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Summary

Long-term Planning of Low Voltage Networks

The energy system is in a transition from a fossil-fuel based towards a sustainable energy
supply. The uptake of clean energy technologies like electric cars, heat pumps and
photovoltaics has been rising in the past years and expected to continue to do so in the
future. This brings challenges for the low voltage (LV) network, as these technologies are
mainly connected at the household level. The scope of these challenges is dependent on the
ability of the LV-network to handle these changes. This thesis focuses on the determination
of the quality of the LV-network in light of this energy transition and the reinforcement of
the LV-network to mitigate the problems that may arise.

First of all, the effects of the transition towards a sustainable energy supply on the LV-
network have been mapped based on a literature review. The most important effects for
the LV-network are the anticipated changes in power quality and the capacity of the LV-
network, introduced by the increased penetration of both photovoltaics and electric vehicles.
The loading of the network, therefore, needs to be modelled, with the inclusion of the
technologies which govern the transition towards a sustainable energy supply. A bottom-
up Markov Chain Monte Carlo household load model has been defined that can handle
scenario inputs to model the load for the coming years. The probability density functions of
the highly volatile household load can be accurately determined with the defined model.

The analysis of the LV-network is predominantly done by applying load flow calculations.
The volatility of the household load calls for a more probabilistic approach to the calculation
of the load flow. As the characteristics of the LV-network allow for the simplifications of the
load flow calculations, a new probabilistic load flow algorithm specifically for LV-networks
has been developed. Next to this, the integration of the requirements of the LV-network into
a risk-based analysis framework has been performed. Based on this a single risk indicator
can be determined for both current and new networks.

Based on the developed assessment frameworks and the current methods of assessing the
adequacy of the LV-network of the Dutch DNO Liander is determined. The foreseen
changes brought by the transition towards a sustainable energy supply are included in
this assessment. Most of the LV-network does not run into any problems, however 36%
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of the LV-network might require some sort of reinforcement based on all the analysed
scenarios. From the level of adequacy in the network, the most important risks for the
network are defined: the penetration of electric vehicles and photovoltaics> The LV-network
characteristic that is most correlated with a high risk is the number of customers connected
to the LV-feeder.

From the analysis of the risks within the LV-network, it becomes apparent that parts of
the LV-network will have to be reinforced in order to handle the changes introduced by
the transition towards a sustainable energy supply. The implementation of the volatility of
the household load, as well as the uncertainty about the future loading in the LV-network
expansion planning, has been analysed. Through the use of probabilistic load flows and
scenario reduction, both these types of uncertainty can be included in the optimisation
of the LV-network reinforcements. The inclusion of these uncertainties leads however to
a computational intensive optimisation procedure. The genetic algorithm which is used
for the optimisation of the network reinforcements has therefore been adjusted to a bilevel
optimisation problem. By focussing more on the practical application of the LV-network
expansion planning simplifications can be made within this bilevel genetic algorithm to
allow for a computationally feasible optimisation. The use of demand response has been
investigated as an alternative to conventional network reinforcements. The limited benefits,
for all involved parties, make the application of demand response from an LV-network
planning perspective not attractive.
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1
Introduction

The energy system is in a transition from a fossil fuel based energy supply towards a
sustainable energy supply. The generation of usable energy is increasingly shifting towards
renewable energy, like photovoltaics (PV), while the end-use is shifting towards clean energy
technologies based on electricity like electric cars (EV) and heat pumps. The uptake of these
technologies has been rising in the past years and expected to continue to do so in the future.
In Table 1.1 the number of EVs, heat pumps and installed capacity of PV is given for the
years 2009-2014 in the EU [1]. From the table, it can be seen that the penetration of
these technologies is increasing year after year. The rate at which these technologies are
being implemented slowly increases for most years as well, displaying an acceleration in the
adoption rate. These technologies will therefore, have an important role to play in the energy
system of tomorrow.

Table 1.1: The percentage of electric cars over the total amount of cars, heat pumps over the total
amount of heating systems, and photovoltaics over the total electricity consumptions in the EU
over the years 2009-2014 [1]

2009 2010 2011 2012 2013 2014
Electric cars 0.005% 0.005% 0.010% 0.014% 0.030% 0.052%
Heat pump 0.028% 0.031% 0.043% 0.047% 0.055% 0.064%
PV 0.10% 0.15% 0.31% 0.46% 0.54% 0.63%

Most of these technologies are connected to the electricity network at or near the premises

1



2 Chapter 1: Introduction

of residential customers. These appliances are considerably different from the current
appliances predominately connected to the low voltage (LV) network. A large increase in
electrical energy usage and/or the emergence of reverse energy flows are associated with
the transition towards a sustainable energy supply. Most of the LV-networks in western
countries are originally built more than 40 years ago and not designed for these changes.
Reinforcing the LV-network requires investments in assets which have an economic lifetime
of multiple decades. Taking only one or a few of these technologies into account when
altering the LV-network generates the risk of not meeting the requirements for the coming
decades but only for the anticipated developments. The current design paradigm followed
by most distribution network operators (DNO) is aimed at creating a network which can
last for at least forty years. This is illustrated in Fig. 1.1, where the date of construction of
the LV-cables from the Dutch DNO Enexis is given.
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Figure 1.1: Year of construction of the LV-cables as percentage of the total length of the LV-cables
[2]

From the figure, it can be seen that the majority of the LV-cables is at least 35 years old,
with more than 20% already being older than 50 years. This is an indication that a very
robust approach is applied to the design of the LV-network. A robust approach for the
LV-network planning is used as there is very limited data available. The maximum loading
of the LV-network is for instance, in most cases only measured once a year at the MV/LV
transformer, and the loading of a household thirty years from now is almost impossible to
predict. Therefore, LV-networks have a capacity far greater than they require in the coming
years to account for all these uncertainties. This robust approach has made it possible for
the LV-network to handle significant load increases without generating capacity constraints,
however it also led to an LV-network which is much stronger than required in many places.
Raising the question, whether the over-dimensioning of the LV-network is the most cost-
effective approach.

The conditions in which the reinforcement of the LV-network occur are characterised
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by capital-intensive investments, high uncertainty and a negative asset recovery value for
most assets as large parts of the LV-networks in Europe consist of underground cables [3].
The uncertainties which are present when planning the LV-network are high. Typically,
only one or two global scenarios for the coming decades are used to evaluate whether a
certain design is strong enough. The local circumstances can vary greatly from a national
scenario, which means only limited optimisation is possible because over-dimensioning is
still necessary to account for the uncertainties surrounding the predictions of future loading
and the implementation at the local level. The optimisation of the decision making in
the LV-network expansion planning process is therefore of utmost importance as it is a
major contributor to the economic effectiveness of a DNO. Due to the nature of the
system, creating a design paradigm which will (to some extent) remove the need for over-
dimensioning is hard without creating huge risks of the LV-network failing to comply
with one of the requirements. The question remains, however, whether the current design
paradigm comes close to an optimal level of robustness to be able to handle the future
requirements, or if there is room for improvement of the current process. Next to this, there
have been technological advancements which would also require a review of the long-term
planning methodology for the LV-network.

1.1 Research questions

The changes in electricity usage combined with the fact that current LV-networks are ageing
give rise to the question of how the replacement of these assets can best be performed. This
leads to the main research question:

How should the distribution network operator change its approach to the design
of the low voltage network in order to most efficiently handle the uncertainties in
future loading introduced by the transition towards a sustainable energy supply?

In order to answer this research question, the question is divided into a number of sub-
questions. The first sub-question which arises when trying to answer the above research
question has to do with the changes in the future loading of the LV-network. Whether or
not the current approach to the design of the LV-network is capable of efficiently handling
the changes introduced by the transition towards a sustainable energy supply needs to be
determined. First, the changes which would have an effect on the LV-network should be
investigated. So not only do these foreseen changes need to be characterised, but these
changes should also be implemented in models capable of assessing the adequacy of the
LV-network. Therefore the following sub-question has been drafted:

1) Which of the changes introduced by the transition towards a sustainable energy
supply has an effect on the long-term adequacy of the low voltage network?
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With the changes introduced by the transition towards a sustainable energy supply
characterised, the effects of this transition on the LV-network need to be determined. If
these changes have been determined, the next question which arises is how these changes
can be implemented in the modelling of the residential load in order to generate the time
evolution of the loading of the LV-network over the coming decades. This will be assessed
by the following research question:

2) How will the residential load change in the coming decades and how can this be
modelled?

Knowing how the residential load will change over the coming decades is an important step
towards determining the adequacy of the current network. To be able to determine the
network adequacy, the metrics which are necessary and the methods to calculate them are
assessed based on research question number 3:

3) Which metrics are important for the determination of the adequacy of the low
voltage network and how can they be assessed?

With the assessment method determined and the effects of the transition towards a
sustainable energy supply implemented in the residential load, the current state of the LV-
network and whether it can handle the future load changes can be assessed. This is done to
answer the following sub-question:

4) Is the current (Dutch) low-voltage network capable of handling the foreseen
changes in the loading?

The changes which are introduced by the transition towards a sustainable energy supply do
not only jeopardise the adequacy of the network. Through the increase of controllable loads,
power electronic interfaces and ICT, other options to ensure the adequate operation of the
LV-network than the conventional ones become available to the DNO. These options should
be assessed in combination with the currently acceptable options to reinforce the LV-network
(e.g. adding or increasing the capacity of feeders and substations). In order to assess this,
the following research question has been defined:

5) How can low voltage network reinforcements best be implemented and can ’smart
grid’ solutions contribute to a more cost-effective low voltage network reinforcement?

1.2 This thesis

The research questions posed in the previous section are addressed in the five main chapters
of this thesis. In each of the chapters, one of the sub-questions is assessed. The chapters are
organised as follows.
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Chapter 2: The Low Voltage Network

In the second chapter, background information will be given to gain insight into the effects
of the transition towards a sustainable energy supply on the LV-network. First of all, an
overview of the distribution network and the main characteristics of the LV-network in
particular, will be given. Within this overview attention will also be given to the requirements
of the LV-network, to gain a better understanding of the main aspects the DNO should take
into account when designing the LV-network. This chapter is finalised with a discussion of
the main changes introduced by the transition towards a sustainable energy supply and how
these changes can be characterised in a manner which is meaningful from an LV-network
perspective, to give an answer to the first sub-question.

Chapter 3: Residential Load Modelling for LV-Network Assessment

The residential load (and generation) is one of the most important inputs for the assessment
of the LV-network. The residential load is also one of the main system parameters affected by
the transition towards a sustainable energy supply. The implementation of the characteristics
of the sustainable energy transition (as defined in Chapter 2) into a model for the residential
load, is discussed in this section. With the characterisation of the transition towards a
sustainable energy supply and its implementation in the load model, the second sub-question
can be answered.

Chapter 4: The Assessment of the LV-network

The analysis of the LV-network can be done in multiple ways, depending on the goal of
the analysis. In this chapter several approaches to analyse the LV-network are given. The
determination of the adequacy of the LV-network is preferably done based on a single
indicator. The LV-network has to adhere to multiple requirements, however, to make the
results on the performance of the network usable, a single metric will be defined from the
long-term adequacy perspective. This should provide the results necessary for answering the
third sub-question.

Chapter 5: The Adequacy of the LV-Network: A Dutch Case Study

With the assessment methods known and the metric to determine the adequacy defined, a
closer look can be taken at the state of the current LV-network. The adequacy as defined
in Chapter 4 is assessed for the LV-network originating from a Dutch DNO, taking into
account the changes introduced by the transition towards a sustainable energy supply over
the coming decades, as defined in chapter 2 & 3. Based on this analysis of the LV-network
the importance of the various drivers of the transition towards a sustainable energy supply
can be determined, giving an answer to sub-question four.
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Chapter 6: The Reinforcement of the LV-Network

As Chapter 5 shows that not all parts of the LV-network are capable of handling the changes
introduced by the transition towards a sustainable energy supply, the method for reinforcing
the LV-network will have to be assessed. The current method for reinforcing the LV-network
lacks in certain key areas, so a new bilevel LV-network expansion planning approach is
defined. Thereafter, the implementation of the most promising ’smart grid’ technologies:
on-load tap changer (OLTC) control and demand response in the planning process, is also
presented to answer the fifth sub-question.

With the discussion of all these topics fished, the thesis will be concluded with a review of
the research sub-questions posed in section 1.1. Through this review, an answer to the main
research question is formulated and the conclusions which can be drawn from it are given
in the final chapter of this thesis.



2
The Low Voltage Network

In order to start answering the question how a DNO should change its approach to the design
of the LV-network, a better understanding of the problem is required. In this chapter, the
LV-network and its functional requirements are introduced. This is followed by a discussion
on how the LV-network is affected by the transition towards a sustainable energy supply.
First of all, an overview of the current electrical transmission and distribution network will
be given, with a focus on the LV-network, followed by a discussion on the requirements
the LV-network must adhere to. With this knowledge, the transition towards a sustainable
energy supply can be characterised with the aid of scenarios, keeping in mind the expected
impact of these scenarios on the loading of the LV-network, and hence on its functional
requirements.

2.1 LV-networks: An introduction

To be able to analyse the LV-network, first a better understanding of this type of network
is required. Therefore the LV-network and its place in the power system are characterised,
mainly from the perspective of the current LV-network. When a better understanding of the
characteristics of the LV-network is gained, the possible assumptions and most important
parameters when it comes to modelling and analysing the LV-network will be discussed.
Next to a discussion of the current LV-network, the requirements of the LV-network which
have resulted in the creation of the current system are discussed. These requirements are of

7



8 Chapter 2: The Low Voltage Network

importance when determining how the current approach to designing the LV-network can
be changed, as the requirements the LV-network has to adhere to are assumed to remain
constant throughout this research.

2.1.1The LV-network as part of the power system

The power system is designed to transport electrical energy from the generators to the loads.
The power system can be divided into two parts: the transmission network (HV-network), a
system with high voltages designed for the bulk transport and exchange of electrical energy,
with large generating plants and a few large customers connected, and the distribution
network, a vast network originally designed to supply electrical energy to the many smaller
consumers. The distribution network, in turn, can be split into two parts, the medium
voltage MV-network, an intermediate network for the local transport of electrical energy
with mid-sized consumers connected (0.3 MVA - 10 MVA) and the low voltage LV-network,
the last meters to the many small consumers (< 0.3 MVA). To illustrate the differences
between these networks Fig. 2.1, 2.2 and 2.3 have been created as well as Table 2.1.

Figure 2.1: Overview of part of the high voltage network in the Netherlands

In the Fig. 2.1 part of the Dutch 150 kV HV-network and the MV-transmission network (50
kV) are depicted. The underlying 10 kV MV-distribution network is also included. From
the figure, the difference between the transport network and the 10 kV network becomes
apparent. For just 22 HV/MV substations the number of 10 kV stations is already in the
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Figure 2.2: Overview of part of the medium voltage network in the Netherlands

thousands. The black box indicated in the figure is the area shown in Fig. 2.2. In this figure,
the 10 kV network is highlighted with a single HV/MV substation. In the figure also the LV-
network is included. The figure shows that even though the MV/LV substations are already
plentiful, the number of connection points at the LV-network is still much greater than for
the MV-network. In Fig. 2.3 the LV-network indicated by the black box in Fig. 2.2 is shown
in detail. As the most consumers connected to the LV-network are household consumers, the
location of the houses can already be determined from the network. The street pattern can
also be observed from Fig. 2.3, as the LV-cables are mostly placed underneath the pavement
next to the streets. In Table 2.1 an overview of some of the most important characteristics
of these different networks is given [4]. From this, as well as from all the three figures, it
becomes clear that the analysis of the LV-network should differ significantly from the analysis
of the transmission network or even the MV-network. Bear in mind that the LV-network
has more than 99.6% of the connections and more than 65% of the total cable length.

In addition to these large difference in size and number of connections compared to higher
voltage networks, the LV-network also has other unique characteristics. These characteristics
will lead to differences in the analysis of the LV-network. First of all, as the LV-network
consists of such a large number of nodes, the network is often not monitored. Measurements
of the maximum current are usually performed at the MV/LV transformer level and only
collected yearly. The household connections for a large part still have meters without
communication possibilities which are surveyed manually. The actual state of the LV-
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Figure 2.3: Overview of part of the low voltage network in the Netherlands

Table 2.1: Number of connections and lines lengths for different voltage levels in the Dutch power
system [4]

Voltage Length [km] Connections
Extra high voltage 220/380kV 2 760 99
High voltage 50/110/150kV 9 037 158
Medium voltage 3 t/m 25 kV 103 862 30 595
Low voltage 0,4 kV 223 511 8 073 554

network is, therefore, to a large extent unknown. With the current introduction of an
advanced metering infrastructure, the observability of the network is also starting to improve.
Secondly, much of the LV-network is purely radial in nature. The MV-network tends
to be meshed, but radially operated, while the HV-network is meshed and also operated
in a meshed configuration. The radial nature of the LV-network simplifies the analysis
considerably as the direction of the flow of the current can be easily estimated. Next to the
radial nature, the LV-network in European countries consists mainly of (underground) cables
[3], resulting in much higher R/X ratios than for the MV and HV-network. This means the
resistance is the most important factor determining the voltage and that the voltage angle is
fairly constant throughout the LV-network.

The next important attribute of the LV-network has to do with the manner of reinforcing the
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network. The LV-network needs to connect many consumers, all located in a relatively small
area. The investments needed to reinforce the LV-network tend to be small, as problems can
be solved locally instead of requiring an upgrade of a substantial part of the network.

The last important characteristic of the LV-network is that most connected customers are
households. These household connections have a highly volatile nature of consumption.
This is illustrated in Fig. 2.4.

Figure 2.4: The measured load curve for each day in a year for 1000 households combined (scaled
from the reconciliation data [5]) and for a single household

In the figure, the measured household load for each day in a year is plotted for both a single
household (right figure) and for 1000 aggregated households (left figure). The load curve
for the 1000 households is based on a scaled version of the load data from the reconciliation
process [5] and the for the single household based on the measurements from a smart meter.
From an MV-network perspective, a high level of aggregation would be visible, since on
average about 200-400 households are connected to a single MV/LV substation in non-
rural areas. This level of aggregation can already lead to a smooth load curve which follows a
clear daily pattern, with a difference between the maximum and minimum loading at a single
time of day not exceeding the 300%. From an LV-perspective a single household needs to
be considered. In the right part of Fig. 2.4 a number of different times can be discerned:
the night, the morning peak (around 7 AM), the day and the evening (from 6 PM). The
differences between days can, however differ significantly, even when looking at the same
time of day the difference in the load between consecutive days can be over 4000%. The
modelling of the load and the analysis of the LV-network should thus take into account this
high level of load volatility.
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2.1.2 Requirements

In order to discuss the adequacy of the LV-network with respect to the changes which will
occur in the future, the functional requirements of the LV-network should be known. An
overview of these requirements is given in this section. The basic function of the LV-network
is to provide customers uninterrupted access to safe electrical power of an adequate quality
at the lowest possible cost. The function of the LV-network, can be expected to remain
the same over the coming years and the resulting functional requirements can thus also be
considered constant for the coming years. The requirements which can be derived from the
main function of the distribution network (as with most other critical infrastructures) are
usually classified based on the four A’s: availability, affordability, accessibility and acceptability
[6]. To allow for a more detailed and structured evaluation of the developments in the
distribution network, for the purposes of this theses, the four cardinal requirements are sub-
divided into eight categories: availability, capacity, cost, regulation, power quality, social
context, safety and market facilitation. These eight requirements are discussed in more detail
below.

Availability

An uninterrupted voltage at the point of connection with the customer is one of the most
important goals of the DNO. Situations, when the voltage is interrupted, can be subdivided
in planned and unplanned unavailability. The planned unavailability is mainly due to
maintenance and can be kept to a minimum by local island operation whilst a higher
network part is being maintained, or by increasing the possibilities of doing maintenance
work live. For the design of the distribution network, the unplanned unavailability is the
determining factor, which may be caused by component failure and overloading. For the
DNO the chance of failure depends on the number of components between the point of
connection and the high voltage/medium voltage (HV/MV) substation and the reliability of
those components. From a consumer perspective, the availability is not only dependent on
the distribution network, but also on their own installation and on upstream the transmission
network.

Network Capacity

The required capacity of the network must be sufficient so that any user can draw their
contracted current from the network at any time. As the coincidence of individual load
profiles is low, especially for households, the actual network capacity is far lower than the
summation of the individual contracted connection capacities.
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Cost

The capital and operational costs of the DNO should be as low as possible, whilst fulfilling
the other requirements. The cost for the DNO, excluding the overhead, can be split into four
categories: expansion/replacement cost, impairment cost, energy losses and maintenance.
From a consumer perspective, these costs should be optimised based on the lowest social cost
(network cost plus economic externalities), while the DNO would like to minimise only its
own costs. The main challenge associated with finding this optimum is the payback period
of 20 to 40 years for investments and a technical life of assets often exceeding 60 years. As
the uncertainty whether an asset will still be sufficient increases, with the transition towards
a sustainable energy supply, it becomes more difficult to assess the investment options.

Regulation

The distribution network has two properties which make it hard for a competitive market
to exist. The distribution network is characterised by its capital cost dependent nature
(long payback periods and low operational cost) and its non-rivalry nature (access cost are
to a large degree dependent on whether the good is consumed within the vicinity). This
marks the distribution network as a natural monopoly. To keep the DNO from achieving
supernormal profits as well as ensuring a high enough quality is delivered by the network
operator, regulation is put in place. The DNO can however still take the role of market
facilitator in combination within a local (retail) energy market, similar to the facilitation of
the wholesale market done by the transmission system operator.

Power Quality

It is important that the voltage at the point of connection is of sufficient quality to ensure its
compatibility with the equipment installed on the customer premises. The voltage quality
can be defined by a number of indicators: harmonic distortion, asymmetry, transients,
frequency level, flicker, voltage swells/dips and steady-state voltage level. The voltage quality
is affected by both the network and the installations present at the customer site. However,
not all these phenomena are considered and should be considered during the design of the
distribution network. Harmonic voltage distortion in the network is induced by non-linear
loads and affected by the harmonic impedance of the network. The mitigation options
to decrease the harmonic distortion are usually either an improvement with respect to the
harmonics currents produced by the load itself or the use of active or passive filters. Both of
these options are applied locally and changes in the network are usually not considered; for
this reason, the harmonics are not considered during the design of the distribution network.
An imbalance between the phases is present, as households loads are mostly single phase
loads. An imbalance arises if the loads are not equally distributed over the three phases. For
the design of the distribution network, the imbalance is not considered as the distribution
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of the load over the phases could be adjusted. The current policy to construct household
connections is to lay the cables for all three phases and only connect the number of phases
required by the customer. Voltage dips and swells are power quality phenomena which
normally only occur during a short-circuit in the network. During the network design,
other requirements like safety and availability are the driving factor which determines the
expected magnitude and duration of dips and swells. The possible increase of RES in
the distribution network can have a positive effect on the magnitude of the voltage dips,
however (in unbundled power systems) the DNO is not allowed to place/operate RES and
has little possibility to maximise the reduction in dip magnitude because of RES. There is
no guideline given for the amount and magnitude of swells in the Dutch network code
and the regulation on dips is limited to voltage levels of 35 kV and higher (though this
will most likely be extended in the coming years). The DNO has thus a very limited
incentive to improve its service with respect to dips, while the social cost may be high.
Transients in the distribution network can be caused by the energising of a cable, capacitor or
transformer or by the customer’s own installations (the most common source of transients,
lightning, is uncommon in distribution networks where all cables are buried). The transient
propagation is dependent on the network design, however as it is not yet known to what
extent transients cause problems and how often these problems occur in the distribution
network, transients are not considered during the design phase of a distribution network.
The frequency is controlled in the transmission network and thus considered a transmission
system operator problem. The main power quality aspect which should be taken into account
when reinforcing the LV-network is the (steady-state) voltage level, therefore this also gains
the focus when assessing the developments in the distribution network.

Social Context

The DNO needs to operate within the context given by its service area. This social
context gives a number of external boundary conditions with respect to the landscape
and the distribution of the customers and with respect to the legislation. Legislation and
governmental policies can determine to a high degree how the distribution network will be
designed. The policies with respect to the built environment in the Netherlands determines
that the assets of the distribution network should be hidden from view, which has resulted
in the burying of almost all the low and medium voltage cables. Legislation with respect
to the environment and safety can for a large part determine whether a certain solution
is feasible or not. The location of the customers is another aspect which for a large part
is given. As the DNO is a monopolist everyone has to be connected if the cost for the
connection is within reason, therefore usually shallow connection cost is applied (only if
the cost becomes uneconomical, the DNO can charge additional money to upgrade other
parts of the network; deep connection cost). The DNO is thus obliged to adjust to the
local geographic characteristics. The DNO is also dependent on the availability of qualified
workers. The amount of work needed for certain network expansion options can differ
greatly and this could have a large influence on whether a certain alternative is viable or not.
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Safety

The distribution of electricity should come with the safe operation of the network for the
DNO as well as for the end-users, this predominantly means the provision of adequate
earthing. For low voltage (LV) networks the TN-earthing (the star point of the transformer
is grounded and a connection is made between this star point and the installation of the
customer) system is utilised in most European countries. This means that the DNO is
responsible for providing an earth connection with a low enough impedance to ensure
safe operation, during phase-to-ground faults. Another aspect of safety with regards to the
distribution network is adequate fault clearing. If there is a short-circuit somewhere in the
network, the current which flows will be large, leading to overheating of the components. To
ensure that these components do not get damaged by the short-circuit current, they roughly
need to be switched off within 5 seconds. As safety has little influence from the perspective
of the loading of the LV-network, it is usually not taken into account when reinforcing the
network.

Market Facilitation

The electricity markets in Europe and much of the developed world are liberalised markets,
where only the distribution and the transmission network operators have a monopoly
position. In order to have a functioning competitive electricity market, power exchange
between producers, suppliers, and end-users should be possible. The distribution and the
transmission network operators facilitate this marketplace by physically connecting these
different market parties. From an end-user perspective, the facilitating of the electricity
market implies the freedom to choose the electricity supplier best suited to their personal
preference. The advantages with respect to supply-demand balancing and economies of
scale have led to the creation of a completely interconnected network within Europe. At
the moment market facilitation for the DNO is limited to measuring the amount of energy
drawn from the LV and MV-networks by end-users. The DNO is a very large user of
electricity (through the energy losses), this in combination with its knowledge of supply
and demand and its possibility to influence the demand of other consumers, gives the DNO
significant market power. To counter the use of its market power the DNO is excluded from
the owning electrical energy production facilities.

2.2 Characterisation of the transition towards a sustainable
energy supply

The transition towards a sustainable energy supply needs to be framed from the perspective
of the long-term adequacy of the LV-network. The main influence of this transition from
an LV-network perspective is on the residential electricity usage. The electrification of
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transportation and heating can shift the energy usage of households away from fossil fuels and
more towards electricity. At the same time, through locally generated renewable energy like
PV, the residential consumers are becoming prosumers. The residential electricity usage is
thus changing significantly through the transition towards a sustainable energy supply, both
in terms of total electrical energy demand, and in terms of the time-varying profiles of this
demand. Ensuring adequate network capacity and power quality are the main requirements
the DNO should focus on to facilitate this transition1. The technologies which have the
most influence on the LV-network are considered to be PV (photovoltaics), EV (electric
vehicles), micro-CHP (micro combined heat and power) and heat pumps. The application
of storage and power electronics within the network can also have a large effect on the LV-
network. The cost of these technologies still inhibits their application in the LV-network and
for the near future is not expected to decrease sufficiently. Storage and power electronics are
therefore not taken into account in this thesis. The technology adoption scenarios of these
technologies are modelled through the use of S-curves:

y =
ymax

1 + e−a(t−t0)
(2.1)

in which ymax is the maximum penetration level, a determines the rate of adoption of
a technology/appliance and t0 is the year in which half of the maximum penetration is
achieved. In this thesis, the values given in Table 2.2 are used for the generation of the
scenarios. The values of these scenarios are based on a number of reports which focus on the
forecasting of one or more of the different scenario elements [7, 8, 9, 10, 11, 12, 13, 14].
This approach is applied for all the scenario drivers. In Table 2.2 an overview of the resulting
scenarios is given.

Table 2.2: Overview of the different parts of a scenario and how they are implemented

High Medium Low
ymax a t0 ymax a t0 ymax a t0

PV 63 0.25 2029 29 0.23 2028 4.6 0.15 2027
EV 84 0.25 2031 33 0.23 2031 7.2 0.18 2028
Heat pump 46 0.31 2034 5.2 0.31 2034 0.1 0.29 2033
micro-CHP 9.7 0.24 2031 2.7 0.24 2030 0.2 0.023 2031

Next to the increasing application of new technologies for heating, transportation, and self-
generation of electricity, the residential load is also expected to change irrespective of the
transition towards a sustainable energy system. This standard change in residential electricity

1A detailed discussion of the effects of the transition towards a sustainable energy system appendix can be found
in A.1 and in the publication :
M. Nijhuis, M. Gibescu and J.F.G. Cobben, “Assessment of the impacts of the renewable energy and ICT driven
energy transition on distribution networks”, Renewable and Sustainable Energy Reviews, vol. 52, pp. 1003-1014,
Dec 2015
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usage should also be incorporated by the use of scenarios. Scenarios on the economic growth
[15] and the change in efficiency of different groups of appliances (e.g. electronics, heating
loads, etc.) [16] are also used. This leads to the scenarios for the individual drivers as depicted
in Fig.2.5. These scenarios all have an effect on the household load. In the next chapter, in
section 3.2.1, the method for implementing these scenarios into a household load model is
discussed. In the remainder of this thesis, various combinations of these individual scenarios
will be used to estimate the long-term load evolution.
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Figure 2.5: Overview of the individual scenarios used in this thesis

2.3 Conclusions

The most important technical characteristics of the LV-network include the radial structure
with a high R/X ratio. The loads connected to the LV-network consist mostly of households,
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which have a high load volatility. The change in the household load, through the
electrification of transportation in combination with locally generated renewable energy like
PV, can be considered the main change the transition towards a sustainable energy supply
brings to the LV-network. The power quality and the capacity of the LV-network are the
requirements that are affected the most through these changes in the residential load.



3
Residential Load Modelling for

LV-Network Assessment

One of the most important inputs for the planning of LV-networks is the household load.
LV-networks consist mostly of residential consumers. In the Netherlands, 94.6% of the
connections are household connections1, the other 5.4% are mainly small and medium-
sized businesses. These residential loads are all connected to the current infrastructure.
Changes in this infrastructure due to the building of new neighbourhoods is a small aspect
of the developments within the LV-network. In most developed countries the renewal of
the building stock tends to be quite low. For instance in the Netherlands on average the
building of brand new dwellings only consists of 0.006% of the total building stock. The
assessment of the LV-network would thus mainly be based on the reinforcement of the
current infrastructure and not based on any expansion plans. To determine whether the

This chapter is based on the following publications:
M. Nijhuis, M. Gibescu and J.F.G. Cobben, “Bottom-up Markov Chain Monte Carlo approach for scenario based
residential load modelling with publicly available data”, Energy and Buildings, vol. 112, pp. 121-129, Jan 2016
M. Nijhuis, R. Bernards M. Gibescu and J.F.G. Cobben, “Stochastic Household Load Modelling From a Smart
Grid Planning Perspective”, in EnergyCon, April 2016
M. Nijhuis, B.M.J. Vonk, M. Gibescu, J.F.G. Cobben and J.G. Slootweg, “Assessment of Probabilistic Methods for
Simulating Household Load Patterns in Distribution Grids”, in International Conference and Exhibition on Electricity
Distribution (CIRED), June 2015

1Based on data Liander LV-connections in Gelderland, 2010, and a number of households in Gelderland [17]
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current LV-network remains adequate for the coming years it is essential that the change in
the loading of the network elements and thus the change in the residential load is adequately
modelled.

Modelling of the current and future household load remains necessary for the assessment of
the LV-network. Though in the coming years every household will be equipped with a smart
meter, which can send data about the household load profile to the DNO, the modelling
of the household is still required for two reasons. First of all, the household load is very
dependent on the behaviour of the members of the household. Similar households with
similar economic backgrounds, household sizes, ages and dwelling size and type can have
widely varying energy usage2. Through this dependence, changes in the occupants of a
dwelling can have large effects on the adequacy of the LV network. Secondly, investments in
the low voltage network are done based on investment horizons of 40 years or even longer.
The assessment of the loading of the LV network solely based on current measurements
would be insufficient, since the network should remain adequate for the foreseeable future
as well.

The modelling of the residential load can be performed in multiple ways with multiple levels
of accuracy and aggregation depending on the analysis which needs to be performed on the
LV network. Detailed modelling can generate a more accurate picture of the loading of
the LV network, however, a detailed model would require more computational power. To
develop models which can balance accuracy and computational complexity it is important
to define the requirements for the modelling of the household load based on the type of
analysis which has to be performed in the LV-network. Based on these requirements, the
modelling of the household can be discussed in more detail, followed by a description of the
approach adopted for the modelling of the household loads in this thesis. Next, a detailed
model will be defined followed by simplifications which can generate more computationally
efficient residential load modelling.

3.1 Requirements for the modelling of household load

To determine how the residential load should be modelled, first of all, the requirements
which arise from the subsequent analysis of the LV-network should be defined. Currently,
the household load is modelled as a peak power consumed and a peak power produced per
household, in combination with a coincidence factor. To obtain the load at some point
in the future the current load is multiplied with a constant growth factor [19]. For the
current expansion/reinforcement strategy, consisting of applying larger diameter cables, new
LV-feeders or new MV/LV substations, this method remains sufficient.

With the advances in ICT, storage technology and power electronics, new options become

2Within the same neighbourhood the average yearly energy use can have a standard deviation of 2.8 MWh with
a mean of 2.2 MWh [18]
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available to ensure adequate network operation without using conventional network
reinforcement options. These so-called smart grid alternatives require a different kind of
load modelling. Next to the changes in reinforcement options, also the uncertainty about
the future loading of the network is large. The pace of implementation of technologies like
EV and PV can have large effects on the loading of the LV-network. This cannot be captured
by the use of a constant load growth rate.

In light of these changes, the requirements with respect to the modelling of the residential
load have to be redefined. In order to define the requirements, first of all the statistical
properties of the residential load will be evaluated in more detail. Next, the implementation
of future changes in the loading is discussed, followed by a discussion of the computational
requirements which stem from the different kinds of analysis which have to be performed
on the LV-network.

3.1.1The residential load curve

A model of the residential load should generate load curves for households which resemble
the actual load curves as much as possible. Depending on the purpose of the residential
load model, the requirements may differ. For instance when it comes to transformer sizing
only the aggregated amount of household load is of importance, while when it comes to
assessing the voltage limitations within the network, the load during the peak hours at each
household becomes important, while for assessing the possibilities of load shifting, a time
series would be required. To determine how these different requirements can be introduced
in the modelling of the household load, a closer look needs to be taken at the properties of
the household load.

To illustrate the statistical properties of the household load curve, the probability density
function of the load, measured with a fifteen-minute resolution during a 24-hour weekday,
based on a data set from 200 smart meters is depicted in Fig. 3.1.

In the figure the loads are truncated at 4 kW, however the maximum values for each time
step are between the 6 and 8 kW. From the figure, it can be seen that during the night the
load is more homogeneous compared to the rest of the day. During the peak hours of the
residential load (from 5PM to 9PM) there is a clear increase in the high percentiles (max,
99th, 95th 75th), while the low percentiles (min, 1th, 5th 25th) remain constant. In order to
model the residential load from a network planning perspective, the load during peak hours
is the most important for the sizing of the network. The larger variance during these peak
hours should be considered if one wants to model the chance of voltage violations within
the LV-network.

Another important property of the household load to examine is the autocorrelation of the
household load curve. The autocorrelation for each of the measured load curves of 200
households is calculated. On average the loading of a household only shows a significant
autocorrelation within the first four hours and at 24 hours time lags (the predictable daily
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Figure 3.1: The probability density function and the mean of 200 household load measurements
throughout a summer day, truncated at 4 kW

cycle). For the modelling of the load curve time series, this correlation should be preserved.

Lastly, the correlation between different households in the same neighbourhood is computed.
This gives an indication of the level of dependence between the electricity consumption of
two households. The correlation for the entire day was 0.258 with a p-value of 0.01, while if
only the correlation at the evening peak hours (from 18 to 20) is considered the correlation
coefficient drops to 0.012 with a p-value of 0.37 and to 0.014 with a p-value of 0.45 for
the morning hours (from 7 to 9). Thus the households tend to follow a somewhat similar
pattern on a daily level, while if only a small time frame is considered the household load
curves become almost completely independent.

3.1.2 Scenario implementation

The residential load can be modelled based on the average load on the national scale.
However, this only gives a rough estimation, since the residential load will be different
depending on the local conditions and as time goes by. To be able to model the residential
load, these alterations within the residential load should also be taken into account. In
addition, the local context can have a profound effect on the residential load. The most
important indicators for the residential load are the income, number and age of the
household members, and the dwelling size of a household. To be able to model the
residential load accurately, these parameters should be introduced within the modelling.
These parameters are usually not known on the individual connection level but can be
estimated for a single household depending on the statistics of the neighbourhood.

For the modelling of the residential load for network planning purposes the household
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load curve should not just be generated for the present moment in time, but also for the
coming 40 years. This would require the forecasting of the household load. The forecasting
of developments on such time scales is usually done based on scenario assessment. The
modelling of the household load should thus also be capable of dealing with the inputs from
various scenario studies. The changes in the household load are mainly introduced by two
different factors: changes within the appliances present in the household and changes in
appliance usage. The drivers for these changes are however harder to completely define, as
not only technological changes will have an effect, but also economic advancement and
societal changes. This makes the forecasting of the household load curve an extremely
difficult task. The implementation of many different kinds of scenarios is thus required
to be able to generate a family of household load curves over the coming years.

3.1.3Computational implications

The residential load can be modelled with a high level of detail, creating complete time
series at all connection points, for the coming forty years with many different scenarios.
Depending on the analysis, however, this can be an overload of information. The LV-
network in the Netherlands consists of more than 200.000 km cable with about 8 million
connections. To assess a network of this size, a detailed model of the household load is not
always needed as the detail of the analysis is limited by computational requirements. The
modelling of the residential loads needs to be adjusted for the goals of the subsequent analysis.
To ensure that the results of the different kinds of analysis still stack up, the modelling of
the residential load should be based on a common framework. This is further elaborated in
the next section.

3.2 Residential load modelling

With the modelling requirements defined, these requirements can be used to build a
residential load model. The requirements can, however differ significantly depending on the
level of detail of the analysis for which the residential load is needed. To generate comparable
results for both general and more detailed analyses, it is preferable that the residential load
modelling is based on the same input data. In order to do this, first, a detailed model for
the residential load will be defined. For this model, simplifications will be discussed which
can generate different sets of input data which meet the requirements for the less extensive
LV-network assessments.

3.2.1Detailed Load Modelling

To generate a detailed model of the household load with similar probabilistic properties to
measure data, a bottom-up approach is applied. When it comes to modelling the household
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load basically four types of approaches can be applied: Top-down models; which focus on
the loading of MV/LV transformers and generate load curves based on this aggregation level
[20], bottom-up methods which employ statistical time use data to construct load profiles
[21], constructing load curves based on smart meter data [22][23] and machine learning
approaches [24][25]. For this thesis, the use of a bottom-up approach is preferred, as it
is hard to implement scenarios in machine learning approaches, while top-down models
tend to perform better at the MV/LV transformer aggregate level while lacking accuracy on
the individual household level. The detailed modelling through a bottom-up approach is
discussed in the next subsection. Afterwards, it is shown how scenarios can be implemented
in the proposed load modelling appoach3.

Bottom-up modelling

In a bottom-up residential load modelling approach each appliance in the household, as well
as the behaviour of each resident, are modelled. Depending on whether household members
are active, the time of the day and the appliances active in the previous time period, the
switching on or off of appliances may occur with certain probabilities. In order to model
this, a Markov Chain approach is utilised.

Time use surveys (conducted in the Netherlands), in which people note down on a 15-
minute basis, how they are spending their time are used to generate the behaviour of the
members of the household. The occupancy of the household is the most important factor
which is determined from the time use data 4, as occupancy is the main driver for energy
usage. The modelling of the occupancy is done based on a Markov Chain approach. In
this approach, transition matrices are used to determine whether the state of an occupant
in the household changes, whether he/she becomes active or inactive (not present in the
household or asleep). The transition matrices are created by using logistic regression on the
time use survey data, which are categorised depending on the household size and the age of
the household members. The occupancy is modelled with the same resolution as the time use
surveys, i.e. on a 15-minute basis for each household. The time series of the occupancy with
a 15-minute time step is subsequently interpolated to form a time series with a 1-minute
time step.

Next to the occupancy, a similar approach is used to compute transition probability matrices
for activities which can be directly linked to the usage of a certain appliance (i.e. watching
TV). With the occupancy of the household known, the appliances in the household need to
be modelled. First, the appliances are distributed over the households. The households are
characterised based on the average level of income of the neighbourhood and the number

3For a detailed discussion on the household load model the paper M. Nijhuis, M. Gibescu and J.F.G. Cobben,
“Bottom-up Markov Chain Monte Carlo approach for scenario based residential load modelling with publicly
available data”, Energy and Buildings, vol. 112, pp. 121-129, Jan 2016 can be consulted in Appendix A.2

4Sociaal en Cultureel Planbureau (SCP); Centraal Bureau voor de Statistiek (CBS) (2011): Tijdsbestedingson-
derzoek 2011 - TBO 2011 v2. DANS. https://doi.org/10.17026/dans-zmp-jj2x
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of household members, as these factors are the main factors which determine the number
of appliances present [26]. For the allocation of appliances to a household, statistics on the
penetration levels and the amount of appliances per household type (size and income) are
used and normal distributions for these variables are assumed.

The appliances are divided into eight types: base-load, night load, heating and cooling loads,
lighting, activity-linked loads, EV, PV and general loads. Based on the type of appliance, a
different simulation approach is chosen:

Base-load (e.g. fridge) can be modelled independently of all external inputs, as these
appliances are continuously turned on or are switched on and off with little user interference.
The energy use of these appliances is thus modelled as constant or variable switched energy
usage.

Night load (e.g. electric boilers, dishwashers) consist of loads which usually only run at night
(or during off-peak hours). Depending on the occupancy level on the day, the appliances
start to switch on after 21:00 with a probability based on an exponential distribution.

Heating and cooling loads (e.g. electric heating) are dependent on the weather conditions
and the occupancy. The main weather conditions which influence the use of these loads
are the outside temperature and the wind speed. To evaluate how much heating energy is
required, data from the allocation process in the Dutch gas sector is used. The gas use in
this approach is dependent on the wind speed adjusted temperature and is converted to a
required heat to be delivered to the household. This data is combined with the occupancy
in order to generate a lower heating demand when the household has no active occupants.
The cooling loads are modelled based on the same approach, only the relation between the
wind speed adjusted temperature and the cooling load is estimated based on measurements
from AC systems.

Lighting is for the most part only used when the irradiance is low (< 60W/m2). The
conversion of the irradiance values to energy use is based on the number of active occupants
in the household. The number of lights present in the household is dependent on dwelling
size.

EV is modelled based on the occupancy in combination with driving distance data. When
there is a change in occupancy there is a chance the EV will arrive at or leave the household.
After the EV has arrived at the household, the decrease in EV state of charge is estimated
from the distribution of the driving distances. 5

PV is simply assumed to be a function of the irradiance, with the angles of the PV-panel
taken into account in the conversion from irradiance to PV output power.

Activity-linked loads (e.g. TV) can be seen as loads which have a direct relation to behaviour
5More details on the modelling of the PV and EV can be found in: G. Ye, M. Nijhuis, V. Cuk, and J. F. G.

Cobben, “Stochastic Residential Harmonic Source Modeling for Grid Impact Studies,” Energies, vol. 10, no. 3,
2017.
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(e.g. cooking, watching TV, etc.) reported in the time use surveys. The underlying patterns
of behaviour are dependent on many variables, however as only the resulting energy use
is of interest, the appliances are modelled with a Markov Chain, with transition matrices
generated through logistic regression of the time use data.

General loads (e.g. water-cooker) are loads which have no clear link to behaviour reported
in the time use survey but can only be turned on when occupants are active. These loads have
a chance to switch on depending on the yearly average reported usage time of the appliance.

The total household load can be constructed by adding all the appliance loads together.

Scenario implementation

One of the main aspects of a residential load model which is suitable to be used in the
assessment of the LV-network is the modelling of future load changes. In order to achieve
this, scenarios on drivers which can have a significant effect on the household load should
be implementable within the residential load model. These individual scenarios on the
main drivers of the long-term evolution of the household load have been discussed in 2.2.
The drivers on the household load can be split into two categories, socio-demographic and
technological changes. Through altering the inputs of the bottom-up load model, both these
types of scenarios can be implemented.

Technological changes, like the adoption of new technologies and the changes in appliance
ratings, can be introduced by changing the appliances which are present in the household.
This is done in the modelling by half yearly updating the appliances within the households.
Depending on the wealth of the household, the owners will replace old appliances with
appliances with changed ratings and/or new appliances will be introduced at the household
and/or old appliances will be retired, depending on the scenarios.

The socio-demographic changes need to be introduced differently. General changes in
behaviour (i.e. the increase in working from home) can be introduced by changing the
probability of occupants switching from inactive to active, or by changing the overall
probability that an occupant will switch a certain appliance on or off. Changes in more
demographic parameters (i.e. age and household size) can be introduced by changing the
input parameters for the assignment of appliances to the household.

The whole household load generation procedure is illustrated in Figure 3.2.

3.2.2 Load Modelling Simplifications

With the bottom-up Markov Chain model, a 1-minute time series of the residential load
can be defined for each individual household and for many scenarios. To evaluate all these
different load curves would be computationally expensive. An analysis which takes into
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Figure 3.2: Approach for the creation of the residential load curve

account a lot of scenarios or many individual LV-feeders is not feasible to be performed
using a residential load with this level of detail. Therefore simplifications have to be defined
in order to allow for these analyses. Depending on the requirements of the analysis, different
simplification methods have to be employed. The clustering of load curves can be applied
when the time dependency within models is important, and the use of Gaussian mixture
distributions can be applied for peak load estimates.

Clustering of load curves

When examining the effects of load shifting on the network, the time dependency of the
load is of importance. For the assessment of the benefits of load shifting, optimisation of
each load curve is required to obtain a realistic estimate of the resulting load curves. From
a network planning perspective, many different distributions of the household load have to
be assessed to generate adequate insight into the risk levels encountered within the network
planning process. The assessment of the network based on each possible household load
curve individually would become computationally too intensive. The number of load curves
should be reduced while the time dependency should remain intact. In order to do this, a
clustering approach can be used to generate a set of typical load curves. By performing a
fuzzy k-means clustering, the number of load curves can be reduced from 200 to just 5 load
curves without compromising too much on the accuracy of the results 6. The probability of

6For a more detailed explanation please see: M. Nijhuis, R. Bernards M. Gibescu and J.F.G. Cobben, “Stochastic
Household Load Modelling From a Smart Grid Planning Perspective”, in EnergyCon, April 2016
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a certain load curve occurring can be discerned from the clustering approach, allowing for a
correct assessment of the risks within the LV-network.

Gaussian mixture estimation of loads

Certain technologies, like PV, can have a large effect on the adequacy of the network. It
may, therefore, be interesting to assess at which level of penetration for a single technology
the chance of overloading or over- or under-voltages becomes large enough to warrant new
investments. To assess the effect of specific drivers on the LV-network, the load can be
modelled based on a Gaussian mixture distribution. In Chapter 4 the advantages of the
use of loads modelled through a Gaussian mixture distribution are discussed. The Gaussian
mixture distribution is given by:

f(x) =

K∑
k=1

ωk
1√
2πσ2

k

e
− (x−µk)

2

2σ2
k

0 ≤ ωk ≤ 1 and
∑

ωk = 1

(3.1)

where K is the number of components in the mixture, ωk is the weight, σk the standard
deviation and µk the mean of the k-th component. The Gaussian mixture can only be used
for a certain time step in the load profile, therefore it is important to first determine the time
of interest with respect to the expected effects of the driver in question. The Gaussian mixture
distribution is estimated for the initial values calculated with the MCMC method f(x)0 at
the current time and also with a 100% penetration rate of the specific appliance f(x)100. The
EM algorithm is applied, using a two-step iterative approach to find the maximum likelihood
for the parameters of the two Gaussian mixture models. Assuming a Gaussian mixture
model with K components with the weights ωk and component distributions pk(xi|θk),
the likelihood is given by:

L(Θ|X) =

N∏
i=1

K∑
k=1

ωkpk(xi|θk) (3.2)

with N being the number of observations of the empirical data X and θk a vector consisting
of the parameters for the normal distribution θk = {µk, σk}. The maximum likelihood
estimate arg maxΘ L(Θ|X) cannot be determined analytically. The EM algorithm interprets
the dataX as incomplete and adds a binary vectorY . This vector indicates which observation
of X belongs to which component in the Gaussian mixture. This vector Y is determined by
using a K-means clustering approach. This results in the following likelihood:

L(Θ|X,Y ) =

N∏
i=1

K∑
k=1

yk,iωkpk(xi|θk) (3.3)
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Figure 3.3: A Gaussian mixture estimate of the household peak load

The EM algorithm first step is to find the expected value of the complete likelihood given
the parametrisation in the previous time step Θp−1 through the Q-function:

Q(Θ,Θp−1) = E[log p(Θ|X,Y )|(Y,Θp−1)] (3.4)

The next step is the maximisation of the expectation of the previous step Θp =
arg maxΘ Q(Θ,Θp−1). By iteration of this algorithm, the Gaussian mixture distribution
can be defined for both the f(x)0 and f(x)100 distributions. The following Gaussian
mixture distribution can be constructed by combining the two distributions:

f(x) = (1− p)

K0∑
k=1

ω0,kN0,k[µ, σ] + p

K100∑
l=1

ω100,lN100,l[µ, σ] (3.5)

where p is the penetration rate of the appliance of interest. By applying this approach, a
detailed analysis of the effects of the penetration ratio for a single device/technology can be
conducted. 7.

An example of the resulting Gaussian mixture distribution of the household load is shown
in Fig. 3.3. The main difference between the household during peak hours as measured
by smart meter data and the Gaussian mixture estimate is in the loads which are close to
zero. As the Gaussian distribution is a continuous distribution, loads close to zero and even
negative loads can occur when estimating the household load through a Gaussian mixture
distribution. For the analysis of the household load, this is generally no problem due to the
very low associated probabilities; if it does lead to problems, then truncation can be applied
to the individual components or the complete mixture distribution.

7For a case study see Appendix A.4
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3.3 Conclusions

The modelling of the residential load is essential to be able to perform various types of
analyses on the LV-network. To generate a detailed model for the household load in
which future scenarios and different local conditions can be implemented, a bottom-up
Markov Chain approach should be used. A detailed model has been defined based on
time use surveys. In this model, scenarios can be implemented by dynamically updating
the appliances present in the household, and by changing the socio-demographic inputs
which govern these appliances within the household. As the detailed model generates
household load curves with a 1-minute time resolution, simplifications have to be defined to
be able to use these household load curves for computationally more extensive LV-network
studies. The use of a clustering approach can generate generic times series of the household
load curves, while the use of Gaussian mixture distributions can be used for peak loading
assessments. With these simplifications, the bottom-up Markov Chain residential load
modelling approach can be used as a starting point for most types of LV-network analyses.



4
The Assessment of the LV-network

With an approach for modelling the household load for the coming years in hand, the other
main component which should be modelled in order to be able to assess the LV-network, is
the LV-network itself. The modelling of the low-voltage distribution network can be done
on many scales and at different levels of detail. Depending on the goal of the network
analysis, the level of detail should be chosen. When it comes to the long-term adequacy
of the LV-network, detailed modelling is usually not employed. The level of uncertainty
in the loading of the network is so large, that it outweighs the errors introduced by the
non-perfect modelling of the network itself. A simple single-phase equivalent circuit already
offers enough detail for the assessment of most LV-network planning related problems. More
detailed modelling to include, for instance, the imbalance between the phases or the thermal
properties of the components can be of significant value when assessing an LV-network.
These types of modelling require however detailed information on the distribution of the load
per phase, or the soil conditions. When facing operation problems at a specific location, this
information can be acquired, but in a more broad assessment of the adequacy of the (future)

This chapter is based on the following publications:
M. Nijhuis, M. Gibescu and J.F.G. Cobben, “Gaussian mixture based probabilistic load flow for LV-network
planning”, IEEE Transaction on Power Systems, 2017 (in press)
M. Nijhuis, M. Gibescu and J.F.G. Cobben, “Risk-Based Framework for the Planning of LV-Networks
Incorporating Severe Uncertainty”, IET Generation, Transmission & Distribution, vol. 11(2), pp. 419-426, 2017
M. Nijhuis, M. Gibescu and J.F.G. Cobben, “Clustering of Low Voltage Feeders From a Network Planning
Perspective”, in International Conference and Exhibition on Electricity Distribution (CIRED), June 2015
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LV-network, these data cannot be determined with sufficient accuracy.

The main difficulty when it comes to modelling the LV-network for the long-term assessment
of its adequacy is the sheer size of the network. In the Netherlands, the LV-network consists
of over 120 000 MV/LV substations with over 300 000 LV-feeders connected to them. These
300 000 feeders connect to a total of over 8 000 000 LV-consumers. To model this entire
system is infeasible from a computational point of view. The modelling of the LV-network
should, therefore, be based on a generalised network structure, or the modelling should
only represent a small part of the network. In other to arrive at a representative model for
the entire LV-network, a clustering approach can be applied to the network data. This is
elaborated upon in section 4.1.

Next to the modelling of the LV-network, other important questions to be answered are:
which metrics are important to measure the adequacy of a network and how should these
metrics be calculated. As stated in section 2.1.2 there are multiple requirements for the
distribution network, however, not all of these requirements are affected by the anticipated
changes in the loading or the structure of the LV-network. Next to this, the requirements
as stated in section 2.1.2 should be quantified to assist with the analysis of the LV-network.
As this will result in multiple indicators for the network, these indicators are subsequently
compounded into a single “risk” score for a given part of the LV-network.

The main method of analysing a distribution network is by using load flow calculations. The
uncertainty about the loading of the LV-network is, however high. Hence, a deterministic
approach with respect to the LV-network analysis can generate an unrealistic picture of
the actual risks within an LV-network. The LV-network does have some characteristics (as
described in section 2.1.1) which would allow for a fast calculation of the probability density
functions of the branch currents and bus voltages. An approach to the calculation of this
probabilistic load flow is given in the last section of this chapter.

4.1 LV-network modelling

The total electricity grid in the Netherlands alone consists already of over 300 000 km of cable
and 8 000 000 connections. To analyse this complete network in one go is, through the sheer
size of the network alone, already computationally very intensive. The network is therefore
often cut up into smaller pieces to allow for an adequate analysis of the sub-networks. The
LV-network can be partitioned into the sub-networks behind each MV/LV substation, or
into the individual feeders connected to the MV/LV substation. This makes the network
under focus small enough to be analysed quickly, however, the number of networks which
have to be evaluated has risen now to over 150 000 sub-networks emanating from each
MV/LV substation, or over 600 000 LV-feeders. The analysis of these individual networks
can be feasible only for very simple network calculations. If one, for instance, wants to
assess the performance of the LV-network over many different scenarios, the problem quickly
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becomes computationally too intensive. Therefore, a clustering approach has been developed
in order to reduce the number of LV-feeders which have to be assessed. Next to using a
reduced network based on generic LV-feeders, the analysis of the whole LV-network can still
provide useful insights. How this network can be modelled is discussed after the network
reduction section.

4.1.1Network reduction

The generation of a reduced LV-network from the complete network is discussed in this
section. The generation of this reduced network is necessary from a computational point of
view. To be able to design a good method for the reduction of the network, the subsequent
analysis should be taken into account. Depending on how the reduced network is analysed,
the method for creating the reduced network can differ. When it comes to the analysis of
the reduced network, there are a number of important aspects which should be taken into
account. First of all the results from the reduced network should be able to be reliably scaled
up towards the complete network, to ensure the results from the reduced network carry
meaning on a bigger scale. Secondly, the analysis of the network will often be based on
load flow calculations, therefore a load flow calculation performed on the reduced network
should give a result similar to the calculation of the load flow on the larger network. Taking
both these aspects into account, a network reduction approach needs to be employed. The
characterisation and clustering of electrical networks have previously been studied. For the
evaluation of reliability and susceptibility to threats, clustering based on graph theory is
already being used, especially for the transmission network [27, 28, 29]. In [30] a small
number of networks are defined, based on the length of the feeder, the number of connected
customers and the number of branches. Though some analysis can be performed on these
representative networks, they are not classified based on enough detail to be usable for
network planning. A more extensive approach is required to be able to create generic LV-
feeders with a strong relation to the existing LV-networks. In this thesis, fuzzy k-medians
clustering approach is applied to generate generic LV-feeders. 1 The approach is based on the
main network parameters: impedances, cable lengths, number of branches and branch depth
and the number and type of connected customers. These parameters are combined with
the graph theory concepts of degree distribution, sequence and the centrality of the power,
impedance and length. By using these parameters, representative feeders can be rebuilt from
the cluster centres which would represent the structure and loading of the original feeders.

This network clustering approach has been applied to the LV-network of Liander, a Dutch
DNO. This resulted in 94 generic LV-feeders, which can be used as a representative set of LV-
feeders for the entire network. The network for a single MV/LV substations can be built from
these generic LV-feeders. The LV-feeders in this generic set are chosen based on the cluster

1For a detailed discussion on the network clustering the paper M. Nijhuis, M. Gibescu and J.F.G. Cobben,
“Clustering of Low Voltage Feeders From a Network Planning Perspective”, in International Conference and
Exhibition on Electricity Distribution (CIRED), June 2015 can be consulted in Appendix A.3



34 Chapter 4: The Assessment of the LV-network

0.9

Mean

Standard
deviation

0.990

Maximum 
Average

0.011 0.012

0.2%
0.08%

Di erence between the mean of 
a cluster and its members

Generic Original

0.990

0.92 0.94 0.96 0.98 1

Generic

Original

Voltage [p.u.]
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centres of the k-medians clustering approach. The LV-feeder with the smallest Euclidean
distance to the cluster centre is chosen as a generic LV-feeder for that specific cluster. For a
complete set of LV-feeder characteristics Appendix B can be consulted.

Whether the clustering approach yields a set of LV-feeders comparable to the original set
in terms of voltage profiles still needs to be tested. This is done by comparing the resulting
voltages from load flow calculations on both the original set of LV-feeders, as well as the set of
generic LV-feeders. Fig. 4.1 has been created for the sake of this comparison. On the left side
of the figure, the mean and standard deviation of the original and the generic LV-feeders are
shown, as well as, the maximum and average deviation of the mean voltage level between the
generic and complete set of LV-feeders. Both of these measures show a good fit with errors
in the mean voltage being less than 0.5%. On the right hand side of Fig. 4.1 the kernel
smoothing density estimate of the distribution of voltages from the original and the generic
set of LV-feeders is shown. As the generic set only has a limited number of measurements
(94) compared to the total set of LV-feeders (88 000) the distribution of the voltages of the
generic is less smooth. The general shape of both distributions is however similar, showing
that the clustering approach can be applied to generate a set of generic feeders with similar
voltage profiles as the original LV-feeder set.

4.1.2 Full network analysis

Information on the complete LV-network is often of interest when we want to generate an
overview of the status of the network. Depending on what the desired output is, two basic
approaches to the analysis of the LV-network can be applied. First of all the generic LV-
feeders as defined in the previous subsection can be used to represent the network. This
approach will generate a detailed analysis of the LV-network which remains computationally
feasible. Another approach is to use a simple set of indicators to evaluate the network. For
the LV-network design, the most stringent requirements are related to the PE-conductor
voltage rise (touch safety) and fast voltage fluctuations [31]. The adequacy of the LV-network
with respect to these two requirements can be estimated directly based on the network
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characteristics rather than by performing extensive load flow calculations. By looking at
the impedance at the point of connection, an indication of the number of fast voltage
fluctuations can be obtained. By looking at the maximum impedance in combination with
the fuse ratings, the PE voltage rise can be estimated, in this way an estimation of the
adequacy of the entire LV-network can be determined with respect to these two requirements
[32].

4.2 LV-network metrics

When analysing the LV-network, next to the method used in the analysis itself, also the
metrics which are assessed during the analysis are of importance. In this section, a closer
look will be taken at these metrics, based on the requirements for the LV-network as defined
in section 2.1.2. The main requirements which are affected by the transition towards a
sustainable energy supply are given as: the LV-network capacity, the network losses (as the
main indicator of the operating cost), the voltage level (as main power quality indicator) and
the availability of the network. How these requirements can be assessed will be discussed
in this section. To facilitate the analysis of the LV-network, the main essence of these
requirements will be compounded into a single risk indicator for the LV-network.

4.2.1Capacity

The capacity of the cables and transformers in the LV-network is one of the main
requirements. The capacity of these components is limited by their thermal limits. A current
higher than the rated current will, in time, heat up the component to unsustainable levels
(usually these temperatures indicate that the insulation may start to melt). To accurately
assess the capacity of the cables and transformers, the temperature of these components
should be modelled. Modelling the component temperature would require the calculation
of load flows in a time series set-up, as the thermal processes can take multiple hours to
stabilise. For very detailed analysis, or when needing to make operational decisions, assessing
the capacity from a thermal point of view makes sense. From a planning point of view,
the requirement of performing a time-series analysis in combination with the differential
equations for the temperature would be excessive from a computational perspective. The
use of the rated values of the components in combination with a few snapshots during peak
hours makes more sense. The assessment of the rated values can be extended to allow for
a certain percentage of intervals which exceed these rated values, as it can be assumed they
would not lead to breaches of the thermal limits.
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4.2.2 Losses

The losses in the LV-network represent the largest part of the operational cost and the carbon
footprint of the DNO. Though this cost will keep rising if the loading of the network
increases, the losses are generally not considered when assessing the adequacy of an LV-
network. When building a new LV-network the cost of the losses are considered, as they can
differ significantly for different network designs and the cost of the losses is comparable to
the cost of the cables over their lifetime. The losses are generally assessed through load flow
calculations. For optimisation purposes, the losses need to be estimated to avoid calculating
the probabilistic load flow at many time intervals. This can be done through the use of a
network equivalent impedance, based on the number of connections, the location of the
connections and the impedance at the point of connection [33].

4.2.3 Voltage level

The voltage level in the LV-network is limited to Un = 1± 0.1[p.u.]. In order to calculate
the voltage at the nodes within the network, the load flow equations for a given set of node
injections and withdrawals need to be solved. As the voltage deviation is dependent on where
the highly loaded buses are in the network, the network should be assessed in a probabilistic
manner. If the largest nodes are close to the substation, the voltage drop will be small,
however, if they are far from the substation, then the drop will be high. The combination
of loads can thus play an important role in the voltage deviations experienced in the LV-
network. The use of a probabilistic load flow to assess the voltage levels within the LV-
network should, therefore, be employed. In practice, a more stringent limit than the ±10%
is usually employed in the LV-network. The main reason for this is that a voltage deviation
from the MV-network will propagate to the LV-network, as on-load tap changers are usually
not installed at MV/LV transformers. If the MV-network is not taken into account, the
limits of ±5% are therefore often used to assess the LV-network. This is the approach taken
in this thesis.

4.2.4 Availability

The availability of the LV-network is usually assessed as the amount of time the LV-network
voltage at a customer connection point is interrupted. The detrimental effects of an
interruption depend on a number of factors. With the time of day, the duration and the
frequency of an interruption being the most important ones. In the LV-network the main
cause of an interruption is an interruption at the MV-level. The damage for the consumers
should still be taken into account when assessing the expansion or creation of an LV-network.
The damage to consumers can be assessed in multiple ways. The main ways are accounting for
the minutes lost or the amount of lost load. The amount of lost load is more difficult to take
into account. the stochastic nature of the load makes a prediction of how much power is lost
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if an interruption happens hard to estimate. Next to this, the availability of the LV-network
needs to be assessed over long time horizons and the current loading situation will most
likely change within this time horizon. For the assessment of the availability, the customer
minutes lost are therefore used. Assessing these minutes lost only makes sense as the network
structure changes, or when the average age of asset replacement needs to be determined. For
these reasons, availability is not taken into account in the risk level definition below.

4.2.5 Risk levels

Based on the assessment of various requirements of the LV-network, a risk level for the
LV-network is defined. This risk level represents the chance the LV-network would not
be able to handle the changes introduced by the transition towards a sustainable energy
supply. The two main requirements to assess the future tenability of the LV-network are the
capacity and the voltage levels. As there is a large uncertainty about the actual loading of the
network, the requirements should not be assessed in a deterministic way, but rather based
on the distribution of possible loading situations for a single scenario and a single step in
time. As the capacity is based on the thermal limits, overloading for a small amount of time
should only add very limited risk. By contrast, even temporary overvoltages can quickly
cause damage within the installation of a consumer, therefore a more stringent approach
with respect to the voltage levels is chosen. This leads to the following definition of the risk
within the LV-network [34]:

Risk =

N∑
n=1



1
N , if V5th ≤ 0.95 ∨ V95th ≥ 1.05

∨ S99th ≥ 1.2
0.2
N , if V1st ≤ 0.95 ∨ V99th ≥ 1.05

∨ S95th ≥ 1
0.05
N , if Vmin ≤ 0.95 ∨ Vmax ≥ 1.05

∨ S99th ≥ 1

0, otherwise

(4.1)

wheren is a single sample for the result of the probabilistic load flow,N is the total number of
samples, Vmax, V99th , V95th , V5th , V1st and Vmin, the maximum, 99th, 95th, 5th and 1st

percentile and minimum voltage value respectively, and similar for the component’s apparent
power loading S. With this risk level, the adequacy of the LV-network with respect to the
changes introduced by the transition towards a sustainable energy supply can be combined
into a single number.
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4.3 LV-Network analysis

Next to the modelling of the LV-network, the methods to quantitatively analyse the network
to gain more insight into the metrics which determine the adequacy of the LV-network,
should be assessed as well. The most common way of analysing the LV-network is through
the use of load flow calculations, to obtain the voltages and currents within the LV-network
for various network conditions. The uncertainties within the LV-network require a less
deterministic way of analysing the LV-network. The standard probabilistic load flow can
be altered to a variant which makes use of the characteristics of the LV-network to allow
for fast computation of the voltages and currents as probability density functions. This is
discussed in more detail in the first subsection. Next to obtaining the probability density
function of the output variables, it is also important to note how these output variables
are affected by changes in the load or in the cable parameters. With the sensitivities of
these variables known, an estimation on which parts of the network are most vulnerable
can be made. Therefore, the use of a global sensitivity analysis which can incorporate these
uncertainties is discussed in the second subsection.

4.3.1 Probabilistic load flow for the LV-Network

When assessing the network it can be more interesting to know the probability density
function of the voltages and currents within the LV-network as opposed to just deterministic
values. Many variables within the LV-network are of a stochastic nature, therefore
deterministic values for the voltages and currents can often give an incomplete view of the
LV-network. The most common way of applying a probabilistic load flow is through the use
of a Monte Carlo simulation. From a computational point of view, this can be an expensive
process. Advanced probabilistic load flow methods are therefore necessary to determine the
effects of the new loads on the LV-network.

There have been many different probabilistic load flow or optimal power flow formulations
[35, 36, 37, 38] that are able to accurately and relatively quickly assess the distribution
network. These methods generally reduce the required amount of samples in a Monte
Carlo (MC) simulation or are based on two-point [39] 2 or multiple points estimates
[40]. Gaussian mixture models have already been used to improve the probabilistic load
flow computations as well. Application to MV-networks with the number of stochastic
loads limited to mostly the distributed renewable energy sources has been performed
[41][42]. For the DC load flow, a probabilistic load flow based on cumulants and Gram-
Charlier expansion has already been applied [43]. However, for the LV network, the DC
simplifications will not hold. The LV-network has in most cases a radial topology combined
with a high R/X ratio, hence other simplifications to the load flow can be made to further
improve the computational speed. For a rough initial network assessment, the trade-off

2The most commonly used load flow software for Dutch DNOs, GAIA, uses a two-point probabilistic load flow
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between speed and accuracy is different, as explained below. With a quick initial assessment,
the networks which truly require attention can be identified and more in-depth analysis can
be performed on a limited subset of LV-networks.

As stated in the section 2.1.1 the LV-network consists mainly of radial networks with high
R/X ratios. These characteristics can be used to improve the calculation of the probabilistic
load flow. Two assumptions will, therefore, be made for the load flow calculations within the
LV-network to develop a computationally efficient probabilistic load flow calculation. First
of all, the voltage angle within the network is assumed to be constant. As the R/X ratio within
the LV-network is high, the deviation of voltage angle will, therefore, be low. The second
assumption is that the relation between the voltage deviation calculated during the first
iteration of the load flow and the final voltage deviation when the load flow has converged is
linear. The combination of these two assumptions allows for the direct implementation of
loads described as a Gaussian mixture distribution (see section 3.2.2) in the load flow. This
approach can generate an accurate representation of the probability density functions of the
voltages and currents within the network in a computationally feasible manner.

The accuracy of this Gaussian mixture based load flow is evaluated with respect to the
conventional Monte-Carlo based approach of using a Latin hypercube sampling based MC
simulation [44]. This is done in combination with load flow calculations using a full
backwards-forwards sweep. The load flows are calculated by using scaled versions of the
distribution as shown in Fig. 3.3 for each load. For the testing of the Gaussian mixture
based load flow approach, two of the Cigré US LV test feeders [45] (with the voltage level
of the US feeder reduced to the more common 120V) and the IEEE European test feeder
[46] are used. In the Fig. 4.2 the resulting PDF of the voltage at the farthest bus for the
US residential feeder is plotted for the Gaussian mixture approach as well as for the MC
approach with increasing sample sizes.

From the figure, it becomes clear that the probability density function (PDF) for minimum
nodal voltage for the US residential case presents many modes. This can be explained by
the low number of buses in the system, too low for the central limit theorem to apply. The
MC sampling results with only 104 and to a lesser extent with 105 samples, show erratic
behaviour. The MC method with 106 samples and the Gaussian mixture approach are close
together. A more detailed analysis is required to judge the applicability of the Gaussian
mixture-based load flow in comparison with the established MC sampling.

The result of a probabilistic load flow is a histogram of the possible outcomes. To assess to
what degree two histograms are derived from the same underlying distribution, a number of
statistical tools can be used. The three tests used will generate an outcome of maximum 1 if
the histograms are exactly the same, while if there are discrepancies the result will be lower.
To give a combined overview of the fit of histograms H and G the following compounded
measure Dtot(G,H) is defined for this thesis, which is the product of three individual
distance measures:

Dtot(G,H) = DW (G,H) ·DB(G,H) ·DKL(G,H) (4.2)
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Figure 4.2: Probability density function of the voltage at the farthest bus for the US residential
feeder for the MC method and the proposed Gaussian mixture based load flow

whereDW (G,H) is the Wasserstein metric or earth movers distance [47], defined as follows:

DW (G,H) =
minfij

∑
i,j |fij | · dij∑
i,j fij

(4.3)

where fij is a function for which the following holds: Gi + fij = Hi and Gj − fij = Hj

the and dij the distance between i and j. DW (G,H) is the Bhattacharyya distance [48],
defined as follows:

DB(G,H) = − ln
n∑
i

√
Gi ·Hi (4.4)

where Gi is the bin count of bin i in histogram G and Hi is the bin count of bin i in
histogram H . DKL(G,H) is the Kullback-Leibler divergence [47] as defined by:

DKL(G,H) =

n∑
i

Gi ln
Gi

Hi
(4.5)

By combining these three metrics both the absolute and relative error in bin count as well
as the total variation distance will be assessed. The results for the fit of the histogram with
respect to a distribution generated by an MC simulation with 107 samples and the required
computational times (using an Intel i7-3770 3.4 GHz processor, 8GB ram computer
running Matlab 2015a) are given in Table 4.1.
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Table 4.1: Evaluation of the MC and Gaussian mixture-based (GM) load flow methods for three
feeders based on the calculation time andDtot when comparing with a probability distribution
generated with MC simulation with 107 samples

US Residential [p.u.] MC-104 MC-105 MC-5 · 105 GM
Dtot [-] 0.869 0.961 0.994 0.996
Calculation time [s] 6.17 49.3 221 4.58

US Commercial MC-104 MC-105 MC-5 · 105 GM
Dtot [-] 0.879 0.965 0.995 0.992
Calculation time [s] 6.68 49.0 217 4.45

EU Residential MC-104 MC-105 MC-5 · 105 GM
Dtot [-] 0.868 0.969 0.995 0.996
Calculation time [s] 7.98 64.8 307 51.5

From the table, it can be seen that the Gaussian mixture-based method performs comparably
to an MC simulation with 107 samples. The computational time is however significantly
lower with only 2.1% of the computational time needed for the US test feeders, while the
Gaussian mixture approach required 16.8% of the time for the EU case. The difference
in calculation time between the US (both ±20 nodes) and EU (±200 nodes) test feeders
indicates the scalability of the Gaussian mixture based is slightly lower compared to
performing a Monte Carlo approach, due to the need for additional component reduction
steps. The computational time to obtain a similar level of accuracy is however still much
lower compared to a conventional MC approach.3

4.3.2 Sensitivity analysis

The stochastic nature of many variables within the LV-network needs to be taken into
account when analysing how the LV-network reacts to changes in the load or branch
impedance. With a sensitivity analysis, the reaction of the network to a change in one of the
input parameters can be determined. The sensitivity analysis can be applied to a number of
different problems, to assist in designing measurement networks [49], selecting the location
for voltage control devices [50, 51], placing distributed generation units [52], alleviating
voltage problems [53], improving transmission capacity [54], reconfiguring radial networks
[55], and also minimizing energy losses [56]. The employed sensitivity analysis does not
take into account the stochastic nature of many of the input variables of the LV-network, as
most methods are based on a local sensitivity analysis (LSA). An LSA analyses the effect of a

3For a detailed discussion on the Gaussian mixture based load flow the paper M. Nijhuis, M. Gibescu and
J.F.G. Cobben, “Gaussian mixture based probabilistic load flow for LV-network planning”, IEEE Transaction on
Power Systems (in press) 2017 can be consulted in Appendix A.4
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single input on the output at a time, while treating the other inputs as deterministic values.
An LSA locally estimates each sensitivity measure in the vicinity of a nominal value of the
selected input. These LSA can be found in three variates, the first one uses the inverse of
the power flow Jacobian matrix [57], [58], the second is the so-called ‘perturb-and-observe’
method which makes a small change to an input factor and records the effect [59], and the
third one applies Tellegen’s theorem and the concept of adjoint networks [60].

Instead of exploring only a fraction of the design space and neglecting the joint effects
among inputs, a global sensitivity analysis (GSA) examines the sensitivity measure from
the perspective of the entire range of each input’s variation. Since many input variables
in the power system are uncertain and can influence each other, a GSA is preferable over
an LSA which gives an incomplete view of the sensitivities within a system. To perform a
GSA, mainly four methods are used [61]: the non-parametric method, the regression-based
method, the variance-based method, and the density-based method. Since the last decade,
plenty of interpretations and discussions on the variance-based GSA have been presented
[62], which highlights that the variance is a versatile and proper indicator to describe the
output variability without any hypothesis on the linearity or monotonicity of the model.
The variance-based GSA provides information on the contribution of each input variable to
the variance of the selected output, either a single variable or in combination with others.

The variance-based GSA was first proposed by [63], known as the Fourier Amplitude
Sensitivity Test (FAST). In the FAST, only the effects of individual inputs were calculated.
Later, the total effects were also included by [64]. Meanwhile, the original FAST was
developed further by [65]. In Sobol’ method, the sensitivity is evaluated by Sobol’
indices which are capable of measuring sensitivities for arbitrary groups of factors by
Monte Carlo (MC) simulations. The extended FAST and Sobol’ methods are similar
in terms of functionality, the only difference lies in the way of the multidimensional
integration. Sobol’ indices are traditionally computed using random simulations which
require a large number of model evaluations. Hence, the Sobol’ method can hardly be
applied to computationally expensive models, e.g. power flow equations of a network
with large size and high complexity. In order to accelerate the computation of the Sobol’
indices, the surrogate model, also named meta-model, comes into play. Commonly-used
surrogate models [66] include artificial neural network, polynomial chaos (PC) expansion,
kriging, space mapping, etc. From among these, PC expansion has been applied to GSA
[61, 62, 63, 64, 65, 66, 67, 68]. The PC expansion intends to build a reduced response model
which is statistically equivalent to the original one but is less computationally demanding.
The advantage of the PC expansion for the variance-based GSA is two-fold: 1) analytical
expressions for Sobol’ indices can be obtained from the coefficients of PC expansion if the
inputs are statistically independent; 2) numerical results can be estimated in an efficient
manner if there is a correlation among the inputs. To show the difference in the LSA and
GSA, the results for both an LSA and a GSA have been plotted in Fig. 4.3.

From the figure, it can be seen that the results from the LSA and GSA are very similar.
With the GSA the difference between the sensitivities is easier to discern. In the GSA the
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Figure 4.3: The sensitivity of the voltage level with respect to changes in the load for both an LSA
and a GSA

loads are represented by a mean and a variance so that the volatility of the load can be taken
into account. This is the most important benefit of applying a GSA rather than an LSA. In
contrary to the LSA, the GSA can include the uncertainties present within a power system
in the sensitivity analysis. The GSA can be used to describe a large set of possible input
uncertainties. The main drawback of applying a GSA over the more conventional approaches
is the computational demand. To be able to capture the output sensitivities correctly, the
GSA requires Monte Carlo sampling. As the load flow equations are generally solved through
an iterative process, these Monte Carlo simulations make the process computationally
infeasible. Through the application of basis-adaptive sparse polynomial chaos expansion,
a surrogate model can be created which can speed up the computation of the GSA. The
application of the polynomial chaos expansion has another benefit, as the sensitivities can be
obtained from the coefficients of polynomial chaos expansion if the inputs are statistically
independent. In this way, a sensitivity analysis which is capable of incorporating the
stochastic nature of the household load can be applied when the DNO wants to know how
the network would react to a change in loading or network parameters. 4

4.4 Conclusions

For the point of view of the long-term adequacy of the LV-network, the most important
aspect is the capacity of the LV-network in terms of both voltage range as well as current
carrying capacity. These two metrics should give the best indication of the adequacy of an
LV-network. Assessing the capacity of the LV-network can be problematic because of its large
size; the entire Dutch LV-network, for instance, consists of over 120 000 MV/LV substations

4For an elaboration on the use of the global sensitivity analysis the paper F. Ni, M. Nijhuis, P. Nguyen, and
J.F.G. Cobben, “Variance-Based Global Sensitivity Analysis For Power Systems”, IEEE Transaction on Power Systems
(in press) 2017 can be consulted in Appendix A.5
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with over 300 000 LV-feeders connected to them. In order to analyse this network, a
generalised LV-network model needs to be developed. By generating this simplified model
based on a fuzzy k-medians clustering approach, the link between the original network and
the resulting generic LV-networks remains, allowing for the generalisation of the results
obtained from a small set of generic feeders.

To assess the voltages and currents in a radial LV-network, a backwards-forwards sweep
load flow can be applied. In the LV-network, the voltage angle can be neglected as R/X
ratios in LV-networks tend to be high and the acquired voltage difference from the initial
iteration is shown to be almost linearly related to the difference between the initial and final
iteration voltage deviation. These two simplifications allow for the use of a Gaussian mixture
distribution for the household load as an input to the load flow computation. Based on these
computations the distribution of the voltage at each bus and power at each branch can be
analytically determined, allowing for much faster probabilistic load flow computations.



5
The Adequacy of the LV-Network: A

Dutch Case Study

Based on the future scenarios, the state of the current LV-network can be determined as well
as how susceptible the network is to the increase in penetration of certain technologies.
The network of Liander, which accounts for about 30% of the total LV-network of the
Netherlands, has been used as a case study to analyse the current state of LV-networks. As
this LV-network connects almost 3 million customers, the clustering approach as described
in section 4.1 is applied to the whole network to distil the whole LV-network into 94 generic
feeders. These 94 feeders are subsequently used to gain an idea of the effect of the transition
towards a sustainable energy supply on the entire LV-network. To characterise the transition
towards a sustainable energy supply the scenarios as described in section 2.2 are applied
in combination with the modelling of the household load as described in section 3.2.1.
With this modelling approach, many household load curves can be generated for each of the
scenarios which describe the most important advances in the household load for the coming
decades. These generated load curves are applied to each of the households connected to
the 94 generic feeders, and by utilising conventional load flow calculations the state of the
network for the coming decades can be determined. The definition of the risk in the LV-

This chapter is based on the following publication: M. Nijhuis, M. Gibescu and J.F.G. Cobben, “Scenario
analysis of generic feeders to assess the adequacy of residential LV-grids in the coming decades”, in PowerTech, July
2015
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network as given in section 4.2.5 is applied to convert the results from the many load flow
calculations to a single metric which indicates the adequacy of the LV-network. The general
results of these calculations are shown in Table 5.1.

Table 5.1: Percentage of the LV-networks having a maximum risk level for multiple percentages
of scenarios

Maximum risk
0 ≤0.1 ≤0.5

100% of all scenarios 63.8 71.8 75.4
99% of all scenarios 67.1 78.4 79.5
95% of all scenarios 67.7 78.8 83.1
75% of all scenarios 75.0 81.2 86.9
50% of all scenarios 79.5 84.5 93.0

This table shows the percentage of the LV-networks which has a certain level of maximum
risk for a certain percentage of all the scenarios analysed. From the table, it can be seen
that the majority of the LV-network will not experience any risk, even if all the possible
scenarios are considered. For more than three out of every four networks the risk always
stays under the 0.5 as can be seen from the table. When the most risk inducing scenarios are
neglected, the percentage of the LV-network which experiences no, or only a small amount
of, risk increases. It can be concluded that the largest part of the Dutch LV-network would
be sufficiently strong enough to handle all the changes introduced by the transition towards
a sustainable energy supply. Most of these risk occur due to voltage violations, if the band
of the voltage limits can be extended to ± 10%, by means of voltage control at the MV/LV
transformer, the risk can be reduced by as much as 76.4%.

In the rest of this chapter, the results of the network adequacy calculations are further
evaluated. First of all, a closer look is taken at which of the network characteristics would
be most indicative for the risks in the LV-network. Hereafter the time evolution of the risk
within the network is evaluated, followed by an overview of the geographical distribution of
the risks. In the final section of this chapter, the effects of the different scenarios on the risk
within the LV-network is given.

5.1 Network characteristics

First of all, a closer look is taken at the network characteristics which would lead to higher
risk levels. The correlation of the risk with a number of different feeder characteristics has
been calculated. A correlation of 0.77, 0.26, 0.079 and 0.37 has been found for the number
of customers connected to the feeder, the total feeder length, the average feeder impedance
and the average impedance at the point of connection respectively. The correlation between
the number of connected customers and the risk is more than twice as large as the correlation
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between the risk and all the other network characteristics. The amount of change in the load
will also be highest if the number of consumers is highest. This observation, in combination
with the fact that the current LV-network is operating without violations, can explain why
the correlation between risk and number of consumers is highest.

In table 5.2, the risk for subgroups created based on the feeder characteristics is given. The
risk as shown in the table is for the year 2045 and is the average of the risks over the scenario
space. The risk will have a value between 0 and 1, with an average risk level over all the
different feeders of 0.25 for this moment in time. The LV-feeder characteristics which are
chosen to be analysed are the number of customers the feeder has connected, the total length
of the feeder, the average impedance of the feeder and the average impedance at the point
of each of the household connections. This set of characteristics also corresponds to the
characteristics used during the clustering approach. The differences between the feeders
based on these characteristics should therefore also be higher, generating a better indication
of how important these characteristics are for determining the risk within an LV-feeder.

Table 5.2: The adequacy of the LV-network in 2045 split out based on subgroups based on
feeder characteristics, with the average value of the network characteristic in question for each
subgroup indicated between parentheses

Number of Length Average cable Impedance
Customers ([m]) Impedance ([mΩ/km]) at PoC ([mΩ])

5% Highest 0.82 (90) 0.21 (957) 0.45 (757) 0.60 (158)
25% Highest 0.69 (62) 0.41 (668) 0.45 (535) 0.49 (113)
50% Highest 0.46 (48) 0.36 (523) 0.39 (466) 0.37 (89)
75% Highest 0.31 (40) 0.29 (440) 0.29 (427) 0.28 (74)
95% Highest 0.25 (34) 0.25 (389) 0.26 (401) 0.25 (65)

From the Table 5.2 a number of observations can be made. When looking at the different
groups of feeders, a clear difference between the different subsets can be seen. When adding
feeders with a lower number of connections to the set, the risk decreases. The length shows
some correlation with the risk level present in the LV-feeder, however far smaller than with
the number of connections. Which is in line with what one would expect as the voltage
drop is proportional to the length and to the number of customers squared (if one assumes
all consumers are located at the end of the feeder). When looking at the subgroups, it can be
seen that the longest feeders have a below average risk. The longest feeders are often placed
in rural areas and the feeder is in these cases often limited by the constraints on flicker and
safety. The feeders have therefore relatively low voltage deviations and current loading. An
increase in loading will thus not directly increase the risk in these feeders. For the other
subgroups, the expected trend of a decreasing risk with a decreasing feeder length is present.
The correlation is lowest with the average impedance, which is an indicator for which kind of
cables are used within the feeder. The average impedance can be an indication of the age of
the network, with older networks generally having a higher impedance (tapering of the cable
diameter towards the end of the LV-feeder has been gradually phased out). The impedance at
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the point of connection, which is a measure of the distribution of the loads along the feeder,
shows the second highest correlation. The risk values for the subgroups show also the trend
that a decreasing impedance at the point of connection has a decreasing risk attached to it.

5.2 Time evolution

In addition to splitting out the risk based on the feeder characteristics, the evolution of
the risk through time can be evaluated. In figure 5.1, the evolution of the risk for both the
summer and winter load for the coming 40 years is depicted. The figure shows the probability
density at each of the time steps, with darker colours indicating a higher probability. The
risk in the picture is the average risk over all the feeders and all the scenarios. The risk has
been split out into summer and winter, as certain technologies will have a large impact in
the summer (PV) while others have their largest impact in the winter (heat pumps).
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Figure 5.1: Time evolution of the probability density of the risk in the network, for the summer
(left) and winter (right) loading conditions

From the figure 5.1 a clear increase in the risk as time goes by can be observed, assuming no
network reinforcements are performed. The risk reaches it maximum value at the year 2045
and stabilises afterwards. When looking at the scenarios as defined in section 2.2 it can also
be seen that most of the technologies will have reached their maximum penetration level
at that time, only the economic growth and appliance efficiencies change significantly after
this point. Both the summer and winter risk seem to start increasing more rapidly from the
year 2026 onwards, within a few number of years the average risk increases by 0.15. This is
comparable to 15% of all the feeders moving from a risk-free situation to a situation in which
the risk is deemed too high to ensure operation within the branch current and nodal voltage
limits. The replacement of 15% of the network within this limited period of time would be
hard to achieve, therefore the estimation of when this increase in risk starts is important, so
pro-active measures can be taken to reinforce the LV-network. The summer risk has a tighter
distribution than the winter risk level. For the summer loading, PV technology is most likely
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the single most important driver determining the risk, while for the winter loading this can
be caused by multiple factors. Currently, the winter loading is the determining factor for the
evaluation of the risk in the LV-network.

5.3 Geographical

The geographical areas where the risk becomes high or remains low are also of interest. As
the risk has been calculated by using generic feeders extracted from the original network,
all the feeders within the original network can be classified as one of the generic feeders. In
this way, a geographical overview of the risk levels can be created. In figure 5.2 a map has
been plotted and in this map, three variables are shown. In the top map, the average risk in
the year 2035 is indicated, in the middle figure the current average energy use in 2015 1 is
depicted, while in the bottom figure the population 2 density is indicated.

From the figure, the geographical distribution of the risk for a future year can be seen. No
obvious relation between the level of risk and the current energy use or the population density
can be seen. Based on the data behind the map, the correlation between the population
density and the risk has been calculated. This shows a correlation of 0.41 indicating that
more densely populated areas have a higher risk. This is also what one would expect based
on the correlation between the risk and the number of connections per LV-feeder. Based
on the overview of the risk relative to other factors, the areas which should be reinforced
first, as they have a higher energy dependency or more inhabitants, can be identified. In the
figure, it can also be seen that most areas have a risk level lower than 0.3. This indicates that
high-risk feeders are not necessarily geographically close together, as the average risk level is
equal to 0.25.

5.4 Scenarios

The risk can also be split up based on the scenarios. As the scenarios are constructed as all
possible combinations of the individual scenario drivers, the average risk can be determined
on the basis of a single scenario driver. All the combinations of the other drivers are still
taken into account, this allows for the determination of the risk of scenarios involving more
technologies and penetration levels as well. In the following subsections, the main scenario
drivers (PV, EV, Heat pumps and economic growth) are discussed individually based on
their contribution to the overall risk. The risks induced by the other scenario drivers are
insignificant by comparison and therefore not discussed in the following sections.

1Liander N.V., 2015
2©Kadaster / Centraal Bureau voor de Statistiek, 2016



50 Chapter 5: The Adequacy of the LV-Network: A Dutch Case Study

Figure 5.2: Geographical overview of the adequacy of a portion of the Dutch LV-network
(Amsterdam, Leiden, Almere) for 2035 (top) as well as the energy use and population density
for 2015 (middle and bottom)

5.4.1 Photovoltaics

First of all, a closer look is taken at the effects of the penetration of PVs on the risks within the
LV-network. To show these effects, Fig. 5.3 has been created. In the left side of the figure,
the relative risk for the three different PV scenarios is given. The relative risk is defined as
the difference in risk level between the risk level of the complete set of scenarios and the risk
level of a specific set of scenarios (e.g. high PV). The sum of the relative risks for a certain
technology adds up to zero, with a negative relative risk indicating a lower risk with respect
to considering all the scenarios. The right side of the figure shows how the level of risk within
the LV-network is subdivided based on the scenarios other than PV, split out for the three
PV scenarios (high, medium and low PV penetration).
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Figure 5.3: Effects of photovoltaics on the network adequacy

From the left side of the figure, it can be seen that the high PV scenario substantially increases
the risks within the LV-network, while the medium and low scenarios both decrease the risks
within the network. We conclude that small – and even medium – amounts of PV can be
implemented within the network without inducing significant risks. Within the right side of
the figure, it can be seen that, for the high PV scenario, the other scenario drivers all have a
similar effect. Only a high level of economic growth induces a slight reduction in risk cost by
the high penetration rate of PV. This can be explained by the increased number of appliances
within a household which may consume power during the PV generation peak. The pie
charts for the medium and low PV penetration scenarios show that the EV penetration is
the main source of risk within these scenario sets.

5.4.2 Electric vehicles

For the penetration of EVs, the same type of figure is created as for the case of PV. The left side
of Fig. 5.4 has only one difference, namely that the effect of direct charging in comparison
to delayed charging is also indicated. The risk associated with direct charging is determined
by starting the charging of the EV immediately when it returns to the household, while in
the delayed charging cases, the EV charging does not commence until midnight.

Fig. 5.4 shows that direct charging has far higher risks associated with it, in comparison
to the delayed charging. The figure also shows that even the medium scenarios significantly
increase the risk within the LV-network compared to a low penetration scenario, even though
the risk in the medium scenario is still lower compared to the average risk over all scenarios.
This indicates that every increase in EV can already increase the risks within the LV-network,
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Figure 5.4: Effects of electric vehicles on the network adequacy

while the largest jump in the risk is associated with the move from the medium to high
scenarios. This can also be explained by the far larger penetration rate reached between these
scenarios (28% in comparison to 63%). The right side of Fig. 5.4 shows the effect of the
PV on the risk level is increasing as the effect of the EV diminishes. The effect is larger than
the other way around in Fig. 5.3, leading us to conclude that high PV-penetration levels
generate the largest risks within the LV-network.

5.4.3Heat pumps

For the penetration of heat pumps, a figure similar to the ones for PV and EV scenarios is
made. Fig 5.5 shows the effects of the scenarios with an increased heat pump penetration
on the risks within the LV-network. From the left side of the figure, it can be seen that the
risk of the increasing penetration of heat pumps is much lower in comparison to the risks
associated with the penetration of EV and PV. This is mainly because of the lower expected
penetration rate in the high scenario of heat pumps (46%) when compared to EV (63%)
and PV (82%). The right side of the figure shows that high penetration rates of both heat
pumps and EVs induce small additional risks within the network, as the risk of the high EV
penetration rate increases with the high heat pump penetration scenario.

5.4.4 Economic growth

The overview of the induced risks by different levels of economic growth is shown in Fig.
5.6. To keep the figure comparable to the others, only the very high, medium and very low
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Figure 5.5: Effects of heat pumps on the network adequacy
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Figure 5.6: Effects of the economic growth on the network adequacy

scenarios of the economic growth as shown in Fig. 2.5 are depicted. The picture for the
economic growth is comparable to the picture of the heat pumps. We note a significantly
smaller impact of the economic growth on the LV-network adequacy compared to the
impacts of PV and EV, and a correlation with the EV penetration.
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5.5 Conclusions

The majority of the LV-network will not experience any problems, even if all the possible
scenarios are considered. For more than three out of every four networks the risk never
exceeds 0.5, thus the largest part of the LV-network would not need any reinforcing to be
able to handle the changes introduced by the transition towards a sustainable energy supply.
The number of consumers is the most important parameter for determining the risk within
a certain LV-network. The feeder length also shows correlation with the risk level present in
the LV-feeder, however far less than the number of connections. The longest feeders are often
placed in rural areas and the feeder is in these cases often limited by the constraints on flicker
and safety. When looking at these rural feeders with residential consumers a relatively small
voltage deviation and loading are currently present, leading to little need for reinforcements.
A large penetration of PV increases the risks within the LV-network the most, while small
and even medium amount of PV can be implemented within the network without inducing
significant risks. The increased penetration of EV is the second most important source of
risk introduced by the transition towards a sustainable energy supply, however this risk can
be for a substantial part mitigated by smart charging.



6
The Reinforcement of the LV-Network

The LV-network might not always be able to handle the changes introduced by the transition
towards a sustainable energy supply, as shown in Chapter 5. The generic feeders were
incapable of handling all the scenarios which describe the transition towards a sustainable
energy supply. If an LV-network starts to operate outside the allowable voltage and current
limits, the LV-network needs to be reinforced. For the determination of where the LV-
network might need to be reinforced, the generic feeders can be used, while for the
determination of the optimal reinforcements the actual network should be taken as starting
point. In this chapter, new methods for the reinforcement or expansion planning of LV-
networks are proposed, and their effectiveness is analysed. The currently applied method of
waiting for the limits to be breached and applying a deterministic analysis when reinforcing
the LV-network is not ideal when it comes to handling the requirements introduced by the
transition towards a sustainable energy supply. In Chapter 5 it was shown that – for the
Dutch case study – 36.2% of all the LV-networks are at risk to start operating outside the
normal operating limits and would thus require reinforcements. In Chapter 5 it was also
shown that the increase in risk can increase by a lot within only a couple of years. If these
reinforcements are applied only when the LV-network is no longer operating within its limits,
the number of replacements which have to be performed can vary significantly depending on
the penetration rates of the different technologies. A more proactive approach with respect
to the LV-network expansion planning is necessary. However, based on the current level
of measurement data availability, a more proactive approach can be difficult to implement
right away. Therefore in section 6.1, the benefits of additional measurement data in the LV-
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network planning process will be discussed. The deterministic approach currently used for
the network expansion planning is not designed for handling the uncertainties introduced
by the transition towards a sustainable energy supply. The approach with respect to the LV-
network planning, therefore needs to be changed from a deterministic approach to a more
stochastic approach. How this can be done will be discussed in section 6.2. Finally, the
possible reinforcement options are also developing to include on-conventional, “smart grid”
technologies; these alternatives should be included in the LV-network planning optimisation.
How this can be performed will be discussed in section 6.3.

6.1 Measurement data for LV-network planning

The measurements in the LV-network are currently often limited to a single yearly maximum
power measurement at the MV/LV transformer. this introduces a lot of uncertainty
for the LV-network, as the loading of the LV-network remains largely unknown. This
complicates the planning of the LV-network as the current network loading needs to be
estimated. As DNOs are already investing in an advanced metering infrastructure (AMI)
mainly from simplified billing purposes, this infrastructure can be used to reduce the
uncertainty of the loading of the network for the network expansion planning process.
The AMI data can be used for a multitude of applications [69], from demand response
to automating the meter reading process and more accurate LV-network expansion planning
[70]. AMI data offers many opportunities for real time operation of the distribution network
[71][72][73], however for the planning of the LV-network the available opportunities are
not well documented. AMI data can be used to improve the load modelling [74] and
load models based on AMI data can be implemented in the network planning process
[75]. Privacy concerns about the use of AMI data require anonymisation. Depending on
the implemented AMI communication infrastructure, a limited read-out frequency and/or
measurement frequency of the AMI data may be required[76]. This limits the DNO in
the amount of information which can be extracted from the AMI measurements or requires
additional communication infrastructure investments[77].

To be able to make adequate choices about the extent of the implementation of an AMI, the
benefits of the AMI data should be assessed. The valuation of the AMI data from a demand
response perspective has already been performed [78]. The assessment of the automation of
a business process like the surveying of conventional electricity meters can easily be assessed
from the expenses of the DNO. The use of AMI data to accurately assess transformer loading
has also been studied [79], as well as the creation of load forecasts based on AMI data[80].
The usefulness of the additional measurements to increase observability from an operational
perspective, e.g. in state estimation, is a common research topic [81]. However, the data
requirements from a long-term planning perspective are different. Preliminary research in
using AMI data for the long-term network planning problem has been conducted [82]. An
estimate of the value of AMI data from an LV-network expansion planning perspective is
needed when determining the required characteristics of an AMI. From the point of view
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of generation adequacy, studies on the value of additional measurement data have already
been performed[83] [84], however for the LV-network expansion planning the effects of
the additional measurement data still need to be quantified. A uniform network planning
methodology which incorporates different types of LV-measurement data is therefore needed
to assess the value of AMI measurements for the LV-network planning process. By adjusting
the value of the applied loads in the LV-network expansion planning process the value of the
measurement data can be determined.

Depending on the LV-network measurement approach, data with different levels of detail
may be available. Based on the most logical locations of measurement devices, a number of
different levels of data availability can be distinguished. These different levels are depicted
in Figure 6.1.
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Figure 6.1: Different levels of data availability in the low voltage network

Figure 6.1 shows the possible locations of the measurement devices in the LV-network. The
purple indicates the situation now, with just maximum current measurements at the MV/LV
transformer. This can be implemented by assigning all the load the same value, but these
values are drawn from a distribution of possible loads. The blue indicates the next step
in implementing measurements, with the maximum current also measured at each of the
outgoing LV-feeders; this reduces the variance of the distribution from which the equal load
values are drawn. In addition to just measuring the maximum current at the LV-feeder, time-
series measurements at the beginning of the feeder can also be employed, this is indicated
by the yellow in the figure. If the time series approach is chosen, the actual loads of the
households are randomly permuted over the households. The DNO can also choose to
collect AMI data every two months for planning purposes. This option is evaluated at two
different participation rates for consumers. The red in the figure indicates the situation if
50% of the consumers are willing to let the DNO use their energy usage data for improved
network planning. With this option, 50% of the household have their real load, while the
other 50% have an equal load based on the remaining MV/LV transformer loading. The
green indicates the (ideal) situation if 100% of the consumers give their energy usage data
to the DNO, all the loads are known to the DNO in this case.
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The LV-network of Alliander has been used to compute the cost of the LV-network expansion
planning with these different levels of data availability. The results show that an increase in
measurement data can lead to e0-254 lower LV-network reinforcement costs per feeder.
From the perspective of an AMI, the network cost can also be calculated with different
percentages of households with AMI data available. The results show that 50% of the possible
cost reduction can be achieved if 65% of the households have AMI data available, while if
only 25% of the households make their AMI data available to the DNO, only a marginal
cost reduction of 11% can be gained. Missing AMI data from a few households has limited
effect on the achievable cost reduction as 90% AMI data availability corresponds to a cost
reduction of 94%. The use of additional measurement data in the LV-network can and
should thus be employed in the LV-network planning process, as additional benefits can
clearly be gained.1

6.2 Network expansion planning

LV-network reinforcement (or network expansion) planning is performed by the DNO
when the LV-network is deemed no longer able to supply a reliable voltage of sufficient
quality or as capacity problems arise in the foreseeable future. The conventional approach
to reinforcing or planning a new LV-network is reasonably straightforward. Generally,
the current approach with respect to LV-network planning is based on minimising the
investment cost (and sometimes the cost of the energy losses) [85][86][19]. The investment
cost is evaluated with respect to a simple deterministic peak load with a constant load
growth factor. The network is analysed for the situation in 30-40 years’ time. The options
of reinforcing the LV-network: adding an additional feeder, replacing (part of ) a cable
or adding an additional MV/LV substation are evaluated by an engineer, with the aid
specialised software. This approach has worked so far but should be augmented to be able
to most adequately handling the changes in loading introduced by the transition towards a
sustainable energy supply. The process of the LV-network expansion planning is therefore
analysed in this section and changes with respect to the handling of uncertainty (subsection
6.2.1) and the optimisation approach (subsection 6.2.2) are recommended, based on how
the description of the uncertainties present in the LV-network as given in chapter 2.

6.2.1Handling uncertainty

Reinforcing LV-networks is generally capital cost intensive, as the cost for the trenching
is much larger than the cost of the actual LV-cable. When a DNO installs a new cable
it wants to be sure that the cable would remain operational for the coming decades. The

1For an elaboration on the value of measurement data in the LV-network expansion planning the paper M.
Nijhuis, M. Gibescu, and J.F.G. Cobben, “Valuation of Measurement Data for Low Voltage Network Expansion
Planning” Electric Power Systems Research Vol. 151, Oct 2017, p. 59–67 can be consulted in Appendix A.6
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technical lifetime of new LV-cables is so long that failure rate statistics collection is deemed
uneconomical[87]. When reinforcements are required in the LV-network, the network needs
to be analysed to ensure the chosen reinforcement option is robust enough. In order to do
this, the DNO applies an expansion planning optimisation approach to the network. The
main challenge with the evaluation of the LV-network is the large load uncertainty. This
uncertainty consists of both the long-term load evolution as well as the volatile nature of the
household load (including any local renewable sources such as rooftop PV). Therefore, the
DNO should incorporate the load uncertainty into the LV-network expansion planning.
How these uncertainties can be modelled and implemented within the confines of the
network expansion planning problem should be defined.

For the distribution network, many expansion planning strategies under load uncertainty
have been described. Most work has been done with respect to the inclusion of the uncertain
output of distributed generation in the expansion optimisation process [88, 89, 90, 91].
Load uncertainty in these approaches is however not taken into account. The use of a fuzzy
description of the load [92, 93, 94] or the type of load [95] is one of the ways to deal with
the load uncertainty in the network planning. Load curves for different load magnitudes
[56, 96, 97], and daily load curves [98],[99] are also employed to bound the uncertainty
of the load. All these approaches will generate a limited amount of load uncertainty, which
is suitable for modelling the household load for the MV network, as the loads are already
aggregated to a certain extent, but not for analysis on the LV-network. Another way to
deal with uncertainty is by using scenario analysis. This can be done in multiple ways,
by incorporating scenario-based load growth in the conventional planning procedure [100]
[101] or by adjusting the network optimisation under scenario-based load uncertainty [102].
The final future load can also be seen as a random variable, rather than a deterministic value
[103][104]. Though these approaches are good for evaluating the future load from a system-
wide perspective, the uncertainty on the level of the individual household loads as necessary
for an LV-network planning exercise is not taken into account.

Household load volatility

In the LV-network, most connected loads are household consumers. Even though these
consumers behave in fairly the same way when looking at a large group of consumers, their
individual behaviour is highly volatile. From the perspective of medium and high voltage
levels, the residential load can almost be seen as a deterministic parameter, as the number of
households which are grouped at a single bus can easily be more than 200. However, for an
LV-feeder this is not the case and the uncertainty should be taken into account.

With the introduction of smart meters, this uncertainty should be reduced for the existing
network, as for each household a load curve would be available. The household composition
in a neighbourhood is however constantly changing (people move away, family situations
change, etc.). These changes would have a significant effect on the energy usage in
the neighbourhood as the household energy consumption is primarily dependent on the



60 Chapter 6: The Reinforcement of the LV-Network

behaviour of the individuals who make up the household [105]. The use of measurement
data to reduce this uncertainty is an adequate solution for the short time, though when
looking further ahead the measurement data loses its applicability.

When it comes to the planning of the LV-network, the general approach to deal with this
uncertainty in the load is to take the 95th or 99th percentile value of the distribution curve.
The use of this method has one major drawback. All the household loads use the exact
same peak value. However, through the distribution of the load over a feeder and the non-
linearities in the relationship between power and voltage, the estimated voltage may not be
at the same percentile value. This is because the effect of households at the end of a feeder
on the maximum voltage deviation is much larger than for households at the beginning of
the feeder. This generates a change in risk level between the percentile values of the load and
of the resulting voltages.

In order to eliminate the change in the risk level due to the inherently non-linear mapping
of the peak powers into nodal voltages, a stochastic approach to the evaluation of each
individual household load should be employed. By employing a probabilistic load flow in
the evaluation of the LV-network, a better risk assessment can be made. When a probabilistic
power flow, as defined in section 4.3.1, is employed rather than a deterministic one, a
probability density function will be obtained for the current in each branch and the voltage in
each node[106][107]. The use of a probability density function allows for a more advanced
approach with respect to modelling the volatility of the household load.

Long-term load evolution

In addition to the uncertainty due to the volatility of the household load, also the general
trend with respect to the future load is uncertain. When reinforcing the LV-network, the
implemented reinforcement option should last for at least the coming 30 years within the
network. This is caused by the capital cost-intensive nature and long lifetime of underground
cable networks, as explained in the introduction. The load of the households can be
estimated based on scenario analysis as described in section 2.2.

These scenarios should be addressed by the network expansion planning approach, while
incorporating the volatility of the household load. The Bottom-up Markov Chain Monte
Carlo scenario-based method for generating the household load is therefore applied, as
described in section 3.2.1. Based on the generated load curves, the distribution of possible
household load values during conventional peak and PV-related peak times can be generated.
These probability density functions would give a better estimation of the load than a simple
peak value as they allow for variation in the generated scenario peak [108]. For the scenario
options shown in Table 2.2 the peak load is shown in Fig. 6.2. In the figure also the
typical times for a multi-stage investment approach are given, the initial time (T0), the
second investment time T1 (after 10 years) and the final network time T2 (after 30 years) are
indicated.
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Figure 6.2: Possible peak load scenarios for the household load and the four scenarios obtained
through scenario reduction

The figure is generated by using each unique combination of the different scenario drivers.
There are 5 drivers, and each can take a low, medium or high value, resulting in 243 (= 35)
scenarios. From the figure, the large spread among scenarios becomes apparent. The network
cannot be analysed on all these possible scenario outcomes, as that would be computationally
very expensive. Therefore, a subset of scenarios needs to be selected. The selection of
the subset of scenarios is based on minimising the Wasserstein distance [109] between the
original and reduced scenario subset. The Wasserstein distance can be seen as the minimum
required transportation cost to move all the data from the original scenario set to the reduced
subset. According to [110], this can be estimated by applying a k-medians heuristic [111]
which leads to the following minimisation problem:

min
u∈{1,...,N}

N∑
i=1
i̸=u

Pic(su, si) (6.1)

where c is the cost to transport from an original scenario su to a scenario in the reduced
scenario subset si and Pi is the probability of belonging to scenario si. The final subset of
scenarios can be estimated by starting from the complete set of scenarios and performing
a backwards scenario selection process. This entails applying the minimisation (6.1),
generating the set of N -1 scenarios and repeating the selection procedure until the desired
number of scenarios is obtained. This will generate a reduced set of k scenarios in which
each of the scenarios will have a probability that is based on the probabilities of the closest
scenarios from the original set. The approach is applied with the following metrics for each
scenario: the average load, the peak load and the off-peak load, all three measured at both
T1 and T2. In this thesis, a subset of k = 4 scenarios is used for the generation of the results.
The resulting scenarios are also indicated in Fig. 6.2 as s1, s2, s3 and s4.
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For the analysis of these different scenarios, it must be noted that scenarios are generated at
a national level. This implies that if a certain scenario from the set of generated scenarios
pans out, all of the reinforced networks will experience this scenario. Taking a risk-neutral
expected value approach (as technically done with the local load uncertainty) is therefore not
advisable as basically all the investments within the same scenario area have to be pooled and
seen as a single investment. A more risk averse approach is therefore adopted. The different
network reinforcement options are analysed based on the minimum regret over the selected
scenarios. For the calculation of the minimum regret, the lowest cost per scenario is estimated
by applying a deterministic perfect information approach to the network expansion problem
to ensure equal comparison values when calculating the regret.

By applying both types of uncertainty – the household load volatility and the long-term load
evolution – in the network expansion planning, the transition towards a sustainable energy
supply can be incorporated when reinforcing the LV-network.2

6.2.2 Bilevel network expansion planning

When evaluating the reinforcement options, the DNO has to take into account the long
economic lifetime of additional LV-cables (>30 years) and the negative asset recovery value
(removing a cable which is no longer required comes at a cost for the DNO) for underground
cables. The DNO, therefore, assesses the LV-network over a long horizon to ensure the
network can handle almost all foreseen load changes. This LV-network expansion planning
problem is, from an optimisation standpoint, a mixed integer non-linear problem. As the
solution should span a large time horizon, multi-stage approaches are generally preferred,
thus greatly increasing the complexity of the problem. The LV-network expansion planning
is therefore often solved by using heuristic as opposed to classical optimisation techniques.

The main heuristic techniques which are applied for distribution network planning are
simulated annealing [112], Tabu search [113], partial swarm optimisation [114], ant colony
optimisation [115] and genetic algorithms [116]. These types of algorithms have been
compared in a number of typical power system problems [117, 118, 119, 120]. These
comparisons show that the actual implementation of a certain algorithm is more important
than the actual type of algorithm which is used. A careful consideration of the description of
the multi-stage LV-network expansion planning problem is thus required. The calculation
of all the stages in a multi-stage approach is often done in a single integrated approach
[90, 121, 122, 123], which, through the combinatorial nature of the problem, vastly
increases the computational complexity of the problem. The solutions for a multi-stage
integrated problem are not only the reinforcement options which are applied, but also the
timing of the reinforcement options. Both the scheduling of the reinforcements [124] as well
as the choice of which reinforcements are to be applied are already complex problems. From a

2For an elaboration on the handling of uncertainty the paper M. Nijhuis, P.M. Carvalho, M. Gibescu, and J.F.G.
Cobben, “Modelling Load Uncertainty for Multi-Stage LV-network Expansion Planning Optimisation” (under
review) can be consulted in Appendix A.7
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practical point of view, only the investment in the first stage and an indication of the expected
total cost is of interest. Therefore the problem can be split into two parts, the optimisation
of the first investment and the optimisation of the subsequent investment decisions. By
applying a bilevel optimisation the differences in the requirements with respect to the first
stage versus the subsequent stages can be fully exploited. This kind of decomposition of the
problem is commonly applied when distributed generation is included in the distribution
network expansion planning through the use of an optimal power flow [125, 126, 127].

A multi-stage approach for assessing network reinforcement solutions is preferred over a
deterministic single-stage approach. To determine how a multi-stage approach can be made
computationally feasible, a closer look at why a multi-stage approach is preferable should
be taken. The two main reasons are: the difference in magnitude of required subsequent
reinforcements and the reduced set of subsequent reinforcement options available.

Depending on the chosen reinforcement option, the resulting network strength can differ
significantly. If a single-stage approach is applied, the reinforcement should be sufficient to
adequately handle the load at the evaluation time. Whether or not an additional incremental
change in the load would lead to a violation of the constraints is not taken into account.
A network capable of handling an additional load change would provide additional value;
however, in the single stage approach, this is neglected.

When a certain reinforcement option is applied to a network, it changes the space of
possibilities of future reinforcements. For instance, when depleting most incremental
reinforcement options, the flexibility to deal with future load changes diminishes, while
placing a new substation would lead to more incremental reinforcement options in the
future. This should also be accounted for in order to accurately evaluate a certain
reinforcement option.

Next to the above 2 issues, the use of a multi-stage approach also resembles closely how the
network reinforcements are carried out in reality. The normal procedure when reinforcing
LV-networks is to wait until the network becomes overloaded, experiences voltage problems
or the cables are no longer reliable enough, and then take action. Assuming one will reinforce
the network at set intervals is, therefore, a crude representation of the actual reinforcement
procedure. When a reinforcement investment is applied at a later stage (i.e. T1 to Tn) the
network will be analysed at that time to determine the optimal reinforcements (e.g. the value
of X1 will be re-evaluated at T1, instead of meticulously following the plan determined at
time T0).

The evaluation of the later stages of the best reinforcement options is thus mainly done to
gain a better estimate of the expected value of the initial options over a longer period of
time. The importance of the sequential investments X1, ..., Xn is reduced due to the time
value of money and the uncertainty which exists about future required network strength
and reinforcement options. In an LV-network expansion planning approach, it is, therefore,
justified to focus on determining the first investment option most accurately. The proposed
approach will focus on the first investment X0 and determine the sequential investments
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Figure 6.3: The computational performance of the bilevel optimisation versus an integrated
approach for LV-network planning

X1, ..., Xn with a more computationally efficient calculation. For the solution of this bilevel
optimisation problem featuring discrete decision variables, a genetic optimisation approach
is very suitable [128].

To gain insight into whether the application of a bilevel optimisation approach is beneficial
from a computational point of view without much loss of accuracy, the bilevel approach is
compared to an integrated approach for the LV-network expansion planning. The data used
for the optimisation is given in Appendix C. The convergence of the bilevel optimisation
versus that of an approach wherein the first and sequential investments are integrated into a
single level optimisation problem is plotted in Fig. 6.3.

Fig. 6.3 shows that both algorithms converge to the same level of the expected value, with
the integrated approach generating a slightly lower expected value. As an advantage, the
bilevel optimisation converges faster when comparing the computation time. The number
of required generations before the solution has converged is much lower for the bilevel
optimisation case, and this can already be seen from the initial starting point of both graphs.
The starting point indicates how long the evaluation of a single generation takes, with
the bilevel optimisation approach taking more than three times longer to evaluate a single
generation. The bilevel optimisation takes longer for the evaluation of a single generation,
as the nested optimisation problem has to be solved within that generation, nonetheless the
overall computation time is shorter.3

3For an elaboration on the handling of uncertainty the paper M. Nijhuis, P.M. Carvalho, M. Gibescu, and
J.F.G. Cobben, “Low Voltage Multi-Stage Network Expansion Planning Under Uncertainty; a bilevel evolutionary
optimisation approach” (under review) can be consulted in Appendix A.8
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6.3 Non-conventional planning alternatives

Next to the conventional ways of reinforcing the LV-network, the number of reinforcement
alternatives can be expanded. There are many technologies which can assist in the
reinforcement of the LV-network other than additional cables and substations. To give
some initial insight in the applicability of these technologies, two of the most promising
technologies which could have a large effect on the reinforcement LV-network are an On-
Load Tap Changer (OLTC) and demand response are assessed. The application of demand
response to defer LV-network investments will be discussed in the first subsection and in the
second subsection, a closer look will be taken at how the OLTC can be implemented in the
LV-network planning. If these technologies can reduce the cost for network reinforcements,
they should still be implemented in the planning approach as described in Section 6.2.

6.3.1Demand response implementation

Technology advancements in the ICT sector have resulted in smart metering infrastructures
and new possibilities to control household appliances through the use of home energy
management systems [129]. This will enable retail customers to alter their energy use based
on real-time price signals and may result in monetary rewards when demand response (DR)
programs are introduced [130] or when local renewable energy generation is fed back into
the network [131]. The DNO can use these real-time peak signals to reduce the peak load,
by giving incentives to the consumers for shifting their energy usages to off-peak hours. The
DNO can pay for these incentives by the cost deferral of the otherwise necessary network
reinforcements.

For household consumers in the Netherlands, the electricity prices are regulated through a
constant electricity price or a two-tier time-of-use price (low price from 11PM till 7AM and
normal price from 7AM till 11PM), plus a fixed network tariff. To assess the benefits of
DR, and the shift to more time-varying pricing structures, multiple DR pilot projects have
been started. The Jouw Energie Moment[132] pilot is operated by a distribution network
operator with a goal to minimise network loading by peak shifting, while the PowerMatching
City[133] pilot is evaluating a local market-based DR program. These two pilot projects
can however, highlight the conflicting interests between actors in the unbundled electricity
market. An energy supplier (ES) coordinated price-based DR scheme can introduce higher
peak loads as users increase their loading during periods of low prices, while peak shifting
based on network constraints could shift demand to times of higher energy prices for the
consumer, however reducing the investments necessary in the distribution network.

The incentive function of the DR program is either based on the energy price or the network
loading, or a combination of the two. For the ES-based DR program, the price plus incentive
is simply replaced by a real-time energy price. To avoid continuous load changes on even
the smallest of price changes, a dead band is introduced in the price signal. If there are
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price deviations of less than 0.02e from the average price no price signal is received by the
households.

For a DNO-based DR program, a more complex incentive function needs to be defined. The
incentive function should translate the energy consumption of a household to an incentive
based on the impact on the network of that particular consumption profile. The DR
approach is based on the loading of the households, as this information can be made available
through the use of smart meters. These loading conditions are converted to a signal which
indicates the relative amount of DR required to keep the voltages within the limits, as the
voltage limits are violated before overloading occurs. Based on the reinforcement cost of the
feeder this signal is converted to a price incentive for the customer. As the voltage limits
should not be violated, the incentive requires an increasing rise when the voltage deviations
get closer to the limits. If the customer reacts on the incentive from the DNO, the network
will be restored to a position well within its limits. This reduces the incentive from the DNO
and will then increase the loading of the households, causing the incentive to increase again.
To avoid this oscillation the incentive from the DNO is only reduced after a time lag of
15 minutes and the rate in which the incentive can change is limited. Based on the above
considerations, the proposed incentive functions for the ES-based and the DNO-based DR
programs are given in the equations below:

α(i)p =

{
pE − pE(i)− 0.02, if |pE − pE(i)| ≥ 0.02

0, otherwise
(6.2)

α(i)n =

{
(|1−V (i)|−0.04)3

TDR

(Crf−Crf ·d)
Clf

, if |V (i)− 1| ≥ 0.04

0, otherwise
(6.3)

Where d is the depreciation rate, α(i)p is the incentive the households get from the ES and
α(i)n the incentive from the DNO, pE is the real-time electricity price, pE the yearly average
electricity price, TDR is a factor to ensure the incentives supplied by the DNO do not exceed

the profits from the investment deferral
(
TDR =

iY∑
i=0

|1− V (i)| − 0.04

)
, iY the number

of 15 minute intervals in a year, Crf is the reinforcement cost and Clf is a factor (between
1.02 and 1.05 depending on the network topology) to decrease the investment deferral with
the expected reduction in losses when reinforcing the network. Examples of the incentive
signals which the customer receives can be seen in Fig. 6.4b.

The simulations of the ES- and DNO-driven DR programs are done based on four selected
feeders (from Appendix B feeders: 16, 47, 53 & 82), for one summer and one winter week,
to include effects of seasonal variation in load as well as in electricity prices. The load is
divided into flexible (EV, dishwasher, washing machine, and dryer) and non-flexible loads
(all other loads). The flexible loads can be delayed for up to 24-hours, expect for the EV.
The state of charge of the EV should be 100% by the time the EV leaves the household. An
example of the incentive functions, the resulting load and the effect on the voltage deviations
are given in Fig. 6.4 for a single feeder.
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Figure 6.4: The loading under the two DR programs and the incentive functions used to simulate
the DR during a winter weekday for a single feeder

The Fig. 6.4a shows the load of an average household and how this is affected by the DR
programs. It can be seen that the loads are mainly shifted from the evening peaks to the
night. The energy price incentive shows a much smoother profile compared to the incentive
from the DNO, as can be seen in Fig. 6.4b. This is caused by the direct feedback loop in the
incentive from the DNO, while for the incentive from the ES it is assumed that the changes
in this LV-network are too small to have an effect on the price. The voltage profile in Fig.
6.4c shows that both the normal household load and the household load with DR based
on the ES, violate the lower voltage limit of 0.94 p.u. (the actual voltage regulations allow
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Figure 6.5: Overview of the relative yearly energy cost per household for two DR programs with
respect to the business as usual situation for the feeders A-D

larger voltage deviations, but as the voltage deviations in the medium voltage network are
not modelled, the 0.94 limit is used to account for this). The DR from the DNO point of
view reduces the voltage deviations to within allowable limits. It can also be seen that the
DNO will only start to give an incentive if the voltage goes below the 0.96 p.u. mark.

For the base case, the yearly energy cost is calculated for the four feeders without the use
of any DR. This is simulated for every 15-minute value of both a winter and a summer
week with all loads assumed to be non-flexible. This results in voltage deviations outside
of the limits for feeder 82 (weakest feeder), the other feeders remaining within the limits.
The same winter and summer weeks are then simulated with the inclusion of the demand
response program of the DNO and the ES. The resulting yearly energy costs with respect to
the base case are depicted in Fig. 6.5.

In the figure the difference in yearly energy cost with respect to the base case is depicted,
so a negative cost means that the costs of the DR program are lower than without DR. The
light bars indicate the contribution of the changes in energy cost due to the DR, the dark
bars indicate the difference in network cost with respect to the base case and the and red
bars indicate the combined effect of both the network and the energy cost on the yearly
cost. The introduction of a DR program seems to have a generally positive effect for the
customer, however the decrease in energy cost is limited. The exceptions are feeder 16 with
a DR program from the ES point of view which is more expensive than the base case, and
feeder 47 with a DNO controlled DR program, which results in negligible cost savings (<
1e cent per year). For feeders 47 and 53, the ES- driven DR program is more profitable,
while for feeders 16 and 82 the DNO-driven DR scores best. For the feeders 16 and 53,
the cost of the network reinforcements increases as the ES-driven DR program increases the
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peak loading. For feeder 53 this does not result in a higher total cost as the investment costs
per connection are much lower due to the higher connection density. The DNO-driven
DR program is capable of reducing the peak loading of feeder 82 enough, so that network
reinforcement is no longer necessary. This leads to the largest total saving as the energy cost
is also reduced due to the predominantly positive correlation between network loading and
energy prices.

The cost savings from the perspective of a household are however relatively low and as shown
in Fig. 6.5 the cost reduction with a DR scheme based on the network load, can oppose the
cost reduction with a DR scheme based on real-time energy prices. This would require
different prices for network access for each consumer, which is currently not allowed by
regulation as it impedes non-discriminatory network access. These reasons make DR from
a network planning perspective, not a very interesting option; only from a more operational
point of view, DR can offer some benefits. When a large uncertainty over the local future
load exists, the application of DR can delay the decision making, if a DR system is already
in place.4

6.3.2On-load tap changer implementation

Conventional MV/LV transformers are equipped with an on-load tap changer. With
the transition towards a sustainable energy supply, the absolute magnitude of the voltage
deviations in the LV-network can increase. To maintain these voltage deviations within
the required limits (avoiding both under- and over-voltages), an OLTC can be installed.
The use of an OLTC is therefore also often considered in smart grid concepts. The OLTC
is currently getting applied more and more often, in LV-networks with a high amount of
PV. The OLTC is not consistently and methodologically evaluated as one of the possible
alternatives of reinforcements in the LV network. The implementation of an OLTC at the
MV/LV transformer is now mostly performed on a case-by-case basis (mainly vacuum switch
based) and for smart grid pilot projects (mainly power electronics based). To gain more
insight into the value that an OLTC can have in the LV network, a framework to evaluate
how the OLTC can be applied within the planning process is needed.

The use of an OLTC in distribution networks has been discussed before. However, the
research has been mostly focussed on more advanced operational approaches of combining
the control of the OLTC with the control of distributed generation [134][135] and/or
electric vehicles [136], solving unbalance problems through individual phase voltage control
[137], or using multi-objective optimisation approaches [138]. The control of the OLTC
alone has also been a subject of research. While in [139] the control is based on state
estimation from measurements within the distribution network, the work in [140] shows

4For an elaboration on the use of the implementation of demand response the paper M. Nijhuis, M. Babar,
M. Gibescu, and J.F.G. Cobben, “Demand response: Social welfare maximisation in an unbundled energy market
Case study for the low-voltage networks of a distribution network operator in the Netherlands” IEEE Transaction
on Industry Applications, vol. 53, pp. 32-38, 2016 can be consulted in Appendix A.9
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that a considerable part of these advantages can already be achieved by just measuring at
the first bus. Different strategies for the application of an OLTC to mitigate over-voltages
have been presented in [141]. Though these strategies can all increase the hosting capacity
of the network, they are only assessed from an operational perspective. The implementation
of an OLTC in the planning process has been touched upon by [142] in a specific case
study. The generalisation of this approach and the implementation in the network planning
optimisation problem however still need to be defined. Based on probabilistic load flow
calculations for cases with and without an OLTC, the maximum admissible voltage in
the underlying feeders can be determined for the different operating approaches. The
admissible voltage is found to be independent of the network structure, allowing for an
elegant implementation of the OLTC in the network planning optimisation. By relaxing
the voltage constraint into a penalty function to be added to the objective function, the
use of an OLTC can be evaluated within the same framework as the conventional network
planning methods already introduced.5

6.4 Conclusions

The LV-network expansion planning is still often based on a deterministic approach. By
switching to a probabilistic approach with the inclusion of both the uncertainty introduced
by the forecasts of the residential load for the coming 40 years and the volatility of the
household load itself, a more cost-effective approach to the network expansion planning
can be designed. A probabilistic approach to the determination of the LV-network
reinforcements has a far higher computational burden. A bilevel optimisation approach in
which the first investment is determined in the upper optimisation loop and the subsequent
investments are determined in the lower optimisation loop is found to be able to reduce
the computational burden, while not discernible sacrificing on accuracy. The use of
measurement data from smart meters can decrease the uncertainty in the LV-network
planning and in turn lead to slightly lower LV-network cost. The implementation of demand
response to defer LV-network investments shows only very small gains from a consumer
perspective. The majority of the LV-network (>75%) has no too little direct benefits from
demand response, while the potential profit for the DNO is very limited if the consumers
need to be reimbursed for their change in demand.

5A case study on the implementation of an OLTC in the LV-network expansion planning, with different PV
penetration scenarios shows that the OLTC can be used to defer network investments or as a complete smart grid
alternative to network reinforcements, especially for situations with long, rural or suburban feeders where a scenario
of high growth of PV is anticipated. More information can be found in the paper M. Nijhuis, M. Gibescu, and
J.F.G. Cobben, “OLTC implementation in low voltage network planning” in ISGT Europe, 2017 can be consulted
in Appendix A.10



7
Conclusions & Recommendations

The transition from a fossil-fuel based energy supply towards a sustainable energy supply is
challenging for the planning and operation of the LV-network. In the previous chapters, the
modelling, analysis and mitigation of the challenges in the long-term LV-network planning
domain have been discussed. In this chapter, the conclusions which can be drawn regarding
the approach of the DNO with respect to the LV-network planning are given. Thereafter
some recommendations for future research directions are given.

7.1 Conclusions

To assess the effects of the transition towards a sustainable energy supply on the LV-network
planning process the following research question was presented in chapter 1.

How should the distribution network operator change its approach to the design
of the low voltage network in order to most efficiently handle the uncertainties in
future loading introduced by the transition towards a sustainable energy supply?

Based on the research presented in chapters 2-6 the sub-questions posed in chapter 1 can
now be answered.

71
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1) Which of the changes introduced by the transition towards a sustainable energy
supply have an effect on the long-term adequacy of the low voltage network?

There are many changes that have an effect on the adequacy of the LV-network; the
introduction of demand response, microgrids, PV, EV, power electronics, storage, changes in
the conventional household load and the introduction of more communication possibilities
within the power system all have an influence on the LV-network. The main influences of
this transition from an LV-network point of view, the introduction of EV and PV, are both
related to the residential electricity usage. The electrification of transportation, through the
use of EV, can shift the energy usage of households away from fossil fuels towards electricity.
While PV enables the local generations of renewable energy, leading to bidirectional energy
flows. The residential electricity usage is thus changing significantly through the transition
towards a sustainable energy supply. From a DNO point of view, the capacity and the power
quality are the main requirements that are affected by this transition.

2) How will the residential load change in the coming decades and how can this be
modelled?

The residential load will mainly change through the increased penetration of the technologies
associated with the transition towards a sustainable energy supply. Through the increased
use of PV, heat pumps and EV, the coincidence factor among the households will increase,
leading to higher peak loads. However as appliances become more efficient, the overall
energy usage and the peak load might also decrease. The residential load depends on how
the future will unfold in terms of: penetration level of EV, heat pumps and PV, economic
growth and appliance efficiency. A large scenario space can, therefore be constructed to
reflect the possible changes in the residential load. The volatility of the household load is
high and the behaviour of the loads at peak times can be considered independent, as the
correlation during peak hours is only 0.01. Therefore the load curves must be constructed
at the level of an individual household. To generate these load curves while allowing for
the implementation of future load scenarios, an appliance based bottom-up Markov Chain
Monte Carlo approach is required. Household load curves with a 1 min. time resolution
with statistical characteristics validated with smart meter measurements can be generated in
this way. Simplifications have to be defined to be able to use these household load curves for
computationally more intensive LV-network studies. The use of a clustering approach can
generate generic times series of the household load curves and the use of Gaussian mixture
distributions can be used for peak load assessments.

3) Which metrics are important for the determination of the adequacy of the low
voltage network and how can they be assessed?

For the point of view of the long-term adequacy of the LV-network, the most important
aspect is the capacity of the LV-network in terms of both voltage range as well as current
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carrying capacity. These two metrics should give the best indication of the adequacy of an
LV-network. Assessing the capacity of the LV-network can be problematic because of its large
size; the entire Dutch LV-network for instance consists of over 120 000 MV/LV substations
with over 300 000 LV-feeders connected to them. In order to analyse this network, a
generalised LV-network model needs to be developed. By generating this simplified model
based on a fuzzy k-medians clustering approach, the link between the original network and
the resulting generic LV-networks remains, allowing for the generalisation of the results
obtained from a small set of generic feeders.

To assess the voltages and currents in a radial LV-network, a backwards-forwards sweep
load flow can be applied. In the LV-network, the voltage angle can be neglected as R/X
ratios in LV-networks tend to be high and the acquired voltage difference from the initial
iteration is shown to be almost linearly related to the difference between the initial and final
iteration voltage deviation. These two simplifications allow for the use of a Gaussian mixture
distribution for the household load as an input to the load flow computation. Based on these
computations the distribution of the voltage at each bus and power at each branch can be
analytically determined, allowing for much faster probabilistic load flow computations.

4) Is the current (Dutch) low-voltage network capable of handling the foreseen
changes in the loading?

The majority of the LV-network will not experience any problems, even if all the possible
scenarios are considered. For more than three out of every four networks the risk never
exceeds 0.5, thus the largest part of the LV-network would not need any reinforcing to be
able to handle the changes introduced by the transition towards a sustainable energy supply.
The number of consumers is the most important parameter for determining the risk within
a certain LV-network. The feeder length also shows correlation with the risk level present in
the LV-feeder, however far less than the number of connections. The longest feeders are often
placed in rural areas and the feeder is in these cases often limited by the constraints on flicker
and safety. When looking at these rural feeders with residential consumers a relatively small
voltage deviation and loading are currently present, leading to little need for reinforcements.
A large penetration of PV increases the risks within the LV-network the most, while small
and even medium amount of PV can be implemented within the network without inducing
significant risks. The increased penetration of EV is the second most important source of
risk introduced by the transition towards a sustainable energy supply, however this risk can
be for a substantial part mitigated by smart charging.

5) How can low voltage network reinforcements best be implemented and can ‘smart
grid’ solutions contribute to a more cost-effective low voltage network reinforcement?

The implementation of LV-network reinforcements should be done based on a probabilistic
evaluation of the LV-network; both the uncertainty introduced by the trends in the
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residential load for the coming 40 years and the volatility of the household load itself should
be included in the network expansion planning approach. A probabilistic approach to the
determination of the LV-network reinforcements has a far higher computational burden than
a deterministic one. Therefore, a bilevel optimisation approach, in which the first investment
is determined in the upper optimisation and the subsequent investments are determined in
the lower optimisation, should be employed to reduce the computational burden.

In addition, a number of ’smart grid’ oriented approaches to the network expansion planning
have been investigated. The use of measurement data from smart meters can decrease the
uncertainty in the LV-network planning and in turn lead to slightly lower LV-network costs.
The implementation of demand response to defer LV-network investments will only lead
to very small gains from a consumer perspective even if all the benefits are passed on to
the consumer. The majority of the LV-network (>75%) has no to little direct benefits from
demand response, while the potential benefits from a DNO perspective are very limited as
the consumers need to be reimbursed for their change in demand.

7.2 Recommendations

The work in this thesis gives an overview of how the LV-network can best be reinforced in
the light of the transition towards a sustainable energy supply. There are however much more
aspects of the LV-network planning in the light of the transition towards a sustainable energy
supply which requires a more elaborate investigation. In this section, some of the possible
future research directions are given.

• Effects on higher voltage levels
The research in this thesis focuses on the LV-network. Changes in the LV-network
can have a large effect on the adequacy and structure of the networks with higher
voltage levels. Changes in the LV-network might also be resolved by changes in
the MV-network which lead to less severe voltage variations at the LV-busbar. The
optimisation with respect to the LV-network should take these effects on the higher
voltage levels into account, however this would require much larger networks to be
analysed, increasing the computational burden of the network expansion planning.
How the MV-network can best be included in the LV-network expansion planning to
correctly include the cost of changes to the MV-network remains to be analysed.

• Demand response integration
The use of demand response for the deferral of LV-network investments has been
analysed in this thesis. Even though it showed very limited potential benefits, demand
response should still be integrated into the network expansion planning optimisation.
The analysis in this thesis with respect to demand response is limited to a single
future loading situation. When modelling the future load with the inclusion of
uncertainty through the use of multiple scenarios, more detailed and possible different
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results might be obtained. With such an approach, demand response might still offer
significant benefits as the benefits of delaying a decision increase in more uncertain
environments.

• Network constraint handling
Within the optimisation of the network expansion planning the constraints on the
node voltages and the branch currents are implemented as simple limits. Especially
for the current limits, which are based on the heating of the cable, this is a crude
representation of reality. For the temperature rise to become problematic, the peak
load for which the network is assessed should be present for multiple consecutive
time instances. Whether or not this would be the case should be investigated with
successive load flows in addition to deciding how these thermal limits can best be
implemented in a snapshot calculation of the LV-network.

• Multi-objective planning
The planning problem formulation as given in this thesis is based on the transfor-
mation of all the objectives into a cost. This approach gives no indication if a slight
change in altering the cost functions of these objectives would result in a very different
optimal network. The transformation of the LV-network planning approach to a
multi-objective approach can give a sense of the sensitivity of the obtained network
to changes in the cost functions related to each of the objectives.
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The shift to more renewable electricity generation, electrification of heating and transportation and the

rise of ICT and energy storage lead to changes in the distribution of electricity. To facilitate the transition

towards a clean sustainable power system distribution network operators are required to act proactively

to these changes. To optimally capitalise on these changes it is imperative to have a clear and complete

overview of the main developments and their effects on the distribution network. The technical, social,

regulatory and economical effects of the renewable energy and ICT driven energy transition are

discussed based on requirements which the distribution network should comply with. The discussed

technologies all have effects on multiple requirements for the distribution network and the mitigation of

unwanted effects should be assessed on these areas simultaneously. This can ensure that the future

distribution network is best equipped to deal with the renewable energy and ICT driven energy

transition. The overview of the requirements shows that the capacity, regulation and power quality are

the main requirements which are affected by the renewable energy and ICT driven energy transition.

& 2015 Elsevier Ltd. All rights reserved.
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1. Introduction

The electrification of transportation and heating has the poten-

tial to make the energy usage of households more sustainable. In

combination with the shift from consumers to prosumers through

locally generated renewable energy like photovoltaics, the energy

system is getting more sustainable. This transition towards a more

sustainable energy system needs to be facilitated by the distribu-

tion network operator (DNO). Developments like the possibility of

the implementation of storage systems into the electricity network

and the developments in the ICT (information and communication

technology) sector, advanced metering schemes are becoming

more profitable and real-time operational actions in distribution

networks are becoming possible. The distribution network no

longer needs to be operated as a single system, but smaller parts

of the network can be autonomously operated as microgrids.

These developments are changing the way the distribution net-

work can be operated and planned.

There has been much research performed to gain more insight

into the changes which these developments individually bring to

the distribution network. The power system can be seen as a

complex system [1]. An analysis of all the individual effects of the

renewable energy sources (RES) and ICT-driven energy transition

might thus give significantly different results than the analysis of

the combined effects. In order to be able to perform a study on the

combined effects of the RES and ICT-driven energy transition the

generation of a clear overview of the impacts of this transition is

necessary.

In this paper an overview of the effects of the RES and ICT-

driven energy transition is presented. To structure this overview,

the requirements of the distribution network are used to assess

the effects of the RES and ICT-driven energy transition. These

requirements are discussed in Section 2. As the requirements have

been established, the effects of the energy transition are discussed

in Section 3 based on the driving technologies: Electric vehicles,

energy storage, demand response, ICT, photovoltaics, power elec-

tronics and the changes and electrification of household loads.

After these technologies have been discussed, the conclusions

with respect to the planning of the distribution network are

presented in Section 4 as well as directions for further research.

2. Requirements

The effects of the energy transition for the distribution network

operator are multifaceted: Technical, social, regulatory and eco-

nomical effects are all to be expected. To be able to generate a clear

overview of these effects, they are framed according to the

requirements of the distribution network. An overview of these

requirements is given in this section. This overview of the

requirements is used to structure the discussion of the effects of

the energy transition.
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To determine the adequate requirements, the function of the

distribution network is chosen as starting point. The function of

the distribution network is to provide access to safe electrical

power of an adequate quality at the lowest possible cost. The

requirements which can be derived from the function of the

distribution network (as with most other critical infrastructures)

are usually classified based on the four A's: availability, afford-

ability, accessibility and acceptability [2]. To allow for a more

detailed and structured evaluation of the developments in the

distribution network these four requirements are sub-divided into

eight categories: availability, capacity, cost, regulation, power

quality, social context, safety and market facilitation. These

requirements are discussed in more detail below.

Availability: Availability for the distribution network is defined

as an uninterrupted voltage at the point of connection with the

customer. The main reasons for interruptions in the voltage supply

are: maintenance, overloading of components and short-circuits.

Capacity: The capacity of the distribution network translates to

how much current the costumers can draw from the distribution

network without overloading. The capacity in the distribution

network is based on the limited by the maximum current which is

contracted and the coincidence factor of users in the same area.

Cost: The capital and operational cost of the DNO should be as

low as possible whilst fulfilling the other requirements. The cost

for the DNO can be split into four categories: expansion/replace-

ment cost, impairment cost, energy losses and maintenance.

Regulation: The distribution network is characterised by its

capital cost dependent nature (long payback periods and low

operational cost) and its non-rivalry nature (access cost are to a

large degree dependent on whether the good is consumed

within the vicinity). This marks the distribution network as a

natural monopoly, which needs regulated to achieve cost-efficient

performance.

Power Quality (PQ): The voltage at the point of connection

should have sufficient quality to ensure its compatibility with

the equipment of the customer. Harmonic distortion, asymmetry,

transients, frequency level, flicker, voltage swells/dips and steady-

state voltage level are the main phenomena which define power

quality.

Social Context: The distribution network operates within the

context given by its service area. This social context imposes a

number of external boundary conditions on the distribution net-

work, such as the integration of the distribution network within

the build environment or the prioritising of sustainable resources.

Safety: The distribution of electricity should be safe, for the

DNO as well as for the end-users. Which mainly means the

provision of adequate earthing at the point of connection and

when maintenance on the distribution network is performed.

Market Facilitation: In order to have a functioning competitive

electricity market, power exchange between producer, supplier,

and end-user should be possible. The distribution network

needs to facilitate this marketplace by physically connecting the

market parties.

2.1. Overview

The requirements discussed above can interact with each other.

For the analysis of the distribution network as a complex system

these interactions are important. An overview of the interactions

between these requirements is given in Fig. 1. The requirements

which are strongly linked are connected by the blue lines. The

interaction between availability and regulation for instance is

generated through quality regulation which compliment or pena-

lise DNO's based on their average outage duration per costumer.

For more information about the interactions of the requirements

New developments

Safety

Capacity

PQ

Cost

Availability

Market facilitation

Social context

Regulation

Storage

PV

EV

Microgrids

Demand response

Power electronics

ICT

Delta household load

Fig. 2. Overview of new developments and the requirements with whom they interact in the distribution network.

Safety

Capacity

PQ

Cost

Availability

Market facilitation

Context

Regulation

y

Fig. 1. Overview of the requirements of the distribution network and their

interactions. (For interpretation of the references to color in this figure caption,

the reader is referred to the web version of this paper.)
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when it comes to the planning of distribution networks [3–5] can

be considered.

3. Developments

There are many developments which have an impact on the

requirements of the distribution of electricity. The introduction of

electric vehicles, energy storage, demand response, ICT and power

electronics within the distribution network, photovoltaics, as well

as changes in the household load are the main developments of

the RES and ICT driven energy transition. Most of these develop-

ments have been separately studied, however as there are inter-

actions between the requirements (as shown in Fig. 1) a complete

overview of the effects of these developments is required. The

qualitative effects on the distribution system of these develop-

ments are depicted in Fig. 2.

The figure shows the requirements and their interactions in the

middle. Around these requirements the developments are de-

picted. If a development has a direct impact on a requirement a

line is shown between the development and the affected require-

ment. In order to generate a more clear picture the effects of the

developments and their effects on the distribution network are

discussed in more detail in the following sections.

3.1. Photovoltaics

The main source of distributed generation (DG) at the low

voltage level for the future seems to be rooftop photovoltaics (PV).

The introduction of micro-CHP (combined heat and power) at

household level is not thriving and windturbines are often con-

nected at the HV level or on a separate feeder from the high

voltage (HV) to medium voltage (MV) substation. Therefore it is

assumed that PV will be the largest source of distributed genera-

tion in the distribution network. In Fig. 3 an overview is given of

which requirements affected by the increase of PV in the distribu-

tion network.

The lines from PV to the requirements indicate a relationship

between the requirement and the introduction of PV. These

relationships are discussed per requirement in more detail below.

The greyed out requirements in the figure are not directly affected

by the introduction of PV, however through interactions with the

other requirements the introduction of PV could also have an

effect on the availability and market facilitation.

3.1.1. Power quality

The introduction of PV could lead to problems with the voltage

level in the distribution network as well as form a new source

for flicker.

Voltage deviations at the point of connection due to the voltage

rise induced by the reversed power flow yield no problems for

penetration levels of up to 0.5 kVA per household [6]. Though a

standard household connection can accommodate PV-systems of

upto 17 kVA, most PV-systems do not exceed 2 kVA (based on the

2013 data from the Dutch DNO Liander). On rural feeders however

problems with the voltage rise could occur [7] as the grid

impedance at the point of connection can be much higher than

in non-rural cases.

A increase in flicker due to cloud induced PV fluctuations is

possible, dependent on the local weather conditions and the

impedance at the point of connection. As shown by seemingly

contradictory studies, in [8] there was only very limited influence

of PV on the level of flicker while in [9] a contribution larger than

the local flicker limits was discovered.

3.1.2. Safety

Reverse power flows in the distribution network as well as the

possibility of islanded operation can pose a safety risk.

Reverse power flows in some parts of the network could

generate overloading of cables which would not be noticed by

the protection devices, as protection relays usually only rely on the

current at the beginning of a feeder [10]. This blinding of the

protection relays could introduce unsafe situations.

Unintentional islanding is also a safety hazard with DG. As PV

can keep parts of the network energised that have been isolated.

Which makes it more difficult to assess for a technician whether or

not the network is safe to work on. The current grid-tied inverter

are required to trip at certain frequency or voltage deviation [11],

which minimises the risk of islanding.

3.1.3. Capacity

PV might require additional capacity as the coincidence between

peak production of different PV-systems is very high.

For PV installed on the rooftops of houses the coincidence factor

of PV in a single neighbourhood is close to unity [12]. The diff-

erences in orientation between houses and the angle of the roof

creates the differences in PV power output between the houses. The

network capacity planning for PV should not be based on the

current coincidence factor but take into account the full rated

power of all PV installations. The rated power of PV systems which

Safety

Capacity

PQ

Cost

Availability

Market facilitation

Social contex t

Regulation

Delta household load

Fig. 4. Overview of the requirements of the distribution network which are

affected by changes in the household load.
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Cost

Availability

Market facilitation

Social context

Regulation

PV

Fig. 3. Overview of the requirements which are affected by an increase of PV in the

distribution network.
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are installed in the low voltage (LV) network is for a large part

(450% of the installations are 2 kVA or smaller) small enough to

not require any added capacity compared to the current design

criteria. However for future scenario's with larger PV installations,

the capacity of the LV-network might no longer be sufficient.

3.1.4. Cost

The placement of distributed generation has an impact on the

energy losses in the distribution network.

An increase in PV could lead to a significant change in the cost

of the losses, both higher or lower depending on the penetration

level. For an UK MV-network it is shown that coordinating the DG

placement the losses could be reduced by 20% [13]. As the DNO is

not allowed to influence the DG placement, the most efficient

combination of DG and the network design will not be achieved

within the current regulatory framework.

3.1.5. Regulation

The reimbursement for adjusting the distribution network to

facilitate PV integration is lacking in the current regulatory framework.

As most PV-units will be installed at existing LV-connections no

connection charges or very limited shallow connection charges

apply. The network operator would not be reimbursed for the

network reinforcements which may occur due to the connection of

PV. This leaves the network operator with no way of covering the

cost for the reinforcements except by socialising the cost over all

connections, which is from a PV placement and cost distribution

point of view not preferable [14]. The inclusion of location based

incentives in the regulation is not embraced, as it could reduce the

affordable and non-discriminatory access to energy.

3.1.6. Social context

The connection of PV and other distributed generation should

have priority due to the benefits which it generates for society [15].

The most important benefits are the absence of greenhouse gas

emissions during electricity production and the increase energy

security as the dependence on fossil fuel imports decreases.

3.2. Household load

In the coming years there are many developments which affect

the household load. The proliferation of electric vehicles, the

introduction of home energy management systems and the electri-

fication of heat generation are all examples of developments which

will alter the household load. Next to the changes in the magnitude

and time evolution of the loading of a household, the characteristics

of the loads in the household will also change and the load profile

can also be affected by societal trends such as an increase in working

from home. These changes affect the power quality, capacity, cost

and regulation requirements, as shown in Fig. 4.

3.2.1. Power quality

The change in household load could introduce change in the

effect of poor power quality on the household appliances as well

as reduce system stability.

The change in household load could result in a change in

immunity to certain power quality effects. The phasing out of the

incandescent light bulbs and their replacement with LED or

compact fluorescent lighting for instance increases the flicker

immunity [16], however if dimmers are applied to these lamps

their flicker immunity levels decrease significantly [17].

The household load is in an increasing amount DC oriented,

due to increasing penetration of consumer electronics, which

indicates a change to predominantly constant power loads. These

constant power loads have a negative differential impedance,

meaning a decrease in voltage will lead to an increase in current,

which could destabilise system voltage and frequency and increase

voltage fluctuations and flicker [18].

3.2.2. Capacity

A change in the household load can introduce changes in

required capacity as the peak load or the coincidence factor can rise.

New loads will not only have a large impact on the total

household load level, either increasing or decreasing it, but also

on the load profile. LED lighting for instance could generate a

reduction in average load and peak load [19], while the introduction

of many loads connected via power electronic converters has led to

an increase in standby (base) load. These changes in the load curve

have an effect on the required capacity and the asset utilisation.

The electrification of household energy use could lead to the

increased usage of electricity especially for heating and transpor-

tation purposes. These types of loads (when present) are a

substantial part of the total household energy consumption and

have a relatively high coincidence factor of 0.5–0.7 [20,21] mean-

ing a much higher feeder and transformer capacity is required

when these types of loads are present in a neighbourhood.

3.2.3. Cost

If changes in the household load generate a higher peak load, or

an increase in coincidence factor an investment to reinforce the

distribution network could be required. The tariffs the DNO may

charge are however based on gradual investments and the DNO

has no method to recover these cost except by raising the tariffs.

3.2.4. Regulation

If the changes in household load generate more diversity

among users, the household connection charging could become

untenable.

Difference in load between two households could increase due

to the differences in electrification, lifestyle and wealth. The

current LV network connection charges allow for a large difference

in loading (o17 kVA peak) while maintaining the same tariff. This

generates an inequality between the paid tariffs and the actual

network usage and gives rise to questions about the tenability of

the current LV connection classes [22]. For the MV-network these

problems will not occur as the connection charges are already

dependant on the actual maximum loading of the customer.

Safety

Capacity

PQ

Cost

Availability

Market facilitation

Social context

Regulation

Storage

Fig. 5. Overview of the requirements which are affected by the introduction of

storage systems into the distribution network.
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3.3. Energy storage

With the expected rise in electric vehicles the cost for energy

storage is expected to decrease and the use of energy storage as a

distribution network component is becoming viable [23]. This

could have implications on all of the requirements of the distribu-

tion network as shown in Fig. 5.

3.3.1. Power quality

Energy storage can be used to increase the local power quality.

The use of energy storage can providing reduce flicker and

eliminate voltage dips by delivering power to the network when

these phenomena occur. Energy storage can assist in voltage

control, by smoothing out the load curve by storing energy during

off-peak times and releasing energy during peak times. Voltage

fluctuations of wind turbines [24] and of PV [25] can for instance

be alleviated by the use of energy storage , which would allow

for a larger amount of RES to be connected to the distribution

network.

3.3.2. Availability

By storing enough energy to allow for the possibility of island

operation, especially in combination with distributed generation

such as photovoltaics, the provision of electricity could continue

during fault conditions in the network, thus increasing the avail-

ability [26]. This solution could be applied at the connection level

thus giving rise to differentiation on availability between customers.

3.3.3. Safety

Island operation can be used to increase availability, however

the presence of part of the network which are still live can pose a

safety risk for mechanics. Current regulations do not allow for this

islanding mainly due to safety concerns. The regulations should be

adjusted to achieve the islanding while maintaining the safety of

the workers [27].

3.3.4. Capacity

Peak loads which determine the required network capacity

only happen for a limited number of hours a year. By using storage

to charge during off peak hours and discharge during peak hours

we can shift the peak. This peak shifting can reduce the required

network capacity and result in investment deferral [28].

3.3.5. Cost

Compared to classical network components, distributed storage

has a lower economic lifetime and higher recoverable cost thus

requires a different investment approach. However storage sys-

tems tend to benefit multiple actors instead of only the DNO. This

requires including these actors in the investment or investments

from a different actor than the DNO [29].

3.3.6. Regulation

The use of storage could generate a local increase in capacity.

This reduces the non-rivalry nature of the distribution network.

Depending on the strength and utilisation of the network, storage

systems can alter the peak capacity for a single user, without any

changes to the network. A change in peak capacity can thus be

achieved without any benefits for the other connected customers.

The peak capacity of a connection can thus no longer be seen as a

purely public good. This could give rise to intra network competi-

tion between market parties with the DNO only supplying the

basic connection service [30].

3.3.7. Social context

Energy storage systems have an impact on the social context.

Storage systems often have hazardous materials, which could lead

to opposition to integration of storage systems close to the

costumers. Next to this the integration of energy storage in the

network requires more space than the current situation. In urban

and suburban areas the placement of assets is already problematic.

Municipalities are less willing to offer space for the power system

and have higher demands regarding the integration in the build

environment.

3.3.8. Market facilitation

The usage of storage to shift the electricity usage influences the

prices and transaction volumes in the electricity market. This

interferers with the normal functioning of the electricity market.

Therefore the DNO is currently not be allowed to trade in the

electricity market. The contracting of “peak shifting” services from

third-parties however is allowed.

3.4. ICT

In the recent years the possibilities offered by ICT have

increased tremendously, while the costs have been dropping.

Though distribution automation has been around for many years,

up until recently the automation in the distribution network was

limited to HV/MV substations. In the rest of the network the DNO

has to rely on on-site technicians to perform measurements or

switching actions. A description of the current state of distribution

automation can be found in [31]. In this section the new oppor-

tunities and challenges of advanced automation in the distribution

network are discussed. The requirements affected are depicted

in Fig. 6.

3.4.1. Power quality

Through the use of more measurement points in the network

more insight can be gained about the actual power quality in the

network. As measurements are now only at the HV/MV substation

level, the measured extremes in voltage deviations, harmonics and

flicker levels tend to be much lower than at the end of the low

voltage feeders. With the information on power quality also at the

low voltage feeders a much better estimate can be made on how

strong the network needs to be to provide adequate power quality

[32]. The use of advanced metering schemes also gives more

insight in the voltage levels in the LV-network.

Safety

Capacity

PQ

Cost

Availability

Market facilitation

Social context

Regulation
ICT

Fig. 6. Overview of the requirements of the distribution network which are

affected by increased ICT usage in the network.
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3.4.2. Availability

ICT can have much effect on the availability of the distribution

network. More information and remote control outage can

increase the availability while the increased dependence on ICT

can increase the number of outages or outage duration.

By measuring at more places in the distribution network, faults

can be faster recognised and localised [33]. Better knowledge

about the location of a fault reduces the time technicians need to

find the faulted section. This allows for faster isolation of the

faulted section and thus increases the availability.

The availability of the MV network can be increased by

automatic network reconfiguration. By the use of remote circuit

breakers a faulted network section can be isolated automatically.

This can reduce the average outage time for a MV interruption

from 90 min to under a minute. As the cost for ICT go down, the

cost of switches which can be operated remotely lowers. The

dependency on the circuit breaker costs are also high [34] and can

remain a barrier for the implementation of automatic network

reconfiguration.

Reliability of the ICT systems remains one of the key challenges

of the integration of ICT in electricity networks [35]. ICT can be

used to optimise various aspects of power delivery and the

interdependence between the two infrastructures is increasing

[36], however a failure of the ICT system should not induce an

interruption of power delivery. When designing the ICT system

this should be taken into account in order to not decrease the

availability.

3.4.3. Capacity

The capacity of the network which is actually utilised is

unknown for most of the distribution network. The introduction

of smart meters generates more information about the loading of

the network for the distribution system operator. With this

information a better estimate about the loading of the network

can be made [37], which allows for less over-dimensioning during

the network planning as the uncertainty about the current state is

reduced; however the uncertainty over the future remains

considerable.

The extra insight into the current loading level of the network

and the ability to remotely perform control actions makes it

possible to operate less conservatively, closer to the physical limits,

and hence allows a better utilization of existing infrastructure and

investment deferral for future infrastructure.

The meshed operation of distribution networks can become

easier to implement through the use of ICT. The main barrier of

meshed operation is the demands it places on the protection

scheme to safely isolate a short-circuit. As wireless communication

technologies continue to advance (latency of machine to machine

communication in current mobile networks can be less than 50 s

[39]), their use in differential protection relays becomes possible

[38]. These protection relays can be retrofitted in the existing

network structure, without the need for the creation of additional

communication lines.

3.4.4. Cost

The use of ICT in the distribution network gives insight into the

condition of the network and allows for better component

monitoring [40]. This can be used to set more appropriate main-

tenance intervals and prolong component lifetime thus reducing

the costs for the DNO. By having a better understanding of the

failure and residual lifetime of the network components un-

planned outages can be reduced in favour of the more cost

efficient planned maintenances.

ICT components in power systems tend to have a typical

economic lifetime between the 7 and 10 years [41], this is much

lower than the traditional power system assets which have an

economic lifetime close to the 50 years. The approach to the

evaluation of the investments in ICT and the replacement schemes

for ICT components are therefore harder to assess compared to

classic network planning.

3.4.5. Regulation

ICT enables the use of different tariff structures. Through the use

of ICT a closer link can be created between the tariffs which

consumers pay and the actual price of electricity on the wholesale

market. Real-time, historical and forecasted price data become

easier to communicate to the electricity consumers and the possible

data transfer rates allow for the tariff structure to approximate the

actual market price for a given moment in time [42].

3.4.6. Social context

An increase in ICT in the network gives rise to privacy issues as

some consumers do not want to give other parties insight into their

electricity usage data. The concern is that from a detailed profile of

the electricity usage it becomes possible to extract lifestyle patterns.

This has already led to the creation of algorithms to mix and

anonymise the electricity usage data as presented in [43]. This

may reduce the usefulness of the smart meter data for planning

purposes. When the extremes in the data are no longer present or

the exact measurement location in the network is lost, the planning

still has to rely on simplifying assumptions as it does nowadays,

leading to over- or under-estimates of the capacity needs.
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Fig. 7. Overview of the requirements of the distribution network that change due

to the introduction of autonomously operating microgrids.
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Fig. 8. Overview of the requirements of the distribution network which are

affected by changes in the household load.
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3.4.7. Market facilitation

The data which becomes available with the use of ICT technol-

ogies could give rise to a more transparent and well-functioning

market. A market design which gives consumers a wide array of

choices concerning energy trading would become possible. As the

data on the consumption and generation of electricity becomes

accessible through the use of advanced metering schemes [44],

consumer insight into the origin of their electricity use increases

as well as a more accurate allocation and reconciliation process for

the energy suppliers.

3.5. Microgrids

As distributed generation becomes more and more common in

the distribution network, the possibility of operating a small part

of the network as a microgrid becomes possible. A microgrid is a

physically connected part of the LV-network (or MV-network)

which can at times be operated autonomously, isolated from the

rest of the distribution network. The creation of microgrids could

be driven by the desire to be self-sufficient, to collaborate as a

neighbourhood on the energy market or to be independent from

the network operator. Fig. 7 gives an overview of the requirements

affected by the creation of microgrids.

3.5.1. Power quality

The decoupling of a microgrid from the local network operator

can reduce the propagation of power quality phenomena. The

harmonics and flicker form the higher voltage levels will no longer

affect the consumers connected to the microgrid [45]. The creation

of a microgrid does however mean that frequency and voltage

stability should be managed locally. As there is usually little

system inertia, available generation capacity reserve and the on-

line generation has an intermittent nature, the stability of a

microgrid is harder to maintain in autonomous operation. This

can result in more volatility in the voltage and frequency [46]. The

low system inertia might also require the use of flicker mitigating

measures to have the flicker index within the limits [47].

3.5.2. Availability

If there is a fault in the higher voltage levels the microgrid

would be able to decouple and continue to supply power to its

users. In this way the effects of MV and HV failures can be

eliminated resulting in down-times which can be up to ten times

lower than the current network [48]. The microgrid is however

reliant on local generation which makes the availability more

dependent on the available DG and energy storage systems and

the location of these systems within the microgrid [49]. This limits

the availability gains within the microgrid.

3.5.3. Safety

Microgrids have only a relatively small amount of generation

connected, this results in low short circuit currents. However the

short-circuit power flow direction could differ for the same short-

location, depending on pre-fault generation at that time. This

makes the protection scheme which is employed in conventional

networks unfit for microgrids and could result in dangerous

situations due to higher touch voltages [50]. A different protection

approach which uses more advanced distribution automation is

thus required to ensure safe operation of the microgrid.

3.5.4. Cost

The cost for the creation of a microgrid are higher than the

realisation of a conventional network. Investments in additional

power electronics devices and storage or controllable generation is

needed for a microgrid. The DNO has only very limited possibilities

to recover these investments. Incentives for the DNO to create a

microgrid come from regulations with respect to power quality

and availability. These incentives are currently not enough to

recover the investments. However if the distribution system

operator could charge extra for additional quality, reliability and

the facilitation of renewable energy, a microgrid could have a

positive business case [51]. This also makes the social and

geographical context decisive whether or not a microgrid would

be economically feasible.

3.5.5. Regulation

Microgrids have very different operational requirements than a

conventional distribution network, and they also have a very local

focus. This gives rise to the question if an incumbent DNO would

be the right party to manage a microgrid. The microgrid benefits

are shared between the distribution network operator, local

energy prosumers and society at large (e.g. through the environ-

ment). Therefore a new regulation framework needs to be estab-

lished in order to have a fair distribution of the benefits [52].

3.5.6. Market facilitation

A microgrid debilitates wholesale market facilitation, since

during autonomous operation the local market is limited and only

local generators can deliver energy to the microgrid customers.

This would impose a single buyer/supplier market approach for

the microgrid or an agent-based local marketplace, which both

would require extra regulation. This extra regulation should

ensure that it remains possible for customers to change energy

supplier [53] which may not be physical be able to deliver the

energy or to ensure that the local market power cannot be abused.

3.6. Power electronics

Technology advances have lowered the cost of many power

electronic components. This could have implications for the

distribution network as the business case for including power

electronics in the network to for instance allow for more control

over the power flows has become more positive. With the

introduction of D-FACTS (distributed flexible AC transmission

system), FACTS devices can also be introduced at distribution

voltage levels [54]. Power electronics could be introduced to

replace the traditional components or improve the capabilities of

these components. A transformer for instance could be equipped
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Fig. 9. The effect of an public charging infrastructure on the requirements of the

distribution network.
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with a power electronic tap changer to improve the voltage range

[55] or could be completely replaced by a power electronics

variant [56]. This has an effect on many of the requirements of

the distribution network as can be seen in Fig. 8.

3.6.1. Power quality

The application of power electronics could have both a positive

and a negative effect on the voltage quality. Power electronics

allow for the conversion of AC to DC and DC to AC which generates

control over the quality of the output voltage regardless of the

input voltage quality [57]. This would make much higher levels of

equivalent grid impedance feasible while maintaining an adequate

level of power quality at the customer's point of connection. On

the other hand, if these power converters are not designed

properly they may inject high amounts of harmonics into the

network [58]. This problem can be solved by using better designed

power electronic converters or with active compensation with

additional power electronics.

3.6.2. Availability

The distributed generation which has a significant contribution

to the short-circuit power is usually required to switch off during

fault conditions. Faults in feeders connected to the same busbar

can trigger the protection relay of a generator connected via a

power electronics interface. By introducing fault current limiters in

the network or by installing a chopper in conjunction with the

power electronics interface at the DG the fault ride through

capabilities of DG can be increased [59]. This increases the DG

availability and the system stability. For most DG connected to the

MV level fault ride trough is already required from a regulation

point of view. For DG connected to the LV level this is not yet the

case (though it is included in the latest standards).

3.6.3. Capacity

Power electronics create the possibility of controlling the

power flows in the electricity network [54]. As most of the

distribution network is radially operated at the moment the need

for controlling power flows is not there. With the ICT develop-

ments protection relays and communication possibilities continue

to improve and meshed operation might become more advanta-

geous. In this scenario, the need to control the power flow will

arise in order to avoid overloading of cables and reduce losses.

3.6.4. Cost

The economic lifetime of power electronic devices is only 10–

20 years [60]. This is much lower than the 40–50 years for

conventional power system components. Compared to invest-

ments in cables to increase the network strength, power electronic

devices can be placed above ground. This generates a positive

instead of a negative asset recovery value (a power electronics

converter can be placed in another part of the network for a cost

lower than its value, while for underground assets the cost of

excavation is much higher than the remaining value of the

component). The use of power electronics in the distribution

network would thus require a different approach for the invest-

ment decision making approach than most other conventional

solutions.

3.7. Electric vehicles

The change from fossil fuel oriented mobility to electric

mobility in the form of electric vehicles (EV) will have an influence

on the distribution network. The increase in household load due to

uncontrolled charging at home does not have a significantly

different effect on the requirements than other energy-intensive

changes in the household load. To limit the impact of EV, smart

charging strategies must be applied. Smart charging can be seen as

a form of demand response and is therefore included in the

demand response development discussion. The changes which

EV bring to the requirements on the network are evaluated purely

from a charging infrastructure point of view in this section (same

as the changes with respect to the uncontrolled and smart

charging at home are discussed in other sections). About 90% of

all urban households do not have a private parking space [61]. If

these households adopt EV, they will need to rely on public

charging infrastructure. A public charging infrastructure would

thus require a large increase in capacity and connections to allow

for the adoption of EV in urban areas. For suburban and rural areas

the need for a charging infrastructure is much lower as charging

from home would be possible for most EV-drivers. The require-

ments which are affected by this public charging infrastructure are

indicated in Fig. 9.

3.7.1. Power quality

The current legislation with respect to the electricity supply

gives different requirements for DNOs and privately owned char-

ging stations when it comes to safety [62]. The requirements for a

privately owned charging station are based on the general elec-

trical requirements of low voltage installations, while a charging

station owned by the DNO has to also comply with the grid code.

The DNO for instance has to ensure flicker and voltage variations

are within the limits, while a privately owned charging infra-

structure must only ensure that the power quality is adequate for

the EV-charging station to operate.

3.7.2. Capacity

The capacity required by an EV charging station differs from

ordinary household load as the charging profile would almost be

block-shaped (if no smart charging options are applied). The public

charging station also has a larger coincidence factor than ordinary

household loads where there will only be charging when people are

at home. This results in a coincidence factor between the 40–60%

[21], which is high compared to the current coincidence factor of

household loads which is about 20%. The required capacity of a

public charging station could be accurately predicted as the driving

behaviour of people can be reasonably estimated from historical

data [63]. This allows for smaller over-dimensioning as the capacity

prediction error is smaller than with conventional loads.
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Fig. 10. Overview of the requirements of the distribution network which are

affected by the increase in demand response at the household level.
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3.7.3. Regulation

A public charging infrastructure should be regulated, as the

placement of charging stations in the public space would not be

possible in a completely competitive manner as there is limited

parking space available [64]. There are several possible options for

the role of a DNO in the charging infrastructure depending on the

level of competition which would be desired in the charging

infrastructure. The DNO can either be directly involved in the

infrastructure which would allow for better integration with the

existing network or the network operator could be one of the

parties or the regulating party when the charging infrastructure is

tendered [65].

3.7.4. Social context

The creation of a public charging infrastructure requires stan-

dardisation of the charger-EV interface to ensure that all EVs could

be charged at the public charging station. At the moment multiple

options exist for the charging interface [66] as well as for charging

stations [67].

3.7.5. Market facilitation

The role a DNO plays in the public charging infrastructure could

have significant effects on the requirements for market facilitation.

Since the DNO is not allowed to act on the energy market (except

for the purchasing of the energy to cover for transportation losses),

an electricity supplier needs to be contracted by the users of the

charging infrastructure. To guarantee a well-functioning market,

DNOs have to ensure multiple providers can use the same char-

ging station [68] in a non-discriminatory manner.

3.8. Demand response

Through the introduction of variable energy prices and ICT it

becomes possible to influence the demand based on market

conditions or grid conditions. Nowadays demand response exists

in many countries in the form of a multiple tariff structure (time of

use) and for large industrial customers. For the introduction of

more load flexibility, communication between loads and electricity

suppliers/traders or/and DNOs needs to be developed. After such a

system is installed, and pricing agreements are made, demand

response could be introduced at the household level. This will

have an influences on the requirements of the distribution net-

work depicted in Fig. 10.

3.8.1. Power quality

By having loads switch on/off based on a signal either given by

the electricity prices or the local network capacity constraints,

many loads can start-up at the exact same time. Refrigerators, air-

conditioning and heat pumps can for instance be used as flexible

loads. However they have start-up currents multiple times their

steady-state current. The regular switching of these devices could

lead to an increase in flicker [69]. The demand response signals

introduce a large coincidence among the start-up times of these

loads due to an automated reaction to price signals. The chance

that these loads introduce flicker is thus heightened by demand

response.

3.8.2. Capacity

Demand response can be used as a measure for peak shifting

and shaving. This could be beneficial from both a network

operator perspective as well as from an electricity supplier per-

spective. The timing of a demand response signal given based on

the electricity or imbalance price could differ significantly from a

signal given based on the network utilisation [70]. Depending on

the form of implementation of demand response; electricity price

based or network utilisation based, the effects on the capacity of

the network could be either positive (peak shaving during high

asset utilisation or asset overloading) or negative (a higher coin-

cidence factor of loads due to their similar response to electricity

prices) [71].

3.8.3. Availability

The availability can increase due to demand response, however

this is mainly from a generation perspective as indicated by [72].

There it is shown that a system with nodal pricing and limited

exchange and generation capacity would benefit from the possi-

bility of reducing load during peak consumption. The introduction

of demand response from an asset utilisation perspective could

lower the reliability. This is because a system capable of perform-

ing demand response would be extremely complex [73] and ICT

failures could lead to lower availability. Next to this the higher

asset utilisation which can be obtained has a higher risk of

overloading during extreme circumstances. These risks also arise

if no flexible loads are present at the moment demand response is

needed from an asset utilisation perspective [74].

3.8.4. Cost

The usage of demand respond for increased asset utilisation

could be considered as alternative to network reinforcement [75].

The cost structure of implementing demand response is signifi-

cantly different with respect to the current cost structure [76].

From high initial investments, long payback periods and almost no

operational cost, the structure is changed to a high one-time

demand response system investment after which there are almost

only operational costs. This change in cost structure requires a

different cost-benefit optimisation approach from a network op-

erator. The optimisation primarily based on the required upfront

investment should change to a continuous optimisation of the op-

erational cost.

Fig. 11. Overview of the effect of the new developments on the requirements in the

distribution network. (For interpretation of the references to color in this figure

caption, the reader is referred to the web version of this paper.)
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3.8.5. Regulation

The current regulation in the Netherlands and in most other

countries with unbundled electricity markets does not allow the

network operator to utilise demand side management in order to

increase their asset utilisation [77] or postpone investments. With

the introduction of demand response a part of the network

capacity has the characteristics of a private good [30]. The question

arises on what level the network operator as a monopolist can be

involved in demand side management. Their involvement can

reduce the social cost, but a large proportion of this cost reduction

can also be reached if a demand response scheme is operated by

market parties instead of the DNO.

3.8.6. Market facilitation

The usage of demand response in order to implement peak

shaving or shifting from an DNO perspective influences electricity

markets by increasing the local limits on the transported power at

certain moments in time. With the current market structure in

Europe, this is undesirable as the capacity costs of the network are

only considered when it is inadequate and the regulation structure

in place encourages the DNO to solve capacity constraints. How-

ever the market will not generate an incentive to solve the

capacity constraints, as market parties may even benefit from

the capacity constraints. As incentives from the demand response

system could boost their profit, thus leading to the aggravation of

the capacity constraints [78].

4. Conclusion

The effects of the main technology developments related to the

energy transition have been discussed. These effects are shown to

be significant enough to be taken into account when planning the

distribution networks. The technologies all have effects on multi-

ple requirements and the mitigation of unwanted effects should

thus be assessed on these areas simultaneously, to ensure that the

planned distribution network is capable of dealing with all tech-

nological changes. An overview of the effects on the requirements

is given in Fig. 11.

If a requirement is affected by a certain development it is indicted

whether this effect would be positive, negative, both, neither or

unknown from the perspective of the DNO. The shading indicates the

requirements which are affected the most by the developments. The

blue shading indicates requirements which the DNO can directly

influence, while the red shading indicates the requirements which

the DNO cannot directly influence. The capacity and the power

quality are the main requirements the DNO should focus on to

facilitate the energy transition, while the regulatory agency should

determine whether the current regulatory framework is still tenable

in the light of the RES and ICT driven energy transition.

Though the effects of over-voltage and overloading due to EV or

PV are mostly well-researched, there are numerous other effects

on the distribution network. Many of these effects have not been

investigated in detail. In addition, how these requirements influ-

ence each other also remains an open subject. The energy transi-

tion will have an impact on all the requirements of the distribution

network in addition to just the technical impacts. Important

examples include financial effects such as adequate remuneration

of the DNO for the reinforcement and expansion of the network, or

regulatory effects such as the tenability of the current tariff

structure for LV-consumers. The overview of the requirements

allows for a better estimation of the effects which developments

and combination of developments can have.

4.1. Future work

A number of effects of new technologies on the distribution

network still require more research. The implications for the

energy market if a DNO starts utilising a demand response scheme

to alleviate congestion in the network, or the effects on the fast

voltage fluctuations if the coincidence of device switching is

increased due to the reaction of these devices to control signals.

In this analysis only developments in technology have been

analysed. To gain a more complete picture next to these techno-

logical changes, also social changes have to be taken into account.

The increase in people working from home for instance not only

changes the loading of the distribution network during the day,

but also alters the social impact of outages in residential neigh-

bourhoods during the day.

The resulting effects on the distribution network of a subset of

these changes taken together can be different from the sum of

their individual contributions due to emergence in a complex

system. As part of future work, the modelling of individual

households and their behaviour as agents combined with the

introduction of various technologies will be undertaken to gain

more insight into the interactions between the users, the new

technologies and the distribution network. With this analysis, a

better understanding of the expected effects on the distribution

network can be obtained.
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In  the  residential  sector,  with  the  introduction of electric vehicles  and photovoltaics,  developments

are  taking place which  have  an impact on residential load  curves. In  order  to assess the  integration

of these  new  types  of technologies  on both  the  generation  and  load side, as well  as to develop  mitiga­

tion strategies like  demand side management,  detailed information is required  about the  load  curve of

a household.  To  gain knowledge  about this  load  curve a  residential  load model  is  developed  based  on

publicly  available data. The  model  utilises  a  Markov  Chain  Monte Carlo  method to model the  occupancy

in a household  based  on time  use surveys, which  together with  weather variables, neighbourhood char­

acteristics and behavioural data  are  used to model  the  switching pattern  of appliances. The modelling

approach described  in this paper is  applied for  the  situation  in the  Netherlands.  The resulting  load  curve

probability  distributions are  validated  with  smart meter measurements  for  100 Dutch  households  for  a

week. The validation  shows  that  the  model presented in this paper can  be  employed  for  further studies

on demand side management  approaches and  integration  issues  of new  appliances  in distribution  grids.

© 2015  Elsevier B.V.  All  rights  reserved.

1. Introduction

The energy transition is changing the loading of the distribu­

tion grid especially in residential areas. With distributed generation

consumers are becoming producers and the electrification of heat

and transportation shifts the energy demand from fossil fuels to

electricity. The current practices of grid development employed

by network operators needs to be adjusted to ensure efficient

integration of new loads and generation technologies and to reap

the benefits of demand side  management. However the current

modelling of residential loads is not accurate enough to  assess

these problems and opportunities [1], as the energy transition and

demand side management alter the diversity and stochastic char­

acteristics of the household load curve. With the installation of

smart meters more opportunities arise to  validate a  residential load

modelling approach, while the need for modelling remains present

from the perspective of forecasting, long­term planning and due to

privacy concerns about smart meter data.

In the literature models have been presented for the estima­

tion of the residential load curve. These models can be divided

into roughly two basic categories: Top­down models; which focus

∗ Corresponding author.

E­mail address: m.nijhuis@tue.nl (M.  Nijhuis).

on the loading of MV/LV transformers and generate load curves

based on this aggregation level [2] and bottom­up methods which

employ statistical energy usage data or  time use data to  construct

load profiles. There are  many different approaches when it comes

to building the bottom­up models. These bottom­up models can

be combined with the top­down models through smart meter data

[3,4].  Machine learning approaches are applied to  model house­

hold load curves based on smart meter data measurements [5,6].

The residential load curve can also only be modelled at the peak

times [7,8]. The modelling of household load over multiple decades

requires an adjusted modelling approach, for instance based on

how typiclose all cal households, behaviour and appliances change

over scenarios [9].  More in­depth reviews of these different house­

hold load curve models have been performed [10,11].

The integration of distributed generation creates a  voltage rise

which is  the main problem in distribution grids [12].  To assess the

level of the voltage a  more in depth assessment than just the peak

load is  required. The bottom­up time series approach is the most

adequate for the modelling of residential load curves in order to

assess the integration of distributed generation. To be able to assess

the impacts of DSM, information on the appliance level needs to be

known. The changes in the loading because of the shift in appliance

usage depend on the actual appliances which is shifted. Demand

side management approaches are generally based on information

on the appliance level (e.g. [13,14]). A bottom­up household load

http://dx.doi.org/10.1016/j.enbuild.2015.12.004

0378­7788/© 2015 Elsevier B.V. All  rights reserved.
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Nomenclature

A  set of appliances used in model

AH set of appliances present in household

A appliance

ft,A fraction of time appliance A is on

fA fraction of households with appliance A

hr  hour

I(t) irradiance

LA average lifetime of appliance A

lA remaining lifetime of appliance A

O occupancy

PH(t) household power use

PA(t) power used by appliance A

PR,A(tA)  power of appliance A while running during time tA

PS,A stand­by power of appliance A

rh household size  adjustment factor

rw household wealth adjustment factor

t time

t0 initial time shift

tA time after which the appliance A became active

Tw wind speed adjusted temperature

tA,m minimum run time of appliance A

tA,r average run time of appliance A

Th/c heating/cooling temperature

n[�, �] random variable from normal distribution N(�, �)

u[a, b] random variable from uniform distribution over

interval [a, b]

x[�] random variable from exponential distribution

exp(�)

modelling approach is  therefore a logical choice for the assessment

of demand side management (since the bottom­up approach allows

for the shifting of individual appliances). Different value propo­

sitions exist for demand side management of residential loads,

based on the self­consumption, electricity price or network load­

ing. Therefore the residential load curve should be adaptable for

many different scenarios, for the model to be usable when assessing

future possibilities for demand side management. The bottom­

up time series approach may  be  found in  a  number of references

[15–20], however these approaches either focus on a  limited aspect

of the residential load, use private data or do not allow for the

inclusion of scenarios.

The approach shown in [16] is based on a  large database of

measurements of appliances in  a  household and as this infor­

mation is usually not  publicly available, this approach cannot be

taken. The approach described in  [17] focuses on the heating load,

which is appropriate for areas with electric heating, however as the

Netherlands has a fairly small percentage of electric heating loads,

these kind of approaches lack the required level of detail for the

non­heating loads. The approach described in [19], is not designed

for load modelling over multiple decades and is  therefore hard to

use in grid development. With the approach used in [18] assump­

tions have to be made on the switching behaviour of loads. This is

not necessary in the approach described in this paper since statis­

tical data from time use surveys are available in  many countries

[21].

The paper is organised as follows: Section 2 describes the mod­

elling approach, followed by the modelling of the occupancy of a

household and the modelling of the appliances in the household.

In Section 3 the results of the model for a  typical neighbourhood

in the Netherlands are presented and the model is  validated using

smart meter measurements. Conclusions are given in  Section 4.

Fig. 1. General schematic of a Markov Chain model with three states.

2. Modelling approach

The proposed modelling approach is based on the occupancy of

the household, and to a  lesser extent the behaviour of the members

of the household. This approach is  taken as occupancy is a  driving

factor for energy usage [22] and the changes in occupancy play an

important role in the changes in energy consumption. The occu­

pancy is modelled based on a Markov Chain Monte Carlo method

(an explanation on Markov Chain Monte Carlo modelling is given

in  [23]). In Fig. 1 a schematic of a generic Markov Chain model is

given with probabilities P of changing from one state to the other.

At each time instance depending on the current state and the asso­

ciated probabilities the model switches to another state or remains

in the current state.

Next to the occupancy of a household the set of electrical appli­

ances in a  household and their energy use need to be  modelled. This

is done by creating a  model for the distribution of appliances over

the household based on statistical data on appliance ownership and

the level of wealth in  the neighbourhood and size of the dwelling.

These were identified as key drivers for the degree of appliance

ownership within a household [24,25].

After the occupancy of a household has been established and

appliances assigned to the household the simulation of the elec­

tricity usage patterns for the appliances can be  performed. This is

done by simulating the switching on/off of each appliance individ­

ually using another Markov Chain based on the time of day and the

weather conditions.

A  flow chart of the model is  presented in  Fig. 2 to  illustrate the

computation of the load curves. The flow chart starts on the left with

the inputs of the model, where the ellipses are national/state­wide

inputs and the rounded rectangles are local inputs. In the following

subsections the steps are explained in more detail.

2.1. Occupancy modelling

To  get a  better understanding of the occupancy, the occupancy

profile as reported in  a time use survey (2042 respondents, repor­

ting their behaviour at a 15 min  time interval, available from the

Dutch national statistics agency: Statistics Netherlands) has been

plotted in  Fig. 3 for two  consecutive days for three individual per­

sons of different households. From this figure the large differences

between the behaviour of the three persons becomes apparent.

These differences will translate into differences in  energy use,

therefore it is important that the variation present in the occupancy

is also incorporated into the model.

The first step in  creating the occupancy model is determining

the characteristics of a  reported occupancy time series. As resi­

dents can be either active (at home and not sleeping) or inactive
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Fig. 2.  Approach for the creation of the residential load curve.
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Fig. 3. Occupancy from the time use survey for three persons of different households

over  two days with a  15 min  resolution where active indicates the person is  present

in  the household and awake.

(away from home or sleeping) and there is no clear ranking of the

two values taken by the variable, the time series is of a  categorical

binary type. To gain more insight into the occupancy time series,

its autocorrelation is  computed in Fig. 4.

A high correlation can be  observed at very short time lags, indi­

cating a high persistence and at the 24 h time lag, indicating a daily

pattern (between weekdays). Between 4 h ahead and 23.5 h ahead

there is no sufficient correlation to assume any importance of these

time lags in the creation of the model. The occupancy at highly cor­

related moments, i.e. less than 3 h and around 24 h lags should thus
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Fig. 4. Autocorrelation of the occupancy from the time use survey with the 5%

confidence bounds indicated.

be utilised as input for the occupancy model. As modelling occu­

pancy is a form of modelling behaviour, a closer look is taken at

behavioural modelling as applied in  the Social Sciences. The use

of Markov Chain models with dynamic transition matrices show

accurate results [26]. The model is  also required to have an adap­

tive nature, this makes it harder to use a black box model like a

neural network (which has also shown accurate results). The tran­

sition matrices of the Markov Chain model can easily be adjusted by

for instance lowering the chance that people become active in the

early afternoon to  mimic  an overall increase in employment, there­

fore the occupancy is modelled based on a  Markov Chain. To ensure

that effects of appliance usage times for different persons are imple­

mented in the Markov Chain, the transition probability matrix is

adjusted for the key drivers that determine appliance usage [27]:

household size  and age of occupants. This adjustment is done by

generating the probability transition matrices from subsets of the

time use survey data with respondents of certain age groups and

household sizes.

The Markov Chain model is constructed to  only have two states:

at home and active or away/inactive. The transition probability

matrix of the Markov model changes depending on the time of the

day, whether it is a weekday, a Saturday or a Sunday and for week­

days the matrix is based on the occupancy of the previous day at

the same time (see high auto­correlation in  Fig. 4), the number and

age of the members of the household. A single Markov Chain is  used

for each occupant of the household, only the probabilities within

the Markov Chain changes over time. The occupancy Markov Chain

model is  defined as:

O(t) =

{

1, if u[0, 1]  ≥ P(O(t)|O(t −  1))

0, otherwise
(1)

where the probability P(O(t)|O(t − 1)) comes from the transition

probability matrix, which is constructed depending on the house­

hold characteristics as described above. This approach keeps the

actual Markov Chain small and allows for quick alteration in  occu­

pancy patterns of certain groups. The probability P is only based

on the previous value, however it is  also possible to  use multiple

previous values P(O(t)|O(t −  1)|O(t  −  2)|O(t −  3)). The use of multi­

ple previous values in  the model has been performed but this only

show a marginal accuracy increase and is therefore not utilised. The

transition matrix is constructed based on the time use surveys by

determining the chance of a change in  occupancy in  a  particular

group (certain age and household size). As the correlation between

two consecutive weekdays is significant a correlation is  introduced
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the  model and the time use survey, for a Sunday and a Monday.
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Fig. 6.  Comparison of the distribution of the average number of consecutive 15 min

intervals of continuous activity or inactivity level of 2042 occupants.

to adjust the occupancy based on correlation with previous day at

same time by applying the following formula:

O(t) =

O(t − 24 hr) × a +  O∗(t)
√

1 − a2

a +

√

1 − a2
if t AND t

− 24 hr arebothweekdays (2)

with O*(t) the initial occupancy as calculated with Eq.  (1) and

a = u[0.4, 0.1] which is determined from the distribution of indi­

vidual households of the autocorrelation data at the 24 h time lag.

To test the quality of the Markov Chain model, the synthesised

occupancy data is compared to the actual data from the time use

survey.

In Fig. 5 the average level of occupancy over a  set of 2042 occu­

pants over two days for both the model and the time use survey is

shown. From the figure it can be seen that there is  a large differ­

ence in the occupancy during the morning and the middle of the

day between the Sunday and the Monday. The modelled and the

measured average occupancies are more or  less similar. The aggre­

gated modelled occupancy thus closely matches the measured one,

however next to the aggregated occupancy the distribution of indi­

vidual occupancy time series should also match. In order to  test

this, Figs. 6 and 7 have been created.

In Figs. 6 and 7 the occupancy time series is  transformed from

a binary series to a series indicating the consecutive number of

15 min  intervals of being active as a  positive number and the con­

secutive number of intervals of being inactive as a  negative number.

The distribution of the mean and standard deviation of the 2042

individual series are shown in  the figures. From Fig. 6 it becomes

clear that the mean of the distributions is  equal for both the model

and the time use survey (in accordance with Fig. 5), however the
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Fig. 7. Comparison of the distribution of the standard deviation of the number of

consecutive 15 min  intervals of activity or inactivity level of 2042 occupants.

distribution is flatter for the time use survey then for the model.

This indicates that the model does not  create enough extreme

cases where people on average are staying active or inactive for

the majority of a  day. For single person households, this has a  defi­

nite effect on the energy use, however for households consisting of

multiple persons the extreme cases of inactivity and activity could

be combined to have little effect on the energy use. The standard

deviation of the consecutive 15 min  intervals as shown in Fig. 7

shows a  closer connection, indicating that the variability within

the individual times series is similar for the modelled and survey

data

2.2. Appliances present in the household

The appliances which are present in the household can be mod­

elled based on statistical data on the level of penetration of  a

specific appliance in a given population group. As these data are

usually only available on the national scale, adjustments have to be

made to  generate an estimate of the appliances present in a  single

household. The level of these appliances scales with income and

dwelling size  (number of rooms in  the dwelling) as these are iden­

tified as the most important parameters determining the level of

appliances [27].  Information on the penetration of different appli­

ances in  a  household is  estimated from the Statistics Netherlands,

various commerce organisations and environmental NGO’s. Statis­

tics Netherlands has for a  number of appliances the penetration

grade differentiated with respect to neighbourhood wealth level

and dwelling size. The income and dwelling size dependency are

modelled through logistic regression analysis on these data and

assumed equal for similar appliances for which no statistical data

was available. The regression results for these two  variables can

be seen in Fig. 8 and the resulting formula for the allocation of

appliances to  a  household can be seen in Eq. (3).

forall A ∈ A

{

A ∈ AH,  if u[0, 1]  ≤ fA × rh × rw

A /∈ AH, otherwise
(3)

2.3. Appliance model

The appliances which are present in the model can be divided

into a  number of categories. These categories require a  different

modelling approach. The main modelling of the appliances is done

on a  15­min basis. There are however appliances which have an

operating time of less than 15­min this requires a  shorter time

frame as well as to model the starting and stopping of an appliance

random within the 15­min interval. The appliances are  modelled

with 1­min time frame tA for their own energy usage PA. For certain
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Fig. 8. Regression of the number of appliances versus the normalised dwelling size

and  income level.

appliance categories the usage is  dependent on the time of day. For

these appliances the notation includes hr which is use for reasons

of clarity and interpreted as 60 min  in all the calculations. The

household load is calculated as the summation of the loads of the

individual appliances:

PH(t) =

∑

A ∈ AH

PA(t) (4)

For each category the modelling approach is discussed below.

For the appliances the information on the load profile is taken from

[28–30].

• Baseload (e.g. fridge, modem) is assumed to be  independent of

occupancy in terms of energy use. The modelling of these appli­

ances is simply a  constant energy use or a switch source with

constant switching times evaluated with a  variable step size

related to the switching of an average appliance of that kind.

PA(t) =







PR,A, if (t  − t0) − hr ·

⌊

t  − t0

hr

⌋

< ft,A

PS,A, otherwise

(5)

with the initial time shift t0 randomly chosen from u[− 30, 30] to

create diversity between appliances. The switching behaviour is

based on the percentage of time the appliance is on in  one hour

by taking the lower bound of the time divided by an hour.
• Night load (e.g. electric boilers, dishwashers) is switched on at an

exponentially distributed time interval after 21 h (the beginning

of the off­peak tariff).

PA(t) =























PR,A(tA), if x

(

1

2 hr

)

<

⌊

t − t0

24 hr

⌋

− 21 hr

2 hr

PR,A(tA), if PA(t  − 1) /= PS,A AND tA,r ≥ tA

PS,A,  otherwise

(6)

• Heating and cooling loads (e.g. air­conditioner, electric heating)

have a probability to switch on depending on the temperature

and the wind speed [31] and are modelled according to a  heating

degree day approach as illustrated in  [32].  The irradiance also has

an influence on the required heating, but this effect is  for a  large

part already included in  the temperature. For the construction

of the daily heating profile the data from the allocation process

in the Dutch gas sector [33] is  used. This approach is adjusted

for occupancy by the addition of a rule depending on the occu­

pancy and the temperature. If there is an active occupant or the

wind speed adjusted temperature Tw(t) drops below zero degrees

and at least two  hours have passed since the last operation of

the central heating system then heating will be used. For  a  more

advanced heating model this rule can be replaced based on the

specific proprieties of the dwelling (e.g. orientation, insulation,

surface and window area, etc.).

PA(t) =























PR,A(tA, Tw), if Tw(t) ≤ Th/c(t) AND

t
∑

i=t−120

O(i) > 0

PR,A(tA, Tw), if tA < tA,m AND PA(t −  1) > PS,A

PS,A, otherwise

(7)

• Lighting is  modelled based on the solar irradiation and the occu­

pancy, with lights turning on if the irradiance is below 60 W/m2

[34]. The level of lighting usage is scaled with the number of

occupants present in  the dwelling [35].

PA(t) =

{

PR,A(tA)  ×
√

O(t), if O(t) > 0 AND I(t) < 60

PS,A,  otherwise
(8)

• Behavioural loads (e.g. TV, oven) are loads which can have a  direct

link to the activities reported in the time use survey, like watch­

ing TV  or  preparing food. As the energy related behaviour of the

occupants depends on a  large number of factors [36], the mod­

elling is simply based on the statistical data. The power of the

behavioural loads is  modelled in a  Markov Chain with a transi­

tion matrix which changes over time and these loads can only be

activated if at least one person is  active in the household. For the

creation of these matrices, the same regression approach (based

on household size and age) as applied in the modelling of the

occupancy is  employed.

PA(t) =











PR,A(tA), if u[0, 1] ≥ P(PA(t)|PA(t − 1)) AND O(t) > 0

PR,A(tA), if tA <  tA,m AND PA(t − 1) > PS,A

PS,A, otherwise

(9)

with P(PA(t)|PA(t − 1)) the chance of switching the appliance on,

if the appliance was  off in the previous time instance.
• General loads (e.g. water­cooker, hair dryer) can only be activated

if at least one member of the household is active. This category

include all loads which are not used frequently enough to link

them to  activities reported in the time use survey, or  have an

operating time which is smaller than 15 min.

PA(t) =











PR,A(tA), if u[0, 1] ≤ ft,A AND O(t) > 0

PR,A(tA), if tA <  tA,m AND PA(t − 1) > PS,A

PS,A, otherwise

(10)

2.4. Scenario implementation

In order to gain insight in the development of the residential

load when the penetration of technologies like heat pumps or EV

increases, scenarios can be combined with the residential load

model. With the introduction of a  certain scenario, the type and

number of appliances in the household, the usage of the appliances

and the occupancy of the household can change. For most scenar­

ios only large changes in the presence of certain appliances in  the

household are assessed. Scenarios on the changes in behaviour or

the occupancy are  not  as often discussed in literature and smaller

changes are expected. For both types of scenarios the implementa­

tion in the model is elaborated upon below.
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Fig. 9. Comparison of the active power consumption of a  household (averaged over

100  households) for two weekdays, for four different scenario combinations.

As the probability matrices for the occupancy are already

divided into groups depending on age and household size, imple­

menting scenarios which change these parameters can be done

by changing the utilised probability matrices to  the matrices from

another group. The changes in  behaviour relate to changes in  the

occupancy or the activities which the persons of the household per­

forms. Scenario implementation involves changing the probability

matrices, this is done by updating the probability matrices each half

year with ones adjusted to  the changes introduced by  the scenarios.

To implement the changes in  appliances, every appliance has a

lifetime lA based on average reported lifetimes LA [37]. At a  pre­

determined number of intervals the appliances remaining lifetime

is calculated and the available list of appliances is updated with

(depending on the scenario) more efficient appliances. If an appli­

ance remaining lifetime reaches zero, the appliance is  removed

from the household and based on the penetration level there is

a chance that a new appliance of the same type is  added to the

household.

At each of these intervals there is also a chance that a  household

gains an additional appliance based on the household character­

istics, penetration level and the lifetime of the appliance. If the

penetration level of an appliance changes an additional chance of

either adding or removing the appliance from the household is

applied to each household. This is  applied in the following manner:

lA = LA × u[0.5, 1.5] (11)

if lA reaches zero, appliance A is removed from the set. After each

week AH is updated with formula (3) with an additional chance

based on the penetration of the appliance in the model compared

to the expected penetration with respect to the chosen household

size and neighbourhood wealth level. The factor fA changes based

on the scenarios on the penetration of technologies, rw changes

with the economic growth scenario and the factors PR,A(tA) & PS,A

change with the efficiency scenarios.

The appliance efficiency scenario of the EU [38], the scenario

on the Dutch economic growth [39],  scenarios on the implemen­

tation of electric vehicles, PV, micro­CHP and heat pumps [40,41]

are implemented in  the model, to  illustrate the implementation

of the scenarios in the model. To generate a  clearer implementa­

tion of these scenarios, the scenario studies are consolidated into

three scenarios on the implementation of a  certain technology; a

high, medium or low penetration scenario. In Fig. 9 an example of

changes in the aggregated household load for a  selected quartet of

scenario combinations is given.

From the figure a clear difference can be  seen between the differ­

ent scenarios. The high PV scenario creates a  clear energy surplus in

Table 1

RMSE in Watt over one week for seven weeks of transformer data, smart meter data

and modelled data.

Transformer Smart meter Model

Transformer 86  78  91

Smart meter 78  72  79

Model 91  79  64
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Fig. 10. Autocorrelation of the residuals of the modelled data, with the smart meter

data and the transformer data and the residuals of the transformer data with the

smart meter data.

the middle of the day, while the heat pump scenario generates more

baseload, while the peak is not  effected. The introduction of more

energy efficient appliances with a  low economic growth reduces

the overall loading significantly.

3.  Results and validation

To assess the performance of the model, a couple of  simula­

tions has been performed. First 100 households are simulated for 1

year on an Intel i7­3770 3.4 GHz processor, 8 GB ram computer. The

simulation of these 100 households took 27s and 800 MB  of RAM

memory, expanding the simulation to  1000 households increased

the computation time to  249 s and memory usage to 2 GB, while

lengthening the simulation of the 100 households to 10 years

instead of 1 increased the computational time to 214 s and the

memory usage to 1 GB. Indicating the model can used to gener­

ate large sets of household load curves with no scalability issues.

The 1 year of data of these 100 households are compared to  smart

meter data aggregated to 100 households and scaled (to account for

the losses and the number of connected households) transformer

data of a transformer of 107 households and one of 94 households.

The root mean square error (RMSE) is calculated between the time

series of these data sets and shown in  Table 1.

The table shows that the RMSE of the model, the transformer

data and the smart meter data all are in the same range. The RMSE

between the sets of smart meter data and the two set transformer

time series are in the same range as the RMSE of these data set

with the model. This indicates that the differences between two

datasets due to  the stochastic nature of the residential load has the

same order of magnitude as the differences between the modelled

data and the measured transformer and smart meter data. To gain

more insight into the errors between the modelled data and the

measured data the residuals are computed and the autocorrelation

of these residuals is calculated. The results are shown in Fig. 10.

The autocorrelation of the residuals gives an indication as to

whether the model constantly generates a positive or negative error

at certain time steps. The autocorrelation of the residuals shows a

positive peak at the 24 h time lag and a negative peak at the 12 h
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Fig. 11. Comparison of the average active power consumption, for the model and measured data for 100 households over four weekdays.
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Fig. 12. Probability distribution of the electricity use of 100  households during a

15  min  interval in the night (4 AM) for the model and smart meter data normalised

to  1 kW base.

time lag. Both these peaks are larger in magnitude then the con­

fidence bounds, indicating that there is a period biased present in

the residuals. The residuals between the transformer and the smart

meter data and the modelled and the measured data both all show

the same effect. Though there is  some bias within the model, this

does not exceed the bias between the measured data.

Secondly the model was used to simulate the energy use in

100 households for four days (Wednesday to  Saturday) in the

winter. The resulting load profiles are compared with data from

smart meters and from MV/LV transformer measurements of dif­

ferent neighbourhoods with similar characteristics as can be seen

in Fig. 11. As the smart meter data was in  15 min  and the trans­

former measurements in  10 min  resolution, a  time step of 15 min

is employed for the comparison.

For the majority of time instances Fig. 11 shows that the three

time series are close together, however the stochastic nature of the

residential load, even at an aggregation level of 100 households,

remains clearly visible. The modelled household load has on week­

days a morning peak which is  slightly higher compared to the smart

meter data and the MV/LV transformer data and a minimum load

level which is lower compared to  the measured data. The evening

peak, and the night time energy use is comparable between the

three time series, however the peak of the loading measured at the

MV/LV transformer level is higher (due to the energy losses in the

LV­cables) in comparison to  the peak of the smart meter measure­

ments and the model, with the model giving a  relatively low peak

on the fourth day.

The kernel smoothed probability density function of the set of

the  energy use of 100 individual households is  plotted in Fig. 12

for a single 15 min  interval during the night time (at 4 AM as
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Fig. 13. Probability distribution of the electricity use of 100 households during a

15 min  interval in the peak (7 PM) for the model and smart meter data normalised

to  1  kW base.

Table 2

Mean and standard deviation of the night (4 AM)  and peak load (7 PM) for both the

model and the smart meter data

Smart meter Model

Night Mean [W]  228 237

Std  [W]  195 234

Peak  Mean [W]  820 729

Std  [W]  680 641

indicated in  Fig. 11). In Fig. 13 the distribution is plotted for a  15 min

interval during the peak (at 7 PM as indicated in  Fig. 11). The mean

and standard deviation for the model and the smart meter data are

given in Table 2. The distributions of the model and the smart meter

data have a  similar shape, indicating that the model simulates indi­

vidual household load curves with a similar stochastic properties

as measured by the smart meters. The difference in the mean of  the

distribution of the model and the smart meter data can also be  seen

in Fig. 11 at the indicated time steps.

The smart meter measurements and the model both show a

smaller variance in the night compared to  the peak distribution,

which is  caused by the relatively high share of base load appliances

running at night. The peak time shows more variability since at

that moment many occupancy/behavioural driven appliances are

operated.

4.  Conclusions

A model for the creation of residential electrical load curves is

presented. The model utilises a  bottom­up time series approach

which makes it applicable for the assessment of demand side
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management through the use of home automation systems. The

model is developed in a highly adaptive manner so it can be used

to analyse future behavioural changes and the integration of emerg­

ing technologies, renewable generation and changes in the energy

usage of appliances. The bottom­up approach is  based on data pub­

licly available and employed for the specific case of the Netherlands.

The model is however general enough to be applied for any country

where appliance ownership, time of use survey data is available and

can be adjusted to the local conditions based on the specific infor­

mation about the climate and the age, wealth and household size

distribution. Scenario analysis has been introduced in  the model

so the effectiveness of different home energy management strate­

gies can be evaluated over a  range of scenarios. On an aggregated

level the model shows behaviour similar to  measurements at the

MV/LV transformer and to that of smart meter data. The distri­

bution of modelled individual load curves during the daily peak

and the night time is comparable to the distribution obtained from

smart meter data, validating the hypothesis that the model could

be used to compute the loading of a  set of aggregated households.

The validation with smart meter data on the distribution of individ­

ual households shows also that the model generates a  residential

load profile which is close to the actual measured data.

4.1. Future work

The space heating demand in a  household is at the moment

simply modelled by using the approximate heat demand profile

given by the gas usage, however this could be  improved to  a  more

sophisticated method which employs the thermal dynamics of the

dwelling as done for instance in [17]. In addition to the heating

demand, the tap water was also not modelled in great detail. Meth­

ods such as [42] could be implemented in the model to determine

the effects of switching to  electric instead of natural gas for the

heating of tap­water. No scenarios for the human behaviour are

currently implemented in  the model, as these are at the moment

researched to a far smaller extent than scenarios on the changes in

appliances. Scenarios can be however be  implemented by changing

the transition probability matrices over time. As many statistical

agencies have been taking time of use surveys for multiple years,

trends from these surveys could be deduced and extrapolated as

scenarios on the changes in behaviour of occupants (e.g. more

prevalence of home office users).
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ABSTRACT 

The utilisation of low voltage (LV) networks is changing 

due to electrification of heating and transportation and 

the increase in distributed generation. To ensure that 

existing grids are reinforced in the most timely and cost-

efficient manner, LV network planning is performed. The 

LV grid of the Netherlands alone consists of over 300.000 

feeders, which makes accurately assessing the future 

loading and the required alterations in the grid for all 

feeders individually enormously time consuming. The 

clustering of feeders to a set of generic types, which can 

be studied in detail can provide a suitable alternative. A 

fuzzy k-medians clustering approach is proposed based 

on the data of the LV networks (88.000 feeders) of 

Liander (largest Dutch DSO). The main network 

parameters: impedances, cable length, number of 

branches and branch depth and the number and type of 

connected customers are used in combination with the 

graph theory concepts of degree distribution, sequence 

and the centrality of the power, impedance and length. By 

using these parameters feeders can be rebuilt from the 

cluster centres which would represent the structure and 

loading of the original feeder. Based on these generic 

feeders an initial assessment of the capacity and voltage 

deviations allows for the classification of the current LV-

network of Liander as 92,55% low risk, 5,91% medium 

risk and 1,54% high risk feeders. 

INTRODUCTION 

The energy transition, from a fossil fuel based energy 

supply to more sustainable sources is changing the 

loading of the low voltage (LV) grids. The electrification 

of transportation and heating loads increases the 

electricity demand of households, while rooftop PV 

systems generate electricity at the households and can 

introduce bidirectional power flows. The LV-grids has 

been built over the past decades and was not designed to 

meet these load changes. Therefore LV network planning 

is becoming more and more important to deal with the 

reinforcing of the LV-grid in the most cost-effective way.  

One of the main difficulties with the planning and 

assessment of the LV-grid is the large number of LV-

feeders and MV/LV substations. In the Netherlands alone 

there are over 120.000 MV/LV substations with over 

300.000 LV-feeders connected to them. The analysis of 

each substation and/or each feeder individually becomes 

a computationally intensive task. The application of 

mitigation measures, for a LV-feeder which is found 

inadequate to deal with the future loading, needs to be 

standardised in order to ensure a more cost-effective 

solution. The creation of a limited amount of generic LV-

feeders can increase the effectiveness of the LV network 

planning. As the generic LV-feeders must have a close 

resemblance to the actual feeders in the field, a clustering 

approach on the data of the whole LV-grid is the most 

suitable method for creating these generic feeders. 

The characterisation and clustering of electrical networks 

has previously been studied. For the evaluation of 

reliability and susceptibility to threats, clustering based 

on graph theory is already being used especially for the 

transmission network [1][2][3]. In [4] a small number of 

networks are defined, based on the length of the feeder, 

the number of connected customers and the number of 

branches. Though some analysis can be performed on 

these representative networks, they are not classified 

based on enough detail to be usable for network planning. 

A more extensive approach is required to be able to 

create generic grids with a strong relation to the existing 

low voltage grids. 

In this paper a new clustering approach based on a 

number of LV-feeder characteristics and parameters 

derived from these characteristics is presented. First the 

feeder characterisation is described followed by a 

description of the clustering approach. Hereafter the 

clustering is applied to the LV-grid of Liander and an 

initial risk assessment of the LV-grid is performed to 

show a possible application of the clustering method. 

FEEDER CHARACTERISATION

The LV-feeders within The Netherlands are constructed 

from the 1900's onwards mostly by municipality owned 

electric utilities. Depending on the local situation the 

most adequate LV-feeder topology was used. This 

created a large variety in the topology of the LV-feeders, 

which are not all equally capable of dealing with the 

future trends in electricity consumption. To give an 

indication of the differences in the LV-feeders the 

occurrence of feeder length, number of customers and 

cable types are shown inFigure 2 Figure 1. 
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Figure 1: Distribution of the feeder length, customers per 

feeder and cable types in the LV-grid of a Dutch DSO. 

These characteristics only give an indication of the LV-

feeder type as it is not yet possible to assess the adequacy 

of a LV-feeder solely based on this information. Next to 

these parameters, the distribution of the loads over the 

cable, the branching within a feeder and the location and 

the lengths of the cables should all be known. To be able 

to gain enough insight to assess the LV-feeder adequacy 

the characterisation must be detailed enough to allow for 

load flow calculations. The parameterisation of a LV-

feeder therefore should include more metrics on the LV-

feeder then the ones depicted above, as explained below.  

Clustering parameters 

To characterise a LV-feeder a number of parameters are 

used, to illustrate these parameters they are described 

based on the example LV-feeder in Figure 2. To 

characterise the loading of a feeder, the number of 

household (houses in the figure) and non-household loads 

(arrows in the figure) connected to the feeder and the 

combined total and average yearly energy usage 

(indicated by the flows towards the transformer) of these 

loads are used. For the topology of the feeder the number 

of branches (4 from a-g, c-j, i-k and e-m) of the feeder 

and the maximum branch depth (3 between bus a and k 

from branch a-c, c-i and i-k) are used. For the 

characterisation of the cables the length (distance 

between the buses) of the average distance and the 

average impedance per meter (thickness of the lines 

between the buses) between buses and the total cable 

length and total impedance is utilised.  To gain more 

insight in the distribution of the connections over the 

cables the average impedance at the point of connection 

is included as an additional parameter. 

 

From a planning perspective the age of the cables in the 

LV-feeder is also an important parameter, as it gives an 

indication when the cable sections of a LV-feeder should 

be replaced, as an aging LV-cable is more prone to failure 

and the reliability becomes the main criteria for the cable 

replacement. The quality of the data on the age of the 

cable is however, not sufficient to be included in the 

clustering for the case of Liander.  

 

Additionally, a number of parameters is derived from 

these characteristics, mainly to gain insight into the 

sequence and distribution of these characteristics, as it 

makes a large difference if for instance loads are mostly 

connected a short distance or a relatively long distance 

from the LV-busbar. To include this kind of parameters 

in the clustering, complex network analysis is applied to 

the LV-feeders [5]. The network is converted to a 

weighted graph by converting the buses to the vertices 

and the cables to the edges between the vertices. The 

edges are subsequently weighted according to one of the 

three following measures: The distance, the impedance 

and the power flow between two buses. The degree of  

vertex n, denoted as d(n), is the sum of the weights of the 

edges ei-j which contain n as begin or end vertex. This is 

illustrated for vertex c in Figure 2 by the formula below: 

Figure 2: Overview of the parameterisation of the LV-feeders; thickness of line segments denote average impedance; gray 

arrows denote average yearly energy consumption. 
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  (1) 

 

As the number of vertices vary between LV-feeders the 

degree of the LV-feeder is expressed in four different 

ways, the mean degree (µd), the standard deviation of the 

degree (σd), the maximum closeness centrality ( ): 

 

  (2) 

 

With dc(i,n) defined as: 

 

 (3) 

 

and the maximum eigenvector centrality of the degree 

( ): 

  (4) 

 

where c(u) is the centrality of vertex u, i the set of all 

vertices connected by a single edge to vertex i and  is 

the largest eigenvalue of the adjacency matrix (matrix of 

all vertices containing one if they are connected and zero 

if they are not connected) of i. By using these four 

measures for the impedance, distance and the power flow 

in combination with the characteristics described earlier, 

the feeder which is reconstructed from this data should 

have a close resemblance to the original feeder.  

 

The majority of the resulting parameters have a 

distribution which resembles an exponential distribution 

with additional modes. Clustering methods generate the 

best results if the distribution of the data is not heavily 

skewed. To generate a more symmetric distribution while 

not affecting the modes in the data, a logarithmic 

transformation is applied to the non-discrete parameters 

(all but the number of (non)-household loads, branches 

and branch depth). 

CLUSTERING 

In order to generate the generic low voltage feeders, a 

clustering approach based on the data of the low voltage 

networks of Liander (largest Dutch DSO) is utilised. The 

two main approaches applicable to clustering of electrical 

network data are k-means and hierarchical clustering [6]. 

A hierarchical clustering approach would generate more 

accurate clustering results for the following three reasons: 

It can be expected that no clear independent clusters 

exist, outliers exist due to the power law distribution of 

certain network data [7] and the number of clusters is still 

unknown.  The computational burden however makes 

hierarchical clustering infeasible if all the distribution 

feeders are included in the clustering. Therefore an 

adjusted k-mean approach is chosen; fuzzy k-medians 

clustering. This approach utilises the median instead of 

the mean as cluster centre and has a soft cluster 

assignment [8] as is explained in more detail below. 

 

Fuzzy k-medians clustering 

In a standard k-medians clustering procedure, the clusters 

are generated by first selecting random data points as 

cluster centres. All the observations are subsequently 

assigned to the nearest cluster centre based on the 

squared Euclidean distance. For each cluster a new centre 

is computed by calculating the median of the 

observations in the cluster. This procedure is repeated 

until the cluster centres no longer change between 

iterations. If no convergence is reached within 30 

iterations the randomly chosen initial cluster centres are 

rejected. The clustering is performed with different 

randomly selected observations until 5 sequential initial 

clusters centres no longer generate a better result. This is 

judged by an increase of the average distance between the 

cluster centres and a decrease of the average distance 

between points in the same cluster and its centre. 

 

As many of the parameters which are used for the 

classification procedure are continuous, a fuzzy 

assignment of the observations to the cluster centres is 

introduced. This fuzzy assignment assigns each 

observation to each cluster centre with a certain weight 

based on the relative distance to the cluster centre. These 

weights are used for the computation of the new location 

of the cluster centres. The fuzzy allocation of the clusters 

to the cluster centres is computed with the following 

weights: 

  (5) 

 

where wi,j is the weight associated with the distance 

between observation i and cluster centre j, di,j is the 

distance between observation i and cluster centre j and nc 

is the number of cluster centres. 

 

Determination of the number of clusters 

The number of clusters is an input variable for the 

clustering algorithm. To determine which number of 

clusters generates the best result, a number of metrics are 

computed to gain insight in the effects of increasing or 

decreasing the number of clusters. The silhouette of the 

clusters and cross validation are used to evaluate the 

adequacy of the number of clusters chosen [8]. With the 

silhouette, the difference between a certain observation 

and the other observations in the same cluster is 

compared to the difference between the observation and 

all of the observations in the nearest cluster. The 

silhouette is then averaged for each cluster and for all the 
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clusters leading to the following formula: 

 

with S being the silhouette number, a being the cluster 

observation i belongs to with cluster centre ca , and b 

being the nearest cluster to observation i. In addition to 

the silhouette, the mean square error of the cluster 

centres between two independently clustered subsets of 

the observations and the average distance between the 

observations and the clusters centres of these two subsets 

is computed: 

 

(6) 

with d
*
 denoting the distance for the first clustered 

subset of the data and  the distance for the second 

clustered subset of the data.  

 
Figure 3: Cluster separation for various cluster sizes. 

These measures are both computed for the number of 

clusters varying from 10 to 150 clusters. The resulting 

silhouette and normalised MSE values for the LV-feeder 

data set analysed are plotted in Figure 3. A silhouette 

close to one indicates an ideal number of clusters, while 

a MSE close to zero indicates the same. From the figure 

it can be seen that the MSE is lowest for a number 35 

clusters, around 50 clusters and around 100 clusters. For 

the silhouette the ideal number of clusters lies around the 

50 or the 100 value as can be seen from the spikes in the 

graph at these numbers of clusters. On closer inspection 

of both indicators around the 100 clusters mark, the 

number of clusters for the Liander network data is 

chosen to be 94 as it scores well on both indicators 

simultaneously. 

RESULTS 

The clustering approach described in the last section was 

applied to the network data of Liander. The 88.000 LV-

feeders are parameterised and clustered, resulting in 94 

classes. The main characteristics of the eight most 

common types of feeders, which account for about a 

third of the total LV-grid, are depicted in Table 1. 

 

The table shows that the top seven LV-feeders have 

quite some similarities, while feeder 8 is significantly 

longer, with more connections and a higher average 

impedance. The most common feeder has a relatively 

low impedance, length and number of customers, 

indicating that no problems are expected for this feeder 

type. 

Feeder assessment 

To show a possible use of the clustered feeders an 

assessment of these feeders based on the voltage limits 

and overloading of the cables criteria is performed. A 

load flow is computed with generic 15-min load profiles 

[9] for the entire year 2014 for the resulting feeders. 

From this load flow, the minimum and maximum 

voltage and the maximum loading of the cables can be 

determined.. For all 94 generic LV-feeders these 

calculations have been performed. The results are 

converted to a high, medium or low risk based on the 

   

Cluster # Length [m] Branches [#] ZPOC [mΩ] Main cable type Customers [#] Occurrence [%] 

1 184 1 24 150AL 17 6.4 

2 270 2 35 70CU 24 4.5 

3 266 1 43 95AL 39 4.5 

4 218 1 26 50CU 19 4.4 

5 362 3 56 150AL 32 4.1 

6 290 2 74 50AL 26 3.4 

7 386 2 57 95AL 49 3.4 

8 633 5 107 150AL 70 3.3 

 

Table 1: Overview of the most common types of LV-feeders, after applying the clustering algorithm. 
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risk levels given in Table 2.  

 
Table 2: Risk levels used for feeder assessment 

 High 

risk 

Medium risk Low 

risk 

Voltage <0.92 & 

>1.08 

0.92-0.94 

&1.06-1.08 

0.94-

1.06 

Overloading >1 0.9-1 <0.9 

 

The risk level for the voltage deviations in the table are 

based on the voltage limits and do not account for a 

possible voltage drop at the MV side of the MV/LV 

transformer (the voltage at the LV side is assumed to be 

1 p.u.). With these risk levels and the occurrence of the 

classes in the LV-grid of Liander an estimation of the 

currently present risks in the low voltage grid can be 

computed. The resulting risks for the entire LV-grid of 

Liander are shown in Table 3. 

 
Table 3: Risks in the LV-network 

 High risk Medium risk Low risk 

Voltage 1.54% 5.91% 92.55% 

Overloading  0.97% 2.88% 96.15% 

 

 The risks with respect to the voltage deviations and 

overloading is calculated for the current situation and 

therefore is low, as the current grid is well functioning. 

By using scenarios for future loads, the adequacy of the 

LV-grid can also be assessed with respect a certain 

future loading. 

CONCLUSION 

A clustering approach for the LV-feeder data has been 

proposed. This approach utilises a fuzzy k-medians 

clustering technique of parameterised LV-feeders. By 

parameterising the LV-feeders based on common 

characteristics such as cable length, loading, number of 

customers and impedance in combination with graph-

theory concepts of degree and centrality, representative 

LV-feeders can be created from these parameters. With 

the use of the LV-grid of Liander, the clustering 

approach was tested and the LV-grid was clustered in 94 

classes. An initial risk assessment on these clusters gives 

the indication that the current risks with respect to 

overloading and voltage deviations are not large 

Future work 

The classes of LV-feeders which have been determined 

from the clustering approach should be used in 

combination with a scenario assessment on the future 

loading of the grid in order to gain more insight on the 

risk the energy transition may be imposing on the grid. 

The initial assessment can be expanded with the possible 

safety risk within the LV-grid of Liander. A more 

detailed analysis on the actual safety risks and the 

estimation of the ‘hidden’ earthing in the LV-grid should 

be performed to gain more insight into the acceptable 

risks levels for the earthing in the LV-grid. 

The approach in this paper should be extended to include 

the distribution of feeders at a MV/LV substation as well 

as the upstream MV-grid to gain full insight into the 

characteristics and risks to the distribution grid. 
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Gaussian Mixture Based Probabilistic Load

Flow For LV-Network Planning
Michiel Nijhuis, Member, IEEE, Madeleine Gibescu, Member, IEEE, and Sjef Cobben

Abstract—Due the many uncertainties present in the evolution of
loads and distributed generation, the use of probabilistic load flow
in low voltage (LV) networks is essential for the evaluation of the ro-
bustness of these networks from a planning perspective. The main
challenge with the assessment of LV-networks is the sheer number
of networks which need to be analyzed. Moreover, most loads in
the LV-network have a volatile nature and are hard to approximate
using conventional probability distributions. This can be overcome
by the use of a Gaussian mixture distribution in load modeling.
Taking advantage of its radial nature and high R/X ratios, the
LV-network can be analyzed more efficiently from a computation
viewpoint. By the application of simplifications defined in this pa-
per, the backward–forward load flow can be solved analytically.
This allows for the direct computation of the load flow equations
with a Gaussian mixture distribution as load. When using this new
approach, the required calculation time for small networks can be
decreased to 3% of the time it takes to generate a similar accuracy
with a Monte Carlo approach. The practical application of this
load flow calculation method is illustrated with a case study on PV
penetration.

Index Terms—Distribution network, gaussian mixture distribu-
tion, load flow analysis, power system analysis, probabilistic load
flow.

I. INTRODUCTION

T
HE upcoming introduction of new technologies on the

demand side, like electric vehicles and heat pumps, and

the proliferation of distributed generation requires the distribu-

tion network operator to evaluate whether its network is still

sufficiently strong. The low voltage (LV) network especially

will play an important role in the transition towards a more

sustainable energy system, where electricity plays a prominent

role. To assess whether these LV-networks are robust enough to

handle the energy transition, load flow calculations have to be

performed. The loads on the LV-network are mainly residential,

and detailed information about the load profile is rarely avail-

able. Assumptions have to be made regarding the magnitude of

the individual residential loads. For LV-networks planning hori-

zons are typically 30-40 years and longer, therefore introducing
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a large load uncertainty [1]. To include these uncertainties about

future residential loads a probabilistic load flow model should

be employed. The sheer number of LV-networks and possible

future scenarios in combination with an accurate assessment of

the probability density function (PDF) for the residential loading

would lead to infeasible computational times. Advanced proba-

bilistic load flow methods are therefore necessary to determine

the effects of the new load and generation technologies on the

LV-network.

There have been many different probabilistic optimal

power/load flow formulations [2]–[5] that are able to accurately

and relatively quickly assess the distribution network. These

methods generally reduce the required amount of samples in

a Monte Carlo (MC) simulation or are based on two-point [6]

or multiple point estimates [7]. Gaussian mixture models have

already been used to improve the probabilistic load flow com-

putations as well. Application to medium voltage networks with

the amount of variable loads limited to mostly the distributed

renewable energy resources has been performed [8], [9]. For

the DC load flow, a probabilistic load flow based on cumulants

and Gram-Charlier expansion has already been applied [10].

For the LV network, the DC simplifications will not hold. The

LV-network has in most cases a radial topology combined with

a high R/X ratio, hence other simplifications to the load flow can

be made to further improve the computational speed. However,

for a rough initial network assessment, the trade-off between

speed and accuracy is different. With a quick initial assessment,

the networks which truly require attention can be identified and

more in-depth analysis can be performed on a limited subset of

LV-networks.

In this paper, simplifications for the backwards-forwards load

flow calculation are presented. By applying these simplifications

the load flow calculation is solved analytically employing a

Gaussian mixture distribution directly into the load flow formu-

lation. In this way, the probabilistic load flow for LV-networks

can be solved in more quickly. First, a Gaussian mixture dis-

tribution is applied to model the residential load. Subsequently,

based on this probability distribution, the load flow calculation

for a radial LV-network is altered to allow for a quick assess-

ment of the adequacy of the network. A conventional load flow

would be too computationally intensive, therefore some sim-

plifications are made as discussed in Section III. The resulting

Gaussian mixture based load flow calculation is shown in the

next section. This is followed by a case study on the possible PV

penetration levels in a sample network to show the advantages

of the altered Gaussian mixture based probabilistic load flow.

0885-8950 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.
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Fig. 1. Probability of the maximum voltage deviation occurring for different
combinations of smart meter data.

II. GAUSSIAN MIXTURE BASED LOAD MODELLING

The first step in assessing the adequacy of an LV-network is

to model the residential load. For an efficient estimation of the

admissible loading situations in a network, the load should be

modelled as a PDF. The loading of an individual household is,

however, a stochastic process highly dependent on the switching

of high-powered appliances. To accurately model this type of

load, a unimodal PDF is not optimal as it cannot always capture

the exact distribution of the load which is often multi-modal

because of the switching behaviour of household appliances.

To illustrate this, the minimum voltage in a simple feeder with

24 households has been calculated based on all possible combi-

nations of smart meter measurements over the households. This

results in a voltage distribution as shown in Fig. 1.

In the figure also a Gaussian distribution and a five component

Gaussian mixture distribution are plotted for reasons of compar-

ison. Based on the central limit theorem, the distribution of the

voltage drops should approximate a Gaussian distribution, for

large enough sample size. However, from the figure, it becomes

apparent that for this 24-household feeder the voltage drop in

the feeder is still significantly different from the Gaussian dis-

tribution, as multiple modes are clearly present. The modelling

through a combination of Gaussian distributions would generate

a more realistic voltage drop profile.

A Gaussian mixture distribution is given by the following

formula:

f(x) =
K
∑

k=1

ωk

1
√

2πσ2
k

e
−

(x−µ k )2

2 σ 2
k

0 ≤ ωk ≤ 1 and
∑

ωk = 1 (1)

where K is the number of components, ωk is the weight, σk the

standard deviation and µk the mean of the k-th component. A

Gaussian mixture consisting of five components can estimate

the empirical distribution of the voltage deviation with greater

accuracy than the normal distribution, as shown by Fig. 1. There-

fore it is useful to develop a LV load flow algorithm based on

Gaussian mixture distributions, as explained in the next section.

A. Load Estimation Through Gaussian Mixture Distribution

A Gaussian mixture distribution has already been applied

for the modelling of the load. In [11] and [12] methods are

shown to model the load through the use of the Expectation-

Maximization (EM), either with the use of Akaikes Information

Criterion (AIC) to determine the necessary number of compo-

nents or with a predefined number. In this paper, the use of the

approximation of the parameters of the components through the

EM-algorithm is also chosen, however for the determination of

the number of the components, the Bayesian information crite-

rion (BIC) is applied [13]. This is done to give more emphasis

on a lower number of components than prescribed by AIC. From

a computational point of view this is favourable for the subse-

quent load flow calculation and to gain a better estimate of the

required number of components with respect to non-machine

choice.

The EM algorithm is applied, using a two-step iterative ap-

proach to find the maximum likelihood for the parameters of the

Gaussian mixture model. Assuming a Gaussian mixture model

with K components with the weights ωk and component distri-

butions pk (xi |θk ), the likelihood is given by:

L(Θ|X) =

N
∏

i=1

K
∑

k=1

ωkpk (xi |θk ) (2)

with N being the number of observations of the empirical

data X and θk consist of the parameters for the normal dis-

tribution θk = {µk , σk}. The maximum likelihood estimate

arg maxΘ L(Θ|X) cannot be determined analytically. The EM

algorithm interprets the data X as incomplete and adds a binary

vector Y . This vector indicates which observation of X belongs

to which component in the Gaussian mixture. This vector Y is

determined by using a K-means clustering approach. Resulting

in the following likelihood:

L(Θ|X, Y ) =

N
∏

i=1

K
∑

k=1

yk,iωkpk (xi |θk ) (3)

The EM algorithm first step is to find the expected value of the

complete likelihood given the parametrisation in the previous

time step Θp−1 through the Q-function:

Q
(

Θ,Θp−1
)

= E
[

log p(Θ|X, Y )|(Y,Θp−1)
]

(4)

The next step is the maximisation of the expectation of the

previous step Θp = arg maxΘ Q(Θ,Θp−1). This procedure is

iterated until the difference between two iterations is less than

10−6 . The EM algorithm needs to be started with an initial value

for the first iteration. This initialisation is done with the use of a

k-means clustering of the data. For the value of K (the number

of clusters) the BIC is calculated through:

BIC = K ln(N)− 2 ln arg max
Θ
L(Θ|X) (5)

The BIC is calculated for increasing values of K till the value

of BIC(K)−BIC(K + 1) becomes smaller than a predefined

stopping criterion. This procedure is applied to smart meter mea-

surements of 197 households for the peak hours (from 18:00-

20:00) to generate the probability distribution of load values

during the peak hours. The loss of accuracy for using of the BIC

instead of the AIC criterion can be determined by the integral

squared difference [14], which is 3 · 10−6 . The resulting three
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Fig. 2. Probability density function of smart meter data and the estimated
Gaussian mixture distribution for the peak hours.

TABLE I
CORRELATION AND P-VALUE OF THE ELECTRICITY CONSUMPTION

FOR 120 HOUSEHOLDS WITHIN A SINGLE NEIGHBOURHOOD

Time Correlation p-value

00:00-02:00 0.085 0.27

12:00-14:00 0.028 0.36

18:00-20:00 0.012 0.37

00:00-24:00 0.258 0.01

component Gaussian mixture distribution and the original data

are plotted in Fig. 2.

From the figure, it can be seen that for most parts the Gaussian

mixture distribution and the empirical probability distribution

are close together. One of the main differences is the existence

of negative values in the Gaussian mixture distribution, as the

Gaussian distribution ranges from −∞ to ∞. Truncating the

mixture distribution or individual components would result in a

closer matched distribution. From the point of view of the final

load flow outcome these negative values have limited effect due

to their low probability and truncation is therefore not performed

at this stage.

To determine how the household load can be modelled for net-

work planning, the correlation between households within the

same snapshot time is computed. This gives an indication of the

level of dependence between the electricity consumption of two

households. Smart meter data with a time resolution of 15-min

from 120 households within the same neighbourhood are used

for the analysis. As for network planning, the most important

time periods are the hours of maximum and minimum load, and

with the introduction of PV the household load at the middle

of the day as well. In Table I the correlation coefficients and

p-values are given for these 3 times of the day.

From the table, it can be seen that the correlation is low for

all the evaluated time frames except when the correlation is cal-

culated over the whole day. This indicates that the households

follow a similar profile throughout the day, however, when look-

ing at a shorter time frame this relation is no longer present. For

the modelling of the household load through a Gaussian mixture

distribution, this implies that the distributions of the different

household loads can be considered independent for short time

frames.

TABLE II
OVERVIEW OF THE THREE FEEDER CHARACTERISTICS

Bus Load Load Voltage Phases R/X

[#] [#] [kVA] LN [V] [#] [–]

US Residential 14 10 37 120 1 3.14

US Commercial 12 8 160 120 3 2.17

EU Residential 906 55 55 240 3 9.71

Fig. 3. The European low voltage test feeder.

III. LOAD FLOW APPROXIMATIONS

For probabilistic load flow calculations in the LV-network, all

the loads can be represented by PDF. As the load flow calcula-

tion needs to be solved in an iterative manner, the probabilistic

approach is usually performed through MC simulations. Fortu-

nately, LV-networks have characteristics which allow for some

simplifications to generate a probabilistic load flow approach

which no longer requires MC sampling. These assumptions are

discussed in this section, preceded by a short overview of the

characteristics of the feeders used to test the resulting load flow

computation.

For the testing of the Gaussian mixture based load flow ap-

proach two of the Cigré US LV test feeders [15] (with the voltage

level of the US feeder reduced to the more common 120 V) and

the IEEE European test feeder [16] are used. The main char-

acteristics of these feeders are given in Table II. In the US test

feeders the loads are combined at the buses to create a smaller

network, therefore the US residential feeder consists of only

14 buses. For the European case the network modelling is much

more detailed generating a 906 bus network. The US networks

consist of a combination of overhead lines and underground ca-

bles, while the European network has only underground cable.

For the EU test network the structure is also given in Fig. 3.

These LV-feeders will be used throughout to evaluate the

assumptions made and to demonstrate the results of the proposed

method. With the differences in the US and EU radial feeder

characteristics, the suitability of the proposed method can be

determined for different feeder types. The scalability can be

assessed through the difference in the number of buses.

The first assumption is to assume balanced operation of the

network, although the imbalance in LV-networks is generally
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TABLE III
MAXIMUM ABSOLUTE VOLTAGE ERROR ASSUMED CONSTANT δ FOR

DIFFERENT LOADING SCENARIOS LEADING TO A CERTAIN MINIMUM VOLTAGE

Minimum Voltage [p.u.] 0.99 0.95 0.9 0.85 0.8

US Residential [p.u.] ·10−3 0.13 0.65 1.33 1.86 2.39

US Commercial [p.u.] ·10−3 0.04 0.25 0.53 0.84 1.21

EU Residential [p.u.] ·10−3 0.10 0.53 1.08 1.66 2.28

higher than the one on higher voltage levels due to the large

presence of single phase loads. Through the implementation of

new technologies as PV or electric vehicles, the expectancy is

that the imbalance will further rise. In most cases at LV levels,

there is either a single- or a three-phase network available and

the mitigation of imbalance problems in a three-phase network

can often be done by switching a customer from one phase

to another. As this will not affect the long-term network plan-

ning results, the issue of imbalance in the LV-networks will be

neglected.

The second assumption is to assume that the voltage angle

is constant. As most LV-networks have high R/X ratios the

change in angle throughout the network is usually limited. For

the older underground cable networks in Europe, the R/X ratio

is usually between 8 and 10. For newer networks the ratio is

around 3, equal to the value for networks of overhead lines used

in other parts of the world. To assess the difference in load

flow outcome when assuming the voltage angle is constant the

difference in minimum voltage has been calculated for different

loading scenarios. The maximum absolute difference is voltage

is calculated and displayed in Table III.

In the table, the maximum absolute error in the minimum

voltage is depicted for different loading levels. The first row in

the table indicates the minimum voltage which is present in the

network. For all the feeders the error increases as the voltage

level starts to drop, which is logical as the voltage angle differ-

ences in the network increase with an increasing current. The

US commercial network has the lowest impedance and thus

the smallest error. For all three networks, the voltage magni-

tude estimated when neglecting the phasor angle will result in

an answer which is 99.7% accurate, which is more than suf-

ficient for an initial analysis of the network from a planning

perspective.

Most LV networks are radially designed or at least radially

operated. This allows for the use of a backwards forwards sweep

load flow approach to the probabilistic load flow calculation

[17]. In a backwards-forwards sweep the currents are summed

moving from the end of the network to the MV/LV substation.

Hereafter, the voltages starting from the slack bus towards the

end of the feeders are calculated, followed by an adjustment of

the load current based on the new voltages and losses. To make

a conservative estimate (estimate which leads to the highest

currents and largest voltage deviations) of loading of the network

a constant power load model is assumed, which leads to the

following load flow expression:

U(i) = U0(i)−

N b
∑

n=i

(

Z(n)

N b
∑

m=n

(

S(m) + L(m)

U(m)

)

)

(6)

Fig. 4. The difference between the initial voltage drop and final voltage drop
versus the voltage drop caused by the adjustment in losses and load current.

where U(i) is the voltage at bus i, bus indexes i, n and m

running from the busbar (index 0) to the end of the feeder (index

Nb ), U0(i) the base voltage, Z(n) the impedance of the section

between node n and n− 1, S(m) the apparent power loading

at bus m and L(m) the loss (Z · I2) between bus m and bus

m + 1 as calculated by:

L(m) = (U(m)− U(m + 1))

N b
∑

k=m+1

(

P (k)

U(k)

)

(7)

Generally this iterative backward-forward procedure is repeated

until the change in voltage between the iterations is lower than

a certain threshold. To accelerate the computation of the load

flow, the voltage drop difference between two iterations can be

multiplied with a scalar value. If the appropriate scalar value is

used the load flow can be computed with just a single iteration.

To calculate this scalar value the relationship between the final

voltage deviations and the voltage deviations of the losses and

estimated adjusted load is defined in this paper. This relation is

described as follows:

FL (i) =
U1(i)− Ufinal(i)

dU1(i)2 +
∑N b

n=i

(

Z(n)
∑N b

m=n

(

L(m )
U0 (m )

)) (8)

where dU1(i) is the change in voltage between iterations 0 and

1 at node i. For the three different feeders this relation is plotted

in Fig. 4. As can be seen from the figure this relation is almost

linear. As the relationship defined in (8) shows a linear relation it

can be used to generate a linear estimate of the load flow problem

for LV-networks. The load flow computation can be adjusted to

include this relation, leading to the following function:

Ufinal(i) = U1(i)− FL (i) · (U1(i)− U0(i))
2

−FL (i)

N b
∑

n=i

(

Z(n)

N b
∑

m=n

(

L(m)

U0(m)

)

)

(9)

with U1 calculated by using flat start voltages and no losses. This

generates a non-iterative procedure for the computation of the

load flow. The main difficulty with this load flow computation

is the lack of knowledge about the value of FL (i) and the error

introduced by this approximation. To evaluate the applicability

of this load flow computation simplification, this method is

applied to the three test feeders. For the load flow computation,

the loading of the network is assumed to consist half of a constant
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TABLE IV
AVERAGE MAXIMUM ABSOLUTE VOLTAGE ERROR FOR USING FL

Minimum Voltage [p.u.] 0.99 0.95 0.9 0.85 0.8

US Residential [p.u.] ·10−3 0.25 1.86 5.16 6.62 5.10

US Commercial [p.u.] ·10−3 0.06 1.21 2.77 2.72 9.74

EU Residential [p.u.] ·10−3 0.06 1.06 2.78 2.96 2.21

TABLE V
AVERAGE MAXIMUM ABSOLUTE VOLTAGE ERROR

FOR COMBINED ASSUMPTIONS

Minimum Voltage [p.u.] 0.99 0.95 0.9 0.85 0.8

US Residential [p.u.] ·10−3 0.37 2.21 5.72 7.71 6.23

US Commercial [p.u.] ·10−3 0.22 1.93 4.10 3.43 7.46

EU Residential [p.u.] ·10−3 0.14 1.19 2.41 1.74 3.88

load and half of a uniformly distributed variable load. This in

order to generate significant differences between the instances

of the calculation of the load flow. The linear relation FL (i) is

approximated based on a low loading and a high loading point

estimate. Subsequently, with this value for FL (i) 104 load flow

calculations have been performed to estimate the induced error.

In Table IV the resulting errors have been depicted. From the

table, it becomes clear that the single iteration approximation in-

duces a larger error than the previous assumption of the constant

voltage angle. Note that the accuracy decreases to 98.8% for the

commercial US feeder. The error also increases significantly as

the minimum voltage in the system goes down. This is caused

by the increasing influence of the part of the voltage reduction

which is based on the factor FL . The magnitude of the error

is still within acceptable levels for an initial network adequacy

assessment, especially if the voltage drop stays within the limit

of ±10%.

In the final load flow calculations, both the assumption of

the single iteration and the assumption of the constant voltage

angle will be used. Therefore the combined error of these two

assumptions is shown in Table V. When comparing the table to

Tables IV and III it can be seen that the combined error of the two

assumptions is less than the addition of the two individual errors.

Also for some cases the error value is actually lower than the

maximum error encountered when looking at the assumptions

individually. The total introduced error is therefore low enough

to allow the proposed load flow computation to be used for

the initial adequacy assessment of a LV-feeder from a planning

perspective.

A. Convolution of Gaussian Mixture Distributions

Let f(x) be a Gaussian distribution with mean µf and vari-

ance σ2
f and g(y) a Gaussian distribution with mean µg and

variance σ2
g and the correlation between the two distributions is

given by ρ. The resulting PDF of the addition of two random

variables from these distributions Nx + Ny can be computed

through the use of the characteristic function of the Gaussian

distribution [18].

The convolution of two independent Gaussian distributions

(Fx and Fy ) can be computed through their combined charac-

teristic function ϕx+y (t) = ϕx(t)ϕy (t)

ϕx+y (t) =

∫ ∞

−∞

∫ ∞

−∞

eit(µx +µy )−
(σ 2

x + σ 2
y + 2 σ x y )t 2

2 dxdy

=

∫ ∞

−∞

eitµz −
σ 2

z t 2

2 dz (10)

with µz = µx + µy and σz =
√

σ2
x + σ2

y + 2σxy and σxy is the

covariance of x and y. For a mixture of independent (σxy = 0)

Gaussian distributions this can be expanded to:

f(x + y) =

Kx
∑

kx =1

K y
∑

ky =1

ωkx
ωky

√

2π(σ2
kx

+ σ2
ky

)
e
−
(x + y −(µ k x

+ µ k y
))

2

2 (σ 2
k x

+ σ 2
k y

)

(11)

This will increase the number of components in the mixture

to nx × ny components. The number of components increases

rapidly if all of the loads are represented as Gaussian mixture

distributions. For a simple network with only 15 loads which

all are represented by Gaussian mixture distributions with three

components, the number of resulting components from sum-

ming these loads leads to over 14 million (315) components. To

ensure this method remains computationally feasible, a com-

ponent reduction needs to be applied. The most common way

to reduce the components in the new Gaussian mixture distri-

bution is to apply the EM algorithm with a reduced number of

components. When assessing a LV-network many of the loads

will have a similar probability distribution, this leads to equal or

near equal terms in the Gaussian mixture. These equal terms can

be compounded into one, reducing the number of components

based on the following rules:

ω1,2 = ω1 + ω2

µ1,2 =
µ1ω1 + µ2ω2

ω1 + ω2

σ2
1,2 =

σ2
1ω1 + σ2

2ω2 + (µ1−µ2 )2
ω1 ω2

ω1 +ω2

ω1 + ω2

(12)

In the computation of the load flow, the multiplication of two

dependent Gaussian mixture distributions is required. The com-

putation of this multiplication can be done with the assumption

that the standard deviation of the components is much lower than

the mean. For the random variables x and y their multiplication

can be defined as:

fxy =(µx +N [0, σx ])(µy +N [0, σy ])

=µyµx + µyN [0, σx ] + µxN [0, σy ] +N [0, σx ]N [0, σy ])

(13)

Since in our case, the mean is much higher than the standard

deviation the term N [0, σy ]N [0, σy ] can be neglected, yielding

the following Gaussian distribution:

N

[

µyµx ,

√

(µyσx)2 + (µxσy )2 + µyµxσxσy

]

(14)
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B. Gaussian Mixture Based Load Flow Algorithm

As an illustration, consider a radial network with loads at each

node except for the slack bus at node 1. The voltage can also

be calculated by matrix multiplication through the use of the

adjacency matrix extended with the shortest path between the

node and the slack bus. For the network the extended adjacency

matrix is given by:

Aj =













1 1 . . . 1

0 1 . . . 1

...
...

0 0 0 1













(15)

Based on the extended adjacency matrix, the extended ZBus

matrix Cj can be defined:

Cj =

((

Aj
T (1T Z) ◦ I

)

Aj

)

(16)

The initial iteration of the load flow computation becomes:

U1 =
SCj

U 2
0

(17)

where S is the vector of loads, which are represented by the

σ, µ and ω of their respective Gaussian mixture distribution.

The resulting voltage deviation U1 can be squared to obtain

the approximate voltage deviation through the change in load

current as the in the first iteration the voltage is equal to 1[p.u.]

so the additional load current can be estimated by the voltage

deviation for a constant power load. The additional change in

voltage caused by the losses can be calculated by using the

following formula:

dVL =
Z

(

A j S

U0

)2

Cj

U 2
0

(18)

The losses and the estimate voltage deviation from the change in

load current need to be multiplied by the factor FL as defined in

equation (8). FL can be estimated by performing two ordinary

load flow computations, one with a relatively low load and one

with a high load. The voltage deviations calculated over each

branch need to be added to obtain the total voltage deviation.

The branch currents can sequentially be calculated from the

voltage deviations. For most networks the use of a component

reduction step, as described in equation (12), is needed after

each of the steps to keep the memory usage in check.

IV. RESULTS

The accuracy of the Gaussian mixture based load flow is eval-

uated with respect to the conventional approach of using a Latin

hypercube sampling based MC simulation [19] in combination

with load flow calculations using a full backwards-forwards

sweep. The load flows are calculated by using scaled versions

of the distribution as shown in Fig. 2 for each load. In the Fig. 5

the resulting PDF of the minimum voltage for the US residential

feeder is plotted for the Gaussian mixture approach as well as

for the MC approach with increasing sample sizes.

Fig. 5. Probability density function of the minimum voltage for the US
residential feeder for the MC method and the proposed Gaussian mixture based
load flow.

From the figure, it becomes clear that the PDF for the US

residential case presents many modes. This can be explained by

the low number of buses in the system, too low for the central

limit theorem to apply. The MC sampling results with only 104

and to a lesser extent with 105 samples, show erratic behaviour.

The MC method with 106 samples and the Gaussian mixture

approach all are close together. A more detailed analysis is

required to judge the applicability of the Gaussian mixture-based

load flow in comparison with the established MC sampling.

The result of a probabilistic load flow is a histogram of the

possible outcomes. To assess to what degree two histograms

are derived from the same underlying distribution, a number of

statistical tools can be used. The three tests used will gener-

ate an outcome of one if the histograms are exactly the same,

while if there are discrepancies the result will be lower. To give a

combined overview of the fit of histograms H and G the follow-

ing compounded measure Dtot(G, H) is defined for this paper,

which is the product of three individual distance measures:

Dtot(G, H) = DW (G, H) ·DB (G, H) ·DKL(G, H) (19)

where DW (G, H) is the Wasserstein metric or earth movers

distance [20], defined as follows:

DW (G, H) =
minf i j

∑

i,j |fij | · dij
∑

i,j fij
(20)

where fij is a function for which the following holds: Gi + fij =
Hi and Gj − fij = Hj the and dij the distance between i and

j. DW (G, H) is the Bhattacharyya distance [21], defined as

follows:

DB (G, H) = − ln
n

∑

i

√

Gi ·Hi (21)

where Gi is the bin count of bin i in histogram G and Hi

is the bin count of bin i in histogram H . DKL(G, H) is the
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TABLE VI
EVALUATION OF THE MC AND GAUSSIAN MIXTURE-BASED (GM) LOAD FLOW

METHODS FOR THREE FEEDERS BASED ON THE CALCULATION TIME AND THE

DISCREPANCIES WITH A PROBABILITY DISTRIBUTION GENERATED WITH MC
SIMULATION WITH 107 SAMPLES

US Residential [p.u.] MC104 MC105 MC5 · 105 GM

D t o t [–] 0.869 0.961 0.994 0.996

Calculation time [s] 6.17 49.3 221 4.58

US Commercial MC104
MC105

MC5 · 105
GM

D t o t [–] 0.879 0.965 0.995 0.992

Calculation time [s] 6.68 49.0 217 4.45

EU Residential MC104
MC105

MC5 · 105
GM

D t o t [–] 0.868 0.969 0.995 0.996

Calculation time [s] 7.98 64.8 307 51.5

Kullback-Leiber divergence [20] as defined by:

DKL(G,H) =

n
∑

i

Gi ln
Gi

Hi

(22)

By combining these three metrics both the absolute and relative

error in bin count as well as the total variation distance will be

assessed. The results for the fit of the histogram with respect to

a distribution generated with a MC simulation with 107 samples

and the required computational times (using an Intel i7-3770

3.4 GHz processor, 8 GB ram computer running Matlab 2015a)

are given in Table VI.

From the table, it can be seen that the Gaussian mixture

based method performs comparable to an MC simulation with

107 samples. The computational time is however significantly

lower with only 2.1% of the computational time needed for the

US test feeders, while the Gaussian mixture approach required

16.8% of the time for the EU case. The difference in calculation

time between US and EU test feeders indicates the scalability of

the Gaussian mixture based is slightly lower, due to the need for

additional component reduction steps. The computational time

to obtain a similar level of accuracy is however still much lower

compared to a conventional MC approach.

V. CASE STUDY

One of the applications of the probabilistic load flow is to

assess the effects of PV generation on the distribution network

[22]. The use of a Gaussian mixture based load flow has addi-

tional benefits compared to a normal probabilistic load flow. As

the loads are modelled through the use of components within

a Gaussian mixture distribution the increase or decrease in the

probability of certain components can relate to an increase or

decrease in penetration level of a certain technology. This is il-

lustrated with a case study wherein the European LV test feeder

is used with an increasing amount of PV generation. The PV

generation is modelled based on a model for the creation of PV

time series [23]. The generated PV time series for the times

between 12:00 and 14:00 is added to the distribution of the

household load between these two times to create the Gaussian

mixture distribution of the load as illustrated in Fig. 6.

The European LV test feeder which is used in the analysis

is a reasonably strong feeder, under normal load conditions the

absolute voltage deviation is only 0.02. For the sake of the anal-

Fig. 6. Gaussian mixture distribution of residential load at midday with a PV
penetration rate of 50%.

Fig. 7. Voltage distribution at the end of the feeder for different levels of PV
penetration with a darker colour indicating a higher probability.

ysis, the loads on the feeder have been doubled to ensure some

voltage violations will arise during the analysis. The maximum

current of the cables within the network is based on their re-

sistance with the main cable type 4c_70 having a maximum

current rating of 160A per phase. The analysis is performed for

the installation of rooftop PV at 0-100% of the households. By

using the proposed approach the whole calculation for each per-

centile value took 272s. The resulting voltage at the end of the

feeder is used as the main characteristic during the analysis as

the expected voltage deviations are highest at that point and no

data is available on the maximum loading of the different cable

parts. In Fig. 7 the resulting voltage PDFs are plotted.

In the figure, a higher saturation indicates a higher probability

of a certain voltage value occurring at the end of the feeder. From

the figure, it can be seen that at a penetration level of 0% or 100%

the PDF is narrow while around the 50% penetration rate the

uncertainty about the actual voltage deviation is much larger.

For the planning of the reinforcements of the LV-network,

it is important to know what the risk of overloading or the

occurrence of voltage violations in the LV-network is. In order

to gain insight into this statistic the chance overloading and of

violating the voltage limits of the cables is plotted as a function

of the PV penetration level for two different limits in Fig. 8.

In the figure the probability of exceeding the chosen maxi-

mum allowable current (0.7 or 1 [p.u.]) or the maximum allow-

able voltage deviation (±0.02 or ±0.05 [p.u.]) is shown. From
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Fig. 8. The chance of violating different voltage and loading limits for
different PV penetration levels.

the figure, it can be seen that all of these functions follow an

S-curve. In the network the overloading of the cables will occur

before the voltage limits are violated, only a very strict voltage

limit of ± 0.02 would lead to an overvoltage before overloading

problems start. The S-curves of these limits vary, with the ± 0.02

rising the fastest and ± 0.05 having the smallest slope for the

voltage. The S-curve shows that the chance of an overloading

or overvoltage can rise quickly with a relatively small increase

in PV penetration level. Within these ranges of PV penetration

levels, additional care must be taken when planning network re-

inforcements as a small additional amount of PV can introduce

a violation of the loading or voltage limits.

VI. CONCLUSION

By the application of simplifications to the backwards-

forwards load flow applicable to most (radial) LV-networks it

becomes possible to analytically solve the load flow equations

with a Gaussian mixture distribution for the load as input. By

utilising this approach the required calculation time for small

networks can be decreased to 2.1% with respect to the time

it takes to generate a similar accuracy with a Latin hypercube

sampling MC approach.

The backwards forwards sweep for LV-networks has been

simplified. The voltage angle can be neglected as the R/X ratios

in LV-networks tends to be between 2 and 10. In addition, the

acquired voltage difference from the initial iteration is shown to

be almost linearly related to the difference between the initial

and final iteration voltage deviation. The application of these

two simplifications still allows for a load flow computation ac-

curacy of 99.0%. These simplifications allow for to use the PDF

of a Gaussian mixture distribution directly as an input for the

load flow computation. Based on these computations the distri-

bution of the voltage at each bus and power at each branch can

be analytically determined. This allows for much faster compu-

tations of probabilistic load flow. The use of a Gaussian mixture

distribution as input allows for a large variation in load dis-

tributions. To illustrate how this method could be applied, the

case of assessing which level of PV-penetration a test feeder

can handle has been performed. Within 5 minutes for each per-

centage point of PV penetration the associated risk has been

determined, showing that the method can analyse the risks due

to load changes in LV-networks accurately and efficiently.
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4. Calculate SCs via the surrogate model and matrix H2. 

In these two procedures, steps 1), 2), 4) are the same whereas 

the step 3) is distinguishable. After constructing the BASPC 

expansion for the outputs, the usage of the BASPC expansion is 

different. In Procedure 1, the SCs are directly calculated from 

the BASPC expansion as shown in (33), while in Procedure 2, 

the BASPC expansion is used to reduce the computational 

effort of each run of the DPF calculation. For clarity, the 

differences are clearly illustrated by the flowcharts of the two 

procedures as depicted in Fig. 2. 

IV. TEST RESULTS AND DISCUSSIONS 

In this section the method explained in Section III is applied 

on two IEEE test systems, in which the power of the loads and 

generators are the random inputs and the considered outputs are 

the bus voltages, branch currents, power losses and so on. The 

computations are performed in MATLAB R2015a on an Intel 

Core 4 Quad CPU at 3.40 GHz with 8 GB RAM. For the 

calculation of the DPF, the OpenDSS [36] is used and for the 

construction of the BASPC expansion, the UQLab toolbox [37] 

is adopted. 

A. The IEEE 13-Bus Test Feeder 

First, the IEEE 13-bus test feeder [38], as shown in Fig. 1, is 

used to test the performance of the proposed method. The width 

of arrows are altered to illustrate the differences in the load 

magnitude. 

1) Comparison between GSA and LSA 

To compare the results of the GSA, the perturb-and-observe 

method is also applied to this network to obtain the SCs from an 

LSA. In the perturb-and-observe method, small perturbations in 

the inputs are required. The injected value is generally a certain 

percent of the average bus load Pave and/or Qave, e.g., between 

0.5% and 2% [20]. If the variation of a certain bus power itself 

is of interest, a percentage of the magnitude of the load Pi and 

Qi (i=1,…,n) can be considered as the injection. 

Fig. 1. The IEEE 13-bus test feeder. 

In a radial distribution network, the voltage magnitude at the 

remote buses are one of the main areas of concern. Therefore, 

the voltage magnitude of phase A at Bus 675, V675-A, is selected 

for the comparison. The subscript A, B and C represent the 

associated phase of an input or output in the remainder of this 

paper. Four different perturbations of the load bus active power 

(BAP) have been applied. The resulting SCs of V675-A for the 

perturb-and-observe method are shown in Fig. 3. 

It can be seen that the LSA SCs of V675-A to the four injections 

are very close. In addition, the active power injection into phase 

A of Bus 675 is detected as the most influential factor whereas 

the active power injection into Bus 646 has the least impact on 

V675-A. The SCs obtained from an LSA are able to provide 

applicable results in the model with deterministic inputs and a 

monotonic input/output relationship. In other cases, the use of 

an LSA might not be appropriate since the computed SCs 

cannot reveal the cause-and-effect relationships precisely. To 

illustrate differences in results between an LSA and a GSA, the 

proposed method is implemented for four scenarios that are 

comparable to the LSA scenarios, as listed in. Table I. Instead 

of considering deterministic/known perturbations on the input 

variables in an LSA, the injections in a GSA are treated as 

random variables. 

Fig. 2. Flowcharts of the two proposed procedures of GSA with BASPC
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Fig. 3. LSA SCs of V675-A to BAPs using the perturb-and-observe method. 

TABLE I 

INPUT UNCERTAINTIES IN SCENARIOS 1, 2, 3, 4 

Scenario BAP Scenario BAP 

1 U(Pi -0.01Pave, Pi +0.01Pave) 2 N(Pi +0.01Pave, 12) 

3 U(Pi-0.03Pi , Pi+0.03Pi) 4 N(Pi, (0.01Pi)2) 

*N() stands for the Normal distribution and U() for the Uniform distribution; 

Pave=231.07 kW. 

To implement a GSA in the IEEE 13-bus test feeder, the 

BASPC is configured with the truncation norm, q, 0.8, the 

range of truncation criteria, d, 1-6, and the number of ED, NED, 

500. In Fig. 4, the GSA SCs of V675-A to the uncertain BAPs are 

depicted. The four scenarios have been divided into two groups 

by the resulting SCs. It is noted that similar SCs are obtained 

for Scenarios 1-2, with the most influential factor being the 

variation of P652. The SCs in Scenarios 3-4 show more variation, 

but are still close to each other, with the most influential factor 

being the variation of P675-A. The main difference in the results 

between the two groups lies in which input factor is dominant. 

In Scenarios 3-4, the factor with a larger base load is more 

influential. This is essentially caused by the distinct variances 

of inputs, that is, the absolute magnitudes of the BAPs are taken 

into account in the associated variances in Scenarios 3-4 while 

the variances are constants in Scenarios 1-2. Compared to the 

LSA SCs in Fig. 3, the GSA SCs of a certain input on V675-A do 

display a change if there are differences in the magnitude of the 

variation of an input. The results show that the GSA is more 

viable since the diversity among different scenarios can be 

revealed, whereas this diversity does not appear if an LSA is 

performed. 

 

Fig. 4. GSA SCs of V675-A to the BAPs in Scenarios 1, 2, 3, 4. 

2) Influence of the modelling of the input uncertainties 

As shown in Fig. 4, the variances of the inputs impact the 

GSA SCs. Comparative investigations on different variances of 

input uncertainties are therefore performed, based on Scenarios 

3, 4 and two additional scenarios as listed in Table II. 

TABLE II 

INPUT UNCERTAINTIES IN SCENARIOS 5, 6 

 6 5 oiranecS

BAP U(-Pi , Pi) N(Pi, (0.5Pi)2) 

In Fig. 5, the GSA SCs of V675-A to the variation of BAPs are 

illustrated. One can find that the distribution type of the inputs 

has a minor influence on the GSA SCs if the magnitudes of 

their variances are close. By comparing Fig. 4 and Fig. 5, it is 

found that the relative magnitude of the variance of a certain 

input determines the SCs more than the absolute magnitude of 

the variance employed in the GSA. 

 

Fig. 5. GSA SCs of V675-A to the BAPs in Scenarios 3, 4, 5, 6. 

In view of above results, the determination of the individual 

input variances should take into account for the application of 

the GSA SCs. For instance, Scenarios 1-2 which consider the 

same variation of all BAPs can be used for the allocation of 

voltage control devices [14]; while Scenarios 3-6 that treat the 

variation as a relative quantity of each BAP, thus suit for the 

active power curtailment [16]. 

3) Influence of the correlation among input uncertainties 

In Scenarios 1-6, the input uncertainties are assumed to be 

independent. For the purpose of investigating the influence of 

stochastic correlation, Scenarios 7-10 are designed as listed in 

Table III. For clarity, only one pair of input uncertainties are 

assumed to be statistically correlated in each scenario, and all 

other settings are kept the same as in Scenario 4. 

TABLE III 

CORRELATION BETWEEN INPUT UNCERTAINTIES IN SCENARIOS 7, 8, 9, 10 

Scenario 7 8 9 10 

BAP (P692, P675-A) (P692, P675-A) (P652, P675-A) (P692, P675-A) 

Coefficient r=0.2 r=0.6 r=0.6 rs=0.6 

*r: Pearson product-moment correlation; rs: Spearman’s rank correlation. 

In (18), the GSA SC of an input that is statistically correlated 

to other inputs consists of a correlated part and an uncorrelated 

part. In the presence of positive correlations between two inputs, 

the SCs of V675-A to the BAPs are illustrated in Fig. 6. 

 
Fig. 6. Influence of the correlation on GSA SCs of V675-A to the BAPs. 

It shows that only the two correlated inputs get correlated 

indices while the rest of inputs have zero correlated indices. As 

a result, only the total SCs of the two corresponding inputs 

increase due to this correlation, which is detectable in the four 

scenarios. By comparing Scenario 7 to 8, it is noticed that a 

higher positive correlation leads to a greater correlated index 

due to the fact that a greater Pearson correlation coefficient 

leads to a higher covariance in (19). To be more specific, the 

covariance between the random inputs P692 and P675-A is the 

product of r, standard deviations of P692 and P675-A. Moreover, 

the correlated index is related to its uncorrelated counterpart 
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(physical contribution), by comparing Scenario 8 to Scenario 9. 

The correlated indices are larger in Scenario 9, since the 

uncorrelated index of P652 indeed exceeds that of P692. 

The statistical correlation between two random variables 

indicates the strength of their linkage. Different considerations 

of the linkage lead to different definitions of the correlation 

coefficient. To test the feasibility of the GSA to deal with other 

types of correlation in addition to the Pearson product-moment 

correlation, the Spearman’s rank correlation is investigated in 

Scenario 10. The Spearman’s rank correlation has been widely 

used in the power system analysis, especially for the correlation 

modelling of the wind power [39]. 

4) GSA for other electrical quantities 

In subsections 1-3, only the sensitivity of a single voltage 

magnitude with respect to the active power at the load buses has 

been discussed. However, there are many other QoIs which can 

be investigated by using a GSA. Hence, the GSA SCs of current 

magnitudes, VUFs, and active power losses to the BAPs are 

discussed as well. To start off the sensitivities of the voltage 

and current magnitudes to the fifteen base loads for Scenario 4, 

GSA SCs are ranked in a descending order in Table IV. With 

this table, the relative importance of each input uncertainty to a 

certain QoI can be easily distinguished. One can quickly see 

that the same input uncertainty might have quite a distinctive 

influence on different QoIs, such as P675-A on V675-B and V675-C. 

Input P671, however, has a large influence on each of the QoIs. 

TABLE IV  

RANKING OF THE BAPS IN TERMS OF VOLTAGE AND CURRENT SCS 

 BAP 

Voltage Magnitude at  

Bus 675 

Current Magnitude in  

Line 650-632 

A B C A B C 

 P671 2nd 2nd 2nd 2nd 1st 1st 

 P634-A 6rd 7th 13th 3rd 8th 12th 

 P634-B 12th 6rd 10th 14th 4th 9th 

 P634-C 9th 15th 5th 10th 15th 4th 

 P645 11th 5th 8th 11th 2nd 8th 

 P646 13th 10th 6th 13th 3rd 7th 

 P692 7th 11th 7th 5th 11th 6th 

 P675-A 1st 1st 12th 1st 7th 11th 

 P675-B 14th 4th 9th 12th 5th 13th 

 P675-C 3rd 9th 1st 7th 10th 2nd 

 P611 5th 12th 3rd 8th 14th 3rd 

 P652 4th 3rd 14th 4th 9th 14th 

 P670-A 10th 14th 15th 6th 12th 15th 

 P670-B 15th 8th 11th 15th 6th 10th 

 P670-C 8th 13th 4th 9th 13th 5th 

Regarding the VUF at Bus 675, Fig. 7(a) shows the results 

via a pie chart of six sectors in line with their SCs. The chart 

shows that only five individual inputs account for 84% of the 

total SC of VUF675, with which the actions on improving the 

voltage unbalance at Bus 675 can be focused. Similarly, in Fig. 

7(b), it can be seen that three of fifteen inputs have 88% of the 

total SC of the active power loss. This indicates that the input 

P671 should be considered first if one wants to reduce the active 

power loss. However, the importance of an input on a certain 

QoI might be different when the variances of all inputs are 

identical, as in Scenario 1-2. Fig. 8 shows the SCs of the active 

power loss to the BAPs in Scenario 2. In Fig. 8 (a), it shows that 

P671 is no longer the predominant factor. Furthermore, the 

uncertain inputs whose effects are negligible can be identified 

as well, as illustrated in Fig. 8 (b). 

 

Fig. 7. GSA in Scenario 4: (a) SCs of VUF at Bus 675 to the BAPs; (b) SCs of 

the total active power loss to the BAPs. 

 

 

Fig. 8. GSA in Scenario 2: (a) SCs of the total active power loss to the BAPs; 

(b) Zoom-in on the 7% portion of (a). 

5) GSA for the evaluation on a group of outputs 

In the previous subsections, attention has been paid to the 

GSA of a single output with respect to all the input uncertainties. 

However, the overall effect of the inputs on a specific class of 

outputs is beneficial for the decision-making, especially in 

complex networks with high-dimensional input uncertainties. 

To illustrate this, the GSA SCs with respect to the eight VUFs 

are shown in Fig. 9. 

 
Fig. 9. Overall GSA SCs of VUFs to the BAPs. 

By a horizontal comparison, it becomes clear that P692 and 

P675-C have large cumulative effects on the voltage unbalance in 

this system while P646 and P670-A have minor influences. It can 

also be found that P634-A and P634-B have predominantly impacts 

on VUF634 if one vertically compares the results. 

B. The IEEE 123-Node Test System 

In order to assess the proposed method on a more complex 

power system, the variance-based GSA has also been applied to 

the IEEE 123-node test system. For the identification of the 

buses in this network, the original bus numbering [38] is used 

herein. The active power at each load bus is treated as a normal 

random variable, N(Pi, (0.01Pi)2) (i=1,…,95). For the GSA in 

this test system, the BASPC expansion is configured with q, 

0.6; d, 1-6; and NED, 1000. 

In this section, the current magnitude in a line adjacent to the 

transformer, Line 1-149, and the total active power loss are 

focused upon. Fig. 10 shows the GSA SCs of the three-phase 

current magnitudes in Line 1-149 to the BAPs. With this figure, 

the most significant inputs on the three QoIs are uncovered, 
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which will provide useful information when congestions occur. 

Specifically, inputs #53, #57 and #65, which correspond to the 

three largest current SCs in phase A, B and C, respectively, 

should be given more attentions in order to perform congestion 

management effectively. 

 
Fig. 10. Overall GSA SCs of current magnitudes in Line 1-149 to the BAPs. 

Fig. 11 illustrates the GSA SCs of the total active power loss 

to the BAPs. It can be found that inputs #65 and #94 have the 

largest SCs among the 95 inputs. The global sensitivity of the 

total active power loss with respect to a certain BAP depends on 

many factors, which enables one to gain more insight into the 

system. In Fig. 11, the ratio of each load to the total amount of 

active power, rp, and the ratio of the electrical distance between 

the load bus and the transformer to the total distance, rd, are 

illustrated in combination with the SC of the active power loss. 

One can notice that the total active power loss is more sensitive 

to inputs which have higher values of rp or rd. For instance, 

input #65 has the largest value of rp, and input #94 corresponds 

to the second largest value of rd. In a similar fashion to improve 

the mitigation of network congestion, inputs #94 and #65 are of 

prime importance for the total active power loss reduction in 

the IEEE 123-node test system. 

 
Fig. 11. GSA SCs of the total active power loss to the BAPs. 

C.  Comparison between GSA with BASPC and MC 

As mentioned in Sections II and III, the variance-based GSA 

with the BASPC is capable of improving the computational 

efficiency to a great extent while not sacrificing on precision, 

compared to the traditional approaches. In order to quantify the 

accuracy of the proposed method relative to a reference 

method, the hamming distance (HD) and earth mover's distance 

(EMD) are adopted as the metrics [40]. For the importance 

ranking of input uncertainties, the HD is used to measure the 

sorted list of inputs in accordance with their SCs. The HD is an 

indication of the percentage difference between two vectors of 

equal length. A zero value of HD means that the two vectors are 

identical. If the numerical values of SCs are of interest, the 

EMD is employed to measure the dissimilarity between two 

groups of SCs obtained from the two methods. The EMD is the 

minimum cost needed to transform one vector into the other. 

Apart from the HD and EMD, the simulation time (SimT) is 

presented in order to look into the computational cost of each of 

the methods. 

Let the input uncertainties of both the test systems be normal 

variables N(Pi, (0.01Pi)2), where Pi is the nominal value of the 

active power at each load bus. Then, by taking results of the 

GSA based on a MC simulation with 106 trials as a reference, 

the performance of the GSA with the BASPC is displayed in 

Table V. Note that the HD of 0.133 in the IEEE 13-bus test 

feeder and 0.021 in the IEEE 123-node test system indicate that 

the importance of only two random inputs is incorrectly ranked. 

Moreover, in terms of the value of the EMD, the BASPC with 

NED, 200 outperforms the MC with Nsam, 105 in the IEEE 13-bus 

test feeder; and the performance of the BASPC with NED, 500 is 

comparable to that of the MC with Nsam, 105 in the IEEE 

123-bus test feeder, giving an indication of the required size of 

the EMD. 

TABLE V 

OVERALL PERFORMANCE OF THE VARAINCE-BASED GSA WITH BASPC 

QoI Method Nsam/ED SimT HD EMD 

IEEE 13-Bus 

Test Feeder: 

V675-A 

MC 
106 8.05(h) - - 

105 2.38(h) 0.266 0.096 

BASPC 

1000 8.65(s) 0.133 0.077 

500 6.96(s) 0.133 0.078 

200 1.96(s) 0.266 0.084 

IEEE 

123-Node 

Test System: 

V450-A 

MC 
106 152.07(h) - - 

105 31.38(h) 0.063 0.358 

BASPC 

2000 32.61(s) 0.021 0.199 

1000 14.66(s) 0.021 0.214 

500 8.14(s) 0.084 0.367 

* Nsam/ED: number of samplers/the experimental design; SimT: simulation time; 

HD: hamming distance; EMD: earth mover's distance. 

A variance-based GSA with the BASPC in both test systems 

achieves a high level of accuracy in terms of both the HD and 

EMD. The proposed method significantly reduces the 

computational burden in terms of the SimT. With regard to the 

complexity of a power system, it does not give rise to the 

difficulty of executing the variance-based GSA; but it increases 

the computation time of both methods. Nevertheless, the more 

complex a power system is, the more computational effort will 

be saved by applying the BASPC expansion. Furthermore, the 

performances of the GSA with the BASPC in both test systems 

vary with the size of the ED. Along with a growing size of NED, 

the result of the GSA with the BASPC gets more accurate 

whereas the calculation time slightly increases. 

V. CONCLUSIONS 

This paper builds the bridge between the variance-based 

GSA and the power system, and presents a novel approach to 

implement the GSA by applying the BASPC expansion for the 

surrogate modelling. 

In contrary to the LSA, the GSA can include the uncertainties 

present within a power system in the SA. The proposed method 

is able to efficiently analyze the importance of a large number 

of independent or correlated input uncertainties in the power 

system. The proposed method was implemented on the IEEE 

13-bus test feeder and the IEEE 123-node test system, where 

the voltage-power, current-power, VUF-power and loss-power 

sensitivities have been investigated. The results show the merit 

of the proposed method for the analysis of complex power 

systems in the presence of numerous uncertainties, especially 

for online usages. Additional analyses on the level of accuracy 

0

0.04

0.08

0.12

0.16

C
u

rr
en

t 
S

C
 t

o
 t

h
e 

B
A

P
s

Phase A

Phase B

Phase C

10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

Numbering of Input

1051

0.01

0.02

0.03

0.04

Active power loss SC to the BAPs
rp
rd

10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

Numbering of Input

1051
0



0885-8950 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TPWRS.2017.2719046, IEEE

Transactions on Power Systems

Reliability Engineering & System Safety

Journal of Hydrology

The Journal of chemical 

physics

Technometrics

Matematicheskoe Modelirovanie

Progress in aerospace sciences

Reliability 

Engineering & System Safety

IEEE Trans. on 

Power Systems

IEEE 

Trans. Power Systems

.  IEEE Trans. Power Systems

IEEE Trans. on 

Smart Grid

IEEE Trans. on Power Delivery

IEEE Trans. on 

Power Systems

IEEE Trans. on Sustainable Energy

IEEE Trans. on Power Systems

IEEE 

Trans. on Power Systems

IEEE Trans. on Power Systems

IEEE 

Trans. on Power Apparatus and Systems

IEEE Trans. on Power Systems

IEEE 

Trans. on Smart Grid

International Journal of Electrical 

Power & Energy Systems

 IEEE 

Trans. on Power Systems

in IEEE PES General Meeting, 

Boston

IEEE Trans. on Power Systems

The Annals 

of Statistics

Computer Physics 

Communications

American Journal of 

Mathematics

SIAM journal on scientific computing

IEEE Trans. on Power 

Systems

Risk analysis



0885-8950 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TPWRS.2017.2719046, IEEE

Transactions on Power Systems



Electric Power Systems Research 151 (2017) 59–67

Contents lists available at ScienceDirect

Electric  Power  Systems  Research

j  o ur na l ho mepage: www.elsev ier .com/ locate /epsr

Valuation  of  measurement  data  for  low  voltage  network  expansion

planning

M.  Nijhuis a,∗, M.  Gibescu a, J.F.G.  Cobben a,b

a Electrical Energy Systems, Eindhoven University of Technology, Den Dolech 2, Eindhoven, The Netherlands
b Liander N.V., Utrechtseweg 86, Arnhem, The Netherlands

a  r  t  i  c  l  e i  n f o

Article history:

Received 15 August 2016

Received in revised form 5 April 2017

Accepted 13 May  2017

Keywords:

Advanced meter infrastructure

Distribution networks

Power system monitoring

Power system planning

a  b  s  t  r a  c t

The introduction  of electric  vehicles  and  photovoltaics  is changing  the  residential electricity consump-

tion.  Distribution network operators  (DNO)  are  investing  in  an advanced metering  infrastructure  (AMI)

to enable  cost  reduction through  smart  grid  applications.  The DNO  also  benefits  from  the  additional  mea-

surement  data  the AMI  gives  for the  network  planning  process.  The  availability  of AMI data  can be  limited

by  the  cost  of communication and  by  privacy  concerns.  To determine the  social  welfare of an AMI,  the

economic gains should  be  estimated.  For the  planning  of the  low  voltage  (LV)  network, a method  for

determining the  value  of an  AMI still needs  to  be  developed.  Therefore, a  planning  methodology  which

allows various levels  of measurement  data  availability  has  been developed.  By applying  this  approach

the  value  of different levels  of AMI  from  an LV-network  planning  perspective can  be  determined.  To  illus-

trated the  application of this approach  a  case  study for  the  LV-network  of a Dutch  DNO is performed.  The

results show  that an increase  in measurement  data  can lead  to  D 49-254 lower  LV-network  reinforce-

ment  costs. A  detailed analysis  of the  results shows  that already 50%  of the  possible cost reduction can

be  achieved  if  only 65%  of the  households  have  AMI  data  available.

© 2017  The Author(s).  Published  by  Elsevier B.V. This is an open access article under  the  CC  BY license

(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

With the electrification of heating and transportation loads and

the introduction of distributed generation, the residential energy

use is changing. The loading of the low voltage (LV) network can

increase due to additional loads like heart pumps. Bi-directional

power flows become possible through rooftop PV [1]. On the local

level, the pace of and extent to which these developments take

place can vary. Errors in the spatial load forecasting can have a

significant effect on the required investments in the LV-network

[2]. Currently, in  most LV-networks, almost no measurement data

is available, which generates uncertainty about the current load-

ing of the LV-network [3]. This makes an adequate planning of the

LV-network more complicated. The introduction of an advanced

metering infrastructure (AMI) can, however, present the distribu-

tion network operator (DNO) with an unprecedented amount of

data about the residential load.

The AMI  data can be used for a  multitude of applications [4],

from demand response to automating the meter reading process

∗ Corresponding author.

E-mail addresses: m.nijhuis@tue.nl (M.  Nijhuis), m.gibescu@tue.nl (M.  Gibescu),

j.f.g.cobben@tue.nl (J.F.G. Cobben).

and more accurate LV-network expansion planning [5].  AMI data

offers many opportunities for real time operation of the distribu-

tion network [6–8],  however for the planning of the LV-network

the available opportunities are not well documented. AMI  data can

be used to improve the load modelling [9] and load models based

on AMI  data can be  implemented in the network planning process

[10].  The question of how much value these measurements give

to the DNO remains open. Privacy concerns about the use of AMI

data require anonymisation. Depending on the implemented AMI

communication infrastructure a limited read-out frequency and/or

measurement frequency of the AMI  data may be required [11].  This

limits the DNO in the amount of information which can be extracted

from the AMI  measurements or requires additional communication

infrastructure investments [12].

To be able to make adequate choices about the extent of  the

implementation of an AMI, the benefits of the AMI  data should be

assessed. The valuation of the AMI  data from a  demand response

perspective has already been performed [13].  The assessment of the

automation of a  business process like the surveying of conventional

electricity meters can easily be assessed from the expenses of  the

DNO. The use of AMI  data to  accurately assess transformer loading

has also been studied [14],  as well as the creation of load forecasts

based on AMI  data [15]. The usefulness of the additional measure-

ments to increase observability from an operational perspective,

http://dx.doi.org/10.1016/j.epsr.2017.05.017

0378-7796/© 2017 The Author(s). Published by Elsevier B.V. This  is  an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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e.g. in state estimation, is a  common research topic [16],  however,

the data requirements from a long-term planning perspective are

different. Preliminary research in  using AMI  data for the long-term

network planning problem has been conducted [17]. The valuation

of AMI data for the planning and reinforcement of LV-networks

has not been covered. It is, therefore, hard to give an adequate esti-

mation of the value of AMI  data from an LV-network expansion

planning perspective. This estimate is  needed when determining

the required characteristics of an AMI. From the point of view

of generation adequacy studies into the value of additional mea-

surement data have already been performed [18,19],  however for

the LV-network expansion planning the effects of the additional

measurement data still need to  be quantified. A uniform network

planning methodology which incorporates different types of LV-

measurement data is  therefore needed to assess the value of AMI

measurements for the LV-network planning process. Like stan-

dard network planning approaches, the methodology to provide

a valuation for the AMI data from a  network planning perspective

should compute the LV-network cost, however, unlike the currently

applied approaches, the methodology for the valuation should be

able to handle load data with different levels of uncertainty in  a

similar way.

This paper proposes an LV-network expansion planning

approach capable of handling these different levels of load

uncertainty. How this approach subsequently can be applied to

determine the value of AMI  data from a network planning per-

spective is also shown in  this paper. In Section 2 the effect of

measurement data on the planning of the LV-network is discussed.

In Section 3, the different levels of LV-measurement data avail-

ability are discussed, in  combination with the methodology for

incorporating this data in  the LV-network expansion planning pro-

cess. In Section 4, the application of this methodology is  presented

through a case study for the largest DNO in  the Netherlands. Conclu-

sions on the value of AMI  data from a  network expansion planning

perspective are shown in  Section 5.

2. Use of measurement data in LV-network expansion

planning

The use of additional measurement data in LV-network plan-

ning reduces the uncertainty about the current loading of the

LV-network. This reduction in  uncertainty can lead to better

investment decisions and thus to  lower LV-network cost. If more

measurement data is  available the number of possible loading

states of the LV-network reduces. This results in  a  tighter proba-

bility distribution of the load, which reduces the uncertainty and

allows for more efficient investment decisions. Assume the loading

of the network is normally distributed with mean � and standard

deviation �. The network can be planned for the 98th percentile

value of the peak load, or roughly the value of � +  2�. This is  illus-

trated in Fig. 1a where a normal distribution of the loading and

the ideal planning level are shown. In this illustration, the net-

work loading can be seen as the level of the peak load in the

network. Where the distribution of this loading comes from the

uncertainty about the actual level of peak load as there are no

measurements available. A reduction of uncertainty would result

in a lower variance, so �new < �old. The mean of the new proba-

bility density function can also change. Through the reduction of

uncertainty, the mean of the probability density function moves

closer to the actual value of the loading. Two situations are likely to

occur �new + 2�new < �old +  2�old or �new + 2�new >  �old + 2�old.  Both

situations are shown in  Fig. 1b and c, respectively.
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Fig. 1. Value of measurement data in the LV-planning process.

If the network is  still planned with the same level of  risk, the

98th percentile value of the peak load, the network investments

will decrease. The value of the 98th percentile of the load is  lower

thus a less strong and cheaper network can be constructed with the

same expected chance of overloading. This difference is the cost

saving for the DNO from a  network planning perspective.

�new +  2�new > �old + 2�old

If the network is still planned with the same 98th percentile

value of the load, the DNO will construct a stronger and more

expensive network. However, as the old network was planned with

a percentile value for the risk which turned out to be lower than

the 98th percentile, more cases in  which the network has to be

reinforced at a  later stage will occur (more than the planned 2%

of the cases). In the long run, this reduction in the need for future

reinforcements of the network generates a  lower total investment

cost for the DNO, as unforeseen reinforcements can assumed to be

suboptimal.
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3.  Methodology

To assess the value of data in the LV-network from a  plan-

ning perspective and to consequently calculate the break-even

point at which investing in additional measurements becomes eco-

nomically infeasible, an LV-network expansion planning approach

needs to be defined. Based on this planning approach the expected

cost with different levels of data availability can be calculated. As

the current approach to network planning is based on a simple

peak load calculation, this approach first needs to  be  adjusted to

allow for the inclusion of additional measurement data. Hereafter,

a generic LV-network expansion planning approach capable of han-

dling different levels of measurement data availability is  defined.

The implantation of different levels of measurement data availabil-

ity is discussed hereafter. Finally, the metrics for the calculation of

the added value of the additional measurements are determined.

The LV-network planning process is  traditionally based on the

assessment of the network over a time horizon of 40 years. From

scenarios about future changes in the residential load, a single load

growth factor is distilled. This yearly load growth factor is com-

bined with an adjusted peak load per household. By taking into

account the coincidence factor of the loads, the peak load in the

whole network can be determined. The network is  designed for

this future peak load, by  estimating the voltage levels and com-

ponent loadings during the assumed peak load conditions [20].  In

most LV-networks, only a single measurement at the MV/LV trans-

former is available. In addition, only the maximum loading of the

transformer is recorded. This measurement data often needs to  be

collected manually. Therefore most of the MV/LV transformers only

have one measurement point per year. For most residential cus-

tomers only data on the yearly energy consumption exists, as it is

needed for billing purposes.

3.1. LV-network planning with AMI  data

In the current network planning approach, the emphasis is  on

creating a network that is strong enough to handle most load

scenarios for the coming 40 years. This generally creates a  more

robust network than strictly necessary. As data about the current

loading of the LV-network is  usually unavailable, reinforcing the

LV-network incrementally depending on the load growth is  not

the most cost effective option. With the introduction of an AMI  or

additional measurements in the LV-network, a  more incremental

approach for LV-network planning becomes feasible. The state of

the LV-network can be better monitored, leading to a  better plan-

ning and evaluation of possible network reinforcements. In this

section, an approach is defined with respect to the planning of the

LV-network for different levels of measurement data availability.

An overview of the proposed planning approach can be seen in

Fig. 2.

The step I in the adjusted planning process the future scenarios

of the household load for the coming 40 years are generated based

on  the scenarios discussed in  Appendix A. In  step II  these scenarios

are used in a bottom-up household load modelling approach [21]

to develop a set of load curves for the household load. These indi-

vidual profiles need to be aggregated in order to  be utilised in  the

LV-network planning process. Aggregated load profiles can be  cre-

ated from the individual load curves by  clustering them to a limited

number of load profiles per scenario and per time step [22,23],  this

is done in step III. Through a  Monte Carlo approach random com-

binations of load curves are assigned to the households. In step IV

the load curves are assigned to the households in  a  random manner.

This assigning of the load curves is  repeated multiple times to be

able to assess different loading situations. In step V a  single combi-

nation of load curves is transformed into different load levels based

on the measurement data availability as discussed in Section 3.2.

Fig. 2. Adjusted planning process.

Based on these loading situations the network planning optimisa-

tion is  performed to determine the best reinforcement options in

step VI. In step VII these reinforcement options are evaluated based

on the original load curves as determined in  step IV. By evaluating

them with the original load curves a  difference in  cost is  found

with respect to  the optimal reinforcements as determined in  step

VI. This difference in  cost is  the basis for the metrics with respect to

the value of additional measurement data determined in  step VIII.

The network loading is  evaluated once every half year (to

account for seasonal variation). Depending on the observability of

the network, the loading can be determined to a certain accuracy

level at each evaluation interval. Based on this information a new

decision can be made on whether or not to invest in  network rein-

forcements. If reinforcements are required, but not anticipated, the

DNO has to make an unplanned network reinforcement, resulting

in a higher cost. This cost is implemented in the method by using a

penalty for any unanticipated reinforcements.

3.2. Measurement data integration in LV-network planning

Depending on the LV-network measurement approach, data

with different levels of detail may  be available. Based on the most

logical locations of measurement devices, a  number of different lev-

els of data availability can be distinguished. These different levels

are depicted in Fig. 3.

Fig. 3 shows the possible locations of the measurement devices

in  the LV-network. The purple indicates the situation now with just

maximum current measurements at the MV/LV transformer. The

blue indicates the next step in  implementing measurements, with

the maximum current also measured at each of the outgoing LV-

feeders. In addition to  just measuring the maximum current at the

LV-feeder, time-series measurements at the beginning of the feeder

can also be employed, this is indicated by the yellow in the figure.

The DNO can also choose to collect AMI  data every two months for

planning purposes. This option is evaluated at two different par-

ticipation rates for consumers. The red in the figure indicates the

situation if 50% of the consumers are willing to  let the DNO  use their

energy usage data for improved network planning, and the green

indicates the situation if 100% of the consumers give their energy

usage data to the DNO. The way  these different levels of  availability
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Fig. 3. Different levels of data availability in the low voltage network.

affect the planning of the LV-network is discussed for each of the

five options below.

3.2.1. MV/LV transformer maximum

If only the maximum MV/LV transformer load is known, the

loading of a feeder needs to  be  estimated. To be able to assess the

loading of a single LV-feeder, a  two-step approach is taken. First

of all the variation of the maximum feeder load with respect to

the maximum MV/LV transformer loading is estimated. Based on

measurements of the maximum feeder current and the maximum

MV/LV transformer current, the possible range of LV-feeder cur-

rents can be estimated. This is done by  using the following formula:

Pfdr = (1 ± 0.15)
Ptrf · NHH,fdr

NHH,trf
(1)

with Pfdr the feeder loading, Ptrf the transformer loading, NHH,fdr the

number of customers connected to the feeder and NHH,trf the num-

ber of customers connected to  the entire MV/LV substation. For a

measured maximum MV/LV transformer power there is  a 30% range

(±0.15) for the maximum feeder loading. As there are no detailed

measurements available the actual state of the feeder is considered

to be unknown. For each of the maximum feeder loadings within

this 30% range, a number of loading situations exist. These loading

situations are assessed in  the same way as the situation with only

a maximum LV-feeder measurement available. This assessment is

discussed in the next section. Only the feeder loading is estimated

through (1),  instead of measured.

3.2.2. LV-feeder maximum

Measurements of the peak current at each of the outgoing feed-

ers can be performed. The maximum current at the beginning of

each of the feeders is known in this case. By measuring the current

at each feeder, a distinction can be made between feeders with a

high and low load. As only the maximum loading of the feeder is

recorded, variation in the load profile of the feeder is  still possible.

The households contributing to the peak load can be, for instance,

all in the beginning of the feeder, uniformly distributed over the

feeder or at the end of the feeder. The actual loading situation is

taken from an assumption on the distribution of possible loading

situations. This is illustrated in Fig. 4.

Fig. 4 shows the possible minimum voltage which occurs in the

feeder for different combinations of household loads. The maxi-

mum  current at the beginning of the feeder only varies by  ±0.1%,

while the minimum voltage lies in  the range of 0.935–0.955 (p.u.).

To construct the figure, load data from 120 smart meters (15-min

data for 3  months) from a  single neighbourhood are randomly

distributed over a feeder with 67 connected consumers. This distri-

bution of the voltage is generated for a  range of feeder loadings. The

98th  percentile of the voltage distribution is  subsequently chosen as

acceptable risk level. The load current Im at bus m is  assumed to  be
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Fig. 4.  Distribution of the minimum voltage for a  LV-feeder within a range of ±0.1%

variation in feeder peak loading.

equal to the load current at the other buses I0 = I1, . . .,  = Im, . . ., =

INb
with Nb the number of buses. The load current Im which results

in a voltage deviation equal to the 98th  percentile value is cho-

sen as the current that is applied in the optimisation procedure as

explained in Section 3.3.

3.2.3. LV-feeder profile

In addition to measuring the peak loading, the entire load profile

at the beginning of the feeder can also be measured. It  is assumed

that the profile is measured with a 15-min time step and the data

is  sent every half year. The main difference from a practical point of

view is  not in  the measurements of the LV-feeder but in  the amount

of data which needs to be transmitted from the MV/LV substation

to the servers of the DNO. In this situation, the investments are

assessed for each single set of load curves. This set of load curves

IL,0, . . ., IL,n is used to generate a  probability density function of

the possible voltage deviations by changing which load curve is

assigned to  which household (e.g. I0 = IL,1, I1 = IL,0 or I0 =  IL,0, I1 = IL,1).

The assignment of load curves to the households that represent the

98th percentile value from the probability density function of the

voltage deviations is  taken and used in  the optimisation procedure.

3.2.4. AMI 50% participation

If an AMI  is introduced at the household level, it remains possi-

ble that consumers will opt-out of AMI  data retrieval by the DNO.

In this case, it is  assumed that a  randomly chosen 50% of the house-

holds chose to opt out of the data-sharing. This situation is assessed

by giving 50% of the households the same load curve over multi-

ple iterations, while for the other 50% of the households the load

is chosen based on the 98th percentile value of the peak load dis-

tribution of the smart meter measurements. For the households

without smart meter measurements, the loads are assumed to  be

equal I0 =  I1, . . ., =  I n
2

while for the households which are mea-

sured, individual load curves are assigned I0 =  IL,0, . . ., I n
2

= IL, n
2

.

The investment options are subsequently assessed for different sets

of households with the same load curve over multiple iterations.

3.2.5. AMI 100% participation

If all the households allow the DNO to retrieve their load profile

data, the complete loading situation is observable for the DNO. This

allows the DNO to accurately assess the required network invest-

ments. Though the future network loading is still uncertain, the

DNO can determine the chance of voltage or current violations with

a  high accuracy. For this situation, each load current I0, . . .,  In is

assigned an individual value from the available set of load curves

IL,0, . . ., IL,n (e.g. I0 = IL,0, . . .,  In =  IL,n).

3.3. Planning implementation

The goal of the network planning process is to find the low-

est expected cost at which the network can function adequately.
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The network planning is often limited to find the lowest invest-

ment and operational cost (energy losses) under the long term

load uncertainty [24]. The availability is often also included in

the LV-network expansion planning, however the majority of the

LV-networks within Europe are radial networks constructed with

underground cables. This lead to low failure rates and little network

reconfiguration options, which in turn generates only small differ-

ences in availability of the different network expansion options.

For these reasons availability is  not taken into account in this work.

The approach applied in  this paper consist of taking binary rein-

forcement decisions d  from the set of possible options D  at time

t, evaluated over the set of discrete times T,  to obtain the lowest

possible cost Ctot. To account for the time value of money the total

cost Ctot(t) are discounted by the deprecation rate r. The solution

needs the voltages at all the nodes n, Un to be within the limits Umin

and Umax and the branch currents Ibr in the network to be within

the current limits (1 (p.u.)) at all times. This can be expressed as:

min
∑

t ∈ T

Ctot(t)

(1 + r)t

s.t. d ∈ {0, 1} ∀d  ∈ D

Ibr,n(t) ≤ 1 (p.u.) ∀n  = 0, . . ., Nb

Umin ≤  Un(t) ≤  Umax ∀n = 0, . . ., Nb

(2)

In reality, it can happen that the voltage and maximum current

constraints are violated. These constraints are therefore modelled

as a penalty function instead of a  hard constraint. The value of the

penalty function represents the cost for the DNO when either a vio-

lation of the voltage or the maximum current occurs. The penalty

function is assumed to be a  constant Cpen,  independent of the sever-

ity of the violation. The penalty cost Cpen consists of a  part  of direct

damages, for instance, due to a violation of the maximum current

limit, the fuse at the beginning of the LV-feeder will trip, result-

ing in an outage and the need for a  replacement fuse. The other

part of the penalty function is the additional cost associated with

an urgent network reinforcement instead of a planned network

reinforcement. Therefore the penalty cost Cpen is  a DNO specific

value.

The total cost Ctot consists of multiple parts: The fixed invest-

ment cost Cfix,  the penalty cost Cpen,  the cost to reinforce the

branches of the feeders dcblpcbl · lbranch, the cost of adding new

feeders dcblpfdr + pcbll0  →mid, the cost of an additional MV/LV substa-

tion dMV/LVpMV/LV +  pcbl,MVl0  →end and the cost associated with energy

losses pe

∑Nb
m=0

Lm.

C(t) = Cfix + Cpen + dcblpcbllbr,n + dfdrpfdr + dfdrpcbll0→mid

+dMV/LV pMV/LV + dMV/LV pcbl,MV l0→end +  pe

Nb
∑

m=0

Lm (3)

with pcbl, pfdr, pMV/LV, pcbl,MV and pe being the prices of one meter

LV-cable, an additional feeder at the LV busbar, an additional

MV/LV-substation, one meter of MV  cable and one kWh  of electric-

ity respectively, lbr,n the length of branch n,  l0  →mid and l0 →mid the

distance between the MV/LV-substation and the middle and end of

the feeder, dcbl, dfdr and dMV/LV the vectors of binary decision vari-

ables corresponding to  whether or not to  reinforce a  branch, add

a new feeder or add an additional MV/LV substation respectively.

The branch currents Ibr, bus voltages Un and branch losses Lm are

computed from a  backwards forwards sweep load flow calculation:

Ui = Ui,0 −

Nb
∑

n=i

(

ZnIbr,n

)

(4)

where Ui is the voltage at bus i,  bus indexes i, n and m running from

the busbar (index 0) to the end of the feeder (index Nb), Ui,0 the

base voltage (400 V L-L), Zn the impedance of the section between

node n and n − 1,  Ibr,n the branch current as calculated by:

Ibr,n =

Nb
∑

m=n

(

Um,0Im +  Lm

Um

)

(5)

with Im the current of the load at bus m.  The loss Lm between bus

m and bus m + 1 is  calculated by:

Lm = ˛ZnI2
br,n (6)

with  ̨ a factor to account for the fact that the loss calculation is

now only based on a single peak load moment instead of  the entire

load curve. The factor  ̨ is calculated at the beginning of the opti-

misation by calculating the loss by applying the entire load curve

and dividing it by  the loss calculated during peak load times.

The voltage limits that are used during the assessment of the

LV-feeders are chosen as ±0.05 (p.u.). This more stringent limit is

applied instead of the generally applied limits of ±0.1 (p.u.), as the

assessment is based only on the LV-feeders. The voltage fluctua-

tions in the MV-network are not taken into account. The residential

load currents Im are constructed based on the amount of  available

measurement data as discussed in  the previous section. In order to

have an idea of the time evolution of the load currents, the load cur-

rent needs to  be constructed for all the scenarios s in  the scenario

space S.

For the assessment of the possible network reinforcement alter-

natives, genetic algorithms [25] and particle swarm optimisation

[26] are often used. Computation wise there is  little difference in

the performance of these methods [27,28].  A  genetic algorithm is

applied in this paper to determine the best reinforcement options. It

is  assumed that the best reinforcement options are equal for loading

situations where
∑NB

n=1
Zpoc,n × In differs less than 1% of  the maxi-

mum  value, with NB the number of buses, Zpoc,n the impedance at

the points of connection and In the current injected at bus n. This

allows for a lower number of computations while determining the

best reinforcements option for each scenario and for each level of

measurement data availability.

3.4. Metrics to valuate network planning data

To valuate the available measurement data for the network

planning process the difference in total cost with different lev-

els of data availability is  calculated by (2).  Not all networks might

have the same need for measurement data from a  network plan-

ning perspective. Networks for which no problems are expected

in  the coming years, even under extreme load growth scenarios,

obviously do not benefit from having measurement data available.

The question remains for which type of networks the additional

measurement data holds more value. As the LV-network consists

of many different types of feeders, whether or not the value of

additional measurement data differs for these feeders should be

calculated. This value can be  calculated by adjusting the minimi-

sation of the cost as given in  (2) with an objective function which

assumes an equal probability of each scenario s in  the scenario space

S.

Ctot,M,g =

1

|S|
mind ∈  D

∑

s  ∈  S

Ctot,M,s,g (7)
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where Ctot,M,s,g is the total cost of LV-feeder g under scenario s and

with the level of measurement data availability M.  By comparing

these total cost Ctot,M,g for a specific feeder g, but different levels of

data availability M,  the value of the measurement data for a  specific

feeder g can be determined. The optimisation is done based on the

evaluation of the cost under all scenarios, as it is assumed that the

scenarios are indistinguishable at the time that the investments

are made. In this case, the scenarios are assumed to have an equal

probability. If more information on the individual probabilities of

specific scenarios is present the sum in Eq. (7) can be changed into

a weighted sum.

The expected load growth also should have a  significant effect

on the value of the additional measurement data, therefore a  metric

to quantify the effects of using different load growth scenarios is

presented. If the loading is expected to remain more or less constant

in the coming years, additional measurement data will not add any

value, while scenarios with a fluctuating load growth should give

more value to the measurement data. To assess the effects of the

scenarios on the value of measurement data, the objective function

as given in (2) is changed to generated the expected cost for each

scenario s, while taking into account all the LV-feeders:

Ctot,M,s =

1

|G|

∑

g ∈ G

mind  ∈  DCtot,M,s,g (8)

where G is the set of generic LV-feeders g. The objective function (8)

is very similar to the objective function in (7),  where the objective

in (7) is averaged based on the scenarios s, (8) is averaged based on

the feeders g. The main difference is that in  (7) the minimisation is

performed based on the performance under all the scenarios, while

in (8) the minimisation is performed for each scenario individually.

Another aspect which can be determined by  the use of this

methodology is the incremental value of an increase in the pene-

tration of AMI. If more and more consumers connected to the same

feeder allow for the use of their AMI  data for network planning

purposes the expected total investment cost will decrease. Also

with an increasing AMI  usage, there will be a  point when the addi-

tional measurements at the feeder will no longer generate a  lower

expected cost. It is interesting to  determine at which point it is no

longer useful for the DNO to  increase the measurement set from

a network planning perspective. This is calculated by  determining

the expected cost at different levels of AMI  penetration in  the same

manner as done for the 50% AMI  penetration.

4. Case study

To illustrate the application of the proposed approach for the

valuation of measurement data for the planning of an LV-network, a

case study on the network of Liander (Dutch DNO) is  performed. For

this case study, first the network which is  considered is discussed.

This is followed by an elaboration on the creation of the household

load for the coming years. Next to this, the reinforcement options

and costs are given. Based on this information the analysis of the

value of measurement data from a  network planning perspective

can be performed. The results are given in Section 4.1.

To gain an idea of the value of measurement data for the DNO,

a representative subset of the network of the DNO needs to be

selected for the case study as the complete network is too large for

the analysis (>80,000 LV-feeders). The selection of the representa-

tive LV-feeders is done by the application of a clustering approach to

the entire LV-network of Liander. By applying a  clustering approach

to the entire network generic feeders can be extracted from the

network. These generic feeders are representative for the whole

network. A fuzzy k-medians clustering approach is used to  gen-

erate a set of generic LV-feeders based on the network data. The

following network parameters are used in  the clustering approach:

Table 1

Cost of the components used in the case study.

Symbol Component Cost (D )

pcbl LV-cable (\km) 45,000

pcbl,MV MV-cable (\km) 70,000

pmsr Additional MV/LV substation 25,000

pfdr LV-busbar expansion for an additional feeder 7000

pe Electricity price (\MWh)  40

Cpen Penalty cost 8500

Cfix Fixed investment cost 1300

impedances, cable length, number of branches, branch depth and

the number and type of connected customers. Next to these net-

work parameters, the graph theory concepts of degree distribution,

sequence and the centrality of the power, impedance and length

are also used for the clustering. By using these parameters feeders

can be rebuilt from the cluster centres which would represent the

structure and loading of the original feeder. For a  more detailed

description of the applied clustering approach [29] can be con-

sulted. By applying this clustering approach a subset of 96 feeders

is extracted from the entire LV-network. These feeders are subse-

quently analysed with a  peak load of 125% of the current peak load,

to determine which feeders would require reinforcements within

the next 5 years. This creates a  set of 26 generic feeders that are used

to valuate the measurement data from an LV-network planning

perspective. The other feeders are not taken into account as rein-

forcements are not  required independent of the amount of available

measurement data.

For the creation of the scenarios which are used to  assess the

adequacy of the LV-feeders, a  scenario space has been constructed

based on all the combinations of future scenarios for electric vehi-

cles (EV), photovoltaics (PV), heat pumps, economic growth and

appliance efficiency. Appendix A gives an overview of these scenar-

ios. The household load is  generated by using a  bottom-up Monte

Carlo Markov Chain approach [21]. In this method, the behaviour of

each household member is modelled using Markov Chains, based

on data from time use surveys. The appliances are modelled indi-

vidually and switch on or off based on the modelled behaviour of

the users. This generates a  load curve for each individual appliance

within a household. The appliances are subsequently aggregated to

generate the load curve of the household. For each of the individ-

ual households within a network, this approach generates a unique

load curve. In order to create the load curve of a  household for the

coming years, scenarios on how the appliances within the house-

hold will develop, need to be  implemented. These scenarios are

implemented by updating the appliances in the households based

on the penetration rate of new appliances (EV,  PV, etc.) for a cer-

tain scenario. In the same way, trends with respect to the changes

in  appliance ratings (e.g. efficiency and size of appliances) are also

taken into account. With this model, the load curve for 2000 indi-

vidual households for one day each half year for the coming 40

years has been created for the scenarios as described in Appendix

A.  To make the analysis of possible loading situations computa-

tionally feasible the household load curves have been clustered

by using a  k-means clustering approach 10 representative load

curves for each half year of each scenario are generated [23]. More

advanced approaches exist to reduce the dimensionality of load

profiles [30,31],  however the accuracy of k-means approach was

found to give an acceptably small error (a Wasserstein distance of

0.984 was found when comparing the voltages calculated with the

original load profiles to the voltages created with clustered load

profiles).

The reinforcement options are assessed based on their expected

value. For the calculation of the expected value, the data in Table 1

is  used. The depreciation rate r  is  chosen as 3% per year and for

simplicity, a  single cable type is  used for replacements: a  4 × 150AL
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Table 2

Expected discounted cost for the coming forty years for LV-network reinforcements

with  different levels of data availability per LV-feeder.

Cost (D ) Percentage

100% AMI 520 67.2%

50% AMI  680 87.8%

Feeder time series 674 87.1%

Feeder maximum 725 93.7%

Substation maximum 774 100%
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Fig. 5. Mean expected cost with decreasing AMI participation.

LV-cable. With this data, the expected cost of the reinforcements

can be computed for the different levels of measurement data avail-

ability.

4.1. Results

The approach described in the previous section has been applied

to valuate the measurement data for the LV-network of Liander.

The results are shown in  this section. First, the cost of the different

levels of data availability is  given. Secondly, the results are analysed

on  the different LV-feeders characteristics, followed by an analysis

based on the chosen scenarios.

4.1.1. Valuation of measurement data

The cost of the network per LV-feeder are calculated for different

levels of data availability and the results are shown in  Table 2.

As expected, the table shows an overall reduction in expected

cost as the availability of the measurement data increases. The use

of feeder data instead of substation measurements can reduce the

expected cost for feeder reinforcement by about 10%, compared to

the current situation. This translates to  a  cost saving of D  49 over

40 years per LV-feeder. For these savings to be achieved, additional

measurement devices will have to be installed, maintained and the

measurement data has to be collected. Most likely this results in

an uneconomical business case if only the benefits from the net-

work expansion planning perspective are taken into account. The

possibilities of having time series feeder measurements and acquir-

ing AMI  data from 50% of the households generate a  more or less

equal expected cost that is  slightly lower than the expected cost

using a measured feeder maximum. Acquiring all the data from the

AMI infrastructure can lead to an additional 20% lower expected

cost. The majority of the analysed feeders hardly need any rein-

forcements, even in  the most extreme scenario. The added value of

measurement data for these feeders is  zero from a network plan-

ning perspective.

The expected cost between the 100%, 50% and 0% AMI  data

availability cases differ significantly. To further illustrate this the

expected costs for intermediate levels of AMI  availability have been

computed.

In Fig. 5 the expected cost for increasing levels of AMI data avail-

ability is shown. It can be seen that the expected cost as a  function

of the level of AMI data availability follows an S-curve. The inclusion

or exclusion of just a  couple of households from the AMI data does

Table 3

Characteristics of the feeders for which the results are shown in Fig. 6.

A B C D E

Length (m)  900 450 500 890 820

Connections 9 36 45 15 95

Z̄PoC (m�) 133 110 105 162 140

AMI 100% Households Substation  MaxFeeder  Time Series

Feeder  MaxAMI 50% Households

Feeder A Feeder  B Feeder  C Feeder  D Feeder E

1500

1000

500

0

Fig. 6. Expected cost network reinforcements for five feeders with different levels

of data availability.

not have a  large effect on the expected cost. If the level of avail-

able AMI  data can be increased it pays off most if a level of data

availability of at least 40% is already present. Increasing the level

of data availability past the 90% no longer generates any significant

additional returns. For a level of AMI  data availability of 65% of all

the households, a 50% cost reduction is achieved.

4.1.2. Feeder characteristics

Next to  the results for the combined LV-feeders, also the results

for an individual feeder can be given. From all the feeders used in

the calculations, five feeders have been selected. The characteristics

of these feeders are shown in Table 3.

The table shows the length, number of connections and average

impedance at the point of connection (PoC) for each of the feeders.

Feeders A and D  are rural feeders with a large length and a small

number of customers. Feeders B and C are suburban feeders with

an intermediate length and amount of customers and feeder E is  an

older urban feeder with a  long length, high number of  customers

and high average impedance at the PoC. For these five feeders, the

results for the calculation of the network cost with different levels

of data availability are  plotted in Fig. 6.

The trend of a decrease in  expected cost with an increase in

available measurement data is visible in  the figure of the individ-

ual feeders as well. There are  however large differences in the cost

savings which can be achieved for the individual feeders. For feeder

A the availability of all the AMI  data for the LV-network planning

process can lead to a  cost saving of about 80%, while for feeder E the

cost saving is  only 20%. This difference can be explained by the fact

that feeder A is, for a  large percentage of the analysed scenarios,

strong enough to not require any reinforcements, while Feeder E

needs reinforcements reasonably early. The use of additional mea-

surement data can in  the case of feeder A  avoid any unnecessary

reinforcements. For feeder E the large differences between the load-

ing of the individual households occur early on, as the penetration

rates are small in the beginning. If one knows the sum of  all the

loads on the feeder, the small number of households which use a

certain technology is  taken into account, while if a  random 50% of

the household have a known loading, the small number of house-

holds might be excluded. This leads to relatively high expected cost

for feeder E. A similar picture to feeder A is  present at feeder D.

For feeder E the use of AMI  data for half of the households does

not assist much in the grid planning process, while for the other

feeders it gives an additional benefit. For the suburban feeders B

and C, the reduction in expected cost is  between the reduction of
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Table  4

Characteristics of the scenarios for which the results are shown in Fig. 7.

Low Low PV, EV Medium High PV, EV High

PV Low Low Medium High High

EV  Low Low Medium High High

Heat pump Low Medium Medium Medium High

GDP Low Medium Medium Medium High

Efficiency High Medium Medium Medium Low

AMI 100% Households Substation MaxFeeder  Time Series

Feeder MaxAMI 50% Households

Low Low PV,E V Mediu m High PV,E V High
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Fig. 7. Expected cost of network reinforcements for the five  scenarios from Table 4

with different levels of data availability.

feeders A and E. The additional measurement data has more influ-

ence on feeder B in  comparison to feeder C. This can be explained

by the slightly higher number of customers connected to feeder C.

The error induced by the use of average values is, therefore, lower

and the benefits of the additional measurement data as well. Over-

all feeders with a lower need for reinforcements can have more

benefits from AMI data in comparison to  the feeder reinforcement

cost, however the absolute benefits are higher for the feeders that

require more reinforcements.

4.1.3. Scenario influence

Next to the feeder characteristics, the uncertainty of the future

loading of the network is also expected to have a  large influence

when it comes to the value of the measurement data. To gain more

insight in the effect of the scenarios on the value of measurement

data, the results have also been analysed for different scenarios.

From the scenarios which have been used in  the computation, the

subset depicted in Table 4 is  used for a  more in-depth analysis.

The five scenarios which have been chosen consist of the two  most

extreme scenarios, an intermediate scenario and two  scenarios in

which just the level of EV and PV penetration is  altered from the

intermediate scenario. The calculated expected cost for these five

scenarios and the five cases of data availability is  shown in Fig. 7.

The expected cost for the different scenarios confirms the idea

that the relative value of the measurement data is larger as the

chance of having to  reinforce is  smaller. This can be seen as the

relative difference between the 100% AMI  case and the substa-

tion maximum case decreases as the amount of load growth in

the scenarios increases. As the amount of load growth increases,

the benefits of the usage of only half the AMI  data decreases, as

it is expected that the difference in  loading between households

becomes larger. For the scenario with the least load growth the

expected costs are close to  the case with 100% AMI  data avail-

able, while for the highest load growth, the 50% AMI  case generates

almost no profit compared to  the substation maximum case. The

value of having measurement data available on a  feeder level

instead of just at the substation level is significantly higher for the

extreme scenarios in comparison to  the intermediate scenarios. For

the extreme scenarios, the difference between the penetration rates

at different time steps for different feeders can be larger, giving rise

to an increased value of knowing the loading of the feeder.

5. Conclusion

An approach for the valuation of the use of measurement data

for the LV-network planning process is presented. The approach is

based on using a  single LV-network planning approach that allows

for the use of different levels of measurement data, through altering

the applied load values. This approach allows for the determination

of the value of measurements in  the LV-network, from a network

planning perspective. With this approach, the cost-benefit analy-

sis  for installing an AMI  can be improved. Based on the proposed

method the value of the possible deferral of the LV-network rein-

forcements can also be  included. The approach has been applied

to  the LV-network of a  Dutch DNO. In general, an increase in

available measurement data leads to lower reinforcement cost as

the network-wide results show. The cost reduction that can be

achieved in  practice does, however, differ significantly based on the

scenario and the type of feeder which is  used in the analysis. Lower

load growth scenarios and more robust feeders, which still require

some level of finely-tuned reinforcements are the main beneficia-

ries of the uncertainty reduction through additional measurement

data. The analysis also shows that on average a  level of 65% of  AMI

data availability can already achieve a cost reduction of 50%.

This work allows the DNO to decide whether or not to invest

in additional measurement devices in the LV-network, by not only

including the operational benefits for an AMI  but also the bene-

fits from the deferral of LV-network reinforcements. As the use of

additional measurement data is required for the implementation

of many smart grid solutions such as demand side management

(DSM), the approach can be extended to  include DSM alternatives

in the planning process. As future work, a  more accurate assess-

ment of the benefits of applying these smart grid technologies

can be performed by  their inclusion in the LV-network planning

methodology.

Appendix A. Load scenarios

For  the evaluation of the network expansion planning, the res-

idential load for the coming decades needs to be determined, as

LV-cables tend to have a  lifetime easily eclipsing the 30 years.

The main technologies which are expected to increase in penetra-

tion rate and have a large influence on the LV-network are PV, EV

and heat pumps. The penetration rate is defined as the number

of households that use a  certain technology. Next to the increas-

ing  penetration of these technologies, the changes in electricity

usage should also be incorporated in  the scenarios. Scenarios on

the economic growth and the change in appliance efficiency are also

used. The scenarios are modelled through the use of the following

equation:

pt(yr)  =

ptmax

1 +  e−a(yr)
(9)

with pt  the penetration level at year yr, ptmax the maximum pen-

etration level and a  the penetration rate parameter. This approach

is  applied for the all the scenario drivers, expect for the economic

Table A.5

Overview of the different parts of a scenario and how they are implemented.

High Medium Low

ptmax a  ptmax a ptmax a

PV 82 0.16 32  0.18 7.2 0.19

EV  63 0.09 28  0.11 4.5 0.11

Heat pump 46 0.06 5.2 0.06 0.1 0.05

Efficiency 0.52 0.13 0.59 0.12 0.96 0.17

Growth 1.25% 0.5% 0%
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growth where an exponential growth function is used. In Table A.5

an overview of the employed scenario parameters is  given.

For the EV and PV the following assumptions have been made

with respect to the modelling of these technologies. The rated

power of the PV systems are  assumed to uniformly distributed

between 2 and 5.5 kW per household. For the EV charging, slow

charging at a rate between 3 and 8 kW is  assumed. The distribution

of departure and arrival times of the EVs as well as the distance

driven are modelled based on data from mobility studies according

to the method described in  [32].  The EVs start charging as soon as

they arrive back at the household.
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Modelling of Load Uncertainty for Multi-Stage

LV-network Expansion Planning
Michiel Nijhuis, Member, IEEE, Pedro M.S. Carvalho, Madeleine Gibescu, Member, IEEE, and Sjef Cobben

Abstract—In LV-network expansion planning a high load
uncertainty is present, due to the volatility of the household load.
Especially for LV feeders with a small number of consumers,
this uncertainty needs to be taken into account in the planning
process. In this paper, an approach to model this uncertainty and
implement it in the LV-network expansion planning is described.
The approach consists of decomposing the load uncertainty
into two components: the uncertainty caused by the volatility
of the household load and the uncertainty associated with the
long-term load evolution. The former can be modelled by a
probability density function. To incorporate this in the network
expansion planning methodology, a probabilistic load flow instead
of a deterministic one needs to be applied. The long-term load
evolution can be captured by utilising different scenarios. To be
able to apply these scenarios in the optimisation, a reduced set
of scenarios needs to be obtained. This is done with a reduction
methodology based on the Wasserstein distance. The resulting
scenarios can then be evaluated with a minimum maximum-
regret approach. This new approach with respect to the modelling
of household load uncertainty has been tested on a real LV-
network and is shown to be feasible.

Index Terms—Residential load uncertainty, Power system plan-
ning, Decision analysis, Genetic algorithms, Probabilistic load
flow, Scenario techniques, Stochastic optimisation

I. INTRODUCTION

IN the drive towards sustainable energy systems, the resi-

dential electricity usage is changing, due to the electrifica-

tion of heating and transportation sectors, and the penetration

of rooftop photovoltaic (PV)-systems. This energy transition

has a large effect on the adequacy of the low voltage (LV)-

network (<1kV). In most developed countries the LV-network

has been developed in the previous century. The ageing assets

need to be replaced as they are obsolete from a reliability point

of view. Moreover the transition towards a sustainable energy

system was not yet taken into account when this network was

created. The LV-network needs to be reinforced in order to

deal with the changes in the residential electricity consumption

and generation [1]. In the coming years, the reinforcement and

replacement of the LV-network will, therefore, become more

important.

In Europe nearly 60% of the total conductors within the

power system are in the LV-network. These lines are most

often (56%) underground cables [2]. Reinforcing these systems
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is generally capital cost intensive, as the cost for the trenching

is much large than the cost of the actual LV-cable. When a

DNO installs a new cable it wants to be sure that the cable

would remain operational for the next coming decades, as the

technical lifetime of new LV-cables is so long that failure

rate statistics collection is deemed uneconomical [3]. When

reinforcements are required in the LV-network, the network

needs to be analysed to ensure the chosen reinforcement option

is robust enough. In order to do this, the DNO applies an

expansion planning optimisation to the network. The main

challenge with the evaluation of the LV-network is the large

load uncertainty. This uncertainty consists of both the long-

term load evolution as well as the volatile nature of the

household load. Therefore the DNO should incorporate the

load uncertainty into the LV-network expansion planning.

How these uncertainties can be modelled and implemented

within the confines of the network expansion planning problem

remains an open question.

For the distribution network, many expansion planning

strategies under load uncertainty have been described. Most

work has been done with respect to the inclusion of the

uncertain output of distributed generation in the expansion

optimisation process [4]–[7]. Load uncertainty in these ap-

proaches is however not taken into account. The use of a

fuzzy description of the load [8]–[10] or the type of load [11]

is one of the ways to deal with the load uncertainty in the

network planning. Load curves for different load magnitudes

[12]–[14], and daily load curves [15], [16] are also employed

to bound the uncertainty of the load. All these approaches

will generate a limited amount of load uncertainty, which is

suitable for modelling the household load for the MV network,

as the loads are already aggregated to a certain extent, but

not for analysis on the LV-network. Another way to deal

with uncertainty is by using scenario analysis. This can be

done in multiple ways, by incorporating scenario-based load

growth in the conventional planning procedure [ 17] [18] or

by adjusting the network optimisation under scenario-based

load uncertainty [19]. The final future load can also be seen

as a random variable, rather than a deterministic value [20]

[21]. Though these approaches are good for evaluating the

future load from a system-wide perspective, the uncertainty

on the level of the individual household loads is not taken

into account.

The implementation of the long-term load evolution un-

certainty in combination with the uncertainty caused by the

volatile nature of the household load needs to be investigated,

in order to use these approaches to accurately estimate the

required LV-network strength in the LV-network expansion
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planning problem. A method for including both these types of

uncertainties in the network expansion planning is presented in

this paper. First, a description of these two types of uncertain-

ties and how they can be modelled and implemented is given in

Section II. This is followed by the presentation of the network

expansion planning problem and how it should be altered to

allow for the implementation of both types of uncertainty. To

provide insight into how the proposed modelling of uncertainty

will affect the outcome of the network expansion planning,

the proposed methodology is applied to an LV-network in

Section IV. The paper finishes with the conclusion on the

modelling and implementation of these uncertainties in the

network expansion planning.

II. LOAD UNCERTAINTY IN THE LV-NETWORK

When it comes to the planning of LV-networks, on of the

main uncertainties that exists is the load uncertainty. House-

holds consumers make up the largest group of connections

to the LV-network. Not only is the household load volatile

because it is based on the behaviour of individuals, also how

the household load will develop in the future is not known in

advance. To be able to accurately assess the best reinforcement

options for an LV-network, both these sources of uncertainty

need to be taken into account. When taking these uncertainties

into account, the modelling of the uncertainty is the first

important step. The typical ways of modelling uncertainty are

by either continuous or discrete probability density functions,

fuzzy sets, lower and upper bounds or scenarios [22]. The

load uncertainty in the LV-network takes different forms and

therefore two kinds of load uncertainty are assessed. First, the

uncertainty which comes from the volatility of the household

load and secondly the uncertainty which comes from the

long-term load evolution. These uncertainties are modelled

through a continuous probability density function and through

scenarios, respectively. In the following two subsections, their

modelling is explained in more detail. This is followed by

a section on the network expansion planning approach and

a section on how these modelled uncertainties are taken into

account in a specific case study.

A. Household load volatility

In the LV-network, most connected loads are household

consumers. Even though these consumers behave in fairly the

same way when looking at a large group of consumers, their

individual behaviour is highly volatile. To illustrate this fact

Fig. 1 has been created.

In Fig. 1, the distribution of the peak load values for

different sizes of groups of households is shown. The figure is

created by randomly selecting a certain number of household

load curves from a database and subsequently calculating

the yearly peak value of the group of households. By using

10 000 Monte Carlo samples for the selection of the load

curves the distribution of the peak load values for different

household group sizes is created. From the figure, it can be

seen that the peak load of the aggregated households decreases

as the number of households increases as the coincidence

factor comes more and more into play. When looking at
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Fig. 1. The distribution of the average peak load of a group of households
scaled back to a single household

the uncertainty bound around the household peak load, it

also becomes clear that this decreases as the number of

households increases. From the perspective of medium and

high voltage levels, the residential load can almost be seen

as a deterministic parameter, as the number of households

which are grouped at a single bus can easily be more than

200. However, for an LV-feeder this is not the case and the

uncertainty should be taken into account.

With the introduction of smart meters, this uncertainty

should be reduced for the existing network, as for each

household a load curve would be available. The household

composition in a neighbourhood is however constantly chan-

ging (people move away, family situations change, etc.). These

changes would have a significant effect on the energy usage

in the neighbourhood as the household energy consumption is

primarily dependent on the behaviour of the individuals who

make up the household [23]. The use of measurement data to

reduce this uncertainty is an adequate solution for the short

time, though when looking further ahead the measurement data

loses its applicability.

When it comes to the planning of the LV-network the

general approach to deal with this uncertainty in the load is to

take the 95th or 99th percentile value of the curve shown in

Fig. 1. The use of this method has one major drawback. All the

household loads use the exact same peak value. Through the

distribution of the load over a feeder and the non-linearities in

the relation between power and voltage, the estimated voltage

may not be at the same percentile value. This is because the

effect of households at the end of a feeder on the maximum

voltage deviation is much larger than for households at the

beginning of the feeder. Also if the highly loaded households

are all connected to the same branch, the voltage deviation

may be high, while the peak load at the feeder level can still

be relatively low. In these ways, either more or less risk is

taken with the network adequacy than was initially expected

based on the chosen percentile value. This is illustrated in Fig.

2.

In this figure, the probability density function of the maxi-

mum voltage deviation at the end of the IEEE LV test feeder

[24] is given. The maximum voltage deviation is computed
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Fig. 2. Probability density function of the maximum voltage deviation at the
end of the feeder, also indicated the value of the voltage deviation with all
loads assumed equal to the 95

th percentile of the peak load

by performing load flow calculations with a selection of

household load curves from the same database as used for

Fig. 1. By assigning different load curves to the households by

means of a Monte Carlo simulation, the probability distribution

is generated. In the figure the value of the voltage deviation

for the 95th percentile of the aggregated peak load obtained

by distributing this load proportionally over all households is

also shown. The value of the voltage deviation based on this

95th percentile value of the peak load corresponds in this case

to the 81st of the maximum voltage deviation (0.03p.u.). By

analysing the network based on the percentile of the peak load

would thus, in this case, lead to a risk of a shortfall of 19%

instead of the much lower 5% risk that would normally be

expected when looking at the 95th percentile.

In order to eliminate this increase in risk level when

non-linearly mapping the peak powers to nodal voltages, a

stochastic approach to the evaluation of each individual hou-

sehold load should be employed. By employing a probabilistic

load flow in the evaluation of the LV-network, a better risk

assessment can be made. When a probabilistic power flow is

employed rather than a deterministic one, a probability density

function will be obtained for the current in each branch and

the voltage in each node [25] [26]. The use of a probability

density function allows for a more advanced approach with

respect to modelling the volatility of the household load.

B. Long-term load evolution

In addition to the uncertainty due to the volatility of the

household load, also the general trend with respect to the

future load is uncertain. When reinforcing the LV-network, the

implemented reinforcement option should last for at least the

coming thirty years within the network. This is caused by the

capital cost-intensive nature and long lifetime of underground

cable networks, as explained in the introduction. The load

of the households should thus be estimated for the coming

decades. In this period the load can change dramatically,

leading to a very high uncertainty of this future load. The

usual approach to dealing with this kind of uncertainty is by

making scenarios for the future load [27] and assessing the

reinforcement strategy based on these scenarios in a multi-

stage approach. Therefore in this paper a two-stage approach

is assumed with T1 after 10 years and T2 after 30 years. For

the construction of scenarios containing the penetration rate

TABLE I
OVERVIEW OF THE DIFFERENT INDIVIDUAL SCENARIO ELEMENTS FROM

WHICH THE SCENARIOS ARE CONSTRUCTED

High Medium Low

ymax a ymax a ymax a

PV 82 0.16 32 0.18 7.2 0.19
EV 63 0.09 28 0.11 4.5 0.11
Heat pump 46 0.06 5.2 0.06 0.1 0.05
Efficiency 0.52 0.13 0.59 0.12 0.96 0.17
Growth 1.25% 0.5% 0%

of new appliances, an S-curve is used:

y =
ymax

1 + e−a(t−t0)
(1)

in which ymax is the maximum penetration level, a determines

the rate of adoption of the appliance or technology and t 0 the

initial penetration rate. In this paper, the values given in Table

I are used for the generation of the scenarios. The parameter

values describing these scenarios are based on a number of

reports which focus on the forecasting of one or more of the

different scenario elements [28]–[35]. For the scenario with

respect to the economic growth, a simple growth rate is used,

the applied growth rate is also given in Table I.

The scenarios are generated by making a combination of the

different elements as shown in Table I. These scenarios should

be addressed by the network expansion planning approach,

while incorporating the volatility of the household load. A

Bottom-up Markov Chain Monte Carlo scenario-based method

for generating the household load is therefore applied, based

on [36]. With this method, a large number of individual

household load curves can be created for each given scenario

and each moment in the future. Based on these curves, the

distribution of possible household load values during conven-

tional and PV peak times can be generated. These probability

density functions would give a better estimation of the load

than a simple peak value as they allow for variation in the

generated scenario peak [37]. For the scenario options shown

in Table I the peak load is shown in Fig. 3. In the figure

also the initial time (T0), the second investment time T1 (after

10 years) and the final network time T2 (after 30 years) are

indicated.

The figure is generated by using each unique combination of

the different scenario drivers and thus consists of 243 (= 3 5)

scenarios. From the figure, the large spread among scenarios

becomes apparent. The network cannot be analysed on all

these possible scenario outcomes, as that would be computatio-

nally very expensive. Therefore, a subset of scenarios needs to

be selected. The selection of the subset of scenarios is based on

minimising the Wasserstein distance [38] between the original

and reduced set. The Wasserstein distance can be seen as the

minimum required transportation cost to move all the data

from the original scenario set to the reduced subset. According

to [39] this can be estimated by applying a k-medians heuristic

[40] which leads to the following minimisation problem:

min
u∈{1,...,N}

N
∑

i=1
i6=u

Pic(su, si) (2)
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Fig. 3. Possible peak load scenarios for the household load and the four
scenarios obtained through scenario reduction

where c is the cost to transport from an original scenario su

to a scenario in the reduced scenario set si and Pi is the

probability of belonging to scenario s i. The final subset of

scenarios can be estimated by starting from the complete set

of scenarios and performing a backwards scenario selection

process. This entails applying the minimisation (2), generating

the set of N -1 scenarios and repeating the selection procedure

until the desired number of scenarios is obtained. This will

generate a reduced set of k scenarios in which each of

the scenarios will have a probability that is based on the

probabilities of the closest scenarios from the original set.

The approach is applied with the following metrics for each

scenario: the average load, the peak load and the off-peak load,

all three measured at both T1 and T2. In this paper, a subset

of k = 4 scenarios is used for the generation of the results.

The resulting scenarios are also indicated in Fig. 3 as s1, s2,

s3 and s4.

For the analysis of these different scenarios, it must be noted

that scenarios are generated at a national level. This implies

that if a certain scenario from the set of generated scenarios

pans out, all of the reinforced networks will experience this

scenario. Taking a risk-neutral expected value approach (as

technically done with the local load uncertainty) is therefore

not advisable as basically all the investments within the same

scenario area have to be pooled and seen as a single invest-

ment. A more risk averse approach is therefore adopted. The

different network reinforcement options are analysed based

on the minimum regret over the selected scenarios. For the

calculation of the minimum regret, the lowest cost per scenario

is estimated by applying a deterministic perfect information

approach to the network expansion problem.

III. NETWORK EXPANSION PLANNING APPROACH

The general formulation of the LV-network expansion plan-

ning problem is presented in this section. The scope of

this planning problem is up to and including the MV/LV

transformer. The MV network is only taken into account in

a shallow manner. As the planning of the MV-network is

different, for instance, the reconfiguration plays an important

role, while in the LV network this is deemed uneconomical.

The main objective of the LV-network planning is to achieve

the lowest possible investment cost and operational cost related

to energy losses and reliability while meeting the actual and

future energy demand. The reliability cost estimation function

is given in [41] and the loss estimate is taken from [42]. Both

have been adjusted to be implemented in a planning algorithm.

These two costs in combination with the investment cost can

be captured in the following function for the total cost:

Ctot(T ) = Cinv(T ) + Cr(T ) + Closs(T ) (3)

with,

Cinv(T ) = Cinv,fix +
∑

d∈Dcbl

(dLdCcbl)+

∑

d∈Dfdr

(dLdCcbl + Cfdr)+ (4)

∑

d∈Dsub

(dLsubCcbl,mv + dCsub)

Cr(T ) = pav

FDR
∑

f=0

(LfdrλcblHHfTrcbl) (5)

Closs(T ) = pe
Ztot

∑

NB

n=1 In(t)
2

Fd

(6)

where Cinv is the investment cost, Cr is the reliability cost,

Closs is the cost of the LV-network losses, T the time instance,

Cinv,fix a fixed investment charge, d a binary variable indi-

cating whether an reinforcement will be made, Dcbl the list

of branches to be possibly reinforced, Ld the length of option

d, Ccbl the cost of laying a meter LV-cable, Dfdr the list of

possible new feeders, Cfdr the cost of adding a feeder to a

substation, Dsub the list of possible new substation, Ccbl,mv

the cost of laying a meter of MV-cable, Csub the cost of a new

substation, pav the price of an outage minute for a household,

FDR the set of all feeders, Lfdr the total length of feeder

f , λcbl the failure rate of an LV-cable, HHf the number of

households connected to feeder f , Trcbl the mean time to

repair a damaged LV-cable, pe the electricity price, Ztot the

total impedance within the network, NB the number of buses,

In(t) the current injected at bus n and Fd a distribution factor

given by:

Fd =

∑

NBr

n=1

(

lbr,n
∑NB,n−ds

k=n
S2
k,max

)

∑NB

n=1 S
2
n,max

(7)

where NBr is the number of branches in the network, lbr,n is

the length of branch n, Sk,max the maximum power injected

at bus k and NB,n−ds the downstream buses of branch n.

The problem is described as a two-stage investment pro-

blem, where investments can be made at T0 and T1 and the

final network is assessed at T2. This leads to the following

optimisation problem:

min

[

Ctot(T0) +
Ctot(T1)

(1 + r)10
+

Ctot(T2)

(1 + r)30

]

(8)
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where r is the depreciation rate. The optimisation is typically

constrained by the allowable voltage deviations and the current

ratings of the components:

∆Vn < 0.05 (9)

|Ic| < Ic,rated (10)

where ∆Vn is the per unit change in voltage from the nominal

value of 1 [p.u.] at node n, usually taken at 0.05 to keep

the voltage within the 0.95-1.05 band, allowing for some

voltage fluctuations within the MV-network and Ic the current

flowing trough and Ic,rated the rated current carrying capacity

of component c (branch or transformer). In the optimisation,

loads will have to be assigned to each of the buses with

a connected household. As discussed in Section II-A, each

load will be modelled as a probability density function. This

modelling is incompatible with the conventional constraints (9)

and (10), as the voltage and current are no longer deterministic

variables. The chance of violating either the current loading

or the voltage deviation constraints can be estimated from the

probability density functions obtained from the probabilistic

load flow. When either of these two constraints are violated,

the DNO should reinforce the network to ensure it is operating

again within the limits. The constraints with respect to the

voltage and current can thus be compounded and replaced by

a constraint with respect to the chance of overloads or voltage

violations:

P(∆Vn > 0.05) + P(Ic > 1|∆Vn < 0.05) (11)

where P(∆Vn > 0.05) indicates the chance that the voltage is
more than 0.05 from the nominal value and P(I c > 1|∆Vn <

0.05) is the chance that the current is more than the nominal

value while the voltage is within the 0.05 limits. This approach

is needed to ensure that the instances at which the voltage and

the current are outside the limits are not counted twice, as the

risk of a voltage violation and a current overloading have a

certain level of dependency. The best reinforcement option

available to increase the network if the chance of network

inadequacy becomes too high can be determined within the

optimisation procedure. Based on this reinforcement option,

constraint (11) can be relaxed into a penalty function, gene-

rating an additional cost component in the objective function.

This cost component is given by:

Cpen = Cinv,s(r − 1)rT×

(P(∆V > 0.05) + P(Ic > 1|∆V < 0.05))
(12)

where Cinv,s is the investment cost of the subsequent rein-

forcement option, e.g. the best investment option for T 1 at

T0. As the investment cost associated with the subsequent

best reinforcement options will be accounted for when the

network is altered and reassessed based on this reinforcement,

only the cost of moving the investment forwards should be

accounted for when calculating the penalty cost. In this way,

the uncertainty which comes from the volatile household load

is taken into account. In the two-stage approach there is no

investment at T2, however, an estimate of this investment

is necessary to be able to calculate (12). The amount of

investment at this stage, therefore, needs to be estimated when

applying this approach.

IV. CASE STUDY

To illustrate how the change in the modelling and implemen-

tation of the load uncertainty affects the network expansion

planning, a case study has been performed. In the case study,

the modelling of uncertainty as described in the paper is

applied to an existing LV-network. The network expansion

planning optimisation has been performed with and without

the modelling and implementation of uncertainty as proposed

in Section II. To be able to perform the network expansion

planning optimisation, a generic approach for solving the

optimisation has to be established first, hereafter the results

of the case study can be discussed in more detail.

A. Approach

The optimisation problem as formulated in Section III

should be solved while taking into account the load un-

certainties as described in Section II. With these uncertain-

ties, the linearisation of the problem as formulated seems

infeasible. Therefore, a heuristic solution method is applied.

Many different heuristics have been applied for solving power

system planning problems, e.g. genetic algorithms, particle

swarm optimisation and Tabu search. Due to their ability

to successfully tackle large combinatorial problems, genetic

algorithms have often been applied to solve multi-stage net-

work expansion planning problems [6], [43]–[46]. Therefore, a

genetic algorithm is applied in this paper as well. The applied

genetic algorithm has the following steps:

Step 1) Generate reduced scenario set to capture the load

evolution

Step 2) Initialise population of network reinforcements

Step 3) Determine optimal timing for the reinforcements of

each individual under each scenario

Step 4) Evaluate the population and determine maximum

regret

Step 5) Selection, cross-over and mutation of the population

of reinforcement solutions

Step 6) Repeat steps 3-5 until number of iterations reached

With the evaluation of the different options, the optimum

investment level for each scenario is determined separately at

T1. In the first stage, T0, the investments which are required are

all the same for each scenario, as these are investments which

should be done at the present moment in time. No information

on which scenario will materialise is present. At T1 there might

be more information present, so the applied reinforcement

options can differ between scenarios. This is incorporated

into the optimisation by not necessarily implementing all the

reinforcements at the second stage, T1. The required level

of reinforcements at the second stage is estimated for each

scenario during the determination of the optimal timing.

To evaluate the optimisation with respect to the handling

of uncertainty, two simulations are performed. With these

simulations, the correctness of the applied scenario reduction

approach, as well as the advantages of using a probability

density function rather than a deterministic value for the hou-

sehold load, are illustrated. The different parameters which are

used in the optimisation are given in Table II. The household
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TABLE II
DATA USED FOR THE NETWORK EXPANSION PLANNING OPTIMISATION

Symbol Component value

Ccbl LV-Cable [e\mtr] 65.5
Ccbl,mv MV-Cable [e\mtr] 77
Cfdr LV-busbar expansion [e] 4200
pe Electricity price [e\MWh] 0.73
Csub Additional MV/LV substation [e] 40000
Cinv,fix Fixed investment cost [e] 8300
λcbl Cable failure rate [\(yr km)] 0.038
Trcbl Repair time [min] 200

TABLE III
CHARACTERISTICS OF THE LV-NETWORK USED IN THE CASE STUDY

Feeder Length [m] Connections Mean impedance [Ω\km]
Orange 340 41 0.335
Green 457 62 0.467
Purple 564 57 0.393
Light blue 371 45 0.569
Red 436 55 0.280
Blue 241 41 0.310

MV/LV substation
LV-cable
Household

Fig. 4. The network used for the case study

load which is used in the evaluation is based on a bottom-

up load model [36] with all possible scenario combinations

implemented as indicated in Table I. The probability density

functions of the household load are estimated by a Gaussian

mixture distribution and evaluated with a probabilistic load

flow designed for Gaussian mixture distributions [47].

For the simulation, a LV-network from a Dutch DNO is

used. The network is fed by a 400kVA transformer, consisting

of 6 feeders connecting 301 customers. The network was

originally built in the sixties and is now operating close to

its limits. A graphical overview of the network is given in

Fig. 4, while the main characteristics of the LV-network are

shown in Table III.

As this network is operating close to its limits, it will be

reinforced soon. The network expansion planning optimisation

is applied to this network in a number of different ways.

1) The optimisation is applied on the reduced scenario set

with the modelling of the load uncertainty as described

in Section II.

2) The network is planned by using a deterministic ap-

proach to the household load volatility rather than a

probabilistic one. The load of all households on a

single feeder is assumed to be equal. The level of the

load is determined by taking the 95
th percentile of the
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Fig. 5. Evaluation of the performance of the genetic algorithm for probabi-
listic versus deterministic approach with a reduced scenario set

aggregated peak load of the feeder. The other aspects of

the optimisation remain unchanged.

3) The proposed optimisation approach is applied to the

full scenario space containing 243 scenarios, rather than

a reduced set of 4 scenarios.

By solving the same optimisation problem in three different

ways, a better understanding of the effect of modelling and

implementing load uncertainty is provided.

B. Results

The results of the three network expansion planning opti-

misation problems are given in the following section.

1) Probabilistic vs. deterministic approach: First, a closer

look is taken at the performance of the genetic algorithm

when applying a probabilistic approach, where the loads

are modelled through probability density functions. This is

compared to a deterministic approach, where all the loads

have a constant value. Fig. 5 has been created, to show the

differences. In this figure, the results are shown for each

generation in the genetic optimisation. The figure shows the

minimum maximum regret (dark blue) and the median value

of the population (light blue) for the probabilistic approach

as well as the minimum maximum regret when using a

deterministic evaluation (red). As a genetic algorithm has

inherent variability, the optimisation has been performed 20

times. The thick lines shows the average over the 20 trials,

while the thin lines show a single trials.

In the figure, a number of interesting things can be seen.

First of all, it shows that both the deterministic and the

probabilistic approaches optimise and converge to a certain

minimum value. The spread around this minimum is slightly

higher for the probabilistic approach than for the deterministic

one, but the spread remains under the 5%. The median value

also saturates after 23 generations. The population appears

to have converged from that point onwards with the higher

median coming from the mutations in the population. As the

initialisation of the algorithm is done purely random, it can

be seen that the algorithm finds the optimal even for the

probabilistic-based evaluation. Another observation that can

be made from the figure is that the deterministic solution con-

verges similarly to the probabilistic one. All things considered,

the probabilistic evaluation can be deemed a feasible approach
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TABLE IV
RESULTING COST OF THE OPTIMISATION WITH DETERMINISTICALLY AND

PROBABILISTICALLY MODELLED HOUSEHOLD LOADS

Probabilistic Deterministic

Initial 13 110 16 202
Scenario I 43 837 54 627
Scenario II 32 490 37 860
Scenario III 29 245 33 128
Scenario IV 31 722 36 826

TABLE V
RESULTS OF THE OPTIMISATION WITH REDUCED SCENARIO SPACE AND

FULL SCENARIO SPACE

Full Reduced

Initial investment at T0 [e] 13 110 13 110
Maximum regret [e] 49 771 43 837
Computation time [min.] 957 21.1

from an algorithmic point of view. Lastly, the deterministic

solution has a significantly higher maximum regret compared

to the probabilistic one, as expected. In order to determine

where this difference comes from, Table IV is created. In

the table, the results of the probabilistic and deterministic

solutions are compared, based on their initial investment and

the resulting expected value of each scenario.

Table IV shows that for every scenario the expected costs

are higher for the deterministic approach than for the proba-

bilistic one. This does not mean that the solution provided

by the deterministic case is necessarily worse compared to

the probabilistic one. As both approaches are evaluated in a

different way the estimation cost would therefore differ. The

higher value for the deterministic case comes from the need to

invest up to a point where the constraints are met, while in the

probabilistic case the use of a penalty function based on the

chance of violating the limits can defer the investments. As

deferring the investments until they are actually needed is the

common approach to LV-network expansion, the probabilistic

method generates a more realistic cost estimate than the

deterministic one. In the table, also the initial investment,

at T0, has been given. The level of the initial investment

corroborates this explanation, as the initial investment of the

deterministic case is also higher than that of the probabilistic

one. These results show that the proposed approach with

respect to modelling and implementing the volatility in the

household load offer clear advantages over the commonly used

approach.

2) Full vs. reduced scenario set: The next comparison

which has been performed is the comparison between the opti-

misation with the reduced (4 scenarios) and the full set of sce-

narios (243 scenarios). The maximum regret, initial investment

and computation time of the two network expansion planning

approaches are given in Table V. From the table, the first thing

that becomes apparent is the difference in computational time.

For the reduced scenario set, the computational time is a factor

45 lower compared to 60 times fewer scenarios which need

to be evaluated. A computational time reduction of a factor

60 is not obtained as the time it takes to run the scenario

reduction algorithm is included and also because in the full

scenario set relatively many low growth scenarios have been

included which require less time to optimise. The maximum

regret when applying the reduced scenario set is slightly lower

compared to the full scenario set case. The extreme scenarios,

the upper and lower bounds of the scenario space, are not

included in the reduced scenario set (indicated as s1−s4 in Fig.

3). These scenarios generate the highest regret when applying

the full scenario space, the absence of these scenarios in the

reduced set thus leads to a lower maximum regret. The initial

investment for both scenario sets is the same, indicating the

feasibility of the proposed approach to the scenario reduction.

V. CONCLUSION

In this paper, a new approach to the modelling and imple-

mentation of uncertainty in the LV-network expansion plan-

ning is applied. The main idea behind the approach is to

decompose the load uncertainty into two parts: the uncertainty

coming from the volatility of the household load and the un-

certainty coming from the long-term household load evolution.

The volatility of the household load has been incorporated

by modelling the household load with a probability density

function and evaluating this load based on a probabilistic load

flow. The long-term household load evolution is modelled

through scenarios. To be able to apply these scenarios in an

optimisation, a reduced set of scenarios has been generated and

a minimum maximum regret approach was applied to evaluate

this reduced scenario set.

The proposed approach has been validated with simulations

ran over a typical Dutch LV network. Simulation results have

proven the feasibility of the approach proposed as well as

its advantages over the current practice of using peak loads

Advantages include a more accurate estimation of the total

network investment cost as well as a reduced level of initial

investment. The approach to the reduction of the scenario

set has shown that even though the maximum regret differs

between solutions found, the initial investment remains the

same, demonstrating that the reduction of the scenario space

has little effect on the outcome of the network expansion

planning optimisation.
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Low Voltage Multi-Stage Network Expansion

Planning Under Uncertainty: a Bilevel Evolutionary

Optimisation Approach
Michiel Nijhuis, Member, IEEE, Pedro M.S. Carvalho, Madeleine Gibescu, Member, IEEE, and Sjef J.F.G. Cobben

Abstract—In this paper, a bilevel optimisation approach for
the problem of low voltage (LV) network expansion planning
under uncertainty is formulated. Uncertainty is modelled by a set
of scenarios. Specific genetic algorithms (GA) are designed and
used (i) to find the initial optimal network investments (upper-
level optimisation) and (ii) to find the optimal sequence of such
investments over the planning horizon (lower-level optimisation).
By formulating the LV-network expansion problem as a bilevel
optimisation problem, the initial investment can be evaluated with
more detail, while subsequent investments can still be taken into
account. Details of the scenario modelling approach are given
together with the GA framework used to solve the problem
of optimisation under uncertainty. Results of a case study with
real LV-networks are presented and compared with the results
from an integrated approach to show that the proposed method
reduces computational burden while preserving the optimality of
investment.

Index Terms—Decision theory, Genetic algorithms, Power
system planning, Probabilistic load flow, Uncertainty modelling,
Scenario analysis, Bi-level optimisation

I. INTRODUCTION

THE loading of the low voltage (LV) network is changing.

With the introduction of electric vehicles and rooftop

photovoltaics, the network peak load is expected to rise and

reverse power flows are becoming possible. These changes

have much influence on the adequacy and the operation of

the LV-network [1]. In order to handle these changes, the

distribution network operator (DNO) needs to reinforce the

LV-network in many places over the coming years. When the

LV-network is close to its operating limits or the limits have

already been reached, the DNO will evaluate the possible

reinforcement options. When evaluating the reinforcement

options the DNO has to take into account the long economic

lifetime of additional LV-cables (>30 years) and the negative

asset recovery value (removing a cable that is no longer

required comes at a cost for the DNO) for underground cables.

The DNO, therefore, assesses the LV-network over a long

horizon to ensure the network could handle almost all foreseen

load changes. This LV-network expansion planning problem

is, from an optimisation standpoint, a mixed integer non-linear

problem [2]. As the solution should span a large time horizon,
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multi-stage approaches are generally preferred, thus greatly

increasing the complexity of the problem. The LV-network

expansion planning is therefore often solved by using heuristic

as opposed to classic optimisation techniques.

The main techniques that are applied for distribution net-

work planning are simulated annealing [3], Tabu search [4],

partial swarm optimisation [5], ant colony optimisation [6] and

genetic algorithms [7]. These types of algorithms have been

compared in a number of typical power system problems [8]–

[11]. These comparisons show that the actual implementation

of a certain algorithm is more important than the actual type

of algorithm that is used. A careful consideration of the

description of the multi-stage LV-network expansion planning

problem is thus required. The calculation of all the stages in

a multi-stage approach is often done in a single integrated

approach [12]–[15], which, through the combinatorial nature

of the problem, vastly increases the computational complexity

of the problem. The solutions for a multi-stage integrated

problem are not only the reinforcement options, that are

applied, but also the timing of the reinforcement options. Both

the scheduling of the reinforcements [16] and the choice of

which reinforcements are to be applied are already complex

problems. From a practical point of view, only the investment

in the first stage and an indication of the expected total cost is

of interest. Therefore, the problem can be split into two parts,

the optimisation of the first investment and the optimisation

of the subsequent investment decisions. By applying a bilevel

optimisation, the differences in the requirements with respect

to the first stage versus the sequential stages can be fully

exploited. This kind of decomposition of the problem is

commonly applied when distributed generation is included in

the distribution network expansion planning through the use

of an optimal power flow [17]–[19].

In this paper, we propose a genetic algorithm (GA) specifi-

cally suited for the LV-network expansion planning problem.

The GA will accurately determine the initial investment the

DNO has to make, and only provide a deterministic estimation

of the subsequent investments. The paper is organised as

follows. In Section II the description of the multi-stage LV-

network expansion problem is given. In Section III the imple-

mentation of this multi-stage LV-network expansion problem

in a GA is discussed. Section IV shows the performance of

the proposed approach by applying the developed approach to

an LV-network, followed by the conclusions in Section V.
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II. MULTI-STAGE NETWORK EXPANSION PLANNING

UNDER UNCERTAINTY

In this section, the formulation of the LV-network expansion

planning problem is given, followed by a discussion on how

this problem can be tackled in a computationally feasible

manner.

A. LV-network expansion planning

LV-network expansion planning is performed as a cost

minimisation problem that takes into account the investment,

operational and reliability costs. These costs are evaluated in

a multi-stage approach where the load uncertainty is modelled

by using multiple scenarios as given by:

minCinv(T0) + Cr(T0) + Closs(T0)+ (1)

1

||S||

∑

s∈S

n
∑

i=1

Cinv(Ti)(s) + Cr(Ti)(s) + Closs(Ti)(s)

(1 + r)Ti

where Cinv is the investment cost, Cr is the reliability cost,

Closs is the cost of the energy losses, T0 the initial time, Ti

the ith time step, Tn the final evaluation time, S the set of

scenarios s and r the depreciation rate. The costs are computed

as combined costs over all scenarios. The different cost

components within this network expansion planning problem

can be calculated by applying the following equations:

Cinv(Ti) =

||X||
∑

j=0

Xj(Ti) (2)

Xj = Cinv,fix + Lbn→bn+1
Ccbl or

Xj = Cinv,fix + Lbn→b0Ccbl + Cfdr or

Xj = Cinv,fix + LmvCcbl,mv + Csub + Lbn→bsub
Ccbl

Cr = pav

FDR
∑

f=0

(LfdrλcblHHfTrcbl) (3)

Closs = pe

SN
∑

sn=0

(

∑24
t=1 Ssn(t)

2

maxSsn

αL,sn

)

(4)

where X the set of reinforcement investments which includes

reinforcing branches, adding feeders and adding substations,

Cinv,fix a fixed investment cost, Lbn→bn+1
the length of the

branch which would be replaced, Ccbl the cost of laying a

meter LV-cable, Lbn→b0 the length from bus n to bus 0 (the

MV/LV substation), Cfdr the cost of adding a feeder to a

substation, Ccbl,mv the cost of laying a meter of MV-cable,

Csub the cost of a new substation, Lmv the length to the new

substation from the nearest substation, Cr is the reliability

cost, Closs is the estimated cost of the transport losses, pav the

price of an outage minute for a household, FDR the set of all

feeders, Lfdr the total length of feeder f , λcbl the failure rate

of an LV-cable, HHf the number of households connected to

feeder f , Trcbl the mean time to repair a damaged LV-cable,

pe the average electricity price, sn the sub-network connected

to a single transformer, Ssn(t) the apparent power load at

hour t in the average load curve and αL,sn a loss factor of

sub-network sn. This load factor is determined for each of the

installed MV/LV transformers separately and is calculated by

assuming a linear relationship between the load and the loss

which can be estimated from the load flow.

The network expansion planning is constrained by the

voltage limits and the current rating of the branches and

transformers:

∆U < 0.05 (5)

|Ic| < Ic,rated (6)

where ∆U is the per unit deviation in voltage from the nominal

value of 1 [p.u.], usually taken at 0.05 to keep the voltage

within the 0.95-1.05 band to allow for voltage fluctuations

within the MV-network and Irated the rated current carrying

capacity of a component c. The evaluation of these constraints

is carried out by load flow calculations. The simple optimi-

sation problem formulation in (1)-(6) needs to be adjusted

to allow for the inclusion of uncertainty in the multi-stage

approach.

The main drawback of a formulation of the network ex-

pansion planning problem as a multi-stage problem, with

the inclusion of load uncertainty based on scenarios, is the

increased computational challenge that it brings. For the

inclusion of scenarios to model the uncertainty, the evaluation

complexity is at least multiplied by the number of points

within a scenario-tree and even more if a more realistic

scenario representation is applied. This increase in the number

of possible solutions is such that the problem as formulated

should be adjusted in order to be solvable. The multi-stage

problem can be split into a bilevel optimisation problem where

the reinforcements that are required are selected separately

from the timing of the reinforcements. This will allow for

using solution techniques specifically designed for these types

of combinatorial problems.

B. Multi-stage network expansion planning under uncertainty

To determine how the multi-stage problem formulation

discussed in the previous section can best be altered to make a

multi-stage approach computationally feasible, a closer look at

why a multi-stage approach is preferable should be taken. The

two main reasons are: the difference in magnitude of required

subsequent reinforcements and the reduced set of subsequent

reinforcement options available.

Depending on the chosen reinforcement option, the resulting

network strength can differ significantly. If a single-stage

approach is applied the reinforcement should be sufficient to

adequately handle the load at the evaluation time. Whether

or not an additional incremental change in the load would

lead to a violation of the constraints is not taken into account.

A network capable of handling an additional load change

would provide additional value; however, in the single stage

approach, this is neglected.

When a certain reinforcement option is applied to a network,

it changes the space of possibilities of future reinforcements.

For instance, when depleting most incremental reinforcement

options, the flexibility to deal with future load changes dimi-

nishes, while placing a new substation would lead to more

incremental reinforcement options in the future. This should
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also be accounted for in order to accurately evaluate a certain

reinforcement option.

Next to this, the use of a multi-stage approach also re-

sembles how the network reinforcements are carried out in

reality. The normal procedure when reinforcing LV-networks

is to wait until the network becomes overloaded, experiences

voltage problems or the cables are no longer reliable enough,

and then take action. Assuming one will reinforce the network

at set intervals is, therefore, a crude representation of the actual

reinforcement procedure. When reinforcements are applied,

the network is made robust enough to be able to handle the

load changes over the coming decades, as the reinforcements

are generally capital intensive, with a negative asset recovery

value. When a reinforcement investment is applied at a later

stage (i.e. T1 to Tn) the network will be analysed at that time

to determine the optimal reinforcements (e.g. the value of X1

will be re-evaluated at T1, instead of meticulously following

the plan determined at time T0).

The evaluation of the later stages of the best reinforcement

options is thus mainly done to gain a better estimate of the

expected value of the initial options over a longer period of

time. The importance of the sequential investments X1, ..., Xn

is reduced due to the time value of money and the uncertainty

that exist about future required network strength and reinforce-

ment options. In an LV-network expansion planning approach,

it is, therefore, justified to focus on determining the first in-

vestment option more accurately. The proposed approach will

focus on the first investment X0 and determine the sequential

investments X1, ..., Xn with a more computationally efficient

calculation. For the solution of this bilevel optimisation pro-

blem a genetic optimisation approach is applicable [20].

III. PLANNING APPROACH

The approach to solving the network expansion planning

problem is discussed in this section. The approach consists

of two optimisation loops: an upper-level optimisation to

determine the optimal first stage, T0, set of investments X0;

and a lower-level optimisation to determine the sequential

investment options, X1, ..., Xn at T1, ..., Tn. Based on these

sequential investments, the expected cost Cs for each scenario

s can be calculated.

A. Upper-level: First investment option

The upper-level optimisation is designed to optimise the first

stage investment X0 over the scenario space s1, ..., sn. A flow

chart of the upper-level optimisation procedure is given in Fig.

1. An overview of the steps in this upper-level optimisation is

depicted in this figure; each of the steps will be discussed in

more detail in the following subsection.

A.1) Initialisation of GA based on the estimated expected cost

per scenario s1, ..., sn

The network expansion planning approach starts with the

estimation of the expected cost for each scenario. An estima-

tion of the cost is necessary to gain insight into the required

amount of investments for the entire scenario space as well as

X
0

Population of first  stage investments [X
0
]

Initialisation of genetic algorithm based on the 

estimated expected cost per scenario s
1
,...,s

n
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1
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n
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0
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0
]
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0
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Fig. 1. Flowchart of the upper-level optimisation which determines the
optimal first investment X0 of the multi-stage network planning approach

for the individual scenarios. The use of the deterministically

estimated expected cost eliminates the possible drift away from

a scenario if the initial population only contains solutions in

which the expected cost of a scenario is by far overestimated.

The generation of the expected cost for each scenario is

based on the network utilisation. The network utilisation ku

is defined as:

ku = max

[

|∆Umax|

∆Ulim

,
Imax

Ilim

]

(7)

where ∆Umax is the maximum voltage deviation, Imax is

the maximum current encountered for a given scenario and

the subscript lim indicates the enforced limits. The network

utilisation is calculated for the entire time horizon and the

estimated expected cost Cs,e for a certain scenario s is

calculated as follows:

Cs,e =

Tn
∑

t=0

[ku(t)− 1]
+
× ku(0)× Cgrid (8)

where t indicates the time, + indicates only the positive values,

and Cgrid the investment cost of the original network. The po-

pulation of first stage investments [X0] can be generated based

on these cost estimates. The amount of selected reinforcement

options is estimated by the lowest expected cost over all scena-

rios mins1,...,sn Cs,e. For the initial population, reinforcements

are randomly assigned to the population individuals.

A.2) Population of first-stage investments [X0]

The population of first stage investments [X0] is initia-

lised in Step A.1. The coding of these possible first stage

reinforcement investments is based on a multi-chromosome

approach. First of all for each feeder within the LV-network a

different chromosome will be used, as usually not all feeders

within the same network require reinforcement. Next to this,
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the reinforcements are encoded over different parts of the

chromosome, with the replacement of cables in the beginning

of the chromosome and the addition of feeders and substations

at the end of the chromosome. The reinforcement options are

encoded as a binary vector, where the place in the vector

corresponds to a certain reinforcement option and a value of

1 to the implementation of a certain reinforcement [21]. For

each of the first stage investments in the population, the coded

network reinforcements are applied to the original network.

A.3) Scenario based lower-level optimisation of X1, ..., Xn

and evaluation of X0

Each of the first investments X0 in the population need to

be evaluated for each scenario in the scenario space s1, ..., sn.

A scenario based lower-level optimisation is used to determine

the sequential investments X1, ..., Xn. Based on these and on

the initial investment X0, the expected cost Cs are determined

for each scenario s and initial investment option X0. A detailed

explanation of this procedure is given in Section III-B. The

result of this step will be the expected cost for each scenario,

Cs1, ..., Csn, for all the initial investment options X0 in the

population.

A.4) Non-dominated tournament selection

With the expected cost for each scenario Cs1, ..., Csn

known, the best investments X0 can be selected from the

population. This selection is based on a binary tournament

selection. First, all first stage investments are ranked according

to how many other first stage investments they dominate based

on their fitness value. Subsequently, two first stage investments

are randomly selected from the population and compared

on their dominance rank. The first stage investment which

dominates the other is selected as one of the parents for the

crossover. A non-elitism approach is taken, with respect to

the selection of the next generation, which means the new

generation contains only the offspring of the old generation.

The best individual X0 as well as its expected cost Cs1, ..., Csn

are stored. If in a later iteration of the optimisation a better

individual is found, the stored value is replaced.

A.5) Crossover and mutation of X0

The crossover between the two individuals from the po-

pulation of first stage investments is based on two types of

operators: the exchange of a whole part of the chromosome

and a path-based crossover. For the part of the chromosome

containing the possible additional feeders and substations,

the whole part of the chromosome is exchanged. This can

be done, as these types of reinforcements are seen as non-

complementary for a single feeder. For the reinforcement of

the branches, the generally applied crossover strategies of

one/two-point or uniform crossover [22], are not applicable

due to the little amount of meaningful topological information

which is transferred. To counter this problem, a spanning

tree [23] or an edge-set encoding has been proposed in [24].

Both approaches are designed for greenfield network planning,

where the crossover could result in unconnected networks.

Parent
B

A

Offspring
B

A

Branch Feeder

Fig. 2. The crossover process for a single feeder, with the left part of the
chromosome the reinforcement of the branches and the right part the additional
feeders/substations, the blue path indicates the selected path for the path-based
crossover process

For network expansion planning (brownfield) this problem

is not present, therefore these approaches are adjusted to

a path-based crossover approach. At the beginning of the

optimisation, a number of paths within the LV-network are

selected. These paths are defined as the shortest path between

the endpoint of a branch and the main branch. From these

predetermined set of paths, a random path is drawn and all

the genes corresponding to this path are interchanged between

the parents. This crossover approach is depicted in Fig. 2.

Mutation is applied based on the bit string mutation, i.e.

the value of each gene of the chromosome can be mutated

from one to zero or vice-versa based on a mutation chance,

dependent on the length of the chromosome. The generated

new population of first-stage investments [X0], cycles in the

loop starting from Step A.2 unless the stopping criterion is

met.

A.6) First stage optimal investment X∗
0 and expected cost per

scenario Cs1, ..., Csn

After the stopping criterion has been met, the stored value

of the best first stage investment X∗
0 is considered to be the

optimal investment to undertake at the current time T0.

B. Lower-level: Scenario based evaluation of X0

The lower-level optimisation, which is Step A.3 in the

upper-level optimisation loop, is designed to determine the

lower bound of the expected cost for a scenario Cs given

the initial investment X0. An overview of the scenario-based

lower-level optimisation and evaluation procedure is given in

Fig. 3. The steps in this figure are explained in more detail in

this subsection.

B.1) Generate population of sequential investments

[X1, ..., Xn]

With the initial investment X0 already implemented in

the network, a new population consisting of other possible

investment options will be constructed. This population will

contain the investments after the first stage X1, ..., Xn. The

number of sequential reinforcements is based on the estimated

expected cost Cs,e for the scenario, as well as that of the first
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Fig. 3. Flowchart of the lower-level optimisation to calculate the sequential
investment options X1, ..., Xn and the expected cost Cs for a scenario s

stage investment. The initialisation is done based on randomly

selected reinforcements.

B.2) Single-stage deterministic evaluation of X1, ..., Xn at Tn

Each individual of the sets of investments [X1, ..., Xn]
will be analysed in a single-stage approach. The single-stage

assumes the network will be reinforced at T0 and should be

able to handle the load at Tn. In this single-stage evaluation

of the network cost, only the investment cost is taken into

account when calculating the expected cost. The other costs

due to energy losses and outages are assumed to have a small

difference between the different sequential reinforcement opti-

ons and are therefore neglected. These single stage investment

costs Cs,det for each scenario s are calculated as follows

Cs,det =
∑n

i=1 Xi. The evaluation of the network is based

on two deterministic load flow calculations, one during the

middle of the day to capture the PV peak and one during

the conventional (evening) peak hours. All the households are

assumed to have identical load curves equal to the average load

of a large number (> 200) of households. Based on the two

load flow calculations it is determined whether the network is

still operating within its voltage and current limits at Tn. If a

violation of the limits occurs, the solution is penalised with an

additional investment cost equal to Cgrid×ku(0) to ensure this

solution has higher investment cost than all feasible solutions.

B.3) Two-stage tournament selection based on expected cost

Cs

When the single stage investment costs Cs,det are determi-

ned for each of the sequential investments X1, ..., Xn in the

population, the best alternatives are selected from the popu-

lation. The selection of the parents of this generation is done

based on a two-stage tournament. A two-stage tournament

selection has a stronger selection pressure as the best parent is

selected from four individuals. The stronger selection pressure

is necessary to gain a quick estimate of the optimal solution.

Two solutions are selected from the whole generation, the best

of the two is used as a parent for the creation of the new

generation. Next to this, the alternatives with the lowest Cs,det

are automatically passed on to the new generation to ensure

they will not get lost due to crossover or mutation.

B.4) Crossover and mutation of X1, ..., Xn

From each pair of parents determined in Step B.3 two

offspring are generated based on two types of crossover. For

the chromosomes with additional feeders and substations, the

complete part of the chromosome can be exchanged while

for the branches it is path-based, similarly to the mutation

and crossover as discussed in Step A.5. Steps B.2-B.4 are

repeated until the stopping criteria are met. The best sequential

single stage investments X∗
1 , ..., X

∗
n have been selected by this

lower-level optimisation. To be able to evaluate the solution

X∗
1 , ..., X

∗
n at each of the time intervals T0, ..., Tn these

investments will need to be scheduled.

B.5) Scheduling of the investments X1, ..., Xn

To determine the best investment sequence, the optimal

reinforcement options for the Tn−1 stage are determined by

calculating the expected cost Cs,det with the removal of

each of the available reinforcement options. This procedure is

repeated for time Tn−2 and so on until all investment options

have been placed in time. The sequence of the investments is

amended with X0 to generate the final set of investments, that

is used in the evaluation. Then X0, X
∗
1 , ..., X

∗
n is stored for

the evaluation of the complete solution.

B.6) Multi-stage T0, ..., Tn evaluation of X0, X
∗
1 , ..., X

∗
n based

on probabilistic load flows

To preserve computation efficiency, the evaluation of the

solutions has so far only been done based on deterministic

peak load/generation values which were assumed equal for

all households and only based on the investment costs. In

order to provide a more extensive evaluation of the investment

options, a detailed evaluation of each solution is performed in

this stage. The evaluation of the investments X0, X
∗
1 , ..., X

∗
n

is done by applying a probabilistic approach instead of a

deterministic one. The net household loads are characterised

as Gaussian mixture distributions of the peak load as well

as the PV-peak load [25]. The application of a probabilistic

load flow results in probability density functions for the node

voltages and branch currents. This allows for the application

of a penalty function with a value equal to the value of deferral
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TABLE I
CHARACTERISTICS OF THE LV-NETWORK USED IN THE CASE STUDY

Feeder Length [m] Connections Mean impedance [Ω\km]

Orange 340 41 0.335
Green 457 62 0.467
Purple 564 57 0.393
Light blue 371 45 0.569
Red 436 55 0.280
Blue 241 41 0.310

TABLE II
THE FOUR SCENARIOS USED IN THE CASE STUDY

Scenario Load growth EV PV

Low 0%/year
4.5

1 + e−0.11(Ti−T0)

7.2

1 + e−0.19(Ti−T0)

High EV 1%/year
63

1 + e−0.09(Ti−T0)

7.2

1 + e−0.19(Ti−T0)

High PV 1%/year
4.5

1 + e−0.11(Ti−T0)

82

1 + e−0.16(Ti−T0)

High 1%/year
63

1 + e−0.09(Ti−T0)

82

1 + e−0.16(Ti−T0)

of the next investment Xi+1 over length of the current time

step Ti − Ti−1: Cs,pen(Ti) = Xi+1/Ti − Ti−1. This penalty,

Cs,pen, will be multiplied with the chance of violating the

voltage or current limits obtained from the probabilistic load

flow calculations. When the chance of violating the limits

becomes equal to the chance of violating the limits at T0,

without the realisation of X0, the next investment option is

implemented instead of applying the penalty function. The

cost of outages and the cost of transportation losses within

the network are also evaluated at each time step T0, ..., Tn.

This will yield an expected cost for a certain scenario based

on the first stage investment X0.

IV. RESULTS

To determine whether the proposed approach to solving

the LV-network expansion planning problem is feasible, the

approach is applied to a case study. For the case study a

residential network from the Dutch DNO Liander has been

selected. An overview of the network is given in Fig. 4

and the main characteristics of the network are given in

Table I. The network consists of 6 feeders connecting 301

customers and fed by a 400 kVA transformer. The loads in the

network are generated by using a bottom-up Markov Chain

Monte Carlo approach as described in our previous work

[26]. To characterise the long-term evolution of the load, four

scenarios are used. The scenarios contain a load growth rate

and increasing penetration rates of PV and EV, selected as

main drivers for reinforcement in the LV networks. The four

scenarios are defined in Table II.

In order to perform the network expansion planning op-

timisation, a number of parameters still need to be defined.

In Table III the required constants for the network planning

approach are given.

With these parameters defined, the network expansion can

be carried out. To demonstrate the performance of the network

planning approach, four different results are discussed. First

of all the convergence of the GA is discussed, followed by

MV/LV substation
LV-cable
Household

Fig. 4. Geographic overview of the LV-network used for the analysis

TABLE III
DATA USED FOR THE NETWORK EXPANSION PLANNING OPTIMISATION

Symbol Component value

Ccbl LV-Cable [e\mtr] 65.5
Ccbl,mv MV-Cable [e\mtr] 77
Cfdr LV-busbar expansion [e] 4200
pe Electricity price [e\MWh] 0.73
pav Outage price [e\min] 0.05
Csub Additional MV/LV substation [e] 40000
Cinv,fix Fixed investment cost [e] 8300
λcbl Cable failure rate [\(yr km)] 0.038
Trcbl Repair time [min] 200

a closer look at the convergence of the initial investments.

The performance of the lower-level optimisation is discussed

hereafter and the section is concluded with a look at the

convergence of a bi-level versus an integrated optimisation

approach.

A. Bi-level optimisation

The optimisation approach is applied to the network de-

picted in Fig. 4 with the scenarios as described in Table I.

For each generation of the GA, the minimum expected value

and average expected value of the population is logged. As

the GA has a stochastic nature, the algorithm has been run

for 20 times. The results are shown in Fig. 5, with the thin

lines indicating a single run and the thick lines indicating the

average of the 20 runs.

From the figure, it can be seen that the best solution

converges steadily to a value of e280 000 after 14 generations.

The expected cost of the average solution shows a decrease

for the first 14 generations hereafter the expected value of the

average solution is increasing. This is because the population

moves closer to the optimal network and the unused capacity

of the network decreases. For these networks a small change

will more often result in a network which is no longer strong

enough, leading to far higher cost for the network.

B. Initial investments

As the initial investment is the only investment which

will be directly implemented, it is necessary to look at the

convergence of this investment in more detail. In Fig. 6 the
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Fig. 5. Convergence of the average and minimum expected cost solution
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Fig. 6. Convergence of the initial investment

optimal initial investment for consecutive generations has been

given.

From the figure, it can be seen that most of the initial

investments converge to a certain value within 15 iterations.

For four runs it takes longer for the initial investment to reach

more or less (±6%) the same value. When comparing these

results to the results of the expected value as given in Fig. 5, it

can be seen that even though the expected value already seems

to have converged, the initial investments can still change.

There are a number of solutions within a very narrow range of

the expected value, but with larger differences when it comes

to the initial investments, which causes the change in initial

investments between generations 16 and 31, as can be seen in

Fig. 6.

C. Performance lower-level optimisation

The lower-level optimisation of the future investments after

the initial investment has been decided is performed for a

limited set of evaluations. To determine whether this will lead

to acceptable values for the subsequent investment, the whole

optimisation approach (Steps A.1-A.6) is applied without the

initial investment, i.e., set to zero, X0 = ∅. By keeping the

initial investment constant, the performance of the bilevel opti-

misation can be tested with the application of the probabilistic

evaluation of the upper-level GA as described in Step B.6.
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Fig. 7. The performance of the optimisation of the investments after the initial
investment
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Fig. 8. The computational performance of the bilevel optimisation versus an
integrated approach

By removing the initial investments the number of required

investment options is highest, so the expected error should

also be highest. The performance of the lower-level GA is

given in Fig. 7, where both the average expected value when

analysing four scenarios and the maximum error of these four

scenarios are plotted relative to the optimal value for a very

large number of runs of the lower-level optimisation.

From the figure, it can be seen that in 95% of the cases

the error introduced by the simple (single stage, backwards

induction and deterministic) evaluation and the limited number

of evaluations is limited to 15% when taking the average

expected value over the four scenarios and 35% for the

maximum error of the four scenarios. Especially, if multiple

scenarios are used, the difference between multiple compu-

tations of the optimal subsequent investments, X∗
1 , ..., X

∗
n

, is

small, indicating that the lower-level optimisation gives a good

approximation of the true optimal subsequent investments.

D. Bilevel versus an integrated optimisation

To gain insight into whether the application of a bilevel

optimisation approach is beneficial from a computational point

of view without much loss of accuracy, the bilevel approach

is compared to an integrated approach for the LV-network ex-

pansion planning. The convergence of the bilevel optimisation

versus that of an integrated approach is plotted in Fig. 8.

Fig. 8 shows that both algorithms converge to the same

level of the expected value. The bilevel optimisation converges
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faster compared to the computation time. The number of

required generations to yield convergence is much lower for

the bilevel optimisation case, and this can already be seen

from the initial starting point of both graphs. The starting point

indicates how long the evaluation of a single generation takes,

with the bilevel optimisation approach taking more than three

times longer to evaluate a single generation.

V. CONCLUSION

A bilevel genetic optimisation approach with a focus on the

initial investment has been formulated. The initial investment

is optimised in an upper-level optimisation procedure, where

a probabilistic load flow is used to evaluate the volatile

load of individual households. The subsequent investments

are determined in the lower-level optimisation procedure. The

uncertainty of the load is implemented by using a scenario

based stochastic optimisation approach in the lower-level

optimisation.

The application of this approach to a case study taken from

a Dutch grid operator has shown to be a feasible alternative

to a single level optimisation approach. Though a more coarse

optimisation approach is applied, the results of the lower-

level optimisation are still acceptably accurate. The paper also

shows that the bilevel optimisation converges much faster than

an integrated approach, while the expected monetary value

only shows a very slight difference. Concluding, the proposed

bilevel approach can obtain similar accuracy to an integrated

approach, at a lower computational cost.
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Abstract—With the introduction of smart meters, dynamic pric-
ing, and home energy management systems, residential customers
are able to react to changes in electricity prices. In an unbundled
market, the energy supplier and the network operator may have
conflicting interests with respect to demand response (DR) pro-
grams. As customer participation is essential to a well-functioning
DR program, it is needed to assess which DR programs offer most
customer benefits. Two DR program options are analyzed for low-
voltage feeders: a program from the energy supplier based on the
electricity price, and a DR program from the network operator
based on the loading of the network. Depending on the network
topology the benefits can change significantly between the two DR
programs. DR from an energy supplier point of view might induce
undervoltages which lead to additional network reinforcements,
while load shifting from a network point of view can generate
higher electricity cost.

Index Terms—Demand response (DR), demand side manage-
ment, distribution networks, energy management, load manage-
ment, peak shaving, power system operation, smart grids.

I. INTRODUCTION

T
HE energy transition will significantly alter the residential

electricity usage. Local generation becomes possible with

the introduction of rooftop photovoltaic (PV) systems. In ad-

dition, the household (HH) electricity consumption is expected

to rise significantly through the electrification of heating and

transportation. With these developments, the low-voltage (LV)

network requires strengthening. Technology advancements in

information and communications technology (ICT) have re-

sulted in smart metering infrastructures and new possibilities
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to control HH appliances through the use of home energy man-

agement systems [2]. This will enable retail customers to alter

their energy use based on real-time price signals and can result

in monetary rewards when demand response (DR) programs are

introduced [3] or when local renewable energy generation is fed

back into the network [4].

For HH consumers in the Netherlands, the electricity prices

are regulated with a constant or two-tier time of use (low price

from 11 P.M. until 7 A.M. and normal price from 7 A.M. until

11 P.M.) electricity price and a fixed network tariff. To assess

the benefits of DR, and the shift to more time-varying pricing

structures, multiple DR pilot projects have been started. The

Jouw Energie Moment [5] pilot is operated by a distribution net-

work operator (DNO) to minimize network loading, while the

PowerMatching City [6] pilot is evaluating a local market-based

DR program. These two pilot projects can, however, highlight

the conflicting interests between actors in the unbundled elec-

tricity market. A price-based DR scheme can introduce higher

peak loads as users increase their loading during periods of low

prices, while peak shifting based on network constraints could

shift demand to times of higher energy prices, however reducing

the investments necessary in the distribution network.

Therefore, it is necessary to assess which approach to the

creation of the DR program could secure more social welfare

and underwhich conditions. In order to assess the social welfare,

first a small overview is given of the electricity market and

distribution network in the Netherlands. The modeling of the

network based on generic LV feeders, the Markov chain Monte

Carlo modeling of the HH load, the DR modeling through price

elasticity, and the creation of the DR incentive functions are

discussed subsequently. Thereafter, the simulations and results

are discussed.

II. DUTCH ELECTRICITY SYSTEM

An initial evaluation of DR programs is required to bench-

mark the social welfare of the electricity supply and demand

in the Dutch electricity system. For this evaluation, it is impor-

tant to establish the market and network structure present in the

Netherlands. Thus, this section first introduces the current en-

vironment of the Dutch electricity market, and second explains

the main characteristics of the Dutch distribution network.

0093-9994 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.
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Fig. 1. Overview of the market structure.

A. Electricity Market

The Dutch electricity supply chain is unbundled, meaning

that a market participant either can be involved in the transmis-

sion and distribution of electricity, or in the generation and retail

market (selling electricity to end-user consumers) and cannot be

active in both. However, due to the liberalization of the electric-

ity market, the vertical integration of generation and supply to

end users is no longer a necessity. The transmission and DNOs

operate in a regulated monopoly and charge a yearly fixed net-

work tariff for HH consumers, independent of the amount of

electricity used. For this research, an energy supplier (ES) is

defined as: A market participant which buys electricity from

generators through the wholesale market and/or forwards and/or

has its own generation portfolio and sells electricity to the end

users. In the current situation, the ES can offer HH consumers

only a fixed or a two-tier electricity price. A small overview of

the market structure is shown in Fig. 1.

For the inclusion of DR in this market structure, the current

market framework can be left unchanged. The DNO and the

ES gain the possibility of supplying consumers with an incen-

tive (positive and negative) on top of their current electricity

tariff/price. In this way, the electricity price and network tariff

become variable prices on which the consumer can react. In

principal, the overall cost for the consumer will be lower if he

alters his load based on the variable price. The DNO is able

to supply this incentive to the consumer as the use of the DR

allows for investment deferral of their assets. The ES is capa-

ble of providing the incentive because it can buy the electricity

at lower prices from the wholesale market, or/and reduce the

amount of electricity bought during periods of high prices.

B. Distribution Network

An overview of the typical structure of the distribution net-

work in the Netherlands is shown in Fig. 2; this shows the

different voltage levels too. The medium-voltage (MV) level

of 10 kV generally has a ring structure with multiple MV/LV

transformers connected. The LV network has radial structure.

The feeders consist of underground cables and can have up to

100 connected HHs per feeder.

The electrification of transportation or the increased penetra-

tion of PV will generate overloading and voltage limit violations

in the LV network. In almost all of the analyzed LV feeders, the

voltage limits are reached before the overloading limits of the

feeder; thus, only the voltage limits are taken into account for

this research. The DNO has to provide the required network

Fig. 2. Overview of a typical distribution network layout in the Netherlands.

capacity to the HHs. This is usually achieved by reinforcing

the cables of the LV network. With the use of the DR program,

the DNO can promote peak shifting at the HH level which re-

duces the network loading and ensures the voltage limits are not

violated.

III. MODELING

The information about the market and power system con-

ditions in which the DR program will be analyzed has been

established. A more detailed explanation on how these con-

ditions are modeled is discussed in this section. The electric-

ity prices that the customers experience consist mainly of two

components which can be influenced by DR: the network (trans-

portation) cost and the energy (commodity) cost. To assess the

influence of the DR program on these components, both have

to be estimated. The calculation of the energy price is done by

multiplying the HH load with the real-time electricity price. The

network costs are based on the current connection tariffs plus an

estimate of the replacement cost of overloaded network assets.

To calculate these components, three inputs are needed: a real-

time electricity price, the topology of the LV feeders to which the

customers are connected, and the load curves of the customers.

The real-time electricity price is constructed by utilizing the

electricity prices of the German intraday market (15 min peri-

ods with the close 1 h ahead) [7] in combination with weather

variables [8]. A Bayesian density-based forecast method for

electricity prices [9] is utilized for the construction of the price

signal.

A. LV Network

For the assessment of the DR programs, LV feeders are used.

The subset LV feeders which are used come from a set of generic

networks constructed from the actual networks of the Dutch

DNO Liander by the means of a clustering algorithm [10].

From the output of the clustering, a number of networks are

chosen for the assessment of the effects of the DR programs.

The chosen networks should not be too weak, as reinforcements

are definitely needed despite the use of the DR program, or too

strong, as the introduction of the DR program has no significant

effect on the loading of the feeder. In these cases, the ES-driven

DR program would always be better, as the DNO cannot offer

any incentive if there is no possibility of investment deferral.
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TABLE I
OVERVIEW OF THE CHARACTERISTICS OF THE LV FEEDERS USED IN THE

SIMULATIONS

Length HH/non-HH R [mΩ /km] Branches RPOC [mΩ]

A 310 m 92/7 300 1 43

B 275 m 28/1 620 2 94

C 520 m 41/1 430 9 105

D 500 m 61/1 370 4 75

Four feeders are chosen, which illustrate the possible effects of

DR on the LV network. These feeders represent a set of rela-

tively weaker networks which correspond to feeders to which

27% of all the LV customers in the network of Liander are con-

nected. The rest of the customers are connected to stronger or

weaker networks and will not be considered in this analysis. An

overview of the main characteristics of the four feeders which

are used in the analysis is presented in Table I.

For the feeders, the total feeder length, the number of HH and

non-HH connections, the average cable resistance per kilometer

(R), the number of branches within a feeder, and the average

resistance between the beginning of the feeder and each point

of connection (RPOC) are shown. These characteristics give an

indication of the loading, the distribution of the loads, and the

thickness of the cables used within the feeder. Feeder A repre-

sents a recently built feeder with relatively short distances and

a high number of connected customers, i.e., a feeder in a city

center. Feeder B represents an old feeder with a modest amount

of customers, typical of a feeder in the suburbs. Feeder C rep-

resents an old feeder which has been expanded in the different

directions in the last decades and feeder D represents a more or

less average feeder typical of a Dutch DNO.

B. Household Load Profiles

The HH load profiles are modeled by using a Markov chain

Monte Carlo approach based on time-of-use surveys, statistics

on appliance characteristics, and weather variables [11]. Each

appliance is modeled separately on a 15-min interval basis to

be able to assess the amount of flexible load available in this

interval. The accuracy of the model is verified using smart meter

data from Dutch HHs. As the energy transition will change the

loading compared to the current situation, the model of the HH

load is augmented with an increased penetration of PV (60%

of the HHs) and electric vehicles (EV) (80% of the HHs). An

overview of the average loading of the HH is shown in Fig. 3.

The figure shows the breakdown of the energy use based

on the load: EV, PV, base load, washing loads (dishwasher,

washing machine, and dryer), and the other loads. The EV’s

(when present at the HH) and the washing/drying loads are

assumed to be flexible [12]. From the figure, it becomes apparent

that most flexible loads are available during the evening. The

washing load can be shifted for up to 8 h, while the EV load

should be fully charged when the EV leaves. The HHs connected

to the feeder, all have the same profile to eliminate the effects

of the distribution of HH loads over the feeder.

Fig. 3. Cumulative load of different household load classes for a single winter
day.

C. Demand Response Model

To model the DR, the relationship between the price and the

amount of electricity consumed is utilized. This is done via the

(per unit) slope of the demand curve, which is usually referred

as price elasticity of demand or demand elasticity [13], which

can be expressed as follows:

ε =
∂D
d0

∂P
p0

(1)

where ε is the elasticity coefficient which indicates the level of

DR for a commodity which results from a change in price of that

commodity, D is the demand, d0 is the initial demand, P is the

price, and p0 is the initial price. This general economic concept

can also be applied to the electricity price and consumption. In

this way, the concept of demand elasticity can be used to model

the change in electricity demand, when a change in electricity

price occurs due to the incentive-based DR programs [14]. This

is modeled through the following equation:

d(i) = d0(i)







1 +

k
∑

j=1

εij

(

p(i)− p0(i) + α(i)
p(i)+p0 (i)

2

)







∀(i, j) : i , {1, . . . , k} ∧ j , {1, . . . , k} (2)

where d(i) is the new customer’s demand at time instance i,

p(i) is the spot price, d0(i) is the initial demand value, p0(i) is

the initial price, α(i) is an incentive payment during the ith in-

terval, and j is the time instance running from i− 8 until i + 8.

εij is the demand elasticity matrix, which can be divided into

two regions: when i = j, εij is called self-elasticity (percentage

of load the consumer can shift) and when i 6= j, εij is called

the cross elasticity (effect of changes in the flexibility due to

the DR in previous and future intervals). The self-elasticity of

consumer can be represented using a Gaussian distribution [15].

Based on the electricity consumption of a Dutch HH, it is as-

sumed that the aggregate self-elasticity of HHs has a Gaussian

distribution with µ = −0.3 and σ = 0.11. This means that on

average 30% of the flexible loads which are present at the HH

in this moment will react to the DR-induced price changes. The
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cross elasticity values can be split into two categories: the post-

poning cross elasticity, when j < i, and the advancing cross

elasticity, when j > i. The postponing cross elasticity repre-

sents the effects from actions in the previous time intervals, i.e.,

if the HH reduced its demand in the previous interval, it is less

likely it will still be able to reduce the demand in the current

interval as well. From data on Dutch HHs, it is observed that

the postponing cross elasticity can be expressed as a Weibull

distribution, i.e., W(8, 1, 1), if the past eight intervals are con-

sidered. In this paper, it is assumed that the advancing cross

elasticity is given by the same Weibull distribution as the post-

poning cross elasticity. The cross elasticity is calculated for 16

intervals across the ith interval, i.e., [(i− 8) . . . i . . . (i + 8)],
where [(i− 8) . . . (i− 1)] are the stored self-elasticity values

and [(i + 1) . . . (i + 8)] are calculated by using a Weibull dis-

tribution, i.e., W (k; λ, κ) →W ([(i + 1) . . . (i + 8)]; 1, 1).

D. Incentive Functions

The incentive function of the DR program is either based on

the energy price or the network loading. For the ES-based DR

program, the price plus incentive is simply replaced by a real-

time energy price. To avoid continuous load changes on even

the smallest of price changes, a dead band is introduced in the

price signal. If there are price deviations of less than 0.02€ from

the average price, no price signal is received by the HHs.

For the DNO-based DR program, a more complex incentive

function needs to be defined. The incentive function should

translate the energy consumption of the HH to an incentive

based on the impact on the network of this energy consumption.

The DR approach is based on the loading of the HHs as this

information can be made available through the use of smart

meters. These loading conditions are converted to a signal which

indicates the relative amount of DR required to keep the voltages

within the limits; based on the reinforcement cost of the feeder,

this signal is converted to an incentive for the customer. As the

voltage limits should not be violated, the incentive requires a

rise when the voltage deviations get closer to the limits. If the

customer reacts on the incentive from the DNO, the network

will be restored to a position well within its limits. This reduces

the incentive from the DNO and will then increase the loading

of the HHs, causing the incentive to increase again. To avoid

this oscillation, the incentive from the DNO is only reduced

after a time lag of 15 min and the rate in which the incentive

can change is limited. The resulting incentive functions for the

ES and the DNO-based DR programs are given in the following

equations:

α(i)p =

{

pE − pE (i)− 0.02, if |pE − pE (i)| ≥ 0.02
0, otherwise

(3)

α(i)n=

{

(|1−V (i)|−0.04)3

TDR

(C rf −C rf ·d)
C l f

, if |V (i)− 1| ≥ 0.04

0, otherwise

(4)

where α(i)p is the incentive the HHs get from the ES, α(i)n is

the incentive from the DNO, pE is the real time electricity price,

pE is the yearly average electricity price, TDR is a factor to ensure

Fig. 4. Flow chart of the assessment process of the customer electricity cost
for both demand response programs.

the incentives supplied by the DNO do not exceed the profits

from the investment deferral (TDR =
∑iY

i=0 |1− V (i)| − 0.04),
iY is the number of 15 min intervals in a year, Crf are the

reinforcement cost, and Clf is a factor (between 1.02 and 1.05

depending on the network topology) to decrease the investment

deferral with the expected reduction in losses when reinforc-

ing the network. Examples of the incentive signals which the

customer receives can be seen in Fig. 5(b).

Fig. 4 shows a schematic overview of the procedure used to

calculate the yearly energy cost for customers for the scenarios

analyzed.

The electricity price for the customer is calculated based on

the real-time price signal for one winter and one summer week

multiplied with the HH loading for these weeks and extrapolated

to the yearly energy cost. The network costs are based on the

current network cost plus the cost of network reinforcements if

the network is operating outside of the limits for any interval in

the summer or winter week. The reinforcement costs are based

on the replacement cost (available from the data of the Dutch

DNO Liander) of the cables and transformers in the LV network.

IV. SIMULATION

The simulations of the ES- and DNO-driven DR programs

are done based on the four selected feeders, for one summer and

one winter week, to include effects of seasonal variation in load

as well as in electricity price. An example of the incentive func-

tions, the resulting load, and the effect on the voltage deviations

is shown in Fig. 5 for feeder D.

Fig. 5(a) shows the load of an average HH and how this is

affected by the DR programs. It can be seen that the loads are

mainly shifted from the evening peaks to the night. The energy

price incentive shows a much smoother profile compared to the

incentive from the DNO, as can be seen in Fig. 5(b). This is

caused by the direct feedback loop in the incentive from the
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Fig. 5. Loading under the two DR programs and the incentive functions used
to simulate the DR during a winter weekday for feeder D. (a) Network load,
(b) incentive function, and (c) minimum voltage.

DNO, while for the incentive from the ES, it is assumed that

the changes in this LV network are too small to have an effect

on the price. The voltage profile in Fig. 5(c) shows that both

the normal HH load and the HH load with DR based on the ES

violate the lower voltage limit of 0.94 p.u. (the actual voltage

regulations allow larger voltage deviations, but as the voltage

deviations in the MV network are not modeled, the 0.94 limit is

used to account for this). The DR from the DNO point of view

reduces the voltage deviations. It can also be seen that the DNO

will only start to give an incentive if the voltage goes below the

0.96 p.u. mark.

V. RESULTS

The results from the simulations are assessed on the yearly

energy cost. To examine whether the results of the simulations

of the DR programs are still valid when the price levels change,

a sensitivity analysis is performed.

Fig. 6. Overview of the yearly energy cost per household for two DR programs
with respect to the business as usual situation for the feeders A–D.

A. Cost

The evaluation of the two DR programs is done on their effect

on the yearly energy cost. The yearly energy cost is calculated

using the following formula:

CEY = Cfixed +
(Crf − Crf · d)

Clf

+ 26

iW
∑

i=0

PW (i) · pEW(i)

+ 26

iW
∑

i=0

PS (i) · pES(i) (5)

where CEY is the yearly energy cost, Cfixed the fixed part of the

energy cost (taxes and various standing charges), iW the number

of intervals in a week, PW (i) and PS (i) the average power used

by the HH during the simulated winter or summer week, and

pEW(i), pES(i) the real-time price during the winter/summer

week. It is assumed that half of the year consists of summer

weeks and other half of winter weeks to extrapolate to yearly

energy cost. For the evaluation of the two DR programs, the

difference in yearly energy cost with respect to the base case

(no DR) is used.

For the base case, the yearly energy cost is calculated for

the four feeders without the use of any DR. This is simulated

for every 15 min value of both a winter and a summer week

with all loads assumed to be nonflexible. This results in voltage

deviations outside of the limits for feeder D (weakest feeder),

the other feeders remain within the limits. The same winter and

summer weeks are then simulated with the inclusion of the DR

program of the DNO and the ES. The resulting yearly energy

costs with respect to the base case are depicted in Fig. 6.

In the figure, the difference in yearly energy cost with respect

to the base case is depicted, so a negative cost means that the

costs of the DR program are lower than those without DR. The

light bars indicate the contribution of the changes in energy cost

due to the DR, the dark bars indicate the difference in network

cost with respect to the base case, and the red bars indicate the

combined effect of both the network and the energy cost on
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Fig. 7. Sensitivity of the cost of the two DR programs with respect to the
energy cost and the network reinforcement cost.

the yearly cost. The introduction of the DR program seems to

have generally a positive effect for the customer; however, the

decrease in energy cost is limited. The exceptions are feeder

C with the DR program from the ES point of view, which is

more expensive than the base case, and feeder B with a DNO-

controlled DR program, which results in negligible cost savings

(<1€ cent per year). For feeders A and B, the ES-driven DR

program is more profitable, while for feeders C and D, the DNO-

driven DR scores best. For the feeders A and C, the cost of the

network reinforcements increases as the ES-driven DR program

increases the peak loading. For feeder A, this does not result

in a higher total cost as the investment costs per connection are

much lower due to the higher connection density. The DNO-

driven DR program is capable of reducing the peak loading of

feeder D enough, so that network reinforcement is no longer

necessary. This leads to the largest total saving, as the energy

cost is also reduced due to the predominant positive correlation

between network loading and energy prices.

B. Sensitivity

The incentives, the DNO and the ES can offer, depend largely

on the level of the electricity price and the cost of reinforcing

the network. To gain insight into the susceptibility of changes in

the results, if these prices change, the simulations are repeated

for different electricity prices (with a constant ratio between av-

erage price and variation in price) and reinforcement cost levels.

Feeder B is not assessed in this analysis as the DNO-driven pro-

gram will never become more profitable as the level of electric-

ity prices, at which overloading occurs, generates much higher

profits for the ES-driven DR program than can be obtained from

the DNO-driven program. In Fig. 7, the results of the simulations

are plotted.

The sensitivity with respect to the reinforcement cost shows

that the optimal DR program from a customer point of view

will change for feeder C only if the reinforcement costs are

40% lower than the current costs. For feeders A and D, the cost

should be more than doubled or halved to generate a change in

the optimal DR program.

The sensitivity of the DR programs with respect to the elec-

tricity price is slightly higher. For the feeders, there is an elec-

tricity price level at which the optimal approach to the DR

changes from DNO driven to ES driven. When there are no ma-

jor changes, i.e., less than ±30% in the level of the electricity

price, the optimal DR program is constant.

VI. CONCLUSION

Two DR programs, one driven by the ES with the goal of

lowering the electricity cost and another driven by the DNO to

avoid network reinforcements, are assessed. The DR is modeled

based on the concept of demand elasticity, and price alterations

are generated through incentives based on either real-time elec-

tricity prices (ES driven) or on the loading of the network (DNO

driven). Simulations are executed for one winter and one sum-

mer week for four generic LV feeders from the network of

a Dutch DNO. From the simulations, the yearly energy cost

and the required cost of network reinforcements are computed.

The simulations results show that it is highly dependent on the

feeder characteristics which of the DR programs would gener-

ate a lower customer energy cost. The ES-driven DR program

generates higher peak loads and in some cases these require

investments in the network; depending on the topology, these

reinforcement costs can dwarf the reduction in electricity cost.

The sensitivity of the results with respect to the level of elec-

tricity prices and the reinforcement costs is found to be of lesser

importance. Which DR program is most profitable from a soci-

etal point of view is thus highly dependent on the local network

topology.

An initial assessment has shown that for the majority of the

HHs, 73%, an ES-driven DR program is the option which gen-

erates the most social welfare. For these HHs, the network is

strong enough to handle the additional peak which is generated

by an electricity-based DR scheme, or the LV network is so

weak, reinforcements are necessary despite the use of a net-

work loading-driven DR program. For the other 27% of the LV

feeders, a more detailed analysis has been performed to deter-

mine whether the ES- or DNO-driven DR program generates

the most social welfare and the results differ from one feeder

to another. As most of these feeder can benefit from both the

ES- and the DNO-driven DR programs, a combined approach

for these feeders might yield the best results; however, more

research is necessary to determine whether the increased com-

plexity is worth the decrease in network and energy cost. The

ES-driven DR approach would yield in most cases a higher so-

cial welfare than the DNO-driven approach, so in the absence

of further study, the ES-driven approach should be preferred.

The requirements for the DNO- and ES-driven DR programs

are however significantly different, as for the DNO, the response

of the DR is imperative, as a failure to respond may lead to
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network failure. The simulations are performed with an equal

load for all the HHs, as especially for the DNO-driven DR

program, the HHs at the end of a feeder have much more impact.

This allows for the limiting of the DR to just the HHs at the end

of the feeder. In the ES-driven DR approach, the effect of many

participating customers connected at the end of the cable will

lead to an increased chance of violating the voltage limits.
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Abstract—The introduction of distributed generation in the
low-voltage (LV) network can generate bi-directional power flows
and thus voltage increases instead of decreases from consumers
along the feeder towards the substation. The new generation
installed at the consumer premises may induce voltage problems
while the loading of the cables is still under nominal values.
Conventionally possible resulting voltage violations are solved
by reinforcing the network, however smart grid alternatives like
voltage control in the LV network can also alleviate the network
problems. LV-networks are traditionally designed with medium to
low voltage transformers equipped with off-line tap changers. The
addition of an on-load tap changer (OLTC) for voltage control
can decrease the voltage violations in the network, however this
needs to be considered within the optimisation method applied
for the planning of the LV-network. In this paper the smart
grid alternative of installing an OLTC in this optimisation has
been performed. By assessing different OLTC control strategies
under conditions with increasing distributed generation over
many types of networks, the effectiveness of the OLTC becomes
apparent. The OLTC is included in the optimization problem
formulation by the introduction of additional voltage constraints
and relaxing the constraints in the form of a penalty function.
When the introduction of an OLTC is more efficient rather than
the conventional strengthening of the network is demonstrated
with a case study on the impacts of distributed generation.

Index Terms—Distribution network planning, smart grids,
power system optimisation, on-load tap changer

I. INTRODUCTION

Conventional MV/LV transformers are equipped with an

off-line tap changer. The introduction of generation in the LV

network increases the absolute magnitude voltage deviations.

To maintain these voltage deviations within the required limits,

an on-load tap changer (OLTC) can be installed. The use of

an OLTC is therefore also often considered in smart grid con-

cepts. The OLTC is however currently not applied and most of

the time not even evaluated as one of the possible alternatives

of reinforcements in the LV network. The implementation of

an OLTC at the MV/LV transformer is now mostly performed

on a case-by-case basis and for smart grid pilot projects. To

gain more insight into the value that an OLTC can have in

the smart grid, a framework to evaluate how the OLTC can be

applied within the planning process is needed.

The use of an OLTC in distribution networks has been

discussed before. However, the research has been mostly

focussed on more advanced operational approaches of com-

bining the control of the OLTC with the control of distributed

generation [1][2] and/or EV [3], solving unbalance problems

through individual phase voltage control [4], or using multi-

objective optimisation approaches [5]. The control of the

OLTC alone has also been a subject of research. While in [6]

the control is based on state estimation from measurements

within the distribution network, the work in [7] shows that

a considerable amount of these advantages can already be

achieved by just measuring at the first bus. Different strategies

for the application of an OLTC to mitigate over-voltages have

been presented in [8]. Though these strategies can all increase

the hosting capacity of the network, they are only assessed

from an operational perspective. The implementation of an

OLTC in the planning process has been touched upon by [9]

in a specific case study. The generalisation of this approach

and the implementation in the network planning optimisation

problem are however lacking. Therefore a framework for

the implementation of an OLTC in the LV-network planning

process is proposed in this paper.

To develop a framework for the implementation of an OLTC

in the LV-network planning process, first of all a closer look

is taken at existing LV-network planning methods, and a

hypothesis is made regarding what an OLTC would add to

planning methods. Secondly, the possible control strategies

for the use of an OLTC in the network planning process are

discussed in section III. Next in section IV the framework

for incorporating an OLTC in the network planning process

is defined. Finally, the framework is applied to the case study

of three typical LV-networks in section V. Based on this case

study, the conclusions on the definition and the application of

the new planning framework will be discussed.

II. OLTC AND NETWORK PLANNING

In studies of future loading scenarios for the Dutch LV-

network it is shown that the majority of feeders experience

over-voltages prior to experiencing overloads [10]. The im-

provement – i.e. bringing the voltage within an acceptable

range of the nominal value of 1 [p.u.] – within a LV-feeder

can thus be sufficient to at least defer investments in the cables

of the LV-network. The use of an OLTC as an alternative to

traditional network reinforcement (the laying of additional or

thicker cables), can thus be preferable for the DSO. Whether

or not an OLTC can lead to improvements and if the OLTC

can defer the network investments long enough to become



an economically viable alternative needs to be determined

in the network planning phase. If an OLTC can only delay

the investments in cables for a relatively short time, the cost

of installation of the OLTC might surpass the deferral of

the investments in the cables. The control strategy of an

OLTC should also be considered as some control strategies

require the installation of additional measurement devices

and communication infrastructure. This generates additional

investments for the implementation of the OLTC in the dis-

tribution grid. These investments should also be considered

during the planning phase. To determine how the OLTC can be

included in the network planning, first the optimisation method

for the reinforcement of the LV-network needs to be defined.

The planning of the LV-network is traditionally performed

by the following optimisation procedure:

min
d

T
∑

t=0

fi(t, d)

s.t.

Ut,d ≤ 1.05 ∀t, d

Ut,d ≥ 0.95 ∀t, d

St,d ≤ 1 ∀t, d

I
T
AdI = N − 2 ∀t, d

d ∈ {0, 1} ∀d ∈ D

in which the vector d is the binary variable containing all the

possible traditional reinforcement options, T the time horizon

for which the network is analysed (40 years), fi(t, d) are the

cost of reinforcing the grid according to the decision variable

d incurred at time t, Ut,d the bus voltages and St,d the branch

apparent power loadings at time t under the set of decisions

d, Ad the adjacency matrix and N the number of buses in

the network. In which the voltage limits of ±0.05 are chosen.

This allows for voltage variations of up to ±0.05 in the MV

network, while ensuring the voltage in the LV stays within the

± 10% limits.

In the conventional formulation, this optimisation does not

include the use of an OLTC. Since the OLTC increases the

ability of the network to handle load and local generation by

either increasing or decreasing the voltage at the secondary

side of the MV/LV transformer, it actually induces changes in

the constraints of the network rather than changing the network

topology. This will require a change in the optimisation

problem formulation rather than just adding another option

to the set of possible reinforcement options. To evaluate how

the optimisation problem should be changed, the effects of

an OLTC on the LV-network will be investigated in the next

section.

III. CONTROL STRATEGY

To gain the most out of the application of an OLTC in an LV

network, a dedicated control strategy needs to be conceived.

As currently there are almost no measurements in the LV

network, more advanced control strategies would require in-

vestments in measurement and communication infrastructure,

in addition to the investments in the OLTC itself. However

these control strategies would result in even larger allowable

voltage variations within the LV-network. To determine the

value of an OLTC within the network planning process the

different applicable control strategies need to be defined. In

this paper 4 main strategies are introduced. The strategies

vary in complexity and in the amount of communication they

require. Each of the strategies is discussed shortly below.

A. UMV/LV = 1[p.u.]: The most simple control strategy is

to regulate the voltage at the busbar of the MV/LV substation

UMV/LV to 1 [p.u.]. This control strategy eliminates the

voltage deviations from the MV network and thus increases

allowable voltage deviations in the underlying LV-network.

In this approach, only a local voltage measurement at the

secondary side of the transformer is needed.

B. UMV/LV (IMV/LV ): Most HV/MV transformers in the

distribution network are equipped with an OLTC. The control

strategy of these OLTC’s is based on the amount of current

flowing through the transformer. For the MV/LV transformers

a similar strategy can also be applied. In this approach a

current measurement at the secondary side of the transformer

needs to be installed.

C. UMV/LV (I1, ..., In): The current for different LV-

feeders connected to a single substation can differ significantly,

especially if PV is introduced at only some of them. From

the total current flowing through the transformer it cannot be

distinguished whether it is a period of low load, or of high

load and high generation at different feeders. Therefore, with

the current at the beginning of each feeder (I1, ..., In) a control

strategy which allows for even larger voltage deviations can

be accomplished.

D. UMV/LV (Ue,1, ...Ue,n): A more complete picture of the

voltage distribution can generally be obtained by using the

voltage at the end of each LV-feeder (Ue,1, ...Ue,n). With this

information the uncertainty of the voltage within the LV-feeder

will be smallest, allowing for the tightest control of the OLTC,

however extra investments in ICT is needed.

IV. OLTC IMPLEMENTATION FRAMEWORK

With the introduction of an OLTC in the network planning

process, the main aspect which should be determined is how

many years the OLTC can defer the investments in larger or

additional cables. If this is estimated for a given LV-network,

a net present value calculation can be employed to determine

if the expected years of deferral are worth the additional cost

of the OLTC and related equipment. With the analysis of the

OLTC it is important to note that the OLTC has a positive asset

recovery value. The OLTC could be swapped with a normal

transformer when the network needs upgrading, allowing the

OLTC to be used in other LV-networks.

To what extent an OLTC will be feasible is very dependent

on the load of the feeder and the network characteristics. For

short networks with cables with a relatively small diameter,

overloading problems will occur sooner, so the amount of

investment deferral will be limited. The same goes for the case

of large expected load growth. If the load changes within the



network are high, the moment for which additional network

reinforcements are needed comes sooner, thus reducing the

amount of investment deferral. The question as to whether the

implementation of an OLTC is an effective method to keep the

voltage within its limits should thus be determined per network

and for different loading situations. In order to gain insight into

the possible allowable voltage deviations, probabilistic load

flow calculations are used to determine the chance of voltage

limit violations for the different OLTC strategies. An overview

of this approach is given in Fig. 1.
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Fig. 1. Overview of the approach to assess the OLTC performance for the
control strategies A-D and no-OLTC case

The amount of voltage deviations allowable within the

LV-network should be determined for the different control

strategies and compared to the reference case without the

application of an OLTC. The first step in this analysis is to

perform probabilistic load flow calculations to get a baseline

for the voltages within the network. In this way, the probability

distribution of the voltage at each node and current in each

branch can be determined. In this calculation, the voltage at

the LV busbar of the substation is assumed to be constant and

equal to 1 p.u. This probabilistic load flow can be calculated

with the implementation of different levels of generation

present within the LV-network. In this way the baseline should

extend to the situations in which the voltages deviations in

the network are more than +20%. For the load, a Gaussian

mixture estimate, at 12:00 (peak of the PV-production) and at

20:00 (peak of the load) based on a large number of household

load curves is used. The load curves are created by using a

bottom-up load model [11]. This Gaussian mixture distribution

is estimated using the expectation minimisation algorithm on

the generated load data of the households with and without PV.

By varying the component proportions the Gaussian mixture,

the combined distribution can consist of more or less houses

with PV. The distribution of the load at 12:00 is given in Fig.

2.
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Fig. 2. Gaussian mixture estimate of the load with and without PV

In the case when there is no OLTC present within the

network, the peak loading should also be assessed. As the

voltage set point cannot change in between and during the

peak load conditions, the LV busbar voltage should still

be sufficiently high enough to keep the voltage within the

limits. For the peak loading a distribution is based on the

same generated household loads, considering only the evening

residential peak time of 20:00 hrs.

For each of the different control strategies of the OLTC,

the LV busbar voltage will change and thus also the voltages

at each of the buses. The changes in bus voltages can be

accurately estimated by utilising the calculated probability

distribution of the voltages and the change at the LV busbar.

How these final voltage deviations are calculated depends on

the chosen control strategy of the OLTC. For each of the

control strategies and the case without an OLTC the required

calculation steps are described in more detail below.

No-OLTC: For the case without any OLTC the voltage de-

viations allowable in the LV-network only extend to ±0.05%,

since the MV network is designed to have voltage deviations

of up to 5%. Based on the risk level the DSO applies,

somewhat higher or lower voltages may be allowed during the

planning phase if the chance of occurrence is low. The off-line

tap changer of the transformer is set to achieve an average

voltage closest to 1 p.u. during high loading times. For the

off-line tap changer, a discrete set of tap positions (-0.5kV,-

0.25kV,...,0.5kV as seen from the primary side) is assumed.

For the voltage at the MV-side of the MV/LV transformer

the correlation between the loading of the transformer and

the voltage at the MV level is used. Based on measurements,

this correlation is found to be 0.94. The MV busbar voltage

is estimated using Cholesky factorisation in combination with

the calculated correlation and the computed transformer load.

Based on the voltage set point and the estimated MV voltage,

the new voltage at the LV busbar U0,new is calculated. The

voltage distribution in the network is sequentially estimated in

the following manner:



U =
U2
0,new − U2

0,old

U0,new
+

U0,old

U0,new
Ui (1)

where U0,old is the initial voltage at busbar and Ui the

initially calculated voltage at bus i.

A. UMV/LV = 1[p.u.]: If the voltage at the LV busbar is

kept constant at 1 [p.u.] the voltage fluctuations allowable in

the LV-network increase as the MV voltage fluctuations can be

assumed zero in this case. This change does not require any

additional analysis compared to the initial calculation, as with

the initial calculation the voltage at the LV busbar is already

assumed to be constant.

B. UMV/LV (IMV/LV ): With the control of the OLTC

dependent on the current flowing through the transformer, the

magnitude of the voltage deviations should be determined with

respect to the link between this current and the voltages at

each bus. The control based on the maximum current tries to

make the average bus voltage as close to 1 p.u. as possible.

To generate this relationship, the bivariate distribution of the

current through the transformer and the average voltage at the

buses is established, by using the correlation between the total

current and the average voltage. The correlation is determined

by the load flow calculations and found to be between -0.78

and -0.84. In this way, for each value of the current the

expected value of the average voltage can be calculated and

the resulting LV-busbar voltage at which the average voltage

at the buses are closest to 1 p.u. can be determined.

C. UMV/LV (I1, ..., In): If the measurements of the currents

are extended to each feeder, the distribution of the voltage

deviations can be more accurately estimated in comparison

with the case above, where only aggregated measurements are

available. The approach to determining the voltage set point

is the same as with the UMV/LV (IMV/LV ) case, only the

combination of the expected average voltages at each feeder

is used separately to determine the best voltage set point. In

this way the average system voltage still determines the setting

of the OLTC, only the voltages in the feeders can be more

accurately estimated.

D. UMV/LV (Ue,1, ...Ue,n): For the assessment of switching

the tap position based on the voltages at the end of the feeders,

the allowable voltage range within the LV-network increases

to 20% (as this will allow all voltages to have values between

-10% and +10%). The assessment of the chance of voltage

violations versus the voltage limits applied during the planning

process is determined by the chance of violating this 20%
range by calculating the difference between the lowest and

highest voltages within the network.

To assess whether the network is still sufficiently strong with

the OLTC in place, the risk of violating the voltage limits is

calculated based on the distribution of the voltages within the

network. For each sample in the distribution, the node with the

highest average voltage deviation for the five cases (no-OLTC

and the four different OLTC control options) is determined. At

two percentile values (0.95 and 0.99) the distribution of the

voltage at this (most critical)node is evaluated. If the percentile

value is found to violate the voltage limits, the corresponding

voltage in the case of the constant LV busbar voltage is

calculated. In this way the possible voltage limits which can

be applied while assessing the network with a constant LV

busbar voltage can be determined. As this is the way in which

the voltage limits are usually assessed during the LV-network

planning process.

V. RESULTS

The performance of the OLTC with the four different

control strategies can now be assessed. For the assessment,

the calculation of the voltage distribution at each bus will be

done for a large variety of networks. To have a good mix

of networks, networks will be generated randomly for a set

of 94 generic feeders [12]. These networks are subsequently

combined into a single LV-network and a large number of these

networks will be used in the analysis. This is done to create

a representative set of networks to determine if conclusions

can be generalized. The resulting maximal allowable voltage

deviations during the planning phase are given in Fig 3 and

Fig. 4 for the 95th and 99th percentiles respectively.
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From both figures a number of things can be concluded.

First of all, as most LV-feeders have been developed to have

a maximum allowable voltage drop of 0.05 p.u., not including

voltage variations within the medium voltage network. For

the case without an OLTC the calculated allowable voltage

deviation confirms this. Due to the stochastic nature of the

assessment and the discrete increments of the generation

within the LV-network, the value of the allowable voltage will

vary around the 0.05 p.u. value. The 95th percentile values

also show a much tighter distribution than the 99th percentile

values. For the three control strategies UMV/LV (I1, ..., In),
UMV/LV (IMV/LV ) and UMV/LV = 1[p.u.] the difference

between the admissible voltages is not large, with the

UMV/LV (IMV/LV ) strategy slightly under-performing with

respect to the others, The voltage used in the planning process

can generally be increased to ± 10%. The use of strategies

based on the current can therefore be discarded as viable

options for a generic network, though there may be situations

in which these strategies can be considered superior (i.e.

uniform loading conditions). As expected, the use of the

voltage measurements at the end of the feeders can increase

the admissible voltages during the planning process the most,

to on average allow for voltages up to +19%.

To include these resulting distributions in the network

planning optimisation the voltage constraint which is now set

at ±0.05 p.u. can be replaced by a penalty function. This alters

the constrained optimisation problem as follows:

fp(X) = f(X) +

n
∑

i=1

Ciδi (2)

in which fp(X) is the penalised objective function, f(X)
the original objective function, Ci the penalty which needs to

be applied to constraint i and δi a binary variable indicating

whether or not a constraint is violated. The original voltage

constraint will be translated into a penalty with a weight equal

to the cost of the OLTC, and an additional two constraints.

The first one, is the violation of the ±0.1 p.u. voltage limit

and the second one is the violation of the ±0.19 p.u. volt-

age limit. These voltage limits correspond to the maximum

admissible voltage with an OLTC and with an OLTC and

voltage measurements at the end of the feeder respectively.

The weight of the penalty functions should be the cost of

installing the measurements and a weight large enough to

make voltages deviation higher than 0.19 p.u. prohibitive. With

this optimisation defined, the OLTC has been incorporated

into the network planning optimisation. The results of this

are shown in a case study below.

VI. CASE STUDY

For the case study three typical LV-networks are selected:

a rural, a sub-urban and an urban network. The main char-

acteristics of the networks can be found in the Table I. All

the networks are three-phase and have an operating voltage of

0.38kV line-to-line.

TABLE I
CHARACTERISTICS OF THE THREE LV-NETWORKS USED IN THE CASE

STUDY

Rural Sub-Urban Urban

Total Length[m] 5190 2740 1523
Connections 69 124 190
# Feeders 4 4 5

TABLE II
COST OF THE COMPONENTS USED IN THE CASE STUDY

Component Cost [e]

LV-Cable [\km] 45 000
MV-Cable [\km] 70 000
Additional MV/LV substation 25 000
LV-busbar expansion for an additional feeder 7 000
OLTC-transformer 32 000
OLTC recovery value 25 000
Voltage measurements per feeder 1 000
Fixed investment cost 10 000

The costs as shown in Table II are applied for the compo-

nents in this case study:

The asset recovery value of the OLTC should also be taken

into account for the optimisation, as the DSO can remove

the OLTC if cable reinforcements have been applied and use

it somewhere else in the network against limited cost. A

depreciation rate of 3% is applied to allow for the monetisation

of the investment deferral. The losses in the network are

neglected in this case study. To assess the LV-networks, the

PV penetration rate is increased according to three scenarios.

An overview of these scenarios is given in Fig. 5
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Fig. 5. PV penetration ratio for three scenarios of the OLTC case study

The figure shows a high, middle and low scenario which

have been generated for the Netherlands according to [13].

First of all the middle scenario is employed and applied to all

three LV-networks, rural, suburban and urban. This results in

the reinforcement costs depicted in Fig 6. Note that all NPV

calculations include the cost of the OLTC and the associated

measurement infrastructure if the voltages at the end of the

feeder are used as part of the control strategy.

From the figure it can be seen that in two out of three

cases the OLTC generates a positive result with respect to

reinforcements by replacing or laying additional cables. For

the urban case the OLTC does generate a higher cost, however
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if the asset recovery value of the OLTC is included after 40

years, it would generate a more favourable result. Due to the

relatively high fixed investment cost in both the rural and

sub-urban case it is most effective to install the OLTC with

measurements at the end of the feeder directly.

To gain insight into the effects with different loading

scenarios. The analysis is also applied for the three different

PV growth scenarios applied to the sub-urban network. The

results are depicted in Fig. 7.
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In the figure it can be seen that the low scenario only

requires investments after 38 years, and also that the amount of

investments required are low enough to not warrant the use of

an OLTC. Only the high scenario shows the effect of the OLTC

in investment deferral. The OLTC can delay the investment in

the cables of the network until the year 32. In this year, the

OLTC can still be recovered. The initial investments which are

done in year 7 for the high scenario in both the OLTC and in

the no-OLTC case are needed in the network to ensure it is

still sufficiently strong. In year 32 the voltage deviations in the

network still not exceed the limits, however some cables within

the network become overloaded in the OLTC case, therefore

requiring some reinforcements.

VII. CONCLUSIONS

The incorporation of an OLTC in the network planning

optimisation has been researched. Based on probabilistic load

flow calculations for cases with and without an OLTC, the

maximum admissible voltage in the underlying feeders can

be determined for the different operating approaches. The

admissible voltage is found to be independent of the network

structure, allowing for an elegant implementation of the OLTC

in the network planning optimisation. By relaxing the voltage

constraints into penalty functions the use of an OLTC can

be evaluated within the same framework as the conventional

network planning. A case study of three typical LV-networks

in the Netherlands, with different PV penetration scenarios,

show that the OLTC can generate value for the DSO in a

number of cases. The case study shows that the OLTC can be

used to defer network investments or as a complete smart grid

alternative to network reinforcements, especially for situations

with long, rural or sub-urban feeders where a scenario of high

growth of PV is anticipated.
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Table B.1: Overview of the generic feeders obtained from the network clustering

Num Branch Length Z Z at PoC [Ω] Connections Rate
[m] [Ω/km] mean max Total HH [%] [%]

1 2 493 418 78 109 7 86 0.0
2 2 424 321 61 124 71 79 0.0
3 4 837 778 203 395 62 94 0.0
4 3 480 379 56 116 23 74 0.0
5 3 958 533 218 486 15 87 0.0
6 2 683 350 100 168 9 89 0.0
7 4 799 695 157 288 62 94 0.0
8 4 831 750 265 545 64 94 0.0
9 3 578 347 53 110 12 92 0.0
10 4 963 860 250 631 63 92 0.0
11 2 433 354 59 146 8 88 0.1
12 2 643 512 154 255 7 100 0.1
13 2 498 569 135 197 7 100 0.1
14 3 509 409 81 156 34 88 0.1
15 4 839 753 287 553 67 94 0.1
16 9 519 432 105 363 42 98 0.1
17 2 496 345 70 110 11 91 0.1
18 3 535 382 74 180 48 83 0.1
19 4 617 605 127 255 42 100 0.1
20 3 1023 316 112 193 14 93 0.1
21 2 639 533 130 236 8 100 0.1
22 4 721 649 146 317 49 94 0.1
23 2 530 318 74 97 7 100 0.2
24 1 258 340 47 88 9 100 0.2
25 2 90 208 77 138 28 100 0.2
26 3 1047 322 157 295 10 100 0.2
27 5 743 352 89 191 28 57 0.2
28 2 846 438 140 207 14 93 0.2
29 3 746 449 143 244 16 94 0.2
30 2 533 323 56 92 8 63 0.2
31 2 276 324 42 82 13 46 0.3
32 2 259 320 22 76 9 56 0.3
33 3 878 343 132 198 16 75 0.3
34 6 824 444 99 196 76 91 0.3
35 2 757 310 127 159 8 100 0.3



Num Branch Length Z Z at PoC [Ω] Connections Rate
[m] [Ω/km] mean max Total HH [%] [%]

36 2 454 506 95 212 8 100 0.3
37 4 984 338 131 262 17 94 0.4
38 3 592 545 152 297 47 94 0.4
39 3 354 339 41 73 23 83 0.4
40 4 642 394 69 131 42 100 0.4
41 9 501 530 149 330 87 99 0.4
42 3 501 408 81 178 23 100 0.5
43 4 939 346 131 198 14 100 0.5
44 1 505 379 118 191 8 75 0.5
45 2 581 314 49 109 12 100 0.5
46 2 279 318 282 705 19 42 0.5
47 2 277 622 94 185 29 97 0.5
48 2 283 304 34 52 9 56 0.6
49 1 299 386 44 116 6 83 0.6
50 2 513 539 102 250 15 100 0.6
51 1 332 380 83 126 8 100 0.6
52 1 177 374 21 66 9 100 0.7
53 1 312 305 43 63 99 93 0.7
54 4 410 397 60 107 15 67 0.7
55 3 899 348 89 163 19 100 0.7
56 2 335 957 93 169 27 100 0.8
57 3 551 357 74 118 15 87 0.8
58 1 260 295 51 77 30 70 0.9
59 5 921 482 174 395 110 99 0.9
60 2 625 335 90 187 15 93 0.9
61 2 421 409 56 140 73 100 1.0
62 2 355 367 52 111 17 76 1.0
63 4 658 419 87 161 48 94 1.0
64 1 292 298 54 87 102 99 1.0
65 1 299 435 69 130 6 83 1.1
66 5 763 432 96 208 39 100 1.1
67 2 320 407 40 99 16 100 1.1
68 1 161 307 33 49 8 75 1.1
69 2 453 433 95 179 25 100 1.2
70 1 246 294 49 72 30 83 1.3



Num Branch Length Z Z at PoC [Ω] Connections Rate
[m] [Ω/km] mean max Total HH [%] [%]

71 3 1011 468 156 394 58 100 1.5
72 3 392 390 53 96 26 96 1.5
73 1 146 343 17 50 12 100 1.6
74 5 498 435 68 185 46 100 1.6
75 2 595 417 120 233 33 91 1.7
76 1 190 543 62 103 13 100 1.8
77 1 187 322 40 60 11 82 1.8
78 1 233 298 27 69 67 100 2.1
79 2 354 386 62 111 26 92 2.1
80 4 567 419 101 218 51 100 2.2
81 1 227 291 27 66 38 95 2.5
82 4 499 371 75 126 62 98 2.6
83 1 277 404 77 112 13 92 2.8
84 3 371 535 68 165 33 100 2.9
85 2 439 396 65 145 35 100 2.9
86 1 320 379 86 121 27 100 3.2
87 4 617 383 108 211 74 100 3.3
88 2 312 361 36 77 51 100 3.4
89 2 274 496 41 83 29 100 3.4
90 3 347 349 42 97 35 100 4.1
91 1 208 485 57 101 20 100 4.4
92 1 255 307 45 78 38 100 4.5
93 2 224 327 24 57 24 100 4.5
94 1 165 276 24 46 18 100 6.4
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Table C.1: Data used for the network expansion planning optimisation

Symbol Component value
Ccbl LV-Cable [e\mtr] 65.5
Ccbl,mv MV-Cable [e\mtr] 77

LV-busbar expansion [e] 4200
0.73
0.05

Cfdr

pe
pav
Csub

Electricity price [e\MWh]
Outage price [e\min]
Additional MV/LV substation [e] 40000

Cinv,fix Fixed investment cost [e] 8300
Cable failure rate [\(yr km)] 0.038λcbl

Trcbl Repair time [min] 200
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