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Forord
Reguleringsmyndigheten for energi (RME) regulerer nettselskapenes inntekter. Formålet er å bidra til
effektiv drift, utnyttelse og utvikling av nettet. RME gjennomfører hvert år en effektivitetsanalyse som
måler selskapene mot hverandre, og rangerer dem ut fra hvor mye ressurser de bruker på å bygge, drifte
og vedlikeholde nettinfrastrukturen. Nettselskapenes avkastning bestemmes deretter av hvor
kostnadseffektivt de løser sine oppgaver.
RME har i flere prosjekter siden 2018 utforsket om variablene effekt- og energiavstand kan brukes i
effektivitetsanalysene. Effektavstand er en sammensatt størrelse som beskriver hvor mye effekt
nettselskapene skal levere, og hvor langt effekten må transporteres. Energiavstand har samme egenskap,
men gjenspeiler hvor mye energi som skal fraktes over ulike avstander i en periode. Effekt- og
energidistanse gir et direkte uttrykk for den oppgaven som nettselskapene har med å levere strøm til sine
kunder.
I et prosjekt som ble gjennomført av THEMA i 2019, utforsket vi flere metoder for hvordan
effektavstanden kan beregnes i det høyspente distribusjonsnettet. Metodene ble testet på mindre datasett
og dette har gitt oss verdifulle erfaringer. Fra dette prosjektet satt vi igjen med flere alternative metoder
som kan brukes for å beregne effektavstand.
I herværende prosjekt har vi bedt THEMA om å bygge videre på resultatene og erfaringene fra tidligere
prosjekter og fortsette arbeidet med å utvikle variablene effekt- og energiavstand. Vi har bedt om å utvide
beregningene til også å inkludere det lavspente distribusjonsnettet. I praksis betyr dette å beregne en
effektavstand fra nettstasjon og til hver enkelt måler. Slike beregninger blir gjerne mer kompliserte siden
datamengdene øker betydelig. Det er derfor nødvendig å se på andre metoder for å beregne denne
effektavstanden. I tillegg har vi bedt THEMA om å se på metoder hvor effektavstanden i både høyspentog lavspent distribusjonsnett uttrykkes i en felles variabel. Alle vurderingene og konklusjonene i
rapporten er konsulentenes egne.
En referansegruppe bestående av Glitre Nett, Jæren Everk, Klepp Energi og Mørenett har bistått med
bransjekunnskap og data som har blitt brukt for å verifisere metodene. Vi er takknemlig for den innsatsen
disse selskapene har bidratt med i prosjektet. Selskapene har imidlertid intet ansvar for konsulentens
konklusjoner
Vi inviterer alle til å komme med innspill til arbeidet innen 15. mars 2021. Tilbakemeldinger merkes med
referansenummer 202100557 og sendes til rme@nve.no. Vi tar med oss THEMA sitt arbeid og innspill på
dette i det videre arbeidet med reguleringsmodellen.
Oslo, januar 2021
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Executive Summary
Reguleringsmyndigheten for Energi (RME) is the
Norwegian regulatory authority for energy. Among
its responsibilities is the regulation of income for
Distribution System Operators (DSOs) and the resulting grid tariffs. In this context, Norway was
among the pioneers of introducing a performance
benchmarking model to compare the eﬃciency of
grid companies. The so-called Data Envelopment
Analysis (DEA) benchmarking model evaluates the
performance of each grid company based on a
number of indicators, referred to as output parameters, and determines the allowed income based
on the resulting relative eﬃciency and the company’s actual annual cost. The output parameters should reﬂect the task of grid companies and
the cost incurred by solving the task of supplying
customers. Currently the output parameters of the
benchmarking model are the number of customers,
the total length of lines and the number of substations in the high-voltage distribution grid. As
more data is made available from smart-meters
and centralised infrastructure databases, new output parameters for the benchmarking process can
be considered. Ideally, such parameters should
represent the task of the DSO (rather than its effort)
and provide incentives for eﬃcient grid reinforcement while being highly exogenous, comparable
and easy to compute from available data.

The power distance as an output
parameter
THEMA Consulting Group has been commissioned
by RME to investigate different methods to deﬁne
and compute new output parameters for the DEA
model that take the distribution of demand into account and thereby provide a more objective repres-
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entation of the task of a grid company. A parameter
that effectively captures the distribution of demand
in a grid system is the power distance. The power
distance parameter is the product of the distance
to each substation and transferred power, scaled
by a factor that reﬂects how the investment cost of
power lines increases with higher capacity.
This report builds upon previous work ([1], [2])
to identify methods for computing the power distance in the distribution grid. For the high-voltage
distribution grid (HVD grid) methods to construct
an idealised grid are introduced. In addition, simpliﬁed methods that do not rely on grid data are
investigated for the low-voltage distribution grid
(LVD grid).

Methods in the HVD grid
In the high-voltage distribution grid, three methods are investigated for building an idealised grid
and calculating the power distance results for the
reference group of four DSOs. It is determined
that when building the grid, the maximum demand
experienced at each substation should be used as
input in those methods which are dependent on
demand. This reﬂects the investment costs of
building a grid to withstand peak demand. Once
the grid is built, the mean demand per substation
can be used as a yearly parameter to calculate the
power distance, thereby reﬂecting the operational
costs of the DSOs.
Artiﬁcial grid with marginal power distance
The artiﬁcial grid method builds a radial grid
by iteratively selecting the closest node to the
transformer station and then connecting it to
the point where it increases the system’s power
distance by the least. Although not the most
intuitive method, it is concluded that the artiﬁcial
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grid method represents the task of delivering
power better than the other proposed methods.
In addition, it presents a high and consistent level
of robustness under missing data. The use of the
method is also considered to increase incentives
for better grid planning, as the connections are
made based on the whole system and how the
connection of new nodes affect it.
Prim's algorithm with distance The suitability of
using Prim’s algorithm is also evaluated in this
report. This method seeks to build the Minimum
Spanning Tree (MST) that is able to connect all
points in the grid while minimising the total line
length of the system. In each step the algorithm
connects the next closest point until all points
in the network are connected. It is found that
the method, although very intuitive and requiring
very low computational effort, was not suitable for
representing the task of supplying power. When
performing robustness tests, it is determined that
missing data caused large variations in the power
distance results.

metering point is investigated. This method has
a very intuitive explanation, and is easy to implement for large datasets. However, the Euclidean
distance does not represent the task of the DSO
in the LVD grid well, and thus has a low overall
suitability.
Customer density The customer density methodology for calculating power distance considers
the surface area around a substation that includes
all surrounding metering points. Therefore, the
weight on individual metering points will be lower
than for the Euclidean distance. In this way, the
customer density represents the task of the DSO
slightly better, with only a small increase in terms
of the complexity of the method. Overall suitability
of this metric is evaluated to medium.

Angular proximity The angular proximity, denoted statistical method in earlier works, represents the task of the DSO fairly well in the LVD grid.
It considers where metering points are positioned,
and whether it is beneﬁcial to build one or multiple
lines to supply these metering points. This method
Prim's algorithm with distance and demand As is based on more complex mathematics than the
an expansion of Prim’s algorithm based on above-mentioned methods. Despite the low intuitdistance, we include demand as part of the edge iveness of this method, it is evaluated as the most
cost when connecting a new node. The algorithm suitable method in the LVD grid,
works by connecting in each step, the node that
represents the least demand served per km of line.
This method represents the task better than the Methods for combining HVD and LVD
Prim algorithm based exclusively on distance and After investigating separate methodologies in the
shows better results in terms of robustness. This HVD and LVD grids, a combination of these varimethod is deemed with a suitability between the ables is investigated. Four methods are discussed
artiﬁcial grid and the Prim distance method.
qualitatively based on the results for individual grid

Methods in the LVD grid
In the low-voltage distribution grid, another three
methods are investigated. In addition to the previously suggested statistical method, which here is
referred to as angular proximity, we investigate two
other methods.
Euclidean distance Calculating the power distance in the LVD grid based on the Euclidean distance, the straight line, between substation and
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levels.
It is concluded that the use of a cost-weighted
sum of power distances for both grid levels is most
suitable to capture the task in the entire distribution
grid. Other proposed options such as an integrated
power distance calculation or the application of
one method to the entire grid system are disqualiﬁed due to high computational complexity or low
task representation. A further possibility is the
introduction of two separate DEA variables. In this
case, the task is well reﬂected at low computational

© THEMA Consulting Group (2020)

effort but the incentive to operate all grid levels
eﬃciently is decreased.
For combining the two grid levels, the same
demand metric should be used for both levels.
Both maximum demand, mean demand, and a 75 %
demand percentile are investigated for the power
distance calculation, where the mean demand is
concluded to be the best representation of the task
in both grid levels. Aggregating all demand points
into a mean value for each time step will further
reduce the computational intensity.

© THEMA Consulting Group (2020)
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1. Introduction
In Norway, Reguleringsmyndigheten for Energi
(RME) within Norges Vassdrags- og Energidirektorat (NVE) is responsible for regulating electricity
network companies. A key element of the regulation of distribution grids is RME’s Data Envelopment Analysis (DEA) model that is used to measure
the eﬃciency of grid companies to determine their
allowed annual income level. RME’s DEA models
are designed to benchmark the costs of a network
company given a set of outputs that describe the
tasks of the given company. In the distribution grid,
the output variables are the number of customers,
kilometres of lines and the number of substations
in the high-voltage distribution grid. These variables are designed as proxies for the Distribution
System Operator (DSO)’s task to supply customer
demand.
RME is exploring the possibility to replace the
existing output variables with a more precise measure of the actual task of each DSO. The main
criteria for introducing an output variable are that
any new parameter should reﬂect the task of grid
companies in an exogenous way, be feasible to
compute for all DSOs and intuitive enough for all
involved stakeholders to understand. As more data
has become available through smart-meters and
the introduction of a centralised IT-system, Elhub 1 ,
potential output variables can include more details
on how demand is distributed geographically and
temporally. By using detailed hourly consumption
and production data coupled with geographical information, it has become possible to capture new
load patterns, usage trends and technologies in the
grid. The use of large datasets highlights additional
criteria such as data privacy, computational intensity and robustness.

was identiﬁed as a parameter that reﬂects the task
of grid companies by accounting for the transferred
power and the the distance to each demand node.
Different methods to compute a power distance
parameter were analysed in the projects [1] and
[2]. It was concluded that methods using real
grid data to either compute the power distance in
the minimal required system or a power distance
parameter based on physically optimal power ﬂow
cannot be applied. The main concerns were the
computational complexity of the minimal power
distance and the data quality of available grid information. In [2] alternative methods that do not
use real grid data were developed and tested on a
small set of test cases.
In this report, we build upon previous work
and investigate methods for estimating measures
of electric power distance and energy distance.
The report covers the computation of a power
distance parameter in the high-voltage distribution
grid based on constructing an artiﬁcial radial grid
and analyses methods to apply a power distance
calculation to the low-voltage distribution grid. In
addition, we will assess how to combine measures
on different grid levels, how to move from an hourly
parameter to yearly values and how to overcome
potential challenges of the proposed methods. All
methods will be applied to the license areas of four
Norwegian grid companies. We will conclude with
a discussion of the applicability of the proposed
methods and come forth with recommendations
for further work.

In previous work the electric power distance
1

8
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2. Background

2. Background
2.1. The DEA benchmark model
The Norwegian regulatory authority RME uses the
Data Envelopment Analysis (DEA) as part of the
regulation of grid companies to determine how
much income each DSO can collect from their
customers through grid tariffs. The idea behind
the design of the regulation is that in solving its
task each grid company incurs costs in the form
of operational costs, capital costs, cost of losses,
and CENS (Cost of Energy not Supplied, KILE in Norwegian). The task of the grid company is currently
represented by number of customers, number of
substations, and kilometres of lines, often referred
to as the outputs or output variables.
As a sum, the costs incurred by all grid companies in the distributional level are covered (with the
RME reference interest rate representing an expected rate of return), but the regulation aims to reward
the most eﬃcient companies with higher income,
and thus create incentives for operational improvement and socioeconomic investments. The DEA
model is applied to benchmark the companies
against one another and determine which ones are
the most eﬃcient. The most eﬃcient companies
are called ”front” companies.
In short, the average company is classiﬁed as
100 % eﬃcient, while the most eﬃcient companies
are above 100 % and less eﬃcient companies have
an eﬃciency below 100 %. We will not describe the
income regulation of Norwegian companies in detail in this report, but simply state how a company
can collect its costs given its allowed income. A
grid company’s allowed income is given as
𝐼𝑅𝑡 = (1 − 𝜌) ⋅ 𝐾𝑡 + 𝜌 ⋅

𝐾𝑡∗

Where 𝐾𝑡 is the company’s actual costs, 𝐾𝑡∗ is
the cost norm, and 𝜌 is a factor deﬁning to what

© THEMA Consulting Group (2020)

extent the income of a grid company is benchmarked. If a company is an average company
(100 % eﬃcient), 𝐾𝑡 = 𝐾𝑡∗ . If the company has an
eﬃciency above 100 %, then 𝐾𝑡 ≥ 𝐾𝑡∗ , and has a
rate of return higher than the RME interest rate. A
less eﬃcient company will have a rate of return that
is less than the RME interest rate – providing an
incentive to become more eﬃcient. Currently, 𝜌 is
set to 60 %, meaning that 40 % of the cost base can
be directly passed on to consumers, while 60 % are
based on the benchmarked cost norm. From 2023
onwards 𝜌 will be set to 70 %, putting more weight
on the performance benchmarking [3].
As a grid company is evaluated on how cost
eﬃciently it covers its tasks, it is important that
the output parameters are describing the task –
or the cost drivers – of the grid company in a
relevant way. The task is to cover demand of all
customers at all times, and the main costs drivers
are investment costs (CAPEX), OPEX such as cost
of delivering power and cost of losses, O&M costs
and administrative costs.

2.2. Deﬁnition of new benchmarking variables
The aim of this report is to deﬁne methodologies to
calculate an alternative benchmarking parameter
for DSO income regulation. The current benchmarking based on number of customers, substations and length of lines has several main drawbacks:
it is partly under control of the DSO through
their investment decisions
it does not necessarily reﬂect the challenges of
supplying power over long distances

9
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it only accounts for assets in the high-voltage Computational Effort The complexity of the caldistribution grid (> 1 kV) and may penalise efculation can be a major limitation. Ideally, it
ﬁcient operation in the low-voltage distribution
should be possible to calculate the benchmarkgrid which results in a lower number of substaing parameter with low computational effort.
tions and/or shorter high-voltage lines.
Every grid company should be able to perform
the calculation for their own grid.
it may not reﬂect changes in consumer patterns through technological advancements Robustness Any method applied in a regulatory
such as distributed generation, local storage
setting should be robust towards changes.
and EV charging infrastructure
Continuous grid development over time should
not result in signiﬁcantly different results from
A new benchmarking parameter should overyear to year. Furthermore, any change in the
come multiple or all of the mentioned challenges
input data to compute a new parameter should
or at least improve on them. In addition, the use
not result in a disproportionately large change
of more detailed data that has become available
in the output variable.
since the introduction of the DEA parameters can
be considered an improvement. Though available Fairness A benchmarking parameter should be
smart-metering data or geographical information
as neutral and objective as possible. It should
may not be suitable for the use as output parametnot provide advantages for companies dependers, these data can serve as an input to calculate
ing on their size, geographical location or cusnew parameters. Thus, criteria for the suitability
tomer composition. An example is that comof a benchmarking parameter should also consider
panies owning both regional and distribution
the computation process. In the following list we
grid should not have beneﬁts compared to
outline factors that we deem most important for
companies operating only the distribution grid.
any output parameter in the DEA model:
Exogeneity A benchmarking parameter should be
as neutral as possible. It should not be possible
Representation of the DSO’s task A parameter
for the DSO to inﬂuence the output through
should represent the task of the DSO rather
their decisions on investments or operation.
than its effort. A DSO has the obligation to
In the current regulation the length of lines
cover the demand of customers in the grid at
and number of substations is under direct conall times. To fulﬁl this task a DSO needs to
trol of the DSO which may incentivise building
equip the grid accordingly to ensure security of
longer lines or more substations than necessupply and cost effectiveness.
sary.
Data Requirements In terms of needed input to
Incentives The choice of benchmarking paracompute an output variable two factors are
meter may create different incentives. An
crucial: availability and ease of handling. The
ideal parameter should not disincentivise any
required data for a computation should be
of the following: building the shortest/most
available and easily accessible for each DSO
eﬃcient connections, investment in assets that
from centralised sources. Additionally, handimproves security of supply, providing input
ling large amounts of data can be challenging
data of high quality, among others.
both for those supplying it and those handling it
in the ﬁnal computation. It should be possible Intuitiveness Any new parameter and required
to automate data handling and computation
calculations should be fairly intuitive and easy
without the risk of compromising the output.
to communicate to stakeholders. Any entity
With an increased need for data, the consistaffected by the regulation should ideally be
ency and quality can be a further constraint.
able to comprehend and replicate all involved
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computation steps.
While one parameter may give the most realistic representation of the task of a DSO, computation time may be a limitation and higher data
requirements may pose challenges towards exogeneity. On the other hand, a simple approach with
minimal need for data and computational effort
may incentivise unnecessary investments. In this
report, we analyse the power distance as a possible
new benchmarking parameter and will base our
assessment on a compromise between the criteria
deﬁned above.

2.3. Deﬁnition of the power
distance
A parameter that was proposed as a new output
variable in the DEA benchmarking in previous studies is the electrical power distance. The power
distance is a measure of transferred power that
accounts for the geographical distribution of customers. This section will provide a brief description
of the concept of power distance and its mathematical formulation.
The general idea behind the power distance is
to have a more meaningful parameter describing
the task of a grid company. Currently, the length of
lines is one of the parameters used. Previously, the
demand served over a year was an indicator as well,
beneﬁting grid companies with large consumers
close to transformer stations. The power distance
is an attempt at improving on these two metrics by
combining demand served and distance per consumer into the product of the two indicators. Transporting more power over a certain distance gives a
higher power distance than transporting less power
over the same line. In turn, serving a large load
close to a transformer station is considered easier
than serving the same load to a customer that is
located further away.
Mathematically, the power distance is deﬁned
as the sum of the products of the transported
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Figure 2.1.: Relation of cost and transferred power
depending on alpha

power and the distance or length. The general
equation for the power distance 𝑃d is
𝑃d = ∑ 𝐿𝑒 𝑃𝑒𝛼 ,

(2.1)

∀𝑒

with 𝐿𝑒 the length of line element 𝑒, 𝑃𝑒 the (absolute)
power ﬂow along that line element, and 𝑒 ∈ ℰ
the set of all lines in the grid. The externally set
parameter 𝛼 describes the scaling effect of costs,
i.e., a line able to carry twice the power is typically
less than twice as expensive. The 𝛼 parameter lies
between 0 and 1 to model economies of scale in
increasing power transfer capacity of a line. The
effect of 𝛼 is visualised in Figure 2.1. For an 𝛼 parameter of 0 the cost for building a line is independent
of the transferred power. For 𝛼 = 1 the cost
scales linearly with transferred power, i.e. the cost
will not differ between building one or two lines to
transfer the same power. An 𝛼 between one and
zero reﬂects that building a line to transfer double
the power will not lead to twice the cost. Such
a cost scaling is introduced because many cost
components for building a line in the distribution
grid are independent of transfer capacity.
The magnitude of the power distance strongly
depends on the underlying distribution of demand,
and therefore captures that the task of supplying
power to clients depends on the demand distri-
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Figure 2.2.: Example of two DSOs with the same topology, but different demand distribution

bution. A simple example of two DSOs with the
same topology but different distribution of demand
illustrates how the tasks of the two companies
that are rated the same according to today’s output
parameters, are in fact very different.
Figure 2.2 depicts a simple radial grid for two
DSOs. Both companies have demand nodes at
a distance of 1 and 11 km from the substation,
the same grid topology, amount of customers, and
number of substations. The difference between
DSO A and DSO B is that A has to provide 1 MW of
demand at node 1, and 10 MW of demand at node
2, while B has the opposite demand distribution.
It can be argued that DSO B has an easier
task of supplying energy to its clients - or in other
words that DSO B has a lower output in terms of
transported power and energy when accounting
for the distance. Using the deﬁnition of electric
power distance as proposed above, this effect will
be captured:
𝑃𝑑,A = (11 MW)𝛼 ⋅ 1 km + (10 MW)𝛼 ⋅ 10 km
= 111 MW km
and
𝑃𝑑,B = (11 MW)𝛼 ⋅ 1 km + (1 MW)𝛼 ⋅ 10 km
= 21 MW km
Here we used 𝛼 equal 1.0, but other values would
give a similar effect.
The example with DSO A and DSO B illustrates
how the two companies might look similar with
the current outputs in the DEA model, while the
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actual tasks are quite different. Due to the nonlinear relationship between cost and power, the
tasks of the two companies are not as different as
suggested when 𝛼 = 1, but a power distance given
an 𝛼 between 0 and 1 might be better equipped to
describe the actual task of the companies than the
existing outputs.
The main question related to the power distance parameter is how the ﬂows, i.e. the transferred power, over each line 𝑃𝑒 are determined and
how the length or distance is deﬁned. In a purely radial, i.e. tree-shaped grid, the ﬂows are determined
by the net demand in all connected nodes. While
computing the power distance requires care, the
result is uniquely determined. If, however, there
are meshes in the topology, the power may be
distributed to the consumer along different paths.
In turn, the power distance is no longer uniquely
determined. If grid data is altogether missing, one
needs to pursue an alternative approach based on
the location of the demand and possibly on local
geographical limitations to deﬁne the distance.

2.4. Review of previous work
To assess the possibility of introducing new output
variables in the DEA benchmarking that comply
with the aforementioned criteria and beneﬁt from
the increase in available metering data, NVE conducted two studies on the so-called power distance
parameter. The power distance is a measure of
transferred power that accounts for the geographical distribution of customers. By accounting for
the distribution of demand and generation in a
system, the power distance makes it possible to
more accurately represent the task of grid companies. Furthermore, the power distance can minimise
the impact of variables under control of the DSO.
Through previous studies on the power distance it
was shown that the interpretation of the parameter
– i.e. how length and power are deﬁned – has a
large effect on the result.
In the ﬁrst project [1], the minimal power distance was investigated and computed for exem-
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plary grid systems. The minimal power distance
computes the minimum distance that power needs
to travel from any substation to the demand location in a real grid. For any grid system this method
gives a unique mathematically optimal solution.
However, it was shown that ﬁnding the absolute
minimum in a complex grid systems with a large
number of meshes, as is common in the real distribution grid, was too computationally intensive.
In the second study, conducted in 2019 [2],
the minimal power distance and three alternative
power distance parameters were compared on a
number of real grid test cases. The proposed
parameters are brieﬂy outlined in the following
Power ﬂow based power distance The
power
distance calculated from the physically optimal
ﬂow under standardised line speciﬁcations and
the length of line elements of the existing grid
system.
Artiﬁcial grid based power distance A parameter
that is computed based on the demand per
substation and the length of lines in a synthetic
radial grid. The artiﬁcial grid is constructed by
taking the marginal increase in power distance
into account.
Statistical power distance An approach that
uses no grid at all but instead considers
the distribution of substations and demand
around each transformer station. In this report,
the statistical method is denoted Angular
proximity.
The computation of these parameters on real
grid cases gave insight to the advantages and challenges of each method. It was concluded that the
power ﬂow based power distance gives the most
accurate representation of a grid companies task
and provides highly comparable results. However,
due to challenges with the quality of real grid data,
the power ﬂow based power distance cannot be applied to all grid areas in Norway for the time being.
As a result, it was suggested to further investigate
the use of an artiﬁcial grid based power distance.
This approach promises a highly exogenous output
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with low data requirements that reﬂects the grid
companies’ task well. The study on new variables
for capturing demand in power distribution came
forth with one suggestion for an artiﬁcial grid based
power distance which was computed for selected
test cases and compared to the results of other
power distance parameters. In parallel, a second
methodology based on the geographical distance
of substations was developed by Geodata in the
scope of the project romlige analyser for utvikling av
nye variabler– geospatial analysis of new variables.
Further work will analyse and compare alternative
artiﬁcial grid parameters with a focus on the fulﬁlment of the aforementioned criteria.
The study in 2019, made estimates of the alpha
parameter by analysing the cost of standard components from a cost catalogue. It was concluded
that the alpha parameter lies in the range 𝛼 = 0.3 −
0.5, for this report 𝛼 = 0.4 will be used.
In previous work the deﬁned parameters were
tested on the high-voltage distribution grid and
data from the low-voltage network was aggregated
to substation level. While this allowed for ﬁrst conclusions of computational feasibility and regulatory
suitability, a ﬁnal reviewed output parameter will
need to cover the entire value chain. This study
will go deeper on which power distance parameters
can be applied on different voltage levels and how
they can be combined to cover the full network
area of each DSO. We differentiate between methods that build an idealised grid in the high-voltage
distribution grid and simpliﬁed consideration of
demand distribution in the low-voltage distribution
grid. This differentiation is motivated by differences grid properties and the amount of data to
be processed. Special attention should be given
to how data privacy affects data availability on
customer level.
The datasets used in the second study included
data for power consumption and generation per
substation, thereby accounting for positive or negative power ﬂow in the power distance parameter.
In this work, the representation of distributed generation and exchange with other grid systems will
be more actively discussed.
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The studies also proposed some options for
computing an energy distance parameter covering
the whole year – as opposed to the power distance
which considers an individual market time unit.
Again, previous studies fell short of giving a deﬁnite
answer to which option should be used. Here, the
comparison to the current benchmarking output for
full grid systems is valuable.

14
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3. Scope
This chapter provides an overview of the scope
of this report. It outlines which levels of the
Norwegian power grid are analysed in this study
and describes common terminology. Furthermore,
the reader will be provided with a description of
how data was processed prior to this project and
which grid companies were involved in the reference group.

3.1. The Norwegian electricity
grid
To describe the scope of the work presented in
this report, it is necessary to provide a basic understanding of the power grid in Norway. Figure 3.1
shows a schematic of the grid levels in the electricity network and their exchange points. The grid
levels marked in green are are considered in this
study. The power grid in Norway is structured in
the following four levels 1 :
Transmission grid: The highest grid level, also referred to as grid level 1, typically operates at
a voltage of 300 kV or 420 kV and connects
producers and trade capacity with connection
points to lower grid levels across the country.
Regional grid: The regional grid, grid level 2, operates at a voltage of 66 kV or 132 kV and serves
as an intermediate grid level between the transmission grid and the distribution grid.
High-voltage distribution grid: Grid level 3 operates at a voltage of 1 to 22 kV. Some industrial
customers and small producers are connected
to the high-voltage distribution grid.
1

www.nve.no/energiforsyning/nett/
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Low-voltage distribution grid: The low-voltage
distribution grid, grid level 4, supplies ﬁnal
consumers at a voltage of 230 V or 400 V.
Note that each transformer between two
voltage levels is associated to the grid level with
the higher operating voltage. As an example a
transformer between the regional grid and the highvoltage distribution grid will be classiﬁed as grid
level 2, the same level as all other assets in the
regional grid. Metering points, which represent
ﬁnal consumers, operate in grid level 4.

3.1.1. Terminology
For clariﬁcation we deﬁne common terms and expressions that will be used throughout this report
to refer to grid assets and involved stakeholders.
A full list of abbreviations and terminology can be
found in Appendix A.
We will refer to grid levels according to the
deﬁnitions of NVE, listed above and illustrated in
Figure 3.1. When speaking of the distribution grid,
we refer to assets in both the high-voltage and lowvoltage distribution grid, spanning voltage levels
from 230 V to 22 kV. In this context, we also want
to introduce the abbreviations high-voltage distribution (HVD) and low-voltage distribution (LVD) for
the grid levels in the distribution grid.
In practice all connection points between different voltage levels are transformers. To differentiate between grid levels we will use the different
terms for assets in level 2 and those in grid level
3. Transformers between the high-voltage distribution grid and the low-voltage distribution grid will
be referred to as substation, from the Norwegian
term nettstasjon. For transformers between the
regional grid and the high-voltage distribution grid
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Figure 3.1.: Schematic representation of the grid levels in Norway [4]

the term transformer station will be used. The term
metering point will be used for the nodes where
ﬁnal consumers are connected to the low-voltage
distribution grid on grid level 4. In the case where
we refer to connection points in the grid without
specifying the grid level we use the term node.
The Norwegian term nettselskap will be translated as grid company or Distribution System Operator (DSO) in this report. As the name implies, a
DSO operates the distribution grid which includes
the low- and high-voltage distribution grids, or grid
levels 3 and 4.
The area in which one grid company operates
the grid is called konsesjonsområde or nettområde
in Norwegian and will be referred to as license area
in this document.

was pre-processed and standardised by Multiconsult. In the following we will give a brief overview
of involved stakeholders, their roles and the used
data.

3.2.1. Involved grid companies
Four grid companies comprised the reference
group for this project. Their role was to provide
data from their license area and offer input to the
proposed methods. The involved DSOs were
Mørenett
Glitre Energi Nett
Jæren Everk
Klepp Energi

3.2. Involved Stakeholders and
data processing

These four DSOs also cover different geographies. Both Klepp and Jæren are located in a coastal
area, and have a high amount of 400 V lines in their
LVD grids. While Mørenett also spans a coastal
For the computation of the power distance presen- region, there is an even higher amount of fjords
ted in later chapters, we were provided with data and mountains in this grid area. With a grid area
from four Norwegian grid companies. The data containing fjords and mountains, Mørenett helps
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(a) DSO customers divided into customer groups.

(b) Number of customers, (DEA 2019).

Figure 3.2.: Number of customer and customer groups.

to bring forward special considerations for challenging geographical conditions. Glitre on the other
hand is situated inland, and also contains larger
urban areas like Drammen.
The output parameters in the current DEA
model also point towards the differences between
the DSOs, where number of customers, length of
lines in the HVD grid and number of substations are
used.

the observations based on the number of customers. For number of substations, annual system
demand and length of lines Glitre ranks highest.
When considering the length of lines in the HVD
grid Glitre and Mørenett are very similar, the total
difference in line length stems mainly from Glitre
having more km of lines in the LVD grid. For the
smaller grid companies, Jæren and Klepp, the grid
systems are quite similar. Klepp has slightly higher
demand than Jæren, while Jæren has a larger number of substations and higher total line length. It
is noteworthy that Klepp and Jæren have a higher
length of LVD lines per customer compared to the
other investigated grid companies, which is likely
related to the use of 400 V lines. The parameters number of customers (Figure 3.2b), number of
substations (Figure 3.3a) and the length of lines
in the HVD grid (Dark blue in Figure 3.3c) are currently used in the DEA benchmarking. For all parameters Glitre ranks highest, followed by Mørenett.
As mentioned, Jæren and Klepp only show small
differences which results in Jæren ranking higher
for the number of substations and line length and
Klepp ranking higher for number of customers.

The size of the four grid companies vary from
roughly 95 000 to 9 000 customers, as seen in
Figure 3.2b. Glitre has the largest number of customers, whereas Jæren has the fewest customers.
Klepp and Jæren have approximately the same
number of customers, but vary in what type of
customers are present. Both Jæren and Klepp
have a high percentage of industrial and agricultural customers, but Jæren has more customers
in the public and commercial sectors. Residential
customers are the most common customer type
for all grid companies, and the relative ranking
between the grid companies also follows the size
of the grid companies. In other words, Glitre has
the highest number of customers, and also has the
highest fraction of residential customers. Jæren
It must also be noted that these four DSOs
has the fewest number of customers, and also has involved form the basis for the empirical work outthe lowest fraction of residential customers.
lined below. These grid companies represent only
Other grid properties illustrated in 3.3 underline a certain amount of the DSOs in Norway, and do
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(a) Number of substations

(b) Total system demand

(c) Line length

Figure 3.3.: Summary of grid properties for the DSOs in the reference group

not form a representative set of all DSOs in Nor- Substation metadata: Geographical information
way. The involved DSOs in this study can provide
on location of substations and transformer staa basis for analysing power distance parameters.
tions linked to substation IDs.
However, general trends and peculiarities for other
Metering data: Hourly meter readings for all
DSOs not analysed in this report cannot be capmetering points covering the reference year.
tured.
Power exchange data: Hourly data on power exchange with neighbouring grids and grids at
higher levels. Data is linked to substation
3.2.2. Data processing
or transformer IDs where power exchange ocData used in the project span a reference year, with
curs.
historical data provided in the period March 2019
The ﬁrst three datasets were processed and
- February 2020. The four grid companies in the
reference group each provided the following raw standardised by Multiconsult, as described in
[5]. Coordinate data was then transformed from
datasets:
WGS84 to UTM32. The latter is a two-dimensional
Metering point metadata: Geographical informa- projection, where the direct distances between
tion on location of metering points, customer points can be calculated.
types and metering point IDs.
After receiving the standardised datasets, the
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data was further pre-processed and used as input
for the algorithms presented in this report. All
programming was done in Python, making use of
the data handling packages Pandas and numpy.
Geopandas, shapely and pyproj were used for geographical data handling.
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4. Formulation of power distance and energy
distance parameters
The power distance is a parameter that captures privacy. Table 4.1 provides an overview of analysed
the distribution of demand in a grid area, by in- methods per grid level which will be described in
cluding both the length over which power needs the respective chapters.
to be transported and the demand per node. In
Table 4.1.: Overview of methods by grid level
this chapter we revisit the general concept and
mathematical formulation of the power distance
LVD grid
Euclidean Customer
Angular
before providing a detailed overview of the different
distance
density
proximity
approaches to compute such a parameter.
HVD grid
Artiﬁcial
Prim
Prim
Mathematically, the power distance is deﬁned
as the sum of the products of the transported
power and line length over all line elements. The
general equation for the power distance 𝑃d is
𝑃d =

∑ 𝐿𝑒 𝑃𝑒𝛼
∀𝑒

,

(4.1)

with 𝐿𝑒 the length of line element 𝑒, 𝑃𝑒 the (absolute)
power ﬂow along that line element, and 𝑒 ∈ ℰ the
set of all lines in the DSO’s grid.
In this project we aim at computing a power
distance parameter that reﬂects the task of supplying power in the distribution grid. This entails connections between transformer stations and substation in the high-voltage distribution grid and power
transfer from substations to metering points of the
ﬁnal consumers in the low-voltage distribution grid.
We differentiate between methods that we
identify as suitable to be applied in the low-voltage
distribution grid and those applied in the highvoltage distribution grid. Though in theory all
suggested methods could be applied to both investigated grid levels. The criteria by which we
distinguish between methods applicable in the
low-voltage grid and those applicable in the highvoltage grid are mainly linked to the amount of
processed data and the associated computational
complexity as well as concerns related to data
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grid

distance

demand

4.1. Methods in the HVD grid
A crucial aspect in the computation of a power
distance parameter is the deﬁnition of the length
between a customer and a substation. Intuitively,
the length can be deﬁned as the length of existing
lines that connect a customer to the closest substation. The existing studies, [1] and [2], however
highlighted that the use of real grid data poses
major challenges. Firstly, the real grid is in most
cases a meshed system for which the connection between each customer and substation is not
uniquely deﬁned. An approach to ﬁnd the minimal
system that connects all customers was found to
be too computationally intensive. The second suggested approach considered all existing lines and
the physically optimal power ﬂow per line segment,
thereby avoiding the optimisation process. Nonetheless, the quality of available data was identiﬁed
as a barrier for the application of such a method.
It was concluded that with the current level
of data quality, a grid-based power distance parameter cannot ensure a fair benchmarking of grid
companies. Instead, a method that constructs an
artiﬁcial grid was recommended. The proposed

© THEMA Consulting Group (2020)

4. Formulation of power distance and energy distance parameters

method should not attempt to construct a realistic
grid layout that accounts for all challenges, but
rather aim for an idealised grid that reﬂects a grid
company’s task.
This grid should take into account the demand
distribution and the cost scaling parameter alpha,
but it should not be seen as the best achievable
topology. Rather, it should be used as an exogenous description of a company’s task which can
be used to benchmark the grid companies against
each other. We do not deem it realistic nor desired
to create a grid that replicates all features of the
real grid down to individual components. There is
a clear balance between a simple approach that
captures key features in an objective way and a
complex model that introduces detailed grid properties. Each additional level of detail in a grid model
will introduce the need for new assumptions. We
opt for a transparent method that improves on
the existing parameters without adding too many
levels of complexity.
Some complicating factors such as the terrain,
building density or coastal obstacles can be taken
into account in additional correction factors in the
benchmarking which will be discussed in Section 6.
In this report we focus on methods that do not
use grid data but rather establish an idealised grid
system based on the location and power demand
of substations. We build upon the method recommended in [2], referred to as artiﬁcial grid based on
marginal power distance, and investigate two additional approaches based on a Minimum Spanning
Tree (MST) determined by Prim’s algorithm with
different weighting factors.
Note, that there are two possibilities to use
idealised grid methodologies that use the power
demand in the construction process. One can
either compute a new grid for each hour and demand distribution or build an artiﬁcial grid once and
populate the nodes with hourly demand values for
each calculation. We consider it the most objective
to create one idealised grid per DSO based on
representative demand, e.g. the hour of highest
demand, and use the same grid for each hourly calculation. Creating an idealised grid for each hour
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Figure 4.1.: Visualisation of nodes and edges of a tree.

not only drastically increases computation time but
would also not reﬂect the real situation where one
grid should be equipped to handle demand in any
hour.

4.1.1. Artiﬁcial grid based on marginal
power distance
The artiﬁcial grid method that was introduced in [2]
is an approach to build an idealised grid that accounts for the marginal increase in power distance
for each new connection.
To compute the idealised grid, the following
algorithm is used:
1. We identify the closest substation to any transformer station, and connect it to its transformer
station.
2. The closest unconnected substation - the free
substation - is identiﬁed.
3. All demand except the demand from the free
substation is allocated to the closest connected node (transformer station or connected
substation). The power distance of the system
is computed.
4. The free substation is connected to the node
where it increases the power distance by the
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least amount.

line length and power ﬂow. For the radial system
that is built, the power ﬂow is deﬁned by the sum
5. The algorithm repeats Step 2 to 4 until all subof demand of all nodes connected to the line.
stations are connected.
Step 3 is essential to incorporate the 𝛼-parameter
into the algorithm. The algorithm itself is a deterministic heuristic to ﬁnd a good approximation
for the ideal grid connecting all substations to the
transformer station(s), given an 𝛼. Since it is deterministic, it will always yield the same result for
a given set of data. Being a heuristic, it is one
approach to obtaining a result for which there is no
guarantee on global optimality.
A small example is shown in Figure 4.2, where
the nearest point to the transformer station (triangle) is connected ﬁrst, resulting in segment (1).
Sequentially, the second nearest point to the transformer station is considered. The connection point
is determined by the effect in power distance.
Therefore, it decides to connect directly to the
transformer station and form a separate branch, as
the high demand from that node is likely to have
a higher marginal power distance increase if connected to the node from the previous step. Finally,
the last node is connected to the the high demand
node. The marginal power distance increase in this
case would have been lower than the alternative
due to the shorter distance.

4.1.2. Prim's algorithm based on
euclidean distance
Prim’s algorithm tries to ﬁnd the MST of a subgraph, meaning that it ﬁnds a tree that connects
all nodes such that the total edge cost is less than
or equal to all other spanning trees. It is a greedy
algorithm, meaning that it tries to ﬁnd the local
optimum choice at each stage with the intent of
ﬁnding a global optimum.
The algorithm begins with one chosen node,
such as a transformer station, and in each iteration,
the tree is grown by one edge. The chosen edge to
be connected has the minimum cost among all the
edges that are not yet connected to the tree. The
cost of the edges in this case, represents the direct
distance between nodes.
The algorithm works as follows:
1. The transformer node is chosen as starting
point, initialising the tree of connected nodes.
2. The closest unconnected node from the tree is
selected, and connected to the closest point in
the tree.
3. The recently assigned node is added to the tree
of connected nodes.
4. Step 2 and 3 are repeated until all nodes are
connected and no free nodes remain.

Figure 4.2.: Connection steps using the Artiﬁcial grid
method.

Based on the artiﬁcial grid a power distance is
computed using a power ﬂow method. The method
determines the ﬂow on each line element of the grid
and calculates the power distance based on the
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To illustrate the algorithm’s behaviour, we use
Figure 4.3 as an example. The points in this small
network, are connected in the order shown. In every
step, a new connection is made based exclusively
on distance. Since demand is not taken into account, the high demand node is connected last,
where power travels longer distances.
Prim’s algorithm is greedy heuristic meaning it
considers the locally optimal choice at each stage.
For the same data and starting point it will always
yield the same result.
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ﬁes building a longer line. The algorithm follows
with connection step (2) and (3) under the same
principle

Figure 4.3.: Connection steps using Prim’s algorithm.
Figure 4.4.: Connection steps using the Prim demand
algorithm.

Based on the resulting grid the power distance
is computed. The ﬂow on each line is deﬁned
by the sum of transported power from all nodes
The mathematical properties for this method
connected to the line element.
are similar as for Prim’s algorithm based on distance. The algorithm will always yield the same
result with the same input data. After the grid has
4.1.3. Prim's algorithm based on
been built, the power distance is computed from
demand and distance
the length of line elements in the resulting grid an
the net demand of the connected nodes.
To capture different possible decision processes
when building a grid, we implement an algorithm
where new nodes are connected based on demand 4.2. Methods in the LVD grid
and distance. Therefore, as an extension of the
previously described method, we assume that the While the idealised grid methods proposed for the
cost of each edge is not dependent exclusively on HVD-grid could also be applied to the low-voltage
distance, but a combination of both distance and distribution grid, the sheer quantity of metering
demand as expressed in equation 4.2. This means points and resulting amount of data calls for the
that the algorithm will build a line to the node that analysis of alternative methods.
connects the most demand with the least amount
We therefore focus on methods that avoid usof km of line . The steps for the algorithm remain ing a grid - real or synthesised - altogether. Instead,
the same, and the only the edge cost is altered.
we investigate ways to compute a power distance
from the relative location of customers to substa𝐿𝑒𝑑𝑔𝑒
𝐶𝑜𝑠𝑡 = 𝛼
(4.2) tions. All proposed methods in the low-voltage
𝑃𝑛𝑜𝑑𝑒
distribution grid are based on simple metrics that
As with the other methods, we exemplify the can be directly derived from the location and power
behaviour of the algorithm through a small ex- demand of the ﬁnal consumers. We propose alternample consisting of three substations (square) and atives that consider the geographical distance, the
a transformer station (triangle). Starting from the angular distribution of demand and the density of
transformer station, the algorithm decides to con- customers around a substation.
A ﬁrst approach that considers the distribution
nect the node with highest demand even though
there are nearer points. The higher demand justi- of power demand was introduced in [2]. In this
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report we revisit the so-called statistical power disThe Euclidean distance considers the line
tance and introduce two alternative methods. Note length between each individual customer, thus with
that we will refer to the statistical power distance one metering point per line. In other words, no
as angular proximity in this report.
points are connected with lines going through other
points, and this separates the method from a gridbased approach.
The power distance calculation with this metric
4.2.1. Power distance based on
is
straight-forward,
as there is one line per metering
Euclidean distance
point. Therefore, the power distance as presented
As a ﬁrst approach of calculating the power dis- in Equation 4.1 is used directly per metering point.
tance in the LVD grid, the power distance based
on the Euclidean distance between substation and
4.2.2. Power distance based on
connected metering points is investigated. A visual
representation of the Euclidean distance is shown customer density
for a simple test case in Figure 4.5, where metering The power distance based on customer density is
points (circles) are connected to the central substa- another approach to calculate a power distance
tion (square).
parameter without actual grid data. The mathemMathematically, the Euclidean distance 𝑑 atical description of the customer density-based
between two points 𝑝1 and 𝑝0 with coordinates power distance for a substation 𝑠 for one hour 𝑡
(𝑥0 , 𝑦0 ) and (𝑥1 , 𝑦1 ) is expressed as
during the year can be written as
𝑑 = √(𝑥1 − 𝑥0 )2 + (𝑦1 − 𝑦0 )2

𝑁

(4.3)

𝛼
𝑃𝑑,𝑠,𝑡 = ∑ 𝑃𝑛,𝑡
⋅ √𝐴𝑠

(4.4)
𝑛=0
It is merely the length of the straight line
between the two points 𝑝1 and 𝑝0 . For the power
which is a sum over all 𝑁 metering points
distance, this is therefore the shortest straight line around substation 𝑠. The power demand of cusbetween the metering point and the substation.
tomer 𝑛 is denoted 𝑃𝑖 , where all customers around
substation 𝑠 are enclosed in the region with surface
area 𝐴𝑠 . The second term in the above expression can be interpreted as an average line length
per customer, since the square root of a surface
area results in a length measure 1 . Further, the
entire expression can therefore be interpreted as
one customer connected to each substation. This
customer would have the demand of all metering
points connected to the substation, located at a
area-weighted average line length from the substation.
The customer density is a measure of the number of customers within an enclosed surface area.
Naturally, the speciﬁc geometry chosen for the
surface area affects the power distance parameter.
Therefore, a circular geometry has been compared
Figure 4.5.: Schematic representation of Euclidean
distance for the test case.
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1

The square root of an area with unit 𝑚2 is a length with unit
𝑚
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(a) Customer density with circular geometry.

(b) Customer density implemented with a polygon.

Figure 4.6.: Customer density for different geometries.

to a polygon connecting all customers. The comparison of geometries is shown for a simple test
case in Figure 4.6. The circular geometry is sensitive to outliers, as the radius of the circle is determined by the outermost metering point. For
substation areas with such outliers, the polygon
is a better representation of the covered area for
the substation, as the polygon connects all points
to its outer edge. The polygon will also be more
representative for areas with clustering of metering
points in only one quadrant around the substation,
e.g. if metering points 6, 7 and 8 were the only
metering points around the test substation from
Figure 4.6b. In further analyses we therefore focus
on the use of a polygon for computing the customer
density based power distance.
The circular geometry would be reproducible
regardless of starting point, as the radius would be
equal to distance from the substation to the outermost point. For the polygon, however, the starting
point will inﬂuence the ﬁnal shape. To exemplify
this, consider Figure 4.6b. All points are connected
in a counter-clockwise order, starting at point 4.
However, if point 7 would have been chosen as the
starting point, the enclosed area would have been
larger as the outer edge would include a connection
between point 7 and point 4. To overcome this, the
polygons are drawn through the following steps:
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1. Points are sorted by angle 𝜃𝑠 ∈ [−𝜋, 𝜋) in
a counter-clockwise order around the substation. Here, 𝜃𝑠 is the angle between substation
and metering point with coordinates in the UTM
32 coordinate system.
2. Identify the largest angle between two consecutive points. In Figure 4.6b, this is between
points 7 and 4.
3. The point in the counter-clockwise direction
of the largest angle is chosen as the starting
point. This is point 4 in Figure 4.6b.
4. The polygon is then draw in a counterclockwise order.
In this way, the polygons are both reproducible,
and not overlapping.

4.2.3. Power distance based on angular
proximity (statistical power
distance)
The third option that will be investigated in this
report is the method that was introduced in [2]
as the statistical power distance. The motivation
for this method is the concept of angular proximity, which in a grid system translates to: customers that are located at the same angle from a
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substation are more likely to be supplied through
𝑃𝑑𝑖 . Here the 𝜎 parameter deﬁnes the width
the same connection as opposed to customers
of the distribution and thereby the angular distance between two demand points at which
that are spread out around a substation who will
need multiple lines. This is visually represented in
building one line becomes more economical
Figure 4.7. For the example a) where customers
than building two lines. We use 𝜎 = 1/𝛼 = 2.5.
are spreading two angles from the substation, two
4. The individual distributions per metering point
lines would be needed while in case b) at least 6
are added to create a continuous demand
lines would be accounted for. In the simple test
distribution around the substation 𝒟(𝜃) =
case, illustrated in 4.8, the method would imply an
𝑘
∑𝑖=0 𝒩(𝜃𝑖 , 𝜎)
easier task of supplying nodes 2,4 and 5 as they are
located at a similar angle to the substation. Com- 5. The integral over the distribution (all angles
puting the demand distribution and ultimately the
from −𝜋 and 𝜋) to the power of 𝛼 gives
angular proximity power distance is a purely statthe demand distribution based power distance
istical approach that only takes the geographical
around the substation
coordinates and demand per customer as input.
𝜋
1
The angular proximity based power distance is
𝒟(𝜃)𝛼 𝑑𝜃
𝑃d = 1−𝛼 ∫
𝜎
𝜃=−𝜋
computed in the following steps:
1
The scaling factor of 1−𝛼 is used to ensure
1. For every metering point 𝑖 within one area
𝜎
the distance (𝑑𝑖 ) and angle (𝜃𝑖 ) to the origin
that the standard deviation only affects the
(substation) is calculated. The radius is the
overlap of distributions and not the total area.
euclidean distance between node and substaThe approach can be described in more detail
tion, equivalent to what was presented in Equawhen a test case is considered. Figure 4.8 shows
tion 4.3.
the input for the statistical methodology. For each
2. The distance between metering point and ori- node the geographical coordinates deﬁne the posgin is multiplied with the metering point de- ition and the demand per node determines the size
mand (𝐷𝑖 ) to obtain a linear power distance: of the bubbles.
𝑃𝑑𝑖 = 𝑑𝑖1/𝛼 ⋅ 𝐷𝑖 . The radius is scaled down
by the cost-scaling parameter to avoid double
counting in step 5.
3
3. For each metering point a normal distribution
𝒩(𝜃𝑖 , 𝜎), with the standard distribution 𝜎, is created and scaled with the linear power distance

4

5

2

1
0

6
7
(a) Easier task

(b) More diﬃcult task

Figure 4.7.: Complexity of the LVD task.
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Figure 4.8.: Input for the angular proximity power distance calculation based on the test case. Size of
bubbles shows demand per node
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power distance distribution [𝑀𝑊 𝛼 𝑘𝑚]

Following step 3 in the process description a
scaled normal distribution of the power distance
is calculated around the angle of each node. The
individual distributions are visualised in Figure 4.9.
The colours of the curves correspond to the colour
coding of nodes in Figure 4.8 and serve as a guide
to the eye. Overlaps in the individual distribution
symbolise angular proximity between two nodes.
In this approach, we argue that it is more eﬃcient
to serve nodes that are in angular proximity – i.e.
show overlaps – with one strong line rather than
two individual lines.

imity method will be the same as for the euclidean
distance. There will be no overlap of distributions
implying that each customer has to be supplied
with an individual line. When 𝜎 is increased, the
distributions are broadened. Hence, distributions
overlap more easily. Overlapping distributions are
then further considered an easier task for the DSO
than non-overlapping distributions. However, applying 𝛼 to the distribution results in a larger area
under each individual distribution for an increased
sigma. To ensure comparability between methods
even when the standard deviation is increased, the
total area has to be scaled.

50

4.3. Combining parameters for
LVD and HVD grid
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Figure 4.9.: Normal distribution at each node adjusted
for the cost-scaled demand per node (𝑃𝛼 ) and the
radius

While we treat the low-voltage distribution grid
and the high-voltage distribution grid with separate
methods, the DEA benchmarking should account
for the entire grid system. In reality the two grid
levels are connected and grid companies are responsible for operating the system as one.
The current DEA output variables only account
for infrastructure in the high-voltage distribution
grid. It has been argued that that this approach
disincentivises an eﬃcient operation of the lowvoltage grid. As an example, the installation of
400 V power lines in the LVD allows to build longer
lines with lower grid losses, thus being an eﬃcient
investment. Such an investment may, however,
decrease the output of a company as longer lines
in the LVD grid require shorter lines in the HVD grid
and potentially less substations.
An aim of introducing new output variables is
to objectively account for a grid company’s task
and the associated cost in all grid levels of the
distribution grid. We therefore, analyse methods
to combine the power distance results for the LVD
and HVD grid. For this purpose, we propose four
different approaches:

When the individual distributions are summed
to a continuous distributions the area equals the
sum of linear power distances to all customers.
When the scaling of 𝛼 is applied the area under
overlapping distributions is reduced compared to
distributions of individual customers. The last step
calculates the area under the combined continuous
distribution through an integral.
1
The scaling factor 1−𝛼 is needed because the
𝜎
area under the distribution will change with the
choice of 𝜎. If the standard deviation 𝜎 is chosen
1. Sum of power distances on both grid levels
to be so low that the resulting distribution has an
inﬁnitely low width the results for the angular prox- 2. Computing an integrated parameter
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3. Separate power distance measures in the DEA
4. One method for the entire system
Sum of power distances on both grid levels A
simple approach to combine grid levels is using
the sum of the power distance in the LVD and the
HVD grid. The power distance of the grid system
is then calculated as:
𝑃d = 𝑃d,HVD + 𝑃d,LVD

(4.6)

Computing an integrated parameter Alternatively an integrated approach where the low-voltage
power distance per substation is used as an input
to the calculation in the high-voltage grid can be
calculated as follows.
𝛼
𝑃d = ∑ 𝐿𝑒 𝑃d,LVD𝑒

4.4. Energy distance - Power
distance on yearly level

(4.5)

An additional scaling or weighting can be applied to
reﬂect the differences in incurred costs in the HVD
and LVD grids.
𝑃d = 𝛽 ⋅ 𝑃d,HVD + 𝛾 ⋅ 𝑃d,LVD

tance.
For both cases a weighting of length for different grid levels may be applied to reﬂect different
unit costs.

(4.7)

∀𝑒

Separate power distance measures in the DEA
Another option to account for both grid levels is to
introduce two separate output variables in the DEA
model, one based on the LVD power distance and
one based on the HVD power distance.

The methods to calculate a power distance parameter introduced in Section 4 can be applied to net
demand data for each hour within a year. Alternatively the hourly demand data can be aggregated
to an annual value prior to calculating the power
distance. For the DEA approach, we need a selection of one or more parameters describing the
task of the grid companies throughout the whole
year. Selecting one individual hour might not be
representative of or describing the task of the grid
company, while on the other hand it would not be
eﬃcient or necessary to account for all 8760 hours
in the year.
In this chapter, we will discuss how a power distance parameter can enter the DEA benchmarking
used for the income regulation of grid companies in
Norway through annually aggregated parameters.
We revisit some of the challenges with aggregating
the hourly power distance into a yearly energy distance as described in [2], and introduce additional
metrics.

One method for the entire system We mention
that all introduced methods can be applied to both
grid levels. It is possible to use a synthetic grid 4.4.1. Cost drivers in the distribution
method both in the HVD and LVD grid, combine the
grid
resulting grids and compute the power distance in
the complete system.
The choice of annual benchmarking parameter(s)
should reﬂect the task of grid companies and thus
(4.8) the cost drivers that a grid company is exposed to
𝑃d = ∑(𝐿HVD𝑖 + 𝐿LVD𝑖 ) 𝑃𝑖𝛼 ,
∀𝑖
in the distribution grid. A DSO has the obligation
Alternatively, the complexity of such a method to cover the demand of customers in the grid at
could be reduced by using a weighted average dis- all times. Consequently, the grid company has to
tance to customers under each substation. After build and maintain a grid that is able to serve its
building an idealised grid in the high-voltage level, customers/demand at all hours - even the hour with
the determined length per substation can be added the highest load. Any outage will incur additional
to the grid system when calculating the power dis- costs in the form of Cost of Energy Not Supplied
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(CENS) to the grid company. In the future, a grid
company serving the distribution grid needs to accommodate changes in customer patterns that are
likely to lead to higher peak loads due to new types
of demand, feed-in from distributed residential generation and electriﬁcation of several sectors such
as onshore and offshore transportation.
The required grid infrastructure to supply customers in the distribution grid incurs high costs for
the DSOs. The costs that a grid company faces
can be broadly divided into ﬁve categories: Investment costs, cost of energy delivered, administrative costs, cost of losses, and CENS. The overall
cost is directly related to the power and energy
supplied but each cost component has different
driving factors.

average energy within a year might have entirely
different losses. The grid losses also scale with the
distance and depend on grid properties.
CENS: The cost of energy not supplied or KILE
in Norwegian, reﬂects the socio-economic cost of
an outage. Each outage incurs costs to the grid
companies.

4.4.2. Yearly power distance metrics

In previous reports different methods for yearly aggregation were analysed. We revisit the metrics of
maximum and mean and introduce percentiles as
a lone standing metric or to estimate variability. To
conclude we discuss the implications of applying
the yearly aggregation on demand data or power
Investment costs: These costs represent the distance results.
total investment in grid infrastructure that is
Maximum value: The maximum value, referred to
needed to supply instantaneous power to its
as ∞-norm in earlier work, reﬂects the largest value
customers. If an area has a high peak demand,
for each node and/or each hour. In the context of
the power grid has to be built to cope with that
DSO regulation, the maximum value can be interdemand regardless of the total energy delivered
preted as being proportional to the required investwithin a year. If an area has a high density of
ment to equip a grid that can supply all customers
vacation homes, they might be faced with high
in all hours. Based on the provided data this can be
demand in weekends and holidays, while the total
interpreted in different ways:
annual energy consumption is quite low.
The hour of maximum demand: For each hour
Operational cost: The operational cost, is driven
the demand of all nodes in the system is
by total energy delivered in a grid. It includes need
summed and the hour of highest total demand
for staﬃng and maintenance.
selected. In the calculation of the power disAdministrative costs: This includes costs retance the demand for each node is given by the
lated to performing administrative tasks, such
actual demand in the hour of maximum system
as customer service, invoicing, etc. These are
demand. This reﬂects the worst case situation
costs related to the number of customers served
in the given year.
in the grid area, that comes in addition to the
The maximum demand per node: For each
cost of delivering energy. This cost is described
node the maximum demand in the year is idenseparately from the power distance approach as
tiﬁed. The maximum system load would then
two companies who deliver the same amount of
be the sum of maximum demand for each node
energy, over similar distances to different amount
irrespective of whether these peaks occurred
of customers will have different tasks to cover.
at the same time in reality. For the power
Cost of losses: The losses in a power system are
distance calculation the demand at each node
quadratic to the energy delivered in a grid. As
is deﬁned by its maximum demand. Such a
a result, losses increase quadratically with power
metric reﬂects a theoretical worst case scentransferred, and two grids facing the same total or
ario under the assumption that all customers
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may experience their peak demand at the same
time. It does not reﬂect a real occurrence in
the analysed year but rather the need for a
grid system to be dimensioned in case such a
situation occurs.
The hour of maximum power distance: While
the ﬁrst two metrics propose aggregating demand to one yearly value before calculating
the power distance, an alternative is calculating
the power distance for each hour. The output
parameter would then be the highest power
distance in the analysed year. Note that the
hour of maximum demand and the hour of maximum power distance do not have to coincide.
Similarly, the power distance calculated with
the hour of maximum demand may be lower
than the maximum power distance. Since the
power distance also accounts for distance to
nodes, customers with high load close to a
transformer station will have larger impact on
the demand than on the power distance. As
the hour of power distance reﬂects a real occurrence, it will be lower than the metric of
power distance based on maximum demand
per node.
Mean or sum value The mean value, also referred to as 1−norm in [2], describes a normal instance. For relative comparison of grid companies
the total and the mean demand are the same, the
only difference being a scaling factor of number of
hours in the analysed period (8760 for one year).
The 1−norm reﬂects operating a grid under average
conditions and is suggested as a proxy for operational expenses.
Mean demand: For each node the mean over
all hours is considered. The power distance is
then computed with the average demand per
connection point. Note that, the hour of mean
demand is not an option here as the mean
demand, unlike the median, will not be reﬂected
by a speciﬁc hour in the dataset.

distance can be calculated. It was shown in [2]
that the calculation of power distance based on
mean demand per node and the mean power
distance yield similar results.
Percentile value A percentile is the deﬁned as the
value below which a percentage of data falls. For
demand data the 75th percentile reﬂects a level
below which the demand lies in 75 % of hours. The
maximum demand is a form of percentile, namely
the 99th percentile or the value which is higher than
99% of hours. The closer the selected percentile is
to the maximum or minimum, the more extremes
and potentially outliers are weighed in. While the
maximum demand describes a situation where the
grid needs to be equipped to withstand the simultaneous occurrence of peak demand from all
nodes, a lower percentile indicates lower requirements on reliability. The probability of all nodes
experiencing their maximum load at the same time
may not be a realistic factor for dimensioning a
grid. The 75th percentile instead allows for some
margin of individual nodes experiencing higher or
lower demand. We propose two possibilities to use
a percentile metric:
Percentile demand: For the power distance
computation the selected percentile demand
per connection point is used. Similar to the
maximum demand per node, the percentile per
node does not reproduce a real occurrence. It
reﬂects a theoretical situation where the demand is at level of the selected percentile for
each node.
Percentile power distance: Similar to the other
proposed metrics, the percentile can also be
determined from hourly power distance results.

Variability - percentile delta Any yearly aggregation, be it based on mean, maximum or percentile
will reﬂect the task of grid companies to be a supply
of total energy over the course of the analysed
period. Using the demand or power distance on
Mean power distance: If the power distance yearly level will not account for variability of deis computed for each hour, the mean power mand between hours. To reﬂect grid losses, the
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instantaneous power ﬂow determined by the load
proﬁle of customers are an important factor. We
introduce a delta of percentiles as a simple measure to reﬂect variability. The difference between the
mean and the 75 percentile describes a range of
demand. The larger the variability of demand, the
larger this range will be.

decisions and cost drivers when calculating the
power distance as a DEA output parameter. To
incorporate different decision drivers when using
the HVD methods, it is possible to use different
metrics for building the grid and for calculating
the power distance. As an example, using the
maximum demand value experienced at each node
to create an idealised grid may reﬂect the required
investment decisions needed to equip the grid for
4.4.3. Further considerations
peak demand operations. Additionally, operational
costs can be introduced in the calculation by using
Aggregation of demand or power distance In
the previous section different methods to obtain the mean demand when computing the power
a mean, maximum or percentile metric were distance based on the built grid. In this manner,
two decision drivers are included, providing a more
discussed. Generally, two possibilities exist:
holistic view on the task of delivering power for the
using an aggregated metric of demand and
grid companies.
computing the power distance once
calculating power distance on hourly level and
aggregating the results to a yearly value.
The option of computing the power distance based
on aggregating data prior to the calculation will
reduce the computation time substantially. It requires one calculation per grid company instead
of 8760 for each grid company. However, the
reduction of computational effort should not come
at the expense of output quality. For the mean,
the results are stable when using either method.
The maximum and percentile metrics can lead to
larger differences. Especially when a maximum
or percentile per node is considered. In this case
the maximum or percentile of power distances will
be lower than the power distance calculated from
the nodal values. It is a question of interpretation
which metric better reﬂects the incurred costs. The
maximum or percentile of hourly power distances
reﬂects an actual situation but may underestimate the required grid dimensioning while the nodal
demand metrics may overestimate needed investments.
Choice of metrics in the HVD grid In the HVD
methods, demand is used for both, building the
grid and calculating power distance2 . This offers
the possibility to reﬂect different investment
2

applies to Prim demand and artiﬁcial grid method
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5. Results
In this chapter, the overarching results for both,
the high- and low- voltage distribution grids are
presented. For the high-voltage grid, the results are
divided in two parts, the resulting idealised grids
from the methods discussed in Section 4.1, and the
power distance calculations based on the obtained
grid systems. Additionally, some sensitivities are
performed to demonstrate the effect of choosing
different metrics as input parameters. In a second
part, the results for the LVD grid based on the
methods introduced in Section 4.2 are discussed
for every grid company. In the last part, different
aggregation methods for the results in the two analysed grid levels are discussed. In this part, the aim
is to highlight the implications of the aggregation of
results to obtain a single output parameter versus
the use of two different outputs for the use in the
DEA model.

5.1. HVD Methods
The results in this section are divided in two parts:

was proven in [2], replicating the real grid or building
a meshed grid is not feasible due to computational
and data challenges. Therefore, the methods aim
at building an idealised radial grid that represents
the minimum requirement of delivering power to
every customer. The way the network is built ultimately affects the power distance results, as it
determines the path power must travel to satisfy
the customers’ demand.
To begin building a grid, several parameters
need to be deﬁned before applying the methods.
This involves choosing the demand at each node
to build the grid and assigning the substations
to a speciﬁc transformer station. As shown in
Figure 5.1, this results in a matrix of possibilities
for the process of building a grid. To establish a
reference case, the methods for building the grid
are compared while the other dimensions are kept
constant. Those elements highlighted in blue from
Figure 5.1 represent the selected parameters for
each dimension. In Section 5.1.3 further sensitivities are carried out to determine the effect of
choosing other parameters.

1. Resulting grid from the idealised grid methods.
Under the assumption that the real grid is built
2. Power distance results based on the idealised
to withstand peak behaviour, the reference case is
grids.
built using the net maximum demand/generation at
Although the power distance calculations are
each substation. Note that when building the grid,
dependent on the built grid, different parameters
the net generation value is treated as an absolute
can be varied when calculating each of the aforevalue to reﬂect the grid’s capability to handle net
mentioned items. For clarity, the results from each
peak generation. Regarding the licensing area,
are discussed separately.
the substations are assigned to the transformer
that is geographically closest1 . After ﬁxing these
5.1.1. Resulting grid from the HVD
parameters, the reference case is fully deﬁned. The
results in these sections, therefore, refer to the
methods
As discussed in Section 4.1, three methods are
used in building a synthetic grid that would represent the HVD network for every grid company. As
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1

To determine which transformer is geographically closest,
a straight line is drawn from the substation to all transformers. The shortest line determines to which transformer the substation is assigned to.
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Figure 5.1.: Matrix of possibilities when building a synthetic grid consisting of three dimensions with variable
parameters. Values highlighted in blue are used for the analysis of results in this subsection, while the others are
discussed in Sections 5.1.3 and 5.1.4

reference case.
As will be shown later, from the two varied dimensions, the location of substations and their distribution around transformers is the most sensitive
parameter, and the demand used to build the grid
will not yield signiﬁcant differences in the results
for the analysed grid companies.
Particularly, this section attempts at answering
the following questions:

all the customers, and therefore the line length
accounted for in the methods will be just a fraction
of the real line length. This difference is expected,
as the synthetic grid does not capture meshes or
parallel lines in the network nor does it account for
any geographical barriers that would justify lines
to be built through longer paths. Additionally, the
line lengths in the real grid include ineﬃciencies
that arise from building the grid, as information on
future grid requirements are challenging to predict.
How does the line length of the built grid comWhat is important, then, is consistency in estimpare to the line length in the real grid?
ated line lengths across companies and methods.
Is the ratio of accounted line length consistent
The results for this metric can be compared
among the methods and analysed grid com- across two parameters:
panies?
Across companies, it is observed that the total
What are the properties for each method’s resline length for Mørenett is the highest, as
ulting grid?
shown in Figure 5.2. This is an interesting
result when comparing against the real values, where Glitre has the highest reported kiloHow does the line length of the built grid
metres of line in the HVD grid. For Jæren and
compare to the line length in the real grid?
Klepp, the same ranking between real and synWhen using the different methods proposed for
thetic values is observed, where Jæren ranks
the HVD grid, the aim is not to build an exact
higher than Klepp. An important result in this
representation of the real grid, as this would reanalysis is the consistency of estimated line
quire additional data not available for all the grid
lengths for all companies and methods. This
companies and would entail higher computational
means that across the methods, the total line
requirements [2]. As discussed, the aim is to build
length order between companies is the same:
the minimum grid necessary to supply power to
Mørenett > Glitre > Jæren > Klepp. This poten-
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tially indicates that the choice of method will
not change the outcome signiﬁcantly.
Across methods, the shortest line lengths
are observed in the Prim distance grid and
the largest line lengths in the artiﬁcial (or
power distance based) grid. The Prim demand
weighted algorithm yields results between the
two other methods. This behaviour is consistent between all companies. The results can
be explained by analysing the cost minimisation goal of each method, which are summarised in Table 5.1. From this, it is reasonable
that the shortest line lengths are obtained with
the Prim distance method, as it minimises the
grid’s total line length. On the other hand, the
artiﬁcial method seeks to minimise power distance, meaning that the resulting grid will have
more branches that may increase the grid’s
total line length. The Prim demand method
ranks between the other two because it shares,
to some degree, the objective of Prim distance.
However, some longer connections can arise
due to the introduction of demand in the edge
cost. These behaviours ultimately determine
the properties of the resulting grids for each
method, which are further discussed in Section
5.1.1.

Is the ratio of accounted line length consistent
among methods?

Figure 5.2.: Resulting line lengths for the reference
grid

Figure 5.3.: Accounted line length for each company
based on data reported for the DEA model in 2018

companies may indicate geographical challenges
of building an ideal grid in a given area and the
degree of meshes present in the real grid. As when
comparing total line lengths, the methods yields
consistent ratios among companies. This means
that the ranking among companies remains the
same for all methods, and one does not yield a
higher value than the other such that the ranking
is altered.

To determine how much of the line length accounted for in the methods, the ratio between the line
length from the synthetic grid and the real line
length is estimated2 . The results for all companies
and for all methods are visualised in Figure 5.3.
As can be observed, for Glitre and Jæren, a similar
ratio is estimated in all methods. The lowest ratio
corresponds to Klepp and the highest to Mørenett.
Overall, for all methods and companies, the line
What are the properties for each method's
length in the idealised grid systems are 52 to 74 %
resulting grid?
of the real line length. The ratio estimated for the
2

The real line lengths are based on reported values for the
DEA model in 2018.
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Prim distance: the grid built through this method
results in long central lines with few, small
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branches. As demand is not taken into considconnections that arise in the real grid shown in
eration, it could lead to power carried through
C.3.
longer distances and therefore resulting in
higher power distance values. This behaviour
can be observed in the test case introduced in 5.1.2. Power distance results based on
4.3, and in the real grid shown in C.1.
the built grids
Prim demand: the resulting grid through this
method includes long segments that arise
when a node’s demand is large enough to justify a direct connection. This would follow the
logic that large customers are connected ﬁrst.
As in the example shown in 4.4, when a high
demand node exists, the algorithm will seek
to connect it ﬁrst if the cost of km per served
demand is the lowest among all the other possible connections. This leads to some long
lines which can be more clearly shown in the
real grid from C.2.
Artiﬁcial grid: This method is characterised by
the higher amount of branches present in the
network to distribute the effort of delivering
power between lines. This decreases the
power distance results, as less power has to
ﬂow through larger distances. However, the
inclusion of more branches leads to higher total
grid length. Using the example in Figure 4.2,
the appearance of branches is more common
to reduce the total power distance effect. This
behaviour can be noticed when observing the

After a synthetic grid has been built, the power distance for the grid companies in the HVD grid can be
calculated. The synthetic grid does not represent
nor tries to replicate the look and limitations of a
physical system, rather serve as a representation of
distance power must travel to satisfy the demand
at each node. To achieve this, the use of a single
line is suﬃcient for representation. Independently
of whether two lines or more are built in parallel,
the distance the power travels is the same, and this
is captured when calculating the power distance.
Using Figure 5.4, we illustrate how the grid is used
to calculate the power distance output. Demand
at each node determines how much power ﬂows
through each segment. In this case, the thicker
lines indicate more power ﬂowing across the same
distance. Take, for example, line (1). Through
this segment, power consumed by all nodes has to
travel the same distance, totalling 5 MW. Similarly,
for every segment, a ﬂow is determined based on
the demand of the connected nodes. Together with
the segment’s length and the calculated ﬂow, Equation 4.1 is applied, and the total power distance is

Table 5.1.: Cost minimisation goals for the proposed HVD methods
Grid Building Method

Cost Minimisation Goal

Decision Driver

Prim distance

In every step, connect the closest node
to minimise total line length in the grid.

Prim demand

In every step, connect the line that
serves the most demand per km of line
to minimise the total cost in the grid.

Considers distance as only decision
driver, i.e. that the distance for building
a new line would require less land
preparation, cable length, etc.
The cost of connecting new demand.
Considers that it might be cheaper to
build a direct line to a new substation
with high demand instead of reinforcing
existing lines.

Artiﬁcial grid

Connect the next closest point to the
transformer such that power distance is
increased the least, yielding a grid with
the minimum power distance.
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Connection depends on power ﬂow
studies, which would reﬂect concerns on
voltage drops, losses in the grid, power
quality, etc.
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Average or mean demand: intended to reﬂect the
operational costs and average effort of operating the grid. This parameter is calculated
as the average demand experienced at each
substation.
Percentile demand: intended to represent the effort of supplying 75 % of the demand experienced at each substation, and is calculated
based on the 75th percentile from all hourly
demand values at the substation.

Figure 5.4.: The demand at each node determines the
power that must ﬂow across a certain distance. The
lines in the grid serve as a representation of this path.

determined as the sum of power distance per line.
Based on the results obtained in [2], where the
use of different aggregation methods was investigated, one demand value per substation was selected for the whole year as input to the power distance calculations. Therefore, only one value per
grid is obtained, instead of calculating the power
distance for every hour and then aggregating the
results. As discussed in [2], averaging the total
demand before power distance calculations yields
similar relative results, and reduces the computational effort when calculating the yearly output
parameter.
Therefore, a value for demand must be selected for every substation. The selection of the demand will consequently affect the results between
the different companies, as they would reﬂect different costs and efforts of operating the grid as
discussed in Section 4.4. Therefore, we explore
three options when calculating the power distance:
Maximum demand: intended to reﬂect the investment costs to operate the grid. It represents
the maximum demand experienced at each
substation which the grid should be able to
satisfy.
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As a reference case, the mean demand at each
substation is used to capture the operational costs
and the average effort of satisfying customers’ demand. We argue that the investment cost is reﬂected by the grid layout which is based on maximum
demand per substation. Sensitivities regarding
the demand used for calculating power distance
are analysed in Section 5.1.4. The results for all
methods are summarised in Figure 5.5. Consistent
with line length results, Mørenett has the highest
output in the power distance calculations, meaning
that it has a more challenging task of supplying
power to its customers. The lowest estimated
power distance is for Klepp, which is consistent to
its size when compared to the other companies.
Jæren has a slightly higher output than Klepp, and
Glitre’s results are slightly lower than Mørenett’s.
The correlation to the ranking in estimated line
lengths suggests that the length is an important
factor for the power distance calculations.
How do power distance results compare in
relative terms?
The power distance calculation involves the use of
total line length and demand per substation (which
is to some extent determined by the number of customers). Therefore, the parameters of line length,
number of customers and number of substations
are compared against the power distance results.
This is done to observe how the ranking between
companies could potentially change with the introduction of the power distance as a new output
parameter. Figure 5.6 shows the relative results
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5.1.3. Sensitivities when building the
grid
Used demand to build the grid

Figure 5.5.: Power Distance results using mean demand at the substations for the reference grid (Grid
built using maximum demand and substations assigned to the closest transformer

Figure 5.6.: Relative results for all grid companies
based on power distance results using mean demand
at each substations for the reference grid

for all grid companies for the reference case. The
results are normalised using the maximum value
in each parameter, and only displayed for the Artiﬁcial grid method, as the results and rankings
are similar across the methods. The results show
that even though Glitre is the largest company in
terms of served demand, number of customers,
substations, and total line length, it scores lower
than Mørenett, which appears to have the most
challenging task among all companies according
to the power distance calculation. Jæren and Klepp
maintain their relative ranking when only the power
distance is used as a comparison variable.
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We introduced three methods to build an idealised
grid in the HVD network. Two of these methods,
the artiﬁcial grid method and the Prim demand
algorithm, use net demand data in the process of
building the grid. The third method to create a grid,
the Prim distance, is independent of demand and
uses only information on geographical locations.
For those processes that account for the demand when building the grid, it is crucial to assess
which value for demand per substation should be
used. Theoretically, the hourly demand of each
substation can be used to build one grid per hour.
The power distance would then be calculated on
a new grid every hour of the year. We argue that
such an approach, where the grid is different when
supplying power for every hour, does not reﬂect the
operations in the real grid. Building one grid per
hour would decrease the stability of methods as
well as the transparency and intuitiveness of the
computation. In addition, computational intensity
increases signiﬁcantly when more than 8000 grids
have to be created for every grid company each
year.
Thus, we want to propose a method that only
requires one grid to be built per company per year.
In the results shown in Section 5.1.1, we used the
maximum demand per substation throughout the
year as an input.
As mentioned, the motivation to use the maximum demand is to reﬂect that the task of a grid
company is to supply the demand of all customers
in every hour. Note that this is not the same as
the hour of maximum demand for the entire grid
system. The demand peaks of customers may not
have coincided in the analysed year, but in theory
the grid should be able to cope with a situation
where they do.
To analyse the impact that the choice of demand has on the idealised grid and the resulting
power distance, we investigate building grids using
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two alternative measures for the demand.
Firstly, we use the mean demand of each customer, which equals the mean demand of the system, to reﬂect a situation of normal operation.
Secondly, we use the 75th percentile demand for
each customer, this metric resembles the maximum per customer but may be more robust as it
reﬂects that in 75% of instances the demand was
lower than the given value. The choice of percentile
value can be interpreted as a reliability factor – by
using the 75th percentile it is implied that the grid
companies’ task is to reliably supply customers
in 75% of cases, the other 25% are exceptional
situations for which the grid does not need to be
equipped. A higher percentile value would thus be
closer to the total maximum and to a 100% reliable
system.
Figure 5.7 summarises the results when using
different demand metric for building the grid. Results for the Prim distance method are not shown,
as it is independent of demand. They show that
the used demand has very little effect on estimated
line length. This indicates that the determining
factor when building the grid is more related to how
the points are distributed across an area and how
the demand at each node compares to those of
its surroundings. Take the example of two nodes,
in which maximum demand experienced in node
1 is higher than that of node 2 and the distance
to the existing grid is the same. If the grid is
built using Prim demand, for example, node 1 is
connected ﬁrst as it serves more demand per km
of line. If the mean demand was to be used, the
same connection would be made if the relationship
is kept. In essence, if the mean demand of node
1 is larger than the mean demand in node 2, the
algorithm would connect node 1 as it also results
in the most demand per km served. The difference
in connections when using the different demand
will arise when these relationships in close nodes is
altered, i.e. if node 2’s demand value is higher than
that of node 1. Additionally, it is observed that in
the instances where the conﬁguration changes, the
resulting line length is not largely affected due to
the slight difference between connection options.
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This is particularly true when the substations are
almost equally distributed across a geographical
area.
Transformer assignment
The idealised grid methods use one transformer
station as a starting point and iteratively connect
substations. In a grid system with multiple transformer stations this will result in one radial grid per
transformer. The total power distance of a DSO
would then be the sum of the power distance in all
sub-systems. Therefore, it is important to deﬁne
how substations are linked to transformer stations.
This choice has the potential to affect the idealised
grid and in turn the total power distance of the
system.
To approach this issue, we consider two alternatives. The ﬁrst method, which was applied to the
computations shown in 5.1.1, assigns each substation to the closest transformer. The implementation of this approach involves calculating the direct
distance of each substation to each transformer to
determine the shortest path.
As a second alternative, we consider using
a co-optimisation process where idealised grids
from all transformer stations are built simultaneously until all nodes are connected. To implement
this, we simply use the deﬁned methods as in Section 4.1, where all transformer stations are set as
starting points, instead of just one.
The difference between closest assignment
and parallel assignment is illustrated in Figure
5.8. In this example, three substation lie between
two transformer stations. The image on the top
shows the substations assigned to the closest
transformer. In which case the blue substations
is connected to the transformer station on the left
forming Subgrid 1. The remaining two substations
are connected to the transformer station on the
right (Subgrid 2). The closest assignment constrains the blue coloured substation to connect to
Subgrid 1, leaving only one connection possibility.
When the constraint is lifted, as is shown on the
image below, a new solution becomes available
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Figure 5.7.: Resulting line lengths for all grid companies and methods when using different demands for building
the grid

that is more eﬃcient for the system as a whole.
Therefore, the chosen connection for the blue substation in this case is to Subgrid 2, which reduces
the total system length by 2 km.
In the parallel assignment the global optimum
is considered when creating the grid, and the substation assignment is done intrinsically. Assigning
the substations to a transformer before building the
grid, as is done with the so-called closest assignment, limits the set of points a substation can be
connected to. This can result in longer lines built
to satisfy these constraints. Essentially, through a
parallel assignment these constraints are removed,
and consequently more eﬃcient options become
available.

Figure 5.8.: By removing constraints through a parallel

In a similar manner, customers in the low- assignment, the system has more options to determvoltage grid need to be assigned to a substation ine the minimum system cost. The behaviour shown
before a power distance is calculated and would in this example, represents that of the Prim distance
method.
require the application of one of the described
methods. To determine the method that yields the
best result, it is necessary to compare the results
from each method to real grid data3 .
ther evidenced in Figure 5.9, it is clear that through
As explained in the previous example and fur- a parallel assignment, the total line length of the
resulting grid is lower than when assigning them
3
Since the data of the real substation assignment was not
provided, the comparison to real data was not within the to the closest substation. This in turn, reduces
scope of this project.
the power distance for the methods given the im-
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Figure 5.9.: Result comparison when using the different transformer assignment methods. The grids built for
each method use the maximum demand at each substation

portance length has on the power distance calculations. In essence, lower distances translate into
lower power distance. Therefore, when comparing
the power distance results, the picture is similar to
that of Figure 5.9.
Finally, through this analysis, it is observed that
that the difference in results is more pronounced in
the larger companies such as Glitre and Mørenett.
This is likely due to the larger number of substations, which allows for more connection possibilities when parallel assignment is used. The larger
reduction in power distance experienced by the
larger companies could affect the relative ranking
between DSOs.

5.1.4. Sensitivities when calculating
power distance
Similar to the grid building process, the use of different aggregation methods of demand for the calculation of a yearly output parameter is analysed.
In the results shown in 5.1.2, a series of options
are presented, from which the mean demand was
used as the reference case. It was argued that the
mean demand at each substation reﬂects the average cost of delivering power to customers. Other
possibilities of aggregating demand for the power
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distance calculation are the maximum and the 75th
percentile demand. These values may reﬂect the
investment cost of a system with a certain level
of reliability. Below we analyse the results for
using different yearly aggregations of demand in
the power distance calculation.
Due to the difference in magnitudes that result from the use of different demands, Figure
5.10 shows the relative ranking among companies
when normalised by the maximum4 . In all cases,
Mørenett achieves the highest power distance output. However, how much better Mørenett performs
compared to Glitre changes with the use of different demand. The reason behind this behaviour
is that more substations in Glitre experience a
higher maximum demand than the mean, whereas
in Mørenett, fewer substations have a maximum
that greatly differs from the mean. The load proﬁle
of Glitre thus exhibits larger variability than that
of Mørenett’s customers. It can be observed that
the gap between Mørenett and Glitre becomes less
pronounced with the percentile and maximum demand compared to using the mean demand. For
Jæren and Klepp, the effect of using other aggreg4

The results are illustrated using the artiﬁcial grid method.
However, the observations are also applicable when using
Prim distance or Prim demand.
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ated demand values is not as pronounced.

Figure 5.10.: Power distance sensitivity when using
different demands. Values are scaled to the maximum. Results shown are for the reference grid built
with the Artiﬁcial grid method.

5.2. LVD Methods
The received data from the DSOs provided a starting point for the analysis of methods for the LVD
grid. The results of pre-processing of the DSO data
is presented in Figure 5.11.
The demand is taken as the sum of demand
for all metering points. Note that the number of
meters is not necessarily the same as number of
customers, but is equal to the number of meters
in the LVD grid where metering data is available.
Meters missing either demand or geographical information are omitted from the analysis of the LVD
grid. The line length is based on information of the
existing infrastructure for the year 2018.
As was shown in Section 3.2, Glitre has the
largest values for total system demand, number of
meters and total distance between meters and substations. The total system demand of Mørenett’s
grid is around 23% lower than that of Glitre’s network while the total line length is only approximately 19% lower.
Klepp and Jæren are very similar in terms of
the data presented in Figure 5.11. However, Klepp
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Figure 5.11.: Properties of the LVD grid per company.
Scaled to highest in each category.

is marginally higher than Jæren in all categories.
When regarding all four grid companies, the same
trend is seen for all, namely that total distance
differs the most, and demand the least.
The demand at each metering point and the
geographical distance are directly used as input
to the power distance calculations. To determine
the total distance, the same procedure as for the
Euclidean distance is used: the direct distance
between all meter and its respective nearest substation. It thus reﬂects the geographical distance
and not the actual line length. Table 5.2 provides
a summary of demand and distance as well as the
calculated power distances in the LVD grid based
on the three methods introduced in 4.2. The results
are scaled to the maximum for each method, which
is Glitre in all cases. As explained in Section 3.2,
Glitre has both the highest number of customers
and the highest demand. Glitre therefore also has
the highest power distance output for all methods
in the LVD grid. In other words, Glitre is identiﬁed
to have the most challenging task in the LVD grid,
regardless of which method is chosen to describe
the task.
Jæren and Klepp are fairly similar in terms of
both demand and distance between substations
and metering points. Although hidden in the decimals, Klepp has slightly higher values for both de-
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mand and distance. This is therefore, as mentioned
above, the same trend as for the number of customers, where Klepp has a few more customers.
Even though the total distances are approximately
equal, Klepp has fewer substations. Therefore,
even though the total distances between substations and metering points are equal, Klepp has both
more metering points further away and closer to
the substations.

despite Klepp having both a higher total demand
and total distance. Since the Euclidean distance
method calculates the product of the scaled demand with the direct distance between meter and
substation, the deviation from the total is likely to
originate in the distribution of customers. Even
though the total demand and distance is higher for
Klepp, this indicates that Klepp has a few customers with high demand relatively far away from the
substation. This results in a higher power distance
with the Euclidean distance method, and in other
5.2.1. Euclidean distance
words a more diﬃcult task of providing power to
As described in Section 4.2, the power distance these customers.
method based on the Euclidean distances uses the
shortest line from each customer to the closest
5.2.2. Customer density
substation. This method therefore takes into consideration every individual metering point, both in For the customer density, the results in Table 5.2
are observed to be more similar between companterms of demand and distance.
In Table 5.2, all results for the Euclidean dis- ies than for the Euclidean distance. The differtance are scaled to the Euclidean distance value for ence between the lowest value, 12 % for Jæren,
Glitre. By studying the resulting table, the Euclidean and the highest value for Glitre is smaller than
distance is observed to be in between demand and for the Euclidean distance. As the total demand
distance on the relative scale. As an example, is more similar between the DSOs than the total
Jæren has a demand which is 15 % of Glitre’s, a distance, the customer density power distance is
relative distance of 9 % of Glitre, and a Euclidean shifted towards the total demand as compared to
distance of 11 % of Glitre. In a way, Jæren’s task the Euclidean distance. This is also observed for
with the Euclidean distance is therefore interpreted Glitre, where relative differences between Glitre and
to be easier than Glitre’s, when considered relative Mørenett are equal for both demand and customer
to pure demand, but more challenging than purely density. The shift towards total demand has its
based on distance between metering point and explanation in the surface area 𝐴𝑠 enclosed by
substations. The same is true also for Klepp and the polygon around the substations. As described
Mørenett, which also rank in between demand and in Equation 4.4, the length measure is given by
distance in the Euclidean distance method.
the square root of the area √𝐴𝑠 . Which can be
One interesting observation with the Euclidean interpreted as a measure of average line length
distance method, is that Jæren’s task is considered around each substation. This is also illustrated
slightly more challenging than for Klepp. This is in Figure 5.12. The demand of all customers are
Table 5.2.: LVD results with total demand. Each category scaled to category max.
DSO
Jæren
Klepp
Mørenett
Glitre
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Demand

Distance

Euclidean
distance

Customer
density

Angular
proximity

15 %
15 %
77 %
100 %

9%
9%
60 %
100 %

11 %
10 %
65 %
100 %

12 %
13 %
77 %
100 %

8%
9%
51 %
100 %
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5.2.3. Angular proximity
The method based on angular proximity, interchangeably called the statistical method, is thought
to represent geographical locations of customers
around substations. In essence, a main hypothesis
of this method is that the task of supplying customers along a straight line, i.e. at the same angle, is
easier than supplying customers evenly distributed
around a substation. This was also presented
earlier, and is visually represented in Figure 4.7.
With this is mind, the results presented in Table 5.2
can be analysed.
Figure 5.12.: Interpretation of customer density power
distance.

aggregated to one point to which the length is a
average distance derived from the are of the polygon. Outliers will in most cases have a smaller
impact on the power distance than in the Euclidean
distance. Further, if a single customer of many
around a substation has high demand, this will affect the resulting power distance to a lower degree
in the customer density. This is seen by rewriting
Equation 4.4 as
𝑁

∑ 𝑃𝛼 𝑛,𝑡 = 𝑁 ⋅ 𝑃𝛼 𝑛,𝑡 ,

(5.1)

𝑛=0

where 𝑃𝛼 𝑛,𝑡 is the average power demand for
the 𝑁 connected metering points around substation 𝑠 at a time 𝑡. This gives

𝑁

𝑃𝑑,𝑠,𝑡 = ∑ 𝑃𝛼 𝑛,𝑡 ⋅ √𝐴𝑠 = 𝑁 ⋅ 𝑃𝛼 𝑛,𝑡 ⋅ √𝐴𝑠

(5.2)

The ﬁrst point of interest in Table 5.2 is that the
differences between Glitre and Mørenett is signiﬁcantly higher than in the other methods. Mørenett
has approximately half the value of Glitre, which
is represented as half the task, compared to up to
77% for the customer density method. As for the
other methods, the reason Glitre ranks higher than
Mørenett is that Glitre has both higher demand and
longer lines in the LVD grid. However, the relative
differences from the angular proximity method is
more pronounced than both the relative differences
in demand and distance between the two companies. Therefore, the large difference between
the DSOs has to have a different explanation. We
presented an example in Figure 4.7 that compares
the task of supplying customers that are distributed
around a substation in a different pattern. As
described in Section 3, Mørenett covers a region
with many fjords and mountains. In many cases,
metering points are located along the shores of
peninsulas or through valleys, rather than being
more evenly distributed as is the case in e.g. in
urban areas. This is interpreted to be one of the
main reasons for the low values for Mørenett in the
angular proximity method, as a high amount of the
metering points are located along approximately
the same angle from the closest substation.

𝑛=0

Second, for Glitre, the opposite can be interpreted to be a key reason for the high value. Urban
The customer density power distance can thus areas, in addition to inland areas, cause more even
be interpreted as supplying all 𝑁 customers with angular distributions of metering points around a
average demand over the distance √𝐴𝑠 .
substation. The higher angular spread of metering
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points is then further interpreted as a more diﬃcult task, since it requires more lines than if the
customers are located along one angle from the
substation.
For Jæren and Klepp a similar relative ranking
as for the customer density method can be observed, though at lower values. Klepp with more
customers and higher demand is also interpreted
to have a more challenging task than Jæren when
the angular proximity method is applied.

with the same relative ranking of grid companies
and similar magnitudes. For the LVD methods the
ranking of grid companies changes relative to the
HVD results, but remains stable among methods
in the low-voltage distribution grid. In the LVD
grid the differences between methods is higher
than in the HVD network. For all grid companies
the customer density yields the highest power distance, followed by the Euclidean distance and the
angular proximity. For the largest company, Glitre,
the angular proximity and Euclidean distance give
similar results. Whereas the remaining companies
5.3. Combining parameters for
experience lower power distance, likely due to the
distribution of customer around each substation.
LVD and HVD grid
For all companies except for Glitre, the power disThe results illustrated in previous sections focused tance in the HVD grid is higher than the results in
on one grid level. The idealised grid methods the LVD grid.
provided results for the high-voltage distribution
grid while the methods introduced in Section 5.2 5.3.1. Sum of power distances
focus on the low-voltage distribution grid. One
aim of this project is to identify how to capture The sum of power distance from both grid levels
the task of grid companies on all grid levels in the is a simple approach to combine the results from
DEA benchmarking. This requires the analysis of the HVD and LVD grids into one output. A power
methods to combine the results for power distance distance is computed for each grid level and the
in the LVD and HVD grid. Four possible methods output for the entire system is calculated as the
sum of those.
were introduced in the Chapter 4 namely;
If no additional weighting of the grid levels is
a sum of power distances,
applied, this method implicitly assumes that the
an integrated parameter,
cost to transfer one kW power over one kilometre
is the same in the high-voltage distribution grid and
the use of one method for the entire system,
in the low-voltage distribution grid. When considthe introduction of two separate output variering the results obtained for individual grid levels
ables in the DEA model.
it becomes evident that the LVD power distance
After analysing the results for each grid level, will constitute a large part of the total output for
we performed a qualitative assessment of the pro- all companies. This is a stark contrast to the
posed methods for combining the parameters for current output variables where only assets in the
the entire system. For methods that we deem high-voltage distribution grid are accounted for. An
relevant after this assessment we calculated the example for the Euclidean power distance in the
LVD and the artiﬁcial grid based power distance in
combined output parameters.
A comparison of results for different methods the HVD is shown in Figure 5.14 (a).
in the LVD and HVD grid, as shown in Figure 5.13
To account for different costs in the lowallows for some initial observations. Firstly, the voltage and high-voltage distribution grid, a weightpower distance results for all methods and both ing factor can be introduced. The weighting is
grid levels range in the same order of magnitude. interpreted as reﬂecting the required investments
The different methods in the HVD grid yield results for each grid level in the task. We performed a
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Figure 5.13.: Comparison of power distance results for different methods and grid levels

simple assessment of grid costs based on the cost
of cables and lines from the cost catalogue [6]. For
each voltage level we calculate the average cost
per km of line or cable which allows us to compare
the unit cost in the LVD and HVD grid. We ﬁnd that
the investment cost for one km of cable in the LVD
grid is 51% of the cost for one km of cable in the
HVD grid. For lines the ratio is 43%.
The ratio of unit costs between grid levels
can be used as a weighting factor when summing
power distance results. Based on the previous
example of Euclidean distance and artiﬁcial grid
power distance we apply a scaling of 45% to the
output of the LVD calculation. The results are
illustrated in 5.14 (b). The relation between the
HVD and LVD grid now changes towards a stronger
emphasis on the high-voltage distribution grid.
Such an approach can potentially overcome the
challenges of different costs for transferring power
in different grid levels. However, the scaling based
on km of line cost implicitly assumes that the
length measure in the power distance is indicative
of the required grid infrastructure on both levels. In
particular for the Euclidean distance the calculation
is likely to overestimate the required line length
and in consequence the needed investment as it
assumes one line to every customers.
It also has to be noted that with this method the
demand is used as an input for the calculation in
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both grid levels. In the LVD grid the power distance
is calculated based on the net demand of each customer. For the HVD grid the demand of individual
customers is aggregated to substation level and
used as input. As a result, a method that sums
both power distance parameters will double count
the system demand. It can be argued that this
reﬂects the task of grid companies to supply power
ﬁrst from the transformer station to the substation
and further from the substation to the metering
points. However, it may disproportionately weigh
the importance of demand in the total cost.

5.3.2. Integrated power distance
parameter
For an integrated power distance parameter the
results per substation from the LVD methods are
used as input to the power distance computation
in the HVD grid. This means, that the synthetic grid
will be built based on the LVD power distance at
each substation. The total power distance is then
calculated based on the line lengths in the resulting
system and the LVD power distance per substation,
instead of the aggregated demand.
The idea behind this method is that the task
in the low-voltage distribution grid will also affect
the high-voltage distribution grid. The HVD grid will
need to be equipped to supply all customers, within
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(a) Direct sum ow power distances.

(b) Cost scaled sum.

Figure 5.14.: Example of a summed power distance parameter using the artiﬁcial grid method for the HVD grid
and the Euclidean method for the LVD grid.

the constraints posed by the LVD grid.

distribution grid would have to be revised and simHowever, if the input to the power distance pliﬁed.
calculation in the HVD grid is the power distance
in the LVD grid, the resulting output parameter has
5.3.3. Separate power distance parathe form [𝑀𝑊 𝛼 ⋅ 𝑘𝑚LVD ]𝛼 𝑘𝑚HVD . Compared to the
meters
deﬁnition of a power distance in the form 𝑀𝑊 𝛼 ⋅
𝑘𝑚, the distance in the low-voltage distribution grid
The DEA model framework makes it possible to inis scaled with the alpha parameter, and the cost
troduce multiple output parameters. Currently, grid
scaling is applied twice to the transferred power.
companies are benchmarked in three dimensions
The resulting relation between demand and – line length, number of customers and number of
lengths on each grid level implicitly assumes a substations. A grid company can be 100% eﬃcient
certain relation of incurred costs in the LVD and in one or more dimension. A similar approach can
HVD grid. Namely, that the length in the HVD grid be taken when introducing new output parameters.
constitutes the largest part of the task, that the The power distance in the HVD grid and the power
distance in the LVD grid is lower, and scaled by a distance in the LVD grid can be introduced as sepfactor that is intended for scaling transferred power arate parameters in the DEA model. Rather than
and that the net demand is affected by the cost combining the grid levels into one variable, grid
scaling parameter twice. Thus, the length in the companies can be benchmarked against their task
HVD grid has the largest inﬂuence on the output in each grid level.
while the transferred power and length in the LVD
The conﬂict of double counting the demand
grid are assigned lower importance.
does not occur when two different parameters are
It can be argued that this method reﬂects lower used. In fact, it can be argued that the demand
costs in the LVD grid compared to the HVD grid. should be used in both parameters because the
The exact relation, however, is not based on an HVD grid should be built to supply the demand
analysis of actual costs but is purely a result of the required at each substation, and the task in the
method deﬁnition.
LVD grid is still to supply demand of individual
If an integrated parameter is desired from the customers. By using two separate parameters an
side of the regulator, the method for the low-voltage explicit weighting of grid levels is not required as
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the tasks in both grid levels are not directly compared. Similarly, the aspect of assuming the same
cost for transferring power in the LVD and HVD grid
does not apply when two separate parameters are
used.
The main challenge with the addition of multiple parameters is the impact on the DSO income
regulation as a whole. Generally, including multiple
parameters in the DEA model results in a less strict
benchmarking. The more dimensions are included,
the more grid companies can reach maximum eﬃciency in one dimension. The choice of parameters
and how they interact with other levels of the regulatory process has to be analysed in more detail by
the regulator.
With the limited number of grid companies in
the reference group, it was not possible to replicate
the calculation of allowed income levels. To obtain
an initial estimate, we performed an exemplary
benchmarking of the four involved grid companies
on the two dimensions of HVD power distance and
LVD power distance. The power distance are divided by the total cost, based on the DEA model for
2020 5 of each grid company to obtain comparable
values. For the analysed companies Glitre is rated
most eﬃcient in the LVD grid while Mørenett ranks
highest in the dimension of HVD power distance.

and HVD grid. In a ﬁrst step, metering points would
be connected to substations using an idealised grid
method. The substations would then be connected
to the transformer stations to obtain a full grid
system. The power distance in this system is calculated based on the net demand per customer and
the total length from metering point to substation
and on to the transformer station.
While this method offers a fully integrated computation for the distribution grid it poses some
challenges. Firstly, the amount of data in the LVD
grid is far larger than the dataset used in the HVD
grid. On average there are four times as many
metering points as substations for the analysed
companies. The large amount of data drastically
affects computation time, as the computation time
scales at least quadratically with the number of
nodes. Initially the distance between all nodes
needs to be calculated and in the process of building the grid using the artiﬁcial grid all unconnected
nodes need to be considered in every step. The
method will always ﬁnd a solution but the complexity of the computation is a major limitation if the
method were to be applied for all grid companies
in Norway.

A further point to mention is, that if the same
method is used to build the grid in the HVD and LVD
grid, the output reﬂects a situation where the cost
5.3.4. One method for the entire system to transfer power is the same in both grid levels.
Similar to the method of summing power distances
As a response to the challenges of computing an in both grid levels, using one method for the entire
integrated parameter based on two separate power grid will not reﬂect differences in incurred cost at
distance calculations, it is worth discussing the different grid levels.
application of one method to the entire system. In
A simpliﬁed approach for applying one method
Section 4 it was mentioned that all proposed methto the entire system is the use of an average disods can be applied to both the HVD and LVD grids.
tance of customers under each substation. The
The reason we analysed the grid levels separately
distance can be added to the power distance calusing different methods is the difference in the
culation in the idealised grid. Potentially a cost
properties of each grid level and the data quantity.
scaling, similar to that proposed earlier and visuIn theory, it would be possible to apply a
alised in 5.14, can be applied to reﬂect the different
method to build an idealised grid in both the LVD
required investments in each grid level.
5

https://www.nve.no/reguleringsmyndigheten/
okonomisk-regulering-av-nettselskap/
nyheter-og-horinger-okonomisk-regulering/
inntektsrammer-for-2020-varsel/
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Due to the complexity of the computation we
refrain from calculating a power distance in this
way.
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5.4. Summary of results
5.4.1. Results in the HVD grid
For the HVD grid results were presented in two
steps. Namely, building the idealised grid and computing the power distance. All results were based
on a reference case, described in more detail in 5.1.
In addition sensitivities for the following points
were presented
Choice of demand for building the grid
Assignment of substations to transformer stations

used compared to the mean demand. Companies
with higher demand peaks and/or larger variability
will beneﬁt from a metric that captures maximum
or 75th percentile demand. In a further sensitivity analysis, it was analysed how the assigning
of substations to transformer stations affects the
results. In the reference case all substations were
linked to the geographically closest transformer
station. A second possibility, where substations
are free to be connected to any transformer station
resulted in lower total line lengths. The difference
in line lengths was most pronounced for those grid
companies with a large number of substations.

Choice of demand for computing the power
5.4.2. Results in the LVD grid
distance
Building the grid It was shown that the line
length in the idealised grid systems ranged at 52
to 74 % of the line length in the real grid. The
ratio of line lengths was highest for Mørenett and
lowest for Klepp. The lowest line lengths in the
idealised systems were achieved with the Prim distance method, followed by the Prim demand and
the artiﬁcial grid method. The ranking reﬂects the
optimisation goals of the grid building methods.
Computing the power distance The results for
power distance exhibit a similar trend as the line
lengths. Mørenett was shown to have the highest
HVD power distance for all used methods, despite
having fewer customers, substations and fewer
kilometres of lines in the HVD grid than Glitre.
Jæren ranks third with a power distance just
slightly higher than that of Klepp.
Sensitivities Three sensitivities were performed
on the results in the HVD grid. Firstly it was
analysed how the choice of demand aggregation
impacted the built grid. It was shown that the
line lengths of the resulting systems did not differ
greatly if the mean or 75th percentile demand was
used instead of the maximum demand. For the
computation of the power distance, the choice of
demand aggregation was shown to have a larger
impact. The relative difference between grid companies increased when the maximum demand was
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For the LVD grid, results for the three methods
described in 4.2 were compared to the properties of the real grid systems. It was shown that
the Euclidean distance method puts large weight
on individual customers and their distance to the
closest substation. For the customer density, both
distance and demand of metering points impact
the power distance results but outliers have a less
pronounced effect compared to the Euclidean distance. The angular proximity shows larger spreads
between grid companies as the methods considers
the distribution of metering points. For all methods Glitre shows the highest results, followed by
Mørenett. For the customer density and angular
proximtiy method Klepp ranks higher than Jæren,
which is in line with Klepp having higher demand
and number of customers. In the case of the
Euclidean distance, Jæren ranks above Klepp.

5.4.3. Results for combining grid levels
Four methods to combine power distance results
from the LVD and HVD grid were analysed in Section 5.3. Two methods were identiﬁed as suitable
and should be considered in further work. Firstly,
a weighted sum of power distances in the the LVD
and HVD grid was described as a simple method
that manages to capture different incurred costs
per grid level. Secondly, the introduction of two
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separate DEA output parameters, one for the LVD
and one for the HVD grid, makes it possible to
capture a grid company’s task in each grid level
without requiring additional calculation steps. Two
further methods were discussed qualitatively. The
approach of an integrated parameter that uses the
LVD results as input in the HVD calculation was disqualiﬁed, as it provides a skewed weighting of input
data on both grid levels. The suggestion to use one
method for the entire grid system was not further
pursued in this report due to high computational
complexity.
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6. Mitigation of challenges
In this chapter we will describe potential challenges Existence of nodes missing substations or rewith the proposed methods. The challenges dismoval of substations where not all data is availcussed in this chapter are partly based on input
able should not be detrimental for the output.
from the reference group. Further relevant feedback from the involved grid companies is brieﬂy
summarised in 6.7.
In most cases, the removal of substations or
Each of the following challenges will be demissing
demand data should lead to a decrease
scribed in the respective section:
in the power distance of the system. We want
1. Robustness of Methods
to analyse if the effect on the power distance is
2. Accounting for generation and power ex- proportional to the removed or changed input, indicating robustness, or if changes in input data
change
lead to signiﬁcant jumps in the calculated power
3. Reﬂecting grid losses
distance.
4. Accounting for reliability

We use different approaches to analyse the
robustness of methods. To assess the robustness
5. Handling of large datasets
towards demand we focus on the yearly aggrega6. Geographical challenges
tion of demand data or power distance data. We
randomly remove or replace individual metering
Where applicable, we consider challenges in
values per substation and calculate the maximum,
the LVD and HVD grid separately.
mean and 75th percentile demand to analyse the
effect in power distance results. Lastly, we perform
an analysis where yearly demand data is missing
6.1. Robustness of Methods
for some substations but for which geographical
information exists.
For any method applied in a regulatory context,
To analyse the impact of missing geographical
robustness is crucial. In this context we refer
data
or missing substations we perform a Monteto robustness as the stability of results towards
changes in input data. For the investigated meth- Carlo simulation where we randomly remove a cerods results should be robust towards the following: tain percentage of substations. A grid is built
with the remaining substations for which the power
distance is calculated.
Demand errors in metering data for individual
In the LVD-grid we assess robustness based on
customers and hours should have a minor efan analysis of hourly power distance per substation
fect on the ﬁnal output. This applies to missing
for each method and grid company. In addition
data and faulty meter readings.
the impact of missing metering data on system
Location inaccuracy of coordinates or reporting demand and the effect of removing metering points
should not result in signiﬁcantly different res- on the power distance is derived from Monte-Carlo
simulations.
ults.

50

© THEMA Consulting Group (2020)

6. Mitigation of challenges

6.1.1. Robustness in the HVD grid
The impact of missing substation data
We use a Monte-Carlo simulation to analyse robustness in the high-voltage distribution grid. For each
grid company we perform 100 cycles of randomly
removing 1%, 5% and 10% of substations. From
the remaining set of substations, an idealised grid
system is built using the three proposed methods.
We perform the analysis for assignment of substations to the closest transformer and for the parallel
optimisation.
Removing substations has essentially two effects. It reduces the amount of points in the
grid, and removes demand data when calculating
the power distance. Depending on the ”would-belocation” of a missing point relative to the grid, its
removal could either cause a large change in how
the grid is built or almost no change at all.
Through this section, we discuss the effect of
demand and line length caused by missing substation data . Additionally, we explore two special
cases observed in the idealised grid to illustrate
some instances where the removal of data points
have almost no effect in how the grid is built, and
to illustrate some cases where the power distance
increases compared to the base case even when
total demand in the system is decreased.
Firstly, we analyse the effect on the resulting
grids’ line length. Table B.2 shows that the removal of substations can lead, in the worst case,
to a decrease in total line length of up to 9.4 %
when 10% of substations are removed. Overall,
as substation points are removed, the total line
length decreases. This can be attributed to the
increase in direct connections that reduce overall
line length. Although the Prim distance method
yields lower spreads in the larger companies, the
Prim demand method results in the lowest average
change across companies. In terms of spreads1 ,
the largest for length was found to be between 2.6%
and 9.41% for Klepp when using the Artiﬁcial grid

method.
Secondly, the effect in the total demand of the
system is explored. Since the substations have
different demand levels, the effect in total demand
can be quite high when the data for the largest
users is missing. Table B.1 shows the range in total
demand decrease for every company. Note that
in some cases, the demand increases compared
to the reference value when generation points are
removed. As can be observed, the percentage
in demand decrease is higher than the percentual
effect on grid length. The largest demand decrease
and spread can be observed for Jæren and Klepp.
After having discussed robustness on the variables that affect the power distance calculations, it
makes sense to analyse how the power distance is
affected. An ideal outcome would involve that the
removal of substations does not cause a disproportionate change in power distance results. The
changes among all methods and companies for the
reference grid 2 are displayed in Table B.3. For evey
method, some general observations are pointed
out:
Prim distance In the case of removing 10%
of substations, the Prim distance shows larger
spreads than the other methods, with ranges for
Jæren of +18.3% and -9.8% 3 . However, when
analysing the mean deviation from the base value
across methods, as shown in Figure 6.1, it appears
that the Prim distance yields slightly better results
than the other methods. The method performs
quite similarly for the larger companies (Glitre and
Mørenett), while the spread between methods is
larger for the smaller DSOs.
Artiﬁcial grid method When analysing both, the
spread and the mean deviations, it appears that the
artiﬁcial method yields the most consistent results.
Although it presents slightly higher average values
than the other methods, the results are similar
across the companies. When analysing Figure 6.1,
2
3

1

Spread is deﬁned as the difference between the maximum
and minimum observed values across simulations
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See Section 5.1.1 for a description of the reference grid.
(+) values indicate an increase in power distance compared
to the reference value and (-) values indicate a reduction
in power distance.
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it is clear that the spread in power distance is
relatively contained compared to the other methods, with the largest change of approximately 14 %
compared to 17 % in the Prim Demand and 18 % in
the Prim distance method.

higher spread when using the parallel assignment.
Finally, we discuss some special cases where
the power distance results are increased when
some substations are removed, which happened in
the case of Jæren, and also when the removal of
substations cause little to no effect in the results,
Prim demand The Prim demand method also exwhich occured in Mørenett’s case:
hibits a high degree of robustness across methods and companies. There is, however, an exThe case of Mørenett: It was observed that
treme value observed for Klepp, in which the refor Mørenett, the removal of some substations
moval of substations resulted in a 17% decrease
was not as critical as for other companies. This
in power distance. Overall, it appears that the
is related to the way the substations are posiremoval of substations for the Prim demand grid
tioned around geographical obstacles such as
does not yield extreme changes in power distance
fjords. Essentially, the points are aligned to
calculations, especially considering that demand
each other so that the removal of one does not
decreases by 12 to 22 % in the worst case. The
alter the path. As an illustration, take Figure
line length estimations of the resulting grids also
4.7a, where a similar distribution of substaseem fairly robust, as the worst case of line length
tions for Mørenett is shown. If one of the points
reduction when removing 10% of the substations
is removed, the connections will still create
yields at most, an 8 % decrease.
approximately the same shape. On Figure 4.7b,
Parallel Assignment Similarly, the analysis was
it is clearer that the removal of one point, could
also performed when using a parallel assignment
lead to different network conﬁgurations.
of substations. When analysing the mean changes
In the case of Jæren, we observe that the
in power distance, the parallel assignment presents
removal of points that are near a transformer
very similar results. This is specially true for the
and that could lead to the creation of different
artiﬁcial grid method, where the mean variation
branches causes the algorithm to build single
across companies is less than 0.1%. The Prim
long lines. This eventually translates into more
distance and Prim demand methods also yields
power being carried through longer distances,
fairly similar results, with even a slightly better
and therefore increasing the power distance
performance for some companies (no more than
results. This case is illustrated in Figure 6.2. In
0.4% for Prim demand and no more than 2.3% for
the case where three different substations are
Prim distance). On the other hand, when analysing
present around a transformer, as in the picture,
the maximum and minimum values, it is observed
the power distance would be calculated as:
that the spreads across simulations are larger in
the parallel assignment, particularly for the Prim
distance method, where Jæren had a spread of:
+21.3 to −13 %
Overall, there is no clear evidence that allows
to conclude that once method of assignment is
clearly better than the other in terms of robustness. For some methods, such as the artiﬁcial grid,
the change in transformer assignment does not
yield signiﬁcant differences. The other two methods, although performing slightly better in terms
of mean changes across simulations, present a
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𝛼

𝑃d = 1 km ⋅ 6 MW +
𝛼

2 km ⋅ 5 MW +
2 km ⋅ 3 MW

𝛼

𝛼

= 8.96 MW 𝑘𝑚
As shown, the power of the two largest
nodes ﬂows through two different paths. However, if the 1 MW node is removed, the connections using the Prim distance method would
result in the grid shown on the right. Even
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(a) Artiﬁcial method

(b) Prim distance method

(c) Prim demand method

Figure 6.1.: Robustness Results for power distance among all methods. The shaded area represents the spreads
for every company and the lines the mean value for all simulations.The highest value for the Prim distance method
in the case of Jæren is not show, but corresponds to 8.4% when 5% of the substations are removed and 18.3%
when 10% of the stations are removed

though the total demand of the system decreases, the power distance does not. This is
because now, the line connected to the transformer sees more power travelling longer distances. The power distance in this case would
be calculated as:
𝛼

𝑃d = 2 km ⋅ 8 MW +
3 km ⋅ 5 MW

𝛼

𝛼

= 10.3 MW 𝑘𝑚

The impact of missing or faulty hourly data
In the case of faulty hourly data, we analyse the effect on the demand used per substation for power
distance calculations. This would be the case
where some metering points cause faulty data for
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Figure 6.2.: The removal of one node could lead to
increased power distance in some special cases.

some hours at the substation level. Since the
demand used for the power distance calculations
is based on the max, mean and percentile of the
hourly values, we analyse the change per substation when removing faulty data. Using the same
approach as before, we perform a Monte-Carlo
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simulation where a percentage of hours is missing
per substation. Consequently, the power distance
change would be proportional to the change in
reported values per substation, albeit to a lower
extent due to the dependence on the alpha factor.
If large changes occur in substations with
small consumption, the effect in power distance
calculations would be almost negligible. If, however, the change is experienced in consumption/generation nodes with high values, the power
distance could be reduced by a proportional
amount. This is especially the case when the
largest consumers are located far away from the
transformer such that it would inﬂuence the power
ﬂowing through the preceding lines.
For the results shown in this analysis, we use
the reference grid built with the artiﬁcial method.
We then proceed to analyse the change in power
distance calculations with 876 missing hourly data
per substation. Please note that the missing data
does not necessarily happen at the same time
for all substations, as this would be very unlikely.
The effect in power distance calculations are then
evaluated for all the different demand metrics and
companies to determine the robustness under this
dimension.
The results are summarised in Figure 6.3,
where it can be observed that the power distance
changes are generally lower than 0.04% for the
mean demand, 0.07% for the percentile demand
and 1% for the maximum demand. The higher effects seen for the maximum demand occurs only in
seldom cases, when coincidentally, the highest values are removed. This means that in most cases,
when random hours are missing, the maximum
demand does not change. When it does, however,
it can lead to power distance result changes of
around 1 %. In terms of company differences, Glitre
experiences the highest changes when maximum
demand values are missing. And the highest variations occur for Klepp in the mean and percentile
demand. The changes however, are very low and
have almost little to no effect in the power distance
calculations.
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The impact of missing yearly demand data
Lastly, one more parameter is examined: the
change in power distance when demand information for a substation is not reported, but geographical data is available. In the delivered data from
Multiconsult, it was observed that in some cases,
due to General Data Protection Regulation (GDPR)
compliance or as a result of data cleaning, some
substations existed in the grid without assigned
demand data. In this subsection, the effect of having substations with no demand in power distance
calculations is explored. To do this, we once again
perform a Monte-Carlo Simulation where 10% of
the substations have no demand4 . For the Prim distance algorithm, demand is not considered while
building the grid. Therefore, the effect from the
missing demand is limited to the direct effect in
the power distance calculation. For the Prim demand and the Artiﬁcial grid methods, both the grid
construction and power distance calculation will be
affected. To have a fair base of comparison, the
same grid is used to analyse the effect of using
the different demand metrics for power distance
calculations. Therefore, the reference grid using
the maximum demand is used in the analysis.
The results using the mean demand for calculating the power distance are summarised in Figure
6.4 for all the methods. To analyse the results
among methods, we consider the performance of
each demand metric in each method:
Prim distance Since this method builds a grid
without considering demand, it presents the lowest
decrease in power distance and no difference in
grid length estimations. The decrease in power
distance ranged between 1 to 10 % when using the
maximum demand, about 3 to 8.5 % for the mean
demand, and 3 to 10 % for the percentile demand.
For all demand metrics Klepp presented the largest
variations, but with a median value similar to the
other companies of about 5%.
4

A very extreme situation is evaluated to determine the
maximum variations in power distance
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(a) Maximum demand

(b) Mean Demand

(c) Percentile Demand

Figure 6.3.: Power distance variation caused by faulty hourly data when using the different demand metrics.
Results are for the reference grid built for the Artiﬁcial method.

Prim demand When the demand was removed
from a higher amount of nodes, the line lengths
were found to increase for this method. This is
due to the algorithm’s objective, which resulted in
the connection of non-zero demand nodes ﬁrst,
and zero-demand nodes last. In general, the grids
built with Prim demand presented an increased
line length estimation of 8 to 12 %. However, the
increase in line length did not result in increased
power distance. This is because although there
is a connection to the 0-demand nodes, they do
not affect power ﬂowing through the lines, and a
more direct connection is achieved to the nodes
that do have demand data. From the results, the
decrease in power distance ranged between 1.8
to 12 % for the maximum demand, 1 to 11 % for
the mean demand, and 1 to 12 % for the percentile
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demand. For this method, the companies had
different variations, with Jæren presenting the lowest, and Mørenett the highest average decrease in
power distance.
Artiﬁcial Method This method presented lower
changes in line lengths of about −0.75 to +2.6 %,
with the smaller companies presenting the largest
variations. The picture across the metrics is very
similar, with values ranging from 2.4 to 12 % when
using the Maximum demand, 2.6 to 11.3 % when
using the mean demand, and 2.7 to 12.1 % when
using the percentile demand. All the companies
present approximately the same average decrease
of about 5 to 6 % with larger spreads seen for Klepp.
Overall, the results indicate that the missing
demand data is an important factor for the power
distance calculations. This is particularly true for
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those methods that use demand for both building
the grid and calculating power distance. It is shown
that although in some instances the line length estimation increases compared to the case where the
full data is available, the loss of demand in the grid
is large enough that it affects the power distance
calculations to a larger extent. It can be concluded
that having nodes with zero-demand will change
the way the grid is conﬁgured and increase the total
estimated line length. Despite the change in line
length it is likely to cause very few effects when
using the Prim demand and Artiﬁcial grid method,
as they tend to connect those nodes last. The driver
of power distance changes in this case are mainly
due to the difference in power ﬂows compared to
the base case. For the Prim distance method, the
inclusion of zero-demand nodes while keeping demand constant is likely to increase power distance
due to the increase in line length. For the other
methods, the increase is likely to be lower due to
the reasons explained before.

6.1.2. Robustness in the LVD grid
In the low-voltage distribution grid we base our
initial observations on robustness on the hourly
results for the entire system. In addition, we analyse how faults in metering data impact the metrics
of mean, maximum and 75th percentile demand.
A key question for the methods in the LVD
grid is to what extent the power distance should
respond to changes in load proﬁles for individual
customers. The Euclidean distance emphasises
the individual customers to the largest extent, but
therefore has a larger deviation from the linear
response.
Figure 6.6 shows a scatter plot of hourly demand for the entire system and power distance
computed using three different methods. Each
point represents the LVD power distance for one
hour of the reference year. To simplify the visualisation the net demand on the x-axis is scaled to
𝐷 𝛼 . As the distance to customers does not change
over time, the main impact on the hourly power
distance results will stem from demand variations.
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Consequently the expected relation between 𝐷 𝛼
and power distance is linear. Deviations from a
linear trend may indicate that methods are susceptible to small changes in demand from individual
customers or certain customer groups.
For all methods illustrated in Figure 6.6 the
power distance exhibits a linear trend towards the
cost-scaled demand, shown with the black ﬁt line.
For the Euclidean distance 6.6a this relation is least
pronounced. For the same demand level, the power
distance varies greatly in different hours. At a level
of 70𝑀𝑊 𝛼 the power can vary between 50 and 90%
of the yearly maximum. By close observation of the
Euclidean distance, there is also a trend towards a
splitting of the calculated power distance towards
high system demand. The calculated regression
line in the ﬁgure, shown in black, separates the
two parts. One part is located below the regression line, with the second part located above the
line. There are many possible explanations for
this observed trend, and it is challenging to draw
conclusions on the basis of the data available for
this analysis. However, some key observations
can be made regardless of these challenges. The
ﬁrst observation is based on the methodology of
the Euclidean distance as compared to the other
methods. The Euclidean distance considers each
customer individually, with the length 𝑑 between
substation and customer being considered each
time. Therefore, the variations in system demand
will to a larger degree affect the total power distance for this method, and especially if the customers contributing to these peak hours are located at
a a large distance 𝑑 from the substation.
Second, the different customer groups will
have different load proﬁles, where a typical industry
customer is expected to have a higher demand
during business hours than a household. The
two distinct parts of the presented distribution in
Figure 6.6a can be explained from the customer
groups. The different customer groups affect the
slope of the regression curve in the Euclidean distance method. When all residential customers
were removed from the demand data, the resulting
slope of the regression curve was observed to be
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(a) Artiﬁcial method

(b) Prim demand

(c) Prim distance

Figure 6.4.: Power distance variation caused by missing yearly data when using the different methods. Results
are for the reference grid built with max demand and power distance calculations using the mean demand

lower. Whether this is a consequence of outliers
or the inherent properties of the different customer
groups such as their load proﬁles or distance to
substation can not be concluded with the current
information.

as compared to the Euclidean method, since all
demand for one substation is interpreted to be
located at √𝐴𝑠 as presented in Figure 5.12. The
angular proximity method 6.6c has a similarly low
spread as the customer density method. However,
more outliers can be observed, in particular in some
hours where power distance is low despite high
demand. From the methodology of angular proximity it can be derived that the method will be more
susceptible to demand changes from customers
that are not in angular proximity to others. In
this case the demand of individual customers may
impact the power distance to a similar extent as in
the Euclidean distance.

For the other methods the difference in power
distance in hours with the same demand is lower.
Overall the hourly results of the customer density method 6.6b show the least spread, indicating
higher robustness. The regression slope for different customer groups was in this case observed
to be more similar than for the Euclidean distance.
This can indicate that the outliers within a customer
group inﬂuence the spread observed for the Euclidean distance. For the customer density method,
The analysis of hourly results allows for some
the weight of an individual customer is reduced initial observations about how the power distance
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relates to changes in demand.
To further assess how changes in metering
data affect the system’s demand and in consequence the LVD power distance results, we
performed a Monte-Carlo simulation. For 100
sampling steps we remove 1, 5 and 10% of metering data entries for each grid company. For the resulting datasets we calculate the mean, maximum
and 75th percentile metrics of the total system
demand and compare them to the original data.
The removal of metering entries will in most cases
result in a lower total demand, unless an hour of
high power generation is selected. For all analysed
metrics we observe that the removal of up to 10
% of metering entries has little effect. The total
system demand and its mean decrease by up to 1%
for the case of 10% removed metering entries. The
sum of nodal maximum demands is less impacted
by the removal of single metering entries. While
every removed entry affects the mean, the probability for a removed value to affect the maximum
is low. For the maximum to change the selected
values has to coincide with the maximum.
In a similar way as for the HVD grid, a MonteCarlo simulation was performed for the methods
in the LVD grid, with 50 samples. The demand
used for calculation the power demand was equal
between the methods for each sampling, with 50
samples at 1, 5 and 10 % removed metering points.
In the samples, a few outliers were uncovered, but
these were not representative for the sampling as
a whole. Interestingly, it can not be concluded
which method has the highest variation with the
limited sample sizes used here. However, for a
large sample size, it is expected that the Euclidean
distance has the highest deviations due to the
weight on individual metering points. However, for
the two other methods, similar deviations may take
place for certain meters. For the customer density
method, if the removal of a speciﬁc meter reduces
most of the substation area, the same effect may
be encountered. Further, for the angular proximity
method, a metering point at a very different angle
from other meters will contribute as a freestanding meter, approximating the removal of the same
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Figure 6.5.: Power distance sensitivity for Glitre with
removed demand, scaled to actual power distance.
Mean of samples denoted with dots, outliers covered
by the coloured areas.

meter in the Euclidean method. The variations
between the methods is shown in Figure 6.5. The
trend lines shown in the center of the coloured
areas reveal the decrease in power distance for the
different methods for Glitre. The deviation of the
angular proximity is not representative for the other
DSOs, where no real deviation from the trend line
was observed. In other words, the deviation shown
in Figure 6.5 presents the variation of the methods
for a speciﬁc sampling, with the general trend being
small variations around the mean.
It is also observed that the slope of reduction
is lowest for the angular proximity method. This
might be due to the overlapping lines, where the removal of metering points has a lower effect due to
overlapping lines. However, with the data samples
presented here, a strong conclusion can not be
made.

6.2. Accounting for generation
and power exchange
We have described that new consumer patterns
and load proﬁles are likely to affect the future
task of grid companies. An aim of deﬁning new
output variables in the DEA model is to capture
such changes and introduce measures that remain
valid in the future. One major question is how
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(a) Euclidean distance.

(b) Customer density.

(c) Angular proximity

Figure 6.6.: Correlation between power distance and system demand for each hour in the reference year.

distributed generation affects the operation of the
grid and associated investments. A related issue
that arises from distributed generation is power
exchange with neighbouring grids. In this section
we discuss how we account for distributed generation and power exchange with neighbouring grids.
Note that sources of ﬂexibility such as batteries are
counted as demand when charging and as generation when discharging to the grid.

covered by local generation. The grid will neither
have to export the full generation volume nor supply power to cover the customers’ entire demand.
This is of course a simpliﬁcation that has to be
taken as data is only available on an hourly basis.
With the current methodology for power distance
calculations, it is also possible to capture the effect of ﬂows towards the transformer for power
exports. Although this was not the case in the
calculations performed for the reference group, the
For most metering points we received net demethods already account for the case where power
mand data, meaning that for nodes with both proneeds to ﬂow back to a transformer and is captured
duction and consumption only the 𝑛𝑒𝑡 𝑑𝑒𝑚𝑎𝑛𝑑 =
as part of the task of the DSO.
𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 − 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 is reported. In hours
In the LVD grid we do not build a grid syswhere production outweighs demand, the reported
tem
before computing the power distance. Nevnet demand is negative. For the idealised grid
methods in the HVD grid we use absolute values ertheless similar considerations are made as in
when building the grid and the original net de- the HVD grid. The Euclidean distance resembles
mand values when calculating the power distance. building a grid with one line per customer. The
When building the idealised grid, we argue that power ﬂow on each line depends on demand or
the grid system needs to be equipped to handle generation per customers. For the other methods
power ﬂows arising from supplying and exporting the resulting power demand from consumption and
power. A connection needs to have high enough generation is considered on aggregated level under
capacity to export generated power and supply the each substation. For the customer density and the
demand in hours without production. By using the angular proximity the net demand of all nodes is
maximum of absolute values for each substation summed, before calculating the power distance.
we ensure that the idealised grid is dimensioned This suggests an alleviated task to supply demand
accordingly. When calculating the power distance, if generation occurs under the same substation.
Power exchange is implicitly accounted for
net values are used to reﬂect the expected power
ﬂow. In an instance where generation and con- through the used metering data. In a system
sumption occur simultaneously at the same node, without generation, the entire demand of customthe power ﬂow towards the node is either deﬁned ers has to be supplied through imports from higher
by the excess generation or residual demand not grid levels or neighbouring grids. The power ﬂow
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to each customer will then be deﬁned by their de- Transferred power: Power ﬂowing through the
mand. In contrast, a system with excess generalines are affected by distributed generation and
tion will export to neighbouring grids. Power ﬂows
load at the nodes. The higher the need for
from the generation site to the adjacent grid are
power in the system, the higher the currents in
deﬁned by the generation volumes. An exception
the line. The increase in current represents a
would be an instance where power is transferred
quadratic increase in power losses.
between two grids through the analysed DSO’s net- Load proﬁle/Variability of demand: As the losses
work. The resulting power ﬂows are not calculated
depend on instantaneous power transfer, the
as neither the power demand from one adjacent
losses throughout a year will depend on the
grid nor the imported power from the second neighvariability of demand from customers’ load probouring grid would be accounted for. A further
ﬁles.
constraint is the use of radial grid systems which
imply that the power ﬂows are uniquely deﬁned by Voltage level: Higher voltages allow for lower currents through the line. As per 6.1, it is evident
the start and end point of each line.
that the reduction in current will yield even larger reductions in resistive losses. Additionally,
maintaining the voltage drop in the nodes in the
6.3. Reﬂecting grid losses
grid is beneﬁcial, as it reduces the amount of
In previous sections we discussed how different
current ﬂowing through the connecting line.
approaches to compute a power distance paraBased on the data available to us and the
meter can be used to reﬂect different cost drivers
proposed computation methods, we assess which
in the distribution grid. Using the maximum of net
sources of grid losses we can reﬂect using the
demand is described as a proxy for the required
power distance methodology.
investment to supply customers in all hours while
Given that the power distance method acthe mean value reﬂects costs for grid operation. A
counts for the length of lines, albeit in an idealised
further cost driver that was touched upon in 4.4 are
grid, it can be argued that the scaling of grid losses
the real losses in a grid, which can be calculated
with grid length is implicitly accounted for. The
with the use of equation 6.1 5 .
transferred power is also an input to the power
distance computation but the scaling by alpha re𝑃𝑙𝑜𝑠𝑠 = 𝐼 2 𝑅
(6.1)
duces the relative impact of transferred power.
We attempted to perform a power ﬂow anawhere 𝐼 is the current and 𝑅 the resistance along a
line. The losses in a grid system will be the sum lysis for the idealised grid systems to obtain an
of losses on all line segments in all time steps. estimate of grid losses. This approach requires
Grid losses are affected by several factors, which assumptions on standard line speciﬁcations such
as voltage level and resistance. Though the anainclude but are not limited to:
lysis of only four grid companies does not allow for
Resistance: Losses in the grid are proportional to universal conclusions, we can state observations
the resistance in the lines. Meshed or parallel from the power ﬂow analysis. We see that grid
connections in the grid reduce the equivalent losses are overestimated for all companies comresistance in the system.
pared to actual grid losses in 2019. This trend is
Line length: Losses in a line are proportional to especially strong for the smaller grid companies
the line’s resistance, which is dependent on Jæren and Klepp. A reason for overestimated grid
losses can be the radial nature of the grid and
total line length.
5
In practice, the transmission line equivalent circuit is used the fact that parallel lines are counted as single
lines. In essence, the resistances in the network are
to calculate losses in the lines
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affected by the grid conﬁguration i.e. parallel lines,
meshes, line capacities, equivalent resistance, etc.
We identify it as challenging to reﬂect effects
of resistance and the different voltage levels on
which the grid operates on the grid loss calculations, as the idealised grid is not meant to capture
all the physical aspects of the grid. Additionally,
we do not consider reactive ﬂows through the lines,
nor the corrective measures introduced in the grid
to alleviate the effect they have on the voltage
experienced at the nodes. Overall, the idealised
grids will not, and are not meant to capture all the
elements affecting the complex system that is the
electric grid, rather it is meant to provide a better
representation of the grid companies’ task than the
currently used variables.
Furthermore, we consider whether a power distance metric can capture the effect of hourly demand variability on grid losses. Any metric that
is aggregated to yearly level will be indicative of
total (or maximum) energy delivered but will not
reﬂect the variability of instantaneous power. For
grid losses, however, the variation of demand has
a large impact.
A simple approach to analyse the variability of
demand and power distance throughout the year is
a comparison of different percentile values. This
was also discussed in 4.4.2. As an example, the
75th percentile of demand reﬂects that in 75% of
cases the demand will be below this value. The
difference of the 75th percentile and the mean, then
describes a range in which the demand lies in 25%
of hours. With larger variability in the hourly values
the delta between two percentiles will increase, as
will the grid losses.
In Figure 6.7 we compare this delta of power
distance measures to the actual losses in the distribution grid for each company. The delta power
distance is calculated based on the 75th percentile
and mean power distance from the artiﬁcial grid
method built with maximum demand. For comparability the values are scaled to the maximum. For
both cases the relative ranking of grid companies
is the same. Glitre has the highest grid losses and
highest variability of power distance, followed by
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Figure 6.7.: Grid losses (2019) compared to the difference of 75th percentile and mean power distance
(delta PD) based on artiﬁcial grid, scaled to maximum

Mørenett. For the smaller companies the relative
values are higher for the loss estimate based on
power distance than for the actual grid losses.
In this context it has to be noted that the power
distance is taken for the HVD grid only. Both Jæren
and Klepp operate mainly 400 V lines in the lowvoltage distribution grid which may contribute to
lower actual grid losses. To cover all grid levels
a similar metric could be applied to a combined
parameter.
Despite the similarity of the two parameters
in Figure 6.7, the low number of analysed grid
companies does not allow for a ﬁnal conclusion as
to whether this metric is a suitable proxy for grid
losses. In general, grid losses are driven by several
factors related to the grid properties and a measure
for demand variability will never be able to capture
all aspects.

6.4. Accounting for reliability
Another crucial aspect of grid operations is the
reliability of power supply, i.e. the continuity and
quality of supply. While an idealised grid method
built with maximum demand assumes a system
that can supply all customers in all hours, a real
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grid system will experience challenges in supplying
customers in certain situations. Occurring outages may be a result of insuﬃcient power supply,
voltage or frequency ﬂuctuations or component
failure.
As part of the Norwegian income regulation,
reliability is accounted for through a direct deduction of Cost of Energy not Supplied (CENS)
from the total allowed income. In addition, the
CENS form part of the cost base that describe the
total costs of a grid company. Consequently, the
socio-economic cost of outages is reﬂected as a
cost driver for grid companies. When considering
the task in the current performance benchmarking,
providing reliable power is not accounted for directly. Though the length of lines in the high-voltage
distribution grid and the number of substations
may include assets that improve security of supply,
they are not exogenous measures of customers’
demand for reliability. In the context of introducing
new output parameters for the DEA model, it is
worth discussing if and how reliability should be
reﬂected as part of a grid company’s task.
Both studies [1] and [2] brieﬂy touched upon
the topic of reliability through redundancy of lines.
Apart from the power ﬂow based power distance
introduced in [2] all computation methods for the
power distance, including those proposed in this
study, rely on a radial grid system. As a result,
investments to improve security of supply such as
meshes and parallel lines, are not accounted for. A
grid company will have additional costs for assets
that ensure reliable supply, but these investments
would not be reﬂected as part of the task.
We identify it as challenging to include such
investments in the power distance measure for
two reason. Firstly, data on the existing grid infrastructure is not available in suﬃciently high quality.
Secondly, using data on real grid assets reduces
the exogeneity of parameters.
Instead, it should be investigated how customers’ demand for reliability can be reﬂected in
the DEA benchmarking. To discuss the aspect
of reliability we initially evaluate how security of
supply can be treated in the calculation of a power
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distance parameter before referring to the study
[7] which provides a more detailed analysis of variables for capturing the demand for reliability.
Though the assumption of a radial grid does
not reﬂect redundancy, the choice of yearly aggregation can reﬂect reliability of supply to a certain extent. As an example, the use of the 75th percentile
implies that the grid companies’ task is to reliably
supply customers in 75% of cases. The remaining
25% of hours where demand is higher are exceptional situations for which it is not economical to
dimension the grid. The resulting total cost for the
grid company are a compromise between CENS
as a result of outages and investment costs that
improve security of supply. The choice of percentile demand can depend on customer groups and
their speciﬁc requirements for continuity of power
supply.
In the scope of this project we did not further
analyse the aspect of reliability. A separate study
was conducted to analyse variables for capturing
the demand for reliability [7]. The report describes
an approach to estimate the demand for reliability
of different customer groups based on the CENS
functions. Furthermore, the possibility to integrate
the demand for reliability into an exogenous output
variable is analysed.

6.5. Handling of large datasets
In previous studies of the power distance parameter the challenge of data availability and data
quality was discussed extensively. As it was concluded that real grid data was not available in sufﬁciently high quality, we focus on methods with
lower data requirements in this report.
Despite the lower data requirements compared
to methods that use real grid data, the required
datasets are very large. Each method to compute
the power distance requires geographical information of all nodes (metering points, substations and
transformer stations) as well as hourly metering
data for all customers.
For our analysis we used the datasets provided
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by Multiconsult and performed some additional
stations not having any assigned demand and
quality assurance. We are aware that certain steps
thus not contributing to the power distance.
in the data processing may impact the outcome of
Computation time and complexity To implement
our calculations but have decided to refrain from
the methods described in this report for all
manually adjusting the received data. Instead we
Norwegian DSOs, increased attention should
choose to discuss potential challenges related to
be paid to improving the eﬃciency of the methinput data.
ods. The methods could be improved both
Some challenges are outlined below:
in terms of speed and memory usage. ImInconsistency between grid companies DSOs
proved eﬃciency could e.g. be achieved by
may use different tools to handle and extract
improving LVD methods with complexity O(n2 ),
data. We observed that the raw data received
and switching to more eﬃcient data handling
from the grid companies in the reference
packages in python.
group varied in formatting. This applied to
Scalability Mergers of DSOs create larger grid
coordinate systems for geographical data,
companies. The largest company in this study
which differed between WGS84 and UTM32.
was Glitre, with approximately 95000 customFurther, smaller deviations were also observed
ers. Norway’s largest grid company, at the
for time formats, separator values and choice
time of writing, is Elvia with approximately two
of data types.
million customers. For the proposed methWrong coordinates In some cases, errors in the
ods to be applied on large scale, more autogiven coordinates were also observed. Part
mated procedures for data handling and errorof the explanation for this was a switch of
checking will be needed. For analysis with ﬁle
coordinates, i.e. that x-coordinates are given
sizes 20 times larger than used in this analysis,
for y and vice versa. This corresponds to what
more effort should be spent developing more
was also pointed out by SSB [8]. This was
eﬃcient algorithms, both in terms of speed and
manually corrected in the pre-processing of the
memory usage.
data, and automatically corrected in the methods described in this report.
Mismatch of datasets Metering data and geographical data need to be matched based on
a unique ID for each metering point. In some
cases, not all metering points were included in
both datasets. We removed all nodes where
either geographical or metering data was not
available.
Missing Data and Outliers Real world data, especially when compiled from different sources
is prone to errors. Despite quality assurance
in the pre-processing phase, we encountered
some erroneous data entries for both geographical and metering data.
GDPR compliance In the pre-processing of data
Multiconsult performed a correction to ensure
GDPR compliance. This resulted in some sub-
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6.6. Geographical challenges

It is important to emphasise that the methods we
propose do not attempt to build a realistic grid,
neither in the HVD grid where we apply an idealised
grid method nor in the LVD grid where we use
simpliﬁed methods to reﬂect demand distribution.
The methods attempt at reﬂecting the task of grid
companies based on demand data and location of
customers.
However, the tasks of grid companies can vary
signiﬁcantly depending on the geographical conditions of the licensing area. Supplying customers
with the same demand and distance to a substation becomes more challenging in different terrain
or in areas with harsher weather.
For the DEA model a correction for external
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conditions is applied 6 . The results of the DEA
model are adjusted based on the external geographical and climatic conditions of each grid company. The applied corrections in the distribution
grid are:
Share of underground cables
Share of lines in fast growing forests
Geo1 a combination of terrain steepness, connection of small scale generation and lines in
deciduous forest.
Geo2 a combination of wind speed, distance to
shore, number of islands and share of subsea
cables

Figure 6.8.: Example of an idealised grid built with
Prim distance

Geo3 reﬂecting challenges related to climatic
conditions during winter including shorter days
and the amount of snow and ice on power lines
Currently the correction is performed by overlapping the geometry of existing lines with maps
that represent climatic conditions, topography,
land use and other relevant information.
There are two aspects that need to be discussed when considering geography for the power
distance as a DEA variable: 1) Reﬂecting the external conditions that impact the existing grid and
related costs and 2) Ensuring objective results for
the power distance based on an idealised grid. For
the ﬁrst point the correction of external factors
remains valid in the same way in which it is applied
today even if the power distance is introduced. It
is a proxy for increased costs due to more challenging geographical and climatic conditions at the
location of each line. For the second aspect a correction similar to the rammevilkårskorrigering may
not be the most suitable approach. As the idealised
grid does not consider external conditions in the
building process, an ex-post correction can create
skewed incentives. The focus for the power distance calculation should be on ensuring that the
line length in the idealised grid is not strongly underestimated for companies with challenging external
conditions.
6

Norwegian: rammevilkårskorrigering
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We did not perform a detailed analysis on this
aspect but from the grid systems of the reference
group we observed that the location of substations
is a good indicator of geographical conditions.
In most cases, substations are positioned along
obstacles or challenging terrain. As a result, the
idealised grid will follow the path suggested by
the position of substations thereby avoiding fjords,
mountains and other challenging terrains. An example is shown in Figure 6.8 where the idealised
grid system follows coastlines and valleys as it is
led by the location of substations. In the case of the
Prim demand this trend is less strong, and some
long lines may cross diﬃcult areas due to high
demand of nodes.
In further work, it should be analysed how
strongly the idealised grid deviates from the real
grid and how likely it is for lines to cross challenging
terrain. An overlap with GIS data similar to the
method used for the rammevilkårskorrigering can
provide insight into what terrain type is crossed by
the idealised grid. Such an analysis would have to
be performed for a larger sample of grid companies
to be able to draw general conclusions.
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6.7. Further input from the reference group
Aside from the points elaborated on in the previous
sections certain concerns were raised by the grid
companies from the reference group. This section
will summarise some of the main feedback that has
not been covered before.
It was noted that the idealised grids do not
consider available capacity of lines and transformer stations.
We argue that the idealised grid methods
do not attempt to construct a real grid or account for all limitations. Instead the methods
aim at reﬂecting the task of grid companies
in a simpliﬁed way. Even in methods that
considered real grid data (see the power ﬂow
power distance in [2] component speciﬁcations
were simpliﬁed to avoid the need for additional
data.
Concerns were raised about whether grid
companies have the possibility to manipulate
the output through investment decisions and
placement of substations.
Though grid companies may replicate the
proposed methods and include the computation in the planning of investment decisions,
we have shown that the proposed methods are
robust to changes in input. In most cases the
range of possible placements of a substation
should not drastically impact the output. Furthermore, such speculative behaviour is possible with today’s variables too a larger extent
and grid companies have commented that investments are made to beneﬁt long term grid
development rather than improving the allowed
income in single years. The methods may
be more sensitive to the placement of transformers but such assets operate on a higher
grid level and are thus subject to different permitting processes.
The question of whether companies that operate both the regional and distribution beneﬁt
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from the idealised methods was raised.
Related to the previous point, we assume
the regulatory framework on higher grid levels
is designed to ensure that the speculative
placement of transformer stations to increase
output parameters is not easily possible.
In the case of grid companies that own assets
in both the regional and the distribution grid
it was mentioned that some nodes may be
included in the datasets, and thus be available
for the idealised grid methods, while they are
not operated by the DSO in reality.
In the idealised grid methods such transformers typically see no connections and thus
have zero power distance. In this case, the real
situation is reﬂected. To ensure that the actual
situation is always well reﬂected, additional
steps for quality assurance of data should be
implemented on the side of DSOs.
The importance of incentivising eﬃcient operation on both grid levels and in particular building 400 V lines in the LVD grid was emphasised.
The concern that installing 400 V lines may
have detrimental effects on the current benchmarking parameters was a main motivation to
consider power distance methods in the LVD
grid. In theory, lines with higher voltages will allow for longer distances and fewer substations
in the LVD grid. With the proposed methods
this will result in a higher power distance in
the LVD grid and, depending on the method to
combine grid levels, a higher total output.
As we remove nodes where either geographical
or demand data was missing it was suggested
to keep all nodes with geographical information for the process of building an idealised
grid.
We analysed the effect of keeping nodes
without demand in the system in Section 6.1.1.
It was shown that removing nodes without demand data results in slightly different grid topologies for methods that use demand as input
for gird building. The effect is largest for the
Prim demand method.

65

Methods for calculating power and energy distance

Concerns were raised about the method for aggregating demand to substations that resulted
in some substations without demand due to
GDPR considerations.
In the pre-processing step data was aggregated to substation level with consideration to GDPR requirements. This resulted in
some substations with zero demand. These
substations can be included in the process of
building an idealised grid (see previous point)
but will not contribute to the power distance.
The total demand of all metering points will still
be considered but it has to be analysed in more
detail how large the impact of re-assigning for
GDPR compliance is on the output.

Prim distance method was least affected. This
was to be expected, given that the method does
not consider demand in building the grid. For the
remaining two methods the effect on the power
distance was quite similar, while the line length was
most stable for the artiﬁcial grid method.

Robustness in the LVD grid For the LVD grid an
analysis of hourly power distance results showed
that the Euclidean distance is most susceptible to
changes in demand of individual customers. The
customer density method exhibited the clearest
linear trend between power distance and demand
scaled by 𝛼, while the angular proximity sees some
outliers, likely caused by customers that are not in
the same angle as others. A further assessment of
removing metering entries showed that the mean
demand is most affected by missing metering data.
6.8. Summary of mitigation of
Maximum and 75th percentile demand are affected
less, unless the maximum values of several meters
challenges
are removed. A Monte-Carlo simulation of removing meters from the datasets showed that the an6.8.1. Robustness of methods
gular proximity power distance is least affected
We performed a number of analyses on the robust- on average though extremes may be more proness of methods in the HVD and LVD grid.
nounced. The customer density method showed
the second least decrease with removed meters
Robustness in the HVD grid In the HVD grid we
and exhibited the lowest spread.
analysed how the removal of a certain percentage
of substations affects the line length, demand and
power distance. It was shown that the line length 6.8.2. Accounting for generation and
and demand decreases with removed substations,
power exchange
with certain exceptions, for example if generation
nodes are removed. The artiﬁcial grid method It was described how the methods to compute a
yielded the most consistent results, followed by power distance account for distributed generation
the Prim demand. The Prim distance method and power exchange with neighbouring grids. For
showed lower mean deviations in power distance methods in the HVD grid that use demand for
but exhibited the largest spread, and thus lowest building the grid, the absolute value of net demand
robustness of results. Further analyses were per- per node is used. As a result the idealised grid
formed to quantify the effect of missing data on will be dimensioned to export maximum generation
hourly or yearly level. Through a Monte-Carlo sim- and supply maximum demand to each node. For
ulation of removing certain hours per substation the computation of the power distance, the net
it was shown that all aggregated demand metrics demand is used, where generation will alleviate the
are suﬃciently stable. The maximum demand is power ﬂow induced by demand along the same
most affected by the removal of hourly data. For line. Power exchange with other grids is reﬂected
the removal of yearly data, i.e. substations that by the required import to supply demand, or export
have geographical data but no metering data, the to transfer excess generation. The radial grid ar-
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chitectures, however, do not allow to reﬂect power
ﬂows from one neighbouring grid to another.

6.8.3. Reﬂecting grid losses
We introduced two analyses on reﬂecting grid
losses based on the power distance methods in the
HVD grid. A power ﬂow analysis on the idealised
grid systems underestimated the real grid losses
as the properties of the real grid such as component speciﬁcations and system layout (meshes,
parallel lines) cannot be accounted for. A simple
approach that uses the variability of demand as a
proxy for grid losses was shown to correlate to the
real grid losses for the analysed grid companies.
The difference between power distance calculated
with mean demand and 75th demand was used to
reﬂect the variability of load.

6.8.4. Handling large datasets
We described challenges we encountered with the
datasets used in this project. These range from
inconsistencies in format, to missing data and
scalability. We recommend additional effort to be
put into improving the eﬃciency of data handling
and computation methods.

6.8.5. Geographical challenges
Geographical conditions are not accounted for
when building the idealised grid or computing a
power distance based on demand distributions.
We argue that the currently applied geography correction in the DEA should be maintained on the
existing grid. This reﬂects the cost associated
to building infrastructure in different geographical
and topological conditions. Applying a similar correction to an idealised grid may lead to skewed
incentives.
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7. Evaluation
In Section 2.2 we described the most important
factors for a suitable DEA benchmarking output.
Optimally, an objective parameter should be highly
exogenous in representing the task of the grid company with low requirements for data and computational effort. Additionally, the parameter should
be intuitive to understand and comparable between
grid companies with different external conditions.
After computing the power distance using three
methods on each grid level we can analyse the suitability of each parameter based on the mentioned
key factors. Additionally, we evaluate the choice of
input parameters for building an idealised grid, the
combination of results for both grid levels and the
aggregation to yearly output parameters.
This section will provide a qualitative evaluation of the following:
Building and idealised grid
Power distance methods in the HVD grid
Power distance methods in the LVD grid
Combining HVD and LVD results
Yearly parameters

7.1. Evaluation of building an
idealised HVD grid
As mentioned in Section 5.1.1, different parameters need to be selected to build an idealised grid.
Under the premise that the grid should be built to
withstand peak demand and that the connections
in the grid should reﬂect these investment costs,
we argue to use the maximum demand at each
substation as input to the HVD methods in the grid
construction step. It should be noted, however,
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that the choice of demand yielded almost no difference in the total grid’s line length nor in the power
distance calculations, allowing some freedom of
choice in this parameter.
When determining the licensing areas, it is recommended that the closest assignment is used,
as the parallel optimisation would penalise the
grid companies for an element that is not under
their control (such as the transformer placement).
However, the best choice should be determined
through a comparison against real data. A possible
issue with these assignments, and which might
affect the power distance results, was that some
transformers were left without any assigned substations. This behaviour occurred independently of
the chosen method but did so more often through
the use of a parallel assignment. We also saw that
the parallel assignment performed slightly worse
than the closest assignment in terms of robustness.
We therefore conclude that the reference grid
used throughout the results, reﬂects the recommended conﬁguration when building the grid used
for the power distance calculations. Together with
the yearly metric suggested in Section 7.5 and
which was introduced in Section 4.4.3, different
investments and costs can be reﬂected in the ﬁnal
output parameter.

7.2. Evaluation of HVD methods
Table 7.1 summarises the suitability of each power
distance parameter with respect to these factors.
A more detailed description will be provided below.
Task representation The aim of the methods described for the HVD grid is to capture the task
of delivering power to the customers. The task
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Table 7.1.: Evaluation of key considerations for methods in the HVD grid
Prim distance

Prim demand

Artiﬁcial grid

Task representation
Exogeneity
Data requirements

low
high
medium

medium
high
medium

high
high
medium

Computational effort
Intuitiveness
Robustness

medium
high
low

medium
medium
high

high
medium
high

low

medium

high

Overall suitability

representation for the Prim Distance method is
considered to be low, as it uses only one input
when building the idealised grid, failing to capture
other decision factors. As was observed in the
built grids, it is very unlikely that such long central
lines with fewer branches are built in a real system. This behaviour is likely to overestimate the
task of delivering power and lead to misleading
conclusions. For the Prim Demand, it is considered
to capture the task better than the Prim Distance
method, as it includes demand as a decision factor
when building the grid. By taking into consideration the demand, the method tries to connect the
large customers/generators ﬁrst. This behaviour,
represents to some extent the decisions taken to
provide reliability in the grid. The artiﬁcial grid is
considered to represent the task to a similar extent
as the Prim Demand method as it also accounts
for demand and distance when building the grid.
The behaviour of building branches to distribute
the effort of delivering power between the grids is
closer to the real grid.
Exogeneity All methods are considered highly
exogenous, as the DSOs cannot control the demand of each customer nor their location in the
grid. Additionally, the location of the substation
are constrained by multiple factors, such as the
geography and external conditions. As mentioned
in the previous reports [2], although there is an incentive for the strategic location of substations, the
decision is likely constrained by technical issues
and location of the LVD customers. As all the grid
methods use the same input for the power distance
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calculations, all rank the same for this criteria.
Data requirements All methods require the same
input to calculate the power distance output parameter. Although the grid built using Prim distance
is exclusively based on geographical locations, demand values are necessary to calculate the power
distance parameter. Overall, the geographical location of the transformers, and of the elements
connected to it must be provided as the ﬁrst input
to the methods. This includes all substations and
customers operating at grid level 3. Additionally,
aggregated hourly data is needed for all the substations and customers at this level. The requirements
are described as medium, compared to methods
based on real grid data that were evaluated in
earlier studies of the power distance [2].
Computational Effort The Prim demand and
Prim distance methods use the same algorithm
for calculating the grid, where only the edge cost
is deﬁned differently. Therefore, they both have
the same computational requirements which are
considered to be medium. Once a matrix of
distances between points has been calculated,
the algorithm then proceeds to calculate the
connections in sequential steps. On the other
hand, the artiﬁcial grid method is considered to
require a higher computational effort. The reason
behind this is the consideration of the effect every
connection point has on the entire system. As more
connections are performed, and the possibility
of connection points is increased, the algorithm
takes longer to compute. Compared to the other
methods, the time requirements for the algorithm
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were considerably higher, especially for the larger with missing geographical data, the methods did
companies. Computational effort increased for all not present with disproportionate variations commethods with the use of parallel assignment. This pared to the amount of missing data.
effect was largest for the artiﬁcial grid method.
Overall suitability In overall suitability, the Prim
Intuitiveness The Prim demand algorithm is con- distance is considered to have a low suitability due
sidered to have a high intuitiveness score. The to the omission of some decision factors when
reasoning behind the algorithm of connecting the building the grid, and therefore misrepresenting the
next closest point to the grid is quite transpar- effort of delivering power to the grid. Although it
ent and easy to understand. The Prim Demand is a very intuitive and simple algorithm, it presents
method, although based on the same algorithm as a low score in robustness and fails to capture
the Prim distance, is considered to have a medium the task of delivering power to customers well.
intuition score. The change in the edge cost deﬁn- Secondly, Prim demand is considered of medium
ition increases the complexity for understanding, suitability, as it considers different decision drivers
where we deﬁne that the cost of each edge is when building the grid. It is fairly intuitive and the
dependent on the newly connected demand. In the computation time is not high when compared to
case of the artiﬁcial grid, the intuitiveness is also the artiﬁcial grid method. Lastly, the artiﬁcial grid
considered medium, as the concept of connecting method is considered highly suitable, as it conthe next closest point to the transformer to the a siders different decision drivers when building the
point where it increases the power distance the grid. It also provides an incentive for an eﬃcient
least, is easy to grasp. However, one needs to grid planning, as it build a system considering all
familiarise with the concept of power distance and the points in the system. Although the computawhat it represents in a grid.
tional effort is higher than the other methods, computation time is still within reason. This method
Robustness The Prim distance method is evalalso proved more consistent in robustness results
uated to have a low robustness compared to the
than the other methods. All criteria combined
other methods, which rank as high. From the royield the artiﬁcial method the most suitable method
bustness analysis, it is observed that the method
among those studied in this report. As a ﬁnal
is particularly sensitive to missing geographical
comment on the used methods, it is important to
data which led to high variations in power distance
consider that in all, a radial system is used for the
results compared to the base case. In terms of
representation of the DSOs task, which might lead
demand data, the method tends to have higher roto lower incentives to guarantee security of supply.
bustness due to the exclusion of demand in the grid
building step. However, inclusion of zero-demand
nodes could lead to increase power distance res7.3. Evaluation of LVD methods
ults, which although capturing the investment decisions, is likely to overestimate the task of delivAn overall evaluation of the LVD methods is presenering power to the customers. The artiﬁcial and
ted in Table 7.2.
Prim demand methods showed a similar variation
in power distance when faulty hourly and yearly Task representation The methods should capdata was present, as discussed in Section 6.1.1 ture the task of the DSO to a certain extent. The
and 6.1.1. Although variations in estimated sys- task of supplying power to the customers should be
tem length were different, only variations in power reﬂected, but also partly how the DSOs operate in
distance are relevant as an output for the DEA terms of line construction and operation. The task
analysis, and the methods are therefore considered representation of the Euclidean method is therefore
similar in this dimension. In terms of robustness stated as low, since this method considers every
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Table 7.2.: Evaluation of key considerations for methods in the LVD grid.
Euclidean distance

Customer density

Angular proximity

Task representation
Exogeneity
Data requirements

low
high
medium

medium
high
medium

high
high
medium

Computational effort
Intuitiveness
Robustness

low
very high
medium

low
high
high

medium
low
medium

low

medium

medium

Overall suitability

individual customer, both in terms of line length
and demand. On the other side of the scale is
the angular proximity, since this method considers
the proximity to other customers when considering
the distance. This is a better representation of
the task of the DSOs, since surrounding customer
are also considered when constructing the LVD
grid. Metering points at an angle not close to
other metering points are considered as individual
customers, which represents the task well. In
between these two methods is the customer density method, which does consider multiple metering
points in an area. However, since this method
considers all metering points around a substation
regardless of angle, this method will only consider
individual metering points when there is only one
connected metering point to a substation. For
these reasons, the customer density is evaluated
as medium at representing the task of the DSO.
Exogeneity All methods in the LVD grid are considered to be highly exogeneous. Although there
are ways to affect the result, this includes either
manipulation of the provided data or the strategic
placement of substations. Further, the data required for all methods is approximately similar, and
therefore the exogeneity for all methods is considered to be high.
Data requirements The data requirements for all
methods are evaluated to medium, with similar
data requirements for all methods. The data requirements include metering values for all metering
points throughout the year. Further, geographical
coordinates of all metering points, substations are

© THEMA Consulting Group (2020)

also required. Being closer to high than low in
terms of data requirements, the main issue is the
large datasets, and extracting the required data in
a consistent form.
Computational effort The computational effort
of both the Euclidean distance and the customer
density is considered to be low. As both methods
are straight-forward, the methods can be optimised
in terms of parallelisation if desired. Also here,
the handling of large datasets remains a key challenge, but can be optimised with use of more eﬃcient packages and / or programming languages.
The computational effort of the angular proximity
method is denoted as medium, due to the calculation of both distance between substation and
metering point, followed by creating the continuous
angular distribution of metering points around the
substation.
Intuitiveness For the transparency of the DEA
model, and the isolated power distance metrics,
the desire for an intuitive method should also be
mentioned. In this sense, the Euclidean distance
is described as being very intuitive, since the direct
line between substation and metering points enters
into the model directly. Explaining the output from
this method is therefore highly transparent, and
directly dependent on load proﬁles and distance
between metering point and substation. For the
customer density, the intuitiveness is slightly lower,
and the effects from individual metering points
are not as transparent. However, as it should be
quite intuitive to consider the area around each
substation and the corresponding demand, the in-
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tuitiveness of this method is considered to be high.
The intuitiveness of the angular proximity method
is considered to be low, due to the use of scaled
normal distributions, which are then transformed to
a continuous distribution and integrated. While the
principle of the method is easy to understand, the
intuitiveness of the mathematical implementation,
especially the scaled normal distribution and integrals is low. Fully understanding the method may
require experience with calculus.

7.4. Evaluation of the methods
for combining HVD and LVD
methods

In Table 7.3 the evaluation of methods to combine
grid levels is summarised. The evaluation in this
section is independent of the choice of methods in
each grid level, unless otherwise speciﬁed.
Below we provide more detail on the evaluation
of proposed methods based on the main criteria of
Robustness The robustness of the methods was
suitability.
discussed in detail above, but in terms of both
the correlation between system demand and power Task representation In terms of representing the
distance, and the effect from the Monte-Carlo sim- task of grid companies using separate DEA variulation, the customer density was found to be the ables ranks highest. Each variable reﬂects the
most robust method in this study. The robustness task of supplying power to connected nodes on
of the Euclidean distance was found to be slightly one grid level. The use of one method for the
lower, mainly due to the higher weight on individual entire grid system has the second highest score
customers. While the angular proximity ranges for task representation. By building one system
from transformer station to customers, the real
between these methods.
situation is well reﬂected, though cost differences
Overall suitability First of all, the fact that none
in grid levels are not accounted for. The simple
of the methods described for the LVD grid is ranked
sum of power distances is considered low in terms
to have a high overall suitability is due to the simof task representation as the cost difference in
pliﬁed methodology in the LVD grid. The medium
two grid levels is not considered. A cost weighted
overall suitability therefore takes into consideration
sum is considered an improvement and thus ranks
the compromises necessary with the amount of
medium. For the integrated calculation the task
data in the LVD grid. Therefore, it might be that a
representation is estimated to be low, because
medium overall suitability is suﬃcient, all factors
using a power distance from the LVD as input in
considered, as long as the task of the DSOs is
the HVD skews the results towards the high-voltage
covered well enough. The Euclidean distance is
grid. For this method, the resulting parameter is no
considered to have low overall suitability. This
longer a power distance in the traditional sense.
method was investigated for its simplicity, but is
evaluated to be slightly too simple for further use. Exogeneity In terms of exogeneity almost all
As the intuitiveness and computational complexity methods of combining grid levels are considered
of the customer density method is not far behind, to rank at high. For their computation no additional
this method is considered to be better in terms data or assumptions are required compared to the
of overall suitability. With the best representation calculation on individual grid levels. It is unlikely
of the task, the angular proximity method has an that the grid companies can affect the calculation
advantage. However, due to the low intuitiveness for the proposed methods. Only in the case of the
of the method, and the higher computational com- cost weighted sum we suggest that exogeneity is
plexity, this method is also evaluated to have an medium as the cost scaling parameter has to be
overall suitability of medium. The angular proximity deﬁned outside of the calculation and will depend
method is considered to have the highest overall on additional assumptions. Note that the exogensuitability of the proposed methods in this report. eity of the ﬁnal output will strongly depend on the
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Table 7.3.: Evaluation of key considerations for methods to combine grid levels
sum

costweighted
sum

integrated
calculation

separate DEA
variables

one method

Task representation
Exogeneity

low
high

medium
medium

low
high

high
high

medium
high

Data processing
Computational effort
Intuitiveness

medium
medium
high

high
medium
high

low
high
low

medium
low
medium

very high
very high
high

Overall suitability

medium

high

low

medium

medium

choice of methods in each grid level.
Data processing The suggested methods differ
greatly in terms of data processing requirements.
For this evaluation we consider all data processing
steps required to calculate parameters for each
grid level and combining them to one output. The
integrated calculation has the lowest data processing effort as demand per customer is directly
used in the LVD calculation. The results from the
low-voltage grid can be used in the HVD calculation without further processing steps. The use of
separate DEA parameters has the second lowest
requirements. Data needs to be aggregated to
substation level for the HVD calculation but once
a power distance is computed per grid level no
further processing is required. The sum of power
distances is also considered to have medium data
processing needs. The input data is the same as
for the separate variables and the only additional
step is the sum of outputs that can be taken directly from the LVD and HVD calculation. For a
cost weighted sum the need for data processing
increases as the cost scaling factor needs to be
determined and applied to the results per grid level.
Using one method for both grid levels increases
data processing as the grid systems need to be
combined for both levels.
Computational effort When considering the
computational effort the separate DEA variables
perform best. The use of separate DEA variables
is considered to have medium computational
effort. A power distance has to be calculated
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for each level but no further calculation steps are
needed. Methods that use a sum of variables per
grid level are considered to have slightly higher
computational effort. Applying the sum the the
power distance results is a simple task with very
low computation effort. The use of an additional
scaling factor increases the computation time
slightly but the effort remains low. An integrated
method is more complex in the sense that the
computation of in the LVD grid needs to be
coupled to the HVD grid calculation. The highest
computational effort is attributed to using one
method for the entire grid system as it would
require applying an idealised grid method on both
grid levels. Even a simpliﬁed approach using
average distances under each substation will be
challenging to compute.
Intuitiveness We consider three of the ﬁve methods to have high intuitiveness. The sum, the costweighted sum and the use of one method for the
grid system are relatively easy to understand. The
use of two DEA variables is ranked at medium as
it requires some understanding of the underlying
benchmarking model. The integrated calculation is
least intuitive, given that a power distance is used
as input for a second power distance calculation
for which the implications are diﬃcult to grasp.
Overall suitability When considering all mentioned criteria we can evaluate the overall suitability of methods to combine parameters from
the LVD and HVD grid. Note that a low ranking
in one category may disqualify a method despite
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high rankings in other aspects. We consider the
integrated calculation to have the lowest suitability
to be applied in the DEA model. The calculation
does not reﬂect the task well making it diﬃcult
to understand its implications. The fact that the
resulting parameter is of the form [𝑘𝑊 𝛼 𝑘𝑚]𝛼 ⋅ 𝑘𝑚
skews the weighting of grid levels and will thus
not reﬂect the true cost drivers in the grid. In
addition the computational effort is high. The use
of one method for the entire distribution grid has
medium overall suitability. This method is easy
to understand, reﬂects the task of grid companies
well and is highly exogenous. However, the very
high computational effort and data requirements
makes it challenging to apply this method for all
grid companies in Norway. The use of separate
DEA variables is less complex and requires fewer
computation steps. While the method reﬂects the
task well it may not provide suﬃcient incentives to
eﬃciently operate both grid levels. A company that
performs well in the HVD grid will not be incentivised to invest in improvements in the LVD grid.
The sum of power distances is considered to
rank medium for overall suitability. This method
has low data processing and computational effort
while being easy to understand. However, neglecting the difference in investment costs for assets
in different grid levels will not reﬂect the actual
task of grid companies suﬃciently well. An improvement on the simple sum by including a cost
scaling between grid levels leads to the highest
overall suitability. Though the addition of the costweighting factor reduces exogeneity, the ease of
computation, low data requirements and good task
representation make it the most suitable method.

7.5. Evaluation of yearly parameters
As was discussed in Section 4.4 different cost
drivers in the distribution grid can be reﬂected by
using different metrics of aggregated demand or
power distance. The choice of parameters for
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yearly aggregation affects the power distance output in three ways:
1. Through the choice of demand to build the grid
2. Through the aggregation of demand to compute the power distance or the aggregation of
hourly power distance
3. Through the combination of grid levels.
The implications of the choice of demand for
building the idealised grid were discussed in Section 7.1. It was concluded that using the maximum
demand to build the grid is a reasonable choice
for reﬂecting investments costs in a grid that is
equipped to withstand each customer’s historic
peak demand. Before addressing the choice of
yearly parameter for the power distance computation on each grid level, the effect on combining grid
levels needs to be discussed.
Depending on the choice of method to combine
grid levels, the possibility to introduce different
metrics per grid level differs. For the use of a
sum of power distances the same metric should
be used to compute the power distance in both
the LVD and HVD grid. If not, the choice of metric
will affect how grid levels are weighted towards
one another and the cost scaling may no longer be
valid. For the use of an integrated calculation or
one method for the entire system the aggregation
can only be applied once. Either to the demand
on metering point level prior to calculating, or to
the ﬁnal power distance of the entire system. In
the case of separate DEA variables the calculations
for each grid level are independent and allow for
choosing different annual metrics. Generally, cost
drivers will not differ strongly for the LVD and HVD
grid levels. Thus it can be argued that the metric to
compute the power distance should be the same
on both grid levels irrespective of how they are
combined.
We thus conclude, that the same yearly metric
should be chosen for the power distance calculation on both grid levels. As the investment cost
is reﬂected in the process of building an idealised
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HVD grid, we suggest using the mean as yearly
metric for the power distance in both grid levels.
To reduce the computational effort we recommend
aggregating the demand to an annual mean prior
to calculating the power distance. The power distance calculated from mean demand is identiﬁed
as a suitable proxy to identify operational costs.
Other cost drivers such as the administrative
costs, CENS or cost of losses should be captured
by other parameters. For the administrative costs
the number of customers as a DEA output parameter remains valid. For recommendations of how
to include CENS in the DEA model refer to the work
on variables for capturing the task of supplying reliability [7]. To reﬂect cost of losses the difference
between the power distances based on the 75th
percentile and mean demand was analysed. Given
the low sample of grid companies we consider
it too early to conclude whether this metric is a
suitable proxy or not.
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8. Recommendations and conclusions
This report is a continuation of previous work done
regarding a DEA output parameter to capture the
distribution of demand in the distribution grid. Several methods were investigated for both the HVD
and LVD grid levels. In addition, options for combining these two grid levels were investigated in this
report.
For the HVD grid, the artiﬁcial grid with marginal power distance was found to have the highest
overall suitability. To best reﬂect the task of the
DSOs , the maximum demand should be used when
building the grid. This will then consider the dimensioning of suﬃcient capacity for power transport
and the associated investment cost. We recommend to assign substations to the closest transformer rather than using the parallel assignment.
Further, the mean power should be used for calculating the power distance, since this describes the
task of the DSOs in operation. Operating the grid
is best represented with the mean demand, as this
is more representative for the majority of hours in
the year than the maximum demand. The mean
demand is also more robust in the power distance
calculations.
For the LVD methods, the angular proximity
method was found to have the highest overall suitability. Although being the more technical, nonintuitive method, the advantages of this method
outweigh its drawbacks. This method is slightly
more computationally complex than the other proposed methods. Though computational complexity remains low compared to the idealised grid
methods proposed in the HVD grid. However, this
method was found to be the best representation
of the task of the DSOs. The angular proximity method considers the relative position of the
metering points around the substation, and takes
into consideration whether to account for one or
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multiple lines going from substation to a group of
customers. Also in the LVD grid, the mean demand
is used to represent the task of the DSO while
calculating the power distance.
After evaluating the HVD grid and LVD grid
separately, several options for combining these
two in the DEA model were investigated. Using
the power distance of the LVD and HVD grid as
separate parameters in the DEA model would be
the most exogenous way of reﬂecting both grid
levels. However, a single combined parameter will
provide better incentives to improve eﬃciency on
all grid levels. For combining the two grid levels
into one parameter, the cost-weighted sum is found
to be the best method. This is argued to be the
best representation of the task, where the average
costs per length of line in the two grid levels is
used as a scaling factor before summing the power
distance outputs. It must, however, be noted that
more work should go into this speciﬁc combination
of grid levels, as other DSOs than the ones included
in this study might have deviating effects from what
was observed in this work.

8.1. Further work
There are several topics which are of interest to
investigate further in continuation of this project.
First, we want to emphasise the importance
of analysing the proposed methods on a larger
sample of grid companies and ideally all Norwegian DSOs. It is crucial to investigate the effect
on other DSOs than the ones includes in this project. Including larger variety of DSOs would lead
to improved statistical analyses of the results, with
clearer conclusions on which trends can or cannot
be drawn from the proposed methods. A larger
variety in geographical conditions would further
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shed light on whether these methods discriminate larger datasets, increased attention should also
or reward certain geographies unintentionally.
be paid to improving the implementation of the
Another important aspect of further work with methods described in this report.
the power distance parameter should go into better
understanding the incentives the different options
cause. The consequences of adding these parameters in the DEA model has not been discussed
in length in this project as the sample size was
too small to make deﬁnite conclusions. It was not
possible to replicate the DEA model using a power
distance with the available data. Special attention
should be given to methods for combining the HVD
and LVD grid levels. The combination of grid levels
would beneﬁt from further considerations, where
e.g. separate 𝛼 parameters could be investigated in
the LVD and HVD grid. Separate 𝛼 parameters for
the two grid levels are a possibility to distinguish
between the economics of the two grid levels, as
costs and economies of scale might differ between
the two levels. If an analysis for all Norwegian
grid companies is performed the combined parameters can also be compared to the currently used
DEA parameters. A large enough sample size
would make it possible to perform a benchmarking
between companies and draw further conclusions.
For the angular proximity method proposed in
the low-voltage distribution grid the choice of the
standard deviation 𝜎 should be analysed in more
detail. The distance and angles between customers in the real grid can be used as a starting point.
For the HVD network and the proposed idealised grid methods a detailed comparison to the existing grid should be performed. A further valuable
assessment is the use of GIS data on terrain speciﬁcations to analyse in which cases the idealised
grid methods cross challenging terrain that would
not be suitable for building a real grid.
Lastly, if larger datasets are used for further
investigations, the need to automatically ensure
that these datasets are error-free persists. In this
work, several manual procedures were performed
to clean and evaluate the quality of the data. To
obtain an improved data quality for improved evaluation of the method, additional automatic steps for
data handling should be developed. For handling
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A. Terminology
Grid company Distribution system operator (DSO) that operates the low-voltage and high-voltage
distribution grid. From the Norwegian term nettselskap.
License area Area in which one DSO operates the grid. From the Norwegian term konsesjonsområde
Metering Point Node where a ﬁnal consumer is connected to the low-voltage distribution grid.
Substation Transformer between the low-voltage distribution grid (grid level 4) and the high-voltage
distribution grid (grid level 3)
Transformer station Transformer between the regional grid (grid level 2) and the high-voltage distribution grid (grid level 3)
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B. Tables
B.1. Robustness Results
The tables referred to in this section, correspond to the robustness results for Section 6.1.1. They
summarise the spread in demand, line length, and total demand percentage change.
Table B.1.: Maximum and minimum values observed in total demand change for all companies. (-) values
represent a decrease in total demand, (+) values an increase in total demand
Method

% Substations
Removed

Glitre

Mørenett

Jæren

Klepp

Change in total demand (%)
All methods

1
5

1.2 to -1.9
-3 to -7.5

-0.5 to -1.7
-3.6 to -6.6

-0.2 to -7.5
-2.2 to -17

-0.2 to -4
-2.2 to -15.8

10

-7.3 to -13.2

-8.3 to -12.2

-5.9 to -21.7

-4.9 to -21.5

Table B.2.: Maximum and minimum values observed in line length change for all methods and companies. (-)
values represent a decrease in line length, (+) values an increase in line length
Method

% Substations
Removed

Glitre

Mørenett

Jæren

Klepp

Change in line length (%)
Artiﬁcial

Prim Demand

Prim Distance
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1
5
10
1

-0.2 to -0.7
-1.7 to -3.3
-4 to -6
-0.2 to -0.9

-0.1 to -0.9
-1.3 to -2.9
-3 to -5.5
0 to -0.8

0.2 to -1.5
-0.7 to -4.3
-3.4 to -7.6
0.3 to -1.7

-0.1 to -2.3
-0.8 to -5.2
-2.6 to -9.4
0.5 to -2.3

5
10
1
5
10

-1.8 to -3.1
-3.9 to -5.9
-0.2 to -0.8
-1.7 to -3.1
-3.8 to -5.9

-1 to -3.1
-2.8 to -5
-0.2 to -0.8
-1.3 to -3.3
-2.9 to -5

-1.2 to -4.5
-3.5 to -7.9
0 to -1.8
-1.6 to -4.1
-3.5 to -7.6

0.3 to -4.7
-2.1 to -8.1
0 to -2.5
-1 to -4.7
-2.9 to -8.4
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Table B.3.: Maximum and minimum values observed in power distance change for all methods and companies.
(-) values represent a decrease in power distance, (+) values an increase in power distance
Method

% Substations
Removed

Glitre

Mørenett

Jæren

Klepp

Change in Power Distance (%)
Artiﬁcial

Prim Demand

Prim Distance

1
5
10
1
5
10
1
5
10
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-0.2 to -1.9
-2.2 to -4.7
-5.2 to -8.6
0.2 to -2.1
-1.8 to -5
-4.2 to -8.7
0.7 to -1.7
-1.2 to -4.6
-3 to -8.8

0 to -1.1
-2.2 to -4.5
-4 to -8
0.2 to -1
-2 to -4.6
-4.7 to -7.4
0.1 to -1.7
-1.8 to -4.6
-4.2 to -8.8

1.6 to -3
-0.7 to -7.1
-3.7 to -12.6
1.8 to -2.4
1.2 to -5.9
-2 to -9.7
2.4 to -1.9
8.4 to -5
18.3 to -9.8

0.3 to -3.4
-1 to -6.9
-4.3 to -13.9
0.5 to -2.4
-0.5 to -6.5
-1.8 to -16.8
0.7 to -4.7
-0.1 to -8.7
-2.4 to -12.4
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C. Figures
C.1. HVD grids
In this section we illustrate the resulting grid for Klepp after using the described HVD methods of Section
4.1. Results shown here represent the reference grid (i.e. a grid built with maximum demand at each node
and using the closest transformer assignment).

Figure C.1.: Klepp HVD reference grid representation for power distance calculations using the Prim Distance
method.
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Figure C.2.: Klepp HVD reference grid representation for power distance calculations using the Prim Demand
method.
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Figure C.3.: Klepp HVD reference grid representation for power distance calculations using the Artiﬁcial Grid
method.
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D. Acronyms

D. Acronyms
CENS Cost of Energy Not Supplied
DEA

Data Envelopment Analysis

DSO

Distribution System Operator

GDPR General Data Protection Regulation
HVD high-voltage distribution
LVD

low-voltage distribution

MST Minimum Spanning Tree
NVE

Norges Vassdrags- og Energidirektorat

RME Reguleringsmyndigheten for Energi
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