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1 Introduction

Renewable power supply is a key element for mitigating climate change and a logical
starting point towards a sustainable way of life and economy. It can be used to electrify
other energy consuming sectors apart from electricity itself [50]. In the last decades the
share of renewable energy in the German power supply increased from 3.4% in 1990
to 37.8% in 2018 [6] and is planned to further increased [4, 5, 19]. Renewable energy
influences the optimal grid construction [11, 12, 51], the grid stability [24, 66], the need
for backup and storage technologies [19, 24] and wholesale electricity prices [10, 25].
To estimate the weight of these aspects the statistical properties of renewable power

generation need to be well understood.

Wind and solar power generation are highly variable, as they dependent on weather
conditions. Solar power generation mostly depends on season and daytime [65], wind
power generation exhibits more irregular variations [50] with little seasonal impact and
large periods of high and low wind power generation [62]. In particular, the likeliness of
such long periods is significantly larger than predicted by an exponential distribution,
which describes the waiting time distribution in simple stochastic processes. Especially
long periods of low wind power generation are crucial for a reliable supply with electric
energy. They cannot be covered by the current and planned storage infrastructures and

thus require dispatchable backup power plants.

Therefore, the variable feed-in of renewable power, especially wind power, has an im-
portant impact on the electricity market prices. This leads to the question whether the
electricity price time series displays similar patterns as the wind power generation time
series. Does large persistence of high or low wind power generation manifest in large
persistence of low or high electricity prices? Is the persistence statistic of electricity
prices heavy tailed? I will study this question by analyzing normalized time series of the

day-ahead wholesale electricity prices.



1 Introduction

For a start, I will review some fundamental aspects of stochastic processes and data
analysis in chapter 2 and discuss renewable energy systems in chapter 3. I will then
analyze the wholesale electricity price time series for the German market in chapter 4. 1
will start the analysis by taking a closer look at possible factors influencing the pricing
of electricity. Electricity prices display strong daily, weekly and seasonal patterns, which
proofs to be problematic in the further analysis. To circumvent this problem, I will
introduce and compare different normalization methods to remove trends and recurring
patters. For normalized time series I will calculate the waiting time distribution of high
and low price states and compare it to an exponential maximume-likelihood fit and the

kurtosis of an exponential distribution.



2 Stochastic Basics

Today a world without stochastics is hard to imagine, but there has been a time where
mathematicians believed it was inherent to random phenomena that they cannot be
mathematized. The beginning of the scientific study of probabilities is considered to be
the correspondence between Blair Pascal and Pierre Fermat in 1654. Starting from the
approach to predict chances in gambling, today there is a broad axiomatic foundation

for probability theory.

Stochastics can be divided into two parts. Probability theory, which studies random
experiments on the basis of assumed to be known mathematical models and statistics,
which analyses data with the help of stochastic models. Statistics is one of the, if not
the most common application of modern mathematics. Stochastic descriptions are used
for a whole variety of topics. In quantum mechanics probability is a constitutive element

with no deterministic equivalent [47].

Particularly for this thesis basic stochastic concepts are of central importance. To analyze
patterns in velocities of wind and electricity prices concepts of probability theory are
needed. Therefore, this chapter lays the foundation for the following chapters, especially
the data analysis in chapter 4.

2.1 Fundamental Terms

This section concentrates on the basic concepts of probability, providing the fundamen-

tals for the analysis of stochastic processes and time series in this thesis.

2.1.1 Probability Space

A probability space is a mathematical concept for random experiments describing ob-

servable outcomes of an experiment. It is a measurable space and is given by (2, F, P),
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where (2 is the sample space, F is the system of all possible outcomes and P is the prob-
ability distribution. To understand this definition I will introduce the parts it consists
of.

2.1.1.1 Sample Space

The sample space 2 # () is interpreted as the set of all possible outcomes of a random
phenomenon. The different possible outcomes are the elements of the sample space and
are called elementary events. The elementary events themselves are represented by w €
Q2 [16]. It is important to note that the sample space is restricted to the extract of reality
which is important to the experiment, i.e. when rolling a dice it is only important which
side it shows and not the exact place on the table it comes to rest at. This reduction
allows to concentrate on the crucial parts of the experiment. Therefore it is important to
decide which idealizing assumptions can be made when modeling 2 [23]. Furthermore,
it is often not even relevant which exact elementary event occurs, but only a certain

subset of all possible results is relevant. This is where F comes in.

2.1.1.2 System of all Possible Outcomes F

When defining F the aim is to define it in a way that it is possible to map every
observable outcome A € F to a probability P(A). If Q is countable F can be chosen as
equal to the power set P(2), which is the set of all subsets of Q2. However, (2 often is not
countable, therefore it is necessary to be a bit more careful when defining 7 C P(Q) [23].

Be Q # (. A set F C P(Q2) needs to have the following properties:
(a) Qe F

(b) Ae F= AY :=Q\ A € F (logical negation)

(c) Ay, Ay, ... € F = UA; € F (logical or) [16].

A set F with these properties is called o-algebra. The elements A € F are called meas-

urable sets or events.

The given requirements for F are always given for physical application, they are just

briefly mentioned for mathematical completeness.
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2.1.1.3 Probability Distribution P

A function P : F — [0, 1] is called probability distribution or probability measure. It
maps every outcome A € F to its probability of occurrence P(A). This function is crucial
for the creation of a good model for random experiments, because the probability mass

function P holds all the important information about the respective random event [23].
The fundamental properties of a probability measure are:
(i) P(2) =1
(ii) P(AY) =1- P(A)
(ii) AC B= P(A) < P(B)
(iv) P(A;U...A,) <X, P(A)

For this properties independence, respectively dependence, between outcomes is impor-
tant and will be discussed in section 2.1.5.1. More details about P can, for example, be
found in the books [23] and [16]. Probability distributions can be distinguished between
the continuous and the discrete case. The different types of probability distributions will

be discussed in section 2.1.3.

2.1.2 Random Variables

Random variables are a useful tool for describing random events. Random variables can
either represent possible outcomes of a future random experiment, or they also can rep-
resent possible outcomes of an experiment which has already been done. Therefore, they
can describe a random process or can represent incomplete knowledge of a quantity.
They are useful when not the full particulars of the outcomes, but a numerical summary
is of interest. This allows to test theories and draw rational conclusions despite of uncer-
tainties. They make it possible to formulate models which then can be compared with

reality and might be adjusted afterwards [23].

Mathematically speaking a random variable is a measurable function X : 2 — R. It
maps from the sample space to the real numbers and is defined on a probability space
(Q, F, P) [16, 47]. For physical applications, particularly this thesis, the requirement of
measurability is fulfilled. A formal definition for measurable functions can for example
be found in the book [16].
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With mapping every observable outcome w €  to a number X (w) it is possible to
compare vastly different experiments and detect patterns, which is exactly what this
work will do [16, 47].

In fact, random variables often are so useful that the sample space ) can be neglected.
The main advantage of random variables is that it is possible to sum, subtract and
multiply them, if they are defined on the same probability space. This makes calculation

a lot easier and helps describing events with multiple influencing factors.

2.1.3 Types of Probability Distributions

A random variable is fully described by its distribution function [16]. Therefore it is
important to take a closer look at them and their connection to the corresponding

random variable.

2.1.3.1 Discrete Random Variables

The most important property of discrete random variables is that they can only take
values in a countable range [23]. That makes it possible to assign a concrete probability
to every outcome A € F, leading to a discrete probability distribution, which is called
probability mass function (PMF). Therefore, a random variable is discrete if and only if
the probability distribution is discrete [16].

The probability for an outcome A € F can be calculated as

P(A) = pw), (2.1)

w€eA
where p : Q — [0, 1] is the probability mass function. P can therefore be obtained from
the probability mass function p. For normalization it is important that the probability

mass function holds > ,cq p(w) = 1 [16].

The binomial distribution, Poisson distribution and the discrete uniform distribution
are some well-known discrete probability distributions. A common example for discrete
random variables is rolling a dice. For rolling a dice once, the sample space is given as
Q={1,...,6}, the system of all possible outcomes can be chosen as F = P({2). Since the
variable is discrete it is possible to name all the possible elementary events w € €. The

probabilities P(w) are defined very easily since P(w) = 1/6 V w € Q, if the dice is fair.
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This simple example already shows why the probability distribution is so helpful that
it is not really necessary to look at the probability space. The interesting information,
i.e. the probability for w = 6 can easily be obtained from the probability distribution
without defining the whole probability space. Is is enough to know the events of interest

and the probabilities assigned to them.

In this work durations of certain events in energy system operation are treated as random
variables. As the underlying time series is defined in discrete time steps, the duration
of an event can only take integer multiples of this fundamental time steps. Hence, this

thesis will mostly deal with discrete random variables.

2.1.3.2 Continuous Random Variables

The most important characteristic of continuous variables is that they can take any
numerical value in an interval or collection of intervals with an uncountable range. This
causes the probability P(w) for one specific event w € €2 to be infinitesimal small, such

that a different treatment is needed, compared to discrete random variables.

A continuous random variable is characterized by the cumulative distribution function
(CDF), which gives the probability that a random variable X takes a value lower or
equal to a real number x € R. Mathematically the cumulative distribution function for

a random variable X is defined as:

F:R—[0,1]
F(x):=P(X < ux).

It is called cumulative distribution function since it sums up the probabilities for all

different realizations of X < z.
The most important properties of cumulative distribution functions are:

(i) F' is monotonously increasing, meaning for all s,¢ € R with s < ¢ the CDF holds
F(s) < F(t).

(ii) F has a right-hand limit, meaning for every = € R the relation lim,~, F(y) = F(x)
applies.

(iii) F has a left-hand limit F(z7) = limy . y<a F'(y), leading to F(z7) = P(X < )
for every x € R.
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(iv) With that it follows that P(X € [a,b]) = F(b) — F(a).

(v) Derived from the properties of probability distributions, the relations

limg—,_oF(x) =0 and lim,_,..F(x) = 1 apply.

For applications it is usually enough to know the definition, but a little mathematical

background is sometimes helpful [16].

In many cases, it is more instructive to give the probability that a random variable X
assumes a value near a given number z, then to quantify the cumulative probability.
This probability is given by the probability density function p (PDF), which is defined
as the derivative of the CDF:

p:R%R+
dF(x)
de

x> p(z) =

The probability that a random variable X lies between the values a,b € R is then
obtained by integrating the PDF:

b
Pla< X <b) = / p(z)da. (2.2)
Strictly speaking, PDFs do not always exist. Nevertheless in applications they are often
preferred over CDFs, because they are easier to intepret. In particular the quantity
p(x)dz ocurring in the integral (2.2) can be seen as the probability that X takes a

value in the infinitesimal interval [z, x + d z].

In contrast the CDF always exists and can be generelized to discrete random variables.

It is obtained from the probability mass function via

F(x) =) _ply).
y<z
Sports give a lot of good examples for continuous random variables. For instance in pole
vaulting the jumping height could be understood as a continuous random variable. The
probability that an athlete jumps exactly 6 meters high is infinitesimal small. There
are very good athletes who can make it approximately that high, but there will always
be a decimal place deviating from exactly 6 meters. Whereas the probability that an
athlete jumps something between 5.999 and 6.001 can be calculated. With respect to

this work, the velocity of the wind is a good example. In theory it can take any positive
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real number, but even if it was possible to measure without inaccuracies it would never
have, lets say, an exact velocity of 20 km/h with no deviating decimal places. This is just
because there are infinitely possible velocities. Regardless, wind always has a measurable
velocity, because it is inherent to measurement that it gives values with some uncertainty;,

which is equal to looking for a value in a defined interval.

2.1.3.3 Relation Between Discrete and Continuous

Probability distributions can be discrete, continuous or a mixture of both types. In ap-
plications it is often not obvious if the present random variable should be considered
discrete or continuous. Since discrete random variables can be approximated by con-
tinuous random variables, it can even be helpful to use continuous approximations for

variables which obviously are discrete, in favor of a function which is better to calculate.

The general existence of the approximation can intuitively be understood by looking at
how to calculate with probability distributions. In the discrete case a concrete probability
can be assigned to each event. In the continuous case the probability for one specific
event is infinitesimal small, which is why probabilities are calculated with the help of
integrals. When comparing equation (2.1) and equation (2.2) it can be seen that for a
suitable amount of possible values for the discrete variable it is possible to approximate
the sum with the integral [47].

In practice, the link between discrete and continuous distributions can be found with
the help of the delta function. For a probability mass function p(x) the corresponding
probability density function p(x) is given by

n

plz) = ZP(%)(S(iU — ), (2.3)

i=1
where n is the number of different values the discrete variable can take. While this
approach is very helpful in practice, it should be noted that the so defined p(z) is not
a proper function any more. Strictly speaking, the PDF does not exist, as a proper

function, in these cases.

2.1.4 Moments of Probability Distributions

Real-valued random variables have fundamental properties giving information about

the shape of the distribution. Starting with the formal and general definition of the k-th
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moment I will then come to some specific moments which are important for this thesis.

2.1.4.1 Expected Value

The expected value is the first moment of a random variable X. It gives the mean
weighted value over all possible outcomes = with probability p(z), respectively the prob-
ability density function p(x), assuming that it exists [16]. Since the expected value only
depends on the probability distribution of X, the formal definition of the expected value
should be divided into one definition for the discrete and one definition for the continuous

case.

The expected value exists if -, x(q) |2 - P(X = ) < oo, respectively
Jo IX(w)] - p(w) dw < o0o. To demand the existence might seem a little redundant but it

ensures that the summation does not depend on the order of the summands [16].

For a discrete random variable X the expected value is defined as [16]
E(X):=Y z;- P(X = ;) =Y _ ;- p(x;). (2.4)
i=1 i=1

If the random variable X is continuous with probability density function p(z), the ex-

pected value is given by [23]
E(X) = / zp(z)dw. (2.5)
e

The expected value is a theoretical construct. The law of large numbers established
by Jakob Bernoulli states that the relative frequencies of the possible outcomes A € F
converge to their probabilities P(A) [47]. From this it can be obtained that the empirical
mean converges to the expected value if the random experiment has been repeated
sufficiently often and all repetitions have been independent [23]. This link between theory

and experiment can be generalized for all K moments.

To calculate with expected values some basic properties are needed. Let X and Y be

two random variables with existing expected value and a,b € R then
(i) E(aX) = aE(X)
(ii) E(X +Y) =E(X)+E(Y)

(ifi) E(b) = b

10
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applies [16].

An easy example of an expected value is rolling a die once. It applies A = {1,2,3,4,5,6}
and P(A) = 1/6 VA. Therfore we get E=1/6-(1+2+34+4+5+6) = 3.5.

2.1.4.2 Higher Moments

For k € N the k-th absolute moment of a random variable X is defined as
my = E(X"). (2.6)

For discrete random variables X with probability mass function p(z), this definition can

be rewritten as

my = ixfp(xz) (2.7)

For a continuous random variable X with probability density function p(z) the k-th

moment of X reads
mk:/ ¥ p(r)d . (2.8)

—00

To compare the shape of different probability distributions, it is often useful to shift
the distribution functions such that their expected values coincide. Accordingly, we can
define the k-th central moment. It gives the distribution of a random variable around

the expected value and is introduced by a shift in the definition (2.6), leading to

o = E((X — E(X)"). (2.9)

2.1.4.3 Variance

The variance is the second central moment of the real random variable X. It is a measure
for the typical quadratic variation of X around the expected value [47]. Mathematically
it is the expected value of the deviation of a random variable around the expected value
and can therefore be obtained from the first moment E(X) and the second moment
E(X?) in the following way [23]

Var(X) = o® := E((X - E(X))?) = E(X?) — E(X)*. (2.10)

From this we obtain the standard deviation o(X) = {/Var(X) of a random variable [23].

11
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Given a random variable X and a,b € R the most important property is
(i) Var(aX +b) = a® Var(X), Va,b € R.

For an example we again look a dice. What is the variance? In section 2.1.4.1 we already

saw that E = 3.5. E(X?) can be calculated as E(X?) = 1/6-(12+2%+32+4?+52+6°) =
2

91/6. Var(X) = E(X?) — (E(X)) = 35/12~ 2917, o(X) = 2917 = L.71.

2.1.4.4 Kurtosis

The third central moment scaled by the standard deviation is the skewness of a function
and describes the asymmetry of a probability distribution. The skewness will not be
deepened further. Instead we will look at the fourth scaled central moment, the kurto-
sis [16]. It gives the tailedness of a probability distribution. Karl Pearson defined the
kurtosis as

K(X) :E<( (2.11)

Sometimes a slightly different definition

Kexcess (X) = E(()HE(X))4> ~3 (2.12)

o

X—IE(X)>4>'

g

is used. Mostly it is interesting to compare the kurtosis of data to an kurtosis of a specific
function. Definition (2.12) compares the tailedness of the respective function to a normal
distribution, which has a kurtosis equal to 3. The kurtosis of exponential distributions
is 9. The higher the kurtosis, the more extreme values a distribution has. Therefore,
the kurtosis gives information about the distribution of extreme values, also called tail
extremity. In contrast to persistent notions the kurtosis does not measure "peakedness",
since it does not give information about the shape of the peak, but only information
about the extremity of tails [63].

A very vivid example of how kurtosis does not measure peakedness is given by Johnson
et al. in 1980 [43]. Their figure B. shows 6 functions with the same expected value,
variance, skewness and kurtosis but very differed shaped peaks. P.H. Westfall provides
an even more impressive example of different shaped curves with the same kurtosis [63].
These figures alone should be enough to see that kurtosis does not give information
about the peakedness of a function. Read P.H. Westfall (2014) for more evidence.

12
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Figure 2.1: Theses very different shaped distributions all have a kurtosis of k = 2.4.
This figure therefore impressively shows how the kurtosis mainly mea-
sures outliers and not the shape of the peak.

(Source: P.H. Westfall, Kurtosis as Peakedness, 1905-2014. R.I.P. [63], fig. 2)

2.1.5 Dependence of Random Variables

Independent random variables simplify calculations, yet this simplification is not always
valid. In fact, most of the times it is not. Most of the variables analyzed are in some
form dependent. To give an example from this work, the velocity of wind in one hour is
in some form dependent on the velocity of wind right now and also depends on a whole

variety of other random variables.

2.1.5.1 Independence

Mathematically two events A, B, € F are called independent if
P(ANB) = P(A) - P(B). (2.13)

Generalized from this a set of random variables X, ... X, is called independent if all

intervals I, ..., I, C R satisfy

n

P(Xyel,...,X,el,)=T[P(X;eL). (2.14)

=1

Further a set of random variables is independent if and only if the outcomes of the
random variables are independent [16]. This definition will be important when I come

to the description of stochastic processes.
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2.1.5.2 Conditional Probability

If two random variables X and Y are not independent they will influence each other.
Instead of the absolute probability for Y alone, the conditional probability for Y given

x = X has to be considered.
The conditional probability for a given z with P(X = z) > 0 is defined as

p(Y =ylX =2) = Pxy(e,y) (2.15)

px(x)
and is often abbreviated as p(y|x) [16]. This definition will help when taking a closer

look at stochastic processes.

2.1.5.3 Covariance

The covariance is a measure for the monotone correlation of two random variables with
a joint probability distribution. It measures how well the correlation of two random

variables can be described by a linear function [16].

For two random variables X and Y the covariance is defined as
Cov(X,Y)=E(X —EX)]-[Y —EY)]) =E(X-Y)-E(X) - -E(Y) (2.16)
and only depends on the joint probability distribution of X and Y.

Positive covariance of two random variables X and Y indicates that higher values of
one variable correspond with high values of the other variable, meaning two variables
tend to show the same behavior. Negative covariance indicates that higher values of
one variable correspond with low values of the other variable, meaning two variables
tend to show opposite behavior. If Cov(X,Y’) = 0, the random variables X and Y are
uncorrelated. Independent random variables always are uncorrelated. It is important
to note that covariance is not the same as correlation since a positive covariance only
indicates whether two variables show the same behavior. It does not describe whether

two variables influence each other [47].

Nevertheless the covariance is hard to interpret since it is not normalized which makes

comparison impossible. The Correlation Coefficient is a normalized version of the
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covariance and is defined as [23]

Cov(X,Y
ryy =r(X,Y) = v(XY) (2.17)
\/Var(X) - Var(Y)
The correlation coefficient only takes values between —1 and +1. If rxy = +1 or

rxy = —1 the random variables X and Y are associated by ¥ = c¢- X + d, where
¢,d € R. The closer rxy is to +1 or —1, the more the values (X(w),Y (w)) follow a
straight line [47].

Moreover covariance and the correlation coefficient can be used to describe the corre-
lation of two different values of one time series. For this purpose they are often called

autocovariance, receptively autocorrelation [14].

In section 2.3 measures for the correlation between two random variables, used in this

thesis, will be given.

2.2 Stochastic Processes

Stochastic processes describe systems that change randomly over time [14]. Mathemati-
cally a stochastic process { X (t) : t € T'} is a sequence of chronologically ordered random
variables. The variables X (¢) take values in some set X, called the state space and T is
called the index set and for this work will be thought of as time [61].

In that sense a time series is a set of observations X(t), of the random variable X,
where each observation is being recorded at a specific time t. It can be distinguished
between continuous-time time series when observations are recorded continuously over
some time interval and discrete-time time series where the observations are made at
discrete times [9]. Furthermore, it can be distinguished whether the state space X is

discrete (referred to as "value-discrete") or continuous ('value-continuous').

Since the velocities of wind are recorded at discrete times, the electricity prices only
change at discrete times and the power generation, respectively the load, is also only
given for discrete intervals, all time series appearing in this work can be thought of as

discrete.

An example for the time series of a stochastic process could be X = {calm, windy, stormy}

with a discrete-time time series {calm, calm, windy, windy, stormy, windy}. This basic
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idea will be used for analyzing data in this work.

2.2.1 Markov Chains

Markov chains, named after the Russian mathematician Andrey Markov, are a model of
a stochastic process with dependend random variables. It models a particularly simple
dependence and is used to analyze a variety of scientific data. For a given time series
Xg, - - ., T, the outcome x,., of the next time step only depends on the present value x,,
of the random variable and not the ones before that. This "short memory" property is
called Markov property and is crucial for Markov chains. For the sake of simplicity it
is furthermore required that the process is time-invariant [7, 23]. The Markov property
can be formulated and analyzed for both value-continuous and value-discrete stochas-
tic processes. However, we will restrict ourselves to value-discrete processes, which are
much easier to handle in practice. To create a countable set of possible values out of a

continuous space "binning" can be used [7].

Markov chains can either be represented by a transition matrix P with
P(x,y) = P(th+1 = y|th = $) (218)

meaning each entry P(x,y) contains the probability that the system would jump from
state X = x to state X = y or can be visualized as a graph giving the probability
to jump from one realization to another [23]. In applications the identification of the

transition probabilities takes the most effort [7].

The powers of the transition matrix P play an important role in describing the evolution
of Markov processes, because P" gives the probability that the system with a defined
starting point is in a certain state after n time steps, which is often the ultimate goal of

creating Markov chains [7, 23].

An example for a Markov chain is the random walk, in which at each time step a person
randomly takes a step either to the left or to the right. As time progresses, the location

of the person is the random variable of interest [7].

More information about the properties of Markov chains can be e.g. found in the text
book [7].
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2.2.1.1 Telegraph Noise

A telegraph process is an example for a Markov process with two district possible values
X, € {0,1}. Tt is used to model Telegraph noise, also known as burst noise or bistable
noise. It originates from transitions between two discrete voltage or current levels at
random and at unpredictable times, leading to popcorn popping like noises, which is why
it is also called popcorn noise. This fluctuations might be related to electrons switching

energy levels since it reduces if the device area is scaled down [52].

The transition probabilities can be represented by

P(X, =1|X,.1 =0) =w
P(X, =0[X;1 =0)=1—w
PX, =X, =1)=1-w
P(X, = 0|X,_, = 1) = w,

leading to the transition matrix

1—w w
P = ( y 1—w>’ (2.19)

which can also be represented by a transition graph (cf. fig. 2.2). This concept can be

generalized by assigning different transition probabilities for the different states.

l—wC@i@Dl—w

Figure 2.2: Transition graph for a two state Telegraph noise.

With respect to this work state 0 could be interpreted as having to little or too much
wind for wind power generation and state 1 could mean the velocity of wind being in a

certain range so wind power generation is doable.

Although it is not possible to predict when exactly the transition between the states will
happen, it is possible to define the waiting time distribution for this process which will

be done in section 2.2.2.1.
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2.2.2 Waiting Time

Waiting time, or better to say waiting time distributions, can give important information
about stochastic systems. In general, a waiting time distribution is derived from a random
variable 7" which measures how many time steps 7 (for discrete stochastic processes),
respectively how much time (for continuous processes), lie between two events. A term
often used in this context is persistence, meaning the time the system stays in a specific

state or a specific set/range of states.

Since the underlying process is stochastic 7" will take different values 7 each time it
measures the waiting time between the events of interest. A histogram of 7" makes it

possible to see how the waiting times are distributed stochastically.

Waiting times can for example be used to describe how many tries it would take to roll
a Yahtzee without having to re-roll the dice, to measure the quality of an operational
amplifier by determining the waiting time distribution between two Telegraph noises or

with regard to this work the time in which electricity prices are below a certain limit.

2.2.2.1 Waiting Time Distribution for the Telegraph Noise

For the example of a Telegraph noise with two possible states, the random variable T’
would measure how many time steps 7 the system stays in state 0, meaning how much

time no burst noise occurs, leading to 7' = 7.

1-0—-0—-0—-0—...-0—>0—1

T time steps

Of course T has to be determined multiple times to get a waiting time distribution,
since the burst noises occur at unpredictable times. The probability that the system

stays exactly 7 time steps in state 0 is given by
PlT=1)=P(X,11=1,X,=0,...,X; =0/X,=1).
Therefore the probability can be written as
P(T=7)=w(l—w) =wet-)7) = erin-w) =7/

with 79 = —1/In (1 — w), which illustrates how the probability decays exponentially with

T.
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For the example of Telegraph noises with multiple possible states, the random variable
T could for example measure how many time steps 7 the system stays in a state X < n.

The probability for this is given by
PT=1)=P(X,11>n,X,<n,....,X; <n|Xo>n)

and is not necessarily exponentially distributed.

This simple examples are very close to the waiting times which will be calculated for this
work, since I will calculate the waiting time for electricity price being below or above a

certain limit.

2.2.2.2 Waiting Time Distribution for Poisson Processes

A counting process { N (t),t > 0} counts the number of events N(¢) of a stochastic process
that have occurred up to time ¢. The Poisson process is a special counting process. A

Poisson process with rate A\, A > 0 has the following properties:
(i) N(0) =0, meaning the counting of events begins at time ¢ = 0.

(ii) The process has independent increments, meaning that the number of events in

one interval is independent of the number of events in any other disjoint interval.

(iii) The number of events in any interval of length At is Poisson distributed with mean

At, leading to

Po(A) = P((N(t + At) — N(1)) = n) — oAD" (2.20)

n!

for n € N. The number of events therefore only depends on the length of the time

interval.

From condition (iii) it follows that the expected value for the number of events in an

interval of length At is given by
E(N(At)) = AAt. (2.21)
Which explains why A is called the rate of the process. Further the variance is given by

Var(N(At)) = MAt. (2.22)
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For a Poisson process the random variable T;, measures the time between the (n — 1)-st
and the n-th event, hence the waiting time between two events. To get the distribution
of T,, we note that 77 > t applies if and only if no event occurs in the interval [0,¢],
leading to

P(Ty >t)=P(N(t)=n=0) =", (2.23)

with the use of equation (2.20). Because the different values of 7}, are independent and
identically distributed this leads to the fact that the waiting times are exponentially
distributed with a mean of 1/A. Hence the Poisson process is a counting process with
exponentially distributed waiting times between two events [54]. More information on the

Poisson process, derivations and the respective waiting times can be found in book [54].

2.3 Empiric Data Analysis

Statistic analyses data with the help of stochastic models. It extracts essential quantities
out of empiric data with the help of suitable statistical models [23]. Finding an appro-
priate model often is neither obvious nor is there only one correct answer. The goal is to
find the best fitting model for finding patterns in stochastic processes [23]. Estimators
help with a strategy for finding suitable statistic models.

2.3.1 Estimators

An estimator helps estimating a given but unknown quantity based on empiric data.
For a value 6 the estimator often is written as 6. It is used if the underlying probability
distribution is unknown or unclear. This is true for almost all empiric data, which is
why estimators are very important for data analysis. It is crucial to note that the value
of an estimator depends on the given sample. Which is why it is important to carefully

choose the used estimator and to calculate errors for the estimator as a quality measure.

There are several types of estimators for different purposes and even different estimators
for the same property [23]. In the following I will concentrate on maximum likelihood

estimation.
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2.3.1.1 Maximum Likelihood Estimation

Up until now we always had a situation with a given probability distribution and could
get the probability for a certain outcome out of it. Now we have the opposite situation.
We are given a sample set and the question is which parameter, for a given distribution,
makes the observed data most likely. Since there are stochastic deviations in the data,
is it very unlikely to get exactly the same quantities out of one sample as one would get
when looking at the whole set of outcomes. Therefore it is important to find an estimator
which most likely fits to the given sample, called the maximum likelihood estimator. It
is a parametric estimator and gives the parameter 6 for which the empiric data z is the
likeliest. In the discrete case the function L, = Py(z) is called the likelihood function.
Therefore the maximum likelihood estimator é(x) for an unknown parameter 6 can be

determined with
L,(0) = sup{L,() : 6 € O}. (2.24)

In other words: the maximum likelihood estimator f(z) takes the value for which the

given sample is most likely. For the continuous case the likelihood function is defined as

with p being the probability density function.

In many elementary cases, the maximum likelihood estimator can explicitly be obtained
by calculating the roots of the derivative of the likelihood function with respect to the
parameter 6. In practice, these calculations are often simplified by using the log-likelihood

function

L£.(0) = In(L,(6)). (2.26)

Because of the monotony of the logarithm, it reaches its supremum for the same value

as the likelihood function.

In more complex applications, the condition %Lx(é’) = 0 does not always have an
explicit solution, meaning a maximum of the function does not exist, only a supremum.

In this cases f(x) can be approximated.

To get a good estimation it is important that the empirical sample x contains enough
independent observations. Further the maximum likelihood estimator demands that the
type of the probability distribution for the present situation is given. So the maximum

likelihood estimator gives the best fitting value for a given probability distribution but
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it does not give any information if the chosen probability distribution is right. Therefore

the quality of an estimator highly depends on the suitability of the chosen model [47].

For the Exponential Distribtion with a parameter A > 0 the density function is
given by p(z) = Ae **. The maximum likelihood estimator A(z) for a given sample set

x = {x1,z9,...2,}, where the x; are independent, can be calculated as follows
n n

La(A) =[] p(z:) = T Ae ™

i=1 i=1

:)\”Q_A Z?:1 Ti
Using the log-likelihood function makes it easier here
LA 7) =In(L(\, 7)) = In (\"e i) = In(A") + In (e 2 ™)
=n-In(\) = A ;.
i=1

The maximum likelihood estimator can be found from the roots of the derivative

d d

—)\Ez =B (n-ln()\) _)\;xi>

1 & !
:n-x—;xi:()

Hence the maximum likelihood estimator of the parameter A is the inverse of the sample

mean x.

2.3.1.2 Bias of Empirical Estimators

Measured data is always finite. Computing statistical quantities and estimators from
small data sets can cause errors, which must be carefully reflected when interpreting
the results. In particular, empirical results may not only be subject to uncertainties, but

also to a systematical bias.
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A common example is the estimation of the variance. Given a data set x = x1,...x, of

a random variable X, following equation (2.10), the variance should be estimated as

Var(X) = i(w —E(X))?, (2.27)

S|

but the true expected value is unknown. By replacing the theoretical expected value
E(X) with the sample mean Z, we obtain
1 n
2 —\2

Sbiased - ﬁ Z(wl - £L‘) ) (228)

i=1
but this formula generally underestimates the empiric variance S?, because the sample
mean T is a minimizer of the expression SZ,..4- Hence, replacing the theoretical expected
value with the empiric mean can only decrease the value of the variance. The correct

estimator for the sample variance takes that bias into account and is given by

1
n—1

S? = > (i — T)* (2.29)
i=1
The difference between these estimators vanishes with large sample sizes n, which is one

of the reasons why large data sets are needed to provide good evidence.

Similarly, the sample excess kurtosis, following equation (2.12), given by

1 Zn—l (%Z — i’)4
excess, biased — = -3 2.30
Kexcess, biased = — i (2.30)

is a biased estimator. If the random variable X is normally distributed, the revised

formula

(n+1)n iy (i —2)t 5 (n—1)?

Fexeess, nomel = 0 T 0y —3) S n—Dm-3 =3

provides an unbiased estimator. This expression is used in most statistical software
packages [42], but for distributions other than the normal distribution, the correction is
not sufficient to remove the bias. For the exponential distribution both equation (2.30)
and (2.31) systematically underestimate the kurtosis [8]. Therefore, the kurtoses Kexcess
for small samples, drawn from an exponential distribution, are typically below the true

value Kexcess = 0.
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2.3.2 Correlation Measures

Detecting dependence between different random variables is of central importance in
statistical analysis and modeling. But correlation measures must be interpreted with
great care. Statistically dependent random variables X and Y can still have a vanishing
correlation coefficient and non-vanishing correlation coefficients only reveal a statistical,
but not necessarily a causal relation. Nevertheless, correlations measures can be ex-
tremely useful to direct further research. In the following I will introduce the correlation

measures used in chapter 4 of this thesis.

2.3.2.1 Linear-fit

A linear fit, also called linear regression, is the simplest way of describing the dependence
between a random variable and an explanatory variable, which can be adjusted to any
arbitrary value in a physical possible range. A linear fit can therefore be done if the
value of the respective random variable does not only depend on chance but also on the

value of an explanatory variable in a linear way!.

If it can be assumed that a scalar random variable depends linearly on an explanatory

variable, a linear regression can be made and the relation is represented by
Y =a+ bz +e, (2.32)

where Y is the outcome of the experiment, x is the value of the explanatory variable
and € is an unbiased (p = 0) normal distributed random variable, representing random
observational errors with unknown coefficients. It represents everything that cannot
be explicitly measured during the experiment. o, 5 € R are the regression coefficients
which need to be determined [23]. For this purpose the experiment is repeated n times

for different values of the explanatory variable x, leading to the relation

yi=a+pri+ ¢ (2.33)

Linear regression can also be done if the dependence between the random variable and the ex-
planatory variable cannot be directly described as a line but can be linearized. Meaning, the values
Y are not plotted against x but against a function depending on x or the other way around. For
example if the interrelation y = ax? + b is assumed the values of Y will be plotted against values
f(x) = 22 so the linear dependency y = « + Bf(z) + € can be estimated. Another example is the
use of the logarithm. If the interrelation y = ae’® is assumed a linear relation f(y) = In(a) + Bz
with f(y) = In(y) can be estimated.
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for one data point (x;,y;). When plotting the data points (z;,y;) one can see that,

because ¢; varies, the data points do not lie on a straight line but scatter around it.

The practical problem lies in the estimation of the regression coefficients a and 3, which

can be done with the help of the maximum likelihood estimator.

2.3.2.2 Pearson Correlation Coefficient

The Pearson correlation coefficient, sometimes called Pearson’s r, is a parametric test
measuring the linear empiric correlation between two observed random variables x and
y with the data sets x = x1,...2x, and y = v, ... y,. It is calculated analog to the cor-
relation coefficient in section 2.1.5.3 but instead of the theoretical moments the empiric

mean and the empiric variance are used, leading to [7]

Z?:l(xl _j) (yz g)
VI (s — 2)2 - /S (v —

(2.34)

Ty =

One problem is that the Pearson correlation coefficient is very sensitive to outliers and

can therefore lead to a misleading impression, hence is not robust [17].

2.3.2.3 Spearman’s p

Spearman’s p is a non-parametric measure for the correlation of the ranking of two
empiric random variables and makes no assumptions about the underlying probability
distribution [35]. The rank of the values of an observed random variable z is obtained
by sorting the data set x = 1, ...z, into ascending (or descending) order and replacing
the values by their rank. For example the finish times 17.4, 12.8 and 13.6 of a 100-metre
dash will be assigned to the ranks 3,1 and 2.

Spearman’s p is defined as the Pearson correlation coefficient equation (2.34) between
the rank of the variables [56], leading to

Cov(rank(z), rank(y))

. 2.35
\/Var(mnk(x)) - Var(rank(y)) (239

Ps = Trank(z),rank(y) =

It can take values from —1 to +1 where both extremes mean that the relation of the
two variables can be perfectly described by a monotone function. If a ranking of the

observed data is possible, Spearman’s p can be calculated.
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Spearman’s p measures how well the correlation between the ranks of two random vari-
ables can be described as a monotonic function. The shape of the function does not
matter, it only matters if it is monotone. This is the biggest difference to the Pearson

correlation coefficient, which is a measure for linear correlation.

2.3.2.4 Kendall’s 7

Kendall’s 7, also known as Kendall’s rank correlation coefficient, is a non-parametric
measure for the rank correlation of two variables, alike the Spearman’s p. It can be

calculated as
nc —nNp

\/(nc +np+nry) - (ne +np + nrpy,)

, (2.36)

™R =

where ne counts the number of concordant data pairs and np counts the discordant
pairs. Concordant means that either x; < z; and y; < y; or z; > x; and y; > y; are
true. Discordant is defined as either x; < z; and y; > y; or x; > z; and y; < y;. ng, and
nr, represent the ties in the z- and y-values. ny, counts how many z-values coincide, so

does ny, for the y-values respectively [45]°.

Kendall’s 7 is normalized and takes values between —1 and +1. Higher values indicate
that two variables show rather similar ranks, meaning if the probability for y; < y; given
x; < x; increases, so does Kendall’'s 7. Lower values indicate that two variables show

dissimilar ranks, meaning it is more likely that y; < y; given z; > z;.

Compared to the Spearmans p, Kendall’s 7 is more sensitive to outliers, because it does
not take the rank itself but the difference of two values. Further Kendall’s 7 assesses a
linear relationship between two variables whereas Spearman’s p reckons the relations is

monotonic, independent of the specific function.

2 Another definition of Kendall’s correlation coefficient is 74 = %, which does not
account that data points can be equal. A third definition is 7¢ = 2nc—np) ity

n2(m—1)/m
m = min{Number of possible z-values, Number of possible y-values}. It is best used if the num-
ber of possible - and y-values is inequal [45].

26



3 Renewable Energy Systems

Anthropogenic climate change is the central challenge for today’s human civilization.
Since industrialization human activity added a substantial amount of greenhouse gases
to the atmosphere. The level of CO,, the most common greenhouse gas, in the atmo-
sphere has never been higher in the last 2.1 million years and the yearly emissions keep
increasing [38]. This is problematic as greenhouse gases in the atmosphere detain heat
radiation from the sun to be fully emitted back to space, which leads to a thermal dis-
equilibrium, since the Earth absorbs more energy than it emits. This effect is called the

greenhouse effect!.

In general, the greenhouse effect is required to make Earth habitable. Without it the
mean temperature would be about 33°C lower [36] but as the concentration of green-
house gases in the atmosphere gets higher and higher overheating becomes a problem.
The global mean temperature has already risen by approximately 1°C above the pre-
industrial level, before 1750, increasing at around 0.2°C per decade [40]. Effects that can
already be observed are changes in the global water cycle, reduction in snow and ice, more
frequent climate extremes, acidification of the ocean and the rise of mean see level due
to thermal expansion and shrinking glaciers, to name only a few [29, 38]. Even though
individual events cannot directly be ascribed to human influenced climate change, it is
very likely that this has been the dominant cause [38]%. The effects and their conse-
quences are expected to get more extreme, the more the temperature rises. For further
information on this topic the reports of the Intergovernmental Panel of Climate Change

(IPCC) give detailed and accessible overviews on different scenarios.

The greenhouse effect is caused by sun radiation entering the atmosphere, then being absorbed by
the Earth’s surface, where conversion leads to longer wavelengths which then will be emitted to the
atmosphere. These longer wavelengths partly get absorbed by greenhouse gases in the atmosphere
and do not make their way back to space [36].

In the IPCC report from 2013 (Page 18, Figure SPM.6) models which only consider natural forcings
and models which also consider human influence are compared. It impressively shows that models
which also consider human influence are a lot closer to the observations [38].
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To mitigate climate change substantial and sustained reduction of greenhouse gas emis-
sions are required before tipping points are reached [38]. The latest report of the IPCC
states that it still is possible to limit global warming to 1.5°C, but it would require
"unprecedented transitions in all aspects of society" [40]. Every bit of warming matters,

so rapid progress is needed [40].

Many countries have already taken actions against climate change, but there is still a
lot to do, as the world wide CO5 emissions are still rising [38]. The Paris Agreement,
concluded in 2015, aims to keep the global temperature rise well below 2°C and therefore
demands an extensive decarbonization, since the emission of greenhouse gases is the most

important determinant of future climate change [59].

World wide around 65% of all greenhouse gas emissions is CO, of fossil fuel and indus-
trial processes [39]. In Germany the percentage is even higher and lies around 84% [3].
This includes but is not limited to power generation and transportation. Therefore even
though a transition to a fully renewable power system is not enough, for the emissions
to fall to zero, it is a key starting point for other transitions to follow. Electricity can for
example be used to substitute fuels in heating, transport and industry. This illustrates
how the expansion of renewable energy sources is a major strategy for achieving the

climate goals [50].

Germany aims to reduce its greenhouse gas emissions by 80-95% until 2050. Renewable
energy sources should make substantial contributions [19] and should be the first step to
mitigate global warming world wide [39]. The EU directive 2009/28/EG details concrete
goals for the percentage of renewable energy in the gross final energy consumption® in
2020. For Germany the percentage should be at least at 18% [21]. In 2018 it reached
16.7%. If only power consumption is considered it has been around 37.8% [4]. So to reach

the goals of zero emission there is still a lot to do.

Gross final energy consumption includes all energy consumption of the transport sector, industries,
service industries, agriculture, forestry, fishery and households. Further it includes all electricity
and thermal losses due to power and heat generation, as well as the losses due to distribution
and transmission. Therefore, for increasing the share of renewable energy in the gross energy
consumption it is not only possible to increase the quantity of power from renewable sources,
but it is also possible to enhance the efficiency of conventional power plants. In the EU directive
2009/28/EG this opportunity is explicitly specified [21].
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3.1 Development of Renewable Energy Sources

World wide the share of renewable energy is growing every year. In 2018 it has been at
around 26% [33]. Countries like Iceland (100%), Norway (97%), Costa Rica (93%) and
Brazil (76%) show a remarkably higher share, mostly based on hydropower [48].
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Figure 3.1: (a) Since 1990 the share of renewable energy in OECD countries in-

creased in all regions. (b) In Germany the share of renewable energy is
even higher. Nevertheless, conventional power plants still have the largest
share.
(Source: (a) IEA, Renewables information: Overview [32], p. 7, fig. 11 and 12. All
rights reserved. (b) https://commons.wikimedia.org/wiki/File:Energiemix_Deutschland.
svg, User: Tkarcher, (CC BY-SA 3.0), visited: 15.07.2020. The original is modified by trans-
lating the description into English and leaving out the header.)

Although the percentage increase of renewable energy sources world wide is higher than
of any other energy source, it does not make up for the growth of energy demand [53].
To say it in other words, the demand is growing faster than the availability of renewable
energy. This makes it even more important to study beneficial as well as, hampering
influencing, factors and develop the respective technologies to foster the installation of
renewable power plants world wide, as they are the center of the transition to a more

sustainable energy system.

In Germany the share of renewable energy in the power supply has risen over the last
decades and totalled 37.8% in 2018 [4] and is planned to be further increased [4, 5, 19].
The most promising technologies to reach a high share in Germany are wind power
and solar photovoltaic [19, 37, 41, 62]. Figure 3.1b shows the German development of
renewable energy sources over the last decades. Especially the development and the high

share of wind power is remarkable.
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3 Renewable Energy Systems

How will renewable energy sources develop? How will the electricity mix be in a few
years? This will be determined by newly commissioned power plants, which will depend
on the enhancements of the respective technologies and their cost effectiveness. Besides
the costs, the handling of difficulties, described in section 3.4, will crucially determine
future development. Therefore research on all corresponding topics is necessary for a fast

and reliable transition to a highly renewable energy system according to climate goals®*.

3.2 Renewable Energy Technologies

Renewable energy is a fundamental starting point for mitigating climate change. There
are a lot of different technologies to achieve the goal of a highly renewable energy system.
It is important to examine the potential of each technology based on geographical con-
ditions as well as technical, social and financial implications. With knowledge of these
factors different scenarios can be created, to make the best possible use of the technolo-
gies and combine them optimally. The primary considered technologies for Germany are
hydropower, geothermal energy, biomass energy, concentrated solar power, photovoltaic

and wind power.

Hydropower plays an important role in a lot of countries with a high share of renewable
energy, like Iceland, Norway and Costa Rica [48]. It has been used for decades, as it
has been an inexpensive way to generate renewable energy. Between 2010 and 2018
most hydropower cost less than the cheapest fossil fuel alternative [41]. However this
technology is driven by natural rainfall and geographic topology [48] and can cause
major environmental impacts [15]. Most good sites for large hydropower plants have
already been developed around the world [48], so the potential for future development

in Germany is very limited.

Geothermal power generation is independent of weather and time and could therefore
theoretically be used for the base load, since it is constantly available. For example, in
Iceland geothermal power is a key technology for the energy system [48]. Today’s geother-
mal power plants are hydrothermal systems, which operate with hot water aquifers,

water-bearing formations, under the Earth’s surface. Equivalent to hydropower, certain

4 A full report on scenarios with different shares of renewable energy and different shares of the pos-

sible technologies for Germany can be found in the analysis Flexibilititskonzepte fiir die Stromver-
sorgung 2050 [19]. Abb. 2 on p. 21 gives an overview about the considered scenarios examined in
the report. An analysis of the global development can for example be found in the IEA reports
Renewables 2019 [33] and World Energy Outlook 2019 [34].
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3.2 Renewable Energy Technologies

geological requirements are needed [19]. In Germany the share of geothermal power is
very low and it is relatively expensive, but in the future it could be used to compensate

fluctuations in the generation of other renewable energy sources [19].

Energy generation from biomass is also flexibly applicable and may furthermore be
cheaper than geothermal power generation, but its potential highly depends on the
availability of biomass. The cultivation of energy crop competes with agricultural land
for food production, so the extent of bio energy must be weighed out carefully. In a lot
of renewable energy scenarios for Germany it is used for compensating fluctuations in
other renewable energy sources. The percentage of bio energy can be further reduced, the
more wind and photovoltaic energy is produced, in combination with sufficient storage

technologies [19].

Concentrated solar power (CSP) is predictable and adjustable, since thermal energy can
easily be stored, e.g. in storage tanks with hot melted salt. Unfortunately solar thermal
power plants can only process direct sunlight, which limits the appropriate locations.
Hence for Germany power lines from countries around the mediterranean sea would be

the only cost-efficient option to use CSP [19].

Solar photovoltaic is a key technology for all scenarios of highly renewable energy systems
in Germany. It is economical and socially accepted in all regions of Germany [19] and
could contribute a lot to a renewable energy system, even though the potential is rather
low compared to other countries (cf. fig. A.1a). Nevertheless photovoltaic power plants
only generate power during daytime [65], so photovoltaic power generation has to be

combined with storage technologies and other renewable energy sources, like wind power.

Wind power is essential to the transition to a highly renewable energy system in Ger-
many [19, 48, 50, 62]. Wind power has a remarkably high potential and could generate
enough electricity to meet the global demand [31, 39]. Furthermore its costs can com-
pete with fossil fuels [41]. Especially offshore wind power has a remarkably high potential
which still could be developed to match the electricity demand [31] (cf. fig. A.1b).

Compared to onshore wind power, offshore wind power has a higher electricity genera-
tion per square meter, since the wind blows faster and steadier. Furthermore, location
issues due to visual and noise impacts are less, which results in a higher public accep-
tance [30]. Until 2030 the offshore wind power capacities in Germany should be increased
to 20GW [5]. However wind power is highly dependent on weather, so to design a reliable

highly renewable power system the variability of wind needs to be well understood.
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3 Renewable Energy Systems

3.3 Costs of Renewable Power Plants

Important for the commission of new renewable power plants is their cost effectiveness.
In most parts of the world renewable power became the lowest-cost source of all newly
commissioned power plants. Especially the costs for solar and wind technologies continue
falling and expectations about future cost reductions are continually beaten by lower

values as new data becomes available.
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Figure 3.2: This data is plotted for the year of commissioning. The center of each
circle represents the costs of the project, the diameter stands for the size
of the project. The single light brown band represents the cost range of
fossil fuels.

(Source: IRENA, Renewable Power Generation Costs in 2018 [41], p. 12, fig. S.1)

Since 2010 the global weighted-average cost of electricity from biomass, geothermal,
hydropower and onshore wind projects have all been within the range of fossil fuel power
generation. In 2018 the costs have been at the lower-end of the fossil fuel cost range [41].
From 2000 to 2013 the costs for the production of photovoltaic modules dropped by
90% [19], consequential solar photovoltaic is also at the lower-end of the fossil fuel cost

range since 2014 [41]°. These technologies can therefore compete with fossil fuels even

5 The data stems from the IRENA Renewable Cost Database which contains cost and performance
data for around 17 000 renewable power generation projects with a total capacity of around
1 700GW. It has data on around half of all renewable power generation projects commissioned
by the end of 2018.
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without financial support [41]. More detailed information about the costs of renewable
energy sources can be found in the IRENA report Renewable Power Generation Costs
in 2018 [41].

3.4 Challenges of Renewable Energy Systems

Photovoltaic and wind power will be the major contributors to a highly renewable power
system in Germany. They have a high potential, are available at scale and are cost
competitive (cf. sec. 3.3) [19, 30, 41, 48], but they also come with difficulties. The central
challenges are the need for long-distance transmissions, the connection of renewable
energy sources to the power grid and of course the variability of renewable energy sources.
Therefore, the optimal design of networks, dynamical stability of complex networks
and the fluctuations in power generation are fundamental research topics with growing

importance.

Long-distance transmission becomes necessary because renewable energy, especially wind
power, is often generated at profitable locations, which can be far away from the con-
sumers [51]. In Germany power lines are planed to distribute offshore generated energy
to the inland [11, 12, 51}, but ongoing protests hamper these developments and have
led to changes in the plans [1, 28]. Physical problems of long-distance transmission are
an increased grid load and vulnerability to large scale blackouts due to cascading fail-
ures [44, 49, 55].

Renewable power sources typically are connected to the grid via inverter-based gener-
ators, while conventional power plants operate with synchronous machines [48]. Syn-
chronous machines have inertia to maintain the frequency at a fixed value. Inverters
transform the DC power from, e.g. wind power generators, into an AC power with a
frequency suitable for the grid. Theses two types of generators have different character-
istics and dynamics [24, 66]. Most current control mechanisms depend on the inertia of
synchronous machines. An increased share of inverter-based generators demands other

approaches to regulate frequency deviations for preventing blackouts [24].

The dependence of wind and solar power on the weather conditions causes a high varia-
bility of these power sources [62] . The statistic properties of these fluctuations determine
the dimensioning of storage technologies and the optimal composition of available re-

newable energy sources [19, 62].
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3.4.1 Variability of Wind Power Generation

Reliability of power supply is of central importance, since other infrastructures and
sectors are highly dependent on it. It is crucial to provide enough power, but the grid
load must not increase too much, to prevent blackouts [2, 24, 49]. Because wind power
and solar photovoltaic are highly dependent on weather conditions, they are intermittent
and cannot be flexible switched on when needed [48, 65]. It is important to understand
their variability to enable a steady power supply at all times [62]. Adequate forecasts help
to appropriately dimension backup technologies, to compensate fluctuations in power
generation [19] and to avoid large deviations of power grid frequency [24] and therefore
blackouts.
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Figure 3.3: This plot shows the share of conventional and renewable energy sources
together with the imported energy for the 14th week of 2020 in Germany.
It impressively shows the possible variations of renewable energy sources.
At the 4th of April around 8 p.m. there is hardly any renewable energy
generated. About 16 hours later, the next day around 12 noon, renewable
energy provides 50GW, which equals the demand, leading to a surplus
production of conventional power, meaning that power from conventional
sources needs to be exported to ensure grid stability.
( Source: Fraunhofer ISE, graphics/diagrams: B.Burger, Flectricity production in Germany in
week 14 2020. https://www.energy-charts.de/power_de.htm?source=conventional&year=

2020&week=14, visited: 08.07.2020.)

Especially the time series of wind power generation needs to be well understood [62],
since solar photovoltaic mostly follows daily and seasonal cycles with yearly recurring
patterns, whereas wind power shows more irregular variations [50]. Furthermore, German

dependence on wind power is intended to increase strongly [19, 50].
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3.4 Challenges of Renewable Energy Systems

Wind variability can be observed on time scales from seconds over minutes [2], to sea-
sonal [13, 26], interanual [13], decadal and multidecadal variability [67]. This variability
leads to fluctuations and related low and high wind power generation phases, which last

from seconds to weeks [62].

The requirements for backup and storage technologies will be crucially determined by
extreme events of either low or high power generation and their duration [19, 50, 62].
Winter months are particularly relevant, as solar power generation is rather low and
the German peak load occurs in winter [26, 50]. Short events of low power generation
are frequent, very long events are much rarer [50]. They are generally most frequent in
summer and least frequent in winter. Autumn and spring are mostly close to the yearly
average. Nevertheless the maximum duration is more evenly distributed between the

months and relevant low wind events occur throughout the year [50].

The study of data for 40 years (1980 to 2019) by Ohlendorf et al. [50] comes to the
conclusion that in Germany a period of around five consecutive days, during which the
average wind power generation is below 10% of the installed capacity, is to be expected
every year. Every tenth year nearly eight consecutive days are to be expected. When
only considering winter months the duration reduces to less than three days or less than
five days every tenth winter respectively. Ohlendorf et al. [50] further recommend to
consider multiple weather years when modeling phases of low wind power generation.
If only one year is considered it is likely to significantly underestimate the occurrence
and persistence of extreme wind power events and their implications for the energy
system [13, 50, 67].

3.4.1.1 Persistence in Wind Power Generation

The persistence statistic of wind power generation is an important influencing factor
for future renewable energy systems with a high share of wind power, as intended for
Germany. Weber et al. [62] investigated the persistence statistic of wind velocities and
wind power generation, meaning the duration of periods with wind velocities (wind

power generation) constantly below or above a certain threshold.

To forecast the occurrence of extreme wind events the tails of the distribution are of
special interest. If the events of crossing the threshold follow a Poisson process, as in-
tuitively expected, the persistence statistic would follow an exponential distribution

with a kurtosis of 9 (cf. sec. 2.2.2.2). Larger values for the kurtosis indicate heavy tails
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(cf. sec. 2.1.4.4). The investigations of Weber et al. [62] show a kurtosis much larger than
9, for both low and high wind velocity events, for several locations in Europe. There-
fore, the waiting time distribution is not well approximated by exponential distributions.

Instead g-exponentials give a better fit as shown in figure 4 of the paper [62].

Not only wind velocities but also wind power generation shows a high persistence of low
and high wind power generation periods. Especially periods of low-wind power generation

show higher persistences as expected based on a simple Poisson process.

(a) High power _a (b) Low power Kurtosis
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Figure 3.4: The persistence statistics of wind power generation in Europe are heavy
tailed.
(Source: Weber et al. [62] Wind Power Persistence Characterized by Superstatistics, fig. 6.)

Particularly the persistence of periods of low and high wind power generation are im-
portant to dimension backup and storage technologies for future energy systems [62].

The calculated g-exponential distributions could be helpful for that [62].

3.4.2 Backup and Storage Technologies

Variability of renewable power sources poses a major challenge for highly renewable en-
ergy systems which mostly rely on wind and solar power. Therefore well-matched backup
and storage technologies are needed additionally to provide energy in accordance with
the demand [19, 24]. Pumped hydro storage, adiabatic compressed air reservoirs, batter-
ies, interruptible loads (demand-side-management), geothermal energy, biomass energy,
power-to-gas and power-to-heat are the mainly considered technologies to compensate
fluctuations [19, 58].

36



3.5 Wholesale Electricity Prices in Germany

During periods of low renewable power generation, the demand must be satisfied by
backup power plants and electricity storage. Interruptible loads can be switched off. If
the energy generation is higher than the demand, storages can be filled, to provide energy
for the next shortage. Furthermore interruptible loads can be switched on to optimally
use the surplus power [19]. Hence a well balanced composition of fluctuating renewable
energy sources with backup and storage systems is key to a reliable sustainable power

system.

Fluctuations on different scales require different needs for backup technologies. Extreme
situations and their persistence crucially determine which compensating technologies are
needed, as well as their scale [19, 62]. Ohlendorf et al. [50] suggest investigating both
hours with the power generation constantly below a threshold and hours with the mean
below a threshold. Time series of these two kinds of shortages show different patterns,
which result in different needs for compensating technologies. Therefore a better statisti-
cal understanding of the fluctuations and extreme conditions allows an improved design
of future electricity grids. A full analysis of scales on which each compensating tech-
nology could operate, as well as possible compositions of renewable energy sources with

backup technologies, is given in Flexibilitatskonzepte fir die Stromversorgung 2050 [19].

3.5 Wholesale Electricity Prices in Germany

The market price p(t) for electricity at a time ¢ is determined such that supply and

demand are balanced
S(p(t),t) = D(p(t),1). (3.1)

The demand for electricity is strongly inelastic [46], i.e. it depends only weakly on the
prices. Therefore, this dependency will be neglected in the following. To understand the

evolution of market prices, we must thus analyze
o how the supply S generally depends on the price p,

e how the supply curve S(p) changes in time due to the availability of renewable

power and
e how the demand D depends on time due to human and economic activities.

Typically, power plant operators will only offer electricity if the wholesale electricity

price exceeds the variable costs of power generation, since otherwise marketing would

37



3 Renewable Energy Systems

lead to losses. As a consequence, power plants with low variable costs run most of the
time to satisfy the base demand, while power plants with high variable costs typically
only run during periods of high demand. The costs differ strongly between the types of
power plants. A ranking of power plants according to the variable costs — from low to
high — is commonly referred to as the merit order curve. When looking at conventional
power, nuclear and brown coal power plants typically have high fixed, but low variable
costs. In contrast, gas and oil fired power plants typically have much higher variables
costs. Electricity from wind and solar power plants have neglectable variable costs and
therefore have the highest priority according to merit order curve. When looking at the
merit order curve, it can therefore be seen that the wholesale price usually increases
monotonic with the demand (cf. fig. 4.1d and fig. 3.5).

During periods of high renewable power generation, the supply curve S(p, t) is shifted to
the right, meaning that providing energy from sources with high variables costs becomes
less profitable and therefore less likely. If the demand remains constant, this leads to lower
wholesale electricity prices p(t). Therefore, the variability of renewable power sources is

crucial for the development of electricity prices.
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Figure 3.5: Renewable power generation influences the electricity prices and the
merit order curve. (a) With no power from variable renewable power
sources it is profitable to provide power from power plants with high
variable costs, like gas fired power plant. (b) If renewable power can
be provided and the demand remains constant, the merit order curve
dramatically shifts to the right. The market clearing price lowers and it
is not profitable to provide power from power plants with high variable
costs.

(Source: Tom Brown, Energy System Modelling [10], lecture 7, slides 9 and 10.)
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As the share of variable renewable energy increases, so does their influence on the whole-
sale electricity prices. To capture the impact of variable renewable power generation on
the emergence of electricity prices, it is useful to introduce the residual load. This quan-
tity is defined as the difference of the total grid load and power generation from the

variable renewable power sources, wind and solar:
RL(t) = L(t) — W(t) — P(t). (3.2)

Since storage technologies for electrical power are limited, the residual load must be
satisfied by dispatchable power plants, meaning power plants that can be flexibly used,
such that the demand matches the supply to ensure grid stability [19, 24]. The residual
load varies strongly in time, because in addition to the variability of wind and solar
power (cf. sec. 3.4.1), the demand for electricity strongly changes within a day. Typically,
it peaks in the morning and the evening and is significantly lower during the night,

with demand patterns changing between workday and weekend and between seasons
(cf. fig. A.6) [25].

The simplified treatment above does not consider changes in the availability and the
variable costs of dispatchable power plants. However, in reality notable exceptions do
exist. After the Fukushima Daiichi nuclear disaster, more than 11GW of nuclear gen-
eration capacity were temporarily unavailable in Germany [25]. In the absence of such
exceptional events, we can assume that changes of the the merit order curve of dis-
patchable power plants are mostly limited to long time scales. This can be understood
as market prices of fossil fuels can change rapidly, but plant operators typically have
long-term supply contracts and power plants are in operation for decades. Since this
thesis focuses on the intra-annual variability of electricity prices, the merit order curve

of the dispatchable power plants will be approximated as constant.

Furthermore, one can regularly observe negative electricity prices at the EPEX SPOT
market — a surprising effect which is not explained by the reasoning above. This phe-
nomenon is rooted in the low flexibility of nuclear and brown coal power plants. They
cannot freely adjust their generation to the current residual load. If the residual load
is very small, these power plants should in principle reduce their generation, but this
can be costly or even impossible due to technical restrictions. Hence, it can be beneficial
for plant operators to deliver power at negative prices, meaning they have to pay to
provide energy. To deal with the flexibility issue, some market models treat nuclear and

brown coal power plants different than dispatchable power plants [25]. Early studies of
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negative electricity prices, stressing the importance of wind power generation and the
lack of flexibility, can be found in [22, 60].

The considerations of this section provide a useful starting point to understand the
dynamics of electricity prices. They lay a foundation for the examination in chapter 4.
However, it is obviously only an approximation and misses interesting non-linear and

non-statistical effects.

3.5.1 Electricity Market

Electricity is mostly traded in advance of the time when it is actually consumed. Day-
ahead trading in Germany is implemented by the European Power Exchange EPEX
SPOT, a part of the European Energy Exchange (EEX) [20]. Intra-day trading is also
offered for Germany, but with a smaller trading volume. For the entire region covered
by EPEX SPOT the day-ahead trading volume has been around 468TWh, compared to
62TWh for intra-day trading in 2016 [20]. Therefore, the prices evaluated for this thesis

are day-ahead prices.
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Renewable power generation strongly influences the electricity market price. Recalling
the considerations in section 3.5, a strong anti-correlation between price and renewable
energy generation is expected. When wind and solar power generation are high, wholesale
electricity prices should be low and vice versa. As a consequence the electricity price
time series might show similar statistical features as the renewable power generation
time series. Inspired by the heavy-tailed persistence statistic of wind power generation
(cf. sec. 3.4.1), I will focus on the persistence statistics of electricity prices, i.e. the
duration of periods where the wholesale electricity price is below or above a certain
threshold. Is the distribution of these periods heavy-tailed? Do exceptional long period

of constant low or high prices exist?

To answer these questions, I will start by looking at different influencing factors on
the wholesale electricity price and examine whether the price really decreases with a
higher share of renewable energy. Price time series show strong recurring patterns on
the time scale of days, weeks and seasons. The statistical analysis therefore requires a
normalization of the price time series. I will introduce different methods and calculate the
persistence of these normalized price time series to see if they show the same persistence
statistic as wind power generation does. These investigations will be done for the German
electricity market for the year 2016 and could be repeated for more years in order of

further research.
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4.1 Influencing factors

As a first step the statistical factors influencing the electricity prices need to be identified.

Figure 4.1 shows a histogram of the wholesale electricity prices and different external

factors. Wind and solar power generations, as well as load and residual load are con-

sidered. The correlation between price and the respective possible influencing factor is

calculated with the different methods, detailed in section 2.3.2.
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Figure 4.1: The wholesale electricity prices for Germany of 2016 are plotted against
the four possible influencing factors wind, solar, load and residual
load. Each data point represents one hour. The correlation coefficients
Kendalls’s 7, Spearman’s p and Pearson’s r are calculated (cf. sec. 2.3.2).
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Wind power generation and wholesale electricity price are anti-correlated as expected
from the previous discussion. The correlation coefficients lie between —0.2306 and —0.4033

and the variance of the price is still rather large (cf. fig. 4.1a).

In contrast, solar power generation and electricity prices are only weakly correlated
(cf. fig. 4.1b). This might originate from the fact that solar power generation is especially
high at times where the load is also high (cf. fig. A.4c and fig. A.6c¢). Since generally the
price increases with a higher load this opposing effect might overlay the price reduction
due to renewable power generation and therefore lead to a vanishing correlation, even
though the statistical dependence between solar power generation and the decrease of
electricity prices might still be given. Furthermore, the installed solar capacity is lower
than for wind and periods of high solar power generation are rather infrequent. As a

consequence the detection of a statistical dependence could be impeded.

Concluding from these findings electricity prices indeed decrease with a higher share of
renewable energy, but a negative correlation can only be seen for wind, not for solar
power generation. The mixture of both variable renewable energy sources also shows a
negative correlation with the wholesale electricity price, but it is not as strong as it is if

only wind is considered (cf. fig. 4.1a and fig. A.2).

Load and wholesale electricity prices are positively correlated as expected. Typically, an
increase of the demand leads to an increase of the electricity price. The strength of the

correlation is moderate, but clearly stronger than for wind power generation (cf. fig. 4.1¢).

The impact of the load and the renewable power generation can be combined using the
residual load introduced in section 3.5. Residual load and wholesale electricity prices are
strongly correlated, with both Pearson’s r and Spearman’s p exceeding 0.7. The increase
of the price with the residual load is clearly visible in figure 4.1d. To further quantify

this dependence, I include a linear regression (cf. sec. 2.3.2.1)
p(RL) = a-RL + b, (4.1)

which yields the parameters a = 0.80935 &4 - 1075 and b = —8.025 & 2 - 10~3. This fit
captures the dependence of the price p and the residual load RL for the given data set.
Notable outliers exist for very low and very high values of the residual load, where much

more extreme values of the price are observed.
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4.2 Normalization Methods

The residual load shows strong recurring patterns on the time scale of days, weeks and
seasons (cf. fig. A.7). The residual load peaks in the morning and the evening and is
significantly higher in winter than in summer. Due to the high correlation these recurring
patterns are also present in the electricity price time series and complicate a statistical
analysis. To circumvent this problem it is therefore important to clear the electricity
prices by the effects of the load, since otherwise the persistence would not be longer than

the magnitude of one day for most of the thresholds, due to daily patterns (cf. fig. A.8c).

The basic idea of time series normalization is to consider the difference or the quotient
of the raw electricity prices and a reference time series, which captures the recurring
patterns of the price. Three different reference time series are used and compared in this

thesis.

The first method is directly based on the evolution of the residual load. As a reference
time series we use the linear regression (cf. eq. (4.1)) with the actual residual load of
the respective time interval. It must be noted that this approach can capture recurring
patterns in the price only if they arise similarly in the time series of the residual load

and the linear fit does not well capture extremely low or high prices (cf. fig. 4.1d).

As a more direct option the average weekly price profile is used as a reference time series.
For each hour of the week, the price is averaged over all weeks of the year leading to
the profile shown in figure 4.2a. For this method the standard deviation is rather high,
showing potential limitations of this approach. The high standard deviation is partly
due to the negligence of seasonal patterns (cf. fig. A.8).

To reduce the influence of seasonal changing patterns, separate standard profiles for
every quarter are calculated. Since the weekdays show comparable patterns they are
combined for one average. Saturdays and Sundays show different patterns, which is why

they will be evaluated separately.

In general, the quarterly standardization shown in figure 4.2b-e shows a lower standard
deviation than normalizing the week with an annual average (cf. fig. 4.2a). Especially in
the second and third quarter the standard deviation is generally low. When looking at
the Sundays of the second quarter they show a very high standard deviation. Since for
the days on the weekends only about 12 data points are taken for every quarter, even

one exceptional event could dramatically increase the standard deviation.
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4.2 Normalization Methods
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Figure 4.2: Reference time series for normalization. (a) The average electricity price

trajectory for one week averaged over the whole year is plotted together
with the standard deviation (shaded area). Equivalent to the trajectory
of the load (cf. fig. A.6) a difference between weekdays and weekends is
clear to see. (b-e) The average price for weekday, Saturday and Sunday is
plotted separately for every quarter together with the standard deviation.
The general trends are the same for all quarters, but the average price
and the magnitude of the standard deviation varies between the quarters.

45



4 Persistence in Electricity Prices

This three reference time series are now used in two different ways to compute a nor-
malized electricity price time series. Either the reference time series is subtracted from
the actual price or the actual price is divided by the reference time series. In total this

leads to six different normalization methods for the price time series (cf. fig. 4.3).
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Figure 4.3: Wholesale electricity price time series in Germany for 2016 plotted as the
daily mean. (a) Day-ahead prices from the EPEX SPOT market. Huge
price deviations can be observed including occasional negative electricity
prices (cf. sec. 3.5). (b-g) For further analysis, the price time series is
normalized to absorb the effect of recurring pattern and the electricity
demand. (b,e) Normalization using the function p(RL) obtained from
the linear fit in figure 4.1d. (c,f) Normalization using the weekly price
pattern (p)yeekty shown in figure 4.2a. (d,g) Normalization using sepa-
rate patterns for every quarter year (p)guartery as shown in figure 4.2b-e.
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4.3 Persistence Statistics

Figure 4.3 compares the normalized time series to the original electricity price time
series. All methods show variations in the daily mean price. In the original day-ahead
price time series, weekly patterns are clearly visible (cf. fig. 4.3a). As desired these

recurring patterns are largely absent in the normalized time series.

Furthermore, the original day-ahead price time series shows a strong seasonal pattern.
Typically, prices are higher and more variable in winter than in the summer. These
seasonal patterns remain present by normalizing with the weekly pattern (p)yeexs, and
the linear fit p(RL) using the residual load time series (cf. eq. (4.1)). In fact, the seasonal
effects are the strongest for the time series p — p(RL).

We conclude that the reference time series (p)quarterly, Which resolves the four quarters
of the year, is needed to remove the seasonal patterns in the normalized time series.
However, in the second quarter huge variability can be observed for the normalized time
series p/(P)quarterty (cf. fig. 4.2c). The exceptionally high and low peaks correspond to
the 13 Sundays of this quarter where the denominator (p)quarterly i very low (cf. the

discussion in [18]).

Negative electricity prices (cf. sec. 3.5) occur in all methods. There are two days with
a high negative daily mean price which can be seen in every time series, but especially
good in figure 4.3e. On the 8th of May 2016 Mother’s Day, a public holiday, causes a low
demand, but the weather was sunny and windy, leading to surplus power supply [57].
On the 25th of December 2016 the mild winter and public holidays causes a low demand
but wind causes high power generation. This leads to a surplus power generation and

therefore negative electricity prices [27].

4.3 Persistence Statistics

For a good statistical analysis it is important to eliminate daily, weekly and seasonal
patterns due to the influence of the load. As discussed in section 4.2 the reference time
series (P)quarterly; Which resolves the four quarters of the year, is best suitable to remove
the recurring patterns in the time series. This is why I will only take a closer look at

P/ (P)quarterly- Results for the other methods are summarized in the appendix.

Equipped with this normalization method I analyze the waiting time distribution
(cf. sec. 2.2.2) for different thresholds. As there are periods of high wind power generation

as well as periods of low wind power generation, this calculation is done for the price
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4 Persistence in Electricity Prices

being below and above a threshold. In particular, I evaluate the duration 7 of all periods

in which the normalized price time series is constantly lower or higher than a given
threshold.

Appropriate values for the threshold are obtained from the 10%, 25% and 50%-quantil
(periods below threshold) and the 50%, 75% and 90%-quantil (periods above threshold).
In figure 4.4 histograms of the waiting times are plotted together with an exponential
maximum-likelihood fit, exp(—A. - 7), where A, = 1/mean (cf. sec. 2.3.1.1), to see how
well the waiting time distribution can be approximated by an exponential distribution.

The sample kurtosis & is calculated, to compare it to the kurtosis k = 9 of an exponential

distribution.
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Figure 4.4: Persistence of the electricity price time series for Germany in 2016 nor-
malized as p/(p)quarterly- Orange bars give the histogram of the duration
of periods where the normalized price time series p/(p) quartely is (a-c) be-
low a given threshold and (d-e) above a given theshold. The blue dashed
line shows an exponential maximum-likelihood fit with exponent A.. The
kurtosis  for the data is calculated as described in equation (2.11).

The duration of periods with very high or very low prices, i.e. above the 90% quantil or
below the 10% quantil, appears to be well described by the exponential fit (cf. fig. 4.4a
and 4.4d). However, in both cases there is a single period of extraordinary duration

(longer than 60 and 80 hours, respectively), which leads to a large value of the sample
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4.3 Persistence Statistics

kurtosis. A similar behavior is found when modifying the threshold value. The exponen-
tial fit describes the bulk of the data reasonably well, but several outliers exist. Choosing
the 50% quantil as the threshold, a significant asymmetry between periods above and
below threshold can be observed. Outliers are rare but extreme for the period above 50%

quantil, leading to an extremely high value of the sample kurtosis.

The maximum duration of the waiting time depends on the threshold and lies between
2.5 and 9 days, which is the same magnitude as the duration of high or low wind power
generation periods [50, 62]. Surprisingly all, except one, events of maximum duration lie
in December. Four days of normalized electricity prices above the 75% quantil (14th of
Dec. - 18th of Dec.) are shortly after followed by five days of the normalized electricity
prices below the 25% quantil (22nd Dec. - 27th Dec.). When looking at the waiting
times of the price below or above the 50% quantil the opposing phases almost directly
merge into one another. This behavior could be explained with general low solar power
generation, combined with a high but strongly fluctuating demand, in combination with
long periods of high and low wind power generation. In fact, in December of 2016 some
parts of Germany were colder, other parts of Germany were warmer than expected [64]

and at the end of the year wind power generation was exceptionally high [27].
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Figure 4.5: Kurtosis of the waiting time distribution as a function of the threshold
value. The plots shows the sample kurtosis for the duration of periods
where the normalized electricity price is constantly (a) below and (b)
above the threshold. The range of threshold values in the plots correspond
to (a) the 5% - 50% quantil and (b) the 50% - 95 % quantil. The solid
black lines show the kurtosis value for an exponential distribution x =9
for comparison.
The whole range of thresholds can be seen in figure A.15 and figure A.16.
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4 Persistence in Electricity Prices

To further quantify the likeliness of long periods, the kurtosis is plotted as a function
of the threshold value (cf. fig. 4.5). For the price being below the threshold the range
between the 5% and the 50% quantil is investigated more closely. For the price being
above the threshold the range between the 50% and the 95% quantil is investigated more

closely.

Electricity prices show persistence of low and high price states with a kurtosis higher
than x = 9 for most of the thresholds within a range of 45% of the data points (cf. fig.4.5).
The time series of the normalized electricity prices displays more outliers than expected
based on a simple exponential distribution. Heavy tails in the waiting time distribution

can be observed.

The kurtosis for the normalized price p/(p)quarterty below a threshold is the highest for
thresholds near the 5% quantil and decreases nearly monotonically decreases as the
threshold gets higher (cf. fig. 4.5a). The kurtosis for the normalized price p/(p)quarterly
above a threshold is the highest for thresholds near the 50% quantil and nearly mono-
tonically decreases with higher thresholds (cf. fig. 4.5b). The jumps of the kurtosis val-
ues in figure 4.5b might originate from the fact, that the normalized price time series
P/ (D) quarterty 18 very flat and smooth. Slight changed in the threshold can have a huge
impact. Therefore, a tiny increase of the threshold might lead to the disappearance of

some of the very long events.

Surprisingly, the behavior of the kurtosis is opposite for low and high electricity prices. I
expected the kurtoses to decrease the closer the threshold gets to the marginal quantils,
which is indeed observed for firgue 4.5b. In this manner the two figures 4.5a and 4.5b
would look similar but mirrored. Accordingly the graph in figure 4.5a should be the
other way around, so that the kurtosis increases with thresholds closer to the 50% quantil.
However, the opposite behavior is shown in figure 4.5a. The reason for the true trajectory
can be found when taking a closer look at the location of the quantil boundaries. The 5%,
50% and 95% quantil boundaries are very close together compared to the whole range of
possible values, since the narrow distribution of values in the normalized price time series
leads to a very sharp peak in the kurtosis plots (cf. fig. A.15f and A.16f). The quantil
boundaries even lie within this narrow value range of the peak. Therefore, a detailed
look at such small value domains is sensitive to statistical and non-statistical market
influences and small changes in the threshold lead to heavy changes in the kurtosis.
Nevertheless, the results shown in the figure 4.5 are feasible to describe the general

trend in the waiting time distribution of the electricity price time series.
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4.3 Persistence Statistics

It is reasonable to conclude, from the results shown in figure 4.5, that the waiting time
distribution of the electricity prices is heavy tailed and therefore not well described by an
exponential distribution. To reach a final conclusion, a longer data set would be needed

enabling further statistical tests.

The observed persistence does not necessarily have to originate from periods of high
wind power generation, but it is very likely that wind power generation has a measurable

impact on the market pricing of electricity and the persistence statistics.

Wind power generation investigated by Weber et al. [62] showed persistence values up to
about k = 25. The kurtosis calculated for the electricity prices is much higher for the vast
majority of the thresholds. The kurtosis values might seem too large, but the maximum
duration of high and low electricity prices has the same magnitude as the duration of low
or high wind power generation periods. Moreover, seasonal and non-statistical market
effects strongly influence the market pricing and the normalization will not always be

suitable to erase all market and load effects.

The calculations could be enhanced by treating public holidays during weekdays as Sun-
days because they show equal price patterns. However, considering the large uncertainties

of the methods this might only have a minor effect on the calculations.

More important influences on the calculations might arise from small data sets. Espe-
cially for the method of calculating averages for every quarter, the data set might be too
small for calculating a reliable pattern. The other methods have a larger data basis, but
seasonal effects are clearly visible, which strongly influences the calculations. Further-
more, as presented in section 2.3.1.2 the kurtosis can get misestimated for small data
sets. The waiting time distributions have rather few data points, which might hamper
the calculations. However, in general small data sets lead to smaller kurtoses, which is
why this effect should not influence the trends seen in the investigations. Nevertheless,

one exceptionally long event will strongly influence the calculations.

Looking at the price time series normalized by p/(p)quarterly (cf. fig. 4.3g) the time series is
very smooth, disregarding a few exceptions. This leads to the threshold being very close
to the data points most of the time. Taking into account uncertainties these investigations

can only give an orientation for further research.

Overall the investigations show a negative correlation between wind power generation
and the wholesale electricity price. Strong persistence in electricity prices can be observed

similar to the findings of wind power generation by Weber et al. [62]. Further research
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4 Persistence in Electricity Prices

would have to clarify the findings by examining data for several years.
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5 Conclusion

Wind and solar power are essential for the decarbonization of our energy supply, but
their intrinsic variability challenges system operation. At the same time, renewable power
generation strongly influences the pricing of electricity. Therefore, electricity price and
renewable power generation might share essential statistical features. In this thesis, I
investigated the persistence statistics of the wholesale electricity price time series for
the German market in 2016. I examined the influence of different factors on the price
formation and analyzed the persistence of low/high price states in comparison to the

exponential waiting time distribution of simple stochastic processes.

Wind power generation shows negative correlation with the electricity prices and in
periods of high wind power generation occasional negative electricity prices can be ob-
served. Solar power generation also seems to lower the wholesale electricity prices, even
though the calculated correlation vanishes. Days with a high solar power generation also
occasionally show negative electricity prices. This leads to the conclusion that a higher
share of renewable energy indeed lowers the wholesale electricity price, which is the first

central finding of this thesis.

The analysis of the waiting time distribution for the electricity prices being below or
above a certain threshold shows that the majority of the data could be approximated
by an exponential distribution. However, outliers exist with a duration of several days,
up to ten times as long as the mean. The existence of outliers strongly increased the
sample kurtosis k£ compared to the value kK = 9 of an exponential distribution. These
results indicate that the wholesale electricity prices have a heavy tailed waiting time
distribution although non-statistical effects influence the electricity prices. Furthermore,
I tested different normalization methods to remove recurring patters, but they cannot

fully compensate the effects of the load on the electricity prices.

The calculations in this thesis have exemplary been done for 2016. For further research

the calculations could be repeated for additional years, to generate a broader data basis.
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5 Conclusion

As stated in section 3.4.1 effects can be misjudged if only looking at one year. Never-
theless one has to be careful when investigating long time spans. Non-statistical market
effects, different shares of renewable energy and laws like the "EEG-Umlage" influence
the wholesale pricing of electricity. Furthermore the change in variable costs of conven-
tional power plants has a greater impact when looking at larger time scales. Beyond that,
wind power generation varies between years, which might lead to a changing influence

on the price.

For this work the correlation between the day-ahead prices and the actual power genera-
tion has been investigated. Another interesting research question could be to look at the
correlation between forecast of renewable power generation and the day-ahead prices on
the one hand and actual values and intra-day prices on the other hand. How strong is

the influence of forecasting errors for wind and solar power generation?
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A Appendix

A.1 Data Availability

Solar power generation data are available at www.netztransparenz.de. Wind power gen-
eration data are available at the websites of the German network operators www.50hertz.com,
www.amprion.net, www.tennet.eu, www.transnetbw.de. Load data are available from
ENTSO-E www.entsoe.cu. Raw data for the price analysis is bought from the European
Power Exchange (EPEX SPOT).
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https://www.transnetbw.de/de/transparenz/marktdaten/kennzahlen
https://www.entsoe.eu/data/power-stats/

A.2 Additional Figures

A.2.1 Renewable Energy Systems
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Based on technical potential, many regions could cover more than or nearly all of their
domestic electricity demand from offshore wind alone
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Source: IEA analysis developed in collaboration with Imperial College London.

(a) This map shows the world wide photovoltaic (b) This figure shows the ratio of technical poten-

power potential. tial to meet the domestic electricity demand
(Source: World Bank Group, Photovoltaic Power Po- with offshore wind power.

tential, https://globalsolaratlas.info/download/ (Source: IEA, Offshore Wind Outlook [31], p. 50, fig.
world, visited: 07.07.2020) 26. All rights reserved.)

A.2.2 Influencing Factors of Electricity Prices
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Figure A.2: Equal to figure 4.1 the generation of variable renewable energy is plot-
ted against the wholesale electricity price. The correlation between elec-
tricity prices and renewable energy generation is quantified with the
correlation measures 7 = —0.2210, p = —0.3249, r = —0.4174.
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A.2.3 Time Series
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(a) The daily mean wind power generation is plotted against time in days. Light seasonal influences
can be observed.
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(b) The weekly of wind power generation is cre- (¢) The daily wind power trajectory for one day is

ated by calculating the average wind power created by taking the average wind power gen-
generation for each hour of the week over the eration for each hour of the day over the whole
whole year. The light blue area marks the stan- year. The light green area marks the standard
dard deviation. There are no strong visible dif- deviation. For summer and winter the develop-
ferences in the patterns between and within ment of wind power generation is plotted for
the days, but the variance is significant. one day each. The plotted summer’s day is the

05.08.2016, the winter’s day is the 05.01.2016.

Figure A.3: The wind power generation of 2016 shows huge deviations between days
and seasons. The generation is mostly stochastic with little seasonal
influence, leading to the wind power generation being a slightly higher
in winter that it is in summer. It is mostly independent of the day or
the time of day.
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(a) The daily mean solar power generation is plotted against time in days. Strong seasonal influences
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(b) The weekly solar power generation is created (c)
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by calculating the average solar power gen-
eration for each hour of the week over the
whole year. The light blue area marks the stan-
dard deviation. Changing patterns between
the days are not visible.
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The daily solar power trajectory for one day is
created by calculating the average solar power
generation for each hour of the day over the
whole year. The light green area marks the
standard deviation. For summer and winter the
development of wind power generation is plot-
ted for one day each. The plotted summer’s
day is the 05.08.2016, the winter’s day is the
05.01.2016.

Figure A.4: Solar power generation for 2016 shows a high dependence on seasons and
the time of day, as it dependents on sunshine. The solar power generation
in remarkably higher in summer and only exists during daylight with a
high standard deviation between the days.
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(a) The daily mean renewable power generation from wind and solar (variable renewable energy) is
plotted against time in days.
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(b) The weekly development of variable renewable (¢) The daily variable renewable power trajectory

energy is created by calculating the average is created by calculating the average variable
variable renewable power generation for each renewable power generation for each hour of
hour of the week over the whole year. The light the day over the whole year. The light green
blue area marks the standard deviation. area marks the standard deviation. For sum-

mer and winter the development of wind power
generation is plotted for one day each. The
plotted summer’s day is the 05.08.2016, the
winter’s day is the 05.01.2016.

Figure A.5: Variable renewable energy generation for 2016 shows huge standard de-
viations. The weekly average as well as the daily average are mostly
dominated by solar power generation, because wind power generation is
equally distributed over one day and between the days of a week and
therefore only provides an offset.
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(a) The daily mean load is plotted against time in days. Weekends and public holidays are marked by
local minima.
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(b) The weekly development of load is created by (c¢) The daily load trajectory is created by calcu-

A6

calculating the average load for each hour of
the week over the whole year. The light blue
area marks the standard deviation.

lating the average load for each hour of the day
over the whole year. The light green area marks
the standard deviation. For summer and win-
ter the development of the load is plotted for
one day each. The plotted summer’s day is the
05.08.2016, the winter’s day is the 05.01.2016.

Figure A.6: The load trajectory is mostly dominated by the time of day. The load
peaks in the morning and in the evening and is significantly lower during
the night. It drops on weekends and public holidays. Slight seasonal

patterns can be observed.
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(a) The daily mean residual load is plotted against time in days. Weekends and public holidays are
marked by local minima.
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(b) The weekly development of residual load is cre- (¢) The daily residual load trajectory is created by

ated by calculating the average residual load calculating the average residual load for each
for each hour of the week over the whole year. hour of the day over the whole year. The light
The light blue area marks the standard devia- green area marks the standard deviation. For
tion. summer and winter the development of the

residual load is plotted for one day each. The
plotted summer’s day is the 05.08.2016, the
winter’s day is the 05.01.2016.

Figure A.7: The residual load trajectory is mostly dominated by the time of day.
The load peaks in the morning and in the evening and is significantly
lower during the night. It drops on weekends and public holidays. Slight
seasonal patterns can be observed.
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(a) The daily mean price is plotted against time in days.
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(b) The weekly development of the price is created (c) The daily price trajectory is created by tak-

by calculating the average price for each hour of ing the average price for each hour of the day
the week over the whole year. The light blue area over the whole year. For summer and winter
marks the standard deviation. the development of wind power generation is

plotted for one day each. The light green area
marks the standard deviation. The plotted
summer’s day is the 05.08.2016, the winter’s
day is the 05.01.2016.

Figure A.8: Equally to the load the wholesale electricity prices for 2016 are mostly
dominated by the time of day. The price peaks in the morning and in the
evening and is significantly lower during the night. It drops on weekends,
even thought the decrease is smaller, than it is for the load. Compared
to the load, wholesale electricity prices show a much higher standard
deviation.

A8




A.2.4 Exponential Maximum-Likelihood Fit of Waiting Times
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Figure A.9: Kurtosis £ and histogram of the duration of periods in which the nor-
malized price p(t) is lower than the 50% quantil, together with an expo-
nential maximum-likelihood fit with exponent ..
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Figure A.10: Kurtosis x and histogram of the duration of periods in which the nor-
malized price p(t) is lower than the 25% quantil, together with an
exponential maximum-likelihood fit with exponent ..
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Figure A.11: Kurtosis k and histogram of the duration of periods in which the nor-
malized price p(t) is lower than the 50% quantil, together with an
exponential maximum-likelihood fit with exponent ..
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Figure A.12: Kurtosis £ and histogram of the duration of periods in which the nor-
malized price p(t) is lower than the 90% quantil, together with an
exponential maximum-likelihood fit with exponent ..
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Figure A.13: Kurtosis x and histogram of the duration of periods in which the nor-
malized price p(t) is lower than the 75% quantil, together with an
exponential maximum-likelihood fit with exponent A..
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Figure A.14: Kurtosis k¥ and histogram of the duration of periods in which the nor-
malized price p(t) is higher than the 50% quantil, together with an
exponential maximum-likelihood fit with exponent ..
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A.2.5 Kurtosis vs. Threshold
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Figure A.15: Kurtosis for the persistence of the normalized wholesale electricity
prices p(t) being lower than the threshold plotted for the whole range
of possible thresholds.
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Figure A.16: Kurtosis for the persistence of normalized wholesale electricity prices
p(t) being higher than the threshold plotted for the whole range of
possible thresholds.
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Figure A.17: These plots show the area between the 5% and the 50% quantil for all
method presented in figure A.15. The plots the kurtosis of the waiting
time distribution for the prices being below the respective threshold.
To be able to compare it to the kurtosis of an exponential distribution,

a line is plotted at Kk = 9.
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Figure A.18: These plots show the area between the 50% and the 95% quantil for all
method presented in figure A.16. The plots the kurtosis of the waiting
time distribution for the prices being above the respective threshold.
To be able to compare it to the kurtosis of an exponential distribution,

a line is plotted at kK = 9.
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