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Abstract

The installed wind power capacity has increased rapidly over the last decades
and wind power now has a strong impact on the European electric system. The
development of wind power is expected to continue in the coming decades and
it is therefore crucial to correctly take it into account in network simulations of
the future system.

Metrix is a model used at EDF R&D for technical and economical simula-
tions of the European electric system. It uses a multi-scenario approach that
aims at calculating different possible states of the network for a chosen moment
in the future. Until this master thesis, the generation of the wind farms was
the same in all the scenarios. This does not reflect the high variability of wind
power generation and does not allow to correctly simulate the effects of wind
power on the system.

The goal of the project presented in this report is to integrate a multi-
scenario approach of wind power with spatial variations in Metrix in order to
represent a range of wind power situations that is representative of what might
happen at a simulated moment in the future. The chosen method consists of
using wind scenarios from the past, applying them to the future wind park and
integrating them in the scenarios used in the simulations. The database of wind
situations used in this project allows to have 13 wind zones over Europe.

An analysis of the seasonal and diurnal cycles of wind power generation is
performed for the abovementioned purpose. The methodology is applied to the
study of the winter peak and leads to the choice of up to 1092 suitable wind
power scenarios. Then, statistical methods are used to estimate the number
of scenarios that is necessary to reach the desired accuracy in the simulation
results. Finally, the benefits of the proposed approach of wind power are demon-
strated by showing how it allows to analyse the impact of wind power generation
on different system quantities and components.
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Chapter 1

Introduction

1.1 Background and motivation
In the last decades, wind power has evolved from being an emerging technology
to playing a significant role in electric systems. There have been massive in-
vestments in wind power plants over the last decades leading to a boom in the
installed capacity as shown in figure 1.1. Wind power has thus become more
and more important in the European electricity generation mix: in 2011, the
wind power generation in the countries of ENTSOE member TSOs added up to
175 TWh, representing about 5% of the total generation [5]. The installed wind
power capacity in Europe now exceeds 100 GW and it is expected to continue
increasing. In 2008, the European Renewable Energy Directive has set a 20%
renewable energy target by 2020. According to the European Commission, 12%
of the EU electricity demand should by then come from wind in order to meet
this commitment [15].

The development of wind power is causing structural changes in the Euro-
pean electric system. It is estimated that in 2020, 80% of the bottlenecks in
the grid will be related to the integration of renewables [6, p.12]. Other aspects
such as reserves, system adequacy and stability will also be affected by wind
power [9, p.36 ff.].

Since wind power has an increasing impact on the electric system, it is
becoming more and more important to integrate it correctly in network models
[9, p.19]. The behaviour of a wind power plant in an electric system is different
from that of most other plants because it is a non-dispatchable power source: the
power generated by a wind power plant cannot be freely adjusted by an operator
according to the system’s needs1. Wind power generation is also characterised
by its high variability and the complexity of the physical processes that influence
it [12, p.7]. Reflecting its behaviour in a model can therefore be complicated.

The project presented in this report was initiated by a team of EDF R&D
1It is however possible to decrease the output of a wind turbine, which is generally avoided

as much as possible for economic reasons.
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Figure 1.1: Evolution of the installed wind power capacity between 1997 and
2012 [13]

researchers who wanted to improve the way wind power is taken into account
in a network model that was developed several years ago.

1.2 Problem definition
Metrix, the model used in this study, was developed by EDF when EDF still was
the French TSO. It is now used in the Research and Development department
for prospective studies of the European electric system over a time horizon from
one to twenty years. Metrix is a steady-state network model, which means that
it provides a snapshot of the state of the network. It is an OPF (Optimal Power
Flow) model that calculates an economic optimum of the system operation under
network constraints2. It works in a multi-scenario approach and is mostly used
to simulate potentially problematic moments such as the winter peak or the
summer peak (any other moment can however be simulated).

Before this project, the wind power generation was integrated in Metrix in
a deterministic way that did not reflect its variability: only one scenario of
wind power generation was considered. In reality, there is a very wide range of
possible wind situations depending on the repartition of the wind speeds across
Europe. There can be situations where the output of the wind power plants is

2Metrix and the network database are described with more detail in chapter 2.
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high in one region and low in another. A high output in one particular region
can have an impact on a wider area of the grid3. The original approach of wind
power in Metrix does not allow to assess the impact of the high variety of wind
situations that can occur in the system. This is even more problematic when
simulating the system in 2020 or 2030 when wind power penetration will have
increased and its effects will be stronger.

1.3 Objectives
The goal of this project is to develop a methodology that allows to reflect in
Metrix the variety of the possible situations of wind power generation in Europe.
Since Metrix works in a multi-scenario approach, the objective is to find a way
to integrate the wind power generation in the scenarios in a way that:

• covers a representative range of wind power situations that can occur at
the simulated moment (e.g. winter peak load);

• reflects the spatial variability of wind power generation and the statistical
dependences between the wind regimes of the different sites where wind
power is installed (which requires a multi-zone approach);

• allows to simulate the generation of a future wind park in ten to twenty
years’ time.

The solution proposed in this report consists of using wind situations from the
past in order to simulate future network situations. This is done by integrating
these wind situations in the scenarios that are given as an input to Metrix4.
Two aspects must therefore be considered:

• The database of past wind situations must be analysed in order to en-
sure the representativity requirement mentioned above. The seasonal and
diurnal variations must be identified in order to ensure that the scenar-
ios are representative of the wind power situations that can occur at the
simulated moment.

• The fact that the variability of wind power generation is integrated in the
scenarios is expected to add variability in the obtained simulation results.
It is therefore necessary to estimate the impact of the number of scenarios
on the statistics that are derived from the results (typically mean values
or percentiles). An evaluation of the accuracy of the estimators is required
in order to decide how many scenarios should be used.

Finally, this report also aims at estimating the benefits of the proposed method
by comparing the simulation results to those obtained with the approach used
before this project.

3For instance, when the wind blows strongly in Northern Germany, the high wind power
generation causes congestions in the German grid, but also loop flows across Poland and the
Czech Republic, strongly affecting their transmission networks.[7]

4The procedure for this is explained and motivated in chapter 3.
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1.4 Overview of the report
Before presenting the proposed methodology, it is necessary to understand how
Metrix works. Chapter 2 gives description of the model and the way that it is
used, with all the elements that are necessary to critically assess the work that
was done in this project.

In chapter 3, the proposed method is presented and motivated. The database
of past wind situations on which it is based is also presented and its validity for
this application is discussed. A methodology for the analysis of seasonal and
daily variations of the wind regime is proposed in order to select the scenarios
used in the network simulations.

A methodology based on the bootstrap is proposed in chapter 4 in order to
evaluate the impact of the number of scenarios on the simulation results. A way
to determine the number of scenarios depending on the requested accuracy is
presented.

In chapter 5 the results obtained with the proposed method are analysed and
compared to the previous approach. The contribution of the proposed method
to network studies with Metrix is demonstrated with several examples showing
how it enables to analyse the effects of wind power on the system.

Finally, chapter 6 summarises the work done in this project, its conclusions
and recommendations and the possibilities for future studies.

Appendix A gives a theoretical background on the bootstrap method used
in chapter 4.

4



Chapter 2

Network simulations with
Metrix

This section first gives a brief overview over the different existing types of net-
work models and simulations. Then it describes Metrix, the model that has
been used in this study. The aim is to give the necessary background to under-
stand the work that was done. The contributions made in the master thesis are
not discussed in this section.

2.1 Different models for different purposes
Various actors of the electric system use network models and simulations for
different purposes, e.g. system adequacy assessment, network development plan-
ning, component sizing, economic studies or network operation [2, 8]. According
to the type of result that is needed, different types of models are used. The main
distinctions that can be made to classify them are in the following areas:

1. Dynamic / steady-state models: Dynamic models can be used to simulate
transients and evolutions over time and can for example be used for sta-
bility analysis. Steady-state models only provide a snapshot of an electric
system.

2. Level of detail in the network: Some models allow a very precise simulation
of every component of a transmission or distribution network, whereas
others may have a simplified approach of the network, or even may neglect
the network through the use of the so-called copper plate assumption.

3. Electrotechnical / economic focus: There are models with an electrotech-
nical focus that aim at simulating physical phenomena and are mostly
used for component sizing or security analysis. Others focus on economic
quantities and the simulation of the markets: these models often have
simplified approaches of the physical phenomena in the grid.

5



4. Deterministic / probabilistic models: Deterministic models calculate the
state of a system corresponding to one particular set of inputs. They
can be used for many purposes, e.g. simulations of “worst-case” scenar-
ios [2], daily network operation studies or network development studies.
Probabilistic models are able to calculate different states and their corre-
sponding probabilities. They are useful when one wants to assess a variety
of possible network situations.

5. Analytical / numerical models: The former perform arithmetic operations
to give an analytical form of every result, while the latter rely on numerical
algorithms that provide an approximation of the results [8, 4]. Analytical
models can only be used for the study of extremely simple (or simplified)
systems. Numerical models allow simulations of much more complex and
large-scale systems.

2.2 Metrix: an Optimal Power Flow model
Metrix is the network model used in this project. It was developped by EDF
when EDF was the French TSO. Since then it has continuously been used for
network studies at EDF. This master thesis aims at modifying the current ap-
proach of wind power in Metrix because it does not reflect the variability of the
wind power generation. It is therefore necessary to grasp the main lines of the
model in order to understand the proposed approach of wind power.

The description of the model given in this section is based on internal doc-
uments and shows how the model works and how wind power was taken into
account before this master thesis project. The objective here is not to give a
comprehensive description of the model. Some technical aspects are outside the
scope of the present study and were deliberatley left out. However, you will find
in this section all the necessary elements to understand the context of the study
and to critically assess the presented work. A formalisation of the optimisation
problem solved by Metrix is also given for the reader who wants to have a deeper
insight in the way the system is modeled here.

2.2.1 Overview of the model
Metrix is a model for simulations of the electric system. By this we mean the
generating units, the transmission network and the load.

It is an Optimal Power Flow model, which means that it performs a multi-
zone economic dispatch under network constraints. In other words, it aims
at finding the cheapest way to operate the system (i.e. essentially by deciding
the power generated by each dispatchable unit), in a way that respects the
constraints imposed by the network.

An overview of Metrix can be given by classifying it according to the criteria
defined in section 2.1:

6



1. Metrix is a steady-state model: it provides a snapshot of the state of the
system at one particular moment. No considerations about dynamics or
transients are possible.

2. The level of network detail in Metrix corresponds to the mesh of the 220
and 400 kV transmission grid: the lines are taken into account individually.
The distribution grid is not considered.

3. The electrotechnical aspect is simplified through the DC load flow approx-
imation: only active power is considered (this of course leads to omitting
many problems that can appear on the grid). On the economic level,
Metrix is able to simulate a multi-zone market and it can give economic
results such as operation costs, marginal values etc.

4. The model in itself is deterministic, but it is used in a frame of Monte-Carlo
simulations, which allows the estimation of probabilities as explained in
section 2.2.5.

5. Metrix is a numeric model. Moreover, it is a linear problem and is solved
using a simplex algorithm for the minimisation of the objective function.

At EDF R&D, Metrix is used for simulations of the network’s state in ten to
twenty years’ time. Consequently, many of assumptions about the evolution of
the system have to be made. With such a source of error, it would not be useful
to seek a very high precision in the simulation of the physical phenomena: this
is why the error induced by the DC load flow approximation is not considered a
problem here. There is a wide range of possible studies with Metrix: identifying
future bottlenecks of the system, assessing the profitability of an investment,
evaluating the impact of a new policy...

In this study we focus on the use of Metrix for the simulation of the winter
peak load, which is assumed to be on 20 January at 6pm.

2.2.2 Inputs and network database
At EDF R&D, Metrix is used to simulate the interconnected electric system of
12 European countries: Austria, Belgium, Czech Republic, Denmark, France,
Germany, Italy, Netherlands, Poland, Slovakia, Slovenia and Switzerland. In
order to achieve this, a database containing the technical characteristics of the
simulated system is given as an input of the model. It includes:

• The characteristics of 3600 lines and 2900 nodes of the transmission grid
(the 400 kV and 220 kV lines are included, as well as a small part of the
150 kV lines): voltage, resistance, reactance, transmission capacity and N-
1 transmission capacity of each line. Figure 2.1 shows the extent covered
by the database, with the 400 kV lines in red and the 220 kV lines in green.
The characteristics of the transformers and phase shift transformers are
also included in the database.

7



Figure 2.1: Map of the simulated transmission network
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• The characteristics of 4500 generating units. Each unit is associated to a
node of the grid. For the smaller units that are connected to the distribu-
tion grid, typically wind farms, a node of the transmission grid was chosen
in the database. The generating unit characteristics include installed ca-
pacity, minimum generation level, generation cost and availability rates
(one availability rate for every type of generating unit). Small-scale gen-
eration units such as solar panels on private homes are not explicitly in-
cluded in this database. They are treated as negative loads distributed in
the nodes of the grid.

• The consumption, which is assumed not to be price-sensitive. Section
2.2.5 explains how it is taken into account.

The simulated area is connected to the grids of the neighbouring countries with
AC and DC transmission lines. The flows on these lines are not calculated by
the model but taken as an input, which requires making assumptions about
their values.

As mentioned earlier, most of the simulations carried out with Metrix at
EDF R&D are for predictions for 2020 or 2030. For each year between now
and 2030, there is a version of the system database that takes into account
the modifications that are expected based on a range of reports and forecasts:
constructions of new transmission lines, of new onshore and offshore wind power
plants, decomissioning of older plants, evolution of the load, evolution of the fuel
costs and so on. This allows to simulate a hypothetical system in the future.

2.2.3 Presentation of the optimisation problem
Metrix is designed to simulate the steady-state operation of an electric system
in the cheapest possible way. The basic principle is to find the power output of
each power plant in a way that meets the electricity demand while minimising
the operation cost and respecting the constraints of the system (technical limits
and operational security rules).

The model is able to simulate the existence of different market zones inside
the same network. These market zones can import and export electricity from
one another by making transactions (i.e. commercial exchanges). It is there-
fore adapted to the simulation of large systems such as the European electric
network.

Metrix also optimises the operation of phase shift transformers, which are
used to redirect the flows on the system and have a growing impact on the
system.

Moreover, Metrix is able to simulate the fact that in the event of high system
constraints, the TSOs can cut down parts of the wind power generation (i.e. wind
power curtailing) or disconnect parts of the load in certain nodes (i.e. load
shedding).

The problem is mathematically formulated as the minimisation under con-
straints of an objective function that represents the cost of operating the system.
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Objective function

The objective function that Metrix seeks to minimise is the sum of the following
elements:

• The operation costs of the power plants. Since Metrix is performing
steady-state simulations, start-up costs are not taken into account here.
Only the variable generation cost of each plant, roughly equal to the fuel
cost, is considered.

• A cost for wind power curtailing. This does not aim at representing a
real cost in the system (for example a compensation that a TSO owes the
generators whose generation has been reduced), but rather at ensuring
that the model only cuts down wind power when it is not possible to act
on conventional generation to respect the system constraints. The cost per
MW of curtailed wind power generation is chosen significantly higher than
the highest cost of conventional generation so that the model will rather
increase the most expensive plant’s output by several MW than cut down
one MW of wind power, if both actions can solve a system constraint.
This choice in the model is made in order to simulate a system where the
TSOs prefer to apply redispatching rather than wind power curtailing.
It is not always the case in reality but it reflects the general tendency
of many European TSOs. In particular the German TSOs, whose wind
power generation has a big influence on the grid in the entire region, are
subject to a regulatory framework that leads them to generally prefer
redispatching over curtailing of renewables [1]. Therefore, introducing
a high cost for wind power curtailing seems to be a reasonable way of
simulating this behaviour.

• A cost for load shedding. Here again, this cost is not supposed to be an
estimation of the real cost of cutting off customers. It is implemented in
order to ensure that the model chooses to perform load shedding only when
all the other possible abovementioned possible actions are not sufficient
to respect the system constraints. The cost per MW of unserved demand
is higher than all the other costs in order to reflect the fact that a TSO
only cuts off parts of the demand as a last resort solution.

No cost is affected to the operation of the phase shift transformers. In reality,
there is a cost for changing the taps (i.e. the settings) of such a device, but here it
is not taken into account because steady-state simulations are being performed.
The model hence tries to find the settings that lead to the lowest possible value
of the objective function.

System constraints

The minimisation of the objective function is subject to a series of constraints
that can be divided in two categories: technical constraints and operational
rules.
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The technical constraints are the following:

• There is an upper bound and a lower bound for the generation in each
power plant. The upper bound is equal to the installed capacity of the
plant. In this study, the lower bound was set to 0 MW for all the plants.
However, most power plants have a technical lower generation limit dif-
ferent from zero. This should be taken into account in order to get more
realistic results.

• The amount of wind power curtailing in each wind power plant has to be
between 0 MW and the generation in the plant (given as an input of the
simulation).

• The amount of load shedding in each node has to be between 0 MW and
the total load connected to this node.

• In each market zone, the balance between load, generation, imports, ex-
ports, wind power curtailing and load shedding must be respected. Trans-
mission losses are not calculated in the model. The imports and exports
are determined by the transactions made with the other market zones.

Three operational rules are taken into account in the optimisation problems:

• The model takes into account the existence of NTCs (net transfer capac-
ities) defining the maximum transaction that can take place between two
neighbouring market zones. NTCs have been introduced to avoid too high
exchanges between countries that could create constraints on the tie lines
between them. While the NTC between two zones is not reached, they
have the same market price. When it is reached, a price difference appears.

• Each TSO defines for each of its lines a maximum permanently admissible
flow in normal regime (N). These limits are determined so that the heating
of the lines due to the electric flow does not lead to an excessive sagging
of the lines, in order to avoid short circuits. Metrix performs a load flow
to calculate the flow on each line and minimises the objective function
while ensuring that the flow on each line does not exceed the permanently
admissible flow in normal regime.

• When a line trips, the flows in the network change, which can lead to
overloading of other lines. This is why each TSO also defines for each
of its lines a maximum admissible flow in line outage regime (N-1). The
operational rules are not the same for all TSOs. Some, like for example
50Hertz (one of the four German TSOs), do not allow higher flow limits
in N-1 regime than in N regime. Others define higher limits that can be
sustained for a short period during which the system operators must take
remedial actions to bring back the flows within their N regime limits. For
example, RTE (the French TSO) defines N-1 transmission limits that can
be reached for a period of 20 minutes in case of line tripping. These rules
are taken into account by Metrix by running a load flow of the system for
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every possible line outage. In other words, the tripping of every modeled
line is simulated separately. The objective function is minimised while
ensuring that in every N-1 state, the flow on each line does not exceed its
N-1 transmission limit. In this study, only the outages of transmission lines
are considered, whereas the TSOs also consider the outages of generation
units, transformers, and generally also other elements such as busbars.

2.2.4 Mathematical formulation
The problem can be summed up as an economic dispatch under network con-
straints. To be more precise, it is in fact a minimisation of the system cost
under system constraints:

minimise system cost

subject to system constraints

The following description explains what is called system cost and system con-
straints and it gives a mathematical formulation of this optimisation problem.
Some aspects are detailed more than others, depending on their importance in
the rest of the study.

The focus of this description is on the mathematical formulation of the eco-
nomic optimisation of the system operation. This is the part that aims at
simulating a system operated in a way that reduces the operation costs and
tends to avoids unwanted operating conditions (i.e. load shedding and wind
power curtailing in this study).

The part of the model that calculates the flows on the lines is only treated
qualitatively here. It is an important part of the whole problem because it is
required both for the implementation of the constraints related to transmission
limits on the lines and for the calculation of the flows in the final optimized
grid situation. However, it is more related to the electrotechnical aspect of the
simulation and it is not essential for the economic part of the model. Different
methods could be used for the flow calculation without changing the simulation
of the system operation subject to economic optimisation. The flow calculation
is therefore less detailed here than the rest, in accordance with the focus of the
study which is not electrotechnical but rather about system modelling.

Method used for flow calculation

For the parts of the algorithm that require the calculation of flows on the lines,
Metrix uses a DC load flow. This is a method that simplifies the calculation of
the flows in the network through the following hypotheses:

• the resistance of each line is very small compared to its reactance and can
therefore be neglected,

• the amplitude of the voltage is the same in every node of the grid,

• the angle differences between the nodes are small.
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Table 2.1: Parameters related to grid topology and market zones
Parameter Description

Z number of market zones
N(z) number of nodes in market zone z
Ntot total number of nodes in the system, equal to

∑Z
z=1 N(z)

L total number of lines in the system
NTCz1→z2 net transfer capacity from zone z1 to zone z2

With these simplifications, the active power flow on a line between two nodes i
and j of the grid can be expressed as

Pij = V 2θi − θj

Xij
(2.1)

where

• Pij is the active power flow from node i to node j,

• V is the amplitude of the voltage on the grid (assumed to be equal in all
nodes),

• θi and θj are the respective offsets of the voltage in nodes i and j,

• Xij is the reactance of the line that links the nodes i and j.

This method only calculates active power flows and neglects all reactive power
flows. It is therefore not the most accurate method and is for example not
suited for studies about issues related to voltage. It is used in Metrix in order
to reduce the computational load. However, as mentioned above, more accurate
flow calculation methods could be used in this model instead of the DC load
flow in order to obtain better results.

Parameters and optimisation variables

The parameters related to grid topology and market zones are presented in
table 2.1. Table 2.2 explains the meaning of the indices used, in particular
concerning the scalar and vector forms of nodal quantities. The notations for
the nodal parameters are shown in table 2.3. Finally, table 2.4 presents the
notations used for the optimisation variables (except those related to the phase
shift transformers, which are not treated in this report).
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Table 2.2: Indices used for the definitions of vectors and scalars

♦z,n
scalar concerning the nth node of market zone z
with 1 ≤ z ≤ Z and 1 ≤ n ≤ N(Z)

♦syst

vector of dimension Ntot containing the values of the
quantity ♦ in all the nodes of the system:(
♦1,1,♦1,2, ... ,♦1,N(1),♦2,1,♦2,2, ... ,♦Z,N(Z)

)
♦z1→z2 quantity concerning the transaction (commercial exchange)

from zone z1 to zone z2

♦0 under normal regime (N): all lines are available
♦l under line outage regime (N-1) when line l falls out: 1 ≤ l ≤ L

Table 2.3: Nodal parameters
nodal form description vector form
♦z,n ♦syst

dz,n load dsyst

gmin
z,n minimum generation other than wind power gmin

syst

gmax
z,n maximum generation other than wind power gmax

syst

cz,n variable generation cost csyst

gwp
z,n wind power generation gwp

syst

γz,n variable load shedding cost γsyst

γwp
z,n variable cost of wind power curtailing γwp

syst

Table 2.4: Optimisation variables
Nodal optimisation variables

nodal form description vector form
♦z,n ♦nodes

gz,n generation of the unit (other than wind power) gsyst

δz,n amount of load shedding δsyst

δwp
z,n amount of wind power generation curtailed δwp

syst

Other optimisation variable

T z1→z2

amount of the transaction between zones z1 and z2,
counted positively from zone z1 to zone z2,

such that T z1→z2 = −T z2→z1
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It can be noticed that in these notations, the quantities gmin
z,n , gmax

z,n , cz,n

and gwp
z,n are defined for each node of the network, even though there is not a

generation unit or a wind power plant on every one of them. While defining
the parameters, gmax

z,n must be chosen equal to zero for the nodes to which no
generation unit is connected, and gwp

z,n must be chosen equal to zero for the nodes
to which no wind power plant is connected (or where the wind power generation
is assumed to be 0 MW). Moreover, if there is a node with two power plants
that have different variable costs, another fictitious node must be defined in
order to separate the two plants and make the model take into account their
characteristics independently (gmin

z,n , gmax
z,n and cz,n).

The load shedding and wind power curtailment are treated as continuous
variables in the model. This does not reflect real grid operations. Wind mills are
in reality disconnected one by one or in groups, leading to a step by step decrease
of the wind power generation. The same goes for load shedding, generally
performed by opening a line or a transformer feeding a consumer or a part of
the distribution grid. The hypothesis of continuity for these two variables is
made in order to avoid discrete variables which would make the problem much
more difficult to solve.

Objective function

A mathematical formulation of the objective function presented in section 2.2.3
is explained here. The objective function is made up of the following elements:

• The generation cost, which is the sum of all the costs of the generating
units. Since the start up costs are not considered in this steady-state
model, it can be expressed:

Z∑
z=1

N(z)∑
n=1

cz,ngz,n (2.2)

• The wind power curtailing cost, which is the sum of all the costs of wind
power curtailing that occur:

Z∑
z=1

N(z)∑
n=1

γwp
z,nδ

wp
z,n (2.3)

• The load shedding cost, which is the sum of all the costs of load sheddings
that occur:

Z∑
z=1

N(z)∑
n=1

γz,nδz,n (2.4)
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The minimisation of the objective function can therefore be expressed the fol-
lowing way:

min
Z∑

z=1

N(z)∑
n=1

(
cz,ngz,n + γwp

z,nδ
wp
z,n + γz,nδz,n

)
(2.5)

System constraints

The constraints reflect both technical limits of the system and physical laws in
the network. The different constraints are the following:

• The generation level of each unit must be between its minimum and max-
imum values, which correspond to the technical limits of the plants. This
can be expressed vectorially as:

gmin
syst ≤ gsyst ≤ gmax

syst (2.6)

• In each node, the wind power curtailing cannot be greater than the wind
power generation:

0 ≤ δwp
syst ≤ g

wp
syst (2.7)

• In each node of the network, the load shedding cannot be greater than the
load:

0 ≤ δsyst ≤ dsyst (2.8)

• For each zone, the balance between generation, load shedding, wind power
curtailing, load, imports and exports must be assured:

N(z)∑
n=1

(
gz,n + gwp

z,n − δwp
z,n

)
+
∑
z′ 6=z

T z′→z =
N(z)∑
n=1

(dz,n − δz,n) ∀z (2.9)

• The transaction between two zones cannot exceed the NTC, in either
direction:

−NTCz2→z1 ≤ T z1→z2 ≤ NTCz1→z2 ∀(z1, z2) (2.10)

Since the NTC is a limit for transactions between two neighbouring market
zones, the quantity NTCz1→z2 is set equal to zero if there is no electric
line directly linking zones z1 and z2. For two neighbouring zones, the
NTCs in both directions usually do not have the same value because the
constraints and bottlenecks that can appear in the network are not the
same depending on the direction of the electric flows.
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• The transmission constraints under normal regime (N) are calculated us-
ing a DC load flow. The flows on the all the lines are calculated taking into
account all the optimisation variables presented above (related to gener-
ation, load shedding, wind power curtailing and transactions). Each line
is subject to a flow limit under normal regime (N). The algorithm verifies
that these limits are not exceeded.

• The transmission constraints under line outage regime (N-1) are calculated
using a DC load flow. For each N-1 state due to the loss of a modelled
line, the flows on all the remaining lines are calculated taking into account
all the optimisation variables presented above (related to generation, load
shedding, wind power curtailing and transactions). Each line is subject to
a flow limit under line outage regime (N-1). The algorithm verifies that
these limits are not exceeded.

Conclusion

As a conclusion, a simplified formulation of the problem can be expressed as
follows:

min
Z∑

z=1

N(z)∑
n=1

(
cz,ngz,n + γwp

z,nδ
wp
z,n + γz,nδz,n

)
(2.11)

Subject to the N and N-1 transmission constraints related to flows on the
lines and the following constraints:

gmin
syst ≤ gsyst ≤ gmax

syst (2.12)

0 ≤ δwp
syst ≤ g

wp
syst (2.13)

0 ≤ δsyst ≤ dsyst (2.14)

N(z)∑
n=1

(
gz,n + gwp

z,n − δwp
z,n

)
+
∑
z′ 6=z

T z′→z =
N(z)∑
n=1

(dz,n − δz,n) ∀z (2.15)

−NTCz2→z1 ≤ T z1→z2 ≤ NTCz1→z2 ∀(z1, z2) (2.16)
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2.2.5 Monte Carlo approach
In reality, the generating units of a large system like the one considered here
are extremely unlikely to be all available at the same time. Every plant stops
being available every now and then, either for preventive maintenance (in order
to repair or replace parts that are getting old for example) or for corrective
maintenance (when a failure has happened and the plant has stopped). De-
pending on which plants are in maintenance, the impacts on the system can
be significant. For example, if many nuclear plants are unavailable at the same
time, then more expensive generating units will have to be turned on, which
will make the total operation cost of the system rise.

Therefore, simulating a system where all the plants are available will not
reflect the reality of the system. Moreover, as mentioned earlier, Metrix is used
for simulations of the system in the distant future (2020 to 2030) and even
the preventive maintenances are not known such a long time in advance. The
availability situations at the simulated moment can thus not be known.

To make up for this lack of information, many different availability scenarios
are considered and then processed with Metrix. The goal is to cover a range
of scenarios wide enough so that the range of obtained results gives a represen-
tative view of what might happen in the future. The availability scenarios are
drawn randomly based on the availability rates of the generating units. We are
therefore performing a Monte Carlo simulation.

Figure 2.2 shows the principle of scenario generation. The network scenarios
contain all the data that is not in the network database but that is necessary for
the model to run: availabilities, wind power generation levels and consumption
levels per node. The consumption is the same in every network scenario: in
this study it is important to understand that it is the consumption that deter-
mines what kind of moment we are simulating (it can be a winter peak load, a
typical summer night load or anything else). The wind power generation sce-
nario is also the same in every network scenario and it is chosen arbitrarily. A
certain number k of availability scenarios is drawn randomly according to the
availability rates. When putting all this together, we obtain k different network
scenarios. For network studies with Metrix, k is usually chosen equal to 2000
upon recommendations that were issued by the team who developed the model.
The calculation lasts several hours.

It can be noted that the approach shown in figure 2.2 takes into account
the variability of the availability situations, whereas the variability of wind
power situations is ignored. In simulations of a system that has a high wind
power penetration and where wind power plays an increasing role in network
problematics, it becomes clear that this approach is not satisfying. This is the
reason why this master thesis aims at proposing another way of modelling wind
power.
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Figure 2.2: Scenario generation in Metrix before the project
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Chapter 3

Proposed approach of wind
power

In this chapter, the proposed method is presented and motivated. The database
of past wind situations on which it is based is also presented and its validity
for this application is discussed. A methodology for the analysis of seasonal
variations (i.e. over the year) and diurnal variations (i.e. over the day) of the
wind regime is proposed in order to select the scenarios used in the network
simulations.

3.1 Challenges in the modelling of wind power
In order to understand the method proposed in this section, it is important to
understand the main difficulties in the representation of wind power generation
for steady-state network simulations: its variability throughout time and space.

3.1.1 Temporal variability of wind speed
The wind speed is characterised by its high temporal variability and by the
complexity of the meteorological phenomena that influence it. However, with
a sufficient amount of measurements of wind speed at a certain location, it is
possible to identify cycles and patterns of the variations of the wind speed over
different time scales. [4, p.37], [12, p.7]. In this study, we consider the variations
over two time scales:

• Diurnal variations/cycles are those that can be observed within a day.
The time step used to study them is usually between several minutes and
several hours.

• Seasonal variations/cycles are those that can be observed within a year.
The usual time stamp is greater than one day. Depending on the context,
it can be relevant to study the seasonal variations of the mean wind speed
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(e.g. the mean wind speed over one day) or the seasonal variations of the
wind speed at a particular time (e.g. the wind speed at 6pm).

In this study, the simulated moment is the winter peak, which is supposed to
be on 20 January at 6pm. It is therefore important to take the wind power
generation into account in a way that reflects its behaviour at that particular
time of the year and of the day.

The diurnal and seasonal cycles result from local climate conditions and are
therefore site-specific [16, p.18, p.38]. They can thus not be generalised and can
only be characterised with long-term data for a particular location or region.

3.1.2 Spatial variability and dependences
The spatial distribution of the wind power generation is a determining factor in
the results of a network simulation. A good wind model should therefore reflect
the dependences between the wind regimes in different regions. On a small scale,
two locations that are geographically close have a high probability of having
similar wind conditions [8, 16]. On a larger scale, meteorological mechanisms
can have consequences that are less obvious. For example, Hagspiel et al. show
that “in general wind conditions show stronger correlation in east-west direction,
which is a consequence of the general propagation direction of weather fronts in
Europe” [8, p.9].

Another aspect of large-scale effects is shown in figure 3.1, which is a scatter
plot of the onshore and offshore wind load factors1 in one of the countries of
the database that is presented in section 3.2. Here we can see that for this
country, there is a quite strong and non-linear dependence between the onshore
and offshore wind load factors. A similar for different countries (not shown in
this report) shows that these dependences can be stronger or weaker than in the
example given here, and that the scatter plots can have different shapes. Figure
3.1 was deemed a good example to show that a wind power model should not
treat different wind zones independently, and that the characterisation of the
dependencies can be complex.

The simulations with Metrix cover a very vast area that encompasses a num-
ber of different wind regimes and local climates. For this project, it is therefore
important to have a multi-zone approach of wind power generation. The higher
level of geographical detail in the spatial distinctions, the closer to reality the
representation of wind power can be. Moreover, a correct representation of the
dependences between different wind zones is an important factor to consider.
The way this is taken into account in the proposed approach of wind power is
presented in section 3.3.1.

1cf. definition in section 3.2.
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Figure 3.1: Scatter plot of the onshore and offshore wind load factors in one of
the countries of the database

3.2 Presentation of the available data
The method proposed in this report, presented in section 3.3, heavily relies on
a database of wind load factors. Please note that this database, referred to as
the wind load factor database, has nothing to do with the network database
presented in section 2.2.2.

In this report, wind load factor is the expression used to refer to the ratio
of wind power generation to the installed capacity:

WLF = G

Ginst
(3.1)

where WLF is the wind load factor, G [MW] is the wind power generation at
the considered moment and Ginst [MW] is the installed wind power capacity.

A wind load can be defined at the scale of a single wind turbine, a wind farm
or the wind farms of a geographical zone.

The wind load factor database used in this project was made by a team
of meteorologists from the MFEE (Fluid Mechanics, Energy and Environment)
department of EDF R&D. This section explains the main steps in its calculation
and gives the necessary elements to assess how suited it is for this project.
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3.2.1 Geographical scope
The wind load factor database covers 9 countries, among which 7 are included
in the usual simulation scope of Metrix: Austria, Belgium, France, Germany,
Italy, Netherlands, Poland. For each one of these countries and each time step,
one wind load factor is given for the onshore generation and another for the
offshore generation (except for Austria where only an onshore wind load factor
is given).

3.2.2 Temporal scope
The wind load factor database covers the entire period from October 1st 1957
to October 31st 2009 with a three-hour step. This means that for every zone,
more than 150000 values are available.

3.2.3 How the data was obtained
Figure 3.2 summarises how the wind load factor database was obtained. The
first step consisted in generating reanalysis wind speed data. The term “re-
analysis” means that the data was obtained processing historical measurements
of temperature and pressure with a meteorological model that calculates the
corresponding wind speeds on the map. Two such reanalysis databases were
used by the MFEE department: one made by the NCEP (National Centers for
Environmental Prediction, a part of the US National Oceanic and Atmospheric
Administration) and another from the ECMWF (European Centre for Medium-
range Weather Forecasts). The two were combined to obtain wind speeds with a
3-hour time step and a spatial resolution of 50 to 180 km over the whole period.

The second step was performed by EDF’s MFEE department and consisted
in calculating for each zone the wind load factor that would have occured during
the past wind situations (reanalysis data) with a typical wind farm park of the
period 2010 - 2035. For this, assumptions first have to be made about this wind
farm park. For each country, the projects for future onshore and offshore wind
farms were identified and the potential for wind power in the different regions
was evaluated. This allowed to elaborate a wind park that can be assumed to
be representative of the period 2010 - 2035 in terms of geographical distribution
and installed capacity2. Assumptions were also made individually for each farm
about the power curves of the wind turbines and their hub heights, taking into
account the expected evolutions (higher hub heights for future wind parks).
After this, the generation of each wind farm at each time step was calculated
in two steps. First, the value of the wind speed located nearest to the wind
farm is rescaled to the hub height. Then, the power curve of the wind farm is
used to determine its generation in MW at each time step. Finally, the onshore
and offshore wind load factors of each country for each time step are obtained

2Offshore wind load factors could therefore be calculated even for the countries that do
not have offshore wind power plants yet.
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Figure 3.2: Process for the construction of the wind load factor database
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simply by aggregating the generation in each zone and by dividing it by the
installed capacity.

At some stages of the process described above, some additional data treat-
ment was made for several purposes: compensating for the errors of the wind
speeds that were obtained through the meteorological model, taking into ac-
count the availability of the wind turbines or the effect of their aggregation on
the output of a farms etc. These steps are not detailed in this report.

3.2.4 Validation of the database
EDF’s MFEE department made an assessment of the quality of their wind load
factor database. The database was compared to real measurements of wind
power generation for the parts of the data for which such measurements were
available. The conclusion of this validation process is that on the whole, the
quality of the wind load factor reconstitution is rather good.

3.3 Chosen method
3.3.1 Description and motivation
Description of the method

The method proposed in this report for the integration of wind power in the net-
work simulations consists in using wind load factor scenarios from the wind load
factor database in the simulations with Metrix. The initial process of generating
scenarios, presented in section 2.2.5, is consequently modified in order for the
different scenarios to contain different situations of wind power generation.

Figure 3.3 presents the process of generating scenarios that is proposed and
tested in this study. The approach of conventional generation and consumption
remain unchanged: the availabilities of thermal groups are drawn randomly
according to the availability rates, and the consumption is deterministic and
identical in every scenario. The difference is in the approach of wind power
generation: instead of having the same wind power generation in every scenario,
different wind power generation situations will be picked from the wind load
factor database and integrated in the scenarios. The wind load factors are then
applied to the wind farms registered in the network database described in section
2.2.23.

In this study, it was chosen to generate k network scenarios based on k
availability scenarios and k wind load factor scenarios: the first availability
scenario is combined with the first wind load factor scenario, the second with
the second and so on4.

3The wind load factor database is calculated for a typical 2010 - 2035 wind park, but then
Metrix applies the wind load factors individually to each wind farm that is assumed to be
operational at the simulated moment: if the winter peak of 2020 is simulated, then the wind
load factors are applied to the wind park of the year 2020.

4This choice is discussed at the end of section 3.3.1.

25



As explained in section 3.2, the wind load factor database gives the onshore
and offshore wind load factors for seven of the countries simulated in Metrix
(except for Austria where of course no offshore wind load factors are given).
The method therefore allows to have 13 different wind zones. Since there was
no wind load factor data at hand for some of the countries in the simulation
scope of Metrix, the following choices were made:

• the Austrian wind load factors were applied to the Czech Republic, Slo-
vakia and Switzerland ;

• the German wind load factors were applied to Denmark ;

• no data was available for Slovenia but this was not considered a problem
because no significant amount of installed capacity is expected in this
country in the two decades to come5.

Since the consumption scenario corresponds to one particular moment of the
year, it is important to select wind load factor scenarios that are representative
of that moment, as mentioned in section 3.1.1. How this selection is made is
explained in section 3.3.2.

In this method, the wind load factor scenarios are not generated randomly.
Instead, a set of wind load factor scenarios is chosen from the database according
to the deterministic procedure explained in section 3.3.2 and every scenario
of this set is then used. No stochastic method is used in the choice of these
scenarios, we are thus no longer performing a Monte Carlo simulation strictly
speaking (whereas it was the case before using the proposed approach of wind
power). Only the availability of thermal units are picked randomly. The whole
process presented in figure 3.3 can therefore be qualified as semi-deterministic.

A 100% availability is assumed for the wind farms. This is a simplification
that can be justified by the fact that outages of entire wind farms are rare. In
most cases, outages occur on single wind turbines and then generally have a
limited impact on the output of the wind farm (depending on its size). Since
the wind turbines are not taken into account individually but are aggregated
in wind farms, it is easier to assume that the wind farms are always available
and to neglect single wind turbine outages. However, this could be taken into
account in further studies, and the possibility of integrating entire wind farm
outages could also be investigated.

Motivation

Other options than the one presented here could also have been possible for this
project. One considered option was modeling the output of wind power plants
as mutually correlated stochastic variables, and assuming for simplification that

5According to the assumptions made in the database of generating units used with Metrix.
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each one’s probability density function is a step function6. Another considered
option was using copula theory to generate wind power generation scenarios
that reflects the dependences between the wind zones7. However, the method
of integrating the wind load factor scenarios as such, without any stochastic
modelling, was chosen because it seemed to be the simplest way to ensure that
the probability density functions and the spatial dependencies are reflected in a
correct way. As mentioned in section 3.1.2, these dependencies can be complex,
and with this method they do not need to be characterised statistically. Since the
wind load factor scenarios from the database correspond to wind situations that
have really occured (with a lower spatial resolution, and under the assumption
that the reanalysis data is reliable enough), using them as such in the simulations
ensures that the dependencies due to meteorological and geographical factors
are respected in the scenarios.

The concept of applying “historic data (wind speed data or wind power feed-
in data) to future installation scenarios” is not new and has been used in other
wind integration studies [4, p.37]. Of course, the past wind situations are not
expected to repeat themselves exactly in the future. The idea is rather to cover
a range of situations wide enough so that the real wind situation in the future
(at the moment we want to simulate) is close to one or several of the input
scenarios taken from the database.

Finally, the geographic and temporal extent of the wind load factor database
seemed to make it appropriate for this use, allowing to have different wind zones
in the simulated area with a relatively big number of scenarios to use.

Limits of the wind load factor database and the proposed method

The wind load factor database was not developed for the purpose of the simu-
lations with Metrix and in several aspects it is not perfectly suited for this use.
In that perspective, the main limits that were identified are the following:

• Coarse spatial definition. Since only two wind load factors are given for
each country (one onshore and one offshore), no distinction can be made
between the generation of two distinct wind power plants situated in the
same zone. This is equivalent to supposing that inside each country, the
wind speed is the same everywhere. This is of course a huge simplification,
particularly for zones where different wind regimes coexist (typically, it is
considered that there are three major wind regimes in France). It would
be better to have a wind load factor database where the wind load factors
are aggregated over smaller regions inside which the wind regime is homo-
geneous, which would of course lead to delimitations that are very different
from the political borders. Ideally, it would be even better to know the
wind load factor individually for each plant and not to perform any kind
of aggregation. This would allow better estimations of local phenomena.

6For instance, [11] uses step functions to estimate the unknown probability functions of
the power plants’ outputs. The dependences between the power plants are taken into account
by linking the probability functions with mutual correlations.

7References [8] and [2] treat this approach.
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However, Metrix is mainly used for the study of large-scale phenomena
such as exchange capacities between countries or redispatching costs. The
impact of having a coarse spatial definition of the wind load factors is
expected to be smaller on such results than on local results.

• Incomplete coverage of the simulated area. As explained earlier, wind load
factor data was missing for five of the simulated countries. The wind load
factors of neighbouring countries were consequently used. For example,
data for Denmark is missing, so the German wind load factors were used
for Denmark. This means that in every simulated situation, the German
onshore wind load factor is applied to all the Danish onshore wind farms
and the German offshore wind load factor is applied to all the Danish
offshore wind farms. This is of course not ideal, in particular for Denmark
where the penetration of wind power is high. However, in the four other
countries (Slovenia, Slovakia, Switzerland and the Czech Republic), wind
power plays a much less important role, so the approximation can be
considered acceptable.

• Coarse temporal definition. The data at hand has a tri-hourly time step.
Wind data with smaller time steps is needed when using dynamic models
to simulate the impact of a rapid change of wind speed on the system. This
is out of the scope of the steady-state simulations made in the present
study. However, the three-hour time step sets limits to the analysis of
diurnal cycles that is performed in section 3.3.2. Moreover, fluctuations
in wind speeds that happen on a shorter time scale do not appear in the
data. In particular, extreme wind conditions that only last one or two
hours and that can have a great impact on the system are overseen. This
sets limits to the use of the proposed method for the analysis of worst-case
scenarios.

• Errors due to the reanalysis. The calculation of wind speeds based on
measurements of temperature and pressure can of course not be perfect. In
particular, local phenomena (for instance due to topography) are difficult
to calculate accurately.

• Errors due to the assumptions about the future wind park. As explained
earlier, the calculated wind load factors heavily depend on the assump-
tions that were made about the geographical distribution and the technical
characteristics of the wind farms (power curve, hub height).

• No consideration of the impact of hub height on diurnal cycles. The diur-
nal variations of the wind speed are more important close to the ground
than higher up. The method that was used for rescaling the wind speeds
to the hub height (for the load factor database) does not take this into
account. Since the actual trend in wind turbines is to build increasingly
high poles, this could results in an overestimation of the diurnal cycles of
wind power generation.
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• No consideration of climatic changes. Using past wind situations to simu-
late the future implies that the climatic changes are not taken into account.
Therefore, the proposed approach can only be used under the assumption
that the climatic changes will not affect the wind speeds8.

There is another drawback to the proposed approach that is not linked to the
wind load factor database. As mentioned earlier, in this study the scenarios are
generated in a way that k availability scenarios and k wind load factor scenarios
are combined to form k network scenarios. This means that every wind load
factor scenario appears only once with one particular availability scenario9. In
a more complete approach, one could use all the combinations to generate k2
scenarios in order to simulate a wider range of situations in terms of wind load
factors and availabilities. However, calculation time is an issue with the available
computational resources in this project10. In this study it was chosen to set the
priority on the effect of variable wind load factor scenarios. Therefore, given
a limited number of scenarios due to time constraints, it was considered more
important to represent a great variety of wind load factor situations than to
represent a great variety of combinations between wind load factor situations
and availability situations. Concretely, when calculating 1000 scenarios, it was
considered more useful for the purpose of our study to have 1000 different wind
load factor scenarios, even if this means that each one only appears once with one
particular availability scenario. However, the option of generating k2 network
scenarios could be investigated in further studies.

3.3.2 Selecting a representative set of scenarios
In this section, a methodology for the selection of the wind load factor scenarios
is proposed. There are two requirements for the selection of the scenarios:

• Representativity requirement: as mentioned in section 3.1.1, it is impor-
tant to select wind load factor scenarios that are representative of the sim-
ulated moment, which is determined by the consumption scenario. This
restricts the choice of scenarios from the data.

• Quantity requirement: there should be as many scenarios as possible in
order to cover a wide range of wind situations and to achieve a good
precision in the results. This leads us to looking for the widest possible
selection that meets the representativity requirement11.

In order to fulfill these requirements, an analysis of the variations at different
time scales is needed. In this section a methodology for this analysis is proposed.

8Or at least not in a way that affects the simulated system in a significant manner.
9Apart from the sets of 2184 scenarios in chapter 4 where every wind load factor is used

in two different network scenarios, and with two distinct availability scenarios.
10The number of scenarios usually calculated with Metrix is 2000 and the corresponding

computation time is approximately 8 hours.
11The constraint in the number of scenarios due to the computation time is put aside in

this section.
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It has to be done individually for each wind zone, and the final set of scenarios
chosen should fulfill the requirements for all the zones. In this section we will
show the different steps of this analysis for two zones of the wind load factor
database. We will refer to them as country A onshore and country B offshore,
the names of the countries are not given because the wind load factor database
is confidential. These two countries were chosen because they allow to illustrate
the different steps of the analysis. Using them as an example, we will try to
determine a set of scenarios that fulfills both requirements cited earlier. This is
done for the case where the simulated moment is the winter peak on 20 January
at 6pm. The choice of this date is the result of previous work on consumption
data by researchers of EDF R&D.

The proposed methodology consists of the three following steps:

1. The starting point is to select from every year of the database the scenario
corresponding to the exact time and date of the simulation: in this case
20 January at 6pm. This is the most trivial way to select a set of scenarios
that meets the representativity requirement.

2. Then, we determine if the scenarios of 6pm at dates around 20 January can
also be selected. For this we have to look at seasonal variations of the wind
load factors at 6pm. We define a criterion that allows us to determine a
range of days around 20 January where the seasonal variations are “small
enough”. Based on this, the scenarios of these days at 6pm are included
in the scenario selection. This corresponds to considering an inter-daily
extension of the scenario, represented by the horizontal arrows in figure
3.1.

3. Finally, we want to know if the scenarios that happened on the selected
days but at times different than 6pm can be included in the selection. For
this we will look at the diurnal variations. This corresponds to consider-
ing an intra-daily extension of the scenario selection, represented by the
vertical arrows in figure 3.1.

1. Starting point

The starting point is a selection of the scenarios from January 20th, 6pm of the
available years. Figure 3.4 shows the estimates the probability functions of the
wind load factors calculated from this set of scenarios for country A onshore
and country B offshore.

2. Analysis of the seasonal variations

Figure 3.5 shows the wind load factors at 6pm in 2007, day by day. The wind
load factors are highly variable from one day to another and it is difficult to
identify any seasonal cycle.
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Table 3.1: Simulated moment X, determination of scenarios similar in behaviour
to X in the time steps and days around X

January

... 15 16 17 18 19 20 21 22 23 24 25 ...

3am

6am

9am

12am

3pm ↑?

6pm ?← X →?

9pm ↓?

12pm

X: starting point (simulated moment)
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Figure 3.4: Estimates of the probability functions of the wind load factors based
on the scenarios of 20 January at 6pm, 1959 to 2007
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Figure 3.5: Yearly profile of wind load factors at 6pm in 2007

In order to be able to visualise the seasonal cycle, the yearly profile of the
wind load factor at 6 pm is averaged over the years 1959 to 2007 in figure
3.6. This way the curve is smoother and more legible: a clear seasonal trend
appears12. The available 48 years of data are still not enough to get rid of the
fluctuations that are due to lack of data and not seasonal trends. However, it
can already be noted that in the two considered zones, the wind load factor
is approximately twice as high during the winter as it is during the summer.
This confirms that the seasonal variations are strong and that the inter-daily
extension of the data selection should not cover the whole year. A deeper
analysis of the seasonal cycles is required.

In order to achieve this, moving averages can be plotted in order to obtain
smoother curves. This is done in figure 3.7. The greater the extent of the
moving average, the more the variations due to the insufficience of the data are
flattened out.

On the 19-day moving average curve, the value for 20 January is the mean
of all the values taken from the 19-day span centered on this date (i.e. 11 to

12We can also notice that the offshore wind load factors are higher than the onshore ones
here. This is a general tendency due to the fact that the conditions at sea are better for wind
power.
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Figure 3.6: Yearly profile of wind load factors at 6pm averaged over the years
1959 to 2007
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Figure 3.7: Yearly profile of wind load factors visualised with moving averages.
Data taken from 1959 to 2007, 6pm

29 January) from the years 1959 to 2007. Each point of this curve is therefore
calculated with 19 days over 48 years, which is a total of 912 values. We will
continue the study of the seasonal variations with a 19-day moving average,
which seems smooth enough to be representative of the seasonal variations13.

The following approach is chosen to tackle the question of the inter-daily
extension of the scenario selection:

• The wind load factor of 20 January at 6pm, as calculated in figure 3.7
with the 19-day average, is taken as a reference point.

• A +/- 5% interval around this reference point is calculated.

• The span of days around January 20th, where the wind load factors are
inside that interval, is considered to be small enough to be unaffected
by the seasonal variations. It can therefore be included in the selection
of scenarios, which gives the answer to the question of the inter-daily
extension of the data selection14.

13This choice is based on a visual appreciation of the curves and could of course be recon-
sidered in further studies.

14The choice of a +/- 5% interval and of a 19-day moving average is also based on visual
appreciation and should be examined further in future studies. Moreover, in this analysis we
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Figure 3.8 illustrates this approach. The periods where the wind load factor
stays in the +/- 5% interval are respectively:

• from 24 December to 2 February for country A onshore ;

• from 28 November to 5 February for country B onshore.

However, this does not directly give us the result because two additionnal con-
straints should be considered:

• The chosen period should fulfil the +/- 5% criterion for all the countries
that are inside the scope of the simulations. This means that the period
that will be chosen should be the smallest that contains the periods found
individually for each country with the +/- 5% criterion. In the present
case, country A onshore sets narrower limits than country B offshore:
24 December to 2 February. The same analysis performed on the other
countries (not presented here) leads us to consider the period from 27
December to 30 January.

• We want to choose a period that is centered on the simulated day (20
January). This leads us to restrict the selection from 10 January to 30
January.

The result of this analysis is therefore the selection of the 21-day period cen-
tered on January 20th.

A cross-validation was carried out to verify the reliability of the previous
analysis. The previous conclusion (10-30 Jan. interval) was drawn following
an analysis based on a 19-day moving average using 49 years of the database.
The cross-validation was done by performing the same analysis with the +/-5%
interval and the symmetry criterion, but:

• first, leaving the 20 first years out, thus plotting a 19-day moving average
based on years 1979 to 2007, as in figure 3.9;

• then, leaving the 20 last years out, thus plotting a 19-day moving average
based on years 1959 to 1987, as in figure 3.10.

In both cases, the period from 10 to 30 January stays within the +/- 5% interval
(or to be more precise, in the +/- 5.1% interval in the first case). This succinct
cross-validation tends to show that the chosen years from the database do not
influence the results in a significant way. We therefore consider this analysis
reliable.

are looking at the mean value of the wind load factor, which is one parameter among others
to describe the seasonal variations. The probability functions of the wind load factors could
also be considered for a deeper analysis of the seasonal variations.
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to 2007, 6 pm, 19-day moving average
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Figure 3.9: Cross-validation over years 1979 to 2007
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Figure 3.10: Cross-validation over years 1959 to 1987
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Figure 3.11: Diurnal profile of wind load factors around January 20th. Data
taken from the period 10/01 - 30/01 over the years 1959 to 2007

3. Analysis of the diurnal variations

The analysis of the diurnal variations will allow determining whether an intra-
daily extension of the data selection is possible.

Figure 3.11 shows the average diurnal profile of the wind load factors in
the period from 10 to 30 January over the years 1959 to 2007. The profile for
the onshore generation in country A shows that there is a pattern of diurnal
variations. Some variations can be seen that suggest that the wind regime is
not constant throughout the day. Similar tendencies were found for many other
countries of the database. At a first glance, for country A onshore the curves
suggest that the scenarios from 3pm, 6pm and 9pm could be selected for the
purpose of our simulations. But since it is difficult to draw a conclusion from
figure 3.11 it was decided to analyse the variations in the probability density
functions of the wind load factors.

The estimates of the probability functions of the wind load factors in country
A offshore15 at 3pm, 6pm and 9pm can be seen in figure 3.12. It appears
that the estimates of the probability density functions of the wind load factors
differs significantly between 6pm and the two other represented moments: very

15Country A Offshore was chosen deliberately for this graph because the variations were
clearer than in A Onshore and B Offshore.
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Figure 3.12: Estimates of the probability functions of the wind load factors in
country A offshore around January 20th. Data taken from the period 10/01 -
30/01 over the years 1959 to 2007

high wind load factors are more frequent at 6pm. This suggests that using the
scenarios from 3pm and 9pm would be misleading in a simulation of the network
at 6pm16. Since we are seeking a continuous selection of hours within the day
(just as the selection of days within the year is continuous too), this leads to the
conclusion that the selection of scenarios should not include other times of the
day than 6pm. The probability functions of the wind load factors at other times
are therefore not analysed. We choose to only consider the scenarios at
6pm.

In this study, the estimates of the probability density functions were only
considered for the analysis of the diurnal variations. However, it would be
interesting to do the same for the seasonal variations and to see if it would
bring to different results.

4. Conclusion

The methodology proposed in this section led us to a selection of scenarios that
can be used in our simulation of the winter peak load, which is assumed to

16This is only based on visual appreciation of the graph. Numerical criteria could be intro-
duced in further studies for a less subjective conclusion.
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Table 3.2: Illustration of the result of the scenario selection

January

... 9 10 ... 19 20 21 ... 30 1 ...

3am

6am

9am

12am

3pm

6pm X ... X X X ... X

9pm

12pm

X: selected scenario

happen on January 20th at 6pm. The analysis of the seasonal variations led us
to choose a 21-day span centered on January 20th. The analysis of the diurnal
variations brought us to the conclusion that the selection should not be extended
to other time steps than 6pm. This is illustrated in table 3.2. The result is that
we have 21 scenarios that can be used in every of the 52 years of the database,
which brings us to a total of 1092 different wind scenarios. The estimates of the
probability functions of the wind load factors for country A onshore and country
B offshore corresponding to this set of scenarios are shown in figure 3.13.

3.3.3 Formalisation of the presented method
The method can be formalised in the following way:

1. Determination of the inter-daily extent of the scenario selection (cf. table
3.1)

(a) Visualisation of the seasonal profile of the wind load factor of each
zone at the simulated time of the day, averaged over all the available
years, with a moving average that results in a qualitatively smooth
curve.
Choice Here, a 19-day moving average was chosen.
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Figure 3.13: Estimates of the probability functions of the wind load factors
based on the selected set of scenarios
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(b) Choice of a wind load factor interval centered on the wind load factor
calculated with the moving average for the simulated day.
Choice Here, a +/- 5% interval was chosen.

(c) Identification of the days for which the moving average curve is
whithin the chosen interval for every wind zone of the simulation.
Adjustment of the selected span to make it symmetric around the
simulated day.
Result Here, the 21-day span around 20 January was selected.

2. Determination of the intra-daily extent of the scenario selection (cf. table
3.1)

(a) Visualisation of the daily profile of the wind load factor based on
all the available years and on the span of days selected in step 1.
Identification of the scenarios that could be selected based on the
analysis of this curve.
Result Here, the time steps 3pm and 9pm were considered, addi-

tionnally to the point at 6pm.
(b) Analysis of the estimates of the probability functions of the wind

load factors at the different considered time steps. Selection upon
visual appreciation of the time steps that have estimated probability
density functions similar to that of the simulated moment.
Result Here, only the scenario of 6pm was selected.
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Chapter 4

Impact of the number of
scenarios on the results

In this chapter, a methodology is proposed in order to evaluate the impact of the
number of scenarios on the simulation results. A way to determine the number
of scenarios depending on the requested accuracy is presented.

The usual procedure with Metrix at EDF R&D is to run simulations with
2000 scenarios according to the procedure explained in section 2.2.5. This choice
is questioned here for three reasons:

• No record of the reasons for this particular choice of using 2000 scenarios
with Metrix could be found.

• Approximately 8 hours of computation time are required for simulations
with 2000 scenarios, which is a problem when several simulations are re-
quired in a row.

• Finally, this project proposes a new way of generating the scenarios that
introduces an additional source of variability. It is therefore necessary to
reconsider the number of scenarios in the simulations.

4.1 Sets of scenarios and observed results
In order to test the wind model, 21 sets of scenarios of different sizes (i.e. con-
taining different numbers of scenarios) were chosen to perform simulations with
Metrix. A selection of 17 system quantites estimated whith these sets is then
observed in order to asses the effect of the used set of scenarios on the results.
The objective is to determine the number of scenarios that should be used for
the simulations with Metrix.
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4.1.1 Sets of scenarios
For all the sets of scenarios, the simulated moment is the winter peak 2013
(20 January 2013 at 6pm). The consumption scenario corresponds to that mo-
ment and was elaborated based on real consumption measurements published
by the TSOs of the countries simulated in Metrix. Since these measurements
were aggregated by TSO, hypotheses had to be made about how the load was
distributed across the nodes of the transmission grid in order to obtain a load
situation as close as possible to the reality. This work was done by the EDF
R&D team prior to the present project.

The differences in the sets of scenarios are in the number of scenarios, in the
generation of the availability scenarios and the choice of the wind load factor
scenarios. The latter were determined accordingly to the findings of section
3.3.2. The purpose of trying out all these sets is to find which ones are best
with respect to both computational times and accuracy. Table 4.1 sums up the
different sets of scenarios that were used. A notation Si

j is used, where i is the
number of scenarios in the set and j is an index that corresponds to the type of
set. There are three types of sets:

• the sets named Si
1 correspond to the approach initially used at EDF R&D.

For each scenario, the thermal plant availabilities are drawn randomly
according to the availability rates defined in the database presented in
section 2.2.2. By thermal plants we mean all the plants simulated in the
study that are fuelled with coal, oil, gas or nuclear power. The wind
load factors are the same in every scenario, meaning that the simulation
results do not reflect the variability of the network situations due to the
variability of the wind power generation. The availabilities are the only
source of variability in the results.

• the sets named Si
2 contain scenarios where the wind load factor situa-

tions are taken from the database. Every simulated scenario has the same
wind load factor, country per country, as a particular situation from the
database. In these sets, all the thermal plants are available in all the
scenarios. This does not reflect any real situation because it is almost im-
possible that all the plants in Europe are available simultaneously. Here,
the wind load factors are the only source of variability in the results.

• the sets named Si
3 are satisfying the purpose of the project of this thesis

in the way that they combine randomly drawn thermal plant availability
scenarios with wind load factor scenarios taken from the database (as
explained in section 3.3). Both the availabilities and wind load factors are
here source of variability in the results.

In the sets Si
2 and Si

3, the wind load factor scenarios are chosen according to
the results of the methodology applied in section 3.3.2. Table 4.1 shows the
dates from which the wind load factors are taken. For all the sets except S2184

2
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Table 4.1: Sets of scenarios. The asterix, *, indicates the scenarios where each
wind load factor from the indicated range of the database appears twice.

Set Number of Plant availability Wind load factor scenarios
scenarios scenarios From database Years Dates Time

S10
1

10
Drawn randomly No One default scenario

S10
2 All plants available Yes 2000 - Jan. 6pm
S10

3 Drawn randomly 2009 20

S52
1

52
Drawn randomly No One default scenario

S52
2 All plants available Yes

1958 - Jan. 6pm
S52

3 Drawn randomly 2009 20

S156
1

156
Drawn randomly No One default scenario

S156
2 All plants available Yes 1958 - Jan. 6pm
S156

3 Drawn randomly 2009 19 - 21

S364
1

364
Drawn randomly No One default scenario

S364
2 All plants available Yes 1958 - Jan. 6pm
S364

3 Drawn randomly 2009 17 - 23

S572
1

572
Drawn randomly No One default scenario

S572
2 All plants available Yes 1958 - Jan. 6pm
S572

3 Drawn randomly 2009 15 - 25

S1092
1

1092
Drawn randomly No One default scenario

S1092
2 All plants available Yes 1958 - Jan. 6pm
S1092

3 Drawn randomly 2009 10 - 30

S2184
1

2184
Drawn randomly No One default scenario

S2184
2 All plants available Yes* 1958 - Jan. 6pm
S2184

3 Drawn randomly 2009 10 - 30
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and S2184
3 , every scenario of the indicated time span is used once. For S2184

2
and S2184

3 , every scenario is used twice. This is because as a result of section
3.3.2, we cannot use more than 1092 different wind load factor scenarios from
the database. This will nonetheless lead to 2184 distinct scenarios in the sets
S2184

2 and S2184
3 , since two identical wind load factor scenarios will be combined

with two randomly generated availability scenarios (which have an extremly low
likelihood of being identical).

4.1.2 Observed results
Table 4.2 shows which simulation results were monitored in order to assess the
different sets of scenarios. They were chosen so that they cover a quite broad
range of types of results and can be classified in three categories:

• Local quantities, which are measured on one component of the system,
e.g. the transmitted power on a line or the generation in a plant.

• Regional quantities, which result from an aggregation of local quantities
inside a zone, e.g. the total generation in a country.

• Global quantities, which result from an aggregation of local quantities
inside the whole simulated area, e.g. the total operation cost.

For the local quantities, three transmission lines and one PST were monitored.
The Redwitz-Remptendorf line is known to be a usual bottleneck of the Ger-
man grid, particularly at times of high wind power generation. The Villarodin-
Venaus interconnexion between France and Italy as well as the Parma-La Spezia
line in Itlay are also frequently congested. These three elements were chosen
here because they are often critical in the system, it is therefore important to
be able to simulate them correctly. Three quantities were observed for each one:
the transmission, the marginal value1 and the marginal value in the N-1 analy-
sis2. Additionally, the setpoint of a PST located on a line between Slovenia and
Italy was observed. The setpoint is a result of the optimisation problem solved
by Metrix and is expressed as a difference in MW that the PST causes on the
line where it is installed (compared to a situation where there is no PST on
the line). In other words, it is the setting of the PST that leads to an optimal
operation of the system.

The chosen regional quantities are the total generation and total operation
cost in Germany and in Italy. The two countries were chosen arbitrarily. The
total generation of a country is simply defined as the sum of the generations in
all the generating unit of the country.

1The marginal value of a line is an economic value that can be calculated for lines that
reach their maximum capacity. It measures the savings that could be made in the operation
of the system during one hour by increasing the capacity of the line by 1 MW.

2The N-1 marginal value is the greatest marginal value of the line calculated in the N-1
analysis, i.e. the greatest marginal value obtained on that line when simulating, one by one,
the loss of every other line of the grid.
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Table 4.2: Observed results

Type Notation Description Unit

Global
T OC Total operation cost ¤/h

∆T OC Redispatching cost ¤/h

MG Variable cost of the marginal plant ¤/MWh

Regional

GIt Total generation in Italy MW

T OCIt Total operation cost in Italy ¤/h

GGer Total generation in Germany MW

T OCGer Total operation cost in Germany ¤/h

Local

PR−R Redwitz - Remptendorf Transmitted power MW

MVR−R transmission line Marginal value ¤/MW/h

MV N−1
R−R (Germany) N-1 Marginal value ¤/MW/h

PP −L Parma - La Spezia Transmitted power MW

MVP −L transmission line Marginal value ¤/MW/h

MV N−1
P −L (Italy) N-1 Marginal value ¤/MW/h

PV −V Villarodin - Venaus Transmitted power MW

MVV −V transmission line Marginal value ¤/MW/h

MV N−1
V −V (France-Italy) N-1 Marginal value ¤/MW/h

SP PST in Divača, Slovenia Setpoint MW

Finally, three global quantities were picked: the total operation cost, the
redispatching cost and the variable cost of the marginal plant. The total oper-
ation cost is defined as the sum of the costs of generation in all the generating
units in the simulated area. The redispatching cost is defined as the difference
between the actual total operation cost resulting from the optimisation problem
and the total operation cost that is calculated under the assumption that each
market zone is aggregated on one electric node. It can therefore be interpreted
as the part of the total operation cost that is caused by the internal network
constraints. The variable cost of the marginal plant is the cost of the “last”
MWh, i.e. the variable cost of the unit that is last in the merit order among
those that are turned on. Since there are different price zones, the variable cost
of the marginal plant is equal to the highest price of electricity in the system.
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For all of these quantities, we mainly looked at three common statistics: the
mean value because in some cases it has an economic meaning, and the 5th

and 95th percentiles because they can be dimensioning criteria and give an idea
of the typical spread of the quantity. In this entire study, the xth percentile
of a quantity for a set of scenarios is defined such that in x% of the simulated
cases, the considered quantity has a value smaller than the xth percentile. Other
statistics such as the median or the standard deviation could also be considered
in future studies.

4.2 Estimation of the accuracy of the results as
a function of the number of scenarios

The accuracy of the results of a multi-scenario network simulation depends on
the number of scenarios that have been calculated. On the one hand, if too few
scenarios are calculated, there is a risk that the set of scenarios does not give
a good statistical representation of the possible wind situation and availability
situations, thus giving misleading results. On the other hand, the number of
scenarios is limited by the calculation time and by the number of different
available wind scenarios in the wind load factor database. An estimation of the
accuracy of the results as a function of the number of calculated scenarios is
therefore required.

The goal of this section is to propose a methodology for the determination of
the number of scenarios. Two complementary approaches are used: one based
on an analysis of the convergence of the results, another based on the bootstrap.

It is important to note that in this section, we only refer to the error that
comes from the multi-scenario approach. There are of course other sources of
error in the model (load flow approximation, technical characteristics of the
network...) but these are not treated here. This means that all the error es-
timations made in this section must be interpreted carefully. Moreover, the
results shown here are specific to the model used and the input data. However,
the methodology can be applied to other models.

4.2.1 First approach: convergence of the results
The most straightforward approach to the problem is to look at how the results
evolve with the numbers of scenarios.

This approach is illustrated in figure 4.1 for the TOC and in figure 4.2 for
MVV−V .

49



7

7.2

7.4

7.6

7.8

8

8.2

8.4

8.6

8.8

9

T
O

C
 (

M
¤

/h
) 

Set of scenarios 

5th percentile

Mean

95th percentile

Figure 4.1: Convergence of the results for the TOC
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The general idea of this approach is that if n scenarios are enough to obtain
a result that is not biased by the scenarios, then adding more scenarios will not
improve the estimations. Therefore, as long as a curve in figure 4.1 or 4.2 is not
stabilised (i.e. there is no clear convergence), the estimation that it gives of the
statistic is unlilkely to be accurate.

For many of the statistics observed in figures 4.1 and 4.2, we can see that
the curves have great variations at the beginning, and then start to stabilise
around a value that seems to be asymptotic. The more scenarios we use, the
more the bias due to the generation of the scenarios is reduced. There is a
tendency for convergence of the results with an increasing number of scenarios.
This tendency is however not observed on all the curves3.

As explained in section 4.1, the three types of scenario sets (Si
1, Si

2 and
Si

3) correspond to very different network situations. Therefore the purpose of
figures 4.1 and 4.2 is not to compare the values of the estimators, but rather to
compare:

• the way they converge (or not) towards a final value ;

• the spread of the results, which can be roughly visualised by looking at
the difference between the 5th and the 95th percentile. In the sets Si

1, the
spread is only due to the unavailabilities, whereas in the sets Si

2 it is only
due to the different wind load factor scenarios. Comparing these to the
sets Si

1 gives an idea of how these two sources of variability influence the
results together.

For instance, the following conclusions can be drawn from figure 4.2 about the
convergence of the fifth percentile of MVV−V :

• The curves show us that more scenarios are needed to get an “acceptable”
estimation with the sets Si

3 than with the sets Si
1 and Si

2.

• The estimate obtained with S10
1 and S10

3 both seem abnormally high, which
indicates that these sets of scenarios do not contain availability scenarios
that lead to low marginal values.

• Based on the results obtained with S156
1 and S156

2 , one could think that
156 scenarios are enough to get an “acceptable” estimations of the fifth
percentile. However, the set S156

3 leads to a very bad estimate: this shows
that combining availability scenarios with wind load factor scenarios in-
creases the variability in the results and thus increases the number of
necessary scenarios.

Moreover, figure 4.1 helps understanding how the effects of the availability sce-
narios and wind load factor scenarios can have combined effects. The gap be-
tween the 5th and the 95th percentile gives an idea of the spread of the TOC
sample. The sets Si

3 lead to higher estimates of the 95th percentile and thus to
3It would maybe appear more clearly if the curves were plotted with a linear scale for the

x-axis. This was not done in this project but would be interesting in further studies.
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wider spreads than the sets Si
1 and Si

2. The reason for this is that when com-
bining the availability scenarios and the wind load factor scenarios, the effects
of both can in some cases lead to even more “unfavourable” network situations,
and thus higher operation costs.

Although these curves give us important clues about the impact of the num-
ber of scenarios on the derived estimators, they do not really allow us to draw
conclusions about the number of scenarios that is necessary to reach a cer-
tain accuracy. An asymptote can be identified in the graphs, but we cannot
be sure that the curves do not converge towards another value with a much
larger number of scenarios. However, here we are already close to the limits of
the computation with the resources at hand because of computation time and
memory issues, so it is not possible to run simulations with much more scenar-
ios. Another approach of the problem is therefore required. As explained in the
following section, the bootstrap method can provide answers to the question
of the number of scenarios in a computationally much lighter way. The exact
bootstrap method used in this report is described in appendix A.

4.2.2 Second approach: bootstrap for error estimation
In this section, the bootstrap is used to estimate the error over the calculated
quantities. The methodology is explained in appendix A, and illustrated with
two examples here: the error estimation obtained for the expected value of TOC
and the 5th percentile ofMVV−V . The objective is to assess whether the sample
allows a robust estimation of the quantities of interest. The presentation of the
bootstrap given below is based on [3, 10, 14].

The bootstrap method is based on generating resamples of an original sam-
ple. The resampling with replacement can be explained as follows. The first
element of the resample is picked randomly among the elements of the original
sample, and then replaced into the original sample. The procedure is then re-
peated until the resample has the same size as the original sample. Any element
of the original sample can therefore appear one time, several times or not at all
in the resample.

In this study, what we call the original sample is a set of n values of a quantity
(for example the expected value of TOC), obtained by running simulations with
n different scenarios. The basic idea consists of taking the original sample as an
empirical estimate of the probability density function of the observed quantity.
Performing a resampling with replacement from the original sample is thus
equivalent to randomly generating a new sample using the empirical estimate of
the probability density function. Using the resampling with replacement, a new
set of n values of the same quantity can be generated. The obtained resamples
can therefore be considered as if they were the results of additional simulations
done with other sets of scenarios identically distributed as the original one.

The method therefore allows us to easily calculate many different estimates
of the statistics of interest (e.g. expected value of the total operation cost) by
running the actual simulation only once, with one set of scenarios, thus reduc-
ing the computational burden. An analysis of the distribution of the estimates
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obtained with the bootstrap gives us an idea of the reliability of the original es-
timation: the higher the variability in the estimates derived from the resamples,
the higher the need for a greater number of scenarios in the original simulation.

The bootstrap method presented in appendix A is applied here in order to
give a quantified estimation of the error that comes from having a set of scenarios
of size n, compared to an hypothetical infinite set of scenarios that would lead
to the exact result.

We made the arbitrary choice of deriving 95% confidence intervals over the
estimated error because we felt that this suited the need of our network studies.
However, larger or smaller confidence intervals can be used as well.

First example: error over the expected total operation cost

With the results of set S572
3 , we want to estimate the error over the mean value

of TOC. A bootstrap with B = 1000 resamples is performed.
Figure 4.3 shows the histogram of the values of TOC obtained with the

chosen set of scenarios. The results range from 7081 to 9142 k¤/h and the
sample mean is

TOC = 7951 k¤/h (4.1)
which is our estimator of the expected value of TOC.

Figure 4.4 shows the histogram of the 1000 resample means TOC∗j that
were computed. The results are between 7910 and 8010 k¤/h, i.e. in a relatively
narrow range (compared to the original sample) that is approximately centered
on TOC.

For every resample, an estimator of the relative error ej over the TOC was
computed as explained in the appendix:

ej =

∣∣∣∣∣TOC
∗j − TOC
TOC

∣∣∣∣∣ j = 1...B (4.2)

The histogram of the errors in % is plotted in figure 4.5. We can see that all of
the 1000 computed errors are smaller than 0.7%. The interval [0, 0.42] contains
95% of the computed error estimators.
Interpretation: There is an estimated probability of 0.95 that the computed

TOC estimates E [TOC] with a relative error smaller than 0.42%. There-
fore E [TOC] can be estimated with a good accuracy with this set of 572
scenarios.

Second example: error over the 5th percentile of a marginal value

With the results of set S364
3 , we want to estimate the error over the fifth per-

centile of MVV−V , the marginal value of the transmission line between Villar-
odin and Venaus. A bootstrap with B = 1000 is performed.
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Values rounded up to the nearest multiple of 5.

This line is an interconnection between France and Italy. Since electricity
production is generally more expensive in Italy than in the neighbouring coun-
tries, Italy is usually an importing country. Congestions on the interconnections
between Italy and the neighbouring countries are quite usual and lead to price
differences and to a marginal value on the line.

The histogram of the marginal values obtained with the chosen set of sce-
narios is plotted in figure 4.6. We can see that MVV−V is most of the time
between -5 and 0 ¤/MW/h. In only about a fifth of the scenarios does MVV−V

reach lower values, and by looking at the figure we can guess that there are not
enough values in the range [-75, -5] to get a good estimate of the fifth percentile.
Here, the sample leads us to the following estimation:

P5(MVV−V ) = −49.7 k¤/MW/h (4.3)

.

For every bootstrap resample, the fifth percentile P5(MV ∗jV−V ) is calculated.
The histogram of the results is shown in figure 4.7. Most of the values are close
to the sample estimate calculated above (-49.7 k¤/MW/h), but some are far
away from it.
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The relative errors are finally computed:

ej =

∣∣∣∣∣P5(MV ∗jV−V )− P5(MVV−V )
P5(MVV−V )

∣∣∣∣∣ (4.4)

The obtained histogram is plotted in figure 4.8. The errors reach up to 80%.
The 95% confidence interval over the errors is [0, 46.7]. The value 46.7% is
equal to the 950th smallest of the 1000 calculated values ej . It cannot be read
directly from figure 4.8.

Interpretation: There is an estimated probability of 0.95 that the computed
P5(MVV−V ) estimates the real 5th percentile of the marginal value with
a relative error smaller than 46.7%. This indicates that this result should
be interpreted carefully and that more scenarios are required if a good
accuracy is needed.

This example about the fifth percentile of MVV−V demonstrates the contri-
bution of the bootstrap compared to the previous approach. The results of
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Figure 4.8: Histogram of the claculated error estimators of the resample 5th
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the previous approach displayed in figure 4.2 indicate that the 5th percentile
of MVV−V seems to be already estimated fairly well with the set S364

3 . Based
on this, one could think that these 364 scenarios are enough to estimate this
marginal value with a good accuracy. However, the bootstrap illustrated in
figures 4.6, 4.7 and 4.8 leads to the result that there is still a 5% probability of
having an error greater than 46.7%, as explained above. One can thus conclude
from the results of the bootstrap method that the set S364

3 does not allow a very
reliable estimation of the 5th percentile of MVV−V . This shows that the results
of the bootstrap approach give probabilistic results that allow finer conclusion
than from the convergence approach.

Evolution of the error estimation as a function of the number of cal-
culated scenarios

We can expect that the more scenarios are calculated, the more the statistics
derived from the results are likely to be accurate. The bootstrap method illus-
trated above was applied to all the observed results with all the sets of scenarios
in order to verify this. The confidence intervals over the error estimators of the
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Figure 4.9: Upper bound of confidence intervals for the error over three statistics
of the TOC

mean value, the 5th and the 95th percentiles were computed whenever possible4.
Figures 4.9 and 4.10 show the dependence between the error estimators5 and

the number of calculated scenarios. The general trend is that a higher number
of scenarios leads to a better accuracy on the results (although there are some
exceptions, notably at the end of the plots of the 5th percentile and the mean in
figure 4.10). These results were obtained with B = 2000 resamples, which was
verified to be large enough6.

For MVV−V , the relative error for the 95th percentile is not defined because
the estimator of this quantity is zero. The error estimator for the median was
plotted instead in figure 4.10.

4.2.3 Combining the two approaches
In this section the two approaches are combined in a table that sums up the
results. The objective is to have a simple and operational decision tool regarding
the number of scenarios to be used in a simulation. For this, the results of the

4The relative errors is not defined for a quantity that is equal to zero, which is the case
for some of the estimated percentiles here. Standard deviations or absolute errors could be
considered instead, but it was not done in this project.

5i.e. upper bound of the 95% confidence interval of the relative error estimator.
6In the sense that computing the results several times led to very close results
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Figure 4.10: Upper bound of confidence intervals for the error over three statis-
tics of MVV−V

bootstrap approach (i.e. the second one) are displayed numerically in the table
and the results of the convergence approach (i.e. the first one) are reflected
through a colour code. As a conclusion, recommendations are issued for future
network studies at EDF R&D. These can not be generalised to other network
models.

The method for affecting colours to the results of the convergence approach
is detailed here for estimations of the mean value of MVV−V based on the
scenarios Si

3 in table 4.3:

• The estimator obtained with the largest set of scenarios of the series (S2184
3

in this case) is taken as the reference value, since it can reasonably be
assumed to be our best estimator. It corresponds to the last point of
the curves in figures 4.1 and 4.2. The relative errors of the estimators
obtained with the smaller sets of scenarios are calculated with respect to
the reference value (cf. third column of table 4.3).

• A colour code is defined, assigning four colours to four ranges of errors as
shown in figure 4.11.

• In this particular example (table 4.3), the estimate obtained with 52 sce-
narios is better than the ones obtained with 156 or 364 scenarios. However,
this cannot be generalised to other simulations: it is more likely to gain
accuracy when increasing the number of scenarios. We can therefore as-
sume that the error on the estimator obtained with S52

3 could have been
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Colour Error indicator

> 10%

< 10%

< 5%

< 1%

Figure 4.11: Colour code for the convergence indicator used in figure 4.12 and
tables 4.3-4.7

at least as great as the errors obtained with the following scenarios. In
the fourth column of table 4.3, we thus assign a red indicator to S52

3 even
though the calculated error is smaller than 10%. This can also be seen
in figure 4.12. This method, which is one of the contributions made in
the report, allows to obtain a monotonic variation of the indicator. It was
inspired by the obtained results and to the best knowledge of the author
it has not been published before in the related literature.

The results of the two approaches are then synthesised in tables 4.4, 4.5 and
4.6. The numbers in the table are the upper bounds of the 95% confidence
intervals of the error estimators presented in section 4.2.2. The colours indicate
a range for the value of the convergence indicator calculated in section 4.2.2.
The tables are organised as follows:

• table 4.4 contains the results obtained for the 5th percentiles of the ob-
served values,

• table 4.5 contains the results obtained for the mean values,

• table 4.6 contains the results obtained for the 95th percentiles.

The following comments can be made on tables 4.4, 4.5 and 4.6:

• The two approaches are coherent in most cases: when the convergence
indicator is green, the bootstrap error estimate is usually smaller than
2%.

• However, in some cases, mostly with small sets of scenarios, the results are
very different. Let us consider the estimate of the expected total operation
cost obtained with S3

10 in table 4.5: we can see that the bootstrap approach
gives a low error estimation (the 95% confidence interval’s upperbound is
3.43%) even though the red colour indicates that the estimation is more
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Table 4.3: Assigning colours in order to create a monotonous convergence indi-
cator

Set of Mean MVV−V Calculated Following errors Assigned
scenarios estimate error all smaller than... colour

(¤/MW/h) (%) (%)

S10
3 -1.19 84.4 84.4

S52
3 -8.18 7.1 26.4

S156
3 -5.62 26.4 26.4

S364
3 -7.02 8.1 8.1

S572
3 -7.61 0.3 7.8

S1092
3 -7.04 7.8 7.8

S2184
3 -7.64 Reference - -

value
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Figure 4.12: Convergence indicator: an example
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than 10% off the best estimate. This means that although the sample
allows a statistically robust estimation of the mean value, the scenarios of
S3

10 do not lead to a representative sample.

• For two quantities, the estimators do not reach good values even for the
largest sets of scenarios: MG, the variable cost of the marginal plant,
and SP , the setpoint of the phase shift transformer observed in this study
(located in Divača, Slovenia). This is because both vary in an extremely
wide range and would require more scenarios to get a good estimate of
the expected value, the 5th and 95th percentiles.

• We notice that a distinction can be made:

– between the global and the local quantities: the global quantities are
generally estimated more accurately than the local ones. There is an
averaging effect on the regional and global quantities because they
result from a combination of many local quantities. The variations
of these local quantities can be expected to balance each other out at
least to some extent on a regional and global scale, thus stabilising
the regional and global quantities.

– between the mean value and the percentiles: the errors on the 5th

and 95th are generally higher than the errors on the mean value. (ex-
ception: the bootstrap error can be 0 on the 5th and 95th percentiles
of the transmitted power on a line where congestion often occurs, as
can for example be seen for the 5th percentile of PV−V in table 4.4.)
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Table 4.4: Results for the 5th percentiles. The colours are the results of the first approach (cf. figure 4.11). The numeric values
are the results of the bootstrap approach. The notations used are explained in tables 4.1 and 4.2.

Set of 

scenarios
TOC ΔTOC MG GIT TOCIt GGer TOCGer PR-R PP-L MV

N-1
P-L PV-V MVV-V SP

S
1

10 0.92 14.48 0.00 0.76 2.05 2.12 18.21 10.49 26.72 27.14 0.00 77.73 84.11

S1
52 2.64 11.47 0.04 1.31 1.33 0.68 4.47 33.29 1.76 7.87 0.00 53.62 171.31

S
1

156 1.71 8.48 0.00 0.10 0.85 1.55 6.38 3.82 1.49 21.35 0.00 40.15 61.93

S1
364 1.19 5.70 0.04 0.00 0.27 0.61 2.48 2.82 0.55 9.82 0.00 2.08 24.96

S
1

572 0.60 2.55 0.02 0.00 0.25 0.51 1.64 1.92 0.64 5.93 0.00 3.75 36.90

S
1

1092 0.55 1.51 0.02 0.00 0.18 0.30 1.08 1.15 0.64 2.85 0.00 1.64 49.55

S1
2184 0.27 0.95 0.02 0.00 0.14 0.23 0.56 0.89 0.28 1.96 0.00 1.12 24.69

S
3

10
2.82 24.04 5.72 1.14 2.61 1.12 4.51 31.50 5.27 36.71 0.00 69.18 0.00

S3
52 2.56 17.58 0.10 0.00 3.59 0.55 16.50 8.29 5.90 39.33 0.00 85.56 58.26

S3
156 1.33 13.32 0.02 0.00 2.05 0.61 4.43 2.64 2.91 26.03 0.00 89.13 55.74

S3
364 1.01 3.78 0.04 0.00 1.24 0.57 2.09 2.88 2.71 9.36 0.00 17.06 35.95

S
3

572 0.64 3.71 0.04 0.00 0.95 0.43 2.87 1.75 0.89 10.86 0.00 6.38 29.60

S3
1092 0.58 2.09 0.02 0.00 0.38 0.25 2.59 2.18 1.39 3.08 0.00 5.69 18.11

S
3

2184 0.38 1.41 0.04 0.00 0.39 0.22 2.02 1.10 0.79 2.27 0.00 15.65 11.20
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Table 4.5: Results for the mean value. The colours are the results of the first approach (cf. figure 4.11). The numeric values
are the results of the bootstrap approach. The notations used are explained in tables 4.1 and 4.2.

Set of 

scenarios
TOC ΔTOC MG GIT TOCIt GGer TOCGer PR-R PP-L MV

N-1
P-L PV-V MVV-V SP

S
1

10 1.37 4.22 18.54 1.34 2.21 0.90 3.99 3.32 14.70 33.93 3.28 60.18 73.01

S1
52 0.81 2.35 12.01 0.50 1.27 0.51 1.65 2.13 7.66 33.52 1.74 39.68 38.03

S
1

156 0.46 1.51 10.22 0.31 0.53 0.30 0.99 0.91 4.63 21.79 0.97 26.89 57.88

S1
364 0.33 1.03 7.97 0.22 0.37 0.19 0.67 0.57 2.91 12.45 0.51 26.15 23.89

S
1

572 0.24 0.82 189.29 0.18 0.32 0.16 0.58 0.49 2.35 10.43 0.39 14.25 14.51

S
1

1092 0.18 0.54 6.91 0.13 0.22 0.11 0.38 0.36 1.61 7.31 0.36 14.32 14.51

S1
2184 0.13 0.42 2.51 0.09 0.15 0.08 0.27 0.26 1.17 1.17 0.25 12.64 9.42

S
3

10 3.43 5.85 167.71 1.03 1.85 1.33 9.43 4.91 18.08 55.57 6.24 84.44 16.67

S
3

52 1.29 2.69 50.57 0.59 1.20 0.72 2.63 1.25 9.06 39.18 3.76 47.13 48.09

S3
156 0.75 1.57 176.25 0.26 0.70 0.39 1.61 0.72 4.62 19.19 1.01 25.36 57.80

S3
364 0.47 1.10 24.26 0.21 0.41 0.24 1.03 0.54 2.96 12.58 0.85 17.99 22.85

S3
572 0.42 0.88 114.09 0.16 0.34 0.21 0.90 0.39 2.43 17.47 0.80 14.45 15.36

S
3

1092 0.27 0.59 37.18 0.12 0.23 0.14 0.64 0.33 1.85 11.28 0.55 10.60 14.54

S
3

2184 0.20 0.44 41.94 0.08 0.17 0.10 0.45 0.20 1.28 6.47 0.39 17.30 9.20
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Table 4.6: Results for the 95th percentiles. The colours are the results of the first approach (cf. figure 4.11). The numeric
values are the results of the bootstrap approach. The notations used are explained in tables 4.1 and 4.2.

Set of 

scenarios
TOC ΔTOC MG GIT TOCIt GGer TOCGer PR-R PP-L MV

N-1
P-L PV-V MVV-V SP

S
1

10 2.97 9.77 0.00 2.20 5.00 1.35 2.24 0.27 35.29 19.25 315.79

S1
52 4.09 3.04 16.21 1.42 11.02 0.99 2.08 0.00 26.75 4.01 121.73

S
1

156 1.19 4.81 11.53 0.98 2.48 0.65 1.42 0.00 14.81 14.96 6.62

S1
364 0.95 2.16 9.72 0.61 1.34 0.34 0.49 0.00 12.89 4.48 6.62

S
1

572 0.71 2.06 16.21 0.60 0.80 0.21 0.77 0.00 7.17 4.97 5.67

S
1

1092 0.28 0.72 16.21 0.36 0.56 0.15 0.54 0.00 7.25 3.43 3.69

S1
2184 0.35 1.26 6.68 0.22 0.62 0.13 0.25 0.00 3.67 3.28 0.00

S
3

10
2.19 7.84 96.53 4.12 3.19 1.61 3.78 0.00 54.46 31.47 345.07

S3
52 3.02 6.13 130.69 2.15 3.28 1.70 2.94 0.00 46.15 37.12 69.84

S3
156 1.40 3.98 65.63 0.73 1.49 0.93 1.58 0.00 15.74 9.15 7.56

S3
364 0.78 2.41 28.97 1.07 1.63 0.58 1.02 0.00 6.92 12.15 7.56

S
3

572 0.62 2.04 64.92 0.61 0.79 0.59 0.83 0.00 12.35 11.50 6.62

S3
1092 0.58 1.04 41.22 0.50 0.75 0.37 0.53 0.00 5.18 12.21 0.95

S
3

2184 0.52 0.99 18.81 0.21 0.48 0.32 0.34 0.00 3.51 8.48 0.00
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Table 4.7: Condensed table of the worst results for S3
i : mean values, 5th and

95th percentiles

Mean Percentiles Mean Percentiles

S3
10 10% 24% 85% 90%

S3
52 3% 18% 48% 90%

S
3

156 2% 13% 26% 90%

S3
364 2% 4% 18% 16%

S3
572 1% 4% 18% 16%

S
3

1092 1% 3% 17% 16%

S
3

2184 0,50% 2% 17% 16%

Mean Percentiles Mean Percentiles

S3
10 10% 24% 85% 70%

S
3

52 3% 18% 48% 86%

S
3

156 2% 13% 26% 90%

S3
364 2% 4% 18% 13%

S3
572 1% 4% 18% 13%

S3
1092 1% 3% 12% 13%

S3
2184 0,50% 2% 17% 16%

Valeurs adaptées (pour décroissance)

Global quatities Local quantities

Valeurs constatées

Regional and global 

quatities
Local quantities

Based on the last comment, we can condense these results as shown in table
4.7. For each cell of the table, the chosen colour and the bootstrap error estima-
tor are the “worst” found in the previous tables (excluding the variable cost of
the marginal plant of the system, MG, and the setpoint of the phase observed
shift transformer in Slovenia, SP ). Some results were also modified in the way
explained earlier in this section in order to have monotonic variations of both
indicators.

Table 4.7 gives an overview of the number of scenarios that needs to be
computed in order to achieve a certain accuracy in the results. Of course, this
table should only be taken as an approximative indication because the results
obtained in other simulations might be very different from those obtained here
and because we did not observe all the different types of results.

Recommendations for future network studies at EDF R&D

• Based on table 4.7, the following recommendations were issued:

– In all cases, it is preferable to use as many scenarios as is reasonable,
depending on the calculation time that the user finds acceptable.

– For estimations about global and regional quantities, at least 364
scenarios should be used.

– For estimations about local quantities, at least 1092 scenarios should
be used.

– For the results that have a particular importance in the network
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study, a bootstrap analaysis should be performed to obtain an esti-
mation of the relative error confidence interval7.

• Preceding the network studies, a calibration of the input data (e.g. phase
shift transformer settings) is required in order to ensure that the simu-
lations reflect the real network behaviour. Since the calibration is vali-
dated by checking global quantities, a minimum of 156 scenarios is recom-
mendend for this step.

These recommendations are based upon the previous results that are specific to
Metrix and can therefore not be generalised to other network models. They will
serve as guidelines at EDF R&D for future network studies. The methodology
used here is however transposable to any model that works with multi-scenario
simulations and where the issue of the number of scenarios can be raised.

7An excel-based tool was developped to do this easily.
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Chapter 5

Impact of the proposed
method on the network
simulations

The objective of this section is to evaluate the influence of the proposed approach
of wind power on the simulation results, based on the issued recommendations
(at least 350 scenarios for global quantities and 1000 for local quantities). For
that purpose, it will be compared to the approach of wind power used with
Metrix before this master thesis, which is presented in section 2.2.5 and which
will in this chapter be referred to as the “former approach” or the “former
method”.

For this, two new sets of scenarios were created : S364∗
1 and S1092∗

1 . These
scenarios are the same as S364

1 and S1092
1 respectively, except that the default

load factor scenario was replaced by the mean load factor scenario calculated
from the sets S364

3 and S1092
3 . This allows to compare the values of the observed

results obtained with and without the proposed approach of wind power.
This section should not be considered a case study. The calibra-

tion and verification steps that are necessary to obtain results close to reality
have not been performed over the entire zone. The results presented in this
section are therefore not statements about the European electric system and
its components. They do not necessarily correspond to the actual behaviour of
the system at the winter peak. This is not the aim of the present study. The
objective is simply to analyse the impact of the method on the results and their
interpretation concerning the effects of wind power on the system. This is why
the name of the system components studied in sections 5.2.3 and 5.2.4 are not
given.
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Table 5.1: Results of the bootstrap analysis: upper bounds of the 95% confidence
intervals over the relative error

Quantity Set of scenarios Statistic Result of bootstrap analysis

TOC S364
3

5th perc. 1.6%
mean 0.6%

95th perc. 1.6%

∆TOC S364
3

5th perc. 3.3%
mean 2.1%

95th perc. 7%

TOCIt S364
3

5th perc. 1.6%
mean 0.4%

95th perc. 0.6%

TOCGer S364
3

5th perc. 3.1%
mean 1.5%

95th perc. 4.4%

PR−R S1092
3

5th perc. 1%
mean 0.4%

95th perc. 0%

MV N−1
P−L S1092

3

5th perc. 48.5%
mean 26%

95th perc. not defined

5.1 Impact on the results
The simplest way to estimate the impact of the proposed method is to compare
the results obtained with it (i.e. sets S364

3 and S1092
3 ) to those obtained with the

former approach of wind power (i.e. sets S364∗
1 and S1092∗

1 ). Figure 5.1 shows the
mean value, 5th and 95th percentiles of six different simulation results obtained
with the proposed method and with the former method. The recommandations
issued in the previous chapter were applied: for the regional and global results
(Total operation cost TOC, redispatching cost ∆TOC, total operaton cost in
Italy TOCIt, total operation cost in Germany TOCGer), the statistics shown in
the figure are those obtained with S364∗

1 and S364
3 , whereas the statistics shown

for the local results (transmitted power on the Redwitz-Remptendorf line PR−R

and N-1 marginal value of the Parma - La Spezia lineMV N−1
P−L ) are derived from

the sets S1092
3 and S1092∗

1 . The bootstrap analysis was also performed and the
results are displayed in table 5.1.
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Figure 5.1: Impact of the new method on the mean values, 5th and 95th per-
centiles of six system quantities
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In figure 5.1, it clearly appears that the proposed method and the former
one lead to different estimates for most of the derived statistics, the mean value
as well as the percentiles. In some cases the differences are small, in other cases
they are significant. Therefore it has a direct impact on the network studies
performed with Metrix. This justifies the work performed on the method.

An interesting thing to note is that in most cases, the 5th and 95th percentiles
are further apart with the new approach of wind power. This is due to the
fact that the availability scenarios and the wind load factor scenarios can have
combined effects, the system quantities therefore vary in a wider range. This
can be easily understood with the example of the total operation cost:

• Availability scenarios where most cheap generating units are available lead
to a lower total operation cost and vice versa.

• Wind load factor scenarios with a high wind power generation in most
cases lead to a lower total operation cost in Metrix. This is because
wind power does not have any variable cost. When its output is high in
the system, it replaces the power generated by conventional plants that
otherwise contribute to the total operation cost through their fuel costs.
The total operation cost therefore decreases when the wind load factors
increase.

• In the proposed method, some of the most “favorable” availability scenar-
ios will be combined with high wind load factor scenarios, which will lead
to an even lower total generation cost, and vice versa.

For similar reasons, most of the observed quantities vary within a wider range
with the new method.

It can be noticed that the results of the bootstrap analysis presented in table
5.1 are on the whole coherent with those displayed in figure 4.7, except for the
marginal value. This demonstrates the need to perform the bootstrap analy-
sis for the quantities that we know are sometimes hard to estimate (typically
marginal values).

5.2 Impact on the interpretation of the results:
analysis of the effects of wind power on the
system

The proposed approach of wind power uses scenarios with different geographical
distributions of wind load factors. By looking at the influence of the wind load
factors on the simulation results, one can analyse the effect of wind power on
the system, which was not possible with the previous approach of modelling
wind power where every scenario had the same spatial distribution of wind load
factors. This section aims at showing what the proposed approach of wind
power brings in terms of interpretation of the simulation results.

Four system quantities are considered here :
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• the total operation cost (section 5.2.1),

• the variable cost of the marginal plant (section 5.2.2),

• the transmitted power on a transmission line in Germany (section 5.2.3),

• the generation in a thermal plant in Germany (section 5.2.4).

The same analysis in two steps is performed for each one of them. First, the
estimates of their probability density functions resulting from the two methods
are compared. Then, the effects of wind power on the considered quantity
are interpreted based on the results of the simulation performed with the new
approach of wind power.

Finally, in section 5.2.5 the impact of wind power on the system is analysed
on a larger geographical scale with two maps (figures 5.10 and 5.11) that allow
to visualise correlation coefficients.

5.2.1 Total operation cost
Figure 5.2 shows the estimate of the probability density functions of the total
operation cost that are obtained with the set S364∗

1 (which corresponds to the
former method where only one wind load factor scenario is used) and the set
S364

3 (which corresponds to the new method with multiple wind load factor
scenarios). As explained in section 5.1, the new approach of wind power leads
to results that vary in a wider range. This clearly appears in the estimates of
the probability density functions.

In order to go further in the analysis, the dependence between the wind
power generation and the total operation must be examined. Figure 5.3 allows
to visualise this dependence. It is a scatter plot based on the results obtained
with S364

3 and showing the values of the total operation cost obtained in the
different scenarios as a function of the total wind power generation in Europe.

We can see that the total wind power generation has an impact on the total
operation cost. Two trends can be identified:

• From 0 to approximately 35 GW of wind power, the total operation cost
decreases significantly with the increase of wind power. This is due to the
fact that wind power has no fuel cost and replaces generating units that
have a strictly positive variable cost: the more power coming from wind,
the less fuel is used by conventional generating units, which in turn lowers
the TOC.

• For wind power generation levels exceeding 35 GW, unusually high values
of TOC appear. A closer look at the result files from Metrix show that
this comes from wind power curtailment. As explained in section 2.2.3,
the TOC function in Metrix includes a wind power curtailment cost, a
fictitious cost that appears in the objective function of the model in order
to avoid curtailment as much as possible. This means that above 35 GW
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Figure 5.2: Estimates of the probability functions of TOC

of wind power generation, the grid is congested to the point that parts
of the wind power generation has to be turned off in order to avoid a
system failure. These simulations were made with a high variable cost of
wind power curtailing that causes the objective function and the TOC to
increase strongly as soon as the model curtails some wind power. This
choice was made so that in case of constraints due to high wind power,
the model will rather solve the constraints by making costly changes in
conventional generation (if possible) than by reducing the output of the
wind power plants. It is however also possible to run simulations with a
low variable cost of wind power curtailing. This would lead to different
results because it would simulate a system where TSOs prefer curtailing
wind power rather than increasing the total operation cost of the system.

5.2.2 Variable cost of the marginal plant
The estimates of the probability density function of the variable cost of the
marginal plant MG (cf. definition in section 4.1.2) obtained with the sets S364∗

1
and S364

3 are shown in figure 5.4. In both cases, the values taken by MG are
distributed almost exclusively on three levels. The first corresponds to classic
gas-fired power plants, the second to gas combustion turbines and the third to
fuel combustion turbines. The value of MG therefore allows to identify which
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Figure 5.3: Scatter plot of TOC versus total wind power generation, based on
the results obtained with S364

3

is the most expensive unit used in the system.

Figure 5.5 allows an interpretation of the influence of wind on the marginal
plant of the system. Here again, a clear statistical dependence can be visually
identified: the general trend is that higher levels of wind power lead to a lower
value of MG. As explained in the analysis of TOC, when wind power is gen-
erated, conventional units can be turned off, and the most expensive ones are
turned off first according to the merit order (if the network constraints allow it).
We can observe here that when more than 20 GW of wind power are generated
in Europe, the marginal plant of the system is almost always a classic gas-fired
power plant.

5.2.3 Transmitted power on a transmission line in Ger-
many

The line studied here is an usual bottleneck of the German transmission system
and is known to be strongly affected by wind power. It is a weak point in
situations of North-South transmissions, and therefore particularly in cases of
strong wind power. This is why it is interesting to consider it in this study.

Figure 5.6 shows the estimates of the probability density function of the
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Figure 5.4: Estimates of the probability density function of MG
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Figure 5.5: Scatter plot of MG versus total wind power generation, based on
the results obtained with S364
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Figure 5.6: Estimates of the probability density functions of Pexample, Ger

transmitted power on this line that are obtained with the set S364∗
1 and the set

S364
3 .
In the obtained results, the transmitted power, noted Pexample, Ger, never

exceeds 1360 MW. The capacity of this line is higher, but never reached because
of the N-1 constraints. It can also be noted that Pexample, Ger is always positive,
which corresponds to a transmission from North to South.

It can be noticed in figure 5.6 the proposed approach results in more cases
where the line is congested (under normal regime).

Figure 5.7 shows the dependence between Pexample, Ger and the wind power
generation in Germany. We can see that the German wind power generation
clearly affects the transmitted power on this line: the more wind power is gen-
erated, the more this line is likely to be congested.

5.2.4 Generation in a German thermal plant
The plant considered here is located in the North-West of Germany where the
installed wind power capacity is high. Its generation, noted Gexample, Ger, is
analysed here because it has been found to be strongly affected by wind power
according to the results of the simulations with Metrix.

The two estimates of the probability density function obtained forGexample, Ger
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Figure 5.7: Scatter plot of Pexample, Ger versus total wind power generation,
based on the results obtained with S364

3

are shown in figure 5.8. We can see that while the plant (almost) always gen-
erates at its maximum level in the scenarios of S364∗

1 , the proposed approach of
wind power makes situations appear where the plant generates less.

From figure 5.9 we can see how wind power affects this plant. It is at its
maximum until approximately 15 GW of wind power generation. For higher
values, the wind power clearly causes Gexample, Ger to decrease. This is due
to the network constraints: situations of high wind power generation lead to
congestions on the grid in the region, thus causing redispatching measures to be
taken. Since wind power comes before thermal power in the merit order, this
plant has to decrease its generation in order to avoid a system failure.

The contribution of the work done in this project for future network studies
with Metrix is very well demonstrated by the four presented examples: the total
operation cost (section 5.2.1), the variable cost of the marginal plant (section
5.2.2), the transmitted power on a particular line in Germany (section 5.2.3)
and the generated power in a particular plant in Germany (section 5.2.4). Since
the points of the scatter plots are rather densely distributed along the x-axis, an
almost continuous analysis of the effects of wind power on the system is made
possible.

• the total operation cost (section 5.2.1),
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• the variable cost of the marginal plant (section 5.2.2),

• the transmitted power on a transmission line in Germany (section 5.2.3),

• the generation in a thermal plant in Germany (section 5.2.4).

5.2.5 Analysis of large-scale effects through correlation
maps

The scatter plots shown earlier give a qualitative information about the de-
pendences between wind power and other simulation results. It is possible to
quantify the dependence by calculating the correlation coefficient between both
variables. Two examples where this was done and represented on a map are
shown in this section (figures 5.10 and 5.11).

Effect of the wind power generation on the German 400 kV grid

Many lines other than the one discussed in section 5.2.3 are affected in various
ways by wind power. The dependences can be characterised by calculating the
corresponding correlation coefficients.

For every line of the German 400 kV grid, the correlation coefficient between
its transmitted power and the German wind power generation was calculated,
based on all the results obtained with the set S1092

3 . The result is displayed
on the map in figure 5.10. The colour of the lines indicate the strength of the
correlation. The higher the correlation factor, the stronger the dependence1.
This analysis can be completed by an analysis of the marginal values in order
to identify the lines where these dependences are problematic for the system.
This would for example allow to identify:

• lines with a strong correlation factor that have a strictly positive marginal
value in cases of high wind load factors. Such lines can be said to have
conjunctural congestions, since they only become problematic when the
wind power generation is high.

• lines with a weak correlation factor that regularly have a strictly positive
marginal value. Such lines could be said to have structural congestions
because they are often problematic, regardless of the wind power genera-
tion.

The installed capacities are also displayed on the map. These do not exactly
correspond to the geographic locations of the German wind parks. The circles
are placed on the nodes of the transmission grid where the farms are assumed
to be connected in the 2013 version of the Metrix database. The offshore wind

1This must of course be interpreted carefully because the correlation coefficient charac-
terises a linear dependency. There might be lines that are statistically very dependent on
wind power, but in a non-linear way and thus with a small correlation coefficient.
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Figure 5.10: Map of the correlations between the transmissions on the German
400 kV grid and the wind power generation in Germany
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farms are aggregated on the nodes of the onshore grid to which they are con-
nected, this is why no green dots can be seen in the sea. Darker spots mean
that several wind farms are connected on the same node.

We can see that the parts of the grid that are most correlated to the wind
power generation are those in the areas where the biggest capacities are installed.
The correlation coefficients are smaller in the South of Germany, where the
effects of wind power are weaker.

This map allows to rapidly identify the parts of the grid that are most
affected by wind power under the assumptions of the simulations2.

Correlations between generation levels of conventional plants (other
than wind farms) and wind power generation: analysis over Europe

Since the dispatchable units are optimised by the model, their output depends on
the wind power generation. Depending on their location and their generation
cost, they can be affected differently by the variations of wind power. This
dependence between the generation in a non-wind power plant and the wind
power generation can be characterised by a correlation coefficient.

For every electric plant that is not a wind farm, the correlation coefficient
between its generation and the wind power generation in its country was calcu-
lated (the sum of onshore and offshore generation is considered here). In figure
5.11, a dot was placed on the map on the location of every non-wind power plant
for which the absolute correlation coefficient is greater than 0.4. All of them
are smaller than 0.6. The size of the circle reflects the absolute value of the
correlation: the biggest circles correspond to the plants that are most affected
by wind power. Plants that are negatively correlated to the wind power gener-
ation in their country (i.e. that decrease their generation in situations of strong
wind generation), such as the one presented in section 5.2.4, are represented
by a blue circle. The meaning of the different shades of blue is not relevant
in this context. There are two main reasons why a negative correlation can be
observed:

• as seen in section 5.2.4, a high wind power generation can lead to conges-
tions that force other plants to reduce their generation ;

• in other cases, a high wind power generation can lead to a lower market
price of electricity, causing some plants to stop generating because the
price is too low for them to be profitable.

The analysis of the correlation factors is a way to identify the plants that are
affected by wind power. A case by case analysis is then required to understand
the nature of the dependency.

Only one plant with a positive coefficient greater than 0.4 was found in the
results. It is represented by the pink circle. With the tools at hand for the
analysis of the results, it is not easy to determine why this plant has a tendency
towards higher generation when the German wind power generation is higher.

2In particular, the fact that there is only one onshore and one offshore wind load factor.
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The following explanation could however be investigated. Let us consider a
line that is systematically subject to high flows from North to South when the
wind power generation is high. In the model, this can lead to a violation of
optimisation constraints if the flow exceeds the transmission limit under normal
regime (N) or the transmission limit under line outage regime (N-1)3. In that
case, the algorithm will try to reduce the flow on the line at the lowest cost in
order to satisfy all the constraints. Let us now suppose that there is a power
plant located at the South end of the line or close to it. Increasing its output can
be a way to reduce the flow coming from the North, thus solving the constraints.
This could explain a positive correlation such as the one observed in this study.
A deeper analysis is however required to confirm this explanation.

3These constraints are presented in section 2.2.3.
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Figure 5.11: Map of the strongest calculated correlations between generation
levels in plants other than wind farms and the wind power generation in the
corresponding country
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Chapter 6

Closure

6.1 Summary
The installed wind power capacity has increased rapidly over the last decades
and wind power now has come to have a strong impact on the European electric
system. The development of wind power is expected to continue in the coming
decades and it is therefore crucial to correctly take it into account in network
simulations of the future system.

This project aims at taking into account the variability of wind power gen-
eration in steady-state simulations with an Optimal Power Flow model. The
model used in this study, Metrix, is used at EDF R&D for simulations of the
European electric system for particular moments such as the winter peak and
in a long-term forecast perspective up to 20 years.

After investigating several options for reflecting the behaviour of wind power,
a scenario-based method was chosen in this study. It consists in using wind
situations from the past, applying them to a future wind park and using them
as input scenarios for Metrix. The choice of this method is mainly justified
by its simplicity (no statistical characterisation of the spatial dependences is
required) and the availability of an adapted wind load factor database with 13
wind zones over Europe and more than 150000 time steps.

A method to analyse the wind load factor databse is proposed in order
to select the scenarios that are appropriate for simulations of the considered
moment (according to the date and the time of the day).

An analysis of the impact of the number of scenarios on the simulation
results is performed. Two complementary approaches are used and lead to
recommendations about the number of scenarios to be used in future network
studies with Metrix. The methodology is applicable to virtually any kind of
multi-scenario simulation.

Finally, the contribution of this work for the nework studies with Metrix
is demonstrated with several examples. Simulation results obtained with the
proposed approach of wind power are analysed with a focus on the effects of
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wind power on the system, thus showing the benefits of using multiple wind
power scenarios in Metrix (compared to only one before this project).

6.2 General conclusions
The conclusions of this master thesis can be summed up as follows:

• A multi-scenario, multi-zone approach of wind power based scenarios of
past wind situations applied to a future wind park can be used in sim-
ulations of the future system. The scenarios must however be chosen
accordingly to the simulated time of year and day in order to ensure that
the chosen set of scenarios statistically represents the possible wind power
generation situations at this moment.

• The number of scenarios used for a simulation has a strong impact on the
statistics derived from the results. As in any multi-scenario simulation,
increasing the number of scenarios generally leads to better results. The
method presented in this report allows to estimate the errors of the results
and to decide of an appropriate number of scenarios.

• The wind power generation has a direct impact on many elements of the
European system. The approach of wind power proposed in this master
thesis enables a detailed analysis of these impacts.

6.3 Recommendations for future work
For future studies, this project could be improved in several areas:

• The main source of improvement would be to improve the spatial resolu-
tion of the wind load factor database as discussed in section 3.3.1. This
would allow a more realistic representation of the wind power generation
and would probably particularly improve the simulation of local phenom-
ena.

• In section 3.3.2, two choices were made in the selection process of the
wind load factor scenario: the use of a 19-day moving average and of a
+/- 5% interval for the analysis of the seasonal variations. Since these
choices were made independently based on a visual appreciation of the
graphs, it would be interesting to make a sensitivity analysis on these two
parameters in order to evaluate their influence on the scenario selection
and on the scenario results. It would be even better to find criteria to
make a rational choice for these parameters.

• In section 3.3.2, the distributions of the wind load factors were considered
in the analysis of the diurnal variations. The same thing could be done
for a finer analysis of the seasonal variations.
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• In the estimation of the accuracy of the results performed in section 4.2,
it was noticed that the 5th and the 95th percentiles were more difficult to
estimate for some of the observed quantities. It could be interesting to
do the same study with other percentiles and analyse the impact of the
chosen percentiles on the estimated accuracy of the results.

• A principal component analysis could be performed on the wind load factor
database in order to extract the main tendences of the distribution of
the load factors. This would allow to establish a closer link between the
meteorological conditions and the state of the network.

• In this report, solar power is not discussed. Its generation is similar in
many aspects to wind power: it is also highly variable in time and space
and presents spatial dependences and cycles on a yearly and daily scale.
The method applied to wind power is also applicable to solar power, pro-
vided that a suitable database is available. This would enable a better
representation of the impact of non-dispatchable intermittent renewable
energy source on the system. The concordance between wind power sce-
narios and solar power scenarios should of course be considered.

• The consumption is here purely deterministic. A scenario-based consump-
tion representing the range of consumption scenarios at the considered mo-
ment (e.g. winter peak) would lead to a better estimation of the possible
resulting network situations. When doing this, it could also be interest-
ing to investigate on how to take into account the fact that the ambient
temperature has an impact on the wind speeds and on the consumption,
thus possibly creating a dependency between both.

• The possibility of using variance reduction techniques could be investi-
gated in order to decrease the number of needed scenarios.
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Appendix A

Percentile bootstrap
confidence intervals

Basic principle

This description of the percentile bootstrap method is mainly based on [3, 10,
14].

Bootstrapping is a resampling technique to “derive properties (standard er-
rors, confidence intervals and critical values) of the sampling distribution of
estimators” [14] (the term “standard error” here refers to an estimate of a stan-
dard deviation).

There are different kinds of bootstrapping methods that can be used depend-
ing on the assumptions about the sample or what you want to estimate. In this
report, the non-parametrical approach is used because we have no knowledge
of the distribution function that led to the samples that we are analysing. This
appendix is only about the non-parametrical bootstrap.

Let us assume that we have a sample (x1, x2, ..., xn) noted x of a random
variable X with an unknown distribution function, and we are interested in a
statistic S (e.g. expected value or standard deviation). The simplest approach is
to directly compute S(x), which is an estimator of S(X). The percentile boot-
strap allows us to go further by deriving a confidence interval for the statistic.

The basic principle of the percentile bootstrap is to draw B resamples of
the same size by random sampling with replacement. This means that every
element picked for a resample is placed back in the original bin of samples before
the next element is picked. B is generally chosen equal to or greater than 1000
to obtain good results, regardless of n (except for very small values of n). The
resamples are denoted the following way:

x∗j = (x∗j1 , x
∗j
2 , ..., x

∗j
n ) j = 1...B (A.1)

Since this was obtained by random sampling with replacement, each xi can
appear one time, several times or not at all in a resample x∗j . For each one of
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the resamples, we calculate the statistic S(x∗j). We sort the results such that:

S(x∗j(1)) ≤ S(x∗j(2)) ≤ ... ≤ S(x∗j(B)) (A.2)

It is now possible to derive a confidence interval for the estimator S. Let us
suppose that B is equal to 1000 and that we want to derive a 90% confidence
interval. Its bounds will then be the 50th and the 950thof the sorted resample
estimators: the interval

[
S(x∗j(50));S(x∗j(950))

]
contains 90% of the values of the

resample estimators S(x∗j). A possible interpretation of this confidence interval
is the following: we estimate that there is a 0.9 probability that the statistic of
interest, S(X), is within

[
S(x∗j(50));S(x∗j(950))

]
.

If the chosen value of B is too small, running the bootstrap analysis several
times will lead to different confidence intervals. The greater B, the bigger the
chance that two successive calculations will lead to very close results. Regardless
of the application of the method, it is generally accepted that the choice of 1000
resamples is enough to have a good estimation of the confidence interval [10,
p.57], [14, p.4]. This can be verified by the fact that running the analysis several
times leads to extremely close results.

Application to the estimation of relative errors over a statistic

In this report, we have derived confidence intervals for the estimation of relative
errors with respect to a statistic S: if S(X) is different from 0,

e =
∣∣∣∣S(x)− S(X)

S(X)

∣∣∣∣ (A.3)

Since S(x) is an estimator of S(X), we can calculate an estimator of the relative
error for the statistic of each resample. Assuming that S(x) is different from 0,

ej =
∣∣∣∣S(x∗j)− S(x)

S(x)

∣∣∣∣ (A.4)

We sort these errors such that

ej(1) ≤ ej(2) ≤ ... ≤ ej(B) (A.5)

Since the ej are the absolute values of the relative differences and are therefore
all positive, we want the confidence interval to give us an upper bound for e.
The confidence interval is then computed differently than in the previous case.
For example, if B is set to 1000 and we seek a 90% confidence interval, we
will choose the interval

[
0; ej(900)

]
which contains the 90% smallest resample

errors. This allows the following interpretation: we estimate that there is a 0.9
probability that the error e is in this interval, i.e. smaller than ej(900).
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Relative error over the expected value

Let us take the example where we want to derive a confidence interval for the
error over the expected value E [X], also noted µ. The estimator of µ is the
sample mean:

x = 1
n

n∑
i=1

xi (A.6)

For every resample, the mean can also be calculated:

x∗j = 1
n

n∑
i=1

x∗ji j = 1...B (A.7)

Therefore, in this case we get:
S(X) = µ

S(x) = x

S(x∗j) = x∗j j = 1...B
(A.8)

Hence if µ is different from 0, the error that we want to estimate is

e =
∣∣∣∣x− µµ

∣∣∣∣ (A.9)

Provided x is different from 0, we obtain a distribution of estimators of the
resample relative errors over the mean:

ej =
∣∣∣∣x∗j − xx

∣∣∣∣ j = 1...B (A.10)

We then sort the estimated errors as in equation (A.5). If B is 1000 and we seek
a 90% confidence interval, we get the interval

[
0; ej(900)

]
that contains the 90%

smallest resample errors. This allows the following interpretation: we estimate
that there is a 0.9 probability that the error over x, our estimator of µ, is smaller
than ej(900).

Application to the estimation of relative errors over the percentiles

In this report, we have also derived confidence intervals for percentiles. Let
us assume that the sample size n is 100 and that we are interested in the
15thpercentile P15(X) of the random variable X. This percentile can be esti-
mated with the sample: if we sort the elements of the sample such that

xi(1) ≤ xi(2) ≤ ... ≤ xi(100) (A.11)

then P15(x) , also noted xi(15), is our estimator of P15(X) .
For every resample, the 15thpercentile can also be calculated by sorting the

elements such that

x∗ji(1) ≤ x
∗j
i(2) ≤ ... ≤ x

∗j
i(100) j = 1...B (A.12)
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which gives us the estimator P15(x∗j), also noted x∗ji(15).
Therefore, in this case we get:

S(X) = P15(X)
S(x) = xi(15)

S(x∗j) = x∗ji(15) j = 1...B
(A.13)

Hence if P15(X) is different from 0, the error that we want to estimate is

e =
∣∣∣∣P15(x)− P15(X)

P15(X)

∣∣∣∣ (A.14)

Provided xi(15) is different from 0, we obtain a distribution of resample relative
errors over the mean:

ej =

∣∣∣∣∣x
∗j
i(15) − xi(15)

xi(15)

∣∣∣∣∣ (A.15)

We then sort the estimated errors as in equation (A.5) and draw the conclu-
sion as seen above.
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