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Abstract

Nowadays, electrical power is essential for the functioning of our society. Power
system reliability management intends to prevent service interruptions while min-
imising the socio-economic costs. In order to meet this purpose, it takes decisions
based on a reliability criterion which is currently a deterministic criterion. However,
several factors such as the ageing of the power systems’ components, the increasing
share of renewable energies and the development of the electricity market compli-
cate the work of power system’s operators. All of this calls for a new probabilistic
reliability management approach and criterion, that is able to take into account the
stochastic nature of a power system. This should allow operators to design and
operate their system more economically while ensuring a desired level of reliabil-
ity. In this context, the European project GARPUR developed a new reliability
management approach and criterion. This master’s thesis intends first to study the
behaviour of this new reliability management approach and criterion when its use
in real-time operation is anticipated in the day-ahead operation planning context,
and to build simplified models (called proxies) with machine learning so as to mimic
the optimisation tool implementing the criterion. In order to reach these objectives,
a database is generated using Monte-Carlo simulations and the optimisation tool
developed in the GARPUR project. The dataset is first analysed by using classical
exploratory statistical methods and then by computing feature importances derived
from tree-based ensemble methods to assess the link between input parameters and
target quantities computed by optimising real-time decisions based on the reliability
criterion. Finally, several machine learnt proxies are tested to assess their accuracy
to predict several target outputs of the decision making program. The analysis
demonstrated the importance of the weather on the results. A comparison of the
proposed probabilistic reliability criterion with a “pseudo” deterministic criterion
based on a predefined list of contingencies has shown that the deterministic crite-
rion is more costly for an identical reliability level. Furthermore, considering the
fixed N-1 set of contingencies is typically conservative, but may sometimes be insuf-
ficient. The building of proxies also revealed that tree-based ensemble methods seem
to be the most accurate estimators. In particular the models based on extremely
randomized trees were found to be the most accurate models to predict most target
outputs.
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(a) About 20h before the blackout (b) About 7h after the blackout

Figure 1: Representation of the blackout that occurs on 2003/08/14 in the Northeast
of the United States and in Ontario (Canada). Figures (a) and (b) are satellite
images (Images from [1]). It can be seen that there is almost no light in cities like
Toronto and Ottawa seven hours after the blackout occurrence. The blackout is
the worst consequence of a failure in power system reliability management. These
images emphasise the importance of power system reliability management.
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Figure 2: Block diagram representing the main steps of this master’s thesis. First
a database (DB) is generated in the following way. Monte-Carlo simulations are
used to generate different plausible trajectories for the system in a day-ahead con-
text(input data). Then, all these trajectories are applied to the real-time decision-
making program based on the Reliability Management Approach and Criterion
(RMAC) developed by GARPUR (output data). After that the database is analysed
using classical statistical methods and with the help of machine learning in order to
understand the behaviour of the RMAC. Finally, the last part consists in building
proxies of the decision-making program.
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Chapter 1

Introduction

Electric power is essential in our modern society. Power system reliability manage-
ment is therefore important to guarantee a continuous supply. Its purpose is to take
optimal decisions in planning and operation, so as to maintain the reliability of the
power system at a desired level while minimising the socio-economic costs.

Nowadays, most transmission system operators base their reliability management
work on a deterministic criterion, named the N-1 criterion. Under this criterion, the
system is considered as sufficiently reliable, if it can continue to operate without
any service interruption after the loss of any single one of its components (lines,
transformers,. . . ). The uncertainty in power system is increasing due to several fac-
tors. Some of these factors are the ageing of power system components, the rise
of renewable energies and the development of electricity markets. In order to take
into account the stochastic behaviour of the system, it is desirable to switch to a
new probabilistic reliability criterion. The European project GARPUR is aimed to
"design, develop, assess and evaluate such new reliability criteria" [2]. This master’s
thesis is in continuity with the GARPUR project.

The purpose of this master’s thesis is twofold. The first objective is to study the
behaviour of the new probabilistic reliability criterion developed by the GARPUR
project in the context of day-ahead operation planning. The second objective is
to explore how machine learning could be exploited to build simplified models of a
decision-making program, called proxies. The advantage in using proxies instead of
the full program is to gain computational speed. However, it is at the expense of a
loss in precision. Figure 1.1 illustrates the main steps of this master’s thesis.

The first step is to create a database. Monte-Carlo simulations are used to gen-
erate the input variables which are then applied to the real-time decision-making
program developed by Karangelos et al. in [3] to produce output variables. On
one hand, these output variables are studied both statistically and with the help of
machine learning algorithms and in particular with feature selection methods. On
the other hand, supervised learning algorithms are applied to the database in order
to build proxies in order to predict the target outputs.

The report is organised as follows. Chapter 2 is a reminder of the basics of power
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Figure 1.1: Main steps of the master’s thesis.

system operations and describes the learning algorithms that are used throughout
the report.

Chapter 3 describes the modelling of the real-time decision making problem, on
which is based this work.

Chapter 4 explains in detail how the database is generated and in particular the
different hypotheses used.

Chapter 5 is an analysis of the database generated according to the procedure
developed in Chapter 4. The purpose is twofold: first verify that the database was
correctly generated by checking if the constraints are met and secondly understand
the influence of several parameters on the results of the decision making problem.

Chapter 6 determines the feature ranking based on their information about each
target output with the help of random trees ensembles. This allows to identify those
features that most strongly influence the value of each target output variable.

Finally, Chapter 7 studies the accuracy of proxies built by several machine learn-
ing algorithms when they are used to predict the target outputs of the problem.

The report ends by a short conclusion and the discussion of some future work in
Chapter 8.

2



Chapter 2

Background

This chapter is dedicated to the theoretical background needed for this work. The
first section presents some notions in power system operation, with a focus on re-
liability management. The second section introduces briefly the main learning al-
gorithms used in this project. The machine learning library used in this work is
Scikit-learn [4].

2.1 Power systems
Power systems are infrastructures that supply and deliver electricity to end-users.
The delivering system is split into two distinct parts: a transmission system that
delivers electrical power from generators to load centres and a distribution system
that conveys this power from the load centres to consumers. Some end-users are
directly connected to the transmission network. The voltage level is different for
both systems. In Belgium, the transmission system is a very high-voltage network
(70kV, 150kV, and 380kV) whereas the distribution systems concern the lower volt-
age levels [5].

This work focuses on power system reliability at the level of the transmission
system and in particular on power system operations. Both terms are detailed in
the two next subsections. Finally, this section ends with a comparison between
power system operation in practice and in research along with the presentation of
the GARPUR project.

2.1.1 Power system reliability

The reliability of a power system refers to the ability of this system to perform its
intended tasks under given conditions. Power system reliability management in-
tends to ensure that the system is reliable by taking a certain number of decisions
under uncertainty in order to meet a reliability criterion while minimising the socio-
economic costs. This reliability criterion is a basis to assess whether or not a system
is reliable [6].

In other words, power system reliability management consists in ensuring the
continuous operation of the system, despite the various disturbances and threats
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that can act on the power system, and while at the same time maximising the
social-welfare.

A power system is submitted to various threats and disturbances such as a com-
ponent’s outage and unexpected variations in demand and generation from renew-
able energies. Large disturbances such as the unexpected loss of a transmission line
or a power plant are called contingencies. The term contingency also covers simul-
taneous outages of several components.

System’s operators work to ensure that the system is always secure, that is the
system is stable and within its operating limits, even after the occurrence of a con-
tingency. Their work can be divided in three main tasks: grid development, asset
management and power system operation.

Grid development consists in evaluating the possible long-term scenarios (over
ten to twenty years) for the evolution of the level and location of the demand and the
generation so as to adapt the structure of the transmission system in consequence.
It should take into account the future level of reliability as well as an economic
constraint. Asset management mainly consists in inspecting, repairing, and replac-
ing the system’s components. In particular, it consists in scheduling the preventive
maintenance of components over a mid-term horizon of a few months to a few years,
and repairing them in case of failure.

On the other hand, power system operation ensures that the system is always
secure. In real-time, it consists in monitoring the system state and taking actions
if needed to bring the system back to a secure state. Ahead in time, it consists in
forecasting the possible future states of the system, over horizons of several hours
to a few weeks, in order to plan those actions that need to be taken in advance
to enable secure operation in real-time. Some actions are intra-day rescheduling,
definition of the day-ahead reserves and maintenance rescheduling.

This work focuses on power system operation and therefore this is described in
more detail in the following subsection.

2.1.2 Power system operation

This subsection first introduces the different operating states of a power system.
Then the two aspects of reliability management are explained. They are reliability
assessment and control. The first one consists in evaluating current reliability of
the system and comparing it against pre-determined reliability criteria. The second
evaluates the actions to be taken by the operator in order to maintain the reliability.
Finally, this subsection ends with the description of some mathematical tools used
by operators.

Operating states

Five operating states can be distinguished [7]:
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1. The system is in a normal state if it is stable and within its operating limits.
Furthermore, it is able to withstand contingencies.

2. If the system is stable and within its operating limits but is not able to with-
stand some contingencies, it is in an alert state. To come back to a normal
state, some preventive actions should be taken by the operator.

3. If a contingency occurs in an alert state, it could lead to an emergency state,
where some operational limits are violated. To come back to an alert state,
emergency actions should be taken.

4. The system is in an in extremis state if some operating limits are violated and
the system is unstable. In that case, some further components may be lost
leading to service interruptions and possibly to a blackout, and the operator
must take heroic actions in order to limit the loss.

5. Finally, the system is in a restorative state when it stabilises after an in ex-
tremis state. The operator tries to restore the lost components, load and
generation, in order to go back to a normal or alert state as quickly as possi-
ble.

To put back the system in a normal or alert state, preventive and corrective (or
emergency) actions can be taken. Preventive actions are taken before the occurrence
of a disturbance and can be the starting-up or shutting-down of generating units
or generation re-dispatch for example. Corrective actions are taken after the oc-
currence of a contingency. Possible corrective actions are load shedding, generation
re-dispatch or setting of the phase-shifting transformers.

Reliability assessment and control

Power system reliability management can be divided into two sub-problems: relia-
bility assessment and reliability control.

Reliability assessment intends to evaluate the level of risk of the current operat-
ing state of the system (or, more generally, over a certain number of trajectories over
a certain time-horizon), in order to verify whether it is compliant with the reliability
criterion used by the system operator.

Reliability control consists in defining the preventive actions to apply in order
for the system to be in a normal state and the corrective actions that will put the
system back in a normal or alert state after occurrence of a contingency [8]. These
actions can, for example, be determined with the help of a security-constrained
optimal power flow (SCOPF) introduced hereunder.

ED, UC, PF, OPF and SCOPF

Various optimisation problems solved by operators in order to operate the system
and ensure the reliability while maximising the social-welfare of end-users are de-
scribed hereafter.
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One of of the simplest optimisation problem is the economic dispatch (ED). It is
typically used in real-time to determine the electrical power to be generated by the
individual generating units in operation, say during the next hour. It minimises the
generation costs under the constraints that the total electrical power generated must
be equal to the demand to be served and that the power produced by a generating
unit must be within the production range of that unit. This dispatching neglects
the transmission loss and the operating limits, such as the maximum power that can
flow through a transmission line [9]. In order to take into account the output power
from renewable energies, they can be considered here as a negative demand.

The unit commitment (UC) problem determines which generating units should
be on or off at any moment during a certain future time-interval (typically of several
hours to a few days) in order to minimise the generation costs. It is computed in
advance and based on a forecast demand over the considered period. It takes into
account the time during which the units must stay up once started up and also
the time the units should stay down once shut down. Thus, for each time-step and
for a certain number of subsets of the set G containing all the generating units,
it computes the economic dispatch and it eventually selects the configuration that
minimises the costs. It is a more complex problem than the economic dispatch, first
because it embeds several such economic dispatch problems but especially because
it also involves integer variables [9].

The state of an electrical system is described with an AC power flow analysis
(PF). Given the active and reactive powers (or the voltage set-points) injected by
the generating units or withdrawn by the loads at each bus, it is possible to compute
the amount of active and reactive powers transiting in each transmission line and
the voltage magnitude at each node. From that information, it is easy to compute
the currents in each line and the voltage phases. A bus can be characterised by four
variables: the active and reactive powers and the magnitude and phase of the bus
voltage. Two variables per bus are enough to determine the whole system [10].

The AC power flow is computationally expensive. The DC power flow is an
approximation of the AC power flow analysis that allows to have linear equations
instead of quadratic ones (such as P = RI2). The approximations listed hereafter
are used.

• The relation between the active powers and the voltage phases is linear.

• The active losses in the transmission lines are neglected.

• The voltage magnitudes are expressed in per unit and are all equal to 1.

• The reactive power transit is neglected.

With a power flow analysis, the system’s operators are able to verify that no net-
work constraint is violated for a particular generation dispatch. One step further, it
is possible to determine the best dispatching according to specific criteria with an
optimal power flow program (OPF). The OPF solves multiple power flow problems
in order to find this optimal dispatching while satisfying the network constraints.
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The best solution can be different depending on the objectives. These ones could
be to minimise the generation costs, to minimise the transmission line losses or to
maximise the security for instance.

A security-constrained optimal power flow (SCOPF) intends to find an operat-
ing point such that all the system variables stay under limits, even in case of a
contingency. Different security constraints can be defined and they depend on the
reliability criterion.

2.1.3 Operation planning: practice vs. research

One important security criterion used by system operators is a deterministic crite-
rion called N-1 criterion. A system operated according to this criterion is able to
withstand the loss of any single one of its elements [11]. It could be a generator,
a transmission line or a transformer for example. Other approaches are the N-k
criteria, where k is an integer. k is rarely greater than 2 because of the high com-
putational cost it would require for larger values.

Current researches in reliability management tend to develop techniques to plan
and operate the system using probabilistic criteria (e.g. [8][12][13][14] ). The prob-
abilistic approach takes into account the probabilistic nature of a power system.
Indeed, load and renewable energy generation as well as unplanned component out-
ages are probabilistic events. This approach would allow the operators to evaluate
the risk of a contingency and determine if it would be profitable to take actions. It
would also allow for a better choice between preventive and corrective actions. With
a probabilistic approach, it would be possible to design a system able to withstand
the contingencies leading to a risk above a defined threshold and only these contin-
gencies. It should result in a more economical system [15].

Nowadays, most transmission system operators (TSOs) in Europe are still using
a deterministic criterion for reliability management [16]. Therefore there exists a
gap between the research and the practice. In this context, the European project
GARPUR intends to design a new reliability criterion to improve reliability man-
agement [2]. It would allow to reach a better balance between reliability and socio-
economic costs.

In GARPUR, the new criterion is developed for three decision contexts (power
system operations, asset management and grid development) in order to have a
coherence at the different time-scales. It is intended to be deployed at the Pan
European level. This criterion defines not only a criterion for assessment but also
an optimisation problem for control and is called Reliability Management Approach
and Criteria (RMAC). This RMAC in the real-time decision making context is de-
scribed in the next chapter.

As already said in the introduction, this master’s thesis is in continuity with
the GARPUR project. Indeed, the purpose is to study the behaviour of the new
reliability criteria in day-ahead operation planning context and then assess the use
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of learning algorithms to build proxies of the decision-making programs that are
based on these reliability criteria.

Before moving to the machine learning part of this background, it is noteworthy
to mention that our work is certainly not the first work on the use of machine
learning in the context of power system reliability management. Amongst several
researches, one can cite the European project iTesla (Innovative Tools for Electrical
System Security within Large Areas) [17]. The project aims to develop a new tool
for real-time dynamic security assessment. In this project, machine learning is used
in the context of operation planning so as to build security rules in the form of
decision trees and these latter rules may then be used in real-time to predict the
security-status of the system if a certain contingency occurs, based on the state of
the system before occurrence of that contingency.

2.2 Machine learning
The main supervised learning algorithms used in this master’s thesis are briefly
introduced in the following subsections. In this work, the target outputs have nu-
merical values and thus only regression models are used. We therefore limit the
discussion to the regression counterpart of each learning algorithm. The first section
introduces some general considerations and notations used in the sequel. The sec-
ond section introduces two algorithms based on randomized ensembles of regression
trees. Then the third and fourth sections describe linear regression algorithms and
their kernelized versions: respectively support vector regression and ridge regression.

The last subsection already introduces the cross-validation method used in Chap-
ters 6 and 7 to find the optimal meta-parameters for each learning algorithm de-
scribed in this section. It also provides a reminder of all the meta-parameters that
need to be tuned when applying these algorithms to a particular problem.

2.2.1 General notions for supervised regression

In supervised learning, the goal is to learn a mapping from an input space X to an
output space Y , based on a sample S = {(xi, yi)}Ni=1 of input-output pairs. In our
context, inputs are vectors in Rp and outputs are real numbers. N is the number
of observations in the dataset and p the number of input features. The notation
x ∈ Rp is used to represent the vector of input feature values of one observation (or
object), and y ∈ R denotes one output value.

In order to define the notion of a “good mapping” (or model, or predictor), one
considers a loss function `(y, y′) 7→ R+, and a target probability distribution PX ,Y
over X × Y , and for any given predictor f ∈ YX defines its expected loss by

L(f,PX ,Y) = EPX ,Y{`(f(x), y)}, (2.1)

where EPX ,Y denotes the mathematical expectation along the target distribution
PX ,Y . The goal of supervised learning is then to exploit the available sample of
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input-output pairs in order to find a predictor that minimises the expected loss. In
our context of regression, we use the square loss, i.e. `(y, y′) = (y − y′)2.

To analyse the properties of a given supervised learning algorithm, one needs to
make further assumptions about the mechanism that generates the learning samples.
In the standard setting of supervised learning, the target distribution is unknown,
but one assumes that the learning sample S is obtained by sampling identically
and independently (i.i.d.) N times from this target distribution PX ,Y . Thus the
expected (square) loss of any f can be estimated by its empirical (square) loss

L̂(f, S) =
1

N

N∑
i=1

{(f(xi)− yi)2}. (2.2)

Therefore, many supervised learning algorithms explicitly consider the minimisation
of the empirical loss as (part of) the objective function of an optimisation problem
solved to find the best predictor in a certain space F of candidate input-output
mappings. Below we use the notation f̂S to highlight the dependence on the used
sample S of the predictor produced by a supervised learning algorithm.

The model f̂S produced by a certain supervised learning algorithm and hence
its expected loss (also called generalisation error or testing error) depends on the
random nature of the learning sample S. Therefore, an expected generalisation error
is defined as the expectation of the expected loss over all the learning samples, i.e.
ES{EPX ,Y{(f̂S(x) − y)2}}. It can be decomposed into three terms. But let’s first
introduce the notion of bayes model. In general, the bayes model fB(x) is defined as
the “ideal” predictor, i.e. the function f ∈ YX minimising the expected loss; in the
case of the square loss, the solution is fB(x) = EPY |x{y}, and one shows moreover
that the expected loss over all learning samples S can be decomposed as:

ES{EPX ,Y{(f̂S(x)− y)2}} = EPX ,Y{(fB(x)− y)2}
+ EPX {(fB(x)− ES{f̂S(x)})2}
+ EPX {ES{(f̂S(x)− ES{f̂S(x)})2}}.

(2.3)

The first term is the residual error and quantifies the variation of y from the bayes
model fB(x). It cannot be avoided. The second term represents the bias, which is the
error between the averaged model over all learning sets and the bayes model or true
(conditional) expectation of the target variable. Finally, the third term represents
the variance which indicates the variations of f̂S(x) in function of the learning set S.

In the context of the design of machine learning algorithms, one major issue is to
find the proper bias-variance tradeoff. Indeed, increasing the size of the hypothesis
space F of the algorithm typically allows to reduce its bias; however this generally
comes with an increase of its variance. This compromise is directly related to two
other important concepts used in machine learning, overfitting and regularisation.
A model overfits the data when it predicts well the learning set but has poor perfor-
mance with the test set; it is said that it generalises poorly. Algorithms producing
such models have a low bias but a too high variance. Regularisation tries to avoid
overfitting by reducing the size of the hypothesis space, for instance by adding to the
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loss function a penalty term taking into account the model complexity. It reduces
the variance but may increase the bias.

We refer the reader to [18] for an in depth theoretical motivation of these ideas
and the analysis of a large class of methods proposed in the machine learning com-
munity.

To conclude this section of general considerations, we would like to stress here
the fact that once a sample S has been used by a supervised learning algorithm
in order to find a predictor, say f̂S, this sample can not be used a second time in
order to obtain an unbiased estimate of the expected loss of this predictor f̂S. In
practice, we therefore need to obtain a second sample S ′, independent from S and
of sufficient size, in order to carry out the validation of the resulting predictors. In
order to clearly distinguish these two samples whenever appropriate, we will use the
term learning sample (or learning set) to denote the former, and testing sample (or
test set) to denote the latter.

2.2.2 Ensembles of regression trees

In order to reduce the variance and/or the bias of a machine learning algorithm, it
is possible to combine the predictions of several models. The methods performing
this are called ensemble methods. There are two main families of ensemble methods:
the averaging methods where the predictions of each model are averaged and the
boosting methods that combine several weak learners to form a strong one.

The forest-based learning algorithms aggregate decision tree predictors. For re-
gression models, the predictions obtained by each are averaged to give the final
result.

Before describing the two methods used in this work, let’s recall briefly how
a regression tree is built [18]. Starting from the full learning set, one cuts it in
two regions R1 and R2 according to a splitting criterion. This splitting criterion
is defined by a splitting variable vj and a split point s and thus R1 and R2 are
functions of (j, s). The prediction for both parts of the dataset is their mean output
value, that is f̂(x) = c1 = E{y|x ∈ R1} if x ∈ R1 and f̂(x) = c2 = E{y|x ∈ R2} if
x ∈ R2. The splitting criterion is chosen in such a way that it minimises the mean
square error:

min
j,s

min
c1

∑
x∈R1(j,s)

(yi − c1)2 + min
c2

∑
x∈R2(j,s)

(yi − c2)2

 (2.4)

Once the dataset is divided into two distinct parts, all the search for a splitting
variable and a cut-point is done independently for both parts. The same method is
used until the tree is completely built. It is possible to build incomplete trees and
it is often done because a full tree is sensitive to overfitting. This is called pruning
and it can be done before the tree is completely built (pre-pruning) or after (post-
pruning). Pre-pruning can be done for instance by specifying a minimum number
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of samples needed to split a node. This minimum number is called nmin. A tree
can be post-pruned by removing some subtrees until finding the minimum average
prediction error over an independent validation sample.

Random forests

Breiman defined random forests in [19] as follows:

"A random forest is a classifier consisting of a collection of tree-structured classi-
fiers {h(x,Θk), k = 1, ...,M} where the {Θk} are independent identically distributed
random vectors and each tree casts a unit vote for the most popular class at input x."

Θk is a random vector, independent of Θ1,...,k−1 but drawn according to the same
distribution, and x is the input vector. h(x,Θk) is a classifier but the definition
could be applied to regressors. In that case h(x,Θk) is a regressor and the final
prediction is the average value of each tree’s result.

Different types of random forests are reported in the literature. As an example,
bagging (bootstrap aggregating) was introduced by Breiman in [20] and consists in
using bootstrap replicates of the learning set to build each tree and then aggregat-
ing the predictions. A bootstrap replicate is a a subset of the learning set. In this
subset, all the samples have been drawn randomly with replacement, meaning that
the same object can be found several times in a particular subset. Another example
of random forest was introduced by Dietterich in [21]. In that case, the splitting
criterion is chosen uniformly randomly amongst the K best splits.

In this work, the random forest algorithm is the one implemented by Scikit-learn
and used by Breiman in [19] for his experiments. It consists in using bagging asso-
ciated to a random selection of features. When splitting a particular node, instead
of considering all the features and then selecting the best one to split the data, a
number K of features are randomly selected and the best split is chosen among
those K attributes. One can modify this parameter K to introduce more or less
randomness. When K = 1, the splitting variable is chosen completely at random
whereas if K is equal to the number of features, only bagging brings randomness.

Note that there is no post-pruning of the grown trees in [19].

To summarise, this algorithm has three meta-parameters, namely M ≥ 1 (the
number of trees in the ensemble), K ∈ {1, 2, . . . , p} (the smaller the K, the stronger
the randomization), and nmin ≥ 2 (the larger the nmin, the shorter the individual
trees). In terms of accuracy, the larger M the better, while the optimal values of K
and nmin are problem dependent. In practice, all three parameters need to be tuned
to the problem at hand.

Extremely randomized trees

The extremely randomized trees algorithm [22] is also an ensemble method based
on trees but it goes one step further in the randomness. As for the random forest,
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it selects randomly K features but the cut-point for each of them is also chosen at
random. Then the best split is selected.

There are three parameters for this method. K was already introduced and is
the number of features selected at random. M is the number of trees and nmin is
the minimum number of samples required to split a node.

Contrarily to other random forest algorithms, the whole learning set is used to
learn the trees. This intends to minimise the bias.

This algorithm thus has exactly the same meta-parameters M,k, and nmin as
random forests. However, for a given problem, their suitable values may differ from
those of the latter algorithm.

2.2.3 Support vector regression

Support vector machines are an important family of methods in machine learning.
They usually perform well and their computational complexity is independent from
the number of features.

Since only regression is used in this work, this section focuses on support vector
regression (SVR). The idea behind SVR is to learn a linear function in the feature
space X that deviates from the learning outputs by at most εSV R and that is as
flat as possible. The problem is written as an optimisation problem that minimises
the norm of the coefficient vector w ∈ X under the constraints that all the samples
should lie within a tube of radius εSV R around the predicted function. This function
has the form: f̂(x) = wTx + b, with b ∈ R.

However, it may happen that it is impossible to find such a function. In that
case, it is possible to introduce two slack variables ξi and ξ∗i in the optimisation
problem so as to allow for deviations larger than εSV R. These larger deviations are
penalised via the ε-insensitive loss function proposed by Vapnik and that is equal to
0 if |yi − f̂(xi)| < εSV R, i = 1, ..., N and is equal to |yi − f̂(xi)| − εSV R otherwise.

Formally, the SVR problem is a convex optimisation problem that can be written
such as [23]:

min
b,w,ξ,ξ∗

1

2
‖w‖2

2 + C
N∑
i=1

(ξi + ξ∗i )

s.t.


yi −wTxi − b ≤ εSV R + ξi ∀i = 1, 2, ..., N
−(yi −wTxi − b) ≤ εSV R + ξ∗i ∀i = 1, 2, ..., N
ξi, ξ

∗
i ≥ 0

(2.5)

The constant C > 0 defines a compromise between the model’s smoothness (‖w‖2

denotes the Euclidean norm of the weight vector, whose components are proportional
to the partial derivatives of the model predictions with respect to the individual in-
put features) and the degree of tolerance for deviations greater than εSV R. The
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larger the C, the less deviations are tolerated but at a price of an increase in the
model complexity.

In its dual form, this problem is stated as follows [18]:

min εSV R

N∑
i=1

(α∗i + αi)−
N∑
i=1

yi(α
∗
i − αi) +

1

2

N∑
i,i′=1

(α∗i − αi)(α∗i′ − αi′)xTi xi′

s.t.


0 ≤ αi, α

∗
i < C

N∑
i=1

(α∗i − αi) = 0

(2.6)
and its solution is

f̂(x) =
N∑
i=1

(α∗i − αi)xi
Tx + b. (2.7)

The term (α∗i −αi) is equal to 0 for all points lying in the tube defined by εSV R. We
skip the derivations leading to the calculation of b at the optimum.

If a linear function is not suitable in the input space, it is possible to learn
a linear function in a space induced by a positive kernel. Let’s call it the kernel
space. A kernel K is a symmetric function such that K(·, ·) : X × X 7→ R, where
X is the input space. The function K is a positive kernel if for any finite choice
of inputs x1, . . . ,xm the m × m Gram matrix [K(xi,xj)] is positive semi-definite.
Mercer’s theorem states that if the kernel is positive, it is possible to express it as
K(x,x′) = φ(x)Tφ(x′), where φ(·) is a (typically non-linear) mapping from the input
space to the kernel space. With this relation, instead of computing φ(xi) and φ(x)
and then replacing xTi x by φ(xi)

Tφ(x) in equations (2.6) and (2.7), it is possible
to replace the dot product in the kernel space by the function K(xi,x). This is
computationally more efficient [24].

This is called the kernel trick and it can be used for many linear algorithms.
Using the kernel trick, the SVM predictor becomes:

f̂(x) =
N∑
i=1

(α∗i − αi)K(xi,x) + b. (2.8)

It is worth noticing that, contrarily to tree-based estimators, SVR are not scale-
invariant nor shift-invariant. If the ranges of the features are too different, it is
generally preferable to normalise them before applying the algorithm.

2.2.4 Ridge regression and kernel ridge regression

Ridge regression is a least-square regression with a L2-norm normalisation. The
vector of regression coefficients w are shrunk towards 0 to reduce the variance. The
regression model is expressed as: f̂(x) = wTx and is linear in its parameters.
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The coefficients can be obtained with the following formula:

w∗ = argmin
w

{
N∑
i=1

(
yi −wTxi

)2
+ λ ‖w‖2

2

}
, (2.9)

where λ is the regularisation meta-parameter. We will further denote by X ∈ RN×p

the input data matrix and by y ∈ RN the vector of target outputs, in order to write
this expression in a matrix form. This gives:

w∗ = argmin
w

{
‖(y −Xw)‖2

2 + λ ‖w‖2
2

}
= argmin

w

{
(y −Xw)T (y −Xw) + λwTw

} (2.10)

The greater the value of λ, the greater the shrinkage. When λ = 0, the ridge
regression is equivalent to a least-square regression. Compared to a least-square
regression, the ridge regression has a larger bias but a smaller variance that could
result in a smaller prediction error [18].

The kernel ridge regression is a ridge regression with a kernel [24]. There is no
clear dot product in that case but it is possible to make it appear. The solution of
equation (2.10) is:

w∗ = (XTX + λIp)
−1XTy, (2.11)

where Ip ∈ Rp×p is the identity matrix. If we apply the matrix inversion lemma, we
can rewrite this as:

w∗ = XT (XXT + λIN)−1y, (2.12)

and define the vector of dual variables α = (XXT + λIN)−1y. In order to work in a
kernel space, the term XXT can then be replaced by the Gram matrix [K(xi,xj)]
derived from the learning sample in order to compute the dual variables. Their
values are then injected into equation (2.12):

w∗ = XTα =
N∑
i=1

αixi, (2.13)

and the predictor f̂(x) is then expressed by:

f̂(x) = (w∗)Tx =
N∑
i=1

αix
T
i x =

N∑
i=1

αiK(xi,x), (2.14)

where the kernel function K can be used to make predictions.

It is worth noticing that we have used in our derivations a linear model (without
intercept term b), and not an affine model as in the SVR. Therefore, the data is
assumed to be centred prior to the application of this method. As for the SVR,
ridge regression is not scale-invariant.
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2.2.5 Meta-parameter tuning with cross-validation

Each of the aforesaid models depend on meta-parameters that influence the com-
putational complexity, smoothness, and most notably the accuracy of the learned
models. One way to determine suitable problem specific values of these parameters
is to use a K-fold cross-validation (CV). The principle of K-fold cross-validation is
to divide the learning set into K folds, learn a model with K-1 folds and compute
the prediction error with the remaining fold. If we repeat this procedure K times
with a different fold left out, we obtain K prediction errors that can be averaged
for assessing the generalisation error [18]. This is called the cross-validation score in
the sequel.

In order to find the best meta-parameters for each estimator, we define a range
of values for each meta-parameter and then determine the cross-validation score for
each combination. The optimal meta-parameters are the ones that maximise the
CV score.

It is interesting at this point to remind the meta-parameters that will be tuned
in Chapters 6 and 7. The random forest and extremely randomized trees have three
meta-parameters: K is the number of randomly selected features at each node, M
is the number of trees and nmin the minimum number of samples to split a node.

The ridge regression and kernel ridge regression algorithms depend on λ, a co-
efficient that controls the amount of shrinkage. On the other hand, two parameters
influence the complexity of the SVR models: εSV R and C. εSV R determines the
maximal error y − f̂(x) that is ignored and C is a regularisation parameter.

Finally, some parameters are kernel-dependent. The three kernels used in this
work are the linear kernel, the polynomial kernel and the Gaussian radial basis
function (rbf) kernel. In Scikit-learn, they are defined as:

• linear kernel: xTx,

• polynomial kernel: (γxTx + 1)d,

• Gaussian rbf: e−γ‖x−x
′‖22 .

One kernel meta-parameter is γ for both the polynomial and the rbf kernel. The
polynomial kernel has an extra parameter: the degree d of the polynomial. The
parameter γ influences the range of actions of the kernel. It is sometimes written

as
1

2σ2
and since the rbf can be seen as a low-pass filter,

1

2γ
can be seen as the

bandwidth of the kernel [24].
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Chapter 3

Modelling of the real-time decision
making problem

This chapter describes the real-time decision-making problem developed by Karange-
los et al in [3] and [25]. The model is based on a probabilistic reliability management
approach and criterion (RMAC).

Three principles define the RMAC: a reliability target, a socio-economic objec-
tive and a discarding principle. These 3 notions are developed in the first section.
The second section describes how the decision-making problem is implemented. Fi-
nally, the last section introduces the IEEE-Reliability Test System 1996 (IEEE-
RTS96)[26]. This is the system used to apply the decision-making program.

The content of this chapter is based on the article [3] and the supplementary
material [25]. Most notations are borrowed from these papers.

3.1 General principle
The model is based on a probabilistic Reliability Management Approach and Crite-
rion (RMAC). This approach is characterised by 3 elements set forth hereafter.

A reliability target ensures that the probability of unacceptable states is below
a certain threshold ε. An unacceptable state is a state where the interruption of
services to end-users has a severe socio-economic impact. It may occur in case of oc-
currence of a neglected contingency or a failure of the corrective actions. Mathemat-
ically, the reliability target is expressed as: P{(x0, xc, x

b
c) /∈ Xa|(c, b) ∈ C × B} ≤ ε,

where Xa is the set of acceptable states and (x0, xc, x
b
c) describes the sequence of

states of the system resulting from the application of a contingency c and a correc-
tive control behaviour b to the pre-contingency state x0; xc is the post-contingency
state before the application of corrective control and xbc the post-contingency state
after the application of corrective decisions. C is the set of considered contingencies
and B is the set of considered possible behaviours of the corrective actions. Notice
that set B always contains one so-called normal behaviour, corresponding to perfect
operation of the planned corrective control, as well as one or several abnormal be-
haviours, corresponding to the various failure modes of corrective control.
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The objective function is a socio-economic objective. The optimisation program
finds a set of preventive and corrective actions that minimises the costs of pre-
ventive and corrective control and the risk which is defined as the expected cost
of service interruptions. To compute it, a severity function measures the socio-
economic impact of service interruptions. Mathematically, the risk R is defined as:
R =

∑
c∈C

πc(w0) ·
∑
b∈B

πb(w0) · S(xbc, w0) where w0 represents the weather conditions,

πc(w0) is the probability of occurrence of contingency c ∈ C, πb(w0) is the probability
of the realisation of behaviour b ∈ B and S(xbc, w0) is the severity function depending
on the post-contingency state of the system xbc and the weather conditions w0. Note
that πb depends on the weather conditions but also on the post-contingency state
xc and the corrective decisions uc.

Given the large number of possible contingencies, a discarding principle is de-
fined to reduce the set of contingencies. Indeed, many contingencies have a severity
function close to 0 or a small probability to occur and it is thus not necessary
to consider the full set. The subset of discarded contingencies is such that the
total risk associated with them is below a constant threshold ∆E, i.e. RC\Cc =∑
c∈C\Cc

πc(w0)
∑
b∈B

πb(w0) · S(xbc, w0) ≤ ∆E, where Cc ⊆ C contains only the non-

discarded contingencies.

In order to state the problem formally, several elements still need to be defined:

• U0(x0) is the set of all possible preventive decisions for a pre-contingency state
x0.

• u0 ∈ U0(x0) is a preventive control decision.

• Uc(x0, u0, c) is the set of all possible corrective actions for the contingency c,
state x0 and preventive control decision u0.

• uc ∈ Uc(x0, u0, c) is a corrective control decision for a state x0, a preventive
decision u0 and if contingency c ∈ Cc occurs.

• U(x0) is the set of all possible combinations of preventive and corrective deci-
sions for a pre-contingency state x0.

• u ∈ U(x0) is a combination of preventive and corrective decisions for a pre-
contingency state x0.

• w0 represents the weather conditions and is considered constant regarding the
operation horizon.

• CP (x0, u0, w0) is the preventive control cost.

• CC(xc, uc, w0) is the corrective control cost.
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The problem is stated as follows:

min
u∈U(x0)

[
CP (x0, u0, w0) +

∑
c∈Cc

πc(w0) ·

(
CC(xc, uc, w0) +

∑
b∈B

πb(w0) · S(xbc(u0, uc), w0)

)]
(3.1)

s.t. P{(x0, xc, x
b
c) /∈ Xa|(c, b) ∈ Cc × B} ≤ ε (3.2)

while
RC\Cc ≤ ∆E (3.3)

This problem can be divided into two parts: a control part based on equations
(3.1) and (3.2) and an assessment part checking condition (3.3). The control part
aims at finding a set of optimal preventive and corrective decisions and the assess-
ment part computes the severity associated with each contingency given the control
decisions and determines the residual risk RC\Cc .

The optimisation problem can be solved iteratively by first defining a subset of
contingencies Cc, then computing the optimal preventive and corrective decisions
with the control part and finally evaluating if the residual risk RC\Cc is less than the
meta-parameter ∆E (3.3) using the assessment part. If not, the assessment part,
based on the control decisions previously computed, is used to return a new subset
of contingencies and the control part is applied with this new subset. This iterative
process ends when the residual risk is below the defined threshold.

3.2 Implementation
This section describes in detail the implementation of the control part and the as-
sessment part of the program.

The control part consists in a Security Constrained Optimal Power Flow (SCOPF).
Unlike usual SCOPF programs, the set of considered contingencies is not based on
a deterministic approach such as the N-1 (or N-k) criterion but on a probabilistic
criterion as defined by the RMAC (equation (3.3)). This optimisation program is
implemented with GAMS (General Algebraic Modelling System), which is a mod-
elling system for optimisation programs. The SCOPF implementation is described
in the first subsection.

The assessment part evaluates the risk for the system with a cascade failure sim-
ulator. It is implemented with MATLAB and is described in the second subsection.

3.2.1 SCOPF

The implemented SCOPF is a mixed integer linear programming (MILP) problem.
The problem finds the control decisions that minimise the cost of power system
reliability management. In order to have a linear program, the DC power flow ap-
proximation is used.
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As defined by the RMAC, the objective function consists in the minimisation
of operation costs, ie. the minimisation of the sum of the preventive action costs,
expected corrective action costs and risk.

Three types of states are considered in this problem: a pre-contingency state
before any contingency occurs, an intermediate short-term post-contingency state
before applications of corrective actions and a final post-contingency state after ap-
plications of corrective actions. For each such state, the power at each node should
be balanced and the power flowing through transmission lines should be below the
thermal ratings (permanent ratings are used for the pre-contingency and final states,
while short-term ratings are used for the intermediate state). In case the limits are
violated, it is considered that all the load is lost.

The basis for preventive and corrective actions is the market clearing outcome.
The market clearing is a simple optimisation problem that finds the dispatch of
generating units’ production that matches the demand while minimising the cost.
The line thermal ratings are not taken into account.

A preventive decision u0 consists in the re-dispatching of the power output of
generating units. The preventive action cost is thus the preventive re-dispatching
cost compared to the market clearing dispatch.

A corrective decision uc is composed of a set of elementary corrective actions.
An elementary corrective action can be either the re-dispatch of a generating unit
or the adjustment of a phase-shifting transformer. Each elementary action can fail
with a given probability and the corrective decision uc is considered as failed if at
least one of the elementary operations (phase shift or re-dispatch) has failed. The
probability of failure of corrective control πf (uc) is thus the sum of the probability
of failure of each elementary operation composing the correction decision. This is
expressed as:

πf (uc) =
∑
g∈G

πgf · γ
c
g +

∑
lp∈Lp

π
lp
f · λ

c
lp ,

where G is the set of generators, πgf is the probability of failure of the re-dispatch
of generator g ∈ G and γcg is a binary variable which is equal to 1 if the re-dispatch
of generator g is one corrective elementary operation of uc and 0 otherwise. Sim-
ilarly, Lp is the set of phase-shifting transformers, πlpf the probability of failure of
the adjustment of transformer lp ∈ Lp and λclp is a binary variable with value 1 if
the setting of transformer lp is one corrective elementary action applied in case of
occurrence of contingency c and with value 0 otherwise.

The corrective control cost for a contingency c is equal to the sum of the costs
of the elementary corrective actions corresponding to c. The expected corrective
control cost is the sum of the corrective costs for each contingency in Cc multiplied
by the probability of occurrence of this contingency. The cost of phase-shift trans-
formers is considered to be zero. Note that only the ramp-up costs are considered
in the objective function. The corrective control cost is always positive.
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In the implementation, two scenarios could lead to an unacceptable state. The
first one happens when there is a failure of the corrective control after the occur-
rence of the corresponding contingency. Indeed, it is assumed that if the corrective
operation was not necessary to put the system back under its long-term operational
limits, it would not be chosen in a cost-minimisation program. Thus a failure of one
corrective elementary operation would lead to the loss of the system’s load. The
second scenario corresponds to situations where it is impossible to apply corrective
action after the occurrence of a contingency c because the short-term operational
limits are violated before. In these cases, two possibilities exist for the program.
The first one solves the problem with preventive actions that will prevent the sys-
tem to be above the short-term limits after occurrence of c. The other possibility is
to relax the post-contingency constraints for c. In that case, the occurrence of c will
lead to an unacceptable trajectory and c is a relaxed contingency. This is possible
because of the reliability target, that allows the probability of unacceptable states
to be greater than 0.

The severity is the cost in case of unacceptable state and the risk is the expected
severity. In this implementation, the cost is computed as the product of the value
of lost load and the amount of lost load, i.e. the amount of active load:

Smax =
∑
i∈D

vi(w0) · pd,i,

where D is the set of demand nodes, vi(w0) is the value of lost load for node i
(possibly dependent on weather conditions) and pd,i is the load active power of
demand node i. The assumption that all the load is lost in case of unacceptable
behaviour is there to compensate any under-estimation that could be caused by
other assumptions. The probability of being in an unacceptable state is:

Punacceptable =
∑
c∈Cr

πc +
∑

c∈Cc\Cr

πcπf (uc),

where Cr ⊆ Cc is the subset of relaxed contingencies, and πf (uc) denotes the prob-
ability of failure of the corrective control actions planned for contingency c. From
the reliability target (3.2), we have that: Punacceptable < ε. Finally, the risk RCc for
the set of contingency Cc is defined as:

RCc =
∑
c∈Cr

πc · Smax +
∑

c∈Cc\Cr

πcπf (uc) · Smax.

It is worth noting that relaxing a contingency increases the risk and thus is ac-
counted in the objective function.

3.2.2 Assessment

The conservative assumption used in the SCOPF formulation that all the load is
lost in case of unacceptable state is not used for the computation of the risk RC,
corresponding to the risk considering all contingencies. Instead, a cascade failure
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simulator simulates what would happen in the system if a contingency occurs. It is
therefore possible to determine the amount of load shedding and generator tripping
for each contingency.

The simulator considers each contingency separately. For each one of them, it
first updates the topology of the system and searches for isolated nodes and islands.
An island is a zone of the network separated from the rest of the system. The pro-
gram checks if the nodes and the islands are balanced, meaning that the production
is equal to the demand.

If they are balanced, a DC power flow problem is solved to determine the power
flow in each line. If an island is not balanced at this step, the power flowing through
the lines belonging to that island are temporarily set to 0. Finally the line power
flows are analysed to determine if there will be an overload on a line and the time
before the next overload.

When an island or an isolated node is unbalanced, the program studies the
possibility to balance it.

If the load is greater than the production, the program determines if it is possi-
ble to increase the production before the next overload, considering the ramping up
limits. If all the generators are at maximum capacity, some loads are shed.

Similarly, if the demand is less than the production, the possibility of decreas-
ing the production is evaluated according to the ramping down rates and the time
available before the next overload. If all generators are at minimum capacity, some
generators are tripped. It may happen in that case that some load shedding are nec-
essary if the power output of the generator tripped was greater than the imbalance.

If the time available before the next overload is not sufficient to balance the sys-
tem, the power output of each generator is updated as much as the available time
allows it.

Time is then advanced until reaching the next overload. The system topology is
updated in consequence and everything is recomputed: search for isolated nodes or
islands, balance checking, DC power flow, search for next overload and balancing. If
the system is not balanced but there is no next overload, time is advanced by steps
of 0.5 minute.

The program stops for a given contingency when all the load is lost or if all the
islands and isolated nodes are balanced with no overload coming.

The assessment program is schematically illustrated in Figure 3.1.

Once the amount of load shedding per contingency is computed, it is possible to
assess the criticality of a contingency. It is defined as the sum of lost load multiplied
by the value of lost load. Thus for contingency c, the criticality critc is computed
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Start:
initialise cont. c = 1, time t = 0

Update system topology
(contingency and line overload)

Find islands and isolated nodes

Test power balance of each
element

DC power flow

Find next overload
tov is the time before the next overload

if no overload, tov = 0.5min

Balance each unbalanced element before
t = tov:
-ramping-up/down of generators
-tripping of generators
-load shedding

Check system:
-all load lost?
-all elements are balanced and no future
overload?
-max number of iterations reached?

Stop and go to the next
contingency

unbalanced islands
and isolated nodes

balanced islands

c = c+ 1, t = 0

t = tov

at least one yes3 no’s

Figure 3.1: Main steps of the assessment program for contingency c.
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as critc =
∑
i∈D

vi(w0) · lli,c, where vi(w0) is the value of lost load for bus load i ∈ D

and lli,c is the amount of lost load for bus load i and contingency c. The expected
criticality ecc of a contingency c is the criticality multiplied by the probability that
this load shedding happens. If no corrective decision was pre-computed for that
contingency, this is simply the probability for c to occur. If a corrective decision was
pre-computed for that c, the probability of load shedding is the probability for c to
occur multiplied by the probability that the application of the corrective decision
fails.

It gives:

ecc =
∑

c∈C\Ccorr

πc ·
∑
i∈D

vi(w0) · lli,c +
∑

c∈Ccorr

πcπf (uc) ·
∑
i∈D

vi(w0) · lli,c,

where Ccorr ∈ Cc is the set of contingencies for which corrective control is planned,
and πf (uc) represents the probability of failure of a precomputed corrective control
decision uc.

Eventually, the risk RC of the system is the sum for all contingencies of the
expected criticality: RC =

∑
c∈C

ecc. The residual risk is the sum of the expected

criticality for the set of contingencies neglected in the SCOPF: RC\Cc =
∑
c∈C\Cc

ecc.

3.3 Introduction to the IEEE-RTS96 system
A modified version of the single area IEEE Reliability Test System-1996 [26] is used
in our simulations in order to study the model of Karangelos et al. It is a 24-bus
system developed in 1996. The system topology is represented in Figure 3.2. This
schematic is not to scale. Compared to the standard IEEE-RTS96 network, 6 wind
farms with a capacity of 200 MW have been added in order to analyse a system with
high wind penetration. The number and locations of these wind farms are consistent
with what is advised in [27].

Each generating unit is characterized by a unit type, from which depend the
minimum and maximum power this generating unit is able to provide and also the
ramping rate. In the system, there are 33 generating units that are described in
Appendix A. The maximum generation capacity of the system is 3405MW consid-
ering only the thermal units and the 6 hydropower units. The cost of generation is
non-linear and in this system is approximated by a piecewise linear function with
four steps. The redispatch is considered constant whatever the value of the change.

The demand (or load) is defined as well in [26]. There are 17 bus loads. These
ones are characterized by a load in MW and a voll (value of lost load) which allows
to estimate the cost of service interruptions.

There are 33 transmission lines and 5 phase-shifting transformers (PST). They
are characterised by a reactance, a continuous rating in MVA and a short-term
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Figure 3.2: Topology of the IEEE-RTS96 system.
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emergency rating also in MVA. The two last terms represent the maximum loading
that the line can carry respectively continuously and during 15 minutes. The PST
are also defined by a minimum and a maximum phase shift.

In this model, the contingencies consist in the outage of transmission lines. There
are 46 contingencies considered. One is the no outage case, 33 correspond to the
outage of a single line and 5 correspond to the outage of a single PST. Finally
the 7 last contingencies are common mode double outage contingencies. They are
circled in Figure 3.2. For the sake of simplicity, the approximation used in this work
is that the set C is composed of only 46 contingencies. In order to compute the
probability of occurrence of these contingencies, the number of forced outages per
year given in [26] for each line and transformer is used. In case of common outages,
the recommendation is to take 7.5% of the single outage rate as the common outage
rate. The method used to compute these probabilities is explained in Chapter 4.
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Chapter 4

Database generation

This chapter describes how the database is generated in a day-ahead context. In a
day-ahead operation planning context, demand and wind production are predicted
the day before for the next day. In practice, there is always a forecast error and
some unforeseen events that could happen such as the outage of one transmission
line or of a generating unit. Using Monte-Carlo simulations, it is possible to gen-
erate a large number of plausible trajectories based on the forecast errors and the
probability of outage of components.

The generation of this database serves several purposes. The first objective is to
study the behaviour of the RMAC described in Chapter 3 from different perspectives
and in particular to compare it with the N-1 criterion. The second one is to create
a dataset in order to apply learning algorithms and build proxies.

The first section describes the different steps in the generation of the database.
The second section explain how Monte-Carlo simulations are used to create a plau-
sible dataset and in particular the probability distributions of each parameters.
Finally, the last section describes how the meta-parameters ∆E and ε are chosen.

4.1 Overall principle
The overall principle of calculation is schematically illustrated in Figure 4.1. It pro-
ceeds as follows.

We consider that at noon the day before, the demand and the wind production
for the 24 hours of next day are predicted. A market clearing for the next day is
then computed, based on the assumption that all the lines and all the generators will
be available tomorrow. This step will define a unit commitment (UC), an economic
dispatch (ED) and the reserve requirements for the next day. The market clearing
does not consider any security criterion, i.e. the thermal limits of transmission lines
are neglected.

When this is done, a state (corresponding to 1 hour) is randomly generated.
An economic dispatch, based on the market clearing computed the day before, is
calculated to balance the production and the demand. Only the N-security crite-
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Forecast wind power ĝw,i
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Risk RC
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Market clearing
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Monte-Carlo
simulations

Unit commitment (UC)
Economic dispatch (ED)

Load realisations: p̃d,i
Wind realisations: g̃w,i
Lines and generators availabilities
P (cont c) ∀ c ∈ C

Figure 4.1: Schematic representation of the main steps of the database generation.

rion is taken into account. It means that the modification to the initial dispatch is
done to balance the production and the load but also to prevent the violation of the
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transmission lines’ permanent thermal limits. It may happen that it is impossible to
balance the production and the consumption given the availability of the transmis-
sion lines and generating units. In that case, load shedding and wind curtailment
are performed. Whenever it is possible, wind curtailment is preferred.

From this new dispatch that takes into account the transmission line limits and
the realisation of the variables, the pre-assessment block first calculates the risk
before any further security control decisions are decided, and by using the cascade
simulator for each contingency in the full set C. In addition to the ”Risk before
control”, it outputs a set of contingencies Cc that will be used by the control RMAC
in order to define some preventive and corrective actions. This set of contingencies
is chosen in such a way that the residual risk RC\Cc (before control) is smaller than
the specified value of ∆E. It is worth noticing that since the market outcome is
computed with a forecast load and not a realisation, the basis for preventive and
corrective actions is not the market clearing outcome as was explained in Chapter 3
but the economic dispatch computed to balance the production and the realised load.

Finally, the post-assessment block uses the preventive and corrective control
decisions computed by the RMAC control block in order to re-calculate the current
risk of the system, again by using the cascade simulator and by considering all
the contingencies and not only the ones in Cc, and by also taking into account the
possible failures of the computed corrective actions. The residual risk RC\Cc is also
re-computed to take into account the effects of preventive actions. It is possible that
the residual risk does not satisfy anymore the discarding principle RC\Cc ≤ ∆E. In
that case, an iterative approach should be used in order to find the set Cc and the
corresponding preventive and corrective control actions satisfying the principle. The
iterative approach is not used in this work in order to facilitate the interpretation
of the results.

4.2 Day-ahead forecast data
For the generation of the database, the predictions for only one day are considered
and the samples consist of different realisations for that particular day. The day
chosen is a Tuesday during Winter.

The forecast demand per bus is given by the IEEE-RTS 96 data [26]. Figure 4.2
displays the load profile for the day in question.

The wind farms power generation forecast data per hour are taken from the
website [28]. The system wind output power forecast for the day considered in this
work is represented in Figure 4.3.

A more detailed description of the data used for market clearing can be found
in Appendix A.
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Figure 4.2: System forecast load per hour for Tuesday of week 50 (Winter). Data
comes from [26].

Hour

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

F
o
re

ca
st

w
in

d
p
ow

er
(M

W
h
)

0

200

400

600

800

1000

Figure 4.3: System forecast wind power per hour. Data comes from [28].

4.3 Monte-Carlo simulations
Each input variable could be modified to generate a database. However, in the day-
ahead context of this project, the variables that should change are the ones that
vary from one day to another, such as the load, the wind farms generation and the
topology of the network for instance.

Some parameters are chosen to be constant, either because we do not think they
would change significantly from one day to another or because there are not enough
data to describe the uncertainties on the predictions. Those parameters are the
following:
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• the production cost,

• the value of lost load,

• the minimum and maximum phase shifts of the transformers,

• the reactance of the transmission lines,

• the continuous and emergency rating of the lines,

• the probability of failure of corrective actions.

The following subsections describe in detail how the other parameters are gen-
erated. The pseudo-code describing the Monte-Carlo simulations can be found in
Appendix C.2.

4.3.1 Weather

The weather has an influence on the real-time reliability management of the system.
For the sake of simplicity, only two states are considered: normal and adverse. The
weather is adverse when there is lightning, thunderstorm, ice or snow [29]. It is
assumed that the whole system has the same weather.

In this work, the weather has an impact on the transmission lines. Indeed, when
the weather is adverse, their probability of outage increases. This affects the avail-
ability of transmission lines as well as the probabilities of contingencies.

In order to be able to analyse the weather influence, each state is generated
twice: once with a normal weather and the other with an adverse weather.

4.3.2 Generating units

To assess which generators will be available the next day, a Poisson distribution is
used to determine the probability of unavailability [30]. The failure rate per hour
(λ) is the inverse of the Mean Time To Failure (MTTF), given in [26] for each type
of generating unit. The probability of having x occurrences of failure in t hours is:

Pt(x) =
(λt)xe−λt

x!
. (4.1)

We consider that the generating units will not be repaired in one day and thus
the probability of unavailability of a generator is given by 1 minus the probability
that there is no failure (x = 0) in t hours:

Poutage(t) = 1− P (x = 0) = 1− e−λt. (4.2)

The probabilities of outage for each unit group can be found in Table 4.1. For
simplicity, the generating units are assumed to be in only two possible states, up or
down.

In our study, the parameter t ranges from 12 to 35h.
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Table 4.1: Number of outages per hour λ and probability of unavailability for t = 12,
24 and 36h for each type of generating unit.

Unit group λ [outage/h] Poutage(t = 12h) Poutage(t = 24h) Poutage(t = 36h)
U12 3.4 10−4 0.0041 0.0081 0.012
U20 2.2 10−3 0.026 0.052 0.077
U50 5.1 10−4 0.006 0.012 0.018
U76 5.1 10−4 0.0061 0.012 0.018
U100 8.3 10−4 0.01 0.0198 0.0296
U155 1 10−3 0.012 0.025 0.037
U197 1.1 10−3 0.013 0.025 0.037
U350 8.7 10−4 0.010 0.021 0.031
U400 9.1 10−4 0.011 0.027 0.032

4.3.3 Transmission lines and transformers

The same reasoning as for the generating units is used to determine the probability
that there is a forced outage on a line or a transformer. However, the weather has
a strong impact on the probability of failure of transmission lines.

The failure rate per hour is significantly increased for adverse weather. Some
examples given in [31] show that the number of outages per year can be multiplied
by a factor 30. In this work, the outage rates per year will be multiplied by 30 in
case of adverse weather for all the lines. The outage rates per year for the cables
(branches 1 and 9) and the transformers are not impacted by the weather.

Two examples of the probabilities of unavailability can be found in Table 4.2.
The first example (line 1) is a cable and therefore the probability of unavailability is
independent of the weather. The second example (line 22) is a typical line and both
probabilities of unavailability are shown. The transmission lines outage probabilities
for all the lines and both weather conditions can be found in Appendix C.1.

Table 4.2: Number of outages per hour λ and probability of unavailability for t = 12,
24 and 36h for the cable 1 and the transmission line 22. λ for cable 1 is identical
for both weather status.

Line λ [outage/h] Poutage(t = 12h) Poutage(t = 24h) Poutage(t = 36h)

1 (both) 2.74 10−5 3.29 10−4 6.57 10−4 9.86 10−4

22 (normal) 4.68 10−5 5.62 10−4 1.12 10−3 1.68 10−3

22 (adverse) 0.00140 0.0167 0.0331 0.0493

The outage probabilities of the transformers for different values of t can be
observed in Table 4.3. The number of outages per hour is identical for the 5 phase-
shifting transformers.
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Table 4.3: Number of outages per hour λ and probability of unavailability for t = 12,
24 and 36h for a phase-shifting transformer.

λ [outage/h] Poutage(t = 12h) Poutage(t = 24h) Poutage(t = 36h)

2.28 10−6 2.74 10−5 5.48 10−5 8.22 10−5

4.3.4 Load realisation

The error on the load for day-ahead forecast is assumed to follow a normal distribu-
tion [29] with a mean equal to 0. In order to take into account both the correlation
in the fluctuation of the different bus loads and their independence, two error terms
are added to the prediction value. The first one is common to all the loads and the
second is independent. In other words, for the bus load i, the realisation load p̃i is
given by:

p̃i = (1 + εαd + εβd,i) · p̂i, (4.3)

where p̂i is the predicted load of bus i, εαd is constant for all buses and drawn
randomly according to a normal law N (0, αd) and εβd,i is different for each bus and
drawn according to a law N (0, βd).

Determination of parameters αd and βd

In order for the realisations to be close to what could be encountered in practice,
the parameters αd and βd are determined according to values found in the litera-
ture. In a study realised by the NREL (National Renewable Energy Laboratory) in
2012, a normalised standard deviation σd,global of about 0.03 was found for the total
day-ahead load forecast error [32]. The normalised standard deviation is defined as
the standard deviation divided by the yearly average load. The error on a single
bus load is assumed to have a greater standard deviation. It is arbitrarily defined
as σd,local = 0.1.

The variance of the total load realisation can be computed:

17∑
i=1

p̃i =
17∑
i=1

p̂i(1 + εαd + εβd,i)

⇔ var

(
17∑
i=1

p̃i

)
= var

(
17∑
i=1

p̂i(1 + εαd + εβd,i)

)

⇔ var

(
17∑
i=1

p̃i

)
= var

(
εαd

17∑
i=1

p̂i

)
+ var

(
17∑
i=1

p̂iεβd,i

)

⇔ var

(
17∑
i=1

p̃i

)
=

(
17∑
i=1

p̂i

)2

α2
d + var

(
17∑
i=1

p̂iεβd,i

)
.

Considering that p̂i = lip̂tot for the bus load i with li ≥ 0 and
17∑
i=1

li = 1 and p̂tot

being the total predicted load, it is possible to simplify this expression. Indeed, the
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variables li are constant for each hour (as defined in [26]). One can write:

⇔ var

(
17∑
i=1

p̃i

)
=

(
17∑
i=1

p̂i

)2

α2
d + var

(
17∑
i=1

lip̂totεβd,i

)

⇔ var

(
17∑
i=1

p̃i

)
= (p̂tot)

2 α2
d + (p̂tot)

2

17∑
i=1

l2i β
2
d

⇔ (pavg)
2 σ2

d,global = (p̂tot)
2 α2

d + (p̂tot)
2

17∑
i=1

l2i β
2
d

⇔ (p̂tot)
2 σ2

d,global ' (p̂tot)
2 α2

d + (p̂tot)
2

17∑
i=1

l2i β
2
d

⇔ σ2
d,global ' α2

d +
17∑
i=1

l2i β
2
d .

pavg is defined as the average load over a year. The approximation that p̂tot ' pavg
is used to simplify the calculations.

The variance of the load on bus load i can be computed as:

p̃i = p̂i(1 + εαd + εβd,i)
⇔ var (p̃i) = var

(
p̂i(1 + εαd + εβd,i)

)
⇔ σ2

d,local(p̂i)
2 = (p̂i)

2α2
d + (p̂i)

2β2
d

⇔ σ2
d,local = α2

d + β2
d

Finally, one obtains a system of two equations with two unknowns: σ2
d,global = α2

d +
17∑
i=1

l2i β
2
d

σ2
d,local = α2

d + β2
d

Injecting the values of σd,global, σd,local and li, we have αd = 0.0144 and βd = 0.09896.
This is approximated by αd = 0.015 and βd = 0.1.

In order to check the results, 24000 samples are generated with αd = 0.015 and
βd = 0.1, thus 1000 samples per hour. Note that this set of samples is only used to
verify the computation of the values of αd and βd. The relative forecast error Eh

d,i

per bus load and per hour is computed as:

Eh
d,i =

p̂hd,i − p̃hd,i
p̂hd,i

,

where i = 1, ..., 17 represents the bus load index and h the hour. The exponent h
is just a notation. When analysing the standard deviation of the relative forecast
error, we obtain an average standard deviation of 0.1012 and a maximum and min-
imum values of respectively 0.0938 and 0.1076. It corresponds to what is expected.

To find the relative standard deviation of the system load forecast error for each
hour, one computes the relative standard deviation as the standard deviation of p̃hd,tot
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divided by the system average load over one year. For the IEEE-RTS 96 system,
pavg = 2194MWh. The mean relative standard deviation is 0.0309 and the maxi-
mum value is 0.0380 while the minimum value is 0.0219. It is close to the relative
standard deviation observed by the NREL. Therefore, the assumption p̂tot ' pavg is
valid.

Three histograms of the total demand for 2 different hours of the day can be
seen in Figure 4.4 and the histograms representing the distribution of samples at 2
bus loads for the same hour are represented in Figure 4.5.
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Figure 4.4: Histograms of the system load realisations at respectively 3pm and 6pm.
The normalised standard deviations are respectively 0.0344 and 0.0380.

~pd;1 at 6pm (p̂d;1 =110.58 MWh)
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~pd;10 at 6pm (p̂d;10 =197.88 MWh)
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Figure 4.5: Histograms of the load realisations at 6pm respectively for bus load 1
and 10. The normalised standard deviations are respectively 0.1030 and 0.1063.

To identify the relationship between the load forecast error of several nodes, some
scatter plots of the relative forecast error are displayed in Figure 4.6. It can be seen
that there is few correlations between the errors at the different bus loads.
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Figure 4.6: Scatter plots of the relative load forecast error Eh
d,i for different bus loads

at 2pm.

There is no change in the demand in function of the state of the weather. The
weather influence is included in the normal distribution of forecast error.

4.3.5 Wind generation realisation

The forecasting of wind farms production is one of the main issues of operation
planning. The usual approximation is to consider that the forecast error follows a
normal distribution as for the load. However several recent studies showed that this
is not the case. In [33], wind forecast errors from several countries were analysed
and it was concluded that a hyperbolic distribution could better fit the error than
a normal distribution. Another proposal was to use a Beta pdf [34].

Given the difficulty to obtain some real parameters for these two laws, a normal
distribution is chosen and is defined in the same way as for the load forecast error.
The realised generation g̃i for the wind farm i is thus given by:

g̃w,i = (1 + εαw + εβw,i) · ĝw,i,

where ĝw,i is the predicted production of wind farm i, εαw is constant for all wind
farms and drawn randomly according to a normal law N (0, αw) and εβw,i is different
for each wind farm and drawn according to a law N (0, βw).

Determination of parameters αw and βw

According to a study of the NREL, a normalised standard deviation σw,global = 0.13
was obtained for the total day-ahead wind power forecasting errors of the California
Independent System Operator (CAISO) region [32]. The normalised standard devia-
tion was obtained by calculating the standard deviation and dividing it by the system
maximum capacity. Another study indicates a variance of 60.4MW2 for a typical
30 MW-capacity wind farm from the western wind and solar integration study data

set [35]. This leads to a normalised standard deviation σw,local =

√
60.4

30
= 0.259.
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The same approach as for the load is used to estimate the parameters αw and βw
defining the distribution of wind power forecast errors. Nevertheless, the repartition
of production among the wind farms is different from one hour to the next. There-
fore all the wind farms are considered to produce the same proportion of power for
the sake of simplicity.

The variance of the total forecast generation error can be computed as:
6∑
i=1

g̃w,i =
6∑
i=1

ĝw,i(1 + εαw + εβw,i)

⇔ var

(
6∑
i=1

g̃w,i

)
= var

(
6∑
i=1

ĝw,i(εαw + εβw,i)

)

⇔ var

(
6∑
i=1

g̃w,i

)
=

(
6∑
i=1

ĝw,i

)2

α2
w + var

(
6∑
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ĝw,iεβw,i

)
⇔ (Cw,tot)

2 σ2
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2 α2
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2

(
1
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)2
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w
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2 α2

w + (ĝw,tot)
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(
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36
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Note that σw,global is defined as the standard deviation divided by the capacity
of the system and not the forecast production. In this computation, it is considered
that ĝw,tot ' Cw,tot where Cw,tot is the maximum wind power generation. The reason
is that ĝw,tot is different for each hour and it is a way to have a solution independent
of the predicted value.

The variance of the forecast generation error for one wind farm is:

σ2
w,local = α2

w + β2
w.

It is the same reasoning as for the load and the approximation ĝw,i = Cw,i where
Cw,i is the capacity of wind farm i is used.

The resolution of the system :{
σ2
w,global = α2

w +
1

36
β2
w

σ2
w,local = α2

w + β2
w

gives αw = 0.124 and βw = 0.227. This is approximated by αw = 0.12 and βw = 0.23.

However, it appeared that the approximations performed were not valid. Given
ĝw,tot for each hour and still considering that ĝw,i = ĝw,tot/6, a less approximated
system of equations is:

σ2
w,global =

ĝw,tot
Cw,tot

(
α2
w +

1

36
β2
w

)
σ2
w,local =

ĝw,tot/6

Cw,tot/6

(
α2
w + β2

w

)
=
ĝw,tot
Cw,tot

(
α2
w + β2

w

) (4.4)
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Solving this system leads to different values of αw and βw per hour. It gives
better results in term of variance but the solution is not general and depends on
the predicted wind power for each hour. The values of αw and βw per hour for the
particular day chosen and dependent on the total predicted wind power can be seen
in Table 4.4.

Table 4.4: Solutions αw and βw for the system of equations (4.4) in function of the
total forecast wind power per hour.

Hour ĝw,tot(MWh) αw βw Hour ĝw,tot(MWh) αw βw
1 787.66 0.189 0.346 13 787.05 0.19 0.346
2 746.73 0.2 0.365 14 665.01 0.224 0.4099
3 785.51 0.19 0.348 15 473.12 0.315 0.576
4 856.76 0.174 0.318 16 262.14 0.569 1.04
5 859.02 0.174 0.317 17 179.22 0.83 1.52
6 831.22 0.18 0.328 18 111.70 1.336 2.44
7 812.46 0.184 0.336 19 163.91 0.9105 1.66
8 868.26 0.172 0.314 20 166.65 0.896 1.636
9 895.66 0.167 0.304 21 186.54 0.8 1.461
10 902.24 0.165 0.302 22 250.69 0.595 1.088
11 905.68 0.165 0.301 23 200.07 0.746 1.363
12 858.00 0.174 0.318 24 193.22 0.77 1.411

Using this method to generate the samples sometimes leads to negative values
or values greater than the maximum capacity. In order to create realistic samples,
the wind output power is set to 0 if the value is negative and is equal to the max-
imum capacity (Cw,i) if the value is greater than Cw,i. However this has the effect
of decreasing the variance and modifying the mean. The mean value of the realised
standard deviation per hour for a set of 24000 samples (1000 per hour) is 0.1256
with a maximum value of 0.1494 and a minimum value of 0.0726. This is close to
the value observed in the literature. Note that this set is not the one used in the
generation of the database. It is simply a test set.

Concerning the normalised standard deviation for a single wind farm, the maxi-
mum value is 0.3900 and the minimum value is 0.0044. The targeted relative stan-
dard deviation is 0.259 and the mean value is 0.2095. The mean value is acceptable
and thus there is no change to αw and βw to adapt to the truncation of values.

It is worth noting that the large difference in relative standard deviation for dif-
ferent hours is due not only to the truncation of values but also to the approximation
that each wind farm produces the same amount of power. Depending on the hour,
this assumption is more or less correct.

The histogram of the total wind production for 1000 realisations can be seen in
Figure 4.7 for 2 different hours. It can be observed that the variance is effectively
lower in case of a low production. Figure 4.8 shows that a lot of values are set to 0
in case of a low prediction of wind power and similarly, many samples are set to the
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maximum capacity in case of high wind power output forecast.
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Figure 4.7: Histogram of the total wind power realisations at 11am and 6pm. The
relative standard deviations are respectively equal to 0.1323 and 0.1074.

~gw;1 at 4am (ĝw;1 =176.97 MWh)
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Figure 4.8: Histogram of the wind power realisations at wind farm 1 at respectively
4am and 6pm. The normalised standard deviations are respectively 0.2153 and
0.1087.

Figure 4.9 represents some scatter plots of the relative wind generation forecast
error for different wind farms. This error Eh

w,iis computed as:

Eh
w,i =

ĝhw,i − g̃hw,i
ĝhw,i

,

where i = 1, ..., 6 represents the wind farm index and h the hour. It can be seen in
the graphs that the correlation between different wind farms for the same time of
the day is low.
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Figure 4.9: Scatter plots of relative forecast error per wind farm at 2pm for 1000
samples.

4.3.6 Probabilities of contingencies

The considered set of contingencies is composed of 7 (common mode) double out-
ages and 38 single outages. The contingency c = 1 is the no outage case, therefore
there are 46 contingencies. The 7 common outages correspond to the lines circled
in Figure 3.2.

Given the mean time to failure (MTTF) per line and per common outage, one
can compute the probability of occurrence of only one contingency. A MTTF is also
known for common outage contingencies.

The probability of having at least one occurrence of contingency c in 1 hour given
the MTTF is:

P (failurec) = 1− e−λc∆t,

with ∆t = 1h and λc =
1

MTTFc
for c = 2, ..., 46 for the 38 single outages and the

7 common outages. The Poisson law is again chosen, as for the determination of
generating units and transmission lines availability.

The probability of no failure is thus the product of the probabilities for each line
to be in service and for each common outages to not occur:

P (no failure) =
46∏
c=2

(1− P (failurec)). (4.5)

We need to compute the probability that only contingency c occurs. It is given
by the probability that the failure described by contingency c occurs multiplied by
the probability that all the other possible failures do not occur. This gives:

P (contc) = P (failurec) ·
46∏

j=2,j 6=c

(1− P (failurej)). (4.6)
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It is worth mentioning that by considering a set of 46 contingencies, a lot of
contingencies are neglected, such as the combination of 3 lines out-of-service, 4 lines
out-of-service and so on. Two possibilities are considered. Either their criticality is
neglected and they are incorporated in the no outage case. Or they are all consid-
ered as a unique contingency where their associated criticality could be the worse
criticality computed among the 46 studied contingencies and their probability is 1
minus the sum of the probabilities of the 46 studied contingencies. In this work, the
first possibility is chosen for simplicity and thus the risk is underestimated. There-
fore, the probability of having no outage is not equal to P (no failure). It is slightly
increased to have

∑
c∈C

πc = 1, where C contains the 46 contingencies previously in-

troduced:
P (cont1) = 1−

∑
c∈C,c 6=1

P (contc).

The probabilities of contingencies are modified for two reasons: the weather and
the availability of the lines.

Concerning the weather, the number of failures per hour λ is multiplied by 30 in
case of adverse weather, except for the cables (lines 1 and 9) and the 5 transformers.

In case of unavailability of particular lines, the probabilities of outage of these
lines are equal to 1. If the unavailable line was part of a double common outage
contingency, this has no influence on the probability of the double common outage.
This probability is equal to 1 only when both lines are unavailable.

If at least one line is unavailable, the definition of the no outage case should
change. In fact, the probability of no outage is 0 since some factors in equation
(4.5) are equal to 0. Thus a redefinition of the no failure probability is needed:
P (no failure) is the probability to have no failure of the available lines or avail-
able common outages. If Cavailable is the set of contingencies that represent the
available common outages and the failure of the available lines and transformers ,
P (no failure) is computed as:

P (no failure) =
∏

c∈Cavailable

(1− P (failurec)).

Note that the contingency 1, corresponding to the no outage case, is not included
in Cavailable. For each c ∈ Cavailable, the probability for only contingency c to occur
P (contc) is also slightly modified compared to equation (4.6):

P (contc) = P (failurec) ·
∏

j∈Cavailable,j 6=c

(1− P (failurej)).

The contingencies that are not included in the set Cavailable describe the failure
of the same lines, thus the same system topology. In that case, to avoid taking
into account the same expected criticality several times, the probabilities of the
redundant contingencies are set to 0. Thus,

P (contc) = 0, ∀c /∈ Cavailable & c 6= 1.
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For instance, if the line 1 is unavailable, contingency 1 (no outage case) and 2 (fault
on line 1) describe the same system topology, that is a system without line 1. The
probability of contingency 2 is thus set to 0.

Finally, the probability of the no outage case, defined here as no failure of avail-
able lines and no available common outages is

P (cont1) = 1−
∑

c∈Cavailable

P (contc).

4.4 Meta-parameters
In the RMAC, there are three meta-parameters: ε, ∆E and Xa. ε is the threshold
for the reliability target, ∆E is a threshold for the residual risk and Xa defines the
set of acceptable trajectories. In this work, we only modify ε and ∆E.

This section describes how these two parameters are determined for each sample.
We first explain how ε is sampled and then how ∆E is computed based on the risk of
a “pseudo N-1” criterion. Next we discuss the notion of infeasible cases and explain
how these infeasible cases are handled in our simulations. Finally, we wrap up by
presenting the complete procedure incorporating all these steps.

4.4.1 Sampling the value of ε

In order to study the impact of ε on the outputs, ε is defined randomly for each state.
The distribution is chosen such as the values of ε are uniformly distributed on a log-
arithmic scale between [10aε , 10bε ]. The value of aε is determined by assigning a fixed
value to ε and checking the number of infeasible states (see Sections 4.4.2 and 4.4.3).
The first value for which there are not too many infeasible samples will be used to
determine the minimum value of ε. The value of bε is determined by setting ε = 1
for a certain number of states and looking for the maximum value of the probabil-
ity of unacceptable states. Indeed, when ε = 1, there is no constraint on Punacceptable.

In order to count the number of infeasible states for a given ε, the set of considered
contingencies is fixed and contains only the N-1 contingencies. The results for various
values of ε can be seen in Table 4.5. Despite the high number of infeasible samples for
ε = 10−5 and ε = 10−6, the minimum value is set to ε = 10−5. This is a compromise
between a low number of infeasible states and the study of results with a smaller
value of probability of unacceptable behaviours.

Considering a set of samples of size 1200 with ε = 1 and a set of considered
contingencies containing only the single line outages, the value 0.0119 was found to
be the largest value of the probability of unacceptable states. Thus the variable bε
is chosen to be equal to -1.

The value of ε is interesting to study on a logarithmic scale (base 10), it is why
it was chosen to select a uniform distribution on a logarithmic scale. The formula
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Table 4.5: Number of feasible and infeasible samples for different values of ε.
Nbfeasible is the number of samples that are feasible, Nbinfeasible is the number of
infeasible samples and Nbtotal is the total number of samples for a particular value
of ε. The states are generated randomly and are all different.

ε Nbfeasible Nbinfeasible
Nbinfeasible

Nbtotal

10−6 19 221 92.1%
10−5 24 216 90%
10−4 86 154 64.2%
10−3 152 88 36.7%

is:
ε = 10aε+(bε−aε)·rand(0,1)

where aε = −5, bε = −1 and rand(0, 1) is a function that outputs a pseudo-random
number uniformly distributed between 0 and 1.

4.4.2 Computing the value of ∆E

The value of ∆E is more difficult to fix. In order to avoid choosing it completely
arbitrarily, one possibility is to apply the N-1 criterion when computing the control
actions and then calculating the residual risk associated with this criterion.

The deterministic N-1 criterion corresponds to a version of the RMAC using a
fixed set of considered contingencies CN−1 that contains only the single outage con-
tingencies, an ε equal to 0 and a probability of failure of corrective actions also equal
to 0 [3].

However, when we used this deterministic N-1 criterion with our samples, 82% of
them led to an infeasible optimisation problem at this stage. Rather than rejecting
such infeasible cases from the database, we thus decided to implement a modified
version of the N-1 criterion (to distinguish it we will use the term “pseudo N-1”).
This “pseudo N-1” SCOPF problem merely consists in relaxing the acceptability con-
straint in the N-1 calculation by using the randomly generated value of ε, instead of
ε = 0 and also considering the probability of failure of corrective actions. This allows
us to study the impact of considering a fixed set of contingencies instead of choos-
ing a set of contingencies dependent on the state of the system when computing ∆E.

Therefore ∆E is equal to the residual risk RC\CN−1
computed from the control

decisions taken according to the “pseudo N-1” criterion. RC\CN−1
is thus the sum of

the expected criticalities of common outage contingencies.

4.4.3 Handling the remaining infeasible cases

Even with the above modified version of the N-1 criterion, the resulting optimisation
problem may still be infeasible. Therefore, in case a sample leads to an infeasible
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optimisation problem at the previous stage, the problem will be further relaxed in
order to enable the calculation of the value of ∆E.

Rather than trying to determine the minimal increase of ε to make the problem
feasible, we decided to merely set its value to 1 in order to make sure at once that
the “pseudo N-1” criterion will become feasible. Moreover, if at this stage, when
calculating the value of ∆E with the “pseudo” N-1 criterion, ε is set to 1, the same
value of 1 is also used later on with the RMAC, so as to ease the comparison of the
two approaches.

Finally, while the values of ε thus used in the RMAC always correspond to a fea-
sible “pseudo N-1” criterion, there is no guarantee that the RMAC itself will remain
feasible. It turns out that indeed occasionally the RMAC problem is infeasible. We
decided to exclude these samples from our final database.

In the dataset, 36% of the samples are infeasible with the “pseudo” N-1 criterion.
Considering only the feasible cases, 0.3% of them are RMAC infeasible.

4.4.4 Complete procedure

The complete structure of the program incorporating the calculation of ∆E and the
possible relaxation of ε via the “pseudo” N-1 approach is represented in Figure 4.10.
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Figure 4.10: Schematic representation of the generation of samples for both the
“pseudo N-1” criterion and the RMAC. The residual risk of the “pseudo N-1” criterion
is used to define ∆E for the RMAC. If the sample was infeasible with the “pseudo
N-1” criterion, εN−1 is set to 1 and thus εRMAC is also set to 1.
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Chapter 5

Database analysis

The generated database contains 4623 samples. This strange number is due to the
discarding of some samples for various reasons. First, we discarded the samples that
were feasible with the “pseudo” N-1 criterion but not with the RMAC. Other sam-
ples were infeasible at the N-security rescheduling step. Indeed if a bus connected
only to generating units is isolated, the only way to balance the node is to trip the
generators. This is not implemented in the rescheduling step and thus the samples
had to be discarded. Finally, this non-logical number of samples is also due to some
computer problems.

This chapter contains a description of the database and the analyses of some
results. The first section describes the different variables of the problem. The
next sections contain analyses of the results: Section 2 describes the topology of
the system; Section 3 the distribution of the meta-parameters ∆E and ε and the
proportion of infeasible values of ε; Sections 4 and 5 show respectively the impact of
the control actions and of the weather on the risk and on the residual risk; Section
6 compares the “pseudo N-1” criterion with the RMAC. Section 7 describes the
macroscopic variables introduced in order to study more generally the preventive
and corrective control actions. Finally, the last section recalls the output variables
on which learning algorithms will be applied.

5.1 Variable description
This section enumerates and describes the different variables used in the subsequent
chapters when applying supervised learning methods. The first subsection describes
the input features and the second subsection the target output variables.

5.1.1 Input features

There are 184 features, which are enumerated hereafter (notice that the names we
will use in our analyses to refer to these variable are written within parentheses):

• the hour of the day (hour),

• the 17 bus loads (load i),
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• the 6 wind farm power outputs (wind i),

• the 33 generating units’ availability (generator i status),

• the 33 transmission lines’ availability (line i status),

• the 5 transformers’ availability (transformer i status),

• the 46 probabilities of contingencies (probability of contingency i),

• the value of ε (epsilon),

• the value of ∆E (Delta E),

• the weather status (normal or adverse) (weather status),

• the system load (total load),

• the total wind power output (total wind power),

• the system load minus the total wind production (load− wind production),

• the number of unavailable transmission lines (number of lines unavailable),

• the number of unavailable transformers (number of transformers unavailable),

• the number of unavailable generators (number of generators unavailable),

• the market power output of each generator (market power for gen i),

• the minimum production of the system without considering wind power
(min production wo wind),

• the maximum production of the system without considering wind power
(max production wo wind).

5.1.2 Target output variables

Some interesting outputs of the control program are the total cost, the preventive
control cost, the expected corrective control cost, the probability of being in an un-
acceptable state and the risk associated to the relaxed contingencies and the possible
failure of corrective actions. The total cost is the sum of the preventive control cost,
the expected corrective control cost and the risk. This risk will be called expected
criticality in the rest of the report in order to avoid confusing it with the risk RC
computed with the assessment program. They are two differences in the evaluation
of both risks. The first difference is that to estimate the expected criticality, it is
assumed that if there is a violation of the thermal limits, all the load is lost. On the
contrary, the amount of lost load is estimated through cascade failure simulations
for the risk RC. The second difference is the set of contingencies used. The expected
criticality and the risk are assessed using respectively the set Cc and the set C.

Other outputs of the SCOPF program are the preventive re-dispatch of generat-
ing units, the corrective re-dispatch and the corrective adjustments of phase-shifting
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transformers.

Finally, the risk RC output from the assessment program allows the evaluation
of the reliability of the system after control.

Since there are 33 generating units and 5 phase-shifting transformers in the
system, the total number of outputs is 1749. As this number is large, we will try to
determine more macroscopic variables accounting for the preventive and corrective
actions. This is discussed in Section 5.8.

5.2 Load and wind power
This section shows the distribution of the total load, the total wind power generation
and the net load that is defined as the total load minus the total wind generation.
These distributions can be seen respectively in Figures 5.1, 5.2 and 5.3.
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Figure 5.1: Histogram of total system load.

In each histogram, one can distinguish a bimodal distribution. This is more
pronounced in the load distribution than in the wind generation distribution. This
is due to the load and wind forecasts. Indeed, in Figures 4.2 and 4.3, two levels
of load and wind generation can be observed. The high level of wind generation is
about 800MWh whereas the low level is around 200MWh. These values correspond
to both peaks in Figure 5.2. Similarly, the high level of total load is approximately
2800MWh and the low level of total load is around 1800MWh and these two values
correspond to the peaks in Figure 5.1.
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Figure 5.2: Histogram of total wind generation.
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Figure 5.3: Histogram of the system net load.

5.3 Topology of the system

5.3.1 Generating units

The probability for a generating unit to be unavailable is in the order of 10−2. Thus
one can expect to have many samples with at least one generator out-of-service.
In Figure 5.4, the histogram of the number of generators unavailable per sample is
represented. One can notice that there are at most 5 generators out-of-service at
the same time. Furthermore, almost half the samples have at least one generating
unit unavailable.
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Figure 5.4: Histogram of the number of unavailable generating units per observation.

5.3.2 Transmission lines

The probability of unavailability of a transmission line depends on the weather. It
is thus interesting to study the availability of lines in the samples as a function of
the weather status. In Figure 5.5, a bar graph of the number of unavailable lines
per sample as a function of the weather status is represented.
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Figure 5.5: Stacked bar graph of the number of out-of-service lines per sample in
case of normal and adverse weather.

For a normal weather, the probability of unavailability of a line is small (about
10−4) and thus the maximum number of out-of-service lines is two and it is the case
for only one sample. Most samples correspond to the complete topology with all the

51



transmission lines available.

Concerning the adverse weather state, more samples have at least one line un-
available and there are a maximum of 6 transmission lines out-of-service at the same
time. It is due to the fact that the probability of unavailability of a line is approxi-
mately one hundred times greater in case of adverse weather compared to a normal
weather.

Note that there are about 51% of samples with a normal weather in the database.

5.3.3 Phase-shifting transformers

In the dataset, only one sample has a transformer unavailable. Indeed, the proba-
bility of outage of a transformer is small (around 10−5) and is independent of the
weather. There are also a fewer number of transformers.

5.4 Meta-parameters ε and ∆E

5.4.1 ε

The value of ε is randomly drawn according to a uniform distribution on a loga-
rithmic scale. When it has a value 1, it means that with the drawn ε the case was
infeasible. Figure 5.6 represents the stacked histogram of log10 ε for feasible and
infeasible samples. It can be seen that about one third of the samples were infea-
sible with the “pseudo” N-1 criterion. The distribution of the values of ε for these
infeasible samples, before this parameter was set to 1, is represented in yellow in
the graph. One can verify that the drawn values of ε are uniformly distributed on a
logarithmic scale between 10−5 and 10−1.
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Figure 5.6: Stacked histogram of values of log10 ε in the dataset.
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For information, Figure 5.7 shows a scatter plot of the probability of being in an
unacceptable state vs. the value of ε. The logarithmic scale is used to better show
the values. However, the 92 samples with a probability of unacceptable states equal
to 0 have been discarded. It can be seen that Punacceptable ≤ ε, thus the reliability
target is met. In this graph, two markers are used to distinguish the weather status
of the samples. One can observe that the probability of unacceptable states is in
average larger for adverse weather.
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Figure 5.7: Values of log10 Punacceptable vs. values of log10 ε. The 92 samples with a
zero-value for the probability of unacceptable states have been discarded.

5.4.2 ∆E

As said previously, the value of ∆E is obtained by finding the residual risk using
the N-1 approach for each sample. The histogram of this parameter can be seen in
Figure 5.8. The values of ∆E are comprised between 0 and 7579.5$. In order to
check that the set of considered contingencies Cc meets the constraint RC\Cc ≤ ∆E,
a scatter plot of the value of RC\Cc before control vs. the value of ∆E is shown in
Figure 5.9. The discarding principle is effectively verified before control.

5.4.3 Infeasible cases

The proportion of the original values of ε that led to infeasibility of the “pseudo N-1”
criterion is quite high in the dataset. ε had indeed to be set to 1 for about 36% of
the samples. In Figure 5.6, if we look at the distribution of the infeasible ε values,
it can be seen that the smaller ε, the larger the number of infeasible cases.
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Figure 5.8: Histogram of values of ∆E in the dataset.
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Figure 5.9: Values of RC\Cc before control vs. values of ∆E.

Another cause of infeasibility can be the increase of the probabilities of contin-
gencies. It can be seen in Figure 5.10 that the weather status of most infeasible
samples is adverse.

Given the way the database is generated, most infeasible samples were infeasible
with the “pseudo” N-1 criterion. However 9 samples were feasible with the N-1 cri-
terion and ε < 1 but infeasible with the RMAC. Even if they have been discarded,
it is interesting to understand why they were infeasible.
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Figure 5.10: Histogram of the weather status of infeasible samples.

In Figure 5.11, two particular system’s topologies leading to an RMAC infea-
sible case are represented on the same schematic. In the first topology, line 17 is
unavailable and in the second, line 10 is unavailable.

If line 17 is unavailable and contingency 41 (in blue in Figure 5.11) is a considered
contingency, the bus 13 is isolated. In one RMAC infeasible sample of the database,
the load on that bus is smaller than the minimum generation. Therefore the only
way to make the problem feasible is to relax contingency 41. However, in that case,
relaxing contingency 41 increases the probability of being in an unacceptable state
beyond the chosen value of ε. As a consequence, the sample is RMAC infeasible. As
a reminder, a relaxed contingency is a considered contingency for which no preven-
tive or corrective decisions are taken.

Another “RMAC infeasible” case corresponds to the topology where line 10 is
unavailable. For this sample, contingency 40 (in green in Figure 5.11) is considered
and it is impossible to balance bus 8 since it is isolated and only connected to a load
centre. Thus contingency 40 should be relaxed for the problem to be feasible, again
at the price of increasing the probability of unacceptable states.

In both cases, it is impossible to use preventive and corrective actions to handle
double outage contingencies, leading to an infeasible RMAC.

5.5 Assessment before and after control
This section studies the impact of control on the risk. The first subsection compares
the total risk before and after control while the second subsection looks at the
residual risk and analyses if it changes after control.

55



Bus 18 Bus 21
Bus 22

Bus 17

Bus 16

Bus 23

Bus 20
Bus 19

Bus 15

Bus 14

Bus 13

Bus 24 Bus 11 Bus 12

Bus 3 Bus 9 Bus 10

Bus 6

Bus 8

Bus 5

Bus 4

Bus 1 Bus 2 Bus 7

33

26

27

28

25

23

31

3229

30

24

19 18

20
21

22

16

17

13
14

15

2

3

1

9

6

7

5

10

12
11

8

4

t1 t2 t4 t3 t5

Legend:

generating 
units

bus load transformer cable wind farm
  (200MW)

192MW

192MW

300MW

591MW

215MW

synch. 
cond.

155MW

400MW 400MW
300MW

660MW

common 
outage

Figure 5.11: Representation of the modified IEEE-RTS96 system where two config-
urations of the system leading to an RMAC infeasible case are highlighted. In the
first configuration, line 17 is unavailable while in the second configuration, line 10 is
unavailable. The unavailable lines are represented in red. The double outages con-
tingency that must be relaxed is represented in blue for the first configuration and
in green for the second configuration. They correspond respectively to the common
mode double outage of lines 13 and 15 and the common mode double outage of lines
11 and 12.
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5.5.1 Risk

Figure 5.12 shows the histograms of the risk before and the risk after control as well
as their differences. If everything works well the risk before control actions should be
greater than the risk after control actions. It can be seen in the lower graph that it is
the case for almost all samples. The difference between the risk before and the risk
after is mostly positive and the range of values of the risk before control is greater.
However, in the database, 11 samples have a risk that is increased with the control
actions. It represents 0.2% of the cases. In these cases, the risk associated with the
considered contingencies decreases as expected. However, the risk associated with
the contingencies c ∈ C\Cc rises, causing the total risk to be greater after control
than before.
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Figure 5.12: Histograms of values of risk before control and risk after control in the
dataset. The graph in the bottom represents the difference between the risk before
control and the risk after control.

On average, the risk decreases with control by an amount of 6.05 · 104$. If we
put in relation the decrease in risk RC due to control and the total cost for each
sample (Figure 5.13), it can be seen that few correlations exist between both.

5.5.2 Residual risk

About half the samples have a residual risk that is identical before and after con-
trol. This means that the preventive re-dispatch does not affect the criticality of
discarded contingencies in these cases.
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Figure 5.13: Decrease in risk RC due to application of control actions vs. total cost.

For the samples where the residual risk changes, it is interesting to check if the
residual risk increases or decreases after control. For 38% of the samples, it de-
creases by an average of 230.16 $. For the remaining 13%, it rises by an average
of 4331$. The small amount of samples with an increasing residual risk indicates
that for most of the samples, no iterative approach would be needed to satisfy the
discarding principle, i.e. RC\Cc ≤ ∆E.

The distributions of the residual risks before and after control as well as their
differences can be seen in Figure 5.14.

5.6 Weather influence
In this section, the influence of the weather on some results is studied. We recall that
each realisation is normally present twice in the dataset, once for a normal weather
and once for an adverse weather. However, due to some computers problems and the
discarded samples, only 1513 realisations of load and wind generation are present
twice. The analysis of the weather influence is performed with these 3026 samples.

The only differences between a normal weather sample and its adverse weather
counterpart are the probabilities of contingencies and the availability of the trans-
mission lines. Indeed, the availability of a line is randomly drawn based on the
MTTF and this variable is weather-dependent.

5.6.1 Control costs in function of the weather

Figure 5.15 shows four histograms. Each one represents the distribution of the dif-
ferences between the adverse weather costs and the normal weather costs. As one
could expect, the control cost is usually greater in case of adverse weather. The
greatest differences can be found with the expected criticality. Indeed, this variable
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Figure 5.14: Histograms of values of residual risk before control and residual risk
after control in the dataset. The graph in the bottom represents the difference
between the residual risk before control and the residual risk after control.

is directly impacted by the weather since the severity is weighted with the contin-
gencies’ probabilities.

It is also probable that the increase in contingencies’ probabilities leads to more
preventive actions. Indeed, the cost of corrective actions and the probability of
being in an unacceptable state are proportional to the probabilities of contingencies.
Therefore, in case of adverse weather, their cost rises up, possibly making preventive
control more advantageous.

5.6.2 Risks in function of the weather

In order to compare the risk before control and the risk after control for a normal
and for an adverse weather, the distributions of RC,adv − RC,nor for both risks are
plotted in Figure 5.16. RC,adv and RC,nor are respectively the risk in case of adverse
weather and the risk in case of normal weather. As expected, both risks are greater
when the weather is adverse than when the weather is normal for most samples. The
average differences between adverse and normal weather for the risks before control
and after control are respectively 1.26 · 105$ and 9978.3$.

In about 0.4% of the cases, the risk before control is higher for a normal weather
than for an adverse weather. One possible reason is that load shedding may be
performed at the rebalance step in case of outage of lines due to adverse weather.
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Figure 5.15: Histograms of the differences between control costs during an adverse
weather and control costs during a normal weather. They represent respectively,
from left to right and top to bottom, the difference in total cost, preventive cost,
corrective cost and expected criticality.

This would decrease the system load and lead to a more robust system. The load
lost at the rebalance step is not considered when computing the risk.

About 6% of the samples have a risk after control larger for a normal weather
than for an adverse weather. Among these samples, less than 10% had a risk before
control larger for the normal weather. Thus there is another reason for the risk
with a normal weather to be higher. In some cases, the increase in contingencies’
probabilities and the loss of one or more lines force the use of more preventive
actions. This results in a more reliable system at a higher cost.

5.7 Comparison between the “pseudo” N-1 criterion
and the RMAC

For each sample, the control program was applied twice, once according to the
“pseudo” N-1 criterion and once according to the RMAC. The only difference between
both criteria is the set of considered contingencies. This section studies the impact
of the RMAC or N-1 criterion on the outputs of the control and assessment blocks.
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Figure 5.16: The histogram on the top represents the difference between the risk
before control computed for an adverse weather and the risk for a normal weather
and the histogram on the bottom represents the difference in risk after control for a
normal and an adverse weather.

5.7.1 Control

Total cost

As already mentioned, the total cost is the sum of the preventive control cost, the
expected corrective control cost and the expected criticality. In the dataset, 77% of
the samples have a total cost larger with the N-1 approach than with the RMAC.

0.15% of the samples have a total cost equal to 0 in case of RMAC and none
sample have a zero cost with the N-1 approach. A cost of 0 may happen if the value
of ∆E is such that the set Cc contains only the contingency 1, corresponding to the
no outage case.

Over 4623 samples, 68 have an identical total cost with both approaches.

In Figure 5.17, the histogram of the differences between the N-1 total cost and
the RMAC control cost is represented.

Preventive control cost

The preventive control cost is greater with the N-1 criterion for 48% of the states. A
quarter of the samples have a preventive cost equal to 0 with the RMAC criterion and
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Figure 5.17: Histogram representing the difference between the total cost obtained
with the N-1 criterion and the one obtained with the RMAC.

only 14% of the samples have no preventive actions with the “pseudo” N-1 criterion.
The histogram of the differences between preventive control costs computed with
both approaches can be seen in Figure 5.18.
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Figure 5.18: Histogram of the difference between the preventive control cost obtained
with the “pseudo” N-1 criterion and the one obtained with the RMAC.

Expected corrective control cost

The expected corrective cost is equal to 0 in 66% of the samples for both criteria.
As can be seen in Figure 5.19, the impact of the criterion on the corrective cost is
weak. In 53% of the cases, the expected corrective cost is the same.
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Figure 5.19: Histograms of the difference between the expected corrective cost ob-
tained with the N-1 criterion and the one obtained with the RMAC.

Expected criticality

The distribution of the differences in expected criticality for both approaches is rep-
resented in Figure 5.20. 72% of the samples have a larger expected criticality with
the “pseudo” N-1 criterion.
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Figure 5.20: Histograms of the difference between the expected criticality obtained
with the N-1 criterion and the one obtained with the RMAC.

However the set of considered contingencies is different for both criteria. Con-
sequently, this analysis may not be meaningful. It is more interesting to compare
the risk after control considering the same set of contingencies. This is done in
Subsection 5.7.2.

63



Probability of unacceptable states

The distribution of difference in probabilities of being in an unacceptable state for
the “pseudo” N-1 criterion and the RMAC can be seen in Figure 5.21. 69% of the
samples have a larger probability to be in an unacceptable state with the “pseudo”
N-1 criterion.
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Figure 5.21: Histograms of the difference between the probability of unacceptable
states obtained with the N-1 criterion and the one obtained with the RMAC.

5.7.2 Assessment

In the comparison between the “pseudo” N-1 criterion and the RMAC, the assess-
ment part is the most interesting. Here we will analyse the impact of choosing a
fixed set of contingencies on the risk computed while considering all the contingen-
cies. Furthermore, another interesting analysis is to analyse the set of considered
contingencies Cc to observe if it is close in average to CN−1.

The analysis of the subset of contingencies considered for the RMAC allows to
determine which are the lines that are at risk. Indeed, if a line is often considered,
that means that if we do nothing to prevent the impact of an outage, the risk is
high. For some other contingencies, almost never selected, the impact of a failure is
smaller or zero and therefore it is not necessary to take actions.

Risk

The risk before control is the same for both approaches. Let’s look at the risk after
control actions. Figure 5.22 represents the difference between the risk after control
computed with the "pseudo" N-1 approach and the one after control computed with
the RMAC. It is not obvious on the graph but most samples have a difference in
risk comprised between -2000 and 4000 $. For 60% of the samples, the difference
is positive, meaning that the RMAC approach leads to a smaller risk. The average
decrease is equal to 3495.4$.
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Figure 5.22: Histogram of the difference between the risks after control using the
"pseudo" N-1 approach and the RMAC.

40% of the samples have a risk larger with RMAC than with the "pseudo" N-1
approach. The average decrease in risk is 2010.1$. In order to understand why it is
the case, let’s have a closer look at a sample chosen randomly among the ones where
the N-1 approach seems more efficient in the point of view of the risk. For this sam-
ple, the risk obtained with the N-1 approach is equal to 111.77$ while the risk after
RMAC control is 441.66$. Only 6 contingencies belong to Cc: the no outage case,
3 from CN−1 and two double outages contingencies. Cc is much smaller than CN−1

that contains 39 contingencies. If we compare the total cost of the "pseudo" N-1
approach with the one of the RMAC approach, the results are respectively 3796$
and 386.4$. In fact, only corrective actions corresponding to the adjustment of
phase-shifting transformers are used with the RMAC. Thus the cost corresponds to
the expected criticality. In contrast, preventive actions and costly corrective actions
are used with the N-1 approach. Thus the higher risk has to be opposed to a smaller
cost of control actions.

Another case to look at is the one where the difference between the N-1 risk and
the RMAC risk is the greatest in favour of the N-1 approach. For this particular
case, the risk after control is greater than before control for the RMAC. Indeed,
with the new dispatch, some contingencies with a zero criticality before control are
associated to a non-zero criticality after control. Additionally some contingencies
with a criticality different from 0 but discarded have a greater criticality after ap-
plication of control actions. This is one of the cases for which an iterative approach
would be necessary to finally have a residual risk smaller than ∆E. In this sample,
3 single outage contingencies have a criticality different from 0 after the RMAC
control and one single contingency that was discarded thanks to the threshold ∆E
has a greater associated criticality. Since all these contingencies are considered for
the "pseudo" N-1 approach, their criticality does not increase and thus the risk is
reduced compared to the risk assessed before applying control actions (the common
outage contingencies are not affected by the control action in this case).
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For many samples (1303), the difference in risk is smaller than 1$. If we compare
the control cost of both approaches for these samples, we observe that the cost is
most of the time higher with the fixed set of contingencies CN−1. This can be seen
in Figure 5.23. Concerning the preventive cost, it is most often similar. However,
when the preventive cost is not equal, it appears that it is larger with the N − 1
approach. For the corrective cost, it is also most often equal and there is no strong
tendency for the cost to be larger with the "pseudo" N-1 criterion than with the
RMAC. Finally, the expected criticality is most often greater with the N-1 criterion.

In general, one can conclude that for identical risk, choosing a fixed set of con-
tingencies independently of the current state of the network is more costly.
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Figure 5.23: Scatter plots of the costs for "pseudo" N-1 approach and RMAC. All
the samples have a difference in risk less than 1$ for both approaches. Note that
the corrective cost graph has been zoomed in in order to show most samples and
facilitate the analysis. Less than 20 samples have been discarded because of the
zoom.
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Set of contingencies Cc
In order to facilitate the analysis of the sets of considered contingencies, Figure 5.24
depicts a representation of the IEEE-RTS96 system where the numbers associated to
each transmission line, transformer and double outage are the contingency numbers.
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Figure 5.24: Representation of the modified IEEE-RTS96 system. The lines’ num-
bering indicates which line is in outage with which contingency. For example, contin-
gency 2 corresponds to the outage of the line connecting bus 1 and bus 2. Similarly,
the number linked to a common mode double outage indicates to which contingency
it corresponds.
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The first interesting analysis is to observe which contingencies are considered
more often. Figure 5.25 shows the number of occurrences of each contingency among
all the considered sets Cc.
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Figure 5.25: Number of occurrences of each contingency in all the sets Cc.

Contingency 1 (no outage case) is of course selected each time. The contingency
that is the most considered is the 28th. It corresponds to the outage of the trans-
mission line joining bus 24 and bus 15. It indicates that this connection is important
in the system.

Contingencies 22, 23 and 24 are considered in more than 69% of the samples. In
contrast, several contingencies do not seem to be considered often. Contingencies
15, 16 and 17 correspond to the outage of transformers and have a small probability
to occur (in the order of 10−6). Contingency 11 has probably a power flowing that
is small and contingencies 33 to 38 define the outage of lines that are redundant.
This may explain why these contingencies are less frequently selected.

The proportion of single outage contingencies considered in average is 26%
(10/38) and the proportion of considered double outages is 15.6% (1/7). The num-
bers of single and double outage contingencies considered per sample are represented
respectively in Figures 5.26 and 5.27. It can be observed the the complete set CN−1

is never selected. The common mode double outage contingencies are discarded in
28% of the samples.

Concerning the single outage contingencies, the distribution is bimodal. In gen-
eral, the weather has not a strong impact on the number of considered contingencies.
The distributions of the realisations of the total load and total wind power genera-
tion are also bimodal. However, as can be seen in Figure 5.28, this does not explain
the bimodal distribution of the number of considered single outage contingencies.
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Number of single outage contingencies considered
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Figure 5.26: Histogram of the number of single contingencies in Cc. The weather
status of the samples is highlighted.

Number of common mode double outage contingencies considered
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Figure 5.27: Histogram of the number of common mode double outage contingencies
in Cc. The weather status of the samples is highlighted.
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Number of single outage contingencies considered
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Figure 5.28: Histogram of the number of single contingencies in Cc. The level of net
load (total demand minus wind generation) of each sample is highlighted, depending
on its value compared to the median.

5.8 Macroscopic variables representing the preven-
tive and corrective control actions

Instead of analysing each corrective control action separately, we analyse them with
a more macroscopic point of view. Concerning the preventive actions, the preventive
ramp-up (∆P+

0,g) or ramp-down (∆P−0,g) is given for each generator. One possible
macroscopic variable is the sum of the ramps-up. In fact,

∑
g∈G

(∆P+
0,g + ∆P−0,g) = 0,

thus it is better to study either
∑
g∈G

(∆P+
0,g) or

∑
g∈G

(∆P−0,g) to assess the amount of

re-dispatch. We chose to consider the sum of the ramps-up as the preventive macro-
scopic variable. The histogram of this variable is represented in Figure 5.29.

Regarding the corrective ramps-up and ramps-down of generating units, it is
possible to create similar macroscopic variables for each contingency. For the sake
of simplicity, only one contingency will be studied. In order to choose one, we
represented the number of times corrective re-dispatch is planned per contingency.
This can be seen in Figure 5.30. It was computed by counting the number of times∑
g∈G

(∆P+
c,g) is greater than 0, where ∆P+

c,g is the corrective ramp-up of generator g for

contingency c. One can see in the figure that the contingency for which corrective
re-dispatch is planned the largest number of times is contingency 28. Therefore, this
is the contingency for which corrective re-dispatch will be studied. The histogram
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Figure 5.29: Histogram of the preventive macroscopic variable
∑
g∈G

∆P+
0,g.

of the corrective re-dispatch macroscopic variable can be seen in Figure 5.31.
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Figure 5.30: Number of times corrective re-dispatch is planned per contingency.

Finally, the phase shifts of transformers do not necessarily cancel each others.
Therefore, we do not need to sum only the positive phase shifts. The macroscopic
variable is thus the sum of the absolute value of phase shifts per contingency, i.e.∑
l∈L

|∆θc,l|. If we plot a graph representing the number of times adjustment of phase-

shifting transformers is used as a corrective action per contingency, the contingency
23 is the contingency for which this type of corrective actions is most often planned.
Thus this is the contingency for which phase shifts of transformers will be stud-
ied more in detail. The histogram of the corrective phase shifts of transformers
macroscopic variable can be seen in Figure 5.33.
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Figure 5.31: Histogram of the corrective re-dispatch macroscopic variable
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Note that adjustment of phase-shifting transformers is used more often than cor-
rective re-dispatch, which is logical since in the implementation, these actions are
considered as having no cost.

For information, the maximum value of
∑
l∈L

|∆θc,l| among all contingencies is

2.08◦ and the maximum value of
∑
g∈G

∆P+
c,g is 360MW.
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5.9 Outputs summary
This section is a summary of the outputs that will be used for the machine learning
part of this work.

The cost variables are the following:

• the total cost,

• the preventive control cost,

• the expected corrective control cost,

• the expected criticality.

The other variables computed from the control program are:

• the probability of being in an unacceptable state,

• the sum of preventive control ramps-up
∑
g∈G

∆P+
0,g,

• the sum of corrective control ramps-up
∑
g∈G

∆P+
c,g for contingency 28,

• the sum of corrective control phase shifts
∑
l∈L

|∆θc,l| for contingency 23.

As a reminder, contingencies 28 and 23 are the contingencies for which respectively
corrective control re-dispatch and setting of phase-shifting transformers are used the
largest number of times. Eventually, the last output is the risk RC, computed with
the post-assessment program.
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Chapter 6

Analysis of the relevance of input
features

The aim of this chapter is to study the strength of the impact of the different input
variables defined in the previous chapter on the control decisions and the risk com-
puted with the model developed by Karangelos et al. in [3].

In Chapter 2, some tree ensemble methods were briefly introduced. In the present
chapter, random forests and extremely randomized trees are used as a tool to rank
the features as a function of their importance. This ranking will also be used in
the next chapter to select the features that are more relevant for predictions. The
ranking objective is to understand which variables have more effect on the outputs.
On the other hand, the selection of a subset of features may avoid overfitting and
make the prediction computationally more efficient.

In the following two sections, we first present the algorithms and the methodology
used to compute the importances of the different input features in terms of their
contribution to the prediction of a certain target output variable. The core of the
chapter then reports the results we have obtained when analysing the different target
variables of interest, and discusses them from a physical point of view.

6.1 Background
This section introduces briefly how feature importances are determined with ran-
dom forests and extra-trees. The metrics used to select a model and assess its
performances are also defined.

6.1.1 Feature importances derived from random tree ensem-
bles

In this work, we exploit the so-called ‘feature importances’ that can be computed as
a by-product of training models in the form of random forest or extremely random-
ized trees. The reason is that they provide a non-parametric multivariate ranking
and assessment of the amount of information provided by each input feature in con-
junction with the other ones, without any particular assumption about linearity,
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gaussianity or independence among features.

Two measures to evaluate feature importances with tree-ensemble methods were
proposed by Breiman in [19][36]. The first one is the Mean Decrease Accuracy
(MDA) and the second one is the Mean Decrease Impurity (MDI) [37].

The MDA consists in randomly permuting the values of a feature and observe
the mean square error of the resulting trees with out-of-bag samples. If the mean
square error does not change, it means that this feature has little influence on the
prediction. On the other hand, if the MSE increases, the feature is important for
the result. This measure is also called permutation importance.

The MDI is based on the reduction of impurity performed at each split. The
decrease of an impurity measure is what is minimised at each split. For regression
trees, the variance is used. For a single tree T , the decrease in impurity is weighted by
the proportion of samples that will reach the node. This proportion is approximated
by the number of training samples reaching a particular node and thus if ∆i(st, t)
is the decrease of impurity at node t and for split st, the importance of a variable
vj is defined as:

FIT (vj) =
∑

v(st)=vj

p(t)∆i(st, t), (6.1)

where p(t) is the proportion of training samples reaching node t and v(st) is the
splitting variable at node t. For a tree-ensemble method, FIT (vj) is computed for
all trees and the results are then averaged to give :

FIforest(vj) =
1

M

∑
T

FIT (vj) =
1

M

∑
T

∑
t∈T :v(st)=vj

p(t)∆i(st, t), (6.2)

where M is the number of trees in the forest.

We refer the interested reader to reference [37], for a study of the theoretical
properties of these MDI measures.

6.1.2 Metric used for model selection and assessment

As already explained, in our study we will use both random forests and extremely
randomized trees as the core methods in order to calculate the feature importances
for different target output variables. However, these methods may lead to differ-
ent performances in terms of their capability to predict the different target output
variables, and these performances will typically also depend on the chosen values
for the meta-parameters of these methods. In order to show meaningful results it is
therefore necessary to assess the predictive accuracy of different models, and base
the analysis on those models and meta-parameter settings which are most suitable
for each target output variable.

In the context of regression, several metrics may be used to compare different
models and choose the best settings of their meta-parameters. In our study, we
decided to use the so-called R2-score.
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R2 is also called the coefficient of determination. It is computed on the basis of
a sample of size N by [38]:

R2(y, ŷ) = 1−
∑N

i=1(yi − ŷi)2∑N
i=1(yi − ȳ)2

, (6.3)

where ȳ =
1

N

N∑
i=1

yi is the mean of the true values, and ŷi denotes the model pre-

diction.

The coefficient of determination can be (loosely) interpreted as the fraction of the
variance of the target output variable that is explained by the model. The second
term in the definition can be seen as a relative mean square error and should be as
close as possible to 0. The best possible value for the R2-score is 1, and corresponds
to a model that perfectly predicts all the target output values of the sample used to
estimate its value. On the other hand, a model that would predict the constant value
ȳ (the sample mean of the output target values) would obtain an R2-score of 0. The
R2-score is a normalised measure of accuracy, which interpretation is independent
on the scaling of the target output variable.

6.2 Methodology
The first step in the determination of the feature ranking is to find the best esti-
mator and the associated parameters. Therefore, for each output, the two models
(random forest and extra trees) are tested and a 5-fold cross validation (CV) is used
to evaluate the best setting for their meta-parameters.

The procedure is the following: first of all, the dataset is divided into 2 subsets,
one containing 80% of the samples and called the learning set and the other con-
taining 20% of the samples and called the test set. The division is carried out at
random. Then, a cross-validation test is used together with the learning sample in
order to determine the best meta-parameter values for a given estimator. All the
possible combinations are tested and the chosen one is the one with the maximum
CV score. The CV score used is the R2-score. After that, in order to determine the
score of the estimator on the test set, the complete learning set is used to learn a
model with the corresponding best parameters. Finally, this model is used to predict
the values of the test set and then the predicted values are compared to the true
values to compute the R2-score. This latter score is called in the sequel the test
score to distinguish it from the CV score.

The tested values for the meta-parameters are enumerated hereafter:

• M : 500, 1000;

• K: p,
√
p, 1,

p

2
,
p

3
;

• nmin: 2, 3, 4, 10.
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Table 6.1 summarises the results obtained. It details for each output the best
meta-parameter values per estimator as well as the resulting CV and test scores.

Table 6.1: Best parameters per output for each estimator, corresponding CV score
and test score. Both are R2-score. The CV-score is computed with the learning set
(80% of the dataset) and the test score with the test set (20% of the dataset). To
determine the test score, the model is learnt with the learning set and then used to
predict the outputs of the samples from the test set. The results are then compared
to the true values.

Output Model Parameters CV score Test score
M K nmin

Total cost ET 1000 p/2 2 0.7653 0.7731
RF 1000 p/3 2 0.7271 0.7534

Preventive control cost ET 500 p 4 0.7724 0.7980
RF 1000 p/2 2 0.7916 0.7776

Expected corrective ET 500 1 2 0.2705 0.3472
control cost RF 500

√
p 2 0.2673 0.4081

Expected criticality ET 500 p/2 5 0.7443 0.7445
RF 500 p/3 3 0.7118 0.7301

Punacceptable
ET 500 p/2 3 0.7847 0.7954
RF 500 p/3 3 0.7590 0.7842

Risk after control ET 500 p/2 4 0.6807 0.6868
RF 1000 p/3 4 0.6432 0.6292

Macroscopic preventive dispatch ET 1000 p 2 0.6667 0.7140
RF 500 p/2 2 0.7001 0.7373

Macroscopic corrective dispatch ET 500 p 4 0.5950 0.5368
for contingency 28 RF 500 p/2 2 0.6520 0.5987

Macroscopic corrective PST ET 500
√
p 2 0.4156 0.4106

for contingency 23 RF 1000
√
p 2 0.4048 0.3877

As can be observed, random forests and extremely randomized trees obtain sim-
ilar results in terms of accuracy, even if the latter are slightly better in 6 out of the 9
cases. We also observe that the test scores and the cross-validation scores are close
to each other, even if in most cases the former is slightly better. It has a value of ap-
proximately 70%, except for the three variables representing the corrective actions
and cost were the performances of the model drop significantly compared to the
other outputs. The random forest estimator performs better when predicting the
expected corrective control cost, the macroscopic preventive control variable and the
macroscopic corrective re-dispatch variable. The macroscopic corrective re-dispatch
variable is better predicted than the expected corrective control cost and the macro-
scopic corrective setting of phase-shifting transformers (PST) variable. In principle,
the larger the M the better the expected performance; the fact that sometimes
M = 500 outperforms M = 1000 indicates that further increasing the value of M
would not significantly improve the scores.

In the rest of this chapter, we will consider the model (and its “optimal” meta-
parameters) shown in bold in the table to carry out the analysis of input features
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importances for each target output variable.

6.3 Feature ranking and discussion
Now that the best model along with suitable values of the meta-parameters have
been determined for each target output, it will be used to assess feature importances.
The procedure is similar as the one used to determine the best model. Namely, for
each target output variable, we first re-sample a learning set, containing 80% of the
samples, in order to build the corresponding model. The importances and the corre-
sponding ranking of the input features are derived from this model. In Scikit-learn,
the importance measure is the Mean Decrease Impurity and therefore, this is the
one used in this work. Note that the feature importances in Scikit-learn are nor-
malised, in such a way that the sum of importances of all features is 1. Finally, the
performances of the model are again tested using the remaining 20% of the dataset.
Notice that in our simulations we actually carried out the analysis for each target
output several times (with different randomly selected learning and test sets), in
order to assess whether the resulting ranking and importances were stable or not.
Although the precise values of the feature importances are indeed influenced by the
random selection of the learning sample, we did not notice any counter-intuitive
changes from one run to the other, so that in the rest of this chapter we will report
only the values for a single such split for each target output.

This section begins with a description of the feature relevance analysis for the
different terms of the objective function used in the RMAC control part, then it
continues with the risk computed at the post-assessment stage and finally it presents
the results for the three macroscopic control variables. Given the large number of
features, only the 40 most important features are shown for each output.

6.3.1 Costs computed by the RMAC control part

Total cost

First of all, the histogram of the total cost used as objective function by the control
part of the RMAC is displayed in Figure 6.1. The mean equals 10,841$ and the
standard deviation is 15,048$. It can be seen that the weather has a strong influ-
ence on the value of the total cost. Indeed, the maximum value of the total cost
for a normal weather is 8273$. Most samples with an adverse weather have a total
cost greater than this value. The mean value of the total cost for normal weather is
1470.2$ and the standard deviation equals 1028.8$. On the other hand, the mean
and standard deviation of the total cost for samples with an adverse weather are
respectively 20,666$ and 16,567$.

The feature importances of the 40 most important input features used when they
are used to predict the total cost are displayed in Figure 6.2.

It can be seen that in the 10 most important features, six are probabilities of con-
tingencies. Furthermore, except for “contingency 1” and “contingency 28”, all these
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Figure 6.1: Histogram of the total cost. The weather status of the samples are
highlighted.

contingencies are common mode double outage contingencies. The other important
features are the discarding threshold ∆E, the weather status, the market clearing
dispatch of a generator and the net load (difference between the total demand and
the total wind generation). These 10 features account for a little bit more than
50% of the feature importances. Note that market power of gen i is an unfortunate
naming for the market clearing dispatch of generator i. It has nothing to do with
the usual definition of market power.

The probability of contingency 46 is the most important feature and its his-
togram is displayed in Figure 6.3. Looking at the graph on the top, we distinguish
two bars. They indicate the weather status of the sample. The smallest probabil-
ities correspond to a normal weather and the largest to an adverse weather. If we
zoom in, we see that there are not only two possible values. Indeed, the probabil-
ity of a contingency is equal to the probability of failure of the corresponding lines
multiplied by the probability of having no failure of other lines (see Section 4.3.6).
If a line is unavailable, it modifies P (no failure) and thus P (contc). As a result,
the probabilities of contingencies contain the information that other lines are un-
available. The probability can also have a zero-value, indicating that the two lines
corresponding to the common mode double outage are both unavailable. All the
double outage contingencies have a similar histogram. If the feature importances
are computed several times with different learning and test sets (but with the same
proportion of samples in both), the top ten variables are identical but the order
might change a little bit. However, the most important variable is always a double
outage probability. This means that the information brought by a double outage
probability is, in general, important in the determination of the total cost.

As was expected when looking at Figure 6.1, the weather seems to be important
in the determination of the total cost. Indeed, this information is brought by each
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Figure 6.2: Feature importances of the 40 most important variables to predict the
total cost. The R2 score is equal to 0.764 and the cumulative feature importance of
these 40 features is 0.770.

probability of contingency and by the variable weather status.

Other important variables are the discarding threshold, the difference between
the load and the wind generation and the market clearing output of generator 14.
∆E has an impact on the set of considered contingencies and therefore it is logical
that it is an important variable. Generator 14 is on the bus 13. Figure A.1 is a
representation of the IEEE-RTS 96 system where the locations of each generating
unit, load and wind farm is indicated. The unit can produce up to 197MWh and
its re-dispatching cost is the highest, considering only the units that are on. The
bus 13 is one of the buses between the bottom of the network where more loads
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Figure 6.3: The graph at the top is the histogram of the probability of contingency
46. The two histograms at the bottom are also histograms of the probability of
contingency 46 but the one on the left displays only the values less than 4 ·10−5 and
the graph on the right displays only the values greater than 4 · 10−5.

are present and the top of the network where the large generating units dominate.
The strategic location of generator 14 and the high re-dispatching cost may explain
why the market clearing output of this generator is important. The market clearing
output per hour and the re-dispatching price are detailed in Table B.2. Figure 6.4
shows the sum over all the samples of the absolute value of the ramps-up and ramps-
down per generator. One can observe that generators 23 and 24 are the most used.
They are nuclear units with the lowest re-dispatching price and a large capacity of
production, thus it is logical. Generating units 12, 13 and 14 are all on the same
bus and are often used despite their larger cost. This is why their market clearing
outputs influence the total cost. While this reasoning seems plausible, we have not
found any explanation to understand why gen 14 is more important than gen 12,
even if the difference is small.

It is interesting to notice that the status of line 22 and the probability of con-
tingency 28 are also important features. The contingency 28 is the failure of line 22
and this line is important for the network. This line is indeed a connection between
the part of the network where most loads are located and the part when the large
generating units are. An outage of this line can have a significant impact on the
system.
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Preventive control cost

Figure 6.5 shows the histogram of the preventive control cost. The mean and the
standard deviation respectively equal 1812.5$ and 2477.1$. As for the total cost, the
weather influences the preventive control cost. Indeed, the means for a normal and
an adverse weather are respectively 392.73$ and 3291.9$. The standard deviations
are equal to 1041.9$ and 2666.5$.
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Figure 6.5: Histogram of the preventive control cost. The weather status of the
samples are highlighted.

If we study the important features for the preventive control cost (Figure 6.6),
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we see that the most important feature is the probability of contingency 24. The
other important variables are related to difference between the load and the wind
production and the market clearing outputs of some generators. Given that the pos-
sible preventive actions are the re-dispatch of the generating units, it seems logical
that they are important in the determination of the preventive control cost. ε is also
an important variable. This can be explained by the fact that for a small ε, more
preventive actions need to be taken to meet the reliability criterion (equation (3.2)).
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Figure 6.6: Feature importances of the 40 most important variables to predict the
preventive control cost. The R2 score is 0.805 and the 40 variables represent 86% of
the cumulated importance.

The variable probability of contingency 24 accounts for 35% of the sum of feature
importances. This contingency is considered in 70% of the samples. Therefore, the
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corresponding line is an important line for the system. If we remove that feature
and determine the new most important features, it can be seen in Figure 6.7 that
probability of contingency 24 is replaced by two probabilities of contingencies. The
sum of their importance is approximately 0.35. Furthermore, the test score is similar.
As a conclusion, the information contained in the variable probability of contingency
24 can be brought by a combination of two other variables. The other variables
are mostly similar but the difference between load and wind generation as well as
ε do not appear anymore. The variable line 18 status is in this case an important
variable. The contingency corresponding to the failure of this line is the contingency
24. Therefore, it can be concluded that line 18 is an important line for preventive
control. The fact that probability of contingency 24 is replaced by contingency 20
seems logical. Both corresponding lines are connected to the bus 14. Concerning
contingency 27, in Figure 6.4, it can be seen that the generating unit 24, on bus 21,
is the generating unit for which the total amount of ramping-up/down is the highest.
It is therefore an important unit for the preventive control. Line 20 (contingency 27)
is a line that connects bus 21 to the bus 15. It is one of the most direct connection
from this nuclear unit to the loaded part of the system. This can explain why the
probability of contingency 27 is important.
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Figure 6.7: Feature importances of the 40 most important variables to predict the
preventive control cost when feature probability of contingency 24 is removed. The
R2 score is 0.833 and the 40 variables represent 86% of the cumulated importance.

Expected corrective control cost

The histogram of the expected corrective control cost is represented in Figure 6.8.
The weather does not have an impact as strong as for the other outputs. The mean
value and standard deviation for a normal weather are respectively 0.0616$ and
0.09$ and for an adverse weather there are 0.1520$ and 0.6215$. There are 3034
zero-valued samples: 1344 with a normal weather and 1690 with an adverse weather.

The random forest and extra-trees algorithms do not give good results. In-
deed, the test score is equal to 41%. Nevertheless, the feature importances of the 40
most important attributes are displayed in Figure 6.9. One can notice that the most
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Figure 6.8: Histogram of the expected corrective control cost. The weather status
of the samples are highlighted. The two graphs at the bottom represents also the
histogram of the expected corrective cost but the one on the left only displays
samples smaller than or equal to 0.4 $ and the one on the right shows the samples
with a cost greater than 0.4$. There is no normal weather samples in the graph on
the right.

important variables seem to be ∆E and the realisations of load and wind generation.

The weather status does not appear in the 40 most important variables. That
was expected given the distribution of the expected corrective cost.
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Figure 6.9: Feature importances of the 40 most important variables to predict the
expected corrective control cost. TheR2 score equals 0.42 and the cumulative feature
importance of those 40 attributes is 70.87%.

Expected criticality

The histogram of the expected criticality can be seen in Figure 6.10. The mean
and standard deviations are respectively 9028.7$ and 14567$. As for the preventive
control cost, the weather has a strong impact on the value of the variable. The
mean considering only the adverse weather samples is ten times larger than the
mean considering only the normal weather samples. The standard deviation is also
much greater: 524$ for the normal weather and 17278$ for the adverse weather.

The feature importances of the expected criticality can be seen in Figure 6.11.
The results are similar to the ones of the total cost. Indeed, the most important fea-
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Figure 6.10: Histogram of the expected criticality. The weather status of the samples
are highlighted.

tures are ∆E, the weather status, the probabilities of common mode double outage
contingencies and the market power output of generator 13 or 14. These two gen-
erating units are identical and on the same bus (bus 13). It is interesting to notice
that the features related to the load have a relative importance of less than 0.02,
despite the fact that the maximum severity is proportional to a linear combination
of the loads.

The similarities between the feature importances related to the total cost and
the expected criticality indicate that a large part of the total cost is due to the
expected criticality. Indeed, in average the expected criticality constitutes 77% of
the total cost. In order to analyse the impact of the weather on the repartition
between the expected criticality and the preventive control cost, two pie charts are
represented in Figure 6.12. The chart on the left corresponds to the normal weather
samples and the chart on the right to the adverse weather samples. The average
proportion of the preventive cost in the total cost is larger for an adverse weather.
It can be explained by the fact that the probabilities of contingencies are larger and
thus relaxing a contingency or using corrective control increases the probability of
being in an unacceptable state more than if the weather was normal. Therefore, to
meet the reliability target, more preventive control must be used.

Amongst the 40 most important features, a lot of variables are probabilities of
contingencies. This is expected since the expected criticality is proportional to them.
However, the first probabilities are not contingencies that are neither considered
often or relaxed often. For instance, contingency 42 is selected 2451 times and
relaxed 1446. However, its relative importance is only 0.01. Figure 6.13 shows the
number of times each contingency is relaxed among the samples.
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Figure 6.11: Feature importances of the 40 most important variables to predict the
expected criticality. The R2 score is 0.725 and the sum of the 40 importances equals
0.7563.
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Probability of unacceptable states

The histogram of the probability of unacceptable states is represented in Figure 6.14.
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Figure 6.14: Histogram of the probability of unacceptable states. The weather status
of the samples are highlighted.

The feature importances are similar to the ones of the expected criticality. It
was expected given the relation between the two variables. Surprisingly, ε does not
appear in the list of the 40 most important variables. In fact, in Figure 5.7, it can be
seen that the reliability target constraint is not often active. Furthermore, ε is equal
to 1 in one third of the samples and in that case there is no constraint on Punacceptable.
It may explain why ε is not an important variable to determine Punacceptable.
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Figure 6.15: Feature importances of the 40 most important variables to predict the
probability of unacceptable states. The test score is equal to 0.797 and the sum of
the 40 importances is 0.7741.
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6.3.2 Risk

The histogram of the risk after control can be seen in Figure 6.16. The shape of
the distribution is similar to the one of the other output variables. The means for
respectively a normal and an adverse weather are 1031.9 and 11313$. The standard
deviations are 579.42$ and 16773$.
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Figure 6.16: Histogram of the risk RC after control. The weather status of the
samples are highlighted.

In Figure 6.17, it can be seen that the most important feature to predict the
risk after control is the discarding threshold ∆E. It accounts for almost one eighth
of the total feature importance. The probability of contingency 44 is the second
important attribute. The risk after control depends also on the difference between
the system load and the wind production. The following variables are market power
outputs and probabilities of contingencies. The weather does not appear in the list.
It is probably because control actions tend to attenuate the impact of weather on
the risk of the system.

It is interesting to notice that contingency 22 is the failure of line 16 and con-
tingency 28 is the failure of line 22. Both line status and both probabilities of
contingencies are important attributes. The lines connect the two parts of the sys-
tem and therefore are important in the determination of the risk.
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Figure 6.17: Feature importances of the 40 most important variables to predict the
risk after control actions. The sum of the 40 feature importances is equal to 0.7008
and the R2 score is 0.664.

6.3.3 Preventive control actions

The histogram of the macroscopic variable representing the preventive actions can
be seen in Figure 5.29.

The 40 most important features are displayed in Figure 6.18. The first feature
is the probability of contingency 24, as for the preventive control cost.

The results are similar to the ones of the preventive control cost. However, there
are more probabilities of contingencies and less market clearing outputs.
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Figure 6.18: Feature importances of the 40 most important variables to predict the
macroscopic preventive variable. The R2 score equals 0.732 and the sum of the 40
feature importances is 0.8840.

6.3.4 Corrective control actions

The histograms of the macroscopic variables representing the corrective actions can
be seen in Figure 5.31 for the re-dispatch and in Figure 5.33 for the adjustment of
phase-shifting transformers.

The feature importances of the corrective re-dispatch variable can be seen in
Figure 6.19. The production of the wind farm 1 on bus 3 is the most important
variable. This means that when contingency 28 occurs, the production of this wind
farm is important to determine the corrective re-dispatching. The load 3, also lo-
cated on the bus 3 is the first important load. The meta-parameters ∆E and ε
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are also important to predict the amount of re-dispatching due to contingency 28.
Contingency 28 is the most considered variables and is often relaxed. The fact that
this contingency is considered depends on ∆E and ε determines the relaxation.
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Figure 6.19: Feature importances of the 40 most important variables to predict the
macroscopic corrective re-dispatch variable (for contingency 28). The sum of the 40
feature importances is 0.8965 and the R2 score is 0.651.

The feature importances of the corrective adjustment of phase-shifting transform-
ers variable can be seen in Figure 6.20. The test score is low and, as a consequence,
the importances are more uniformly distributed. The important features are mostly
related to load and wind production. There are also some market clearing outputs.
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Figure 6.20: Feature importances of the 40 most important variables to predict the
macroscopic corrective PST variable (for contingency 23). The sum of the 40 feature
importances is 0.6181, the test score equals 0.395.
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Chapter 7

Predictive model

This chapter is dedicated to the evaluation of the performances of different machine-
learnt predictors of the target output variables described in Section 5.9.

The first section enumerates the machine learning algorithms we have used and
presents the methodology applied to assess their performances. The second section
presents the results obtained for each target variable and details some analyses
performed for the total cost target variable. In particular, the influence of each
meta-parameter on the predictors’ performances is studied, as well as the impact
of the size of the learning set. Feature selection is also tested to assess if it could
improve the accuracy of the prediction. This chapter ends with a discussion about
the obtained results.

7.1 Methodology
As in Chapter 6, the dataset is divided into two subsets: a learning set containing
80% of the samples and a test set containing the remaining 20%. The learning set
and the test set are exactly the same as the ones used to find the meta-parameters
for the random forest and extremely randomized trees estimators in the previous
chapter.

In order to determine the best estimator to predict each target output, the
following supervised learning settings are investigated:

• linear ridge regression (RR),

• kernel ridge regression with a polynomial and a gaussian radial basis function
(rbf) kernel (resp. KRR poly, KRR rbf),

• support vector regression with a linear and a gaussian radial basis function
(rbf) kernel (resp. SVR linear, SVR rbf),

• random forests (RF),

• extremely randomized trees (ET).
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A normalisation of the features is preferable in our case for the ridge and kernel
ridge regressions and the SVR models. To do so, we apply the following formula to
all features before applying these algorithms:

xsti,v =
xi,v − µv

σv
, (7.1)

where xi,v is the value of feature v for the sample i, µv is the mean value of the
feature v, considering only the learning set, and σv its standard deviation in the
learning set. Notice that these means and standard deviations computed on the
learning set are also used to normalise the test set.

It is worth noticing that the target output is also normalised in the case of the
ridge regression. It is due to the fact that the target outputs’ means are generally
far from zero while no intercept term is used in the formulation (2.9) to compen-
sate. Standardising the target outputs solves the problem. This situation was not
encountered with the other models and therefore, the target outputs are centred
only with the ridge regression.

When possible, different combinations of meta-parameters are tested using a 5-
fold cross-validation. As in chapter 6, a set of relevant combinations are tested and
the selected one is the one with the highest cross-validation score (which is an R2-
score). In order to evaluate the best method, the learning sample is used to learn
a model for each algorithm with the corresponding optimal meta-parameters. Then
these models are used to predict the outputs of the test set and the best estimator
is the one leading to the highest R2-score on the test set.

Subsection 2.2.5 discusses the different meta-parameters that need to be tuned
for each algorithm. The tested values for these meta-parameters are:

• M : 500, 1000 (for tree-ensemble methods),

• nmin : 2, 3, 4, 10 (for tree ensemble methods),

• K : p, p/2, p/3,
√
p, 1 (for tree ensemble methods),

• λ: 10−5, 10−4,...,107 (for ridge and kernel ridge regression),

• γ: 10−9, 10−8,...,104 (for polynomial and rbf kernel),

• εSV R: adapted for each target output in function of their range of values:

– for total cost, preventive control cost, expected criticality and risk: 10−2,
10−1,...,105,

– for expected corrective control cost, Punacceptable, and the macroscopic
variable representing the corrective adjustment of PST: 10−8, 10−7,...,101,

– for both macroscopic variables representing preventive and corrective re-
dispatch: 10−2, 10−1,...,104,

• C: 10−4, 10−3,...,108 (for SVR),

• degree d: 2, 3, 4, 5 (for polynomial kernels).
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7.2 Results
This section develops the results obtained for the different target outputs. The
results obtained for the total cost are developed in detail. For the other target
outputs, only the final results are presented.

7.2.1 Total cost target output

Regarding the total cost, the optimal meta-parameters for each estimator and the
corresponding scores are first presented. Then the influence of each tuning parameter
on the learning and CV scores is studied. After that, considering the large number
of features and the low relevance of some of them, the next step is to evaluate
each of these models with subsets of the feature set. We hope that it will increase
the accuracy of the prediction while decreasing the computation cost. Finally, the
influence of the size of the learning set on the score is presented.

Optimal meta-parameters

Table 7.1 presents the optimal meta-parameters for each estimator and the corre-
sponding scores. The learning and test sets used in this study are exactly the same
for all estimators. It can be seen that the best estimators are the random forest
and the extremely randomized trees. A scatter plot of the predicted values obtained
with the best estimator vs. the true values of the test set is shown in Figure 7.1.

Table 7.1: Best meta-parameters and corresponding scores for each estimator used
to predict the total cost. The learning and test sets used in this study are exactly
the same for all estimators.

Estimator Parameters Train score CV score Test score
RF M = 1000, K = p/3, nmin = 2 0.9638 0.7271 0.7534
ET M = 1000, K = p/2, nmin = 2 1 0.7653 0.7731
RR λ = 100 0.5235 0.5299 0.5361

RBF KRR λ = 0.01 γ = 10−3 0.9434 0.7185 0.7288
poly KRR λ = 10, d = 4, γ = 0.01 0.9613 0.7447 0.7462
linear SVR εSV R = 10000, C = 1000 0.5343 0.4903 0.5268
RBF SVR εSV R = 1000, C = 106, γ = 10−3 0.9434 0.7017 0.7288

To observe the impact of each meta-parameter on the score, we analysed the
evolution of the score when modifying one meta-parameter. The values of the other
meta-parameters are the optimal ones that can be found in Table 7.1. We limit the
analysis to the train scores and the cross-validation scores.
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Figure 7.1: True value of the total cost (y) against predicted value (ŷ) with the
extremely randomized trees. The samples belong to the test set.

The first meta-parameter studied isK, the maximum number of features selected
randomly at each node in the forest algorithms. It can be seen in Figure 7.2 that
the score is relatively stable for K = p,
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Figure 7.2: Impact of the meta-parameter K on the training and CV scores to
predict the total cost.

Figure 7.3 shows the impact of the number of trees M on the performances of
the model. It can be seen that from M = 100, the performances of the model do
not increase significantly.
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Figure 7.3: Impact of the meta-parameter M on the training and CV scores to
predict the total cost.

About the minimum number of samples to split a node, Figure 7.4 shows that the
CV score decreases when nmin is greater than 5. Therefore, it is possible to decrease
the complexity of the model by setting nmin = 5 while keeping an acceptable level
of performances.
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Figure 7.4: Impact of the meta-parameter nmin on the training and CV scores to
predict the total cost.

Depending on the kernel, the meta-parameter λ has a different impact on the
scores. It can be seen in Figure 7.5 that for a ridge regression, when λ is smaller
than 0.01, the CV score is negative. It is almost constant in the range 0.1-1000 and
decreases for larger λ. For the rbf and the polynomial kernel, there is a small peak
at respectively λ = 0.01 and λ = 10 and no negative scores in the range of values
studied.
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Figure 7.5: Impact of the meta-parameter λ on the training and CV scores to predict
the total cost.

If we observe the impact of εSV R on the SVR estimators, we see that it has
a negligible effect, except when it becomes too large (greater than 10−4). For all
values, the rbf SVR outperforms the linear SVR.
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Figure 7.6: Impact of the meta-parameter εSV R on the training and CV scores to
predict the total cost. The graph at the bottom is a zoom of the graph at the top.
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Figure 7.7 shows the impact of the meta-parameter C on the SVR estimators.
For C smaller than 10, the scores are negative. The rbf SVR is better than linear
SVR when C is sufficiently large.
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Figure 7.7: Impact of the meta-parameter C on the training and CV scores to predict
the total cost.

γ is a kernel characteristic. As can be seen in Figure 7.8, the impact of γ on the
performances of the different estimators concerned is great. For all estimators, the
best values are between 10−3 and 10−2.
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Figure 7.8: Impact of the meta-parameter γ on the training and CV scores to predict
the total cost.
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The impact of the degree d of the polynomial kernel can be seen in Figure 7.9.
The optimal degree is 4.
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Figure 7.9: Impact of the degree of the polynomial kernel on the training and CV
scores to predict the total cost.
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Subsets of features

In this subsection, we study the impact of selecting a subset of features for learning.
The principle is the following. First of all, the feature importances determined
in chapter 6 are used to establish a feature ranking. Then, a subset of the best
features is determined, in such a way that the cumulated importance exceeds a given
threshold, called importance threshold. The subset is used to learn the different
models with the meta-parameters determined in Table 7.1. The results for different
importance threshold are displayed in Figure 7.10.
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Figure 7.10: Results of feature selection for the target output total cost. The number
of selected features per threshold of cumulated importance are [1, 2, 2, 5, 9, 17, 29,
47, 74, 163].

It can be seen that choosing a smaller number of features does not improve sig-
nificantly the test score. However, the performances of several models are increased
with a subset of 74 features (corresponding to an importance threshold of 90%).
The extremely randomized trees model is still the best model. On can notice that
tree ensemble methods are clearly better with a smaller subset of features.

Regarding the computation cost, we compared the time needed to learn two
extremely randomized trees models. The first one is built with the feature subset
corresponding to a cumulative importance of 90% and the second one with the
complete set of features. We obtained respectively a learning time of 26.88s and
47.42s. Therefore, using feature selection with an importance threshold of 90% is
advantageous, both for efficiency and accuracy. Note that we did not notice any
significant decrease in the learning time if the 163 features corresponding to an
importance threshold of 100% were used instead of the complete set.
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Influence of the size of the learning set

The CV score and train score for different estimators and sizes of the learning set
can be seen in Figure 7.11. For all estimators, when the size increases, the CV score
increases. Thus, in order to improve the results, the size of the database should be
increased.
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Figure 7.11: Influence of the size of the learning set on training and CV scores for
the target output total cost.
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7.2.2 Preventive control cost

The optimal meta-parameters and the corresponding scores for each estimator are
presented in Table 7.2. In terms of scores, the results are similar to the one obtained
for the total cost. The forests are the best estimators with a test score of more than
75%.

Table 7.2: Best meta-parameters and corresponding scores for each estimator used
to predict the preventive control cost.

Estimator Parameters Train score CV score Test score
RF M = 1000, K = p/2, nmin = 2 0.9773 0.7916 0.7776
ET M = 500, K = p, nmin = 4 0.9988 0.7724 0.7980
RR λ = 10 0.6241 0.5882 0.5973

RBF KRR λ = 10−2 γ = 10−3 0.8846 0.7259 0.7557
poly KRR λ = 10, d = 3, γ = 0.01 0.8527 0.7315 0.7543
linear SVR C = 100, εSV R = 1000 0.5891 0.5754 0.6105
RBF SVR εSV R = 103, C = 105, γ = 10−3 0.8283 0.7107 0.7373

The scatter plot comparing the true preventive control cost and the predicted
preventive control cost can be seen in Figure 7.12. The set is the test set and the
predictive model is the extremely randomized trees.
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Figure 7.12: True value of the preventive control cost (y) against predicted value
(ŷ) with the extremely randomized trees. Test score: 0.7980.
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7.2.3 Expected corrective control cost

Table 7.3 presents the optimal tuning parameters and the corresponding scores for
each estimator. This target output is not well predicted. Nevertheless, the best
model is the random forest one and a scatter plot opposing the true expected cost
to the predicted one for the test set is shown in Figure 7.13. The graph of the left is
identical to the graph on the right, only the axis limits change to show how smaller
values of the expected corrective cost are predicted.

Table 7.3: Best meta-parameters and corresponding scores for each estimator used
to predict the expected corrective control cost.

Estimator Parameters Train score CV score Test score
RF M = 500, K = 1, nmin = 2 0.8295 0.2673 0.4081
ET M = 500, K =

√
p, nmin = 2 1.0000 0.2405 0.3472

RR λ = 1000 0.0987 0.0337 0.0522
RBF KRR λ = 10−5 γ = 0.1 1.0000 0.2153 0.2672
poly KRR λ = 1000, d = 5, γ = 0.01 0.3858 0.0998 0.1649
linear SVR C = 0.001, εSV R = 0.1 0.0066 0.0071 0.0055
RBF SVR εSV R = 10−7, C = 100, γ = 0.1 1.0000 0.2425 0.2905
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Figure 7.13: True value of the expected corrective control cost (y) against predicted
value (ŷ) with the random forest model. Test score: 0.4081.
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7.2.4 Expected criticality

The scores for each estimator with the optimal meta-parameters are shown in Table
7.4. Figure 7.14 is a scatter plot opposing the predicted value of the expected
criticality with the extremely randomized trees estimator to the true value. The
samples come from the test set.

Table 7.4: Best meta-parameters and corresponding scores for each estimator used
to predict the expected criticality.

Estimator Parameters Train score CV score Test score
RF M = 500, K = p/3, nmin = 3 0.9620 0.7118 0.7301
ET M = 500, K = p/2, nmin = 5 0.9520 0.7443 0.7445
RR λ = 100 0.5202 0.4596 0.4663

RBF KRR λ = 0.01, γ = 0.001 0.9375 0.6876 0.6990
poly KRR λ = 10, d = 4, γ = 0.01 0.9571 0.7164 0.7136
linear SVR εSV R = 10000, C = 1000 0.4559 0.4111 0.4326
RBF SVR εSV R = 1000, C = 106, γ = 10−3 0.9311 0.6679 0.6716
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Figure 7.14: True value of the expected criticality (y) against predicted value (ŷ)
with the extremely randomized trees. Test score: 0.7445.

111



7.2.5 Probability of unacceptable states

As can be seen in Table 7.5, the best estimator is the extremely randomized trees
but it does not outperform significantly the random forest estimator. A scatter
plot showing the values of probability of unacceptable states in the test set and the
corresponding predicted probabilities with the best estimator is shown in Figure
7.15.

Table 7.5: Best meta-parameters and corresponding scores for each estimator used
to predict the probability of unacceptable states.

Estimator Parameters Train score CV score Test score
RF M = 500, K = p/3, nmin = 3 0.9623 0.7590 0.7842
ET M = 500, K = p/2, nmin = 3 0.9963 0.7847 0.7954
RR λ = 100 0.5258 0.4753 0.4861

RBF KRR λ = 0.01, γ = 0.001 0.9369 0.7332 0.7531
poly KRR λ = 10, d = 4, γ = 0.01 0.9558 0.7587 0.7647
linear SVR εSV R = 0.001, C = 0.001 0.4559 0.4336 0.4326
RBF SVR εSV R = 10−5, C = 0.1, γ = 0.001 0.9208 0.7112 0.7306
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Figure 7.15: True value of the probability of unacceptable states (y) against pre-
dicted value (ŷ) with the extremely randomized trees. Test score:0.7954.
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7.2.6 Risk after control

Table 7.6 includes the scores obtained for each estimator with the optimal tuning
parameters. The best estimator is again a tree-based ensemble method: the ex-
tremely randomized trees. A scatter plot of the predicted values of the risk with
this estimator compared to the true values can be seen in Figure 7.16.

Table 7.6: Best meta-parameters and corresponding scores for each estimator used
to predict risk RC after control.

Estimator Parameters Train score CV score Test score
RF M = 1000, K = p/3, nmin = 4 0.9460 0.6432 0.6292
ET M = 500, K = p/2, nmin = 4 0.9965 0.6807 0.6868
RR λ = 100 0.4878 0.4164 0.4014

RBF KRR λ = 0.01, γ = 0.001 0.9070 0.6095 0.5884
poly KRR λ = 10, d = 4, γ = 0.01 0.9311 0.6277 0.6059
linear SVR εSV R = 10000, C = 100 0.4292 0.3840 0.3978
RBF SVR εSV R = 1000, C = 106, γ = 0.001 0.8873 0.5823 0.5609
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Figure 7.16: True value of the probability of the risk RC after control (y) against
predicted value (ŷ) with the extremely randomized trees. Test score: 0.6868. The
graph on the right is the same as the one on the left, except for the axis limits.
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7.2.7 Macroscopic preventive dispatch variable

Table 7.7 contains the optimal meta-parameters for each estimator as well as the
corresponding train, CV and test scores. The random forest regressor is the best
model. In that case, the tree-based ensemble methods clearly outperform the other
estimators. In Figure 7.17, one can observe the predicted values of the macroscopic
preventive variables opposed to the true values from the test set.

Table 7.7: Best meta-parameters and corresponding scores for each estimator used
to predict the macroscopic preventive variable.

Estimator Parameters Train score CV score Test score
RF M = 500, K = p/2, nmin = 2 0.9610 0.7001 0.7373
ET M = 1000, K = p, nmin = 2 0.9999 0.6667 0.7140
RR λ = 100 0.4900 0.4533 0.4695

RBF KRR λ = 0.01, γ = 0.001 0.7907 0.5719 0.5918
poly KRR λ = 10, d = 3, γ = 0.01 0.7464 0.5785 0.5902
linear SVR εSV R = 10, C = 100 0.4766 0.4326 0.4379
RBF SVR εSV R = 10, C = 100, γ = 0.01 0.7361 0.5233 0.5451
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Figure 7.17: True value of the probability of the macroscopic preventive dispatch
variable (y) against predicted value (ŷ) with the random forest model. Test score:
0.7373.
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7.2.8 Macroscopic corrective dispatch variable

Table 7.8 presents the optimal tuning parameters and the scores of each estimator.
Tree-based ensemble methods are the best estimators and in particular the extremely
randomized trees. In Figure 7.18, a scatter plot comparing the predicted values of
the macroscopic corrective dispatch variable for contingency 28 to the true values
can be seen. The samples are from the test set and are predicted with the extremely
randomized trees model.

Table 7.8: Best meta-parameters and corresponding scores for each estimator used
to predict the macroscopic corrective dispatch variable.

Estimator Parameters Train score CV score Test score
RF M = 500, K = p/2, nmin = 2 0.9541 0.6520 0.5987
ET M = 500, K = p, nmin = 4 0.9946 0.5950 0.5368
RR λ = 100 0.3258 0.2896 0.2882

RBF KRR λ = 0.1, γ = 0.01 0.7884 0.4602 0.4351
poly KRR λ = 100, d = 5, γ = 0.01 0.5941 0.4347 0.4437
linear SVR εSV R = 10, C = 100 0.1278 0.1289 0.1452
RBF SVR εSV R = 10, C = 100, γ = 0.01 0.6210 0.4221 0.4318
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Figure 7.18: True value of the probability of the macroscopic preventive dispatch
variable (y) against predicted value (ŷ) with the extremely randomized trees. Test
score: 0.5987.
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7.2.9 Macroscopic corrective PST variable

Finally, Table 7.9 summarises the results obtained for the macroscopic variable rep-
resenting the corrective adjustment of PST for contingency 23. As for the expected
corrective control cost, this variable is difficult to predict. The best estimator is
the extremely randomized trees model and a scatter plot of the true values vs. the
predicted values of the test set is shown in Figure 7.19.

Table 7.9: Best meta-parameters and corresponding scores for each estimator used
to predict the macroscopic corrective PST variable.

Estimator Parameters Train score CV score Test score
RF M = 1000, K = sqrtp, nmin = 2 0.9196 0.4048 0.3877
ET M = 500, K =

√
p, nmin = 2 1.0000 0.4156 0.4106

RR λ = 100 0.2753 0.2204 0.2212
RBF KRR λ = 1, γ = 0.01 0.6540 0.3417 0.3458
poly KRR λ = 100, d = 4, γ = 0.01 0.6101 0.3353 0.3357
linear SVR εSV R = 0.01, C = 0.1 0.1550 0.1457 0.1350
RBF SVR εSV R = 0.01, C = 0.1, γ = 0.01 0.5399 0.3290 0.3180
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Figure 7.19: True value of the probability of the macroscopic preventive dispatch
variable (y) against predicted value (ŷ) with the extremely randomized trees. Test
score:0.4106.
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7.3 Discussion
From the previous section, several conclusions can be drawn. First of all, tree en-
semble methods outperform the other methods tested and most of the time, the best
estimator is the extremely randomized trees model. Furthermore, linear models lead
to the worst results for all the target variables. Ridge regression often outperforms
SVR for similar kernels. For the target outputs with a test score greater than 70%,
the kernel ridge regression with a polynomial kernel is often the best alternative to
the forest algorithms.

The maximum R2 score was obtained for the preventive control cost and was
0.7980. From the different scatter plots, one can observe that most samples are
not correctly predicted. However, the cloud of points seem to follow the “ ŷ = y”
line. Three target variables in particular are not well predicted with any considered
estimator. These three variables are related to the corrective control actions. The
macroscopic variable accounting for the corrective re-dispatch has a slightly better
score than the two others.

From the analysis of the tuning meta-parameters realised for the total cost, it
can be concluded that a number of trees greater than 100 does not improve signif-
icantly the score. Furthermore, the minimum number of samples to split a node
(nmin) could also be increased until 5 without losing accuracy. All of this could
reduce the complexity of the model without notably modifying the performances of
the estimator.

Figure 7.10 indicates that feature selection does not improve significantly the
score for the total cost. However, it is possible that the tuning parameters are not
optimal for the subsets of features. In a second approach, it could be interesting to
verify if the scores of the rbf and polynomial kernel methods do not improve with
other values of meta-parameters.

Finally, the performances of all the models increase when the size of the learning
set rises (Fig 7.11). Therefore, in order to improve the accuracy of the prediction,
more samples should be generated.
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Chapter 8

Conclusions and future work

In this master’s thesis, we have studied the probabilistic reliability criterion devel-
oped for real-time operation in the framework of the GARPUR project, from the
viewpoint of day-ahead operation planning.

With the statistical analysis performed in Chapter 5, we compared a variant
of the currently used deterministic criterion (“pseudo” N-1 criterion) to the RMAC
proposed by GARPUR. Two observations can be drawn. First of all, for an equiv-
alent risk after control (representing the reliability level), the total cost is higher
when using the “pseudo” N-1 criterion. Indeed, both preventive control cost and
expected criticality are larger with the “pseudo” N-1 criterion. Thus, adapting the
set of covered contingencies to the state of the system, as implied by the GARPUR
RMAC, results in a more economical solution for an equivalent risk. Secondly, when
looking at the set of covered contingencies by the RMAC, it was noticed that not all
single contingencies were selected at the same time. Moreover, at least one common
mode double outage contingency was considered in 72% of the cases. This tends
to show that the deterministic set CN−1 can be overly conservative or insufficient.
Finally, the analysis of the number of times a contingency is selected emphasises the
importance of some transmission lines, in particular the ones connecting the area
where most of the load is present to the one containing the large generating units.

In Chapter 6, an analysis of the relevance of some features was performed. It
highlights the importance of probabilities of contingencies in the determination of
the different target variables. Other relevant variables are the discarding threshold
∆E and the net load. The weather is also essential for the prediction of most tar-
get output variables. This was confirmed by the statistical analysis. The weather
information is also present in the probabilities of contingencies, emphasising even
more the impact of the weather status on the results of the decision-making program.

Finally, in Chapter 7, we studied the predictive power of different estimators
for this application and concluded that extremely randomized trees are for most
outputs of the decision-making program the best algorithm in terms of accuracy.
The best test scores (R2 scores) reach 80%, meaning that we manage to explain in
the best case only 80% of the variance of the target variable. Another remark is
that linear models are not convenient for this application. However, kernel ridge
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regression with a polynomial or a gaussian kernel had results close to the tree-based
ensemble methods.

We must keep in mind that the stated conclusions depend on the assumptions
made throughout this report. One possible future work is to modify some of these
assumptions and verify if the conclusion are still valid. For instance, it would be
relevant to use a criterion similar to the deterministic N-1 approach currently used
by the European TSOs, instead of the “pseudo” N-1 criterion to compare with the
proposed RMAC.

Other possible improvements would be to integrate an iterative approach in the
decision-making program in order to guarantee that the discarding principle is met
with the optimal control decisions, or to modify the value of lost load as a function
of the weather to be closer to what happens in practice. Regarding all the infeasible
cases, instead of setting ε to 1, we could increase the value of ∆E such that the
problem is feasible and the new discarding threshold is ∆E + λ and consider as an
output of the problem the increment λ.

Currently the same physical approximations are used both in the optimisation
program (the control part) and the simulation program (pre- and post-assessment
parts). Although the assumptions are necessary to simplify and speed up the opti-
misation problem, it would be interesting to design the assessment program with less
restrictive hypotheses (for example, by considering an AC power flow instead of a DC
one) in order to verify that the hypotheses made in the control part are indeed valid.

The predictive performances of the different estimators have been studied for
several reasons. First of all, the decision-making program is slow and therefore
using machine learning to predict the preventive and corrective control decisions
and/or the resulting optimal objective function values could considerably speed-up
the look-ahead reliability assessment process. It would allow to generate thousands
of plausible trajectories in a look-ahead mode with Monte-Carlo simulations and
then verify with proxies the control cost and the risk after control for all these tra-
jectories.

In a second step, these proxies could be imported towards other time-horizons
decision-making programs in order to take into account how operation is performed
in real-time. For instance, in the context of day-ahead operation planning, proxies of
real-time reliability management would allow to take into consideration the impact
of day-ahead decisions on the real-time operations. For this objective in particular,
tree-ensemble methods are not ideal and would require more research to include
them in optimisation problems. Therefore, given that for the target outputs that
are better predicted, the polynomial KRR models give results close to the tree-based
ensemble methods, it would be interesting to develop this model in particular and
try to improve the performances, either by increasing the size of the learning set or
by refining the tuning of the meta-parameters.
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Appendix A

Data for the IEEE-RTS96 network

This chapter contains the data used in the control and assessment programs. The
first section contains a representation of the IEEE-RTS 96 system [26]. The second
section provides the data for the generating units while the third and fourth sections
includes the day-ahead forecast values of respectively load and wind production.

A.1 IEEE-network
First of all, the IEEE network is represented in Figure A.1. The lines, loads, wind
farms and generating units’ numbering is indicated in the figure.

A.2 Generating units data
Table A.1 gives information about the generating units of the IEEE-RTS96 system,
such as the maximum and minimum production when the unit is up, the ramping
rate and the unit type. These data come from [26].

A.3 Load
In order to study the impact of prediction errors both for the load and wind genera-
tion, all the states are generated according to the predictions for one day. This day
is the Tuesday of the 50th week. It is a winter day with a high averaged demand.
Table A.2 and A.3 give the predicted load per hour for respectively the 9th first
buses and the 8th last bus loads.

A.4 Wind power
In order to have a system with wind farms, the IEEE-RTS96 system is modified.
[27] advices to add 6 wind farms with a maximum capacity of 200MW. The location
of these power plants can be seen in Figure 3.2.

The day-ahead data for wind power output come from [28] that generated 100
scenarios for the 15 regions of Denmark. The data was used in [39][40]. For this

121



Bus 18 Bus 21
Bus 22

Bus 17

Bus 16

Bus 23

Bus 20
Bus 19

Bus 15

Bus 14

Bus 13

Bus 24 Bus 11 Bus 12

Bus 3 Bus 9 Bus 10

Bus 6

Bus 8

Bus 5

Bus 4

Bus 1 Bus 2 Bus 7

33

26

27

28

25

23

31

3229

30

24

19 18

20
21

22

16
17

13

14

15

2

3

1

9

6

7

5

10

12

11

8

4

t1 t2 t4 t3 t5

Legend:

generating 
units

bus load transformer cable wind farm
  (200MW)

192MW 192MW 300MW

591MW

215MW

synch. 
cond.

155MW

400MW 400MW
300MW

660MW

1 nuclear unit
400MW

6 hydro units
(50MW)

1 coal/steam unit
(155 MW)

3 coal/steam units 
(two 155MW, one 

350MW) 

1 coal/steam unit (155 MW)
5 oil/steam units(12MW)

3 oil/steam 
units (197MW)

3 oil/steam 
units (100MW)

2 oil/CT units (20MW)
2 coal/steam units
(76MW)

2 oil/CT units (20MW)
2 coal/steam units (76MW)

1 nuclear unit
400MW

common 
outage

1

2

3

4

5

6

1 2

3

4

5

6

7 8

109

1

13
12

14
16 17

15

1 - 4 

4 - 8 

9 - 11 

12 - 14 

15 

16 - 21 

22 

23 24 25 - 30 

31 - 33 

Figure A.1: IEEE RTS-96 network. The lines’ numbering is indicated in black, the
loads’ in blue, the wind farms’ in green and the generating units’ in red.
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Table A.1: Data for each generating unit of the IEEE-RTS96 system.

G Name Unit type Bus ID Pmin
(MW)

Pmax
(MW)

Ramping rate
(MW/min)

1 U20 Oil/CT 1 16 20 3
2 U20 Oil/CT 1 16 20 3
3 U76 Coal/Steam 1 15.2 76 2
4 U76 Coal/Steam 1 15.2 76 2
5 U20 Oil/CT 2 16 20 3
6 U20 Oil/CT 2 16 20 3
7 U76 Coal/Steam 2 15.2 76 2
8 U76 Coal/Steam 2 15.2 76 2
9 U100 Oil/Steam 7 25 100 7
10 U100 Oil/Steam 7 25 100 7
11 U100 Oil/Steam 7 25 100 7
12 U197 Oil/Steam 13 69 197 3
13 U197 Oil/Steam 13 69 197 3
14 U197 Oil/Steam 13 69 197 3
15 SynCond 14 0 0 0
16 U12 Oil/Steam 15 2.4 12 1
17 U12 Oil/Steam 15 2.4 12 1
18 U12 Oil/Steam 15 2.4 12 1
19 U12 Oil/Steam 15 2.4 12 1
20 U12 Oil/Steam 15 2.4 12 1
21 U155 Coal/Steam 15 54.3 155 3
22 U155 Coal/Steam 16 54.3 155 3
23 U400 Nuclear 18 100 400 20
24 U400 Nuclear 21 100 400 20
25 U50 Hydro 22 10 50 50
26 U50 Hydro 22 10 50 50
27 U50 Hydro 22 10 50 50
28 U50 Hydro 22 10 50 50
29 U50 Hydro 22 10 50 50
30 U50 Hydro 22 10 50 50
31 U155 Coal/Steam 23 54.3 155 3
32 U155 Coal/Steam 23 54.3 155 3
33 U350 Coal/Steam 23 140 350 4

work, the data corresponds to the fourth scenario from hour 12 to hour 35. The
power output of the wind farms corresponds respectively to the power output of
regions 2 to 7.
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Table A.2: Forecast load per hour for the 9th first load buses on the 50th Tuesday
of the year (winter). The data comes from [26].

Hour 1 2 3 4 5 6 7 8 9
1 74.09 66.29 122.83 50.69 48.74 93.59 85.79 116.98 118.93
2 69.67 62.33 115.50 47.67 45.83 88.00 80.67 110.00 111.83
3 66.35 59.36 110.00 45.40 43.65 83.81 76.82 104.76 106.51
4 65.24 58.37 108.16 44.64 42.92 82.41 75.54 103.01 104.73
5 65.24 58.37 108.16 44.64 42.92 82.41 75.54 103.01 104.73
6 66.35 59.36 110.00 45.40 43.65 83.81 76.82 104.76 106.51
7 81.83 73.22 135.66 55.99 53.84 103.36 94.75 129.20 131.36
8 95.10 85.09 157.66 65.07 62.56 120.12 110.11 150.16 152.66
9 105.05 93.99 174.16 71.88 69.11 132.70 121.64 165.87 168.63
10 106.16 94.98 176.00 72.63 69.84 134.09 122.92 167.62 170.41
11 106.16 94.98 176.00 72.63 69.84 134.09 122.92 167.62 170.41
12 105.05 93.99 174.16 71.88 69.11 132.70 121.64 165.87 168.63
13 105.05 93.99 174.16 71.88 69.11 132.70 121.64 165.87 168.63
14 105.05 93.99 174.16 71.88 69.11 132.70 121.64 165.87 168.63
15 102.84 92.01 170.50 70.36 67.66 129.90 119.08 162.38 165.08
16 103.95 93.00 172.33 71.12 68.38 131.30 120.36 164.12 166.86
17 109.47 97.95 181.50 74.90 72.02 138.28 126.76 172.85 175.73
18 110.58 98.94 183.33 75.66 72.75 139.68 128.04 174.60 177.51
19 110.58 98.94 183.33 75.66 72.75 139.68 128.04 174.60 177.51
20 106.16 94.98 176.00 72.63 69.84 134.09 122.92 167.62 170.41
21 100.63 90.04 166.83 68.85 66.20 127.11 116.52 158.89 161.53
22 91.78 82.12 152.16 62.80 60.38 115.93 106.27 144.92 147.33
23 80.72 72.23 133.83 55.23 53.11 101.97 93.47 127.46 129.58
24 69.67 62.33 115.50 47.67 45.83 88.00 80.67 110.00 111.83
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Table A.3: Forecast load per hour for the 8th last load buses on the 50th Tuesday of
the year (winter). The data comes from [26].

Hour 10 11 12 13 14 15 16 17
1 132.58 181.32 132.58 216.42 68.24 228.11 124.78 87.74
2 124.66 170.50 124.66 203.50 64.17 214.50 117.33 82.50
3 118.73 162.38 118.73 193.81 61.11 204.28 111.74 78.57
4 116.75 159.67 116.75 190.58 60.09 200.88 109.88 77.26
5 116.75 159.67 116.75 190.58 60.09 200.88 109.88 77.26
6 118.73 162.38 118.73 193.81 61.11 204.28 111.74 78.57
7 146.43 200.27 146.43 239.03 75.37 251.95 137.82 96.90
8 170.18 232.74 170.18 277.79 87.59 292.80 160.17 112.62
9 187.99 257.10 187.99 306.86 96.76 323.45 176.93 124.40
10 189.96 259.80 189.96 310.09 97.78 326.85 178.79 125.71
11 189.96 259.80 189.96 310.09 97.78 326.85 178.79 125.71
12 187.99 257.10 187.99 306.86 96.76 323.45 176.93 124.40
13 187.99 257.10 187.99 306.86 96.76 323.45 176.93 124.40
14 187.99 257.10 187.99 306.86 96.76 323.45 176.93 124.40
15 184.03 251.69 184.03 300.40 94.72 316.64 173.20 121.78
16 186.01 254.39 186.01 303.63 95.74 320.04 175.07 123.09
17 195.90 267.92 195.90 319.78 100.83 337.07 184.38 129.64
18 197.88 270.63 197.88 323.01 101.85 340.47 186.24 130.95
19 197.88 270.63 197.88 323.01 101.85 340.47 186.24 130.95
20 189.96 259.80 189.96 310.09 97.78 326.85 178.79 125.71
21 180.07 246.27 180.07 293.94 92.68 309.83 169.48 119.16
22 164.24 224.62 164.24 268.10 84.54 282.59 154.58 108.69
23 144.45 197.56 144.45 235.80 74.35 248.54 135.96 95.59
24 124.66 170.50 124.66 203.50 64.17 214.50 117.33 82.50
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Table A.4: Forecast wind power per hour on the 50th Tuesday of the year (winter).
XXXXXXXXXXXXHour

Wind farm 1 2 3 4 5 6

1 151.52 142.56 117.33 132.22 134.96 109.07
2 150.87 149.16 103.83 129.05 129.31 84.505
3 155.51 153.07 96.596 136.91 138.2 104.21
4 176.97 163.9 101.78 147.6 150.87 115.64
5 158.18 167.56 97.149 155.09 161.79 119.26
6 164.23 158.88 105.93 146.22 149.12 106.84
7 161.29 151.36 96.221 145.51 147.62 110.46
8 156.65 154.2 112.01 150.42 154.83 140.15
9 155.47 152.9 123.85 155.15 158.92 149.37
10 149.18 155.16 140.79 144.96 156.84 155.31
11 150.2 161.4 144.81 147.68 146.74 154.85
12 147.27 160.23 139.4 139.74 134.43 136.93
13 136.73 154.01 124.26 131.82 117.86 122.37
14 104.59 132.58 94.677 115.74 100.36 117.07
15 59.13 75.826 71.724 92.459 72.583 101.4
16 23.055 32.629 38.868 59.43 42.602 65.554
17 9.2203 16.098 20.975 57.519 23.298 52.108
18 11.608 6.6926 5.3617 44.342 12.52 31.178
19 11.389 22.09 6.7552 68.326 20.512 34.834
20 19.344 7.7529 5.8236 74.911 25.246 33.576
21 38.189 36.299 5.9281 55.177 24.064 26.883
22 47.956 36.151 35.641 40.953 44.531 45.461
23 46.935 28.948 14.972 39.654 26.077 43.484
24 46.429 31.755 20.77 34.747 24.212 35.305
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Appendix B

Market clearing results

This chapter describes the results of the market clearing dispatch. Concerning the
day-ahead unit commitment, Table B.1 represents the status of the generating units
at the beginning of the day. They were chosen arbitrarily. It is considered, for the
sake of simplicity, that the start-up and shut-down times are null.

Tables B.2 and B.3 summarises the results of the market clearing step and indi-
cates for each unit the re-dispatching cost in $/MWh.

127



Table B.1: Initial status of each generating unit at the beginning of the 50th Tuesday
of the year.

Generating unit Maximum capacity Unit type Initial status
1 U20 Oil/CT down
2 U20 Oil/CT down
3 U76 Coal/Steam down
4 U76 Coal/Steam down
5 U20 Oil/CT down
6 U20 Oil/CT down
7 U76 Coal/Steam down
8 U76 Coal/Steam down
9 U100 Oil/Steam down
10 U100 Oil/Steam down
11 U100 Oil/Steam down
12 U197 Oil/Steam down
13 U197 Oil/Steam down
14 U197 Oil/Steam down
15 0 SynCond up
16 U12 Oil/Steam down
17 U12 Oil/Steam down
18 U12 Oil/Steam down
19 U12 Oil/Steam down
20 U12 Oil/Steam down
21 U155 Coal/Steam down
22 U155 Coal/Steam down
23 U400 Nuclear up
24 U400 Nuclear up
25 U50 Hydro up
26 U50 Hydro up
27 U50 Hydro up
28 U50 Hydro up
29 U50 Hydro up
30 U50 Hydro up
31 U155 Coal/Steam down
32 U155 Coal/Steam down
33 U350 Coal/Steam up
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Table B.2: Market clearing output per hour and re-dispatching price for generating units 1 to 16. The re-dispatching is in $/MWh.
The results are rounded to the second decimal for readability.

PPPPPPPPPHour
Gen. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

1 0 0 0 0 0 0 38 41.43 0 0 0 0 0 0 0 0
2 0 0 0 0 0 0 15.2 15.2 0 0 0 0 0 0 0 0
3 0 0 0 0 0 0 15.2 15.2 0 0 0 0 0 0 0 0
4 0 0 0 0 0 0 15.2 15.2 0 0 0 0 0 0 0 0
5 0 0 0 0 0 0 15.2 15.2 0 0 0 0 0 0 0 0
6 0 0 0 0 0 0 15.2 15.2 0 0 0 0 0 0 0 0
7 0 0 66.10 60.8 0 0 55.2 55.2 0 0 0 0 0 0 0 0
8 0 0 76 76 0 0 76 76 0 25 37.45 69 0 0 0 0
9 0 0 76 76 0 0 76 76 0 25 39.79 69 69 69 0 0
10 0 0 76 76 0 0 76 76 0 37.13 25 69 69 69 0 0
11 0 0 76 76 0 0 76 76 0 25 26.70 69 69 69 0 0
12 0 0 76 64.6 0 0 76 76 0 25 25 69 69 69 0 0
13 0 0 76 76 0 0 76 76 0 25 36.82 69 69 69 0 0
14 0 0 76 76 0 0 76 76 0 50 50 69 87.94 69 0 0
15 0 0 76 76 0 0 76 76 0 50 50 118.2 71.96 84.40 0 0
16 0 0 76 76 0 0 76 76 0 50 50 118.2 131.97 118.2 0 0
17 0 0 76 76 0 0 76 76 0 67.9915 50 157.6 157.6 157.6 0 0
18 16 0 76 76 16 16 76 76 0 50 67.13 157.6 157.6 157.6 0 0
19 0 0 76 76 0 0 76 76 0 80 63.42 157.6 157.6 157.6 0 0
20 0 0 76 76 0 0 76 76 0 50 50 149.76 157.6 157.6 0 0
21 0 0 76 76 0 0 76 76 0 50 50 118.2 113.00 118.2 0 0
22 0 0 76 76 0 0 76 76 0 50 28.76 69 69 69 0 0
23 0 0 38 38 0 0 59.21 38 0 25 25 69 69 69 0 0
24 0 0 15.2 15.2 0 0 15.2 15.2 0 25 25 69 69 69 0 0

Re-dispatching 58.91 58.91 21.48 21.48 58.91 58.91 21.48 21.48 33.47 33.47 33.47 33.41 33.41 33.41 0 42.10price
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Table B.3: Market clearing output per hour and re-dispatching price for generating units 17 to 33. The re-dispatching price is in
$/MWh. The results are rounded to the second decimal for readability.

PPPPPPPPPHour
Gen. 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33

1 0 0 0 0 0 0 320 322.61 50 50 50 50 50 50 0 0 140
2 0 0 0 0 0 0 296.17 320 50 50 50 50 50 50 0 0 140
3 0 0 0 0 0 0 200 291.09 50 50 50 50 50 50 0 0 140
4 0 0 0 0 0 0 189.74 200 50 50 50 50 50 50 0 0 140
5 0 0 0 0 0 0 200 187.48 50 50 50 50 50 50 0 0 140
6 0 0 0 0 0 0 244.38 200 50 50 50 50 50 50 0 0 140
7 0 0 0 0 0 0 320 343.64 50 50 50 50 50 50 0 0 140
8 0 0 0 0 0 0 358.88 400 50 50 50 50 50 50 0 0 140
9 0 0 0 0 0 0 398.75 400 50 50 50 50 50 50 54.3 0 140
10 0 0 0 0 0 0 400 400 50 50 50 50 50 50 78.23 0 140
11 0 0 0 0 0 0 400 400 50 50 50 50 50 50 85.22 0 140
12 0 0 0 0 0 0 400 400 50 50 50 50 50 50 54.3 62.60 140
13 0 0 0 0 0 0 400 400 50 50 50 50 50 50 71.63 93 140
14 0 0 0 0 54.3 0 400 400 50 50 50 50 50 50 93 82.24 140
15 0 0 0 0 54.3 0 400 400 50 50 50 50 50 50 93 93 214.31
16 0 0 0 0 93 0 400 400 50 50 50 50 50 50 124 124 259.90
17 0 0 0 0 93 54.3 400 400 50 50 50 50 50 50 124.59 155 280
18 0 0 0 0 112.07 54.3 400 400 50 50 50 50 50 50 155 155 280
19 0 0 0 0 93 54.3 400 400 50 50 50 50 50 50 143.58 155 280
20 0 0 0 0 93 54.3 400 400 50 50 50 50 50 50 124 124 262.69
21 0 0 0 0 78.36 54.3 400 400 50 50 50 50 50 50 124 124 227.5
22 0 0 0 0 54.3 54.3 400 400 50 50 50 50 50 50 93 93 180.25
23 0 0 0 0 54.3 54.3 400 400 50 50 50 50 50 50 54.3 91.19 140
24 0 0 0 0 54.3 54.3 345.08 320 50 50 50 50 50 50 54.3 54.3 140

Re-dispatching 42.10 42.10 42.10 42.10 16.98 16.98 8.82 8.82 0 0 0 0 0 0 16.98 16.98 17.57price
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Appendix C

Monte-Carlo simulations

This chapter contains some information about the Monte-Carlo simulations. In
particular, the first section presents the probability of unavailability of transmission
lines for a normal and an adverse normal and section 2 includes a pseudo-code
describing the input data generation.

C.1 Probability of unavailability of transmission lines

The transmission lines outage probabilities for different values of t can be observed
in Table C.1 for a normal weather and in Table C.2 for an adverse weather.

C.2 Pseudo-code for the Monte-Carlo simulations
The pseudo-code used to generate the different states of the system can be found in
Algorithms 1 and 2. Note that all the samples are independent from each others.
There are the same number of samples with a normal weather as with an adverse
weather and the 24 hours are uniformly distributed in the dataset.
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Table C.1: Number of outages per hour and probability of unavailability for t = 12,
24 and 36h per transmission line for a normal weather.

Line Outages per hour Poutage(t = 12h) Poutage(t = 24h) Poutage(t = 36h)

1 2.74 10−5 3.29 10−4 6.57 10−4 9.86 10−4

2 5.82 10−5 6.98 10−4 1.40 10−4 2.09 10−3

3 3.77 10−5 4.52 10−4 9.04 10−4 1.36 10−3

4 4.45 10−5 5.34 10−4 1.07 10−3 1.60 10−3

5 5.48 10−5 6.57 10−4 1.31 10−3 1.97 10−3

6 4.34 10−5 5.20 10−4 1.04 10−3 1.56 10−3

7 4.11 10−5 4.93 10−4 9.86 10−4 1.48 10−3

8 3.88 10−5 4.66 10−4 9.31 10−4 1.40 10−3

9 3.77 10−5 4.52 10−4 9.04 10−4 1.36 10−3

10 3.43 10−5 4.11 10−4 8.22 10−4 1.23 10−3

11 5.02 10−5 6.03 10−4 1.21 10−3 1.81 10−3

12 5.02 10−5 6.03 10−4 1.21 10−3 1.81 10−3

13 4.57 10−5 5.48 10−4 1.10 10−3 1.64 10−3

14 4.45 10−5 5.34 10−4 1.07 10−3 1.60 10−3

15 4.57 10−5 5.48 10−4 1.20 10−3 1.64 10−3

16 5.94 10−5 7.12 10−4 1.42 10−3 2.14 10−3

17 5.60 10−5 6.71 10−4 1.34 10−3 2.01 10−3

18 4.34 10−5 5.20 10−4 1.04 10−3 1.56 10−3

19 3.77 10−5 4.52 10−4 9.04 10−4 1.36 10−3

20 4.68 10−5 5.62 10−4 1.12 10−3 1.68 10−3

21 4.68 10−5 5.62 10−4 1.12 10−3 1.68 10−3

22 4.68 10−5 5.62 10−4 1.12 10−3 1.68 10−3

23 3.995 10−5 4.79 10−4 9.58 10−4 1.44 10−3

24 3.88 10−5 4.66 10−4 9.31 10−4 1.40 10−3

25 3.65 10−5 4.38 10−4 8.76 10−4 1.31 10−3

26 6.16 10−5 7.40 10−4 1.48 10−3 2.22 10−3

27 3.995 10−5 4.79 10−4 9.58 10−4 1.44 10−3

28 3.995 10−5 4.79 10−4 9.58 10−4 1.44 10−3

29 4.34 10−5 5.20 10−4 1.04 10−3 1.56 10−3

30 4.338 10−5 5.20 10−4 1.04 10−3 1.56 10−3

31 3.88 10−5 4.66 10−4 9.31 10−4 1.40 10−3

32 3.88 10−5 4.66 10−4 9.31 10−4 1.40 10−3

33 5.14 10−5 6.16 10−4 1.23 10−3 1.85 10−3
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Table C.2: Number of outages per hour and probability of unavailability for t = 12,
24 and 36h per transmission line for an adverse weather.

Line Outages per hour Poutage(t = 12h) Poutage(t = 24h) Poutage(t = 36h)

1 2.74 10−5 3.29 10−4 6.57 10−4 9.86 10−4

2 0.00175 0.0207 0.0411 0.0609
3 0.00113 0.0135 0.0268 0.0399
4 0.00134 0.0159 0.0316 0.0469
5 0.00164 0.0195 0.0387 0.0575
6 0.00130 0.0155 0.0308 0.0458
7 0.00123 0.0147 0.0292 0.0434
8 0.00116 0.0139 0.0276 0.0411
9 3.77 10−5 4.52 10−4 9.04 10−4 1.36 10−3

10 0.00103 0.0123 0.0244 0.0363
11 0.00151 0.0179 0.0355 0.0528
12 0.00151 0.0179 0.0355 0.0528
13 0.00137 0.0163 0.0323 0.0481
14 0.00134 0.0159 0.0316 0.0469
15 0.00137 0.0163 0.0323 0.0481
16 0.00178 0.0211 0.0418 0.0621
17 0.00168 0.0199 0.0395 0.0586
18 0.00130 0.0155 0.0308 0.0458
19 0.00113 0.0135 0.0268 0.0399
20 0.00140 0.0167 0.0331 0.0493
21 0.00140 0.0167 0.0331 0.0493
22 0.00140 0.0167 0.0331 0.0493
23 0.00120 0.0143 0.0284 0.0422
24 0.00116 0.0139 0.0276 0.0411
25 0.00110 0.0131 0.0260 0.0387
26 0.00185 0.0220 0.0434 0.0644
27 0.00120 0.0143 0.0284 0.0422
28 0.00120 0.0143 0.0284 0.0422
29 0.00130 0.0155 0.0308 0.0458
30 0.00130 0.0155 0.0308 0.0458
31 0.00116 0.0139 0.0276 0.0411
32 0.00116 0.0139 0.0276 0.0411
33 0.00154 0.0183 0.0363 0.0540
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state_realisation
Input: wind forecast(hour), load forecast(hour), weather, hour
Output: wind realisation, load realisation, generators outages, lines outages,

transformers outages, probabilities of contingencies, epsilon
if weather = adverse then

for line in list of lines do
if line is not a cable then

outage rate per hour is multiplied by 30;
end

end
end
t=hour+12;
// day-ahead predictions are done at noon
for generator in list of generators do

failureProbability= fail_prob(generator, t);
randomly generate a number randomNb uniformly distributed in [0, 1];
if randomNb<failureProbability then

generator is out-of-service;
end

end
for line in list of lines do

failureProbability= fail_prob(line, t);
randomly generate a number randomNb uniformly distributed in [0, 1];
if randomNb<failureProbability then

line is out-of-service;
end

end
for pst in list of transformers do

failureProbability= fail_prob(pst, t);
randomly generate a number randomNb uniformly distributed in [0, 1];
if randomNb<failureProbability then

transformer is out-of-service;
end

end
common_error_factor_d is a random number generated with law N (0, αd);
for busLoad in busLoad list do

ind_error_factor_d is a random number generated with law N (0, βd);
loadRealisation=load prediction*(1+common_error_factor_d +
ind_error_factor_d);

end
common_error_factor_w is a random number generated with law N (0, αw);
for windFarm in windFarm list do

ind_error_factor_w is a random number generated with law N (0, βw);
windRealisation=wind prediction*(1+common_error_factor_w +
ind_error_factor_w);

end
Algorithm 1: Pseudo-code for Monte-Carlo simulations of system states (first
part).
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// Compute probabilities of contingency
cont_prob(updated topology, updated lambda);

cont_prob
Input: updated topology, lambda
Output: probabilities of contingencies
find the set Cavailable of contingencies where the line (or the 2 lines) in outage
is (are) available;
// Compute the no outage probability and the probability of

failure of each line and double outage
initialise prob_no_failure = 1 ;
for c ∈ Cavailable do

failure_prob(c)=fail_prob(c, t=1h);
prob_no_failure = prob_no_failure * (1-failure_prob(c)) ;

end
// Compute the probability of contingency for each available

contingencies
for c ∈ Cavailable do

contingency_prob(c)=prob_no_failure * failure_prob(c) /
(1-failure_prob(c));

end
// Compute the probability of contingency for each unavailable

contingency and the no outage case
for c /∈ Cavailable do

contingency_prob(c)=0 ;
end
contingency_prob(1) = 1-sum(contingency_prob(c)) for all c;

fail_prob
Input: element, t
Output: probability of failure
lambda=outage_rate(element);
prob=1-exp(-lambda*t);

Algorithm 2: Pseudo-code for Monte-Carlo simulations of system states (sec-
ond part).
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