47
68.62
3481
1758
2.74
1.07
2.5
13.1

Standard Deviation
64
114.6
998
77688
19.51
22.37
40.87
10.49
10.12
10.03
13.74
12.64
9.54
16.18
23.77
7.38
23.77
20.37
0.63
745
1.52
18.84
19.75
693
482
13.76
0.37
3.8
14.0

Following different levels of data availability the reported values are
at 6 digit zip code level unless marked otherwise: individual (∗ ), 4
digit zip code (∗∗ ).
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Table A.2. Cross validated regression model coefficient estimates for PV adoption

Variable
Area
YearConstructed
AddressDensity
HousePrice (e)
PercHighRise
NumHH
NumResidents
PercMale
Perc00-14
Perc15-24
Perc25-44
Perc45-64
Perc65-74
Perc75+
Perc1p
Perc1pa
PercMp
Perc2pa
HHSize
Income (e)
LogIncome
PercOwned∗∗
PercIncRec∗∗
EnergyUseE (kWh)∗∗
EnergyUseG (m3 )∗∗
PercDistrHeat∗∗
PercForeign∗∗
CarHH∗∗
PvDist100∗
PvDist250∗
(Intercept)

Photovoltaics
Coefficient
Standardized Coefficient
0.0004254 (8.0424e-05)
0.027017 (0.0051077)
-0.00023385 (1.2494e-05)
-0.23359 (0.01248)
-0.0046234 (0.00013497)
-0.35898 ( 0.01048)
-0.0074591 (0.00091183)
-0.1686 (0.02061)
0.0024534 (0.00029797)
0.10033 (0.012185)
0.017187 (0.001416)
0.17392 (0.014329)
-0.022971 (0.00092837)
-0.31583 (0.012764)
-0.016709 (0.0011998)
-0.27077 (0.019442)
-0.019105 (0.00086667)
-0.45461 (0.020623)
0.010041 (0.0011399)
0.20448 (0.023215)
-0.4541 (0.055418)
-0.28541 (0.03483)
-0.00043698 (4.34e-05)
-0.32509 (0.032287)
2.1129 (0.12628)
0.62176 (0.037161)
0.015798 (0.00064733)
0.29758 (0.012194)
-0.010159 (0.0010655)
-0.11851 (0.01243)
0.091972 (0.0029778)
0.35216 (0.011402)
-0.05998 (0.0011017)
-0.83782 (0.015389)
-16.65 (0.90078)
-3.502 (0.011066)

The standard errors are reported in parentheses, and all values with
an assigned coefficient are found significant at the 1% level. Following
different levels of data availability the predictors are at 6 digit zip code
level unless marked otherwise: individual (∗ ), 4 digit zip code (∗∗ ).
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Table A.3. Cross validated regression model coefficient estimates for EV adoption

Variable
Area
YearConstructed
AddressDensity
HousePrice (e)
PercHighRise
NumHH
NumResidents
PercMale
Perc00-14
Perc15-24
Perc25-44
Perc45-64
Perc65-74
Perc75+
Perc1p
Perc1pa
PercMp
Perc2pa
HHSize
Income (e)
LogIncome
PercOwned∗∗
PercIncRec∗∗
EnergyUseE (kWh)∗∗
EnergyUseG (m3 )∗∗
PercDistrHeat∗∗
PercForeign∗∗
CarHH∗∗
PvDist100∗
PvDist250∗
(Intercept)

Electric Vehicles
Coefficient
Standardized Coefficient
-0.015213 (0.00092191)
-0.078466 (0.004755)
-0.00021544 (1.1632e-05) -0.15667 (0.0084584)
0.0021437 (0.00018471)
0.13908 (0.011983)
-0.0028155 (0.0010592)
-0.034411 (0.012945)
-0.00010182 (4.848e-06) -0.084189 (0.0040086)
18.906 (0.56899)
0.16953 (0.0051022)
-2.0011 (0.14302)
-4.0904 (0.29233)
-2.2508 (0.14343)
-3.7803 (0.24089)
-2.1765 (0.14328)
-5.9883 (0.39419)
-2.3196 (0.14334)
-5.6983 (0.35213)
-2.2497 (0.14369)
-3.2306 (0.20634)
-2.0988 (0.14323)
-4.366 (0.29795)
0.092155 (0.0042713)
0.49675 (0.023024)
-4.6184 (0.12791)
-0.89186 (0.024701)
-0.0023873 (0.00012458)
-0.7428 (0.038762)
9.653 (0.33083)
1.0402 (0.035648)
-0.029891 (0.001073)
-0.25277 (0.0090742)
12.621 (0.35315)
0.29803 (0.0083395)
0.00053095 (3.7514e-05)
0.16392 (0.011582)
0.016278 (0.00066943)
0.11638 (0.0047861)
0.025509 (0.0013009)
0.13592 (0.0069316)
137.5 (14.445)
-4.9712 (0.0053173)

The standard errors are reported in parentheses, and all values with an
assigned coefficient are found significant at the 1% level. For the EV
model all predictors are averaged per municipality, and are henceforth
only valid for that level of aggregation. Further diversifying of adoption
estimates is done by using the number of cars per household.
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Table A.4. Regression model coefficient estimates for HP adoption

Variable
LogIncome
NLD
ENV NGO
Rural
GG
Alt
Ownership
Age
(Intercept)

Coefficient
0.136
-2.454∗
0.694∗
0.0884
-0.531∗
-0.986∗
0.420∗
-0.0223∗
-2.022

Standard Error
0.126
0.304
0.170
0.132
0.185
0.139
0.155
0.004
1.331

Coefficient estimates obtained from [121], coefficients with
superscript ∗ are found statistically significant at the 1% level.
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Appendix

B

Overview of applied statistical
techniques and terms
This appendix gives an overview of some of the statistical techniques and terms
used in this thesis and how they are applied.

Area Under Curve (AUC): The integral of the area under the ROC curve.
Used as a comparative performance metric of the classification accuracy and
sensitivity of different classification models.
Bayesian Information Criterion: Model selection criterion. Provides a
measure for the amount of information gain, while penalizing for model
complexity. Used to select an optimal trade-off between model complexity and
accuracy.
Brier Score: Common scoring rule for performance evaluation of a probabilistic
forecast. Measures the difference of the probability of forecast values and the
actual occurrence of events/classes.
Copula: Multivariate distribution functions with uniform marginal distributions.
Used in this thesis to model the dependency structure between correlated
variables in a dataset.
Deviance: Goodness-of-fit statistic for comparing different models based on their
(log-)likelihood. Used in likelihood ratio tests.
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Dichotomous variable: Variable that can take on exactly two distinct values,
that are both mutually exclusive and jointly exhaustive, e.g. success/failure.
Expectation Maximization: Iterative algorithm for finding parameters of
statistical models by maximizing their (log)likelihood.
Gaussian mixture models: Probability distribution defined by the weighted
sum of normal distributions. Often applied as clustering technique, for identifying
individual components in a dataset. In this thesis used as a flexible distribution
fitting technique.
k-fold cross-validation: Cross-validation is a strategy to counteract overfitting
of statistical models to a specific dataset. In k-fold cross-validation, the data are
split in k subsets (folds), after which the model is iteratively trained on all folds,
excluding one, and then evaluated on the excluded fold.
Loglikelihood: Parameter of a fitted model for a specific dataset. Describes how
likely the dataset is under the distribution specified by the model. Can be used as
metric for comparing the performance of different models on their goodness-of-fit.
Logistic regression: Specific type of regression, which extends linear regression
by transforming the output variable using a logistic function. Constrains the
output to a value in the interval [0,1].
Multicollinearity: Situation when different variables in a statistical model are
dependent on each other to a significant degree (i.e. are correlated).
Ordinary Least Squares (OLS): Method for finding unknown parameters in a
model by minimizing the sum of squared errors. Typically used in linear
regression.
p-value: Boundary of significance, used in statistical hypothesis testing.
Standard p-value is 0.05.
Receiver Operating Characteristic (ROC): Curve of the true positive rate
vs. de false positive rate of a classifier. Used as visual representation of the
performance of classification models.
Regression: Class of methodologies for finding statistical relationships among
variables.

Appendix

C

Case study network details
C.1

Village network

The village network is from a small village in the Netherlands with around 2000
residents. The network is a section of the LV network in this town serviced by
one 250 kVA transformer. There are 186 residential connections in the network,
all either terraced or (semi-)detached houses. All outgoing feeders start with 150
or 95 mm2 Al cables from the substations, and go over halfway into either 50 mm2
Al or 35 mm2 Cu, with total lengths around 300-350 meters. An overview of the
topology of the network is shown in Fig. C.1 .

C.2

Suburban network

The suburban network is from a small city in the Netherlands with around 11,000
residents, neighbouring larger cities. The network is a section of the LV network
serviced by one 400 kVA transformer. There are 185 residential connections ranging
from small appartment buildings to some detached houses. The cables consist
mainly of 95 mm2 Al cables, the second halves of the longer feeders are made of
smaller 50 mm2 Al cables. Most cables are relatively short (up to 200 meters), and
one cable up to 300 meters. An overview of the topology of the network is shown
in Fig. C.2
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A

B

C

D

E

Figure C.1. Network topology of the village case network. For visual purposes each
arrow represents a group of households connected to that cable part.

A

B

C

D

E

F

Figure C.2. Network topology of the suburban case network. For visual purposes each
arrow represents a group of households connected to that cable part.
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[28] B. Nasiri, C. Wagner, U. Häger, and C. Rehtanz, “Distribution Grid Planning
Considering Smart Grid Technologies,” in 24th International Conference &
Exhibition on Electricity Distribution (CIRED), Glasgow, 2017.
[29] E. A. M. Klaassen, C. B. A. Kobus, J. Frunt, and J. G. Slootweg,
“Responsiveness of residential electricity demand to dynamic tariffs:
Experiences from a large field test in the Netherlands,” Applied Energy, vol.
183, pp. 1065–1074, 2016.
[30] P. H. Nguyen, W. L. Kling, and P. F. Ribeiro, “A game theory strategy
to integrate distributed agent-based functions in smart grids,” IEEE
Transactions on Smart Grid, vol. 4, no. 1, pp. 568–576, 2013.
[31] G. Deconinck, R. Belmans, Z. Qiu, G. S. Member, and S. Member, “A
literature survey of Optimal Power Flow problems in the electricity market
context,” 2009 IEEE/PES Power Systems Conference and Exposition, 2009.
[32] K. E. Bakari, C. Carter-Brown, S. Jupe, A. Baitc, C. Abbey, A. Rasi
Aoki, M. Fan, C. Nakazawa, and F. Pilo, “Survey on methods and tools
for planning of ’active’ distribution networks,” Integration of renewables into
the distribution grid, CIRED 2012 Workshop, no. 158, 2012.
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onze kleintjes verder op ontdekkingstocht.
Raoul Bernards,
Drunen, Augustus 2018.
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