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Abstract

With the relatively recent wide use of PCE in the energy sector, the PCE method
is explored as a potential better alternative than the Monte-Carlo method on Power
System Adequacy Assessment problems to make it more efficient computationally.
Using Adequacy and PCE tools, a PCE process is created and the results are
compared with the initial Monte-Carlo method. With a high Leave-One-Out (LOO)
error, new methods are explored in the hope of improving the initial method. First,
a transformation of the outputs LOE (Loss-of-Energy) and LOL (Loss-of-Load) into
continuous output variables is performed, thanks to the extrapolation of monotonic
curves for each profile (set of realizations of the uncertainty). Those extrapolations
can be linear or quadratic. The LOO error is still high; profiles are divided in
subprofiles (same realizations of uncertainties but different start times), the mean
LOE and LOL of the subprofiles being the LOE and LOL of the profile. A certain
combination of number of subprofiles, parameters of extrapolation and order of
PCE permits to have decent results, according to the LOO error, to compare them
with Monte-Carlo and to explore the analysis of a study case through PCE. Thanks
to a decision tree, a hierarchy of units impacting the adequacy of the power system
can be established and be served for deeper research.
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Chapter 1

Introduction

Electricity is an important feature of development in our modern world, as it can
bring energy over a long distance almost instantly and easily. Its vast applications
have enabled societies to power houses, drive industries and fuel unprecedented
technological advancements.

Nevertheless, the distribution of electricity faces different challenges, one of
which is the choice of electricity mix to take account of economic realities, resource
scarcity, and the quantities of released greenhouse gases in the atmosphere, which
have a direct contribution to climate change. To minimize the quantities of green-
house gases and their dependence on non-renewable sources, many countries have
invested in renewable energy sources like solar energy, wind energy or hydroelectric
energy. Those solutions, though imperfect, are realistic options to address the
goals set by the country’s policies concerning the environment and economic growth.

In a 2022 paper [3], the International Energy Agency (IEA) reported that
between 2010 and 2020, the proportion of renewable energy in Belgium’s total final
energy increased from 6% to 12%. This increase was attributed to the growth
of renewable electricity generation, primarily from photovoltaics (PV) and wind
turbines, as well as an increase in the use of bioenergy. Also, according to this
report, in 2021, Belgium had the sixth-highest offshore wind capacity in the world
and is planning for a major expansion of offshore wind deployment. The Belgian
target for 2030 is to reach 17.5% of gross final energy consumption for renewable
energy. It does not totally match the EU-wide greenhouse gas emissions reduction
target, which increased from 40% to 55%. Therefore, new targets for energy ef-
ficiency, renewable energy and emissions reduction will therefore must be set in
Belgium. The target value for the 2030 fraction of renewable energy will, thus,
almost certainly be superior to the value of 17.5% predicted.



An important aspect to take into consideration when dealing with renewable
sources in a transmission network is the stochastic features added to the system.
While the energy production from nuclear fission, coal or gas is highly predictable
based on the quantity of materials used in the plants, the quantity of energy
released from renewable energy sources is less predictable. This last quantity
depends on the intensity of sunlight and the intensity of the wind, which are mostly
stochastic values that we can approximate with models. Another important aspect
to think of when dealing with uncertainties is the time for a generator, a line or
any other element present in a transmission network to suffer an outage and, if it
is out-of-service, the time to get repaired.

As those uncertainties will become more and more predominant with time
and as the transmission network becomes more and more decentralized [28], the
transmission network models must automatically become more complex to deal with
the new complexities induced by the uncertainties. With the uncertainties, finding
adequacy between energy produced and energy consumed becomes a relatively
more complex task. As it can be seen from an article about the Integration of
Hydrogen in Sequential Monte Carlo Power Systems Adequacy Assessment [18],
a robust method that can be used to deal with those uncertainties is the classic
Monte-Carlo method. The relatively recent use of the Polynomial Chaos Expansion
(PCE) method to represent a random variable in terms of a polynomial function of
other random variables in the Energy sector and the promising performances it
could bring compared to the Monte-Carlo method [10][25][9][33] makes it the ideal
candidate for wider use in transmission network simulations.

All this information together makes us converge toward the research question
of this thesis:

Could the PCE method be a better alternative to the Monte-Carlo
method on the Power System Adequacy Assessment problem to make
it more efficient computationally?

The computation efficiency will be determined by the analysis of the trade-off
between accuracy and time spent for the two different methods: Monte-Carlo and
PCE. The purpose of this thesis is, then, to analyze the relevance of using the PCE
method precisely instead of the Monte-Carlo method when dealing with power
adequacy.

After this introduction, the thesis is divided into six main chapters: the back-
ground to observe the state-of-the-art, the work already executed to bring context



to the research question and the theoretical framework to provide mathematical and
computational explanations of the adequacy and PCE models; the methodology to
set the data and give information about how the analyses have been operated; the
first results of the analyses; the new methodologies performed considering the first
results and their new results; the discussion, giving a critical eye over the results
from the chapter before; and the conclusion, which ends the thesis and provides a
summary of the main results got. Those chapters are followed by the references
and the appendices.



Chapter 2

Background

2.1 Introduction to Power System Adequacy As-
sessment

The most important goal of a power system is to efficiently deliver electrical energy
to its consumers, which means to prioritize economic viability while ensuring a
sufficient and satisfactory level of reliability, all while complying with environmental
policies [13].

The concepts of economy and reliability are inversely related to each other.
Not investing enough in the resources compromises reliability, leading to client
discontent, whereas investing too much leads to improved reliability but also higher
operating costs, which then increases tariff structure [24].

The Power System Reliability Assessment is a wide term that can include
numerous concepts. Nevertheless, a division can be operated between two domains:
the adequacy and the security [5], [1]. The adequacy assessment of a power system
is, in simple terms, the analysis of the balancing of a power system, i.e., if the
production can meet the demand in its most basic form. Other elements can
be taken into account when dealing with adequacy assessment as irradiance for
photovoltaic, the wind for the wind turbines, the maximum power flow of the
lines. On the other hand, the security assessment is a matter of evaluating if the
system can remain within its stability limits when an outage of a generator, line,
etc. occurs [20].

Adequacy assessment evaluates the reliability of a generation system and helps
guarantee its capacity to meet future load demands. Consequently, this type of
assessment is considered a valuable planning tool for guiding investment-related
decisions regarding the installation of new resources based on planning criteria.



Different developed models can be used to quantify the generation adequacy
of the system by calculating indices such as LOLE (Loss-Of-Load Expectation)
[hours/year] and LOEE (Loss-Of-Energy expectation) [MWh/year| based, respec-
tively, on the number of hours or the quantity of energy for which the demand
cannot be met [20]. The planning reserve margin of the system is determined
based on the LOLE criterion to be satisfied. These assessments are needed for the
short-term and long-term planning of the system to meet future load demand.

Determining the capacity value of variable renewable resources such as wind and
solar is very important in the adequacy assessment framework because it quantifies
the contribution of renewable energy resources to the reliability of the system [24].
According to a report of the European Commission about the Identification of Ap-
propriate Generation and System Adequacy Standards for the Internal Electricity
Market (2014), "the System adequacy is the sum of generation and transmission
adequacy" [24].

The Transmission adequacy refers to the evaluation of its capability to
effectively handle the flow generated by the power transfer from the generation
source to the consumption centers [42].

Always according to this European Commission report, “The first step in any
adequacy evaluation is to produce the ‘states of the power system’ one at a time,
verifying the ability of the system to supply the load power and energy”[31], where
“states of the power system” signifies a combination of loads, available generators
and available transmission lines. [24]

2.1.1 Preliminary concepts:

The most common methodology for Adequacy Assessment consists in a cal-
culation procedure (like Monte Carlo simulations), an analysis of the data from
several sources like generator availability, wind regime, etc., and assumptions on
the evolution of the system [24].

Two approaches can be used: deterministic or probabilistic [30] which
lead to different metrics. Those metrics are defined to quantify the maturity of
a system with respect to a target or standard, and can be used for comparison
between different systems and on different time periods (because each metric has
an associated standard value defined by the Transmission System Operator or by
the National Regulatory Authority) [24].



2.1.2 Deterministic method

A deterministic method is a computational approach used to analyze or solve a
problem where the outcome is entirely determined by the initial conditions and
the parameters of the system. For power systems, a deterministic method involves
using mathematical models and algorithms to quickly calculate certain aspects of
the system’s behavior, such as power flow or voltage levels.

Indeed, with this kind of methodology, the adequacy evaluation is based on
the requirement for each outage event in the contingency set to ensure that the
system’s performance maintains the ability to meet demand through the provision
of adequate frequency control reserves. These assessments are defined by selecting a
discrete set of system configurations (such as network topology), a range of system
operating conditions (like load distribution and generating unit dispatching), a list
of possible outage events (like the unavailability of some generators or of some other
system components such as lines or transformers), and performance evaluation
criteria (such as values of voltage, frequency and, loading of the network elements
inside their operating range).

These different operating scenarios are simulated using load flow and dynamic
stability analysis tools to evaluate the system’s performance under each scenario.

The deterministic method thus requires an exhaustive study based on careful
thought and insight because of the large number of possible network configurations,
the wide range of operating conditions, and the high number of conceivable out-
ages. Therefore, the deterministic approach has evolved within the electrical power
industry to decrease effort while still providing useful results.

This evolution brings several drawbacks:

o It only accounts for a limited number of specific outcomes based on predefined
analysis criteria, disregarding numerous other potential scenarios.

« Each outcome is treated equally (with the same weight) without considering
the likelihood of occurrence.

o It overlooks the interdependence between inputs, the varying impact of
different inputs on outcomes, and other complexities, potentially leading to
oversimplified models and decreased accuracy.

o It is too difficult to consider combinations of insufficient primary resources
like wind or water with failures in system facilities, which, of course is a very
likely event for systems relying on a lot of renewable energy resources.



Despite its limitations and potential inaccuracies, numerous organizations
continue to utilize deterministic analysis, but they often complement it with a
probabilistic modeling approach for better accuracy in evaluating particular cases
and scenarios. Furthermore, while deterministic methods are favored for their quick
execution, especially in real-time operational security assessment at the dispatching
level, probabilistic methodologies are typically preferred for planning purposes [24].

2.1.3 Probabilistic method

The probabilistic method is an analytical approach used to account for uncertainty
by considering the probability of different outcomes or events occurring [24].

In probabilistic methods applied to power systems, all possible system config-
urations are derived from factors representing the unavailability and/or failure
probabilities associated with each element or component of the system. Those
factors typically include the failure rates/probabilities of different system elements
like generators, transmission lines, transformers or other critical components. By
quantifying the probabilities of these individual failures, probabilistic methods can
assess the overall reliability and performance of the power system under different
operating conditions and scenarios.

Probabilistic criteria is a sort of generalization of the deterministic approach,
since all possible constraining situations are examined and then, based on their
results, risk indices are obtained. This probabilistic approach takes into considera-
tion the random nature of loads, Renewable Energy Sources (RES) productions,
and outages of generation/transmission equipment.

This approach solves some of the following problems caused by the deterministic
approach:

o There is no discretion in the selection of scenarios and contingencies; the one
limitation is accorded to the maximum number of examined situations.

o It is possible to assign a different weight to each case based on its probability
of occurrence.

o It is possible to study a large interconnected system.

The primary challenge in probabilistic adequacy assessments lies in the high
computational workload needed to analyze a large array of system states, each



with its own unique probability of occurrence. Nonetheless, advancements in com-
putational power are effectively addressing this obstacle.

There are two main types of probabilistic methods [36]:

« Convolution of probability functions (basic concept: given the distribution
probability of two variables f(z1) and fa(z2), it finds the probability distri-
bution of the sum/difference of these two variables fio(x1 & 23)).

o The Monte Carlo model (which will be seen more in detail in subsection 2.2)

The main idea behind Monte Carlo is the following: imagine playing dice and
randomly selecting outcomes to mimic possible scenarios in a complex system.
Instead of fixed values, random variables capture uncertainties like component
failures, renewable energy fluctuations, or weather-dependent loads.

Process:
o Random Sampling: Assign specific "unavailability ranges" to each element
based on their failure probabilities. Generate random numbers for each

element.

o Element Status: If a number falls within its unavailability range, the element
is "disconnected" for that simulation. Otherwise, it functions normally.

» Repeat and analyze: Run numerous simulations (tens of thousands) with
different random number sets, creating a diverse collection of system states.

Benefits:

o Flexibility: Can handle various uncertainties: component failures, renewable,
weather-affected loads, etc.

o Detailed Insights: Reveals the entire range of possible outcomes, including
rare events, unlike deterministic methods.

Drawback:

o Computational Cost: Requires many simulations for accurate results, increas-
ing processing time.



2.1.4 Adequacy metrics

Depending on the adopted method to assess adequacy (deterministic or probabilis-
tic), a particular Transmission System Operator will adopt one or more metrics in
order to describe the adequacy of their system [24].

Certain metrics necessitate a probabilistic approach for calculation, while others
can be derived using a deterministic approach. It is important to note that all
probabilistic measures represent expectations—they are not deterministic values
but rather the average value of a probability distribution, which serves as a mod-
eled approximation of reality. These measures offer valuable insights into system
adequacy by considering both the stochastic and deterministic aspects of the gen-
eration/transmission system and customer demand.

Adequacy can be seen as a balance between the system cost of LOE (Loss-Of-
Energy) [MWh/year| (also written as ENS (Energy-Not-Served or Energy-Not-
Supplied) in the literature) and the investments needed to reduce or avoid it. This
is why an appropriate methodology for adequacy assessment is characterized by
the ability to provide a metric that can be used for monetizing the system cost of
LOE for at least one year.

LOE (Loss-Of-Energy) or ENS (Energy-Not-Served)

The LOE (Loss-Of-Energy) [MWh/year| or ENS (Energy-Not-Served or Energy-
Not-Supplied) [MWh /year| are defined as the amount of energy not being served
to meet the demand due to outages from the generators, lines, wind turbines, etc.
and/or limited production from renewable energy sources. The implementation
of LOE as a reliability measure is now increasing, being that power systems are
actually energy systems [35]. Mathematically, the LOE for a whole year can be
computed by the Eq. 2.1,

8760 Npys

LOE ==Y > (Pin(n,t) — di(n)load(t)) (2.1)

t=1 n=1

where ng,s is the number of buses (nodes) of a power system, P, (n,t) is the hourly
power injection (in MW) at a node n,, d;(n) is the share of load on the node n [%)]
and load(t) is the hourly demand (in MW). Note that 8760 is the number of hours

in a whole year.

The LOE translates, thus, the idea of demand impossible to meet at a certain
node of a power system.



Loss-of-Energy-Expectation (LOEE)

Also known as EENS (Expected-Energy-Not-Supplied), it represents the expected
amount of electricity demand, expressed in MWh /year, that is anticipated being
unmet/lost during a given year when the demand surpasses the available generation
capacity [24].

This energy deficit can be categorized into several primary causes:

« Lack-of-Power (LOP): This occurs when there is insufficient generation ca-
pacity within the electrical system under consideration.

« Lack-of-Interconnection (LOI): This occurs in situations where generation
capacity exists in one area, but network constraints prevent the supply from
reaching the load in another area.

 Line-Overload (LO): This occurs when network elements become overloaded,
making it impossible to supply the load.

o Network splitting or isolated node: This occurs when one or more network
elements become unavailable, jeopardizing the electrical system’s integrity
and making it impossible to supply the load [24].

However, it is not possible to directly compare electricity systems of different
sizes. This could be solved with LOEE normalization, which means dividing by
the total energy requested. Mathematically, LOEE is expressed as the mean LOE
of several outage scenarios on the same power system and is given by the Eq. 2.2.

Nyear

Y LOE, (2.2)

Nyear 11

LOEE =

where nyeq, is the number of different scenarios simulated or Monte-Carlo year for
a same power system.

LOL (Loss-Of-Load)

This metric (expressed in hours/year) corresponds to the actual occurrence/duration
of a loss of load event (when the demand for electricity exceeds the available
generation capacity), which results in customers experiencing interruptions or
outages. It is therefore expressed in hours/year. It represents a specific event or
occurrence of load shedding or blackout rather than a probabilistic measure of
system reliability [6]. It can be represented mathematically by the Eq. 2.3.

8760

LOL =) a(t) (2.3)
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where a(t) is defined by,

1, if In € npys s.t. Pi(n,t) < di(n)load(t)
a(t) = .
0, otherwise

LOLE (Loss-Of-Load-Expectancy)

This metric (expressed in hours/year) represents the yearly hours with LOEE oc-
currence. In other words, it is the expected frequency or likelihood of experiencing
a Loss-Of-Load event over a specific period, typically a year.

LOLE is one of the most used metrics because of its simplicity. However, it does
not provide any information about the magnitude of the problem (for example, if
it is a blackout affecting the entire electricity system or minor load curtailments).
Therefore, only homogeneous systems should be compared [24].

Mathematically, LOLE is expressed as the mean LOL of several outage scenarios
on the same power system and is given by the Eq. 2.4.

Nyear

Y LOL, (2.4)

Nyear —1

LOLE =

2.2 Overview of Monte-Carlo Method

2.2.1 Introduction

The Monte Carlo approach is based on a random sampling of scenarios, where each
sampled scenario is analyzed afterwards.

For Adequacy Assessment, there are two categories of evaluation techniques:
analytical and simulation.

Analytical techniques utilize analytical models to represent the system and
evaluate the indices from these models using mathematical solutions.

Monte Carlo simulation methods use simulations of the actual process and
random behavior of the system in order to estimate the indices. The problem is

thus treated as a series of experiments.

Typically, analytical techniques are more efficient when complex operating con-
ditions are not taken into account or when the failure probabilities of components

11



are minimal, indicating high system reliability. However, when there are complex
operating conditions involved or if the number of severe events is increasing, Monte
Carlo methods are preferable.

Here are the main advantages of Monte Carlo methods [24]:

o They can include system effects or processes that might require approximation
in analytical methods.

o The necessary number of samples for achieving a desired level of accuracy
remains unaffected by the system’s size, making those simulation methods
more suitable for evaluating large-scale systems.

o They have the capability to model probability distributions associated with
component failure and restoration activities.

e They can not only compute reliability indices in the form of expected values
but also determine the distributions of these indices.

e They can simulate non-electrical system factors like reservoir operating con-
ditions and weather effects.

2.2.2 Convergence in Monte Carlo

In power system reliability evaluation, different reliability indices have different
convergence speeds. It has been found that the coefficient of variation of the
LOEE index has the lowest rate of convergence. For that reason, this coefficient of
variation is often used to provide appropriate accuracy [6].

In this thesis, the Monte-Carlo simulation ends when the condition,

€incr,rm S €incr treshold

is respected, while Nyeqr < Myimir (Nyeqr being the number of Monte-Carlo scenarios
(or Monte-Carlo years) and ng,;; being the maximum number of Monte-Carlo
years (here n,i: = 2000)), is respected, where €iner treshola 1S the maximum error
tolerance for Monte-Carlo (for example €;,er treshoia = 0.001).

* Einerrm i the rolling mean of €, i.e., the mean of the 30 last €.

* Einer 1S defined by €iner = W
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e ¢(n) is defined by €(n) = % with f(LOEE(n), the mean of the LOFE
after 1,2,...,n scenarios and oc(LOEE(n)), the standard deviation of the

LOF after 1,2, ...,n scenarios.

« LOEE(n) is the Loss-Of-Energy-Expectation after n scenarios (mean of n
LOE).

The relative difference for €;,.. comes from the methodology used by Elia (The
Belgian transmission system operator for high-voltage electricity (30 000-380 000
volts), located in Brussels, Belgium [14]). The rolling mean €;,,er¢ rm comes from
Aurélia Hernandez, from UCLouvain [41]. The purpose is to smooth the irregular
peaks, which can give too precocious convergence.

2.2.3 Simulation Approaches

Monte Carlo simulations are used as a tool for sampling the system states. There
exist various simulation methods, which can be defined as non-sequential meth-
ods or sequential methods. The non-sequential method samples a set of system
states randomly, whereas the sequential method obtains a sequence of system states
where each system state depends on the previous system state [6].

There are three primary approaches within Monte Carlo simulation for adequacy
assessment, each offering a different perspective on system behavior:

« State Sampling Approach (non-sequential method): the system is modeled
as a collection of discrete states, each representing a particular configuration
or condition of the system.

— Random sampling is performed to select different states of the system
based on their probabilities of occurrence.

— The simulation then evaluates system performance by analyzing the
behavior of the system as it transitions between different states over
time.

— This approach is particularly useful for analyzing system reliability in
terms of the probability of being in a certain state or configuration at
any given time.

« State Duration Sampling Approach (sequential method): extends the
State Sampling Approach by considering not only the states themselves but
also the periods of time for which the system remains in each state.

— Random sampling is used to select both the states and the periods of
time associated with each state based on their respective probabilities.
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— TTF and TTR are directly integrated into the simulation by considering
not only the states themselves but also the periods of time associated
with each state.

— Random sampling is used to select both the states and the periods of
time, taking into account the probabilities of state transitions as well as
the distributions of TTF and TTR.

— This approach provides a more detailed understanding of system behavior
by incorporating information about the length of time spent in different
states.

— It is particularly useful for analyzing reliability metrics such as outage
periods of time and frequency of state transitions.

« System State Transition Sampling Approach (sequential method): the
focus is on modeling the transitions between different system states rather
than the states themselves.

— Random sampling is used to simulate the sequence of state transitions
that the system undergoes over time.

— This approach is valuable for analyzing the dynamics of system behavior,
including the frequency and timing of state transitions.

— It provides insights into how the system evolves over time and how
different factors influence the likelihood of transitioning between states.

The State Duration Method

In this thesis, the State Duration Sampling Approach is the one explored. The
state duration method is a sequential method that creates chronological state
histories for each of the system’s components individually. A state history of a
component is created by drawing random variables from the TTF distribution and
the TTR distribution in sequence whenever a failure or a repair of the component
happens. A complete system state history is obtained by combining the individual
state histories together. It is common to assume that the TTFs and TTRs are
exponentially distributed, although other distributions are equally applicable. As an
initial starting point, all components are assumed to be available. If the simulation
is performed for a short time span, the assumption may lead to an overestimation
of the system’s reliability. However, as the reliability indices, which are calculated
from a sequential simulation, often require a large quantity of samples to converge,
the effect is often negligible [6].
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2.3 Overview of Polynomial Chaos Expansion
(PCE) Method

2.3.1 Introduction

One of the first appearances of the PCE method comes from a paper of 1991 [32]
which make use of a "stochastic finite element method" (SFEM) to solve boundary
value problems with uncertain coefficients. A random output is represented as
a polynomial series from the input variables, thanks to the main element of this
method, which is the "polynomial chaos expansion" (PCE). Following this paper,
applications of that method can be found in various fields like geotechnics [15]; [40];
[16]; [21]; [37]; [39]; [4].

Since the early 2010s, engineering problems make wide use of PCE to analyze
uncertainty quantification in numerous fields like electromagnetism, fluid dynamics
and heat transfer problems. The PCE has improved over the recent years to permit
the emergence of non-intrusive approaches [38].

2.3.2 Definition

The explanations below come mainly from the Rheia documentation [8].

The Polynomial Chaos Expansion (PCE) representation of the model under
consideration consists of a series of orthogonal polynomials W¥; with corresponding
coefficients

MPOP(X) = 3 uaWq ~ M(X) (2.5)
acA

where a are the multi-indices and A is the considered set of multi-indices,
for which the size is defined by a truncation scheme (this size is theoretically
infinite but finite in practice). The polynomial family that is orthogonal w.r.t
the assigned probability distributions are known for classic distributions, e.g., a
random variable input following a normal distribution, its resulting family is that of
Hermite polynomials. A truncation scheme is adopted, which limits the polynomial
order up to a chosen degree. This constrains the number of multi-indices in the set

to:

(p+ M)
where corresponds to the polynomial order and M = |X| is the stochastic

dimension, i.e., number of uncertainties (parameters and variables). Consequently,
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|AMP| coefficients are present in a full PCE. To quantify these coefficients, least-
squares minimization is applied based on actual system model evaluations. To
ensure a well-posed Least-Square Minimization, 2|.A*?| model evaluations are
required. When the coefficients are quantified, the mean (1) and standard deviation
(o) of the model output of interest are analytically derived:

=g (2.7)

o’ = ZuQ (2.8)

Beside to the mean and the variance, profitable information on the outputs
of the contribution of each stochastic input can be extracted. The most used
method is by Sobol” indices. Through post-processing of the coefficients, following
the initial model evaluations, the Sobol” indices allow a global sensitivity analysis
of the stochastic inputs and the PCE provides an analytical solution. The total-
order Sobol’ indices (S°"“)) quantify the total impact of a stochastic input, even
considering all mutual interactions.

P
SZ-T’PC = Z ui/z u? (2.9)
i—1

aEAiT

Al = {a € Ala; > 0}

For every coefficient that is characterized by considering input parameter i,
among others, at an order > 0 is added to the total Sobol’ index S; [11].

2.3.3 DMetrics

No method enables to know in advance the optimal polynomial degree for the
PCE. This would often be performed empirically by testing with different trunca-
tion schemes before the number of samples becomes unmanageable and if there
is a certain convergence for the quantities of interest (typically, with p = 2,3, 4) [38].

A trade-off between relatively accurate error estimation and manageable com-
putations can be obtained thanks to the leave-one-out (LOO) cross-validation.
Different sets of points are used to create a PCE expansion and compare it with the
the original computational model to compute the error. From the full experimental
design X , LOO cross-validation removes one point apart, let us say ¥ and builds
a PC expansion written by MPCV(\) with the n — 1 other points, i.e. from the ED
X\z® L {20 gD gi+D-2™1 The predicted residual error at that point
reads [38]:
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A2 M (D)) - PV (20 (2.10)

2.3.4 Curse of Dimensionality

Engineering problems have commonly between M = 10 and 50 stochastic inputs
for their computational models. Considering this, a large number of unknown
coefficients (which is also the size of the truncation set P = card AM?) must be
found, even with a low-order PCE. When choosing p = 3, M = 10 and M = 50
stochastic inputs lead to 286 and 23 436 terms to find respectively [38].

2.4 PCE in Power Adequacy Assessment

In the literature, attempts to use PCE for Power Systems affected by various
uncertainties, considering the increasing importance of renewable energy sources in
the electrical mix, are rather recent.

The authors of the article Solving Optimal Power Flow with Non-Gaussian
Uncertainties via Polynomial Chaos Ezpansion (2017) [27] modeled uncertainties
for optimal power flow problems. By modeling uncertainties via continuous random
variables of finite variance, they proposed a certain formulation of the uncertain
OPF problem. In this article, the uncertainties can follow distributions different
from the Gaussian, be multivariate and/or correlated. The PCE has been used to
translate this infinite-dimensional random variable problem as a finite-dimensional
random variable problem. An analysis of the sensitivity is also provided. Finally, a
comparison with Monte-Carlo is set.

The system is composed of N buses and M lines under DC power flow conditions,
and the net power injection p € RY is decomposed as follows:

p=d+Cu (2.11)

where d represents fixed power generation (d;>0) to or demand (d; < 0) from the
network. The vector u € R™s represents the N, degrees of freedom in the later
Optimal Power Flow (OPF) problem. C' € NéVXNg maps the free power injections u
to their corresponding bus index. Uncertainties are assumed to enter via the fixed
power d which may include uncertainties of the loads and uncertainty due to wind
power or solar power.

This work formulates the OPF problem subject to non-Gaussian multivari-
ate uncertainties entirely in terms of random variables such that the DC power
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flow equations are always satisfied. Using PCE, the problem is reformulated as
a SOCP with PCE coefficients as decision variables that are solved in a single
numerical run. The optimal solution admits different interpretations: it yields
the coefficients of power generation in terms of a polynomial basis of standard
random variables; it yields a feedback policy in terms of the power fluctuation,
computed only based on the stochasticity of the uncertainty. Immediately upon
knowing the realization of the fluctuation, the corresponding power injection is
known. The suggested approach is applied to a modified IEEE 300-bus test system
and compared to the Monte Carlo simulation, where the DC-OPF is solved for each
sample. Future work will study the relation between the proposed approach and au-
tomatic generation control, as well as extensions to the nonlinear AC-OPF problem.

The authors of the article Probabilistic Power Flow Analysis Based on Arbitrary
Polynomial Chaos Ezpansion for Networks with Uncertain Renewable Sources (2018)
[22] present an application of the arbitrary polynomial chaos (aPC) expansion
technique to the Probalistic Power Flow problem. This method is rather interesting
because the basis polynomial sets can be constructed from measured data instead
of following a certain distribution. A technique called "collocation technique" is
used to reduce the computational time and other techniques are discussed.

From the numerical experiment results, it can be seen that the PPF analysis
using the aPC basis is more suitable than the gPC-based approach when an inap-
propriate basis is employed. For a system with a large number of random variables,
all PCs-based methods are found to suffer from the curse of dimension. It can be
noticed that many aPC coefficients are almost zero. This implies that many bases
may be unnecessary. This observation can be used to improve the computation.
Enhancement of the method to handle such cases and still have a good balance
between computation efficiency and the accuracy of results is under investigation.

As for the previous article, the main objective is to find every bus voltage phasor
of the power system network that satisfies the power balance and other related
constraints, but not to address power system adequacy assessment with LOLE
and LOEE. The objective of this thesis will be to show the usage of PCE with
systems, depending on time, where a conventional generator can possibly produce
as many as their maximum power capacity or zero in case of an outage. Offshore
wind production does not follow a statistical distribution but historical data.
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Chapter 3

Methodology

3.1 Tools

In this section, the two main tools for the PCE computation of outputs from Power
System Adequacy Assessment simulations will be briefly described.

3.1.1 Initial Power System Adequacy Assessment simula-
tion

The Initial Power System Adequacy Assessment simulation and its Monte Carlo
process have been written by Aurélia Hernandez (UCLouvain) as part of her
thesis, under the direction of Frangois Vallée (UMons) and Emmanuel De Jaeger
(UCLouvain) [18]. Sequential Monte Carlo (MC) simulations are used to assess the
adequacy of power systems. The main reason was that they could be applied to
more complex systems while maintaining reasonable computational time. Moreover,
sequentiality was chosen in order to consider seasonality. The MC process is
depicted in Fig. 3.1. For each MC year, the hourly availability of the generating
units is defined, as well as the hourly renewable energy sources production in time
series. These time series will be used to perform a MP-DC-OPF (Multi-Period
Direct-Current Optimal-Power-Flow), the results of which will be used to extract
the adequacy indicators. Let us note that a simulation stands for the performance
of one MP-DC-OPF for one MC year, and that a process stands for the whole
procedure of running simulations until we observe a convergence of the LOEE
values.
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New Monte Carlo year

Define hourly availability Generate time series for No
of each generating units hourly RES production

Hydrogen
system
Integration

Optimization of power system: LOLE, LOEE ! Yes Sto
Multi-Period DC Optimal Power Flow converges? P

Results: LOLE, LOEE

Figure 3.1: Implemented Sequential Monte Carlo Process [18]

Firstly, let us note that the programming language used is Julia. Julia offers
the same easy-to-read and easy-to-understand syntax that is offered by Python.
However, the mere fact that Julia is compiled means that it will automatically
have an advantage over Python in terms of execution speed [45] which is necessary
when dealing with long-time (typically ¢ = 8760) simulations.

In an isolated simulation (without being integrated into a MC process), the first
step is typically to extract the static parameters from an external Excel file. These
static parameters correspond to all the data that does not vary from one year to
another, e.g., the maximal active power a traditional power plant can produce, the
maximal power flow a branch can support, or the load share of a certain bus.

The second step will be to generate uncertain parameters, which will be the
hourly availability of each generating units and the time series for hourly renewable
energy source production. Those uncertain parameters are based on probability
density functions or historical data for which we select, randomly, a certain profile.
Those uncertainties are the reasons why a Monte Carlo process is executed because,
for two simulations, the outputs are unlikely to be similar, and we thus want to
find the associated probability density function of the LOE.

Without entering too much into details and letting the interested reader read

the Aurélia Hernandez’s thesis for more information (not yet published), the main
constraints and the objective function for the MP-DC-OPF will be presented:
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Objective function

The costs related to the operation of conventional generating units Py, are
minimized and detailed in 3.1. cgep,(g) describes the fixed cost [€], the linear marginal
cost [€/MWHh] and/or the quadratic marginal cost [€/MWh?] of a conventional

generator g.
8760 mg

Min 3 (3 yon(9) Pren(9: 1)) (3.1)

t=1 g=1

The optimization is a linear optimization and is operated thanks to the propri-
etary software Gurobi [17] which is used as a Julia Package.

Main constraints

Every constraint of the simulation will not be presented, as it is not the main
goal of this master’s thesis but the most important. In the case of a relatively
simple power system test case:

Electrical balance

At each hour ¢ of the year and at each node n of the system, electrical energy has
to comply with the conservation of energy. The power produced by the conventional
generators Py, the offshore wind farms res, the power flowing in and out F has to
satisfy the electrical load [. If unbalances occur, production is curtailed C' (excess)
or energy is not served Ens (lack).

> Pun(g,t)+ Y res(r,t)+ > F(l,t)— > F(l,t)

g €Gp, r €ERyp Il €Lton l GLfrom,n ( 2)

+ Ens(n,t) — C(n,t) = di(n)load(t),Vn, Vvt

dy(n)load(t) consists of the pure electrical demand. It represents the load seen
at the high voltage transmission interface.

Conventional generators
Production of conventional generators P, are limited by their minimum /maximum

POWer Capacity Peonv,min/maz, and by their availability ag., € [0; 1] at each time
step. The unavailabilities represent unplanned (forced) outages.

Ogen (97 t)pgen,min (g) S Pgen (gu t) (33)
< Ugen (g7 t)pgen,mam (9)7 qu Vi
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Power load flow

Electricity can flow through electrical lines in order to flow from generating
units to consuming units. However, the flows are constrained by the physics of
the load flow. In this case, the approximation of a DC load flow is considered,
i.e., the power flowing through a line F(k,t) is directly linked to the susceptance
of the line b,,(!), and to the phase angle 6 difference between the two nodes
N from (1) and ng, (1) bounding line {. The big M method [23] is used to represent
two cases: (i) when the line is functional (oy(i,t) = 1), the physics of DC load
flow is applied to the line, and the original equation of the DC load flow F(l,t) =
Sbasebpu (1) (O(1 from (1), t) — O(nuo(l), ) is obtained from 3.4, and (ii) when the line
is non-functional (ay(i,t) = 0), the phase angles of the nodes bounding the line
are independent and do not have to be equal, which allows lines in parallel to
operate normally. Also, because only the relative phase angle values matter and
their absolute values, a phase angle node n,.; is set as the reference node, and its
value is set to zero.

~(1 = (DM < F (1) = Shasebpu (DO Mgrom (1), 1) = O(o(1), 1)) (3.4
< (1= ay(1, 1)) M, VI, ¥t
O(nyes, t) = 0,91 (3.5)

These flows are limited by the maximum capacity of the lines f,,., and their
availability a; in 3.6. The phase angle difference between two adjacent nodes
bounding a line is also limited by A©,,,, in 3.7.

_al(lat).fma:c(l) < F(l7t) (36)
< ay(l, ) frnan (1), V1, Vt

—ABae < O(Ngrom (1), 1) — O(n4o(l), 1) (3.7)
< AOygq, VI, V1

Energy-not-served

The energy-not-served, i.e., the energy lacking to serve the load, is bounded at
each node by the local consumption (classical electrical load). The coefficient d;(n)
describes the share of load depending on the node n.

Ens(n,t) < di(n)load(t),Vn,Vt (3.8)
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Other constraints

As previously said, the other constraints will not be detailed. The Electrical
Imports, the Curtailment, the Electrolyzers, the Hydrogen-to-Power units, the
Load Shifting, the Voluntary load shedding, the Flexible demands: mobility, heat
and hydrogen, the PHS storage management, the Battery storage management,
the Hydrogen balance constraint, the Hydrogen Pipelines, the Hydrogen Imports
and the Hydrogen storage management are not taken into account in this thesis.

3.1.2 PCE computation: Rheia package

The Robust design optimization of renewable Hydrogen and dErIved energy cArrier
systems (RHEIA) [11] framework provides multi-objective optimization (determin-
istic and stochastic) and uncertainty quantification algorithms. These algorithms
can be applied to hydrogen-based energy systems, which are included in RHEIA. In
addition, RHEIA allows the use of other models connected to the algorithms as well.

RHEIA, in its entirety, is a Python package. The uncertainty quantification
procedure provides the mean and standard deviation of the quantity of interest,
the Sobol’ indices by constructing a PCE, and the capacity to provide the PDFs
and CDFs of this quantity of interest. The mean value and the corresponding
uncertainty (random variable inputs) of the model parameters are characterized in
two files, design_space.csv and stochastic_space.csv, respectively.

A model parameter is a parameter that cannot be controlled by the designer
in the context of an optimization (e.g., the availability of a wind farm). This
parameter can be deterministic or uncertain.

In the design_space.csv file, the model parameters that need to be stud-
ied in the model are defined. When performing uncertainty quantification, the
design_space.csv file consists only of model parameters. In this file, the mean
values of the model parameters are given. The uncertainty on model parameters
can be allocated through the file stochastic_space.csv. This file is required
when performing uncertainty quantification, where several parameters are sub-
jected to uncertainty. For every model parameter defined in design_space.csv,
an uncertainty can be defined. Those uncertainties can follow uniform or Gaussian
distributions.

To run the uncertainty quantification, some other important parameters must

be set, like the polynomial order corresponding to the maximum polynomial degree
in the PCE or the objective of interest to provide the mean and the standard
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deviation of this objective of interest.

More information is available in the documentation of Rheia [11].

3.2 Choice of Random Variables for PCE

In the original Monte-Carlo process of the Power System Adequacy Assessment, var-
ious parameters were fixed randomly, either following a certain random distribution
(time-to-failure, time-to-repair of generators, lines, wind turbines,...) or following
historical data (offshore wind production at a time t). These uncertainties are the
reason we use the Monte-Carlo process to find a convergence, in terms of LOE, in
a certain power system. A certain set of fixed uncertainties for a Monte-Carlo year
is called, by extension, a scenario.

In order to realize a PCE process, all these uncertainties will, ideally, become
Random Variables for PCE to be set as design variables and model parameters as
explained in the previous section 3.1.2. A certain set of realized uncertainties for
one PCE year is called a profile.

3.2.1 Time-to-Failure (TTF) and Time-to-Repair (TTR)

Before discussing the Time-to-Failure (TTF) [hours] and the Time-to-Repair (TTR)
[hours], some definitions must be given.

The failure density distribution f(¢) is the rate at which a component
(traditional generator, line, wind turbines,...) fails, i.e. the probability density
function (PDF) of the component’s failure is: f(t) = dl;—gt).

The failure distribution or unreliability function F'(¢) is the cumulative
function (CDF) of the component’s failure: F(t) = [*_ f(#')dt'. It represents the

probability that a component fails before time ¢, i.e., F\(t) = P[t faiture < t].

The reliability function R(t) represents the probability that a component
does not fail before time ¢, i.e. R(t) = Plttaiture > t] =1 — F(t).

The hazard rate h(t) is the rate at which component fails at time ¢ given
that it is functional until ¢ in 3.9.
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1
h(t) = lim 7P[t < tfailure S t+ At|tfailu1"e > t]

At—0 At
Pt < tpire < t + At]

= Ao Pltgaiiure > t]
~ lim 1 F(t+At) - F(t)

At—0 At R(t)
CdP(t) 1
= ~d "D
i)

R(t)

(3.9)

Usually, the rate at which generators are represented by the negative exponential
distribution. In probability theory and statistics, the exponential distribution is the
probability distribution of the time between events in a Poisson point
process, i.e., a process in which events occur continuously and independently at a

constant average rate. It has the key property of being memoryless [46].

The principal characteristic of this distribution is that its hazard rate is

constant, i.e., h(t) = cst = A\, which gives in 3.10:

giving f(t) = £ = e if t > 0 and 0 if t < 0,
and R(t) =1—F(t) =e ™

(3.10)

By computing the inverse function of F'(t), which is F~!(u). We find a function
which give a sample from f(¢) with u being a random sample from the uniform
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distribution.

By setting A = ——-= or A = —+—. depending on if we want to compute the
MTTF MTTR

TTF or the TTR, we find in 3.11 and 3.12:
TTF = —MTTFlog(l — uyuy) (3.11)

TTR = —MTTRlog(1 — uy,) (3.12)

with MTTF and MTTR, respectively, standing for Mean-Time-To-Failure [hours]
and Mean-Time-To-Repair [hours| and ;¢ and uy, being uniform random variables
following U(0, 1).

One can be tempted to provide uncertainties on the MTTF and the MTTR for
the simplicity of computation (the MTTF and the MTTR are directly accessible
from the dataset that describes the power system). This can be discussed even
more if we set defined values of uy s and wy, for the whole process, letting MTTF
and MTTR be the sole uncertainties of TTF and TTR. To stay as close as possible
to the original model, we will work with wu;; and uy, as sources of uncertainties

for the TTF and TTR.

Finally, let us note that, in the Monte-Carlo process, the TTR and TTF were
always changing for a whole year while, in the PCE process, those stay constant
during the whole year for a certain generator e.g., let us take a generator A during
a Monte-Carlo year. It can start working with a TTF of 3000 hours, then be down
and have a TTR of 45 hours, be working again with a TTF of 2600 hours, be
down and have a TTR of 75 hours, etc. During the PCE process, as we must know
the exact number of variables, we must put a constant u,; and uy, for a certain
generator for a certain year; thus, if the generator starts working with a TTF of
2500 hours, it can have a TTR of 35 hours when being down but will have again a
TTF of 2500 hours, and again a TTR of 35 hours after, etc.

3.2.2 Wind farm availability factor ay(r)

In the original model, each wind turbines of each offshore wind farm has its own TTF
and TTR. If we take the 11 Belgian wind farms as references (in project and already
built), a total of 633 different wind turbines must be considered, giving a total of
1266 random variables for the PCE, only from the offshore wind power contribution.

A reasonable method to deal with such a high number of variables is to approx-
imate the number of wind turbines available for one wind farm such that

resg(r,t) = ag(r) * resmaz(r,t) (3.13)
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where, in 3.13, réesq.(r,t) is the wind power production (depending on a certain
wind profile) for a certain hour ¢ for a certain wind farm r considering that all
wind turbines are always working, as(r) is the wind farm availability factor for a
certain wind farm 7 on a certain profile k, resy(r,t) is, finally, the multiplication of
those two factors, meaning that the wind power production can now be different
for two different profiles.

The next question for this section is to find a way to describe the new uncertainty
ag(r) thanks to a random distribution. A method to do so is to observe the ratio
of functional wind turbines to the total number of wind turbines through a Monte-
Carlo year and create a histogram based on the ratio observed for each hour of
the year. With this histogram, a random distribution can be fit to accurately
describe the general availability of the wind farms throughout the year. The normal
random distribution managed to be a more accurate description of the wind farm
availability, as we can see on the Figure 3.2. The mean and the standard deviation
(Std) found depend on the MTTF and the MTTR given in the source data.

Mean = 0.804 and Std = 0.058

Distribution

016 0.7 O.‘S 019 1‘.0
Wind turbine availability rate

Figure 3.2: Wind turbine availability distribution

In the next graph on the Figure 3.3, we analyze the power produced by a certain
wind farm, called Belwind, and for a certain wind profile, which is here the wind
profile 19. The red curve describes the maximal wind farm power for a certain
hour, i.e., when all the wind turbines composing a wind farm are functional. The
blue curve describes the wind farm power when the availability rate oy (r) of the
wind farm is 0.804, i.e., 80.4% of all the wind turbines are working at a certain
hour. As this availability rate ay(r) follows a normal distribution, a prediction
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interval of 95% can be given as the sky blue area on the graph. With a standard
deviation of 0.058 and a mean of 0.804, we observe that the range of values, in this
prediction interval, for the availability rate ay(r) is between 0.688 and 0.92.

Power produced by Belwind (wind profile 19)
160 -

140 -
120 -
100 -
80 -

60 -

~ T

Wind Farm Power [MW]

40 -

—— p_max,wind
20- —— p_wind
95% Prediction interval

0 10 20 30 40 50
Time [hour]

Figure 3.3: Maximum and available wind farm production over time for a certain
wind profile (19) and a certain wind farm (Belwind)

3.3 Connection of the Rheia package and the
Power System Adequacy Assessment simula-
tion

In this section, the connection between the Rheia package and the Power System

Adequacy Assessment simulation will be presented. Figure 3.4 will be frequently
mentioned to express the relation between every block of the PCE process.

3.3.1 Inputs
Study Case Data

The Study Case Data is an excel file (or xlsx file) describing a certain power
system with its traditional generators, its lines, its renewable energy sources and

other important elements to take into account when modeling the power grid e.g
the maximum power of the generators, the MTTF and MTTR of the lines, etc.
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(see "Study Case Data' in Figure 3.4)
PCE Input Distributions

The PCE Input Distributions are two files, the design_space.csv and the
stochastic_space.csv which are described more precisely in the subsection 3.1.2.
As we saw in the section 3.2 about the choice of random variables for PCE, it is
possible to link the uncertainties from the Monte-Carlo with uniform distributions
(for the TTF and TTR) and with normal distributions (for the wind farm availabil-
ity) (see "PCE Input Ditributions' in Figure 3.4).

Wind Profiles

The "Wind Profiles" input is composed of 100 different wind profiles for each
Belgian wind farm already built or in project (Belwind, C-Power, Mermaid, Nobel-
wind, Norther, Northwester2, Northwind, P1-2800-15, P1-3500-15, P23-2800-15,
P23-2800-15, Rentel and Seastar). A wind profile describes the historical wind
power production of each wind turbine of a certain wind farm, each hour, for a
year, e.g., as the Belwind wind farm is composed of 56 wind turbines, a certain
wind profile of Belwind (let us say the number 43) gives a matrix of 56 % 8760 =490
560 values (8760 being the number of hours in a year). Considering the high
number of values, these are stored in npy files thanks to their storage efficiency,
speed efficiency and convenience compared to other file formats [29]. During the
Monte-Carlo process, each simulation chooses, randomly, a wind profile index that
will be the same for each wind farm. On the other hand, the same wind profile will
be kept for the entire process with the PCE to avoid distorting the results obtained
by the PCE (see "Wind Profiles" in Figure 3.4).

3.3.2 Process Blocks

Thanks to Julia offering faster computations than Python and easy-to-understand
syntax [45], and Python offering a wide range of different packages (including
Rheia), the main approach to connect the Rheia package and the Power System
Adequacy Assessment simulation is to use both programming languages, the whole
structure being programmed in Python and controlling Julia with the julia package.
As it can be seen in the Figure 3.4, the data are exchanged thanks to xlIsx files
between Julia and Python.
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PCE Initialization

The first step before entering the Julia environment is the initialization of
the uncertainties for the number of desired profiles. Based on the design variable
characteristics, a set of design samples is created through Latin Hypercube Sampling
with Rheia e.g. if we have the uniform random variable u s following the distribution
U(0,1), we can have u,p = 0.518684 for a profile and wyy = 0.182747 for the next
profile. The number of profiles is defined with the expansion number | A*?| defined
by:

(p+ M)!
p! M!

with p corresponding to the polynomial order and M is the stochastic dimension,
i.e., the number of uncertainties. The total number of profiles is twice the expansion
number to train the PCE; then, n,., = 2| AMP| with Nypro, the number of different
profiles. All the realized uncertainty values for each profile are stored in an Excel
file called PCE_data.xlsx to be reused in the "Stochastic data generator" block
(see "PCE Initialization" in Figure 3.4)

A}

Read data, extract and store

This block is the first block being programmed in Julia. The purpose of this
block is simply to read, extract and store the data from the input data discussed
previously (Study Case Data and PCE data). It is operated only once in the
process to provide the parameters of the study case for the other blocks in the
Julia environment (see "Read data, extract and store" in Figure 3.4)

Model Initialization Jump

The purpose of this block is to initialize a first static model, based on the
parameters stored in the block "Read data, extract and store'. All the variables,
constraints and the objective function are created based on the parameters (called
here static data in the PCE process) not subject to uncertainties from the "Read
data, extract and store" block. This block is computed once in the process to gain
time not recreate the same variables, constraints and objective for the next profile
(see "Model Initialization Jump" in Figure 3.4).

Stochastic data generator

The purpose of this block is to provide uncertainties for the deterministic model.
Thanks to the realized uncertainty values for each profile and other useful static
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data like the MTTF and the MTTR of every generator, line, etc., we can update
the constraints for the next block. At first, the profile index k is set to 1 and every
time this block is reached, new values of TTF, TTR and wind farm availability will
be generated based on the corresponding profile £ in PCE_data.x1sx. The loop
ends when the profile index k exceeds the number of different profiles n,,., (see
"Stochastic data generator' in Figure 3.4).

Update constraints + Optimization

In this block, based on the static model and the stochastic data we developed
previously, it is possible to update the constraints of the deterministic model to
include uncertainties in the model. The objective function is finally optimized, and
it returns values of LOE, LOL and cost. The profile index k is incremented. The
constraints based on the uncertainties will change for every profile, giving each time
different values of LOE, LOL and cost (see "Update constraints + Optimization"
in Figure 3.4).

Store Outputs

Every time the LOE, LOL and the cost from a different profile are found, they
are stored in a Excel file called Results_for_ PCE.x1lsx which will be used in the
next block (see "Store Outputs" in Figure 3.4).

PCE Computation

In this final block, the Julia environment and all the LOE, LOL and the cost
of each profile are read, extracted and stored in Python thanks to the Excel file
Results_for PCE.xlsx. The PCE computation consists of finding the full PCE
basis, determining the A matrix, getting the coefficient through OLS (Ordinary
Least Squares), acquiring the statistics (mean and standard deviation), computing
the Sobol Indices and the LOO (Leave-One-Out) error (see "PCE Computation” in
Figure 3.4).

3.3.3 Outputs

Getting the PCE Statistics, the Sobol Indices and the LOO error allowed us to read
crucial information about the accuracy of the PCE process. The PCE Statistics give
information similar to the Monte-Carlo statistics, giving an approximate mean and
standard deviation from the process. The Sobol Indices describe the contribution
of each stochastic parameter to the variance of the model outputs and provide
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valuable information on the model behavior under uncertainties [11]. The LOO
(Leave-One-Out) error describes the error in prediction when a sample is removed
from a trained model and used as a test sample. For a system to be viable, a LOO
error less than 5% is a regular-used rule of thumbs (< 30% is considered acceptable
in this thesis) (see "PCE Statistics, Sobol Parameters, LOO error' in Figure 3.4).
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Chapter 4

First results

4.1 Study Case

The study case used in this thesis is based on the IEEE 30-Bus System, whose data
can be found on the Grainger College of Engineering (Information Trust Institute -
University of Illinois) website [19]. According to this source, The IEEE 30-bus test
case represents a simple approximation of the American Electric Power System as
it was in December 1961. It is worth mentioning that the 30-bus test case does
not have line limits initially. The system presents 2 active power generators, 4
synchronous condensers and 30 nodes and has been chosen instead of other more
complex test cases (i.e., more nodes and units involved) to permit relatively fast
computations for the Monte-Carlo and the PCE processes.

The main changes made on the IEEE 30-bus Test Case, to provide the study
case used in this thesis, are the addition of offshore wind farms (based on the
already built or in-project Belgian wind farms) on nodes 1, 2 and 13 (see Figure
4.1), the change of position of the two active power generators (from buses 1 and 2
to, respectively, buses 9 and 12) and their subdivision into 2 independent generators
at the same node.

All the raw data is given in Appendix B, but general information about the
study case will be provided here. It is worth saying that the only electricity gener-
ation sources are the conventional generators and the offshore wind turbines (thus,
no importations, no solar power, no onshore wind power, no hydraulic power). In
addition, there is no energy storage system (no pumped-storage hydroelectricity,
no hydrogen technology, no battery) and other complexities in the system (no
electrical vehicles, no load shifting, no load shedding, no heat pumps).
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The Figure 4.1 gives a visual representation of the Study Case. The figure
is largely inspired by [26], but a new copy has been made to offer better image
resolution and to show the modifications from the initial test case.

30 29 27 28
__F' _V_F |

23

14 | 15

13
@
Wind Farms

Figure 4.1: Study Case based on IEEE 30-bus Test Case (inspired by [26])

The general information about the Study Case is given in the following Table
4.1.
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Table 4.1: General values of the Study Case

Parameter Value
Value-Of-Loss-Load VOLL [€/MWHh] | 10 000
Yearly Demand loadye,, [TWh] 1.48955
Base Power for per-unit sp,;. [MVA] 100
Reference Bus 1

« Value-Of-Loss-Load VOLL (expressed in [€/MWHh]): it describes how
many euros by MWh must be paid when the demand is not satisfied at a
certain node.

+ Yearly demand load,.,, (expressed in [TWh]|): the sum of the demand of
each node for a whole year.

« Base Power for per-unit s, (expressed in [MVA]: Base power of the
per-unit system

« Reference Bus: Reference node for which the voltage angle © = 0°

The demand per hour is variable over time and follows the following arbitrary
rule:

l d ear . -
load(t) = 9%y (1 + 0.4sin(0.1¢) + 0.15sin(0.61))
8760
giving a maximum possible load value of 1.55% and a minimum possible load

loadyear
value of 0.45 ==

Buses

The Buses (also called "Nodes" in the model context) are the points connected
to the lines, the generators, the wind farms. Most of the buses have a non-zero
energy demand (described as a load share d;(n) (in %) of the entire load for one
hour load(t) (in MWh)) which is represented in the Figure 4.2. Each bus also has
a certain type (PQ Bus, PV Bus or Slack Bus), a certain active power injection py
(in MW), a certain reactive power injection ¢4 (in MVAR), a certain conductance
gs (in pu), a certain susceptance by (in pu) and a certain base KV described in
the Appendix B. Each node is in the same area; the voltage magnitudes v,, (in
pu), the voltage angles v, (in degrees), the maximum voltage v, (in pu) and the
minimum voltage v,,;, (in pu) are the same for each bus, in per unit (respectively,
U = 1pu, vy = 0°, Upae = 1.06pu and vy, = 0.94pu)
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Load Shares for each Bus
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Figure 4.2: Buses Load
Branches

The Branches (also "Lines") are described by the two nodes they are connecting.
The lines connecting a generator of a wind farm to a node, and the lines connecting
a node to the demand source are considering as ideal and, thus, not taken into
account. A line includes several parameters used in the Power Adequacy Assessment
simulation as the resistance r (in MVA), the reactance z (in MVA), the ratio (if
there are transformers on the line) (in %), the power capacity of the line f,q.
(in MW). Those parameters are described precisely for each line in the Appendix
B. Each line has a maximum change of phase angle clockwise ang, (in degrees)
and counterclockwise angmq, (in degrees) of angy;, = —30° and angmp.. = 30°.
The MTTF (in hours) and the MTTR (in hours) are also always identical, with
respective values of 20 000 hours and 24 hours.

Generators

The generators can be divided into two categories, the conventional generating
units (producing non-zero active power, i.e. Py > 0) connected to buses 9 and
12 and the synchronous condensers (producing zero active power, i.e. Dyar = 0)
connected to buses 5, 8, 11 and 13. Each generator has its active power range
limit between pp,;, (in MW) and py.. (in MW), its quadratic marginal cost ¢y
(in €/MWHh?), its linear marginal cost ¢; (in €/MWh) and its fixed cost ¢y (in
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€) described in Table 4.2. Each generator has also a reactive power range limit
between ¢, (in MVAR) and ¢4, (in MVAR), a generator voltage v, (in pu)
(always v, = 1pu), and fixed MTTF (in hours) and MTTR (in hours) (respectively
2000 hours and 50 hours). The other parameters, less important, are given in
Appendix B.

Table 4.2: Generators Main Parameters

Bus | pmar [IMW] | ppin [IMW] | 3 [€/MWh?] ¢, [€/MWHh] [ ¢ [€]
9 180.67 0 0 18.42 0
9 180.67 0 0 18.42 0
12 61.33 0 0 52.18 0
12 61.33 0 0 52.18 0
5 0 0 0 0 0
8 0 0 0 0 0
11 0 0 0 0 0
13 0 0 0 0 0

Offshore Wind Farms

As explained previously, the Wind Farms were not initially present in the IEEE
30-Bus test case initially, they were placed on buses 1, 2, and 13, as can be observed
in Table 4.3. Each wind farm has a maximum active power p,,,., corresponding
to the situation where the wind is optimal and where every wind turbine of the
wind farm is working. Each wind farm has a number of wind turbines n,;, and
each wind turbine has the same MTTF (in hours) and MTTR (in hours) of 1060
hours and 290 hours, respectively.

Table 4.3: Wind Farms Main Parameters

Name Bus | prae [MW] | 1y
Belwind 2 16.099 56
C-Power 2 33.158 54
Mermaid 2 22.143 28
Nobelwind 2 15.534 50
Norther 2 37.338 44
Northwester2 2 20.570 23
Northwind 2 22.369 72
Rentel 2 29.062 42
Seastar 2 23.724 30
P1-3500-15 13 72.8 49
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| P23-3500-15 | 1 | 2782 | 185 |

4.2 Results with Monte-Carlo

To apply the Monte-Carlo method to our study case, we consider the wu;y and
the uy, of the generators, lines and wind turbines as evaluated parameters from a
uniform random distribution ¢(0, 1). A new wf or uy, is generated if, respectively,
the TTR or the TTF of a generator, line or wind turbine is completed. The wind
profiles are also chosen randomly at each new Monte-Carlo year (from 100 different
wind profiles).

The Monte-Carlo simulation ends when the condition of the Eq. 4.1 is satisfied
(see Section 2.2).
€iner,rm S €incr, treshold (41)

while Nyeqr < Npimit (Nyear being the number of Monte-Carlo years and 7y, being
the maximum number of Monte-Carlo years (here ny;,,;; = 2000)), is respected,
where €;er treshola 1S the maximum error tolerance for Monte-Carlo (in our case

€incr,treshold = 0001)

With all those conditions, we have the following results in Table 4.4, which will
have a value of Gold Standard throughout the thesis. The empirical probability
distribution functions of the LOL and the LOE are represented in Figures 4.3a and
4.3b respectively. The LOLE and LOEE values are given by the red dotted lines
and are LOLE = 12.87 hours/year and LOEE = 105.56 hours/year respectively.

Table 4.4: Monte-Carlo Main Results

Name Values
Number of Monte-Carlo years nyeq, 198
LOLE [hours/year] 12.89
LOEE [MWh/year] 105.56
Mean cost [€/year] 1.037.107

LOL standard deviation [hours/year] 0.297
LOE standard deviation [MWh/year| | 24.54
Cost standard deviation [€/year] 2.949.10°
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Figure 4.3: Kernel Distribution Estimate (KDE) of the LOL and LOE

4.3 Results with PCE

The PCE method is applied to the Study Case. A first assumption is to consider
the TTF and TTR of a generator, line, etc. as constant for the entire simulated
year. The reason is because the number of uncertainties must stay the same for
all the PCE process. In the Monte-Carlo process, new wu; ¢ and uy, are generated
at each repair/failure of a generator, line, etc., giving a variable number of u
and uy, at each simulation. In the PCE process, the u;; and the wuy, are given in
advance of the year simulation and remain identical for the whole year, so only 2
variables (uyr and ugy,) are necessary to describe the whole availability profile of a
generator, line, etc.

A second assumption is to consider only 10 uncertainties. Those uncertainties
are Random Variables for PCE and are given in Table 4.5. The main reason to
consider only 10 uncertainties and no more is because of the curse of dimensionality
(see subsection 2.3.4) leading to a large number of unknown coefficients, even
using a low-order PC expansion. The first eight uniform random variables have
been chosen because they determine the TTF and the TTR of the 4 conventional
generating units from the Study Case (each generator with p,,.. > 0, none of the
synchronous condensers). Is it easy to observe that a they have the highest impact
on the outputs (LOL, LOE and cost), as, in case of an outage, a generator like
generator 1 can reduce the maximum total power of the generators from 484 MW
to 303.33MW (37.3% reduction). The availability of the two more important wind
farms (P1-3500-15 and P23-3500-15), in terms of maximum power p,,.., has also
been taken into account to consider uncertainties from the wind farms. The other
wind farms have a constant availability rate of 0.804 (see subsection 3.2.2) to
keep a reasonable number of random variables for PCE. All the lines and all the
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other elements normally subject to uncertainties in the Monte-Carlo process are
considered as ideal (MTTF — oo and MTTR = 0).

All the assumptions are summarized:

o Instead of setting uncertainties on the TTF and TTR of each wind turbine in
each wind farm, a global availability ., is used to describe the percentage
of working wind turbines for one wind farm.

o As opposed to Monte-Carlo, the TTR and the TTF of each generator are fixed
as constants for a whole simulated year. This helps reduce the uncertainty
on the number of different TTR and TTF for a whole simulated year, as
new TTR and new TTF were generated after each failure/repair in the
Monte-Carlo process.

o Instead of working with 100 different wind profiles in the Monte-Carlo process,
1 wind profile is considered for the entire PCE process to compare two different
samples more efficiently.

e 10 uncertainties are considered: the TTF and TTR of the 4 generators
with Pz > 0, based on the random uniform variables ¢, uy, and the
availability a,,; of the two wind farm having the highest p,,q., based on a
normal distribution.

o The lines and synchronous condensers are considered as ideal (MTTF — oo
and MTTR = 0) considering their mean availability at 99.88% and 97.56%
(MTTF/(MTTF + MTTR)). The availability of the other wind farms are
considered constant on the average, thus always 80.4% of availability (see
subsection 3.2.2).

The main goal of those assumptions was to limit the number of uncertainties, which
can rapidly require an unmanageable number of samples because of the curse of
dimensionality (see subsection 2.3.4). The 10 uncertainties have been chosen in
order to match the results obtained from the Monte-Carlo process as accurately as
possible.

Table 4.5: Random Variables for PCE

Name Variables | Distribution
Uniform random variable for gen. 1 TTF Utt f genl U0,1)
Uniform random variable for gen. 1 TTR Uttr,genl Uu0,1)
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Uniform random variable for gen. 2 TTF Utt f,gen2 U0,1)
Uniform random variable for gen. 2 TTR Uttf gen2 Uu0,1)
Uniform random variable for gen. 3 TTF Utt f,gen3 U0,1)
Uniform random variable for gen. 3 TTR Ugt f,gen3 Uo,1)
Uniform random variable for gen. 4 TTF Ut f,gena U,1)
Uniform random variable for gen. 4 TTR Uit f,gena U0,1)
Normal random variable for P1-3500-15 avail. Qi P1 N (0.804,0.058)
Normal random variable for P23-3500-15 avail. Oyt P23 N (0.804,0.058)

With this choice of random variables for PCE, the following results are observed
for the first 3 orders in the following Tables 4.6, 4.7 and 4.8 and Figures 4.4, 4.5,
4.6, 4.7, 4.8 and 4.9.

As an order 4 PCE will require the use of 2002 different profiles (more than
Nyimit, the maximum number of Monte-Carlo years for the Monte-Carlo methods),
this order will not be discussed, nor will the orders above.

A Leave-One-Out error considered as acceptable is highly problem-dependent
and depend on the number of considered points [38]. As reference for the Adequacy
Assessment problems, an acceptable LOO error is set arbitrarily at 5% (tolerable
until 30% in this thesis). In each of the three cases (and for each of the outputs),
the Leave-One-Out error is too high compared to the acceptable LOO error we
set at 5%. Those results clearly show that the PCE method cannot be used with-
out fundamental changes to the method that will be investigated in the next section.

The first source of high error is because the LOL and LOE with the Monte-
Carlo process cannot be negative, thing that can be possible with the PCE process,
considering the proximity with the negative limit. A solution could be to define a
"potential LOL" (negative LOL) and "potential LOE" (negative LOE) instead of
having a zero LOL and LOE. The solution developed in section 5.1 is to develop
the monotonic curve from a simulation and extrapolate the curve to find those
potential LOL and potential LOE.

The second source of high error is the time-dependency of the problem. A
generator, line, etc. can be, randomly, set as failing or working at the beginning
of a simulated year. The solution to deal with this problem, developed in section
5.2, is to work with multiple "subprofiles" for a profile. Those subprofiles share the
same evaluated random variables values but have different startup time between
them.

Those solutions are explored in section 5.
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Table 4.6: Order 1 PCE Main Results

Name

Values

LOL mean [hours/year]
LOE mean [MWh/year]

Cost mean [€/year]

Number of profiles/full basis n,,,
LOL standard deviation [hours/year]
LOE standard deviation [MWh/year]

Cost standard deviation [€/year]

Leave-One-Out error (LOL) [%]

Leave-One-Out error (LOE) [%]
Leave-One-Out error (Cost) [%)]

22
2.42
6.02

56.52
101.77
4.252.10°
1.074.10°
124.53
102.75
97.66

probability density

o
o
S

Figure 4.4: PDFs for outputs
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Table 4.7: Order 2 PCE Main Results

Name Values
Number of profiles/full basis n,,, 132
LOL mean [hours/year] 1.605
LOL standard deviation [hours/year] 16.99
LOE mean [MWh/year] 20.56
LOE standard deviation [MWh/year| | 392.38
Cost mean [€/year] 4.246.10°
Cost standard deviation [€/year] 2.368.10°
Leave-One-Out error (LOL) [%] 137.12
Leave-One-Out error (LOE) [%] 171.43
Leave-One-Out error (Cost) [%] 116.2
20.025- 2.0-
% 2212 0.00050- 1.0
20:005, 0.00025- 0.5
e 100 -50 0 50 100 oo 3000-2000-1000 0 1000 2000 0'065 00 05 10 15 20 25
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Table 4.8: Order 3 PCE Main Results

Name Values
Number of profiles/full basis n,,, 572
LOL mean [hours/year] 3.003
LOL standard deviation [hours/year] 13.04
LOE mean [MWh/year] 75.53
LOE standard deviation [MWh/year| | 449.9
Cost mean [€/year] 4.42.10°
Cost standard deviation [€/year] 4.588.10°
Leave-One-Out error (LOL) [%] 94.29
Leave-One-Out error (LOE) [%] 128.52
Leave-One-Out error (Cost) [%] 126.1
005 0.00125-
"go.om 0.00100- 1.0
iéo.osr 0.00075-
5002 0.00050- 0.5-
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Figure 4.8: PDFs for outputs (order 3), (a) LOL [hours/year], (b) LOE [MWh/year],
(c) Cost [€/year]
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Chapter 5

Continuous output variables,
subprofiles and post-processing

In this chapter, some areas of improvement to make the PCE method less erroneous
with a reasonable number of profiles will be discussed. The main developed areas of
improvement and their limitations will be developed in the next sections. Finally, an
analysis of the best result, according to the LOO error, is provided in the last section.

Before diving directly into the new methods and their results, it is worth nothing
that it is possible to divide the possible modifications into 3 groups:

o The change of the inputs e.g., changing the values of uncertainty feeding the
simulations.

o The change of the outputs e.g., changing the extracted values of LOE, LOL,
and/or cost.

e The change of the PCE method e.g., using another PCE method than the
standard method, e.g., Multi-element generalized polynomial chaos method
that could divide the output space into different subspaces to adapt more to
discontinuities or a Sparse PCE to speed-up the PCE computation, relying
on only a few model evaluations.

The first method developed in Section 5.1 is based on a change of the outputs.

5.1 Transformation into continuous output vari-
ables

An important problem concerning the outputs LOE and LOL is the fact that those
values cannot be negative (LOL > 0 and LOE > 0) and that we are performing on
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the negative limit, making the PCE method difficult to use as it does consider the
existence of negative LOL and LOFE. One could think of using the cost instead
of the LOFE or LOL as an objective of interest for PCE, but, as the three values
are linked, if the LOE or LOL are strictly positive (LOE > 0 and LOL > 0), the
cost will be orders of magnitude higher than the case where the LOFE and LOL
are zero because of the high value of VOLL (Value-Of-Loss-Load) [€/MWh].

A solution to address this problem of negative LOE and LOL could be to
make them possible outputs for PCE computation, then, create negative LOE and
negative LOL. A first solution could be to work with monotonic curves.

5.1.1 Monotonic Curve

A monotonic curve is a curve of maximum available power at a certain hour ¢
subtracted by the demand at this same hour t. The result values are sorted
to make a power versus time graph, describing a descending monotonic curve.
Mathematically, it can be expressed as:

monotonic(t) = sorted(Pavait,maz (t) — load(t)) (5.1)

More specifically, in our study case, it is expressed as:

monotonic(t) = sorted()  Pavaitmaz (g, t) + Y _ res(r,t) — load(t)) (5.2)
g=1 r=1

It is worth noting that the expression of the monotonic curve could be more complex
considering more complex study cases, e.g., study cases with batteries or other
systems of storage.

Once plotted (see Figure 5.1a), two different cases can be observed; the case
where LOE = 0 and the case where LOFE > 0. For the case where LOE > 0, the
LOE and the LOL can be found. The LOE is the negative integral of the curve for
the interval between the intersection with the x-axis and the last hour (¢ = 8760)
(see Eq. 5.3) and the LOL is the difference between the last hour (¢ = 8760) and
the hour where the curve intersects the x-axis (see Eq. 5.4 and 5.1b).

8760
LOE = —/ monotonic(t)dt (5.3)

zo

LOL = 8760 — (5.4)
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Monotonic Curves - 10 uncertainties Expression of the LOL and LOE with monotonic curves
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Keeping the same idea, when the LOE = 0, the associated monotonic curve is
extrapolated until this extrapolated curve intersects the x-axis. The negative LOE
is the negative integral of the extrapolation for the interval between the last hour
(t = 8760) and the intersection with the x-axis (see Eq. 5.5) and the negative LOL
is the difference between the hour when the extrapolation intersects the x-axis and
the last hour (¢ = 8760) (see Eq. 5.6). A graphical explanation is given in Figure
5.1b.

LOE = — B MONOtONICeytrapolation (t)dt (5.5)
8760
LOL = —(x/, — 8760) (5.6)

5.1.2 Extrapolation

The next question concerns how to perform this extrapolation. The more natural
way consists of choosing a common function, e.g.; a linear function or quadratic
function, applying a regression on a certain number of last points n... and, then,
extrapolate. As there is no general rule, the function and the number of last points
giving the lower LOO error determine the final choice.

One can think of using tangent extrapolation. The problem with this method
is that, even with two points next to each other on the curve, depending on which
point we apply the tangent, it can give relatively highly different LOEs. The reason
is that, in discrete functions with a constant interval in time, the derivative is given
by the difference in power, which can be randomly important or not between two
neighbor points.
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Linear Extrapolation

The linear extrapolation is based on a linear regression on the n..., last points
of the monotonic curve. This number negirq (Mextra > 2) is chosen arbitrarily
according to the general shape of the monotonic curves. Taking a value too low
might make the extrapolation too sensitive to point-to-point fluctuations, i.e., see
the tangent extrapolation problem. On the other hand, taking a value too high
might not translate efficiently the behavior of the curves in the last few hours. A

trade-off can be found according to the LOO error found for different ne.spq.

Based on the ng.-, last points of the monotonic curve, we obtain the following
linear regression:
y=at+b (5.7)

The LOL is computed as the difference between the intersection of this line and
the x-axis:

LOL = — (), — 8760) = —(_ab — 8760) (5.8)

The LOE is computed as the negative integral below the extrapolated part of the
monotonic curve:

z/
LOFE = — ’ mOnOtOniCemtrapolation(t)dt

8760
b

=— [ “(at+0b)dt
8760
b 8760a

= — + 8760
2a + (

+b) (5.9)
Quadratic Extrapolation

The quadratic extrapolation is based on a quadratic regression on the n,s., last
points of the monotonic curve. This number neyipq (Nestra = 3) is chosen arbitrarily
according to the general shape of the monotonic curves. As for the linear regression,
taking a value too low might make the extrapolation too sensitive to point-to-point
fluctuations, i.e., see the tangent extrapolation problem. On the other hand, taking
a value too high might not translate the behavior of the curves efficiently, in the
last few hours. A trade-off can be found according to the LOO error found for
different negpirq-

Based on the n.., last points of the monotonic curve, we obtain the following

quadratic regression:
y=at’+bt+c (5.10)
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with the constraint that a must be negative to keep the extrapolated part decreasing
monotonically. The LOL is computed as the difference between the intersection of
this line and the x-axis:

—b —/b?% — 4ac

— (4 —
LOL = —(z, — 8760) = —( o

— 8760) (5.11)

The LOE is computed as the negative integral below the extrapolated part of the
monotonic curve (with af, = =t=v-=dac VQZLA‘“C):

:E/
0 .
LOE = — MONOtonicCeytrapotation (t)dt
8760

/

_ _/% (at® + bt + ¢)dt
8760

a b
! 12 2 !
= g(:Ug — 8760%) + 5(a: 2 —87607) + c(x), — 8760) (5.12)
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Integration in the PCE process

Figure 5.3 shows the integration of those extrapolations in the general scheme
of Figure 3.4. The "Negative LOE and LOL generator" block is located in the
Python environment. It takes as input a text file with all the monotonic curve
values (power over time sorted) for a certain profile. Each profile generates an
additional text file. The block also takes, as input, the Excel (xlsx) file containing
the outputs. This block changes the values LOE and LOL when their initial value
is zero to change them toward a negative value, thanks to the associated monotonic
curve. The output of the block is a modified Excel file with positive and negative
LOE and LOL, and those values are transferred to the "PCE Computation" block.
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5.1.3 Results

This subsection gives the result of the presented methodology with the two different
extrapolations (linear in Table 5.1 and quadratic in Table 5.2), for various numbers
of last points neg, (order 3 PCE process with the 10 random variables for PCE
given in section 4.3). Let us note that to avoid inconvenience from almost-flat
monotonic curves for the last hours, upper bounds of a = —3 and a = —0.5 are
fixed for, respectively, the linear and the quadratic extrapolation.

Table 5.1: Order 3 PCE Linear Extrapolation Main Results

Number of last points 7., | LOO error (LOE) [%]
5) 87.71
10 154.99
20 130.38
50 88.77

Table 5.2: Order 3 PCE Quadratic Extrapolation Main Results

Number of last points 7., | LOO error (LOE) [%]
5 130.43
10 120.22
20 117.7
50 127.65

It is observed that, regardless of n...., and if the extrapolation is linear or
quadratic, the LOO error remains high (> 85%) for each test. This method alone
is, thus, not sustainable for computing PCE. It is mainly because, even if the
LOE the LOL can now be negative value to make the outputs continuous, other
uncertainties like the start up time must be considered. Two generators having the
same TTF and TTR for the whole year might produce LOE or not depending on
when the failure occurs, e.g., if it is during a high peak of wind power production
or during a low peak of wind power production.

5.2 Subprofiles

5.2.1 Method

One problem with the last methodology is its dependency on the moment the
generators have an outage. Indeed, for the same profile, depending on when we
start the time, e.g., in the first hour of January or in the 45th hour of September,
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the LOE, LOL and cost outputs can have different values. This problematic is
explained graphically in Figures 5.4a and 5.4b. If a generator is down during a
peak of wind power production, this outage has no repercussions on the LOE. On
the other hand, if this generator (with the same TTF and TTR) is down during a
drop in wind power production, this outage no longer guarantees that demand will
be met, and this generates LOE.

250 Pifferent outputs for identical profile (Subprofile 1) 250 pifferent outputs for identical profile (Subprofile 2)

—— Generators Pmax (subprofile 1) (1) —— Generators Pmax (subprofile 2) (1)
Wind Turbines Production (2) Wind Turbines Production (2)
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(a) Case where LOE=0 (b) Case where LOE>0

Figure 5.4: Different subprofiles for identical profiles

A solution to address this problem can be to consider, for a certain profile, a
certain number ng, of subprofiles. Between two subprofiles of the same profile, the
TTF, the TTR and the availability rates of generators or wind farms would be
identical but the sole difference is the moment the startup is set. This startup is
different for each generator, and the whole considered time is always 8760 hours.
Having the ng, subprofiles for each profile, we can apply the extrapolation method
for zero LOE and LOL and take the average LOE, LOL and cost of those subprofiles
to create the profile output. Different generator profiles are plotted in Figure 5.5
to show the difference between different subprofiles for one profile.
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Figure 5.5: 4 different subprofiles for 1 profile

Figure 5.6, based on the Figure 3.4, shows the added blocks to make the whole
new process. The "Random startup hours' create an availability profile for each
generator over 5 years and pick a startup hour randomly between the first hour of
the 1st year and the last of the 4th year to be able to perform on a whole year.
This block is operated after the "Stochastic data generator" block and after the
"Store Outputs" if the number of subprofiles k; for a profile is not equal to the
subprofile fixed for each profile ng,.

It is worth noting that the monotonic curve data of each subprofile is stored in
a text file for the block "Negative LOE and LOL generator". After this block, the
outputs mean is extracted from all the subprofiles according to the Eq. 5.13 (also
correct for LOL and cost).

Nsp

S LOE(k,) (5.13)

Nosp =1

LOFE, =
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5.2.2 Results

In this subsection, the results for various orders and numbers of subprofiles are
given for one uncertainty (ufgen1) in Table 5.3 and then, for 10 uncertainties in
Table 5.4 (same uncertainties as in section 4.3). The primary reason to show the
results for one uncertainty is to show the range of possible LOE for the same profile
and to show the evolution of the LOE according to the value of uf gen1. Let us
note that the yearly demand has been increased by a factor 1.67 for the case with
1 uncertainty to pressurize the system and have positive and negative LOE. The
number of simulations is given by ngimu = Npro * Nsp. The best extrapolation (linear
or quadratic and negq) W.r.t. the LOO error has been chosen for the case with 1
uncertainty and the case with 10 uncertainties.

Table 5.3: PCE Quadratic Extrapolation (.. = 10) with Subprofiles (1 uncer-
tainty) Main Results

PCE order p | ng | Nsimu | LOO error (LOE) [%]
2 2 12 94.51
2 3 18 78.49
2 4 24 48.48
3 2 16 8.96
3 3 24 13.52
3 4 32 11.49

Evolution of LOE for uTTF_genl (8*4 samples)

3000 -
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1000 -

_10007 1 1 1 1 1
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Figure 5.7: Evolution of LOE over w4 fgen1, 4 subprofiles
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A remarkably low LOO error is observed in the case where only one uncertainty
is involved and in order 3. The Figure 5.7 shows the evolution of LOE for the value
of this uncertainty. The curve is decreasing monotonically as the value of w s geni
increases. The result is expected because a value of ¢ gen1 close to 1 means high
value of TTF, thus, more time before encountering an outage. The values of the
subprofiles are represented on the Figure by the color points (from the highest
LOE to the lowest: blue, purple, grey and yellow). It shows the range of possible
values of LOE depending of £ gen1-

Table 5.4: PCE Linear Extrapolation (neg¢- = 50) with subprofiles (10 uncertain-
ties) Main Results

PCE order p | ng | Nsimu | LOO error (LOE) [%]
2 2 264 55.57
2 3 396 32.12
2 4 528 35.08
2 5 660 32.07
3 2 1144 63.74
3 3 1716 39.14
3 4 2288 28.54
3 5) 2860 29.77

With 10 uncertainties, a relative decrease of the LOO error €00 is observed
when more and more subprofiles are involved (see Figure 5.8). For the PCE at
order 2, the LOO error is 55.57% with 2 subprofiles and is, at best, 32.07% with 5
subprofiles. For the PCE at order 3, the LOO error is 63.74% with 2 subprofiles
and is, at best, 28.54% with 4 subprofiles. Due to the high number of simula-
tions compared to the Monte-Carlo process, no order above, nor higher number
of subprofiles is considered. In the Figure 5.8, the LOO error does not seem to
decrease significantly with more than 3 subprofiles. Not enough data is available to
determine if the LOO error will converge toward a certain value with the number
of subprofiles ng, and the order p and, if so, at what pace.

The main PCE results of the best case w.r.t. the LOO error, among the cases
discussed in Table 5.4 are given in table 5.5 (case p = 3 and n,, = 4). The PDFs
of the LOL, LOE and cost are given in Figures 5.9a, 5.9b and 5.9¢ respectively.
The Sobol’ indices of the LOL, LOE and cost are given in Figures 5.10a, 5.10b and
5.10c respectively.
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Table 5.5: Order p = 3, number of subprofiles ny, = 4 PCE Main Results

Name Values
Number of profiles/full basis n,,, 572
Number of simulations ngjm. 2288
Mean LOL [hours/year] —24.75
LOL standard deviation [hours/year] 24.98
Mean LOE [MWh/year] —1634.43
LOE standard deviation [MWh/year| | 1788.28
Mean cost [€/year] 4.453.10°
Cost standard deviation [€/year] 4.272.10°
Leave-One-Out error (LOL) [%] 36.76
Leave-One-Out error (LOE) [%] 28.54
Leave-One-Out error (Cost) [%] 117.61
| 0:0200 0.00025- L5
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Figure 5.9: PDFs for outputs (Order p = 3, number of subprofiles ngy, = 4), (a)
LOL [hours/year], (b) LOE [MWh/year], (c) Cost [€/year]
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Figure 5.10: Sobol indices for outputs (Order p = 3, number of subprofiles ny, = 4),
(a) LOL [hours/year], (b) LOE [MWh/year], (c) Cost [€/year]
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Even considering the relative high LOO error on the outputs with the linear
extrapolation and the subprofiles, the LOO error of the LOE (28.54%) and the
LOO error of the LOL (36.76%) are considered decent in this thesis, and an analysis
of the adequacy through the PCE is given in section 5.3. Solutions and future work
in perspective to reduce the LOO error are given in chapter 6. Considering the
high LOO error of the cost (117.61%) w.r.t. the LOO error of the other outputs,
this output is not taken into account for the analysis.

Firstly, as explained in Section 2.3, the total-order Sobol’ indices quantify the
total impact of a stochastic input parameter, including all mutual interactions.
Among the different inputs considered, 4 different inputs seem to have the most
impact on the LOL and the LOE, considering their Sobol” indices compared to
those of the 6 other inputs. The Wy gen1, Uttr,gen2, Uttf,gen2 aNd Ustf gen1 have the
highest Sobol” indices for LOL (> 0.15, see 5.10a) and for LOE (> 0.2, see 5.10b).
The meaning is that the TTF and the TTR of generator 1 and generator 2 are
relatively highly related to the final LOL and LOE. This result is rather logical
because they are the generators with the highest p,,.. and an outage of one of those
generators will have the highest chance to not be able to balance the production
and the demand, compared to a generator with a lower p,,.. at the same time.

Secondly, the given PDFs on the Figures 5.9a (LOL) and 5.9b (LOE) can
be compared to the PDFs obtained thanks to the original Monte-Carlo process,
represented in Figures 4.3a (LOL) and 4.3b (LOE). As no negative LOL and LOE
values are generated in the Monte-Carlo process, all the generated negative LOE
and LOE from the PCE are nullified and new means are computed. The Kernel
Distribution Estimate (KDE) is used to represent the distributions, as found in
[18]. The blue dotted lines give the mean LOL/LOE from the PCE distribution
while the red dotted lines give the mean LOL/LOE from the MC distribution.
Those values are, LOLEpcgr = 2.67 hours/year, LOEEpcr = 106.14 MWh /year,
LOLEy ¢ = 12.87 hours/year and LOEEy;c = 105.56 MWh /year.

While LOEE);c and LOE Epcg are relatively close, LOLE ;¢ and LOLEpcg
are relatively different from each other. Generally speaking, the distributions
from the PCE are more concentrated on values relatively close to zero, while the
distributions from Monte-Carlo are more widespread for large LOL/LOE. This can
be partly explained by the fact that every uncertainty is not represented in the
PCE process, e.g., the uys and uy, of the lines, which gives more chance to not
have any LOE and LOL on a whole year. Another part of the explanation can be
the relatively high value of the LOO error, discussed previously.
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Figure 5.11: Kernel Distribution Estimate (KDE) of the LOL and LOE for Monte-
Carlo (MC) and Polynomial Chaos Expansion (PCE)

5.3 Post-Processing

When dealing with Polynomial Chaos Expansion (PCE), if a sufficient number
of samples, denoted as n,,,, are available, the PCE can be trained. Similar to
functions, the trained PCE can return outputs for LOL, LOE, and cost, based on
the given inputs. With multiple samples, it is possible to plot distributions, as
illustrated in Figures 5.9a, 5.9b, and 5.9¢. In this section, since we aim to identify
which uncertainties contribute most to the prevention of LOE/LOL, we focus on
analyzing LOE as the output, in relation to its inputs.

In Figure 5.12, the distribution is divided into two parts. The part in green is
called System Working and represent the cases where the LOE is negative or zero.
The part in red is called System Failing and represent the cases where the LOE
is positive. It is worth noting that, in the Study Case considered, a system has a
success rate of 83.4%, i.e., be a System Working.
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Figure 5.12: LOE distribution divided in two parts: System Working (green) or
System Failing (red)

Considering the output with its inputs, it can be possible to build a Decision
Tree as seen in Figure 5.13. Decision Trees (DTs) are a non-parametric super-
vised learning technique utilized for both classification and regression tasks. The
objective is to develop a model that predicts the value of a target variable by
deriving straightforward decision rules from the data features. This approach can
be viewed as a piecewise constant approximation of the target variable [34]. From
the 572 already existing samples in the training set, 10 000 new samples have been
generated to increase representativeness.

In the Figure 5.13, the decision nodes are the boxes with a decision in the first
line, the second line "samples" is the number of samples on which the decision is
applied, the third line "value" is the ratio of samples that provide Systems Working
or Systems Failing and the fourth line is the "class" which can be "sucess' or "fail"
depending on whether the majority of the samples provide Systems Working or
Systems Failing. The leaves are the boxes with three lines at the end of the tree. A
first decision is made to divide the 10 572 samples, based on the value of us s gen-
If this value is above 0.18 (TTF =~ 397 hours for the generator 1, see Eq. 3.11),
the system has approximately 89.7% chance of being a System Working, while the
system has approximately 55.7% chance of being a System Working. A second
decision is made, based on the value of uf gen2. For the case where u s gent < 0.18,
if Urtfgena < 0.24 (TTF < 549 hours for generator 2), the system has 23.6% to be
a System Working and 65.7% if s gena > 0.24. For the case where s gen1 > 0.18,
if Uy fgens < 0.17 (I'TF < 373 hours for generator 2), the system has 65.5% to be
a System Working and 94.6% if uyf gen2 > 0.17. This Decision Tree shows that
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by dividing the space of the inputs by three decisions, scenarios giving a high
percentage of Systems Working or a low percentage of Systems Failing can be
found. wsfgen1 and g gene are important variables when it comes to making those
decisions. Exactly as for the explanations of the Sobol’ indices from Figure 5.10b,
the meaning is that the TTF of the generator 1 and generator 2 are relatively highly
related to the final LOL and LOE. This result is rather logical because they are
the generators with the highest p,... and an outage of one of those generators will
have a greater impact on the LOE than a generator with lower p,,., at the same time.

samples = 10572
value = [8822, 1750]
class = success

Gen_1_uTTF <= 0.18}

Gen_2_uTTF <= 0.24
samples = 1939
value = [1080, 859] value = [7742, 891]
class = success class = success

[\ [\

samples = 461 samples = 1478 samples = 1470 samples = 7163
value = [109, 352]| |value =[971.0, 507.0]|value = [963.0, 507.0] | |value = [6779, 384]
class = fail class = success class = success class = success

Gen_2_uTTF <= 0.17
samples = 8633

Figure 5.13: Decision Tree with a maximum depth of 2, the first decision is based
on the value of s 4en1 and the second ones are based on the value of s gen2

The next step should be to represent the Decision Tree Performance Metrics by
3 different performance metrics, applied to each tree leaf in Figure 5.14.

o Interpretability: This refers to how "easily" the decision tree model can be
understood. In this context, interpretability is inversely related to the number
of unique features (uncertainties) used by the tree. If a tree uses fewer features
to make its decisions, it is considered more interpretable.

o Coverage: In this context, this is the accuracy of the decision tree when
tested on the entire dataset. It indicates how well the model is performing in
classifying the data points correctly.
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e Cross-Validation Coverage: This is the average accuracy of the decision tree
across multiple folds of cross-validation. Cross-validation helps in assessing
the model’s performance and robustness by training and testing it on different
subsets of the data. In Figure 5.14, the coverage of a 5-fold cross-validation
analysis is shown.

Figure 5.14 shows the score of the metrics described below in the Decision Tree
from Figure 5.13. It is observed that the coverage and the cross-validation coverage
scores do not increase significantly after 4 tree leaves, while the interpretability
tends to decrease with the number of tree leaves. Fully grown trees tend to overfit
data (produce non-significant splits), which can lower the prediction performance
and make the algorithm heavier [7]. Having more than 4 tree leaves is, thus, not
necessary, as having more makes the algorithm heavier and does not increase the
cross-validation coverage and coverage significantly. 3 tree leaves, as displayed in
Figure 5.13, also provide relatively similar cross-validation coverage and coverage
score to 4 tree leaves.

Decision Tree Performance Metrics

—&— Interpretability
1.0 1 X Coverage
—&— Cross-validation Coverage

0.8 1

0.4

0.2

0.0 . . . . ; .
5 10 15 20 25 30

Number of Tree Leaves
Figure 5.14: Decision Tree Performance Metrics (Interpetability, Coverage, Cross-
validation Coverage), the coverage and the cross-validation score does not increase
significantly after 4 tree leaves

The Figures 5.15 and 5.16 show the impact of the TTR and TTF of the
generator 1 on the LOE, a red point representing a System Failing and a green
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point representing a System Working in the (urrr gen1, UrTr gen1)-plane for Figure
5.15 and in the (gen. 1 TTF, gen. 1 TTR)-plan for the Figure 5.16 (see Eq. 3.11
and 3.12 to understand how to pass from urrp gen1/UrrR gen1 to gen. 1 TTF/TTR).
Globally, a remarkable concentration of Systems Failing compared to the global
success rate can be observed when urrp gen1 is a low value (typically urrp gen1 < 0.2
or TTF < 446 hours) and uprp gent is @ high value (typically urrg gen1 > 0.6 or
TTR > 46 hours). This result is logical, as the TTR and the TTF of the generators
1 and 2 are highly related to the output LOE. A high TTR and a low TTF imply
a low availability of the generator on the grid, thus increasing the chance of not
being able to provide electricity when needed.

1.0 1

I o o
IN o ©
A

impact of Gen_1_uTTR

o
[N]

0.0 A

0.0 0.2 0.4 0.6 0.8 1.0
impact of Gen_1_uTTF

Figure 5.15: (UrrF gen1, UrTR,gen1 )-Plane with System Working (green) and System
Failing (red) (10572 samples)
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Figure 5.16: (gen. 1 TTR, gen. 1 TTR)-plane with System Working (green) and
System Failing (red) (10572 samples)

When dealing with generators, it can be relevant to link their TTF and TTR
under the availability o, of the generator, giving the mean time they are working
on the total time (see Eq. 5.14).

TTF
TTEF+TTR

By representing TTR as a function of TTF (T'TR =TTF %%), it is possible
to represent the lines where the generator 1 has an availabiﬁty of agen, = 0.7,
Ogen, = 0.8, agen = 0.9 and e, = 0.95 in Figure 5.17. To analyze this graph,
we can imagine that a line (let us say 0.9), divides the space of points into two
subspaces. The subspace "above" the line is the subspace where the availability of
generator 1 is below 90%, i.e., TTR > éTTF. On the other hand, the subspace
"below" the line is the subspace where the availability of generator 1 is above 90%,
ie, TTR < %T TF. Quite logically with the analysis already done, the availability
of the generator 1 seems to have a significant impact on the LOE as a higher
concentration of Failing Systems is present in the subspace where the availability of
generator 1 < 90% than in the subspace where the availability of generator 1 > 90%.

(5.14)

Qgen =
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Figure 5.17: (gen 1 TTR, gen 1 TTR)-plane with System Working (green) and
System Failing (red) (10572 samples), the points on the lines of 0.7, 0.8, 0.9, 0.95
show the points where the availability of the generator 1 is age, = 0.7, @ge, = 0.8,
Ogern, = 0.9 and oge,, = 0.95 respectively

The data presented in Figure 5.17 can only show the division between high
availability (> 90%) and low availability (< 90%) for one generator. This choice
of division at 90% of availability for each generator is arbitrary and is lower than
the mean availability of each generator (MTTF/(MTTF + MTTR) = 97.56%)
Considering this division between high availability (> 90%) and low availability
(< 90%) as a decision, it is possible to display a decision tree based on the avail-
ability of multiple generators as presented in Figure 5.18. For each level, a decision
is made based on whether the availability of a certain generator is greater or less
than 90%. The percentage of Working Systems for all the Systems of a leafnode is
written in red and the percentage of samples from the 10 572 samples is given. The
labels "worst" and "best" correspond to the percentage of Working Systems with
the worst /best decisions, according to the percentage of Working Systems, with
the remaining uncertainties (cu,,p1 and au, pas for the level 5 (5th level of division,
starting from the top) and o, p1, Que pes, the availability of the generator 3 and
the availability of the generator 4 for the two leafnodes at level 3). The decision on
the availability of a wind farm v, is based on whether the availability is greater
than or less than the average wind farm availability 0.804.
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Figure 5.18: Decision Tree according to the availability of the 4 generators, "worst"
and "best" stand for the variation of the ratio of Working Systems when the other
uncertainties are taken into account (typically the wind farm availabilities o)

Figure 5.18 shows that the main parameters to control when dealing with
adequacy in the Study Case are the availability of generator 1 and the availability
of generator 2. If their respective availabilities are greater than 90%, there is
97.04% chance to have a Working Systems out of the possible Systems for those
two decisions. Even with availabilities of generators 3 and 4 less than 90% and
availabilities of the wind farms less than 80.4%, the percentage of Working Systems
is 86.2% (worst scenario). On the other hand, if the availabilities of generators 1
and 2 are less than 90%, there is only 4.68% to obtain a Working System. The
results are less certain when a high availability for generator 1/2 is combined with
a low availability for generator 2/1, with Working Systems percentage between
60% and 65%. Those scenarios can be divided according to decisions based on the
availability of generators 3 and 4. Depending on the scenarios, a shade of Working
Systems percentages can be observed from 32.8% when the generator 2 has a high
availability while generators 1, 3 and 4 have a low availability to 72.4% when the gen-
erators 1, 3 and 4 have a high availability while the generator 2 has a low availability.

68



Without surprise, the availability of generators 1 and 2 has a greater impact on
the ratio of Working Systems to all Systems. It is mainly because those generators
have the highest p,,q; W.r.t. the p,q. of the other generators. When an outage of
one of those generators occurs, there is a higher chance of not meet the demand than
with other generators. This chance is increased as availability is low because there
are more hours for which the demand cannot be met. The impact of generators 3
and 4 is relatively lighter compared to this of the generators 1 and 2. As explained,
it is due to the difference in p,,q., the generators 3 and 4 having a lower p,,q, than
that of the generators 1 and 2. The impact of the availability of wind farms is
relatively light compared to the other uncertainties. When the demand is not met
at a certain hour, it is frequently because one or multiple outages of generators
occur during a drop of wind power production. As the wind power production
is at a drop, e.g., there is almost no wind, the availability of the wind farm does
not offer a high variation of power compared to the variation of power when a
generator is working or failing.

It is worth saying that the Working Systems percentages are obtained from a

finite number of samples; thus, problems of under-representation can occur when
dealing with a relatively small number of samples.
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Chapter 6

Discussion

Observing the results of the previous section, the difficulty of finding an adequate
PCE for the proposed Power System Adequacy Assessment simulation is present.
No article from literature or book found on the casual communication channels
deals with Power System Adequacy Assessment and PCE at the same time. The
usual use of PCE in the context of Power Grid context is when dealing with the
modification of the power injection at each node with stochastic demand and
renewable energy sources [27][22] and not the Loss-of-Load (or Loss-of-Energy) of
a Power System over a certain time.

The PCE is first applied to the Study Case with the following assumptions
summarized:

Instead of setting uncertainties on the TTF and TTR of each wind turbine in
each wind farm, a global availability . is used to describe the percentage
of working wind turbines for one wind farm.

As opposed to Monte-Carlo, the TTR and the TTF of each generator are fixed
as constants for a whole simulated year. This helps reduce the uncertainty
on the number of different TTR and TTF for a whole simulated year, as
new TTR and new TTF were generated after each failure/repair in the
Monte-Carlo process.

Instead of working with 100 different wind profiles in the Monte-Carlo process,
1 wind profile is considered for the entire PCE process to compare two different
samples more efficiently.

10 uncertainties are considered: the TTF and TTR of the 4 generators
with Pz > 0, based on the random uniform variables ¢, uy, and the
availability «,, of the two wind farms having the highest p,,q., based on a
normal distribution.
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o The lines and synchronous condensers are considered as ideal (MTTF — oo
and MTTR = 0) considering their mean availability at 99.88% and 97.56%
(MTTF/(MTTF + MTTR)). The availability of the other wind farms are
considered constant on the average, thus always 80.4% of availability (see
subsection 3.2.2).

The main goal of those assumptions was to limit the number of uncertainties, which
can rapidly require an unmanageable number of samples because of the curse of
dimensionality (see subsection 2.3.4). The 10 uncertainties have been chosen in
order to match the results obtained from the Monte-Carlo process as accurately as
possible.

Applying the PCE naively to the Study Case with the presented assumptions
leads to a high LOO error (> 90% minimum) for order lower than p = 4. This
high error shows the impossibility of the PCE to represent the distribution of
LOL, LOE and cost accurately in that way. The given PDFs and Sobol’ indices
have, thus, no real meaning according to the Study Case. Two main reasons
can explain this problem. First, in the Monte-Carlo process, the LOE and the
LOL cannot be negative while the PCE does consider the existence of negative
LOE and LOL by continuity and because of their relative proximity to the neg-
ative limit for LOE and LOL. Secondly, for a generator having a certain TTF
and a certain TTR, the time the outages occur can have a large impact on the LOE.

Considering this, some new methods have been investigated. Firstly, one to
transform the LOE and LOL into continuous output variables thanks to the mono-
tonic curves. This monotonic curve is extrapolated (with a linear or a quadratic
function) if LOE = 0, to find a "potential LOL" and a "potential LOE" i.e., negative
LOL and LOE. This approach alone did not significantly increase the accuracy of the
PCE method, keeping a LOO error in the same range as what was computed naively.
Secondly, in addition to work with extrapolations, it has been decided to work with
subprofiles in order to represent the possible scenarios more accurately, depending
on the time where the outages of the generators can occur, and take the mean out-
put out of those subprofiles. Using a linear extrapolation of the monotonic curves,
from a regression over the last ney, = 50 points, and using n,, = 4 subprofiles
in order p = 3, reduces the LOO error at 28.54% for the LOE (36.76% for the LOL).

It must also be said that, in the present definition of the monotonic curve, the
maximal power flow of the lines F'(I,t) is not considered, leading to possible mis-
match between the monotonic curves and the true "potential LOL" and "potential
LOE". Other elements not taken into account in the Study Case (batteries, storage,
international interconnections, etc.) could also add to this mismatch for future
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works.

Let us note that the alternative of creating a mapping between the initial LOE
distribution and a possible distribution working with the PCE has been proposed.
The major problem with this technique seems to be that if we have a profile giving
LOE = 0, the information on the "vulnerability" of having a negative LOFE is
lost, i.e., two profiles giving LOE = 0 can have a high difference in "potential LOE".

While the results for only one uncertainty wur, genl were relatively interesting,
with a huge reduction of the LOO error for the LOE with multiple subprofiles in
order 3 (époo = 8.96% if ny, = 2 and p = 3 with quadratic extrapolation from
quadratic regression over negy., = 10 last points), the results were less encouraging
for 10 uncertainties with LOO error > 25%. A hypothesis for this reason could
be the high complexity of the system with the uncertainties interacting with each
other, giving a high diversity of possible subprofiles. Indeed, in the Study Case,
there is not only one generator anymore but 4 generators that can possibly have
outages at the same time, possibly giving high LOE. They can also never be down
at the same time, and when wind production can compensate for the potential
loss, give zero LOE. Then, a wide range of LOE can be obtained at the end for
one same profile. Considering all the different scenarios, with 10 uncertainties, 5
subprofiles are not nearly enough to capture a representative value of LOL and
LOE for a profile. Considering the high number of simulations (2860) for an order
3 PCE process with 5 subprofiles for each profile compared to Monte-Carlo (198),
this methodology must be adapted if more subprofiles are added, even more if more
uncertainties are considered in the Study Case or other Study Cases that are more
complex.

An important point to discuss is also the choice of the parameters for the
presented methodology to reduce the LOO error. The extrapolation of the mono-
tonic curve by a linear or quadratic function has been studied but other studies
can be conducted to verify the sustainability of extrapolation by other common
functions like logarithmic, square root, etc., which could approximate the potential
LOL and LOE better, possibly following more accurately the behavior of the
monotonic curves. Depending on the function, we choose the extrapolate with,
the number of last points e, to perform the regression over must be considered.
A t00 1oW Ny could lead to overfitting (more sensitive to points individually)
where a too high n..., could lead to underfitting (more sensitive to the general
shape of the whole monotonic curve). The empirical value of neg = 50 (and
compared wWith negirq = 5, Newtra = 10 and negyre = 20) for the analysis in Section
5.3 has been chosen but a systematic algorithm could be imagined to find the
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optimal number of last points considered for the regression, giving the minimal
LOO error. As explained in section 2.3, it is not possible to know in advance
how to choose the maximal polynomial degree. The crude approach would consist
of testing several truncation schemes of increasing degree (e.g., p = 2,3,4) [38],
keeping the number of samples manageable. The number of subprofiles ng, is
also a parameter to control. It has been explained that ngy, = 5 subprofiles can
somewhat not be sufficient when dealing with a large number of uncertainties but
can keep the number of samples required to perform the PCE manageable. Based
on the Figure 5.8 in Section 5.2, showing the evolution of the LOO error over the
number of subprofiles ng, for orders p = 2 and p = 3, the question of the LOO
error convergence has merit to being asked. Future studies could show if increasing
the number of subprofiles could really significantly reduce the LOO error or keep
the LOO error at a certain range of values. The LOO error in itself could also
be questioned as a relevant metric to deal with Power System Adequacy Assessment.

The number of samples needed to perform the PCE with a decent LOO error,
compared to the number of samples needed to converge toward the LOEE value
with Monte-Carlo, makes an interesting parallel with the research question, which is:

Could the PCE method be a better alternative to the Monte-Carlo method on
the Power System Adequacy Assessment problem to make it more efficient compu-
tationally?

Comparing the number of simulations with the PCE process giving the lowest
LOO error of 28.54% for LOE (p = 3, ng, = 4, linear extrapolation with ne,,, = 50),
2288 simulations are required compared with 198 with the Monte-Carlo method.
The complexity of the two algorithms is O(ngimy) and O(nyeq, respectively and it
takes approximately 87 sec to perform a simulation or a Monte-Carlo year with an
AMD Ryzen 5 5600U with Radeon Graphics 2.30 GHz. Even if the PCE enables
the analytical derivation of distribution parameters and sensitivity indices, such
as Sobol” indices, from the surrogate model’s coefficients [25], which is a valuable
advantage compared to Monte-Carlo, it does require more than 10 times more sim-
ulations in a simple Study Case and considering only 10 uncertainties. A solution
to speed up the process and make the PCE process less greedy in simulations can
be explored in the change of the PCE method, making it more suitable for the
Adequacy Assessment problem.

The change in the PCE method has been briefly studied through different

existing methods. The Sparse PCE [25] can approximate computer models with
many input parameters, relying on only a few model evaluations, it seems interesting
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to make the computations faster as fewer evaluations are needed. It could be a
great future work to reduce the number of simulations required by the PCE process
and compete with the Monte-Carlo process. The Adaptive sampling is a sequential
optimal sampling that is capable of adding new samples based on the most recent
basis polynomials and also re-utilizing the old set of samples, it also seems rather
interesting because the function can adapt the distribution of the points and focus
the resources on where the complexity is the highest. Another idea was to make use
of the Multi-Elements PCFE, whose purpose is to decompose the space of random
inputs when the relative error in variance becomes greater than a threshold value.
In each subdomain or random element, we then employ generalized polynomial
chaos. Several methods exist in the literature:

« Adaptive multi-element generalized polynomial chaos method [44].

o Multi-element polynomial chaos expansion based on automatic discontinuity
detection for nonlinear systems [12].

o Multi-element non-intrusive Polynomial Chaos method using agglomerative
clustering based on the derivatives to study irregular and discontinuous
Quantities of Interest [43].

o Anisotropic multi-element polynomial chaos expansion for high-dimensional
non-linear structural problems [2].

Those methods have not been deeply analyzed in our model and can be possible
insights for future works.

As previously said, one of the greatest advantages of the PCE compared to
Monte-Carlo is to enable analytical derivation of distribution parameters and
sensitivity indices, such as Sobol” indices, from the surrogate model’s coefficients
[25]. Another advantage of Monte-Carlo is its advantage to generate new samples
with more simulations than the number required to train the model and perform
analysis, as shown in the subsection 5.3. Even considering the high LOO error,
a complete analysis with a Decision Tree is presented in Figure 5.18. It shows
the generators having the most impact on the power system, for which, a low
availability could cause a high probability of LOE. In this trivial example, we
could guess that the generators having the highest p,,q. could give the highest rate
of Systems Failing if their availabilities were lower than 90%. Nevertheless, this
analysis could be performed on a more complex Study Case like the Belgian Grid.
Analysis performed with the PCE on real Grid could offer a better understand-
ing of the impacts of uncertainties, which can help make more robust decisions
concerning power grid management, infrastructure planning and energy policies [47].
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Finally, it is important to note that uncertainties could occur at many levels in
a power system. The initial Power System Adequacy Assessment simulation only
considers as uncertainties the possible outages of wind turbines, generators and
lines and the production of renewable energy. Other uncertainties can be set e.g.,
by the load share, the value-of-the-loss-load (VOLL), etc.
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Chapter 7

Conclusion

Through this thesis, we explore the context of the Power System Adequacy Assess-
ment with different methods, the deterministic and the probabilistic ones. The
adequacy metrics are also given. An overview of the Monte-Carlo Method and the
Polynomial Chaos Expansion (PCE) is given, along with the use of the PCE method
in a Power System context. The first methodology is based on a Power System
Adequacy Assessment simulation [18], working originally with the Monte-Carlo
method. The PCE method replaces the Monte-Carlo method thanks to the Python
package Rheia [11]. The chosen Study Case is a modified IEEE 30-Bus System,
including 11 wind farms and other various modifications. The Monte-Carlo method
is used on that Study Case to find the LOLE and the LOEE, and it serves as the
gold standard for the whole thesis. The PCE method is also applied, removing
the uncertainties for Monte-Carlo and fixing 10 uncertainties on main units (8 on
generators and 2 on wind farms).

As the results were not optimal, it has been decided to explore diverse pos-
sibilities to reduce the LOO error. By extrapolating on the monotonic curve of
each profile to obtain negative LOL and LOE when LOL and LOE are normally
zero, new distributions were found but with a new non-optimal LOO error. By
using subprofiles and monotonic curve extrapolation, relatively optimal results
(according to the LOO error) are found for 10 uncertainties because of the high
degree of interactions between uncertainties, needing more subprofiles to capture
relevant results but being computationally orders of magnitude less efficient than
the Monte-Carlo method. An analysis of the best case, according to the LOO error
is provided, showing the large impact of the availability of the more important
generators, in terms of p,,.., on the adequacy of the Study Case.

In that field of knowledge, areas of future research can be operated to make
efficient use of the PCE method.
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Firstly, improvements of the current method can be performed in particular
on the steps to reduce LOO error. The monotonic curves could include, one way
or another, the limitations of the maximum power flow through the lines and
other elements from more complex power systems (batteries, storage, etc.). Other
common functions to extrapolate the monotonic curves can be considered, as the
logarithmic and/or the root-squared functions. The number of last points 7eq
considered for the regression could be automatically set between two bounds to
minimize the LOO error. A further analysis can also be operated to explore if the
LOO error is effectively decreasing with higher order p and number of subprofiles
nsp than presented in this thesis.

Other research can be conducted in the PCE method. Considering the high
number of simulations, compared to Monte-Carlo, required to obtain a decent
LOO error, exploring the Sparse PCE method. It is often observed a posteriori a
PCE process that the non zero coefficients in the expansion form a sparse subset.
A suitable sparse basis could be used instead of computing useless terms in the
expansion which are eventually negligible [38]. The Sparse PCE method could
reduce drastically the number of simulations required to perform the PCE process
and, thus, compete with the Monte-Carlo in terms of performance.

When the PCE is trained, the PCE method offers the advantages of analyzing
the sensibility of the outputs to certain values of inputs and of generating multiple
inputs-outputs to study the tendencies of a model. A further interesting work could
be to perform PCE on a more complex Study Case like the Belgian grid following
the methodology described in this thesis. This could offer a better understanding of
the impacts of uncertainties, which can help make more robust decisions concerning
power grid management, infrastructure planning and energy policies.
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Appendix A

Calendar

On the following Table A.1, the dates of meetings and subjects of weekly work are
listed. People involved are referenced following the list:

o AT: Alexandre Trifin (Writer)

« CV: Camille Vanhoenacker (ex-Writer)
o AH: Aurélia Hernandez (Reader)

« DC: Diederik Coppitters (Reader)

« FC: Francesco Contino (Supervisor)

o EDJ: Emmanuel De Jaeger (Supervisor)

Table A.1: Calendar of the Master’s thesis

Dates Object People

11/10 First Meeting online AT, CV, AH, DC, EDJ
11/10 - 08/11 Literature research AT, CV

08/11 Tools introduction (Julia, Gurobi, Rheia) AT, CV, AH, DC
08/11 - 22/11 Tools setup and software handling AT, CV

22/11 Adequacy: theoretical background (1) AT, CV, AH
22/11 - 27/11 Question of research AT, CV

27/11 Adequacy: theoretical background (2) AT, CV, AH

28/11 PCE: theoretical background AT, CV, AH, DC
28/11 - 23/01 | Test model research + Adequacy and PCE AT, CV

23/01 Presentation of the first semester work AT, CV, AH, DC, FC, EDJ
23/01 - 31/01 Test connection adequacy + PCE AT, CV

IT




31/01
31/01 - 14/02
14/02
14/02 - 19/02
19/02
19/02 - 27/02
27/02
27/02 - 06/03
06/03
06/03 - 12/03
12/03
12/03 - 20/03
20/03
20/03 - 29/03
29/03
29/03 - 10/04
10,/04
11/04
11/04 - 17/04
17/04
17/04 - 25/04
25/04
25/04 - 29/04
29/04
29/04 - 13/05
13/05
13/05 - present
22/05
27/05

Meeting about the tests
Poster preparation for the poster session
Poster session
Background writing
First face-to-face meeting
PCE loop+random var.+PCE+MC
Meeting about the week’s work
MC+PCE loop+random var.+results
Meeting about the week’s work
Wind turbine availability + ME-PCE
Meeting about the week’s work
Multi-Element PCE Research
Meeting about the week’s work
Monotonic curves problems (1)
Meeting about the week’s work
Monotonic curves problems (2)
Meeting about Monotonic curves problem
Meeting about Monotonic curves problem
Mono. (tan., lin., quad.)+LOE Subspace
Meeting about the week’s work
Focus on one parameter
Meeting about the week’s work
Focus on one parameter
Meeting about the week’s work
Subprofiles
Meeting about the week’s work
Writing of the thesis
Little meeting
Review of the Master’s thesis

AT, CV, AH, DC
AT, CV
CV, AH, DC, FC
AT, CV
AT, CV, AH, DC, FC, EDJ
AT, CV
AT, CV, AH, DC
AT
AT, AH, DC, FC, EDJ
AT
AT, AH, DC
AT
AT, AH, DC, FC
AT
AT, AH, DC
AT
AT, AH
AT, DC
AT
AT, AH, FC, EDJ
AT
AT, AH
AT
AT, AH, FC
AT
AT, DC
AT
AT, AH
AT, AH, DC
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Appendix B

Study Case IEEE 30-Bus System
Data

General

Table B.1: General

Parameter Value
VOLL [€/MWHh] 10000
Yearly Demand [TWh] 1.48955
Max Power Imports [MW] 0
Sp [MVA] 100
Ref Bus 1

« VOLL: Value of Loss-Load [€/MWh]
« Sp: Base power of the per-unit system [MVA]
» Ref Bus: Reference node (voltage angle © = 0)

« Max Power Imports [MW]: Simultaneous import limit of electricity [MW]

Yearly Demand [TWh]: Yearly electrical demand [MWh /year]

IV



Buses

Table B.2: Buses

bus;|type| pd | qq |gs| bs |arealv,, v, |baseKV |zone|vyqz [Vmin ;%
113]0]01(0[0]1]|1]|0] 132 1 1.06]0.94 0
2 | 2 |21.7]12.7]0{ 0| 1 |1|0| 132 1 11.06]0.94(7.657021877
311 (24]1.2(0{0] 1 |1]0] 132 1 ]1.06]0.94|0.846859562
4 |1 (76[16/0/0] 1 |1]0| 132 1 |1.06[0.94|2.681721948
51 2 1942/19]0{0| 1 |1|0| 132 1 ]1.06]0.94|33.23923783
6 1]0]0|0/0]1]1]0 132 1 |1.06(0.94 0
71 1 |22.8/10.9/0{0| 1 |1|0| 132 1 1.06]0.94|8.045165843
8 12 130[30|0/0] 1 |1]0| 132 1 [1.06]0.94(10.58574453
9 (1 ]0]0|0/0]1]1]0 1 1 |1.06(0.94 0
10| 1 [5.8] 2 |0(19| 1 |1]|0| 33 1 [1.06]0.94(2.046577276
11| 2 (0] 0]|0j0| 1 ]1]|0] 11 1 1.06]0.94 0
12 1 (11.2|75(0{0] 1 |1]0 33 1 ]1.06/0.94(3.952011291
13/ 2]0]0(0/0]11]|0] 11 1 |1.06(0.94 0
14| 1 16.2|16|0/0| 1 |1]0| 33 1 1.06]0.94|2.187720536
151 1 [82(25(0/0| 1 |1]0| 33 1 |1.06(0.94|2.893436838
16 1 (35(1.8/0/0| 1 |1]0| 33 1 ]1.06]0.94(1.235003529
171 1|9 |58(0/0| 1 |1]0| 33 1 ]1.06]0.94(3.175723359
18| 1 [3.2/09|0/0| 1 |1]0| 33 1 1.06]0.94|1.129146083
19 1 (95(34(0/0| 1 |1]0| 33 1 ]1.06]0.943.352152435
20 1 |22(0.7(0]|0] 1 1|0 33 1 1.06]0.94|0.776287932
21| 1 |17.5|/11.2/0{ 0| 1 |10 33 1 1.06/0.94(6.175017643
2211 |100(0[0] 11|05 33 1 ]1.06]0.94 0
2311 (32(16|0/0] 1 1|0 33 1 [1.06/0.94(1.129146083
24 1 |87(6.7(014.3] 1 1|0 33 1 11.06]0.94(3.069865914
25/ 10| 01|0[{O| 1 ]|1|0| 33 1 1.06]0.94 0
26| 1 (3.5/23|0{0| 1 |1|0]| 33 1 |1.06(0.94(1.235003529
271 10| 01|0[{O| 1 |1|0|] 33 1 1.06]0.94 0
281 1 |0 |0 |0O[{O| 1 |1|0| 132 1 1.06]0.94 0
29 1 |24(09(0[0] 1 |1|/0| 33 1 [1.06]0.94|0.846859562
30| 1 (10.6/1.9|0{0| 1 |1|0| 33 1 [1.06]0.94(3.740296401

gs: conductance [pul]

bus;: index of the bus

pa: active power injection of the bus [MW]

qq: reactive power injection of the bus [MVAR]

type: type of the bus (1: PQ bus, 2: PV bus, 3: Slack bus)




o bg: susceptance [pu]

e area: area of working

o Uy voltage magnitude [pu]

o v, voltage angles [pu]

e baseKV: base KV

e zone: zone of working

e Umar: Maximum voltage [pu]

* Upmin: minimum voltage [pu]

o d;%: Load share at each bus [%)]

Branches
Table B.3: Branches
bus from|busie| T T b |rateA|ratio|angmin|angmaes MTTEF\MTTR
1 2 (0.0192|0.0575/0.0528| 138 | 0 -30 30 | 20000 24
1 3 10.0452|0.1652|0.0408| 152 | 0 -30 30 | 20000 24
2 4 10.0570/0.1737|0.0368| 139 | 0 -30 30 | 20000 24
3 4 10.0132/0.0379(0.0084| 135 | 0 -30 30 | 20000 24
2 5 10.0472|0.1983]0.0418| 144 | 0 -30 30 | 20000 24
2 6 10.0581|0.1763]0.0374| 139 | O -30 30 | 20000 24
4 6 ]0.0119/0.0414(0.0090| 148 | 0 -30 30 | 20000 24
5 7 10.0460/0.1160(0.0204| 127 | 0 -30 30 | 20000 24
6 7 10.0267]0.0820/0.0170| 140 | O -30 30 | 20000 24
6 8 10.0120/0.0420(0.0090| 148 | 0 -30 30 | 20000 24
6 9 10.0000/0.2080(0.0000( 142 |0.978| -30 30 | 20000 24
6 10 |0.0000(0.5560|0.0000/ 53 |0.969| -30 30 | 20000 24
9 11 ]0.0000(0.2080|0.0000 142 |1.000| -30 30 | 20000 24
9 10 {0.0000(0.1100|0.0000 267 |1.000| -30 30 | 20000 24
4 12 ]0.0000(0.2560|0.0000| 115 |0.932| -30 30 | 20000 24
12 13 |0.0000(0.1400|0.0000/ 210 |1.000| -30 30 | 20000 24
12 14 |0.1231(0.2559]0.0000| 29 0 -30 30 | 20000 24
12 15 ]0.0662(0.1304/0.0000| 29 0 -30 30 | 20000 24
12 16 |0.0945(0.1987|0.0000/ 30 0 -30 30 | 20000 24
14 15 ]0.2210(0.1997|0.0000| 20 0 -30 30 | 20000 24
16 17 10.0524(0.1923|0.0000| 38 0 -30 30 | 20000 24
15 18 ]0.1073(0.2185|0.0000| 29 0 -30 30 | 20000 24
18 19 [0.0639(0.1292|0.0000| 29 0 -30 30 | 20000 24

VI




19 20 ]0.0340(0.0680(0.0000{ 29 0 -30
10 20 10.0936|0.2090(0.0000| 30 0 -30
10 21 10.0348|0.0749(0.0000{ 30 0 -30
10 22 10.0727]0.1499(0.0000{ 29 0 -30
21 22 10.0116|0.0236|0.0000{ 29 0 -30
15 23 10.1000{0.2020(0.0000{ 29 0 -30
22 24 10.1150(0.1790(0.0000| 26 0 -30
23 24 10.1320(0.2700{0.0000{ 29 0 -30
24 25 10.1885(0.3292|0.0000| 27 0 -30
25 26 10.2544(0.3800(0.0000{ 25 0 -30
25 27 10.1093|0.2087|0.0000{ 28 0 -30
28 27 10.0000]0.3960(0.0000] 75 (0.968] -30
27 29 10.2198|0.4153|0.0000{ 28 0 -30
27 30 10.3202|0.6027|0.0000{ 28 0 -30
29 30 10.2399(0.4533|0.0000{ 28 0 -30
8 28 10.0636|0.2000|0.0428| 140 | 0 -30
6 28 10.0169(0.0599|0.0130| 149 | 0 -30

30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30

20000
20000
20000
20000
20000
20000
20000
20000
20000
20000
20000
20000
20000
20000
20000
20000
20000

24
24
24
24
24
24
24
24
24
24
24
24
24
24
24
24
24

bus from : bus on one side which the line will be connected with

bus, : bus on the other side which the line will be connected with

r: Resistance [pu] with base sb=100 [MVA]

x: Reactance [pu] with base sb=100 [MVA]

b: Susceptance [pu] with base sb=100 [MVA]
rateA: Power capacity of the line [MW]

ratio: ratio of the transformers [%)]

angmaz: Maximum voltage angle of bus [°]

angmin: Minimum voltage angle of bus [°]

MTTF: Mean-Time-To-Failure of each line [hours]

MTTR: Mean-Time-To-Repair of each line [hours]
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Generators

Table B.4: Generators

bus| pg |dg|Imaz|@min|vgmBase|status| pmaz [Pmin|c(n — 1) ... |cOMTTF MTTR
9 |135.5/5| 10 | 0 |1| 100 1 |180.67| 0 0 18.42| 0| 2000 50

9 1135.5/5| 10 | O |1| 100 1 |180.67| 0 0 18.42| 0| 2000 50
12| 46 | 3| 46 |-40|1| 100 1 |61.33| 0 0 52.18/0| 2000 50
12| 46 | 3| 46 [-40|1| 100 1 ]61.33| 0 0 52.18/0| 2000 50

51 0 |0| 40 |-40|1| 100 1 0 0 0 0 [0 2000 50

8| 0 |15 40 |-10|1| 100 1 0 0 0 0 [0 2000 50
11 0 |9|24 | -6 |1]| 100 1 0 0 0 0 [0 2000 50
13/ 0 |9]24| -6 |1| 100 1 0 0 0 0 [0 2000 50

bus: bus connected to the generator

pg: active power of the generator [MW]

qq : reactive power of the generator [MVAR]

(maz : Max reactive power of the generator [MVAR]

Gmin : min reactive power of the generator [MVAR]

vg : voltage of the generator [pu]

mBase : Base power of the per-unit system [MVA]

status : 1 if in service, 0 if not

Pmaz: Max capacity of each generator [MW]

Pmin: Min capacity of each generator [MW]

c(n — 1): Quadratic marginal cost of each generator [€/MWh?]

.... Linear marginal cost of each generator [€/MWh]

c0: Fixed cost of each generator [€]

MTTF': Mean-Time-To-Failure of each generator [hours]

MTTR: Mean-Time-To-Repair of each generator [hours]
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Distributed Generators

Table B.5: Distributed Generators

Type Power_ MW|LF
Gas CHP 0 0
Biomass 0 0
Waste 0 0

e Power_ MW : Max capacity of each distributed generator

¢ LF: load factor

Renewable Energy Sources

Name Node|Pmax_ MW|Nb_ wt MTTFMTTR
Belwind 2 1160.9901642| 56 1060 | 290
C-Power 2 |331.5832506| 54 1060 | 290
Mermaid 2 1221.4320856| 28 1060 | 290
Nobelwind 2 ]155.3413866| 50 1060 | 290
Norther 2 1373.3842055| 44 1060 | 290
Northwester2 | 2 (205.7096543| 23 1060 | 290
Northwind 2 1223.6915966| 72 1060 | 290
Rentel 2 1290.6296123| 42 1060 | 290
Seastar 2 1237.2486631| 30 1060 | 290
P1_3500_15 | 13 728 49 1060 | 290
P23 _3500_15| 1 2782 185 | 1060 | 290

¢ Name: Name of offshore wind farms

e Nb_wt: Number of wind turbines in each offshore wind farm

o Pmax MW : Max capacity of each wind farm [MW]

o MTTF: Mean-Time-To-Failure of wind turbines in the concerned wind farm [hours]

o MTTR: Mean-Time-To-Repair of wind turbines in the concerned wind farm [hours]

Distributed Renewable Power

Table B.7: Distributed Renewable Power

Psolar MW | Ponshore MW

Phydro_ MW

0

0

0
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o Psolar_ MW: PV capacity [MW]

o Ponshore_ MW: Wind onshore capacity [MW]|

e Phydro_ MW: Hydro capacity [MW]

Imports
Empty

Pumped Hydro Storage (PHS)
Empty

Hydrogen Technology

Table B.8: Hydrogen Technology

Elec. 1 [-]{H2toP 7 [-]|Compression 7 [-]

€ Elec. [€/MWh]

€ H2 Impo. [€/MWh]

0.7 0.43 0.09

0

150

o Elec. n [-]: Efficiency of electrolyzers [-]

o H2toP 5 [-]: Efficiency of hydrogen-to-power units [-]

o Compression 7 [-]: Electrical consumption for H2 compression to 350 bars [MWh_el/MWh_H?2]

o € Elec. [€/MWh]: Operational cost of electrolyzers (not including the fuel cost

and compression needs) [€/Mwh__

el

o € H2 Impo. [€/MWh]: Cost of H2 imports [€/Mwh_ h2]

Batteries
Empty

Hydrogen Pipelines
Empty

Hydrogen Imports
Empty

Hydrogen Demand

Table B.9: Hydrogen Demand

Annual H2 demand [kt/year]

H2Flex share [-]

H2Fixed share [-]

0

0.5

0.5




e Annual H2 demand [kt/year|: Yearly H2 demand [kt_ H2/year]
o H2Flex share [-]: Share of flexible H2 demand [-]

o H2Fixed share [-]: Share of fixed H2 demand [-]

Electrolyzer
Empty

Hydrogen to Power
Empty

Hydrogen Storage
Empty

Electric Vehicles

Table B.10: Electric Vehicles Part 1

VO share [-]|[V1H share [-][V1M share [-][V2H share [-]Number of EVs [-]
1 0 0 0 0

Table B.11: Electric Vehicles Part 2

Charger Power [kW]|Yearly Distance [km/year/car]|Car Efficiency [kWh/km)]

7 15000 0.18

Number of Evs [-]: Number of EVs in 2030 [cars]
e VO share [-]: Share of VO vehicles [-]

o VI1H share [-]: Share of V1H vehicles [-]

o V2H share [-]: Share of V2H vehicles [-]

o VIM share [-]: Share of VIM vehicles [-]

o Charger Power [kW]: Power of EV charger [MW]
o Yearly Distance [km/year/car|: [km/year/car]

o Car Efficiency [kWh/km]: [kwh/km]
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Load Shifting

Table B.12: Load Shifting

Max shift pow. [MW]Max daily shift ener. [MWh/day]

Shift cost [€/MWHh]

0

0

50

o Max shift pow. [MW]:

Max shiftable power [MW _ el

o Max daily shift ener. [MWh/day]: Maximum daily shiftable energy [MWh__el/day]

o Shift cost [€/MWh]: Cost to shift energy [€/Mwh]

Voluntary Load Sheding

Table B.13: Voluntary Load Sheding

Max shed power [MW]

Max daily shed energy [MWh/day]

Shed cost [€/MWh]

0

0

300

o Max shed power [MW]: Max voluntary shedable power [MW]

o Max daily shed energy [MWh/day]: Max voluntary shed energy per day [MWh/day]

o Shed cost [€/MWHh]: Cost to shed energy [€/MWHh]

Heat Pumps

Table B.14: Heat Pumps Part 1

HPO share [-]|HP1H share [-]HP1M share [-] Number of HPs [-]

1

0 0 0

Table B.15: Heat Pump Part 2

Yearly Demand [TWh/year]|COP [-]HP Thermal Power kW__th]

0

3 10

o HPO share [-]: Share of HPO heat-pumps [-]

o HP1H share [-]: Share of HP1H heat-pumps -]
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HP1M share [-]: Share of HP1M heat-pumps [-]

Yearly Demand [TWh/year|: Yearly electrical demand from heat-pumps [MWh/year]
Number of Hps [-]: Number of HPs in 2030 [HPs]

COP [-]: COP of heat-pumps [Wyy, /W]

HP Thermal Power [kWy;]: Elec power of installed HP [M W]
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Appendix C

Source Code

Please access the present link:
https://github.com/atrifin/MPDCOPF-PCE
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