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Abstract

One significant way to mitigate global warming is to replace energy generation based on fossil
fuels with CO2 emission free energy sources. In electricity generation, these kinds of energy sources
are, e.g., hydro, nuclear and variable renewable energy (VRE) sources, such as wind and solar
energy. The installed capacities of wind power and photovoltaic panels are growing globally at an
increasing pace. However, the increase of the installed variable generation capacity can cause
problems for the power systems as it also increases the variability of the power generation. To
ensure reliable operation of the power systems and large scale integration of VRE generation, the
behaviour of VRE generation has to be modelled and understood both in short and long term.

This thesis focuses on developing statistical modelling methodologies applicable in Monte Carlo
simulations for the long term modelling of wind and solar power generation in new non-measured
generation locations. Modelling methodologies are developed for the modelling of new wind power
plants (WPPs) and new photovoltaic power plants (PVPs) in non-measured locations, and for the
joint modelling of both generation types. Furthermore, an approach to model wind direction in
new WPPs is developed and a methodology for the modelling of changing installed capacity of wind
generation in large geographical areas is proposed.

The proposed methodologies are able to model both temporal and spatial dependency structures
in multiple new generation locations and can be applied in the analysis of the variability of the
generation and power ramps. The main modelling approach in the proposed methodologies is
based on time series models combined with data transformations comparable to copula modelling.
The developed methodologies are verified against out-of-sample test data, consisting of
measurements which were left out from the model selection and estimation processes.

In addition, the effects of the geographical distribution of the VRE generation locations to the
aggregated power generation are studied with WPPs and PVPs. The observed and quantified
impact of the negative correlation between WPPs and PVPs is analysed jointly with geographical
distributions of the locations.

Keywords Copula, Monte Carlo simulation, photovoltaic power generation, renewable energy,
solar energy, solar irradiance, statistical modelling, vector autoregressive model, VRE
generation, wind power generation, wind speed
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Yksi merkittava keino ilmastonmuutoksen hillitsemiseksi on fossiilisiin polttoaineisiin perustuvan
energiantuotannon korvaaminen CO2-vapailla tuotantomuodoilla. Sihkontuotannossa tillaisia
tuotantomuotoja ovat mm. vesivoima, ydinvoima seké vaihtelevat uusiutuvat energianlahteet kuten
tuuli- ja aurinkoenergia. Tuuli- ja aurinkoenergian tuotannon asennetun kapasiteetin mééra kasvaa
globaalisti nopealla tahdilla. Kasvava vaihtelevan energiantuotannon maéré voi kuitenkin aiheuttaa
ongelmia voimajérjestelmille, silld se lisid myds tehotuotannon vaihteluita. Jotta
voimajérjestelmin luotettava toiminta voidaan taata ja uusiutuvan vaihtelevan energiantuotannon
laajamittainen kayttoonotto mahdollistaa, tulee vaihtelevan uusiutuvan tuotannon kayttaytymista
pystyd ymmartdmain ja mallintamaan tarkasti niin lyhyella kuin pitkilla aikavalilla.

Tama tyo keskittyy kehittimaan Monte Carlo simulaatioihin soveltuvia tilastollisia
mallinusmenetelmié tuuli- ja aurinkoenergian tuotannon pitkan aikavalin mallinnukseen uusissa
tuotantokohteissa, joista ei ole saatavilla mittausdataa. Mallinnusmenetelmia kehitetdan uusille
tuulipuistoille, uusille aurinkoenergian tuotantolaitoksille (sisdltden myos kuluttajien PV-paneelit)
sekd nididen kahden tuotantotyypin samanaikaiseen yhteismallinnukseen. Lisdksi tyossa kehitetddn
menetelma tuulen suunnan tilastolliseen mallinnukseen uusissa tuulipuistoissa sekd menetelma
muuttuvan tuulituotantokapasiteetin mallinnukseen suuremmilla maantieteellisilli alueilla.

Kehitetyt menetelmét mahdollistavat niin ajallisten kuin maantieteellisten riippuvuusrakenteiden
tarkan mallinnuksen useiden tuotantolaitosten vélilla ja niitd voidaan hy6dyntia tuotannon
vaihteluiden ja nopeiden tehomuutosten mallinnuksessa. Valitussa mallinnusstrategiassa
yhdistetéén tilastolliset aikasarjamallit ja kopula-mallinnuksen kaltaiset datamuunnokset.
Kehitettyjen menetelmien toimivuus on vahvistettu vertaamalla mallien tuottamia
simulaatiotuloksia testaukseen varattuun vertailudataan.

Liséksi tutkitaan tuotantolaitosten maantieteellisen hajautuksen vaikutuksia tuuli- ja
aurinkoenergian aggregoituun tuotantoon ja tuotannon vaihteluihin. Tuuli- ja
aurinkoenergiantuotannon havaitaan olevan negatiivisesti korreloituneita yhden tunnin
aikaresoluutiolla ja tdmén negatiivisen korrelaation vaikutuksia tutkitaan myo6s yhdessa
tuotantolaitosten maantieteellisen hajautuksen kanssa.
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1. Introduction

1.1 Background

Global warming is arguably one of the greatest of today’s challenges and green
house gases, such as COy emissions, are one of its main causes. The most
notable human activities causing CO2 emissions are burning of fossil fuels and
deforestation. From the fossil fuels, which account for two thirds of the COq
emissions [1], coal accounted for 43% in 2011, and is the most used in heat
and electricity generation [2]. Thus, one prominent way to mitigate global
warming is to replace coal based energy generation with cleaner energy sources.
In electricity generation the most notable of such generation types are nuclear
power plants and renewable energy such as hydro, wind and solar energy. Of
these, wind and solar energy are variable renewables, which are in the focus of
this work.

The installed wind and solar generation capacities have been increasing
rapidly during the recent years. At the end of 2016 the total installed wind gen-
eration capacity was globally 487 GW [3]. In 2016, the installed wind capacity
was 150 GW in the EU area and approximately 12.5 GW of new wind generation
was installed [4]. The installed photovoltaic (PV) capacity by the end of 2016
was globally at least 303 GW and approximately 75 GW of new PV generation
was installed in 2016 [5].

The rapid growth of the installed variable renewable energy (VRE) generation
has been enabled through several factors including technological development
and decreased costs of wind and solar power generation technologies. In addition,
major contributing factors have been the policy driven renewable energy targets
and related incentives, such as subsidies for renewable generation. Other
supporting factors have been, e.g., the global trend of decentralization of energy
generation, especially affecting the popularity of consumer PV systems.

Wind and solar power generation is stochastic by nature, and thus, the gen-
eration varies in time depending on the wind conditions and cloudiness. The
increased variations in power generation, caused by the growing penetration

13
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of VRE, require also increased flexibility for the system to maintain the power
balance, i.e., the balance between generation and consumption of energy, and
to ensure the reliable operation of the power system [6]. Also, the increasing
variations in generation, and especially times of excess generation, can cause
notable wind and solar curtailment, and thus, wasting of generated energy [7].
Consequently, the analysis and modelling of VRE generation and prediction of
the power generation in short and long term have been topics with increasing
interest and importance in recent years.

The analysis and modelling of VRE generation can be roughly divided into
short term forecasts and medium to long term simulations. Short term forecasts
aim to predict the output of wind power plants (WPPs) and photovoltaic power
plants (PVPs) for the following hours, and thus, are critical for maintaining the
power balance through regulation power reserves and balancing markets.

Medium to long term simulations focus on the modelling of the effects of the
increasing VRE generation capacity on power and energy systems. The long
term simulation studies enable the analysis of the effects of new installed or
planned capacity on energy generation and its volatility in a certain geographical
area. This kind of knowledge is crucial for the planning of future power and
energy systems, and thus, alongside the accurate forecasting methods, to enable
the large scale integration of VRE generation.

1.2 Motivation, Research Questions and Scope of the Thesis

As mentioned, the mitigation of COg emissions is paramount in order to slow
down the global warming. In electricity generation, one of the key approaches to
reduce CO2 emissions is to replace coal with large scale deployment of VRE gen-
eration. However, this increases the overall variability of the power generation,
which can cause problems for the operation of the system.

The installed capacities of VRE generation have been growing fast and the
trend can be expected to continue also in the future. However, a significant
problem is how to model the planned large scale VRE generation and its effects.
The aim of this thesis is to answer that particular question. Medium to long
term modelling methods have been studied extensively in existing WPPs and
PVPs with measurement data available, however, easily applicable simulation
models for new generation locations without any measurement data, i.e., new
non-measured locations, are not widely available.

Some meteorological reanalysis datasets are available for such purposes [8],
but these datasets, or the reanalysis models, do not enable Monte Carlo (MC)
simulations, as they combine historical measurements to numerical weather
prediction models [9]. In addition, the reanalysis models underestimate the
variability of wind speeds in time resolutions less than few hours [10]. The
applicability of the models for MC simulation studies, and time resolutions less
than few hours in the simulations, are becoming increasingly important when

14
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wind and solar generation are modelled together and further combined with
the modelling of electricity consumption. Thus, this work develops accurate
modelling methods applicable for MC simulations for versatile analysis of new
planned WPPs and PVPs to quantify their effect on the system. This is to
optimize and enable the integration of large scale VRE generation to power
systems. Reflecting this goal, the main research question this work aims to
answer is

¢ How future VRE generation and its variability can be modelled in new non-
measured generation locations to ease the large scale integration of VRE
generation to the power system?

The main research question can be further divided into the following more
detailed research questions

¢ How to model the power generation and variability of non-measured WPPs
and PVPs separately and jointly in detail, including the modelling of wind
speed, wind direction and solar irradiance?

* How the geographical distribution of large scale VRE generation locations
affect the aggregated power generation and its variability and the need for
balancing power?

To narrow down the vast topic of VRE modelling, the main focus is on the
detailed modelling of new WPPs and PVPs. Autoregressive (AR) time series
models are chosen for the main statistical modelling approach in this work.
Markov chain based approaches [11] or other common machine learning methods
such as artificial neural networks, support vector machines and different tree
based approaches are not considered. Such methods are widely used in various
regression and classification problems in many domains [12], however most of
these approaches are not designed for time series modelling, which is in the
main focus in this thesis. AR models, on the other hand, are specifically designed
for time series analysis. From the most common machine learning approaches
recursive neural networks are also applicable for time series modelling [13],
however, in this work approaches that have good interpretability are favoured
over block box modelling, which is usually the case with neural networks [12].
Thus, as approaches based on AR models have good interpretability, are more
straightforward compared with recursive neural networks and, most importantly,
have good performance in the studied modelling tasks, they are chosen for the
main modelling approach.

Application wise, a particular interest is placed on the effects of the geo-
graphical distribution of the VRE generation locations on the aggregated power
generation and its volatility. Furthermore, the overall focus is on the long term
modelling and simulation of VRE generation, and thus, short term simulations
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and forecasting are left out from this work, even though the developed models
can also be applied in such modelling.

The main research methods applied in this thesis are data analysis and math-
ematical modelling based on data. First, measurement data (e.g. wind speeds or
solar irradiances) is analysed and pre-processed. This work utilizes hourly data,
however, the proposed methodologies are also applicable for sub-hourly time
resolutions, if sufficient data is available. Then, appropriate statistical models
are selected and full modelling methodologies are developed. The statistical
models are estimated using the measurement data and the modelling methodolo-
gies verified against measurements reserved for testing using MC simulations.
Finally, the proposed methods are utilized in the simulation of cases and future
scenarios and the obtained results are further interpreted and analysed.

Last, in this work WPPs refer to large scale wind power generation in wind
farms. PVPs can be considered either as large scale PV power plants, i.e., solar
farms or as aggregates of consumer PV systems on the rooftops in a suitable
geographical areas. Furthermore, even though the abbreviation PVP is used
to address the solar power plants, the developed modelling methods are also
applicable for the modelling of other types of solar generation in addition to PV
such as concentrated solar power.

1.3 Scientific Contribution

The main novel scientific contributions of the seven publications included in this
thesis are summarized in this section.

* Two statistical methodologies for the modelling of new non-measured WPPs
are developed in Publications I-III. The methodologies are developed further in
each consecutive publication from the transformed ARC model (Univariate AR
models combined via spatial correlation matrix C) to a complete modular mod-
elling methodology based on transformed full VAR model with ¢-distributed
errors. In Publication III, the full VAR based methodology and an approach
to estimate the model parameters for new WPP locations is developed and
the applicability of the model for aggregated power ramp modelling is demon-
strated. All methodologies are verified against out-of-sample data with good
accuracy and used to model new scenarios using MC simulations. Modelling
methodologies are presented in Section 3.3 and simulation results in Sections
41and 44.1.

A modular statistical modelling methodology for new non-measured PVPs
(i.e. centralized PV plants or aggregated consumer PV systems) is developed
in Publication IV. The methodology is based on a transformed time-varying
ARC model with ¢-distributed errors, which is verified against out-of-sample
measurements with good accuracy. Furthermore, the methodology is used
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to model new PVPs in future scenarios using MC simulations. Modelling
methodology is presented in Section 3.4 and simulation results in Sections 4.2
and 4.4.2.

A joint modelling methodology for a system with both WPPs and PVPs is
developed in Publication V. The developed modelling methodology is based on
a transformed simplified time-varying VAR model with ¢-distributed errors, of
which estimation process without model order limitations for new generation
locations is demonstrated. The methodology is verified against out-of-sample
data with good accuracy and the need for joint modelling of both WPPs and
PVPs is also justified. In addition, a notable negative correlation between
WPPs and PVPs is observed. This observation implies that both generation
types should be included in the power system to decrease the volatility of the
generation, which is also assessed in case studies through MC simulations.
Modelling methodology is presented in Section 3.5 and simulation results in
Sections 4.3 and 4.4.3.

A statistical methodology for the modelling of wind direction in new non-
measured locations is developed in Publication VI. A simplified VAR model
combined with an approach to estimate the model from circular wind direction
data is developed and the accuracy of the model is verified against out-of-
sample measurements. Wind direction modelling using MC simulations allows
more accurate wake effect modelling in new WPP locations as demonstrated in
case studies. Modelling methodology is presented in Section 3.6 and simulation
results in Section 4.4.1.

A transformed VAR model with ¢-distributed errors is developed for statisti-
cal modelling of aggregated wind generation in large geographical areas in
Publication VII. It is demonstrated that the model is capable of modelling
new scenarios with changing installed wind power capacities in the areas. An
approach to minimize the variance of the aggregated wind generation is also
proposed. Modelling methodology is presented in Section 3.7 and simulation
results in Section 4.4.1.

The effect of the geographical distribution of the VRE generation locations is
analysed in Publications I-VII using long term MC simulation studies. It is
assessed how much dispersed geographical distribution decreases the probabil-
ities of very low or high generation events and the volatility of the aggregated
generation compared with geographically concentrated distribution. The effect
of the geographical distribution is also quantified for aggregated wind power
ramps. The effect of the geographical distribution to the aggregated generation
is found to be notably smaller with PVPs compared with WPPs in hourly time
resolution. Furthermore, the impact of the negative correlation between WPPs
and PVPs is analysed jointly with different geographical distributions and
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optimal proportional annual generated energies (and thus also proportional
installed capacities) for WPPs and PVPs are presented. The simulation re-
sults related to the geographical distribution of the generation locations are
presented in Section 4.4.

1.4 Structure of the Thesis

The thesis is organized as follows. Chapter 2 provides a review of the prior
work on wind and solar power generation modelling with an emphasis on long
term simulations. Chapter 3 presents the statistical modelling methods de-
veloped in this thesis for the modelling of wind and solar power generation.
Chapter 4 presents the main simulation results obtained with the developed
models. Finally, Chapter 5 concludes the thesis by giving a discussion and rec-
ommendations for future work on the developed models and obtained simulation
results.
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2. Review of Relevant Research

This chapter presents a review of relevant prior research related to the medium
to long term modelling of wind speeds, solar irradiances, WPPs and PVPs. First,
research related to the modelling of wind speeds and WPPs is discussed, and
after that the modelling approaches for PVPs, and also shortly for the joint
modelling of both VRE types, is presented.

2.1 Long Term Wind Power Modelling

When analysing wind power generation and WPPs in long term (usually a time
span of months or years), there are two viable modelling approaches to choose
from. These are either statistical or physical models such as meteorological
reanalysis models. The reanalysis models combine years of wind speed (and
many kinds of other weather data such as solar irradiance and temperatures)
measurements to numerical weather prediction (NWP) models to provide histor-
ical datasets for wide range of geographical areas [9,14-16]. These models are
extremely computational heavy, but some datasets such as MERRA reanalysis
dataset [8], are freely available. The reanalysis models, however, are not appli-
cable for simulation methods such as Monte Carlo [17]. In addition, reanalysis
models tend to underestimate extreme wind speeds and variability when time
resolution is less than few hours [10], and thus, additional stochastic modelling
of the short-term fluctuations is needed to accompany them as shown in [18].

Statistical models, on the other hand, are applicable for MC simulation studies,
which is a notable advantage in the analysis of future scenarios. In addition,
statistical models can be estimated also for higher time resolutions from, e.g., one
hour to 15 or 5 minutes. Wind power generation modelling utilizing statistical
models in long term MC simulations in measured wind speed or WPP locations
have been considered extensively in [19-25].

The use of copula modelling (introduced in Section 3.1) enables the separation
of the spatial and temporal dependency structures of WPPs from the modelling
of marginal probability distributions (margins) of the individual WPP locations
using data transformations [11,19-21,26]. When using the statistical modelling

19



Review of Relevant Research

approach with multiple generation locations, copula modelling, or data trans-
formations motivated by copula modelling, are commonly used together with
a statistical model. In addition, the copula approach can be also used in MC
simulations as in [11,19-21]. The copula approach allows the separation of
the modelling in two parts, which are notably easier to model separately; the
dependency structures (modelled with, e.g., time series models) and the margins
(distributions modelled separately in each location). As this is an extremely
useful strategy to simplify the modelling, it is also implemented in this work in
Publications I-VII.

Time series models, such as AR or autoregressive-moving-average (ARMA)
can be used to model the temporal dependencies in individual locations [21, 25,
27-29]. However, such univariate approaches are unable to analyse the spatial
correlations between time series (or WPP locations) as such. However, there are
mathematical methods to link the univariate processes to each other. In [30],
the spatial correlations were modelled by combining univariate AR models with
Cholesky decomposition of the spatial correlation matrix. This approach was
also used and extended in this work and in Publications I, IT and IV.

However, a spatial correlation matrix is not enough to capture the full complex
spatial dependency structure between wind speeds or WPPs as presented later
in Section 3.2.3 and illustarted in Section 4.1. According to [31], the dependency
structure modelled with accurate cross-correlation functions, and consequently,
proper spatial correlations between wind speed measurement locations are
crucial. Thus, more detailed models, are required.

A popular approach to model both spatial and temporal dependency structures
together is to use a vector autoregressive (VAR) model, which is a multivariate
extension of the AR model, and also easily applicable for MC simulations [32,33].
VAR model has been used to model dependency structures in existing WPP
locations in [23, 29, 34, 35]. Other multivariate time series models such as
multivariate ARMA models are used for wind generation forecasting error
simulations in [36]. In addition to VAR and other time series models, also
artificial neural networks [22,23,31] or Markov Chains [11,37] have been used
in the modelling of the dependency structures in wind power generation. In this
work, the widely utilized approach based on time series models, such as various
forms of AR and VAR based models, is also applied in Publications I-VII.

As mentioned earlier, data transformations are commonly used together with
time series models such as the VAR model to separate the margins of individual
WPPs from the dependency structures between and in the WPPs. The probability
integral transformations do not fully preserve Pearson’s correlations [38, 39],
however rank order correlations such as Spearman’s rho are preserved [40].
Though, the difference (the change in the Pearson’s correlation values) over the
transformations are minor [41]. Hence, both measures of correlation are used in
the publications related to this thesis depending on the case.

The marginal probability distributions, i.e., the wind speed or wind power
generation margins in individual WPP locations can be modelled with a wide
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array of different approaches. The most common parametric distribution used to
describe wind speed distribution in an arbitrary location is Weibull distribution
[42,43]. Non-parametric distributions or estimates, such as Gaussian kernels
[44,45] or empirical cumulative distribution functions (ECDF's) [20] are also
widely used. These distributions can be combined with Generalized pareto
distribution, which can be used to model tails of the distribution to enable
estimates for values larger than the maximum value observed in the estimation
data [32,33]. In this work, all of the above mentioned approaches are used to
describe wind speed distributions depending on the application.

The monthly diurnal structures, i.e., the hourly intra-day and monthly struc-
tures have been modelled using either dummy variables with the time series
models, as shown in [46] or removing them from the data before estimation and
adding back in simulation phase as done in [34]. Both approaches have been
applied in this work.

The transformation from wind speeds to power can be done with various dif-
ferent power generation models. One of the most common ways is to use a third
degree power curve as done in [42], although this approach is simplified and
inaccurate for some wind turbines. More advanced state-of-the-art approaches
include the utilization of logistic functions as power curves as done in [47,48],
however the accuracy of these approaches is heavily dependant on the correct-
ness of the used parameters. Data for such approaches can be obtained from
turbine data sheets and other important parameters, e.g., average unavailabil-
ity rates from freely available reports such as [49]. As measured data is not
required, the above mentioned approaches are suitable for the modelling of new
WPP locations, which is one of the main focus areas in this thesis.

The wake effects inside WPPs can be modelled with a wide range of approaches
from a single coefficient describing the whole wake effect in a WPP to detailed
dynamic models [50,51]. However, the utilization of the detailed wake effect
models can be problematic with new WPPs as the real topology of the wind farm
is not necessarily known. When modelling wake effect in a WPP in detail, the
modelling of wind direction is also crucial, as it determines how the turbines of
a wind farm align in respect to each other [52].

Wind direction has been modelled with time series models, e.g.,, ARMA model,
in short-term forecasting in existing locations in [53]. Direction modelling
using Markov Chains and dividing the directions into eight sectors have been
considered in [54]. In this thesis and in Publication VI, the time series modelling
approach is taken with the wind direction modelling, as it does not require
simplifications such as using sectors as in [54].

To summarize, various approaches are available for the long term modelling of
wing power generation time series. Data transformations combined with time
series models has been a widely utilized approach and also used in this work.
However, even though published research on the modelling of WPPs is plenty,
the modelling of new non-measured locations is scarce. The main approach
for the modelling of WPPs without actual data from the locations is to use the
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meteorological reanalysis datasets. However, as mentioned, this approach does
not allow MC simulations. In this work, this problem is addressed by developing
MC simulation based modelling methodologies for long term wind generation
analyses.

2.2 Long Term Solar and Combined Wind and Solar Power
Modelling

In solar power generation modelling, whether it be the modelling of power or
solar irradiance, similar approaches as with wind power can be used. Again,
the two most viable options for long term simulation studies are the reanalysis
datasets (which usually contain also irradiance data) created using historical
data and physical NWP models [9,14-16], e.g., the previously mentioned MERRA
dataset [8], which is used with solar modelling in [55], or the approaches based
on plethora of different statistical models. However, as also mentioned earlier,
only the statistical approaches enable the implementation of MC simulations,
which are beneficial when conducting long term case studies or scenario analyses
in large systems.

Copula modelling, or data transformations motivated by it, can be applied
similarly for PVP and solar irradiance modelling as with wind speeds and
WPPs in earlier section. The benefit of copula method is exactly the same, i.e.,
to separate the modelling of the spatial and temporal dependency structures
between PVP locations from the modelling of the margins in individual PVP
locations. Copulas are applied in PVP modelling, e.g., in [56].

As with the copula modelling, similar statistical modelling approaches, which
are applicable for WPPs, are also viable for the PVP modelling. Statistical
modelling of solar irradiance and PVPs have been considered extensively with
various different models and approaches [57-59]. Time series modelling ap-
proaches are commonly used both in short term forecasting and in long term
simulations. Short term forecasting using time series models such as state-space
models, ARMA, simplified VAR and VAR models have been considered in [60—63].
As visible, similar modelling approaches are applied in PVP modelling as with
WPPs previously. Long term statistical analysis and approaches to generate
artificial (simulated) time series with temporal and spatial correlations are
developed in [64, 65], but only for measured locations.

As the penetration of PV generation grows rapidly, a notable amount of re-
search has been focusing on the large scale generation. Recently, large scale
PVP modelling with multiple locations, instead of considering only a single or
few locations, in, e.g., a countrywide setting, is studied and assessed in [65—69].

As with WPPs, several different approaches for the long term simulations
and modelling of PVPs are available, however, the main focus of the research is
on the existing measured locations. Thus, this work aims to develop methods,
which can be used to model new PVPs in long term simulation studies using
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MC simulations. The chosen approach is similar to the one chosen for WPP
modelling, i.e., data transformations combined with time series models. Next,
previous research on the modelling of non-measured PVP locations is shortly
described.

Clear-sky irradiance, i.e., the theoretical possible solar irradiance, in any
geographical location can be estimated using a model developed in [70]. The
clear-sky irradiance estimates the potential for PVP generation in clear-sky
conditions, i.e., without any clouds or large amount of particles in the atmosphere
blocking the irradiance. The clear-sky irradiance model proposed in [70] has a
wide applicability as it doesn’t require any measured data to produce estimates
for the ideal conditions. Thus, it can be easily applied in the modelling of new
PVP locations.

For the transformation from solar irradiance to generated power, several
models with varying degree of detail are available. This work utilizes a commonly
used power generation model for PV polycrystalline silicon panels proposed
in [71]. The model developed in [71] requires the separation of solar global
irradiance (which is usually the quantity simulated with the models) into its
components for more detailed modelling. The separation from global to diffuse
and beam irradiance can be done using a relatively simple, but also more
inaccurate, models as in [72], or using detailed models, which also require
accurately estimated parameters to function well, as proposed in [73,74]. For
the decomposition, this work applies the state-of-the art logistic model proposed
in [73].

In addition to the separate modelling of WPPs and PVPs, also joint modelling
of both is a topic of growing interest as penetrations of both types of VRE are
growing in energy systems. Thus, the combined variability and output of these
stochastic energy sources has to be studied. Combined VRE analysis has been
considered in detail in [75-78]. These studies include also the analysis of the
correlations between WPPs and PVPs. A negative correlation between wind and
solar has been observed in [76, 78], which is a topic studied also in this work.

To summarize the chapter, long term simulations of multiple WPPs, PVPs
or a joint VRE modelling have been a topic of interest in research during the
previous years. For the long term modelling, two viable options are available; the
use of reanalysis models (if sufficient computational capacity is available) and
freely available reanalysis datasets or MC simulation based approaches using
statistical modelling. Statistical models have been a popular approach, though,
utilized mainly on the modelling of existing generation locations with measured
data available. Consequently, statistical approaches with the ability to simulate
new locations are scarce. Hence, the modelling of new non-measured WPP and
PVP locations using MC simulations is the application this work focuses on.
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3. Modelling Methods

This chapter presents the methods developed for the modelling of wind and solar
power generation in Publications I-VII, with the main focus on the modelling
of WPPs and PVPs in new (non-measured) generation locations. The chapter is
divided into two parts with different focuses. The first part introduces shortly the
theory related to copula modelling, which is applied in the modelling approaches
presented in this thesis. Then, the time series models applied in the modelling
of temporal and spatial dependency structures are presented in detail.

In the second part, the focus is on the developed modelling methodologies. It
presents the methodologies for the stochastic modelling of new WPPs, PVPs and
the combined modelling of both generation types. These methodologies are the
main focus of the thesis. This is followed by the modelling approach developed for
wind direction modelling. Finally, a methodology for wind generation modelling
in a regional scale without the modelling of individual WPPs is shortly presented.

3.1 Copula Theory

This section presents shortly the basic theory related to copula modelling. A cop-
ula specifies a multivariate probability distribution with uniformly distributed
margins that describes the dependence structure between two or more random
variables. In this thesis, an approach motivated by copula modelling is used in
the modelling methodologies as it allows the separate modelling of the margins
and the dependency structures of the data (the utilized approach is de facto
copula modelling, but does not necessarily fulfil all theoretical definitions in
all cases). This is crucial as the modelling of both simultaneously can be very
difficult. The methods presented in this thesis utilize data transformations to
Gaussian data (comparable to Gaussian copula), which are suitable for wind
speed analyses [41], and hence, other copulas are not discussed.

For a k—dimensional random variable ¥ =[Y7,...,Y;] the cumulative distribu-
tion function (CDF) can be specified as

H(y)=P[Y1<y1,....,Yr = y1], (3.1)
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where the right hand side of the equation describes the probability that the
random variable Y; takes a value less than or equal to y; et cetera. H describes
the statistical distribution of Y, however, it can be difficult to analyse H directly
[41]. Copula theory provides an approach to separate the analysis of H into
two parts, which is demonstrated next. Sklar’s theorem states that H can be
specified as

H(y) = C(ul,...,uk) = C[Fl(yl),...,Fk(yk)], (3.2)

where C is a copula and F; is the CDF of the margin i [79]. The marginal
CDF's F; are specified as

Fi(y;)=P[Y; < y;]. (3.3

In this thesis, margins can be considered as continuous and strictly increasing,
and therefore, Sklar’s theorem states that C is unique. Thus, H can be separated
into two parts; C contains the information on the dependency structures between
the components of Y, and the CDF's F; contain the information on the marginal
distributions [79].

The Gaussian copula, considered in this thesis, defines the CDF of U, which is
the copula C, as follows

Cs(w) = Hs[F3t (1), ..., Ft(up)l, (3.4)

where FK,I is the inverse CDF of the standard normal distribution and Hs is
the CDF of the k—dimensional multivariate normal distribution with zero mean
vector and covariance matrix X, which is equal to the correlation matrix Cgayss,
and F&l is the inverse CDF of the standard normal distribution [41,79]. Figure
3.1 illustrates an example of a dependency structure specified by a bivariate
Gaussian copula, with correlation between the two random variables in the
Gaussian domain specified as p = 0.8, with Weibull distributed margins.

3.2 Modelling of Temporal and Spatial Dependency Structures

This section presents the time series models and related parameter specification
methods utilized in this thesis. The presented models can be applied in the
modelling of the spatial, temporal and spatio-temporal dependency structures of
both wind speeds and solar irradiances. The most notable difference between the
modelling of wind speeds and solar irradiances is the data pre-processing phase
and the different scale of the hourly and daily variations. The larger variations in
solar irradiance compared with wind speeds, however, do not require completely
different modelling approaches, but can be addressed with some additions to the
models presented in this section as discussed later in Section 3.4.

First, the univariate AR modelling approach is presented, and is followed by
the simplified and full VAR approaches. Last, this section presents the error
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Figure 3.1. Dependency structure specified by a bivariate Gaussian copula (p = 0.8) with Weibull
distributed margins.

term modelling for the above mentioned models.

3.2.1 Univariate Autoregressive Approach

In this work, time series models, such as AR model, are used to model the
temporal dependency structures in WPPs and PVPs, e.g., how wind speed or
solar irradiance values vary in time and what are the relations between the
values in consecutive time steps. For example, AR model describes how wind
speed at time ¢ in location i depends on the previous values of wind speeds in
location i at, e.g., time ¢ —1 and ¢ —2. Thus, a time series model such as AR
model can be considered as a regression model where the explanatory variables
are the lagged values of the dependent variable.

The most simple of the presented models is the univariate AR model, which
is utilized in the modelling of temporal dependency structures in individual
locations with both WPPs and PVPs in Publications I, II and IV. In all of the
studied applications, there were no need to include the moving-average part of
the general ARMA model as AR part of the model was sufficient. In addition,
ARMA processes can be also approximated using long AR models [80], and hence,
the MA part or ARMA models are not considered in the thesis.

An univariate p—order AR model for a process x; is defined as

p
xr=c+ Z apXi_p +Us, (3.5)
h=1

where a1,...,a, are the model coefficients, ¢ is the intercept term, and u; is the
error term of the model at time ¢. In the standard approach a1,...,a, and c are
assumed to be constants, and thus, remain the same for all . The error terms of

27



Modelling Methods

the model, u;, are assumed to be independent and identically distributed (i.i.d.),
however no assumptions concerning the distribution of the errors are made.

An univariate AR process models, by definition, only the temporal dependen-
cies in a single time series x;. Therefore, to model spatial dependency structures
between multiple time series, univariate AR models are combined using a corre-
lation matrix C as done in [30].

The mathematical approach for the implementation of the spatial correlations
between univariate time series x; (with temporal correlations modelled with
the AR models), is the utilization of the Cholesky decomposition of correlation
matrix C. The Cholesky decomposition of C can be written as

C=LL", (3.6)

where L is a lower triangular matrix with real and positive diagonals and LT
is the transpose of L. The spatial dependency structures are implemented by
multiplying a matrix consisting of the spatially uncorrelated time series with
L [30].

The combination of these methods is referred as the ARC model in this thesis
according the combination of an univariate AR models and Cholesky decomposi-
tion. For the ARC model, the parameters that need to be estimated from data
are AR model coefficients a1, ...,a,, intercept term c and the correlation matrix
C. The estimation of these parameters is straightforward from the data, and is
presented in detail for WPPs in Publication II and for PVPs in Publication IV
and in Section 3.4.

3.2.2 Simplified Vector Autoregressive Approach

In the ARC model, as presented in the previous section, the spatial correlations
for lag h = 0 are created using Cholesky decomposition of spatial correlation
matrix C. However, Cholesky decomposition does not fully preserve the shape of
the autocorrelation function (ACF), i.e., the temporal dependencies, in individual
locations. This is not an issue if all locations have relatively similar shape of
the ACF, which is true when modelling only WPPs (wind speeds) or PVPs (solar
irradiances). However, when modelling, e.g., both generation types with the
same model to capture the correlations between WPP and PVP locations, it
distorts the ACF's in the individual locations as the ACF's differ notably between
wind speeds and solar irradiances.

Therefore, an approach which preserves ACFs in individual locations is re-
quired, and hence, the simplified VAR model, which models both temporal
dependencies in individual locations and spatial dependencies between them,
was proposed in Publication V. In addition, the simplified VAR model based
approach was also a crucial intermediary step after the ARC model in the devel-
opment of the full VAR model based approach, which is presented in the next
section.

In Publications V and VI, the temporal and spatial dependency structures
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are modelled with a simplified VAR model. In Publication V, an approach to
specify the simplified VAR model parameters for new WPP and PVP locations
was proposed and is presented shortly in this section. In Publication VI, a
simplified version of the presented approach, applicable only for model order
p =1, is utilized.

A VAR model is a multivariate generalization of an univariate AR model which
models temporal and spatial dependencies in multiple time series. Therefore,
Cholesky decomposition of a spatial correlation matrix or any similar approach
is not required to accompany the VAR model.

A k—dimensional p—order VAR;(p) model is defined for a process x; =
[x1,¢,%2,,...,%% ] for time steps ¢ =1,...,T as

D
Xp=c+ ) Apxep+uy, 3.7
h=1

where Ay,...,A, are the & x k —dimensional VAR coefficient matrices, cisa k2 x 1
—vector of intercept terms and u; = [w1s,ugy,...,ur ) is the error term of the
model [46]. Index % is the number of individual locations (e.g., WPP or PVP
locations) and i represents one of those locations. The model order p describes
how many previous values (time steps) of x; are used to predict the next value
of x;.

The model is called a simplified VAR because the off-diagonal components of
the VAR coefficient matrices A1,...,A, are assumed to be zero, yielding

api1 0 - 0
0 apz - O

Ap=1| . ) ) s (3.8)
0 0 - anp

where ap, 1,...,ap ; are model coefficients, which specify the temporal depen-
dency structures separately for each location i. In general, the diagonal com-
ponents of the VAR coefficient matrices specify the temporal dependencies in
each individual location, i.e., how the value x; ; depends on the past values of
the same location i with lags 1,...,A. The off-diagonal components specify the
spatial dependencies between locations, i.e., how x; ; depends on the past values
of all other £ —1 locations at lags 1,...,A.

The estimation of the off-diagonal components of A1,...,A,, is difficult, as they
cannot be linked to straightforwardly to, e.g., the temporal correlations of wind
speeds or solar irradiances in a single location or to the distances between two
locations, which is discussed in more detail in Publications I and III. Hence, the
off-diagonal components are assigned to zeros to enable the easier estimation of
the model parameters for the modelling of new WPPs and PVPs.

As the VAR coefficient matrices are as specified in (3.8), the spatial correlations
between the components of x; have to come exclusively from the error terms u;.
They can be specified using the covariance matrix of the error terms X, = cov(uy).
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2, can be specified using VAR coefficient matrices A1,...,A, and autocovari-
ance matrices I'y (). These parameters, on the other hand, can be estimated
from data. This section shows how X, is specified and the estimation of the
parameters from data is presented in Sections 3.5.2 and 3.5.3. In addition, more
information can be found in Publication V.

To be able to determine X, the VAR model has to be assessed in the state-space
presentation form, i.e., as a VAR, (1) model [46]. The state-space representation
allows a VAR (p) model with any order p to be written as a kp —dimensional
VAR},;,(1) model, i.e., with order p = 1, which is necessary to determine X, with
the utilized approach. First, the 2p —dimensional state-space autocovariance
matrix I'x(0) of the process x; is formed from the autocovariance matrices
I';(h) for lags h =0,...,p — 1. Matrix I'x(0) specifies the temporal and spatial
autocovariances of x; for lags 2 =0,...,p — 1, and is specified as follows

I'«(0) I'«(D o Te(p-1)
Fx(_l) rx(o) rx(p_z)
Tx(0)= , , . . . (3.9)
Ty(-p+1) I'y(-p+2) -- T.(0)

In addition to I'x(0), a kp x kp —dimensional state-space representation of the
VAR coefficient matrices Ay,...,A, is also required, and can be formed in the
following manner

Ay Ay - A, A,
I, 0 - 0 0

A=|0 I, - 0 0], (3.10)
0 0 « I, 0]

where I}, is a k x k —dimensional identity matrix [46]. According to [46], using
(3.9) and (3.10) the kp x kp —dimensional covariance matrix 2y can be obtained
as follows

Sy =Tx(0)-Alx(0)AT. (3.11)

The % x k —dimensional covariance matrix of the error terms X, , which specifies
the spatial dependency structures is obtained by selecting first 2 rows and first
k columns from Xy as shown in Publication V.

3.2.3 Full Vector Autoregressive Approach

The previous section presented the simplified VAR model for the modelling of
spatial and temporal dependencies in new WPPs and PVPs. Simplified VAR
model considers the spatial dependency structures only with lag A =0, as does
the ARC model with the spatial correlation matrix C. This is enough to capture
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the spatial dependency structures between solar irradiance locations accurately.
However, modelling the spatial dependencies only with lag 2 = 0 is not enough
for the accurate modelling of wind speeds in multiple WPP locations.

The spatial dependency structures in wind speed data are such that lags A >0
have to be taken into account also in the spatial correlations to capture the
correct dependency structure between locations. Hence, a full VAR model based
methodology, which is able to model the spatial dependencies with multiple lags
is proposed for the modelling of WPPs in multiple locations.

In Publication III, the simplified VAR model was developed further into a full
VAR model to capture the full spatio-temporal dependency structure between
WPP locations and an approach to specify the model parameters for new WPP
locations was presented. In addition, Publication VII also utilized a VAR model,
but only with existing locations. This section presents the full VAR approach
proposed in Publication IIT and how the model parameters are specified when
modelling new locations.

Equation (3.7) presented the 2—dimensional p—order VAR (p) model for a
process x; = [x1,%24,...,%%,¢]. With the full VAR model approach, the VAR
coefficient matrices A1,...,A, associated with the model are specified without
any components forced to zeros, as

Qp1,1 Q12 " Qaplk
Ap21 QAnp22 **° QAp2k

A= . ) . s (3.12)
apk1l QApk2 - QAukk

where, e.g., aj;1,2 denotes the coefficient between x1; x2; at lag h.

In contrast to the specification of the simplified VAR model parameters, with
the full VAR model the VAR coefficient matrices Ay, ...,A, have to be specified
using autocovariance matrices I'c(h). This section shows how Aq,...,A, are
specified for new locations. The estimation of the required autocovariance
matrices I'y(h) from the data is presented in Section 3.3.3.

The specification of the parameters starts with Yule-Walker equations, which
can be written, according to [46], for lags 2 >0 as

F.(h)=AT (h—1)+...+ A, (h—p). (3.13)
Equation (3.13) specifies the relation between matrices A1,...,A, and I'y(k) as

a function of lag A, and, can be formulated also as

Iy(h-1)
(k)= [A1,..,A,] s (3.14)
T'y(h—p)

According to [46], using the state-space representation, i.e., the VAR, (1) form
of the VAR model, and thus, using matrices (3.9) and (3.10), (3.14) can be written
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as

[Tx(1),...,Tx(p)]= AT'x(0). (3.15)

As the VAR model coefficients need to be specified for the modelling of new
locations, elements of A, where the matrices Ay,...,A, are specified as in (3.12),
can be solved from (3.15) as follows

A =[I(1),....T(pITx(0) (3.16)

where I'x(0) is non-singular. Using (3.16), the VAR coefficient matrices can be
specified for the modelling of new WPP locations using autocovariance matrices
I'.(h), which can be estimated from data, as shown in Publication III.

The covariance matrix of the error terms X, is the only parameter left to
specify for the full VAR model. X, can be calculated from the already specified
matrices A and I'x(0) similarly as with the simplified VAR model in the previous
section using (3.11) and then selecting the first £ rows and first £ columns from
2.

3.2.4 Error Term Modelling

In Publication I, the error terms of the AR model were assumed to be normally
distributed when modelling transformed wind speeds. However, in Publication
IT it was found out, when analysing the error terms in detail, that the errors
were t-distributed instead of following a normal distribution. The error terms
u; =[uis,usy,...,ur,) were found to have high kurtosis in all cases and the
distributions had notably fatter tails and more peakedness compared with the
normal distribution. Similar observation was made in Publication IV, the error
terms of the AR models, when applied in the modelling of solar irradiance, had
also fat tails, and hence, were ¢-distributed. #-distributions were also used with
the simplified and full VAR models when modelling new WPPs and PVPs in
Publications III and V. In addition, in Publication VII ¢-distributed errors were
used with the modelling of wind generation in regional areas.

The mean value of the degrees of freedom from the ¢-distributions fitted for the
error terms of solar irradiance locations were 3.68 in Publication IV and for wind
speed locations 5.81 in Publication III. Hence, it was clear that ¢-distribution
gave a much better fit as ¢-distribution approaches normal distribution when the
degrees of freedom increase (usually with > 30 degrees of freedom #-distribution
is close to normal distribution). The fitted normal and ¢-distribution are also
illustrated in Figure 3.2 for the errors of a time-varying AR model fitted for a
measured solar irradiance location in Publication IV.

The error terms of the model were assumed to follow ¢-distribution with the
modelling of both WPPs and PVPs and with all used models (expect the modelling
of wind directions where errors followed multivariate normal distribution). The
model parameters were estimated with ordinary least squares (OLS) method in
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all cases. According to Gauss-Markov Theorem, OLS is the best linear unbiased
estimator if model errors u; have zero mean, have constant variance and are
uncorrelated [81]. Although, with VAR and simplified VAR models, the error
terms are allowed to be correlated at lag 2 = 0, but have to be uncorrelated
between time steps [46]. In addition to these conditions, OLS does not require
normality of the errors and it allows their separate modelling [82]. Thus, the
usage of ¢-distributed errors were justified.
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Figure 3.2. Histogram of the error terms of a time-varying AR model fitted for solar irradiance
measurements and the fitted normal and ¢-distributions from Publication IV.

3.3 Modelling of New Wind Power Plant Locations

This section presents the modelling methodology for new WPP locations. New
WPPs have been modelled in Publications I, IT and III and during the course
of the publications, the modelling methodology has been further developed and
improved. The section goes through the main modelling methodologies step by
step with an emphasis on the most developed approach utilizing the full VAR
model developed in Publication III.

3.3.1 Estimation Data and Marginal Distributions

The estimation data for the models can be any measured wind speed data as long
as the data is measured at least partly at the same time period, the measurement
period is over one year (to allow the simulation of full years) and has at least
hourly time resolution. The models presented here have been estimated using a
dataset which consists both low and high altitude measurement data.

The low altitude data consisted of hourly wind speed data from 19 low altitude
measurement locations in Finland (the measurement height is approximately
15 meters above the surrounding ground level). The measurement period was
three years from July 2008 to July 2011 for all locations. The data was provided
by the Finnish Meteorological Institute (FMI). The high altitude wind speed
data are from 12 locations in Finland and the time resolution is one hour. The
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measurement height varies from location to location 74 to 150 meters above the
surrounding ground level. The length and dates of the measured data varies
from location to location from a minimum of one year to several years.

In addition, measured aggregated wind power generation data from Finland
in 2012 and 2015 are also utilized in the estimation or verification of the models.
The resolution of the aggregated data is hourly and it was provided by the
Finnish Energy Industries.

Marginal distributions, i.e., margins are the probability distributions describ-
ing the wind speed conditions in a location. Several different distributions can
be used to model the distribution of wind speeds, e.g. Weibull distributions,
empirical cumulative distribution functions (ECDFs) [20] or ECDFs combined
with generalized Pareto distribution [32,33] for the upper tail (highest 10% of
the data) in order not to limit the distribution at the highest measured value.
In the model estimation ECDF's combined with Pareto tails (in this section just
ECDFs) are used to model the margins of the measured locations. However,
these distributions cannot be used to specify new locations as they require mea-
surement data from the modelled location. Therefore, the margins of new WPP
locations are specified with Weibull distributions, defined by two parameters,
and commonly used to describe wind speed distributions [42,43].

The measured wind speeds from % locations, used in the estimation, can be
denoted as y; = [y1,4,¥2,¢,-... 2], where k denotes the number of the locations.
The AR or VAR models usually assume the estimation data to be normally
distributed [34,46], and thus, y;, is transformed to data with normally distributed
margins z‘t”d, where wd denotes with day structures. This means that the
monthly diurnal variations are still present in the data. The probability integral
transformation, similar to the one used in the Gaussian copula, to Gaussian
data can be written as

2 =Fy [Filyig)], (3.17)

where F&l is the inverse CDF of the standard normal distribution and F; is the
estimated ECDF margin (as specified earlier in this section), which describes
the wind speed distribution (i.e. wind conditions) in location i [79].

The monthly diurnal structures, i.e., the fluctuations of the average values
in the data are still included in the transformed data z}”d. These monthly day
structures are caused by average monthly and daily changes in the weather and
wind conditions. These changes are caused by the change of seasons, and thus,
the average temperature, but also the diurnal cycle of day and night and the
related temperature patterns.

The daily and monthly average values are calculated for each hour of the
day and for each month, yielding 24 x 12 = 288 averages describing the mean
values for the 24 hours for each of the 12 months. These averages are subtract
from z}”d, and thus, transformed data suitable for the model estimation z; =
[z1,¢,22¢,...,2% ¢] is obtained similarly as in [34]. In addition, as the VAR model
assumes stationarity [46], the stationarity of z; is ensured with Dickey-Fuller
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test [83].

3.3.2 Model Selection and Parameter Estimation

The time series model used for the modelling of the temporal and spatial de-
pendency structure in the new WPP locations can be estimated for z;. The
model can be the ARC model as presented in Section 3.2.1 or the more advanced
full VAR model presented in Section 3.2.3. As the full VAR model is the most
advanced of the developed methods to model new WPP locations, this section
focuses mainly on it. The models selection and parameter estimation for the
ARC model is presented in Publication II.

The model identification can be done with several different approaches, both
graphical and numeric. One of these is the analysis of the autocorrelation
functions (ACF's) and partial autocorrelation functions (PACFs) of the estimation
data z;. For the full VAR model, the suitable order p was found to be 4 in
Publication III.

The adequacy of the model can be assessed also with various approaches. The
adequacy of the VAR (4) model was verified with the assessment of the ACF's,
PACF's and cross-correlation functions (XCF's) of the model residuals u;, and
with the Ljung-Box Q-test [84]. The residuals passed the Q-test and with visual
assessment, it was noted that there were no statistically significant components,
except XCF with lag A =0, which is allowed for the residuals.

As already discussed in Section 3.2.4, the margins of the errors u; were mod-
elled with ¢-distributions. For the new WPPs, the average degrees of freedom
estimated from the estimation locations were used. The monthly diurnal varia-
tions for new WPP locations are estimated from transformed data zz"d using the
averages of the estimation locations. The Weibull parameters for the wind speed
margins describing the wind speed conditions in the new locations are obtained
from the Wind Atlas database [85] according to the heights of the turbines and
the coordinates of the location.

3.3.3 Estimation of the Temporal and Spatial Correlations

Section 3.2.3 presented the approach to specify the VAR coefficient matrices
for the new WPP locations. The covariance matrix X, of the errors, on the
other hand, is specified as shown in Section 3.2.2. Both of these specifications
require autocovariance matrices I',(h) for lags h =0,...,4, which are estimated
as follows.

First, autocorrelation matrices R,(h) are estimated for 2 =0,...,4 from z;. The
temporal correlations, i.e., the diagonal components of R,(k), are the average
values of the ACFs estimated from the components of z;. The spatial and
spatiotemporal (spatial with lags & # 0) correlations, i.e., the the off-diagonal
components of R,(h) are estimated using the distances between the locations,
which are linked to the underlying correlations in z;, as shown in Figure 3.3 from
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Publication III. Figure 3.3 illustrates the relationship between the correlations
of z; at A =0 and distances between the measurement locations, and the fitted
curves for lags h =0, ...,4. These fitted curves are used to estimate the spatial
and spatiotemporal correlations for the new WPP locations depending on the
distances between the locations. Similar approach has been taken for the
estimation of lag A = 0 correlations as a function of distances between WPPs
in [34, 86].

When the R, (k) are fully specified for 2 =0, ...,4, they can be transformed to
the autocovariance matrices I', (k) with the following equation

I';(h)=DR,(h)D, (3.18)

where D is a k x k diagonal matrix with the averages of the standard deviations
o; of the new locations in the diagonal [46]. The averages of o; estimated
from the components of z; are used for the new locations. When I', (k) for lags
h =0,...,4 are fully specified, VAR coefficient matrices for new WPPs can be
estimated using (3.16).

After the VAR coefficient matrices are estimated, X, can be estimated using
(3.11) and selecting the £ first rows and % first columns from Zy;. X, is modelled
as a Gaussian copula [79], and its margins are ¢-distributed. Correlation matrix
for the errors C, can be estimated from X, and is used to approximate the
correlation matrix Cgayss, Which specifies the Gaussian copula. This approach
is justified in Publication III.
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Figure 3.3. Spatial correlation p estimated from z; between wind speed locations for lag 2 =0,
plotted against the distances between the locations, and fitted curves for spatial
correlations for lags & =0,...,4 from Publication III.

3.3.4 Wind Turbine Power Generation Models

As the used time series model, e.g., the full VAR model, is estimated for wind
speed measurement data, the output data from the simulations is also wind
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speed time series. The transformation from the simulated wind speed data
to generated power data can be done with various approaches. As the aim of
the presented methodology is to model new WPPs, the power generation model
used for the transformation cannot be based on approaches requiring power
measurement data. Thus, the approach has to rely purely on the data sheet
parameters of the turbines, which limits the number of viable approaches, some
of which are presented next.

In Publication I, a simple linear piecewise power curve was used for the
transformation. With this approach, the power generation was zero below the
cut-in speed of the turbine and constant nominal power above the nominal speed.
Between the cut-in and nominal speeds the generation was linearly increasing.
In Publication II, a 3rd degree curve was fitted for the piecewise power curve
between the cut-in and nominal speeds to increase the accuracy. In addition,
the emergency shut down was implemented by cutting the generation to zero
above the cut-out speed. After an emergency shut down, the wind speed has to
decrease below a turbine specific re-cut-in speed before the turbine restarts.

In Publication III, a state-of-the-art power generation model, based on logistic
functions was used to model the transformation between the cut-in and cut-out
speeds [48]. The utilized three parameter logistic power curve can be defined for
location i as

P,

P = 1 + e4sWip=3V/P;’

(3.19)

where P, is the rated power, j; is the simulated wind speed, y;, is the wind
speed in the inflection point, i.e., the point where the gradient of the power
curve reaches its maximum and s is the value of the gradient (the slope) in the
inflection point, all in location i [47]. All of these parameters can be estimated
from the data sheet parameters. An example power curve for Gamesa 128 4.5
MW wind turbine [87] modelled with (3.19) is illustrated in Figure 3.4.

So far, only the output of a single wind turbine has been considered. However,
the wake effect inside a wind farm has to taken into account when modelling new
WPPs with multiple turbines. One approach to model the wake effect is to use
a single wake coefficient, which is estimated using the number of the turbines
in the WPP and the average distance between the turbines [50], as done in
Publications II, III and V. However, the wake effect can also be modelled in more
detail using a dynamic approach, which requires wind direction information for
each time step ¢ [50]. Dynamic modelling of the wake effect detailed was studied
in Publication VI and is shortly presented in Section 3.6.

3.3.5 Simulation Procedure

The modelling of new WPPs is based on long term MC simulations (however, the
presented methods can also be used for short term simulations or forecasting,
as shown in [41]). The general structure of the simulation process for the full
VAR model approach is illustrated in the flowchart in Figure 3.5. As the full
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000 3 Parameter Logistic Power Curve for Gamesa G128 4.5 MW
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Figure 3.4. Power curve of Gamesa G128 4.5 MW wind turbine [87] modelled with the three
parameter logistic function. The cut-out-speed where the turbine shuts down is 27
m/s, and thus, the generated power above that wind speed is zero.

VAR approach is the most advanced of the WPP modelling approaches, only it is
presented in detail. The simulation procedure for new WPPs utilizing the ARC
model is presented in Publication II.

The process starts with the drawing of a random sample from the multivariate
Gaussian copula for the 2 new WPPs for the length of the simulation runs ¢ =
1,...,T. Then, the multivariate normal margins of the sample are transformed
to t-distributions according to the estimated degrees of freedom of the errors u;
for new WPP locations.

The next step is to simulate multivariate time series Z; with the full VAR (4)
model, using the correlated and ¢-distributed random sample as innovations. At
this point, the simulated Z; already contains the specified temporal and spatial
dependency structures.

The addition of the estimated monthly diurnal structures follows as done
in [34], and thus, E‘t”d is obtained. Then, E;’Vd is transformed to simulated wind
speeds with the inverse transformation of (3.17) specified as

Fie=F [FaGED), (3.20)
where j;; is the obtained simulated wind speed in new WPP location i at
time ¢, F’i’l is the estimated inverse CDF of the margin for location i (Weibull
distributions describing the wind speed conditions in the location) and Fy is the
CDF of the standard normal distribution.

Final step in the simulation procedure is to transform the simulated wind
speeds ¥, to generated power with the three parameter logistic power curve
approach as in 3.3.4. When the generated power for each new WPP is obtained
with the power generation model, the resulting multivariate power time series
can be utilized in the further analyses separately or combined into aggregated
power time series representing the whole modelled system.
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Figure 3.5. Flowchart of the MC simulation process for new WPP locations with the full VAR
model based approach. Yellow boxes are operations, blue are simulated data and
purple are estimated parameters.

3.4 Modelling of New Solar Power Plant Locations

This section presents the modelling methodology for new PVP locations proposed
in Publication IV. The methodology is based on the ARC modelling methodology
for new WPPs proposed in Publications I and II and presented in Section 3.2.1.
However, the ARC modelling is developed further and modified to be suitable
for PVP modelling in Publication IV. To be applicable in the modelling of solar
irradiance, the ARC model has to be able to handle the large daily and monthly
variations of solar irradiance. Next, the PVP modelling methodology is presented
in detail.

3.4.1 Estimation Data and Marginal Distributions

The proposed ARC model is estimated using hourly solar (global) irradiance
data, called as irradiance from this on, which is obtained from the Finnish
Meteorological Institute (FMI). The estimation dataset consists of irradiance
and temperature measurements from eight locations in Finland. The length of
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the dataset varies from location to location from one to five years from January
2011 to January 2014, with at least one year of overlapping measurements with
the other locations.

The irradiance data E; = [E1;,Eay,...,E},] from k locations consists of
stochastic (caused by cloud movements and atmospheric conditions) and deter-
ministic components. The deterministic component is caused by the rotations of
the earth and the sun in relation to each other, and creates non-stationary fluctu-
ations in monthly and daily time scales in the data. Therefore, it is not applicable
to be used with autoregressive models, which require stationary estimation data.
The solution is to use clear-sky index (CSI) data K; = [K1:,Ka,...,Kp ] instead
the measured irradiance. Figure 3.6 illustrates E; and K; time series. To be
able to obtain CSI data K;, clear-sky irradiance EtCS data is required. Next, an
approach to estimate clear-sky irradiance is presented.

Global Irradiance Data
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Figure 3.6. One year of global irradiance and clear-sky index time series data from one of the
measurement locations.

The clear-sky irradiance E?S, as the name suggests, provides the theoretical
maximum irradiance for each hour of the year and can be obtained for any
geographical location using a deterministic model proposed in [70]. The clear-
sky irradiance model estimates both direct and diffuse components of the (global)
clear-sky irradiance on hourly time resolution. The reflected radiation is not
considered, as its contribution is minor and it is difficult to estimate accurately
for new locations as the site specific conditions have a large impact on its
values [88].

The utilized modelling approach was chosen as it requires only the coordinates
and the Linke turbidity factors, which describe the amount of particles, and
consequently the scattering and absorption of solar irradiance, in the atmosphere
[70], in those coordinates as input parameters, and thus, is applicable for new
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PVP locations. The Linke turbidity factors, which affect the transmittance
of the solar irradiation, can be obtained from the worldwide Linke turbidity
factor database [89] from the Solar Radiation Data service by Armines/MINES
ParisTech, Centre Enerétique et Procédés. The database provides monthly
averages of the Linke turbidity factors for specified coordinates.

The CSI data is obtained from the ratio between the measured irradiance E;
and the theoretical clear-sky irradiance E?S, and thus, CSI can have only values
between one and zero. The CSI data K; is calculated as

E;;
cs’
it

Ki;= ES #0. (3.21)

As visible from the transformation (3.21), only the hours when E?S is larger
than zero, i.e. the hours when the sun is above the horizon, are included in the
CSI data, which is used in the model estimation, otherwise K; is not specified.
This is understandable for the model estimation perspective, as the stochastic
component in the irradiance, that is actually modelled, is the cloudiness, and
when measuring irradiance during night hours, there is no information about
the cloudiness.

Next, ECDFs are fitted for K; to obtain the CSI margins for the estimation
locations. The CSI data is stationary according to visual assessment and, e.g.,
augmented Dickey-Fuller test [83,90], but not normally distributed. As noted
earlier, the AR models generally require normally distributed margins [46], and
hence, the CSI data is transformed similarly as wind speed data in (3.17) to Gaus-
sian data. This is done again utilizing the probability integral transformation,
used also in the Gaussian copula, as follows

2 =Fy [FiKip), (3.22)

where Fx,l is the inverse CDF of the standard normal distribution and F; is the
estimated ECDF of the CSI margin for location i [79].

In Publication IV, some monthly diurnal structures were still found in the data
despite the transformations to the CSI data, which removes the deterministic
structures caused by the rotation of the earth and the sun, and then further to
z}"’d. The remaining variations are caused by factors like local weather patterns.
These monthly diurnal structures, i.e. the average values for each month and
each hour of the day (12 x 24 = 288 average values in total), are calculated
similarly as for wind speeds in Section 3.3.1. The calculated expected values are
then subtracted from z}”d and 2; is obtained.

3.4.2 Model Selection and Parameter Estimation

Individual AR(p) models are used to model the temporal dependencies in the
individual PVP locations and the locations are linked to each other (the spatial
dependencies) using the Cholesky decomposition of the correlation matrix C, as
done in [30], and described in Section 3.2.1. In addition, with the PVP modelling,
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time-varying model coefficients have to be used to capture the temporal depen-
dency structures present in irradiance, and thus, the approach is called as the
time-varying ARC model.

The time-varying AR(p) models are estimated from z; using OLS. The model
identification was done by assessing the ACFs and PACFs of z; and by manually
testing different models. In Publication IV, multiple different approaches were
tested in the estimation of the time-varying coefficients (e.g., how many different
groups should be used). The most suitable approach was to estimate the time-
varying coefficients separately for six groups each consisting of time period of two
months. In general, the summer months had smaller coefficients compared with
the winter months, which indicates faster changes in the irradiance (cloudiness)
during summer. The time-varying AR coefficients combined with the order of the
model p = 3 were found to be sufficient to remove all statistically significant ACF
and PACF components from the residuals u;, and thus, verified the adequacy of
the model. According to the these specification, the AR(p) models are specified
as

3
zi=c+ Z Qht—hXip + Uy, (3.23)
h=1

where model coefficients a141,...,ap :—p change in time.

The residuals u; of the models were observed to be ¢-distributed in all estima-
tion locations, as discussed in Section 3.2.4. Thus, ¢-distributions were fitted
for the errors and the average of the estimated degrees of freedom are used for
the new PVP locations. The average values of the estimated AR coefficients are
also used as the AR coefficients specifying the temporal correlations in new PVP
locations.

The ECDF from the closest measured location is used for the clear-sky index
margin for new locations. Also, the monthly changing diurnal structures for
new locations are from the closest estimation location. The clear-sky irradiance
time series ESS for the new locations are obtained with the theoretical clear-sky
irradiance model [70] similarly as for the irradiance estimation locations in
Section 3.4.1.

3.4.3 Estimation of Spatial Correlations

The spatial correlations between the new PVP locations for the correlation ma-
trix C are estimated from z;. As with the WPP locations in Section 3.3.3, the
underlying correlations in z; are linked to the distances between the locations.
Figure 3.7 illustrates the correlations of z; and distances between the mea-
surement locations (at lag A = 0), and the fitted curves for lags A =0,1,2. The
curve fitted for 4 = 0 is used to estimate the correlations between the new PVP
locations depending on the distances between the locations. Curves for lags
1 and 2 are used in the combined modelling of WPPs and PVPs with a more
advanced simplified VAR model, as presented later in Section 3.5.
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Correlations Between Solar Irradiance Locations
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Figure 3.7. Spatial correlation p estimated from z; between solar irradiance locations for lag
h =0, plotted against the distances between the locations, and fitted curves for
spatial correlations for lags 2 =0,1,2.

3.4.4 Photovoltaic System Power Generation Model

Publication IV combines the ARC model based methodology with a power gen-
eration model to allow the simulation of the power output of a PV system. The
modelling methodology produces global irradiance time series for the new PVP
locations. However, detailed power generation models, which transform the
irradiance to generated power, require the separation of global irradiance into
beam and diffuse components. Solar generation other than PV systems are
not considered in Publication IV or in this thesis, however, as the modelling
methodology is modular, it can be used with any kind of power generation model
requiring global irradiance or its components as input data.

In Publication IV, a well-performing logistic Boland-Ridley-Laurent (BRL)
model is utilized to decompose the global irradiance [73,74]. The parameters of
the model can be estimated from the clear-sky irradiance model and from the
simulated CSI data K i ¢ A detailed presentation of the model and its parameter
estimation can be found in Publication IV.

The irradiance data E; used in the estimation is for a horizontal surface,
and thus, so is the simulated E; and its beam and diffuse components. How-
ever, usually the PV panels are tilted with a fixed angle or using sun tracking.
Therefore, the horizontal beam and diffuse components are transformed to the
desired tilt angle using an approach presented in [91]. A commonly used power
generation model for polycrystalline silicon PV panels is used for the transfor-
mation to power [71]. It takes into account the ambient temperature, and the
separate transmittances for both beam and diffuse components of the irradiance.
The detailed presentation of the model and related equations can be found in
Publication IV.
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3.4.5 Simulation Procedure

The modelling of new PVPs follows a relatively similar MC simulation procedure
as the WPP modelling in Section 3.3. The flowchart for this procedure is illus-
trated in Figure 3.8. The process begins with drawing a ¢-distributed sample
with the size of the length of the simulation period for each new location. These
t-distributed random numbers are used as the innovations for the time-varying
AR(3) models to simulate temporally correlated time series for each location
separately. Next, the spatial correlations are added to the time series using
the Cholesky decomposition (3.6) of the correlation matrix C as in [30]. Thus,
multivariate time series Z; with the required temporal and spatial correlations
are obtained.

As with the WPPs earlier, next the monthly diurnal structures are added back
to Z; to obtain E‘t”d. This is followed by the transformation to CSI data K; (the
inverse transformation of (3.17) using the following transformation

iy =F7 [Frrd), (3.24)

where K; ; is the simulated CSI data in new PVP location i at time ¢ and F’i‘l
is the inverse of the ECDF margin for location i (obtained from the closest
measured location).

This is followed by the data transformation from K, to simulated irradiance
data E; using (3.21) and the clear-sky irradiance E?S estimated for the new
PVP locations. The last step is to transform the simulated irradiances E; to its
beam and diffuse components, and further to the generated power as shown in
Section 3.4.4. Then, the resulting generated power time series can be used in
the further analyses separately or as an aggregate for system level analyses.

3.5 Combined Modelling of New Wind and Solar Power Plant
Locations

This section presents the combined modelling of new WPPs and PVPs. Publi-
cation V proposes a methodology for the modelling of systems with both new
WPPs and PVPs. The developed methodology combines the WPP and PVP
modelling presented in Publications II and IV to a more advanced simplified
time-varying VAR methodology to enable the combined modelling, which takes
also into account the correlations between WPPs and PVPs.

3.5.1 Marginal Distributions

The combined modelling approach utilizes the same datasets as WPP modelling
in Section 3.3 and PVP modelling in Section 3.4. The margins and the data pre-
processing are handled separately for the WPPs and PVPs following the exact
approaches already presented for wind speed data and margins in Sections 3.3.1
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Figure 3.8. Flowchart of the MC simulation process for new PVP locations with the time-varying
ARC model based approach. Yellow boxes are operations, blue are simulated data
and purple are estimated parameters.

and for solar irradiance data and margins in Section 3.4.1. Global irradiance
data E; is transformed to CSI data K; using the clear-sky irradiance model and
then both K; and wind speed data y, are transformed to normally distributed
z}”d with the respective transformations (3.22) and (3.17). The monthly diurnal
structures are then estimated and removed as with wind speeds in Section 3.3.1
and solar irradiances in 3.4.1 to obtain stationary z; to be used the estimation
of the simplified VAR model.
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3.5.2 Model Selection and Parameter Estimation

Publications II and IV utilized the ARC modelling approach, however, in Publica-
tion V with the combined modelling, a simplified time-varying VAR model with
t-distributed error terms is used to model the temporal and spatial dependency
structures between the generation locations.

The following specifications are made for the simplified VAR model. As the time
series model follows the simplified VAR approach, the non-diagonal components
of the VAR coefficient matrices are assigned to zeros as shown in (3.8). The
intercept term of the VAR model, ¢, are also assumed to be zeros, which is
justified as z; follows the standard normal distribution. The model selection was
conducted by analysing the ACFs and PACFs and using Ljung-Box Q-test [84],
similarly as with the full VAR model in Section 3.3.2. The sufficient order for
the model was found to be p =3, as discussed in Publication V.

As the modelling of irradiance requires time-varying model coefficients, as
discussed in Section 3.4.2, the simplified VAR coefficient matrices Ay;,...,Ap
become time-varying and thus, can be specified as in (3.8), but in the case of
time-varying model, the coefficient aj ; change in time and are thus specified as
Qht,i

Unique VAR coefficients are estimated separately for six two month groups,
similarly as in the PVP modelling in Section 3.4.2. However, it should be
noted that as the wind speed modelling does not require the time-varying VAR
coefficients, and thus, the coefficients related to WPP locations remain the same
with all ¢. Last, the errors of the model u; are t-distributed as discussed in
Section 3.2.4. Consequently, the VAR model, as presented in (3.7) is now specified
for the combined modelling as

3
2t = Z Ah’t,hxt,h +u;. (325)
h=1

The parameter estimation follows a similar approach as in Section 3.2.2.
The diagonal coefficients for the time-varying VAR matrices A1y,...,A3; can
be estimated with univariate time-varying AR(3) models using OLS, similarly
as with solar irradiances in Section 3.4.2. This is possible, as each coefficient
specifies the temporal dependency structure only in one individual location, as
shown in Section 3.2.2. The average values of the time-varying VAR coefficients
of the same type are used for new WPP and PVP locations when forming the
state-space representation of the coefficient matrices as shown in (3.10). This is
done to simplify the calculation of Z;; with (3.11) (and as it did not have notable
effect on the results is MC simulation studies).

The monthly changing diurnal structures and the ECDFs of the CSI margins
for new PVP locations are from the closest measured location. For new WPPs and
PVPs, the average degrees of freedom estimated from u; are used to specify the
t-distributed margins of the innovations. The Weibull parameters for the wind
speed margins of the new WPP locations are from the Wind Atlas database [85]
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similarly as in Section 3.3. The clear-sky irradiances E?S for new PVP locations
are estimated with the clear-sky irradiance model [70] as in Section 3.4.

3.5.3 Estimation of Spatial Correlations

As the off-diagonals of the VAR coefficient matrices are zeros, all spatial correla-
tions have to come from the covariance matrix of the error terms X, which is
estimated following the process presented in Section 3.2.2. This process requires
the specification of the VAR coefficient matrices A1;,...,A3; and the autocovari-
ance matrices I',(h) for lags A =0,1,2. I',(h) are obtained from the correlation
matrices R,(h) as in Section 3.3.3 with (3.18), where the required standard
deviations o; are averages of the ¢; estimated separately from WPPs and PVPs
from the components of z;.

The temporal correlations, i.e., the diagonal components of R,(h), are obtained
analytically from the averages of the estimated time-varying VAR coefficient
matrices Ayy,...,A3; using Yule-Walker equations [46]. This is discussed more
in Publication V.

The spatial correlations, i.e., the off-diagonal components of R,(h), are es-
timated using the fitted curves for lags 2 = 1,2,3 shown in Figures 3.3 and
3.7. These are used for the components specifying the correlation between two
wind or two irradiance locations. The components specifying the dependence
between wind and irradiance locations are obtained with the curves illustrated
in Figure 3.9. Wind speeds and irradiances are negatively correlated as shown
in [76,78]. However, as visible from Figure 3.9, also the underlying correlations
in z; between wind speeds and irradiances are negatively correlated even when
the deterministic components, such as the daily and monthly variations, are
removed from the data.

With the VAR coefficient and the autocovariance matrices fully estimated, Z,,
can be estimated with (3.11) as for wind speeds in Section 3.3.3. Similarly, X, is
modelled here also as a Gaussian copula [79] with ¢-distributed margins, and
approximated from the correlation matrix of the errors C,,.

3.5.4 Simulation Procedure

The MC simulation procedure for the simplified VAR model follows a similar
approach as with the full VAR model in Section 3.3.5. The simulation process for
the simplified time-varying VAR based approach is illustrated in the flowchart
in Figure 3.10. When simulated Z; (contains the spatial and temporal depen-
dencies) is obtained, the further processing is separated for the WPP and PVP
locations. First, the monthly diurnal structures are added and then the data is
transformed to wind speeds ¥, with (3.20) for the WPP locations and to CSI data
K, with (3.24) for the PVP locations. CSI data is transformed further to E, as
shown in Section 3.4.5. The final step is to transform the both generation types
into power with the respective power generation models.
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Figure 3.9. Spatial correlation p estimated from z; between solar irradiance and wind speed
locations for lag 2 = 0, plotted against the distances between the locations, and fitted
curves for spatial correlations for lags 2 =0,1,2.

3.6 Wind Direction Modelling

Publication VI proposes an approach for the modelling of wind direction in new
WPP locations. The presented methodology is based on the wrapped Gaussian
VAR process, where VAR model is the simplified VAR model (Section 3.2.2). In
the proposed approach, the circular wind direction data is considered as an
outcome of an underlying Gaussian process and a wrapping operation. This ap-
proach is taken, as time series models such as the VAR model, are not applicable
to circular data.

An additional simplification is made to the simplified VAR model so that the
order of the model is fixed to p = 1. This stipulation was made as it allowed
a straightforward estimation of the model parameters in the case of VAR.(1)
model, and as the model was still sufficient for the modelling of the underlying
Gaussian process in the wind directions modelling.

The wind direction modelling can be used jointly with the wind speed modelling
methodology to provide wind direction simulations, in addition to wind speeds,
for new WPPs. The wind direction data allows the use of dynamic wake effect
models instead of static model as in Section 3.3.4. The wind direction data for
the estimation of the model is from the same high altitude wind speed dataset
from Finland as used in Section 3.3. The wind direction modelling methodology
is presented here in short and can be found in detail from Publication VI.

3.6.1 Estimation and Simulation Procedure

The simplified VAR (1) model assumes that the intercept term ¢ =0, and thus,
the parameters required for the estimation are the simplified VAR coefficient
matrix A; (3.8) and the covariance matrix X, of the errors u;. The error term
u; is specified to follow multivariate normal distribution, and thus, making the
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process Gaussian as shown in Publication VI.

As the underlying Gaussian process, modelled with the simplified VAR (1)
model, cannot be measured directly, the wind direction measurements w; =
[wis,way,...,wp ] are used to estimate the process. However, standard measures
of correlation, such as Pearson’s correlation, are not applicable for circular data.
Therefore, circular correlation pr [92] is used as a measure of correlation for the
wind directions.

First, circular correlations pr are estimated from the measured w;, including
both temporal (ACFs at lag A = 1) and spatial correlations between the loca-
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tions at 2 = 0. These circular correlations are then transformed to Pearson’s
correlations p following the approach presented in detail in Publication VI, and
as specified in [92]. The obtained Pearson’s correlations can be used in the
estimation of the VAR, (1) model parameters to specify the underlying Gaussian
process. As the order of the model is 1, the diagonal components of A are the
estimated ACF values (temporal correlations) at lag A =1 [93].

Covariance matrix of the errors X, on the other hand, can be estimated with
the simplified version of (3.11), where I';(0) = Z, (because p = 1). The required
covariance matrix X, of the underlying Gaussian process is calculated using the
estimated spatial Pearson’s correlations p; ; and transformation (3.18), where
the needed standard deviations ¢g; are specified so that 0'? =3, as justified in
Publication VI.

When simulating from the underlying Gaussian process, the resulting normally
distributed Z; is transformed to simulated circular data after first adding a mean
vector g = [y1, ..., ur]’ which specifies the prevailing wind direction, i.e., the mean
angle, for each location (average of the means of the estimation locations is used
for new WPPs). The transformation is done by using a wrapping operation as
follows

w; s = Z;;[mod(27m)], (3.26)

where w; ; is the simulated circular data, restricted between 0 < w; ; <27, in
location i at time ¢# and mod is the modulo operator [94,95].

The addition of the mean wind direction with p before the transformation is
not enough to specify proper margins for the simulated wind direction data in
new WPPs. Thus, w; is transformed further with the following transformation

Biy=F [Foim(wi )], (3.27)
where ﬁ'i_l is the inverse of the estimated ECDF margin for location i and Fi;p,
is the estimated margin of the simulated w;. Average ECDF's of the estimation

locations are used for F;, however, also ECDFs from the closest measured
location could be used.

3.6.2 Dynamic Wake Effect Model

Simulated wind direction data w; can be used for the more accurate modelling
of the wake effect in new WPPs instead of a static wake coefficient as discussed
in Section 3.3.4. Simulated wind direction data allows the use of dynamic wake
effect models, which estimate a wake coefficient for each ¢ depending on the
current wind direction at #.

The wind directions are divided into eight 45° sectors and each sector yields a
specific effective wind farm topology (depending on the wind direction and the
topology of the WPP). For different effective topologies, the individual turbines
align differently in relation to each other, assuming that the turbines follow the
wind direction without a notable lag.
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Different effective topologies result in different effective wind speeds expe-
rienced by individual turbines as each upstream turbine draws energy from
the wind, and thus, decreases the downstream wind speed. The effective wind
speed experienced by any individual turbine is estimated using the single wake
model proposed in [50], although, the effective wind speeds can be estimated
using various different approaches. The approach is presented in more detail in
Publication VI.

The dynamic wake coefficient for a single turbine can be estimated from the
the ratio between the effective wind speed for that turbine at ¢ and the ideal
free wind speed provided by the wind speed simulation model at ¢. The wake
coefficient for a WPP at ¢ can be calculated as the average of the wake coefficients
of the individual turbines in that WPP at ¢.

3.7 Regional Wind Generation Modelling

Publication VII took a somewhat different approach for the modelling of wind
power generation compared with Publications I-VI. In Publication VII aggre-
gated generation in geographical areas (Nord Pool Spot bidding areas [96]) were
modelled as a whole instead of individual WPPs. This is useful when information
of individual WPPs is not available or if more crude modelling is sufficient.

The modelling is done using a full VAR model as shown in (3.7), however, as the
proposed approach deals with existing geographical areas, complex parameter
estimation for new locations as presented in Section 3.2.3 is not required. The
model estimation is done using measured hourly wind generation data from
Denmark, Estonia, Finland and Sweden, presented in detail in Publication VII.

The installed capacity in larger geographical areas change in time as new
capacity is being constantly installed. Consequently, the power generation time
series are not stationary as the average generation and its volatility changes in
time, and thus, not applicable for the estimation of a VAR model [46]. Therefore,
the modelling approach utilizes the proportion of installed capacity (PIC) data
for the model estimation to obtain stationary time series. The PIC data can be
calculated as
pe__Pie (3.28)

bt capit ’

where P; ; is the average hourly power generation and cap;; is the installed
generation capacity in area i for time ¢. The PIC values are always between one
and zero and were found to be stationary for all areas. For example, augmented
Dickey-Fuller test [83,90] can be used to ensure that the PIC time series are
stationary.

Next, the PIC distributed data is transformed to normally distributed data z;
with probability integral transformations, similarly as with the WPP or PVP
modelling in Sections 3.3.1 and 3.4.1. The estimated ECDFs combined with fitted
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GP tails [32,33] are used as the margins of the PIC data in the transformation.

The spatial and temporal dependency structures are modelled with a VARg(5)
model (as there were eight geographical areas included). p =5 was found to be
sufficient and the adequacy of the model was assessed as in Section 3.3.2. The
monthly changing diurnal variations are modelled with time-varying intercept
term ¢; with different values for every hour of every month, similarly as with
the monthly diurnal structures with WPP and PVP modelling in Sections 3.3.1,
3.4.1 and 3.5.2. The error terms of the model are modelled with a Gaussian
copula [79] with ¢-distributed margins as with the WPP and combined WPP and
PVP modelling in Sections 3.3 and 3.5.

The simulation procedure follows a similar structure as in Sections 3.3.5
and 3.5.4. A random sample is drawn from the Gaussian copula, the margins
are transformed to ¢-distributions and then the random sample is used as
innovations for the VARg(5) model. The only exception is that the monthly
changing diurnal structures are added through ¢; in the simulation of Z; with
the VAR model instead of adding them after the simulation.

Then, the simulated 2; is transformed to PIC data using a similar transfor-
mation as in, e.g., (3.27), with specific PIC margins estimated for each area. As
with the PIC margins, ECDFs combined with GP tails are used also to estimate
the margins of the simulated Z;. It should be noted that other margins instead
of the the original PIC margin for the considered location can be used when
simulating future scenarios as the increased capacity changes the distribution,
as discussed in Publication VII.

Last, the simulated PIC data ﬁfic (with proper margins describing the sim-
ulated case) is transformed back to aggregated generated power for each area
with the installed capacities used in the simulated scenario.
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4. Simulation Results

This chapter presents a general overview of the results obtained in Publications
I-VII. The first part presents the main results for the validation of the developed
modelling methods for long term MC simulations. These results are divided
into three sections by the main application of the methodology, i.e., new WPP
locations, new PVP locations and the combined VRE modelling. The second
part presents the results related to the effects of the geographical distribution
of the WPP and PVP locations, which has been a prevailing topic of study in
Publications I-VII.

4.1 New Wind Power Plant Locations

This section focuses on the overview of the results obtained for WPPs in Pub-
lications I-III, where the focus was mainly on the modelling of WPP locations
without measurement data available from the locations, i.e. modelling of new
(non-measured) locations. The modelling methodology was developed further
in each of the three consecutive publications. Next, the key results for the two
main modelling approaches based on the ARC model and on the full VAR model
are presented.

The aim of Publication I was to model individual new wind speed locations.
The proposed modelling methodology was based on the ARC model, which was
described in Section 3.2.1. This modelling approach is the first of the developed
methods, and thus, also the least advanced with simplifications such as the use
of normally distributed model errors. The model was estimated with the low
altitude wind speed data from 19 locations in Finland, as presented in Section
3.3.1.

The key simulation results from 100 yearly MC runs (8760 hours x 100 runs
= 8.76 x 10° samples) for two out-of-sample wind speed locations (located in
Finland and measured approximately 10-15 meters above the surrounding
ground level) are illustrated in Figure 4.1. According to Figure 4.1 the estimated
probability distribution function (PDF) and average wind speed in test location
Lappeenranta were similar to the ones estimated from the data. Furthermore,
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ARC based approach was able to produce ACF with a similar shape to the
ACF estimated from the measurements. However, the estimated XCF between
test locations Siilinjédrvi and Lappeenranta had a peaked shape near lag A =0
instead of the round shape of the XCF calculated from the data. The value of
the XCF at lag A = 0 is modelled correctly, but the slope of the XCF around lag
h =0 is too steep and the values with other lags are notably too low. This is
due the lack of information regarding the spatial correlations with other lags
(spatial information is provided by the correlation matrix, which contains only
h =0 values). Despite the shape of the XCF, good accuracy is also obtained in
the simulation results for the probabilities for events when wind speeds are high
or low simultaneously in several simulated locations in Publication I.
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Figure 4.1. The PDFs and ACF's estimated from simulated and measured low altitude wind
speed data from test location Lappeenranta and the XCFs between test locations
Siilinjérvi and Lappeenranta. The dashed lines in PDF sub-figure illustrate the
corresponding hourly mean wind speeds. The simulation results are averages of 100
MC runs.

For the modelling of new individual wind speed locations, the wrong shape
of the XCF is not an issue. However, for the modelling of the aggregated
generation of multiple WPPs, the wrong shape of the XCF causes problems
with the aggregated ACF and ramp rates. This is because the ACF of an
aggregate of multiple time series depend on the XCFs between its components,
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as demonstrated in Publication III.

In Publication II, the aim was to apply the ARC based methodology to the
modelling of aggregated wind power generation of multiple WPPs. The ARC
model was combined with the general WPP modelling methodology presented in
Section 3.3. The aggregated wind power generation structure of Finland from
2008 to 2012 was modelled in detail, including the changing number of installed
wind turbines (212 in the end of 2012) as new WPP locations. The ARC model
based approach was developed further by using, e.g., ¢-distributed margins for
the model errors and a more advanced power generation model including third
degree power curve and taking into account the wake effect inside a wind farm,
as discussed in Section 3.3.4.

As discussed earlier, the limitations of the ARC model in the modelling of the
XCF's between individual locations result in an ACF with too low values for the
aggregated power generation (when using AR coefficients estimated from (high
altitude) wind speed measurement data). In Publication II, the issue was solved
by using AR coefficients estimated from the measured aggregated wind power
generation from Finland in 2012 instead of wind speed measurements.

Figure 4.2 presents the ACF's estimated from 100 MC simulation runs for the
aggregated wind generation in Finland from 2008 to 2012. It is clear that the
standard approach using coefficients estimated from wind speed data resulted
in too low ACF values, but the coefficients estimated from power generation
data produced similar ACF shape for the simulations and the measurement
data. Both approaches, however, resulted in correct PDF shapes and mean
hourly power generations as shown in Figure 4.2. When the coefficients were
estimated from the power data, also the numerical results assessing the accuracy
of the methodology were good in terms of various numerical statistics, such as,
mean hourly generation, power ratios, yearly generated energies and standard
deviations of the hourly generation as presented in detail in Publication II.

However, the proposed solution doesn’t come without problems. If the AR
coefficients are estimated from aggregated power generation instead of measured
wind speeds, the individual locations have wrong ACFs (as they have now the
temporal structure of the aggregated wind generation of a system). Consequently,
this approach is only valid for the analysis of aggregated generation and cannot
be used for the analysis of the individual WPPs. In addition, if the generation
structure in the modelled scenario would differ notably from the structure of the
system used for the AR coefficient estimation, the results could be inaccurate.

Publication III proposed the full VAR model based methodology and an ap-
proach to estimate the model parameters for scenarios with new WPP locations.
This approach allows the detailed modelling of the XCF's between individual
WPPs, while estimating the model only using wind speed data. Consequently,
the approach also yields correct shapes for the aggregated ACF and distributions
of the aggregated power ramp rates. Thus, the full VAR based approach solves
the problems related to the ARC based modelling, as it performs as good as or
better in all aspects compared with the ARC based approaches.
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Figure 4.2. The PDF's and ACFs of the simulated and measured aggregated wind power genera-
tion data in Finland from 2008 to 2012. The dashed lines in PDF sub-figure illustrate
the corresponding hourly mean power generation (the lines are overlapping). In the
ACF sub-figure POWER indicated that the AR coefficients are estimated from the
aggregated power generation and WIND that the coefficients are estimated from the
high altitude wind speed measurements. The simulation results are averages of 100
MC runs.

The full VAR model was estimated with high altitude wind speed locations
(except the spatial and spatiotemporal correlations were estimated with low
altitude wind speed data) and the methodology followed the approach presented
in Section 3.3. For the power generation, a state-of-the-art approach based on
logistic functions was utilized.

Figure 4.3 presents the XCF's estimated from 100 MC runs for two out-of-
sample high altitude wind speed locations in Finland compared with measure-
ment data. In addition, Figure 4.3 illustrates also XCF's calculated from data
simulated with a simplified VAR model. The simplified VAR model the model
used with the combined VRE modelling in Publication V. It can be considered
as an improvement for the ARC based approaches, but it is not able to model
the shape of the XCF properly. As visible, the XCF modelled with the full VAR
model is able to capture the correct round shape of the function near lag A =0,
which is not the case with the simplified VAR or ARC models.
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Figure 4.3. The XCFs estimated from data simulated with full and simplified VAR models
and from the measured high altitude wind speed data for two test locations. The
simulation results are averages of 100 MC runs.

Figure 4.4 illustrates the main MC simulation results from 100 runs for the
aggregated wind power generation in Finland in 2015. The simulations are
an out-of-sample test, i.e., aggregated measured power time series or any mea-
surement data from the individual WPPs weren’t used in the model estimation.
Figure 4.4 illustrates the ACFs estimated from the 2015 power generation data
and with the full and simplified VAR models. The full VAR model succeeds to
capture the correct shape of the ACF with good accuracy. This is a significant
improvement, as the full VAR approach obtains excellent results in a complete
out-of-sample test. The model performance and accuracy were also good in the
out-of-sample test when measured with various numerical statistics as displayed
in detail in Publication III.

As the full VAR model succeeds in the modelling of XCFs between individual
WPPs, it can be utilized in the modelling of aggregated up and down power
ramps of the WPPs. Figure 4.4 presents the estimated one hour ramp rate PDF's
and the standard deviations for the aggregated wind generation in Finland in
2015. The full VAR model is able to produce ramp rate PDFs and standard
deviations close to the ones estimated from the data (it should be noted that
some differences are expected as this is a complete out-of-sample test).

To conclude, the full VAR model performs well with all aspects of long term
modelling of WPPs, and can be considered superior to ARC and simplified VAR
based approaches. It captures the temporal and spatial dependency structures
accurately for both individual WPP locations and for the aggregated generation,
and thus, also allows the modelling and analysis of aggregated power ramps
with new WPPs. Consequently, the methodology has a wide applicability in the
assessment of future VRE scenarios and, e.g., the estimation of required amount
of balancing power or need for new grid investments when new WPPs are added
to the system, and thus, is one of the main contributions of this work to the
research field.
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Figure 4.4. The ACF's estimated from data simulated with full and simplified VAR models and
from the measured aggregated wind power generation data from Finland in 2015.
The one hour ramp rate PDFs and standard deviations estimated from data simulated
with full and simplified VAR models and from the measured aggregated wind power
generation data from Finland in 2015. The simulation results are averages of 100

MC runs.

4.2 New Solar Power Plant Locations

This section presents an overview of the results obtained in Publication IV. In
Publication IV, a time-varying ARC model was utilized in the long term PVP
modelling in new generation locations. The modelling methodology followed the
approach presented in Section 3.4.

The long term MC simulation results for solar (global) irradiance are presented
in Figures 4.5 and 4.6. The results are averages from 100 MC runs for two out-
of-sample irradiance test locations. Figure 4.5 illustrates the PDFs and the
mean values estimated from the measured and simulated data for one of the
test locations in two cases. First, with all hours included, and second, for the
case where only hours when the sun is above the horizon are considered, i.e.,
when irradiance can be larger than zero. As visible, the simulation methodology
performs well in both cases.

Figure 4.6 shows the ACF's estimated for one of the test locations from the
simulated and measured data. As visible from the figure, the methodology is able
to capture the shape of the ACF accurately. In addition, Figure 4.6 illustrates
the cyclical ACF structure of irradiance, which is caused by the daily diurnal
cycle dependent on the geographical location.
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Figure 4.6 presents also the XCFs between the test locations from simulated
and measured data. Again, the cyclical structure is dominant in the shape of
the XCF. According to Figure 4.6, the time-varying ARC based methodology is
able to produce simulated data with similar XCF shape compared with the XCF
estimated from the measurements. Hence, unlike with WPP locations, the ARC
based methodology is able to capture all of the relevant dependency structures
of solar irradiance in new PVP locations. This is also supported by the good
accuracy of the simulation results in wide range of numerical statistics assessing
the model performance in Publication IV.

To summarize, the PVP modelling methodology yield accurate results in the
out-of-sample simulation test, and thus, can be considered applicable in the
modelling of solar irradiance in new PVP locations. The methodology has a
wide applicability from the modelling of individual buildings to aggregated solar
generation in a country and can be utilized, e.g., by the DSOs to analyse future
scenarios with large installed capacities of consumer PV panels in their systems,
and consequently, to plan the required grid investments for their networks.
Hence, it is another of the main contributions of this thesis to the research field,

as it allows detailed simulation of new PVPs in future scenarios.
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Figure 4.5. The PDFs and the average global irradiance values estimated from simulated and
measured global irradiance data from one of the test locations. The dashed lines

illustrate the corresponding hourly mean global irradiances. The simulation results
are averages of 100 MC runs.

4.3 Combined New Wind and Solar Power Plant Locations

This section presents an overview of the results obtained in Publication V for
the combined modelling of WPPs and PVPs. In Publication V, simplified time-
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Figure 4.6. The ACF's estimated from simulated and measured solar irradiance data from test
location 7 and the XCF's estimated from simulated and measured solar irradiance
data for test location 7 and 8. The simulation results are averages of 100 MC runs.

varying VAR model based methodology, introduced in Section 3.5, was proposed
for the joint modelling of WPPs and PVPs. The aim of Publication V was to
model the effect of the spatio-temporal dependencies between WPPs and PVPs
and implement it to the modelling of new generation locations. The approach
combined the ARC model based methodologies proposed in Publications IT and IV
into a simplified time-varying VAR based methodology and added the modelling
of the spatio-temporal correlations between the WPPs and PVPs. Consequently,
the impact of the negative correlations between WPPs and PVPs, as discussed
in Section 3.5.3, were implemented in the modelling methodology.

The combined modelling approach was verified by analysing 1000 MC runs for
two out-of-sample test locations, one wind speed and one solar solar irradiance
measurement location, both located in Finland. Figure 4.7 illustrates the XCFs
between the test locations both with the night time hours (when sun is below
the horizon and the solar irradiance is always zero) included in and excluded
from the estimation of the XCF's. Figure 4.7 also presents the simulation results
obtained with the ARC model approaches utilized in Publications II and IV used
separately. In both cases, the combined modelling approach produces correlation
structures, which are close the the structures found from the measurement
data. Similar findings were observed in Publication V when the accuracy of
the simulation results was assessed with numerical statistics as the combined
modelling and the separate simulations both obtained good accuracy in all
other measures except the spatial correlation between the test locations, in
which only combined modelling was accurate. Thus, it is clear that the separate
simulations are unable to produce proper correlation structures, as the models
lack the information concerning the dependencies between wind speeds and
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solar irradiances.

To conclude, the combined WPP and PVP modelling approach is crucial when
analysing energy systems or future scenarios with both generation types in-
cluded, as the negative correlations between the WPPs and PVPs have a signifi-
cant impact on the shape of the XCF. Consequently, these dependency structures
have also a notable effect on the aggregated VRE generation and its variation.
The joint modelling can be applied, e.g., by power producers, who have both
WPPs and PVPs in their portfolio, and TSOs to analyse the total variations of
the VRE generation in their system or to assess the effects of new WPPs or PVPs
on the aggregated generation. Thus, the combined modelling approach is the
third main contribution of this thesis, as it allows detailed simulation of future
VRE generation.
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Figure 4.7. The XCF's estimated from data simulated with the combined WPP and PVP modelling
using the simplified VAR model, from the separate simulations with the ARC based
models and from the measured wind speed and solar irradiance data from one wind
and one solar test locations. In the lower figure, the night time hours, when the sun
is below the horizon, are omitted. The simulation results are averages of 1000 MC
runs.

4.4 Effect of Geographical Distribution of Generation Locations

This section presents an overview of the MC simulation results obtained in
Publications I-VII considering the geographical distribution of the WPP and
PVP locations. The effect of the geographical distribution of the WPPs, PVPs or
the combination of both to the generated energy and its variability has been a
prevailing topic of the case studies and scenario analyses in Publications I-VII.
Quantifying the effect of the geographical distribution of the VRE generation
through various studies and analyses is also the fourth main contribution of this
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work to the research field.

In most of the publications, two cases, a dispersed and a concentrated distribu-
tion of the generation locations have been analysed. The length of the MC runs
in each of the presented cases is one year. An example of these geographical
distributions in Southern Finland are illustrated in Figure 4.8.

s Dispersed geographical distribution
= Concentrated geographical distribution

Figure 4.8. Dispersed and concentrated geographical distribution of VRE generation locations in
Southern Finland.

4.4.1 Wind Power Plants

The effect of geographically dispersed or concentrated distribution of WPPs
on the probabilities for very high or low generation events was first studied
in Publication I with scenarios consisting of ten find farms. In Publication II,
similar case studies were conducted for several future wind power generation
scenarios in Finland. In these case studies, in addition to the existing installed
wind generation in 2012, the planned generation from 2012 to 2017, and the
Wind Europe’s (formerly EWEA) target installed capacity for 2020 [97], were
distributed according to the actual planned WPP sites and with a concentrated
and dispersed distribution of the WPPs.

Publication IIT also assessed the impact of the geographical distribution of
WPPs with the full VAR approach combined with a more accurate power genera-
tion model. An example of the differences in the PDFs of the aggregated mean
hourly generation with geographically dispersed and concentrated distribution
is illustrated in Figure 4.9. These example cases consists of 12 WPPs with 20
Gamesa G128 4.5 MW turbines [87] in each, and thus, with the total installed
generation capacity of 1080 MW in both cases. The geographical distributions in
the example cases are the ones presented in Figure 4.8.

The analyses of the results from Publications I-III concluded that the dis-
persed distribution resulted in a smaller number of extreme events, where the
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aggregated generation is very high or low, and also in smaller variance of the
hourly average generation compared with more concentrated distribution of the
WPPs. All of the related results obtained in Publications I-III were in line with
each other. Similarly, reduced variability of the generation was also observed
with reanalysis datasets with and actual measurements from multiple existing
WPPs in [98,99].

In Publication III, the proposed methodology also allowed the assessment
of the effect of geographical distribution of the WPPs on the aggregated wind
power ramp rates. The case study showed that the volatility of the ramp rates
was reduced with dispersed placement of the WPPs with both the up and down
ramp rates despite the length of the ramps. Similar results were observed
with measured existing WPPs in [99]. In addition, the differences were found
to increase longer the ramps were. Figure 4.9 presents an example of one
hour ramp rate PDF's of aggregated wind generation with both geographical
distributions in the example case described earlier. These kind of analyses can
be applied, e.g., by TSOs to assess the volatility and ramp rates of the aggregated
VRE generation to estimate the need for, e.g., balancing power and demand
response in the system to compensate the variations and power ramps.

Publication VI studied the impact of the wind direction modelling in individ-
ual WPPs on the aggregated power generation in geographically concentrated
and dispersed scenarios, average distance between WPPs 67.9 km and 499 km
respectively. Both scenarios consisted of 12 WPPs with 36 Vestas V112 3.3 MW
turbines [100] in each (more details in Publication VI) and the wind speed simu-
lations for the WPPs were done with the ARC based approach as in Publication
II.

Figure 4.10 illustrates the impact of the wake effect modelling, and hence, the
modelling of wind direction in individual WPPs, on the PDF's of the aggregated
power generation with the two geographical distributions. As shown in Figure
4.10, the dynamic modelling of wake effect (i.e. the wake effect at time ¢ de-
pends on the simulated wind speed at ¢) has a notable effect on the PDF of the
aggregated generation near the maximum with the concentrated, but not with
the dispersed distribution of the WPPs. This is because with the concentrated
scenario, the aggregated generation reaches the maximum more often, and with
the dynamic (i.e., more detailed) wake effect modelling the maximum output
of a WPP depends on the current wind direction at time ¢ as the wind turbines
align differently in relation to each other depending on the wind direction.

Consequently, the dynamic wake effect modelling assesses the maximum
generation events, which are more common with the concentrated scenario,
with greater detail compared with the static wake effect, where the average
wake effect specifies the same possible maximum output for a WPP for all
t. Furthermore, it can be said that the wake effect has greater effect to the
aggregated generation with concentrated geographical distribution of the WPPs.

In addition, the impact of geographical distribution of wind generation was
studied also in regional level for the Nord Pool Spot bidding areas in Denmark,
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Figure 4.9. The PDFs for the aggregated power generation and one hour ramp rates estimated
from simulated data with concentrated and dispersed geographical distribution using
the full VAR approach. In the upper sub-figure, the dotted lines illustrate the mean
hourly power generation and are overlapping. In the lower sub-figure, the dotted
lines show the standard deviations of the one hour ramp rates. The simulation
results are averages of 100 MC runs.

Sweden, Finland and Estonia in Publication VII. The conducted case study
showed that depending on whether to optimize to maximize the yearly energy
generation or to minimize the volatility of the hourly generation, the optimal
placement of new capacity, and thus, the geographical distribution of the total
installed generation capacity was notably different between the bidding areas.

When maximizing the energy output, the new WPPs were placed to areas
with the best generation conditions for the WPPs, i.e., to Denmark and southern
Sweden. However, when minimizing the volatility of the aggregated generation,
new WPPs were assigned to areas with low initial installed capacity to balance
the volatility of the whole system. The results are shown for the bidding areas
in Figure 4.11, and are also in line with the ones obtained with the new WPP
modelling approaches. When in comes to applications, these kind of evaluations
and assessments can be beneficial for policy makers when designing, e.g., sub-
sidies for renewables or when making policy decisions at, e.g., the European
Union level.
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Figure 4.10. The PDF's of the aggregated hourly wind generation for the geographically dispersed
and concentrated scenarios using the static (same wake effect for all ¢) and dynamic
(the wake effect at time ¢ depends on the simulated wind direction at ¢) wake effect
modelling with the WPPs. The aggregated generation is displayed as PIC values
(proportion of the installed capacity). The simulation results are averages of 1000
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Figure 4.11. The shares of total installed generation capacity between the Nord Pool Spot bidding
areas in two scenarios where the the total generated energy is maximized or the
variance is minimized. DK indicates bidding areas in Denmark, SE in Sweden, FI

in Finland and EE in Estonia.

4.4.2 Photovoltaic Power Plants
Publication IV presented a case study analysing the effects of the geographical

distribution of PVPs on the variability of the aggregated PV generation. Figure
4.12 presents hourly and daily standard deviations for the aggregated PV gener-
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ation in geographically dispersed and concentrated cases, as in Figure 4.8, both
consisting of 12 PVPs with the capacity of 1 MW in each, depicting aggregates
of consumer PV systems in the surrounding areas (more details can be found in
Publication IV).

As visible from Figure 4.12, also with the PVPs the dispersed geographical
distribution yielded lower variability of the aggregated generation. This is
caused by the smoothing effect, (the changes in cloudiness smooths over large
geographical areas) which reduces the volatility of the aggregated generation, as
also discussed in [101]. However, it should be noted that with PVPs the impact
of the geographical distribution to the volatility of the generation was found
to be notably smaller, at least in the case studies of Finland with hourly time
resolution, compared with the impact observed with WPPs.
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Figure 4.12. The hourly and daily standard deviations of the aggregated PVP generation with
geograhically dispersed and concentrated distribution. The simulation results are
averages of 100 MC runs.

4.4.3 Wind and Photovoltaic Power Plants

In Publication V, the effect of the geographical distribution of VRE generation
locations was studied for a system with both WPPs and PVPs in it. The optimal
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ratio of the installed capacity between 12 WPPs and 12 PVPs was analysed
with a case study consisting of 12 scenarios, presented in Table 4.1., using the
geographical distributions presented in Figure 4.8. (Additional details about the
setup of the case study can be found from Publication V.)

The hourly variability was minimized in cases where the WPPs and PVPs had
both dispersed geographical distribution (Scenarios 4, 5 and 6). However, the
difference with the cases where PVPs were concentrated was minor. This is in
line with the previous observations that the distribution of WPPs has greater
effect on hourly variations compared with the distribution of PVPs.

The ratio of the installed capacities to minimize to volatility was found in
Scenario 5, where WPPs produced 80% and PVPs 20% of the annual generated
energy. In terms of proportional installed capacities, the optimal ratio was 60%
of the total installed VRE capacity in WPPs and 40% in PVPs as the power ratio
was much higher with WPPs compared with PVPs. This result indicates that the
negative correlations between WPPs and PVPs are so notable that they reduce
the hourly volatility of the aggregated generation more than the higher volatility
of PVPs compared with WPPs increases it, and thus, the volatility is reduced
when both generation types are included in the generation mix. These kind of
assessments and case studies can be valuable for the TSOs and policy makers
to optimize the subsidies and other incentives so that large scale integration of
VRE generation to future energy systems is possible. Figure 4.13 presents the
PDF's of the aggregated VRE generation in the 12 scenarios.

To summarize, it was consistently observed in Publications I-VI that the
dispersed geographical distribution of the generation locations is an effective
way to decrease the hourly variability of the aggregated VRE generation.

Table 4.1. The specifications of the 12 VRE power generation scenarios with different geographi-
cal distributions and yearly energy proportions.

Scenario WPP Geogr. | PVP Geogr. | WPP Yearly | PVP Yearly

Distribution | Distribution | Energy (%) | Energy (%)
Scenario 1 Dispersed Concentr. 70 30
Scenario 2 Dispersed Concentr. 80 20
Scenario 3 Dispersed Concentr. 90 10
Scenario 4 Dispersed Dispersed 70 30
Scenario 5 Dispersed Dispersed 80 20
Scenario 6 Dispersed Dispersed 90 10
Scenario 7 Concentr. Concentr. 70 30
Scenario 8 Concentr. Concentr. 80 20
Scenario 9 Concentr. Concentr. 90 10
Scenario 10 Concentr. Dispersed 70 30
Scenario 11 Concentr. Dispersed 80 20
Scenario 12 Concentr. Dispersed 90 10
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Figure 4.13. The PDFs of the aggregated hourly generation from the 12 VRE scenarios. The
plots with the same color have the same geographical distributions for the WPPs
and PVPs. The simulation results are averages of 1000 MC runs.

68



5. Discussion and Conclusions

This chapter summarizes and discusses the key findings of this thesis including
both the developed VRE modelling methods and the obtained long term simula-
tion results, and answers to the formulated research questions. In addition, the
practical applicability of the developed methods is considered and future work
recommendations are suggested.

5.1 Discussion of the Modelling Methods and Simulation Results

5.1.1 Summary of the Findings

The main research question this thesis focused on answering was how VRE
generation can be modelled in new (non-measured) generation locations to aid
the large scale VRE integration to the smart energy systems of the future. The
main research question was divided into two more detailed questions, the first
focusing on how power generation and its volatility can be modelled in detail
in new WPPs, PVPs and jointly with both generation types. The second more
detailed research question concentrated on how the geographical distribution
of the future large scale VRE generation affects the aggregated power gener-
ation and its variability, and consequently the need of balancing power. The
main findings answering these research questions, and consequently, the main
contributions to the research field, can be summarized as:

e Statistical methods for the modelling of new WPPs, including also the mod-
elling of wind direction and changing generation capacity in large areas, were
developed and verified with measurement data (Publications I, II, III, VI and
VII).

¢ A statistical method for the modelling of new PVPs was developed and verified
with measurement data (Publication IV).
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* A statistical method for the joint modelling of WPPs and PVPs was developed
and verified with measurement data (Publication V).

* The effect of the geographical distribution of the VRE generation locations to
the aggregated generation was analysed and its impact quantified (Publica-
tions I-VII).

The first contribution in the above mentioned list of findings developed mod-
elling methods for new wind power generation. This task was divided into three
separate areas of the modelling. The first, and the most emphasized, was the
detailed modelling of new WPPs. In Publications I-III statistical modelling
methods for the analysis of new WPPs from a single turbine to a whole WPP
generation in a country were developed and further improved and extended
as presented in Section 3.3. A transformed ARC model was first developed
in Publication I and then extended to a modular wind power generation mod-
elling methodology and improved with more detailed error term modelling using
t-distributions in Publication II. The methodology was further improved in
Publication III by developing a transformed full VAR model based approach,
which also enabled the analysis of aggregated wind power ramps in addition
the assessment of the energy generation. A procedure for the full VAR model
parameter estimation in the case of new WPPs was also derived and presented
in Section 3.2.3. Using long term MC simulations, the methods were verified
against out-of-sample data in Section 4.1 and applied in scenario analyses and
case studies in Section 4.4.1.

The second focus area was the modelling of wind direction inside new WPPs to
allow a more detailed analysis of the wake effect in WPPs. A statistical modelling
methodology for wind direction modelling in new locations was developed in
Publication VI to complement the WPP modelling methods. A transformed
simplified VAR model based methodology was developed to model the circular
wind direction data as presented in Section 3.6. An approach to estimate the
model parameters from the circular data and to transform the simulated data
back to wind direction data was also proposed. The methodology was verified
using MC simulations against out-of-sample measurements and then applied in
the dynamic wake effect modelling in new WPPs as shown in Section 4.4.1.

The last focus area related to wind power was the modelling of new wind
capacity in large geographical areas instead of detailed modelling of new WPPs.
A transformed VAR model with ¢-distributed errors was developed for this
purpose in Publication VII as presented in Section 3.7. The methodology was
used to model the wind power generation in large areas in the Nordic and
Baltic power system without any knowledge of individual WPPs. It was shown
that the model was able to simulate future scenarios with changing installed
wind generation capacity in the studied areas. In addition, an approach to
minimize the variance of the aggregated generation in the system composed of
the modelled areas was proposed and demonstrated in Section 4.4.1.
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The modelling of new PVPs was also one of the main goal of this work, as
stated in the research questions. Hence, the methods developed for the modelling
of new WPPs were further applied in the modelling of new PVPs in Publication
IV. A methodology based on a transformed time-varying ARC model with ¢-
distributed errors was developed to model new PVP locations from a PV system
in a single building to an aggregated PVP generation in a country as presented
in Section 3.4. MC simulations were used to verify the proposed methodology
against out-of-sample data in Section 4.2 and apply it in case studies in Section
4.4.2.

The third main contribution of the this thesis to the research field was the
model developed for the combined modelling of WPPs and PVPs. The separate
methods developed for WPPs and PVPs were combined into joint modelling of
VRE generation in new generation locations in Publication V. An approach uti-
lizing a transformed simplified time-varying VAR model with ¢-distributed error
terms was developed to capture the spatial dependency structures between wind
and solar generation as presented in Section 3.5. The modelling methodology
was verified against out-of-sample measurement locations using MC simulations
in Section 4.3 and applied in case studies in Section 4.4.3. Furthermore, a
notable negative correlation between WPP and PVP locations was observed,
analysed and quantified (also in the underlying data with daily and monthly
structures removed) as shown in Sections 3.5.3, 4.3 and 4.4.3, which is a notable
contribution to the field.

Last, the second smaller research question considered the effect of the geo-
graphical distribution of the VRE generation to the aggregated power and its
variability. Analysis of these effects has been a prevailing topic of the case
studies and scenario analyses in Publications I-VII. The developed models were
utilized in the study of these effects using long term MC simulations in various
scenarios. The obtained results, presented in Section 4.4, were in-line quantify-
ing how much dispersed geographical distribution of VRE generation locations
decreased variations and volatility in the aggregated generation when compared
with geographically concentrated distribution. The impact of the geographical
distribution was observed to be notably larger with WPPs compared with PVPs
in hourly time scale in Publication IV. In Publication III, it was analysed how
much smaller the wind power ramps were with dispersed distribution of genera-
tion compared with the concentrated, and how much the difference increased
with longer the ramp lengths. Furthermore, the analysis of combined VRE
generation in Publication V and Section 4.4.3 the ratio of 80% of the annual
energy generated with WPPs and 20% with PVPs, while both generation types
having a dispersed geographical distribution, minimized the volatility of the
aggregated VRE generation in terms of hourly generated energy. All these
results can help quantifying the required amount of balancing power in the
smart energy systems of the future with large VRE penetration.

In addition, it should be noted that the developed simulation models and mod-
elling methodologies have certain limitations, which are related to the data used
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in the model estimation. The models were estimated with measurement data ob-
tained from Finland, and thus, can’t be as such generalized for any geographical
location or climate zone. However, provided the sufficient estimation data, e.g.,
wind speed and solar irradiance measurements from the geographical area of
interest, the models can be estimated and should be applicable without problems.
Furthermore, it should be noted that the same limitations of the generalizability
also concern the simulation results on the effects of geographical distribution of
VRE generation locations.

5.1.2 Practical Applications of the Work

This section discusses the practical applications where the developed VRE simu-
lation models and obtained results can be used to enable the transition to energy
systems with high penetration of VRE sources. In addition, five beneficiary
groups in both public and private sector, who can utilize the proposed methodolo-
gies and derived results in their operations or activities, were identified. Next,
the practical implementations for each beneficiary group are discussed.

The TSOs can apply the models as an additional source of information to
focus the grid investments more efficiently in long term grid planning, and as
a way to estimate the effects of, and thus to enable, the increasing penetration
of VRE generation in their systems. The models provide an accurate way to
analyse future VRE generation structures and scenarios, and the variability of
the generated power and steepness of the VRE power ramps without measured
data. This knowledge can be used in the estimation of the required amount
of balancing power, need for wind curtailment, potential of demand response,
feasibility of energy storages or need for new grid components such as additional
transmission lines.

The DSOs can also use the proposed methodologies to assess the effects of the
increasing amount of consumer PV modules and, and thus, the increasing varia-
tions in the generated power and energy consumption in distribution systems.
This kind of information can be vital for the effective planning of future smart
grids and grid investments, so that the system is able to handle large number of
prosumers with bidirectional power flows, local PV generation and household
appliances with demand response.

The developed models can also provide vital information for the energy indus-
try. Energy companies with WPPs, PVPs or both in their portfolio can use them
as an additional source of information when, e.g., conducting cost-benefit analy-
ses for, or evaluating feasibility of, possible VRE acquisitions or new planned
VRE generation. Also, the analysis of the effects of the geographical distribution
of generation locations to the volatility of their aggregated generation can be
beneficial for the optimization of their generation portfolio. The information
and insights provided by the proposed models can thus help the companies to
allocate investments and resources related to future smart energy systems and
VRE generation more efficiently, and therefore, to increase their profits.
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In addition, the policy makers can benefit from the simulation of different
future VRE scenarios and results obtained from the scenario analyses when
designing ways to reduce COg emissions or making other policy decisions related
to, e.g., renewable energy subsidies or carbon taxes. This is important application
of the work as it can allow more effective allocation of resources, and thus, faster
transition to future smart energy systems with low CO2 emissions.

Last, the researches working with topics related to future smart energy sys-
tems requiring plausible VRE generation data from specific cases for their own
modelling and analyses can use the developed models as a source of artificial
data. The developed models have been applied in various research topics to
provide tailor made simulated data from PV panels of a single building to ag-
gregated future VRE generation of a nationwide system. The models have been
applied already in, e.g., demand response research [102], assessment of energy
storages [103], economical analyses of VRE generation [104], development of
distribution system grid planning algorithms [105] and combined analyses of
consumption and VRE generation [106].

5.2 Recommendations for Future Work

This section suggests some possible further improvements and extensions that
could be implemented in the developed models. The potential topics for future
improvements can be divided into two main categories; the further development
of the proposed models and the possible improvements to, and new applications
for, the models due new estimation data.

A crucial future work aspect is the implementation of the most advanced
of the developed models, i.e., the full VAR based approach developed for the
modelling of WPPs, also for the joint modelling of WPPs and PVPs to improve
the performance of the simplified VAR based methodology. Also, in this thesis
the case studies and scenario analyses have been focusing on Finland, but should
be expanded to Nordic and European scale in the future.

Relevant improvements that should be implemented in the wind direction
modelling methodology include expanding the simplified VAR model to the full
VAR model as the approach has been already developed for joint WPP modelling.
In addition, the accurate modelling of wind direction margins for new WPP
locations should be researched. Finally, also the possible correlation between
wind speed and wind direction should be studied and implemented in the models
if appropriate.

To improve the accuracy of the modelling of new WPPs, the modelling of the
wake effect inside a WPP could be improved further by implementing a state-of-
the-art wake effect model to fully benefit from the simulated wind direction data.
In addition, as the models are modular by nature, additional power generation
models for different PV panel types could be implemented to the PVP modelling
methodology.
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Another important topic is related to the measured data used in the estimation
of the models. If more measurement data from larger number of locations could
be obtained, the model parameters for new WPPs and PVPs could be estimated
separately for, e.g., off-shore, onshore and inland locations, and for different
climate zones, which could improve the accuracy even further. Also, more
representative ECDFs for the modelling of new locations could be obtained when
the ECDFs from the closest measured location are used in the modelling of new
PVPs.

In this work, the models developed for new WPPs and PVPs utilized hourly
time resolution. However, the models can be applied in the modelling of VRE
generation in sub-hourly time resolutions, if sufficient estimation data could be
acquired. Particularly interesting topic would be the study of the effect of the
geographical distribution of the generation locations in sub-hourly time scales.

Finally, the modelling methodology for new PVPs should be verified also in the
power domain using measured power output of individual PVPs or aggregated
PVP generation in a certain geographical area, in addition to the presented
model verification with measured solar irradiance locations.

5.3 Conclusions

This thesis developed multiple statistical methodologies for the modelling of VRE
generation with an emphasis on new non-measured WPPs and PVPs modelled
both separately and jointly. In addition, wind direction in new WPPs and large
scale wind power generation in larger geographical areas were modelled. The
main focus in this thesis was on the long term MC simulations, however, the
developed models are also applicable in short term simulations. The developed
modelling methods were verified against out-of-sample measurement data using
MC simulations to ensure the accuracy of the models. The accuracy of the
simulation results compared with measurement data was found to be good in
all tested applications. Hence, the developed models are applicable for the
assessment of, e.g., the effects of new VRE generation and future energy systems
related investments and policy decisions.

The effect of the geographical distribution of the VRE generation was assessed
in various scenarios. The geographical distribution was found to have a large
effect on the aggregated VRE power generation and its variability. It was
quantified how much dispersed geographical distribution decreased the volatility
and probabilities for very low or high aggregated generation events compared
with concentrated geographical distribution. The effect of the distribution of
generation locations was also found to be much larger with WPPs compared with
PVPs. Furthermore, WPPs and PVPs were found to be negatively correlated
and the effect of this negative correlation was quantified. Consequently, a
combination of both WPPs and PVPs were found to reduce the overall volatility
of the aggregated VRE generation in the system, and thus, is recommended.
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Reducing carbon dioxide emissions is
imperative when trying to mitigate the effects
of global warming. In energy generation, one
approach to achieve this goal is to replace
polluting generation with variable renewable
energy (VRE) sources, such as wind and solar
energy. However, these are intermittent by
nature, and thus, increasing the VRE capacity
also increases the variations in power
generation. This, in turn, can cause problems
for the operation of the power system. Hence,
it is important to be able to model the VRE
generation and its variations, so the effects
can be understood and compensated. The
dissertation tackles this problem by
proposing statistical modelling methods for
the simulation of VRE generation in new
generation locations. It also quantifies the
effect of the geographical distribution of VRE
generation on the variability of the
aggregated power generation. The developed
methods can be used to assess the impact of
new VRE generation, and thus, to focus the
investments efficiently and to enable the large
scale integration of VRE generation in energy

systems.
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