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Abstract

When the wind blows and wind turbine generators harvests the kinetic energy and trans-
forms it to electrical power, there is a need for predicting how much power that will be
dispatched from the turbines. Even the most perfect computer model with high computa-
tional power could not model the beauty of the forces of nature and we must accept some
degree of forecasting error in the predicted power output due to the inherently stochastic
patterns in the atmosphere.

This project set out to investigate the main reasons and factors that impacts the
forecasting error related to wind power assets on Gotland. From theory and the performed
case study, wind speed is the strongest predictor of wind power production, to claim
anything else would be severely inaccurate. However, the main predictors of wind power
prediction are summarized from a literature study, extracted from a weather model and
tried in a case study for the wind farm Stugylparken on Näsudden, Gotland. Three
different prediction methods were tried and the ensemble trees model was the best model
by the evaluation metrics that was chosen. The second-best performing model was the
artificial neural network, and prediction by theoretical power curve performed worse than
the standard machine learning methods what was tested in the study. It can be noted
that when assessing what model to choose, it depends on how the evaluation is done
and which metric is deemed most important. Besides that wind speed will have the
most significant impact in all models, forecasting error seem to have correlation to the
diurnal cycle. One reason could be land-sea interaction during the day, especially at
the period April-September. Higher forecasting errors correlates strongly to periods of a
higher mean wind speed and times of varying weather will impact the forecastability and
larger errors should be expected. In this project, numerical weather prediction data is
used to investigate the forecasting error. A lower error can be seen at the first hours from
the model run. This should be expected because it is when we are closest to the initial
conditions, in other words, the real world. However, it seems like wind speed and diurnal
cycle are more significant than the performance of the numerical weather prediction model
in the first 24 hours.

Predicting the future power output of wind assets is expected to be even more impor-
tant in the future years due to larger installed capacity. Even with an increase in installed
capacity, an over capacity is not wanted and flexibility will be more important. There are
challenges, but also opportunity to have a more efficient use of resources in our society
and lowering the climate impact that our society has on the planet through a more flexible
use of resources.

Keywords: Wind power forecasting, Machine learning, Numerical weather prediction
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Preface

This report is the result of my final time at Uppsala Universitet and composing this report
represents the completion of a goal to attain a master degree of science. During the last
two years I have had the pleasure to study a field that I find very interesting together
with people from all over the world. The period during which I attended the program will
probably be remembered as a special time by many of us due to the covid-19 pandemic.
Me and my partner moved to Gotland at a time of social restrictions, this both came
with challenges as well as more time to spend with our family, because during our time in
Visby we have been blessed with a daughter. She was the third baby born on the island
in year 2021, so she stared her life on the podium. Except becoming a father, I have
enjoyed the nature of Gotland and many hours has been spent around the well kept gems
of the coastline of the island, where I have met many interesting people and made new
friends. When spending time outdoors performing different activities, it is necessary to
plan according to the weather. You could even say that weather forecasting is something
that everyone can relate to and often it has a special impact in peoples hobbies or interests.
Also, the fact that the weather is not always as the weather forecast promised, is something
that is widely accepted. But why is it so? A higher capacity of variable renewable
energy generation has the last years even contributed to negative electrical prices on the
spot market, at least at hours of low energy demand, and how forecasting is used in
the application of electrical generation becomes extremely interesting. The balancing
of the electrical grid is a process that has been interesting to me ever since I attended
the tradesman education to become an electrician way back in upper secondary school.
These experiences were guiding me when selecting the topic of wind power forecasting
and writing this report.
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Chapter 1: Introduction

The island of Gotland is the largest island in Sweden, located in the Baltic sea, accessible
only by sea or air from the mainland. Gotland is a popular summer holiday destination due
to large beaches and favourable weather conditions. The conditions for both wind energy
and solar photo voltaic PV are very good on the island. Both good wind resource and
many hours of sunshine contribute to the good conditions (Energimyndigheten.se, 2019).
Gotland has been a central area when it comes to developing wind power in Sweden
with several interesting projects. For example, the Näsudden peninsula was developed in
the early 1980s and the third offshore wind farm built in the world, Bockstigen 1 near
Näsudden (Momentum-gruppen.com, 2022). As of today, the installed capacity of wind
power on Gotland is 180 MW in 2021 (Regionfakta.com, 2022). The electricity production
from wind power accounts for the majority of electricity that is produced on the island. In
general, 0,5 TWh of electricity is produced from wind power on Gotland annually, which
corresponds to approximately 50 % of the annual electricity consumption of about 1 TWh
(Energimyndigheten.se, 2019).

Gotlands Elnat which is part of Vattenfall (VF) Distribution, hereafter called GEAB,
is the distribution system operator (DSO) of Gotland. The connection to the mainland
consists of two high voltage direct current (HVDC) cables. The HVDC connection is
managed by VF, therefore VF is responsible for the frequency and balance regulation of
the electricity grid on Gotland. Which is in contrast to the transmission system operator
(TSO) Svenska Kraftnät, which is responsible for the frequency and balance regulation of
the grid on the mainland.

Discussions of increased wind power capacity on Gotland often ends in the discussion
of another HVDC connection to the mainland, to enable higher off-take from the grid
on the island. However, in 2017 the TSO decided not to invest in another connection
due to a socio-economic analysis which exhibited that the costs would exceed the benefits
(Svk.se, 2017). However, the questions of security of supply are still relevant. An analysis
showed that a new connection probably needs to be completed within ten years due to
increased electricity demand and wind power exploitation; an investigation is to begin
in the near future (Svk.se, 2020, 2021b). Additionally, the regional and local grid on
Gotland needs to be upgraded in order to handle an increased amount of variable energy
production. There are other projects proposed that could be relevant for the electricity
supply to Gotland. The LaSGo Link (Entso-e, 2022) is a proposed HVDC interconnection
between Oskarshamn via Gotland to Grobina, Latvia. The project has been recognized
by European network of transmission system operators for electricity (ENTSO-e) and
their ten-year network development plan (TYNDP). Another interesting project is the
Aurora wind farm, a proposed large scale offshore wind farm 20 km south of Gotland with
an estimated annual energy production (AEP) of 24 GWh. The project is in an early
stage and several connections is proposed where both primary and secondary options are
presented to connect the wind farm to the Gotlandic grid (OX2, 2021).
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The potential of energy storage solutions for Gotland has been investigated by VF,
and with the use of an energy storage system, the installed capacity could be increased
to 280 MW variable production from wind and sun (Lidström et al., 2018). However,
simulations of the electricity production potential on Gotland has been made for different
scenarios by Nilsson et al. (2018) The study concludes that if suitable energy storages
are invested in, wind and solar resources are large enough to cover Gotland’s electricity
demand for different consumption levels today. But when looking at an large increase
of the electricity demand such as electrification of industries, Nilsson et al. (2018) state
that the potential resources are scarce even with storage possibilities. Consequently, the
HVDC connection to the mainland will probably be important for a long time to come.

Another strategy that has been proposed is that of local flexibility markets (Lidström
et al., 2018), where producers and foremost large consumers of electricity come together on
a local market and trade their capacity. Efforts have been made to establish a flexibility
market on Gotland, in the European Union funded project: Horizon 2020 CoordiNet.
Coordination between producers, consumers, DSO and TSO is needed to ensure that
a local flexibility market work properly. Consequently, there is the need for necessary
process changes among the stakeholders to accommodate this market (Lidström et al.,
2018). Overall, more information will be needed in order to enable a proactive planning
in the energy system.

These issues and challenges are not specific to Gotland or Sweden. From a wider
perspective, there are large challenges in order to maintain grid stability when the energy
system sees a higher penetration of variable renewable energy (VRE) resources. Veers et
al. (2019) have outlined three graynd challenges in the science of wind energy, where the
third grand challenge reads: "Systems science for integration of wind power plants into the
future electricity grid". Similarly, there is a relevance to forecasting of the production and
load in the electrical system as stated by Inman et al. (2013) that: “Solar, wind and load
forecasting have become integral parts of the so-called ‘smart grid concept’ ”. Together,
these studies indicate that there are challenges in the wind energy field utilizing the
variable energy resources optimally. Therefore, this study investigates the field of wind
power forecasting and the application in the power system of the island of Gotland. The
study aims to have a contribution to the management strategy of the electrical grid with
regard to VRE production and the relevant challenges at hand.

1.1 Scope

The energy transition includes the problem of going from stabilizing the grid with central-
ized facilities producing stable electrical energy with high inertia for the grid to decentral-
ized VRE production. Therefore, the stability of the grid will become more dependent on
information such as forecasting of the future wind resource. Assessing the forecastability
of a wind power site could reduce the uncertainty and relieve some of the challenging
impacts that a change towards a higher degree of variable production could have.

The purpose of the project is to investigate what uncertainty aspects there are in wind
power forecasts for Gotland by examining what factors that are affecting the wind power
forecast and what level of uncertainty has to be considered in a wind power forecast.

This study is a cooperation between an individual student at Uppsala University and
GEAB. This study is intended as a master-thesis project and does not rely on external
funding. GEAB is the DSO of the geographical region and responsible for operating the
electrical grid. The wind turbine production data used in this study is not available to
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the public and is strictly owned by GEAB. An agreement has been made to publish the
results of this study.

The aim is to compile and deliver knowledge of wind power forecasting, then to perform
a case study relevant to the geographical context that could support or recommend a
future strategy with regard to wind power forecasting in the area.

1.2 Research Questions

The research questions are divided into:

• What are the main factors that contribute to how large the error is in a wind power
production forecast?

• What variables provided from both wind farms (or wind turbines) and weather
forecasts have impact on the forecastability?

The specific methods that is used in this study is comprised of different numerical and
statistical comparisons, to basically assess the correlation between forecasting data and
metering data. The software that was used are well known such as: MathWorks Matlab
and Microsoft Excel.
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Chapter 2: Background

2.1 Electricity Grid Balancing

There is a trend of higher penetration by variable electrical production in electrical grids
around the world. However, balancing an electrical grid with a large part of variable
production requires balancing power that needs to be ramped up or down with regard
to the variable production. Therefore, this study investigates the field of wind power
forecasting and the application in the power systems today. The TSO is responsible for
the stability of the grid, the balance between supply and demand is typically outsourced
to a Balance responsible party (BRP). A BRP is a private entity which is responsible for
keeping the balance between supply and demand of electricity within their portfolio. The
BRP usually trade capacities on the energy markets.

2.1.1 Electrical Market Design

The electrical spot market is where electrical generation is traded and can be divided
into mainly two markets: day-ahead and intraday. Sweden is part of the auction system
Nord Pool, the majority of north-western Europe is connected to the auction system
(Nordpoolgroup.com, 2022). In the day-ahead market, capacity is traded for the next
24-hour period. Sellers publish the capacity at 10:00 CET and the auction closes at
12:00 CET. The result of the trading is used for planning the next 24 hours, with later
changes in the intraday market. Nord Pool’s intraday market helps to secure the balance
between supply and demand. With the increasing amount of variable production in the
energy system, it becomes more difficult to be on balance after the closure of the day
ahead market, which makes intraday trading necessary for VRE production. The intraday
market works continuously throughout the year and capacity is traded until the hour of
delivery.

2.1.2 Time and Space Granularity

Time and space granularity are suggested to have an important role for the success of
implementing VRE. As stated by IRENA (2019): "Increasing time and space granularity
in the wholesale market helps to capture the value of advanced weather forecasts for VRE
generation in the market and dispatch schedule." A way that VRE can contribute to a
higher extent in an electrical market is by bringing energy trading closer to real time. Due
to that forecast uncertainties decreases with shorter time-frame to the dispatch. Therefore,
a way of incentivizing wind power is by introducing shorter contracts. For example, the
Nordic power markets are moving from a 60 minute to a 15 minute imbalance settlement
period in May 22, 2023 (Svk.se, 2021a). A high penetration of VRE can put stress on the
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transmission system. By increasing the space granularity and changing to smaller areas,
the generating capacity can be incentivized to be built in the right location, to suit the
need of the transmission network (IRENA, 2019).

2.1.3 Market Mechanisms

Wind, sun and hydrological balance are impacting factors in the dynamic electrical mar-
ket. The electrical price in markets with a high penetration of wind power are generally
seeing an increasingly volatility due to the impact of VRE resources. Solar, wind and
streaming hydro normally want to sell all capacity because they have no variable produc-
tion cost. Regulated hydro is able to choose when to sell and want to be paid as much
as possible for the generation. If there is an abundance of rain and the reservoir is full,
it turns into streaming hydro. Due to the high capacity of hydro, the electrical price
goes down. Likewise, if the electrical price is high, the reservoir level is going down faster
and the electrical price usually goes up, due to that the hydro producer has less capacity
later on. Therefore, regulated hydro can be seen as an accelerator for the electrical price.
Prognoses of rain and snow, level of reservoir and thickness of snow in the mountains
impacts the electrical markets in northern Europe, especially in Sweden and Norway and
to some extend Finland which all have a high hydro capacity. New interconnections to
continental Europe i.e., excluding Scandinavia, and the UK are planned to utilize the
regulated hydro capacity in Scandinavia. Additionally, Hirth (2016) suggests that when
moving from 0 % to 30 % wind penetration in an area, hydro-power mitigates the value
drop by a third. Therefore, the electricity generated from wind is worth 18 % more in
Sweden than in Germany. When more interconnections are built it could be possible that
electricity price from wind sees a positive development.

2.1.4 Electrical Price Cannibalization

When an area sees a high installation of wind power, the spot price could be affected
severely at good wind conditions. López Prol et al. (2020) have calculated daily solar
and wind unit revenues from hourly data of the day-ahead wholesale electricity market in
California (CAISO). Value factors were calculated for the period January 2013 to June
2017. The unit revenues divided by the average wholesale prices were assessed and while
both solar and wind unit revenues declined during this period, solar and wind value factors
actually evolved in opposite directions. The wind value factor slightly increased, and the
solar value factor strongly declined. For a wind power producer, the hourly profile risk
should probably be considered but maybe wind power forecasting could help the market
to adapt faster in the coming years.

2.1.5 Forecasting and Impact on the Electrical Grid

The impact on the balance of the electrical grid by the weather is considerable. Both load
and production have a relationship with the weather situation. In this project, forecasting
and the forecastability of the future electrical generation from wind power assets is the
focus. Therefore, the fundamental theory of weather modeling and the relationship to
wind power forecasting is presented in the next chapter.
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Chapter 3: Theory

Weather forecasts is generally considered as a natural part of our society. Every news
program typically has a section for the weather with an meteorologist explaining the
latest forecast for the coming days. Weather forecasts are created from numerical weather
prediction (NWP) models that are typically produced by meteorological institutions in
different countries (See table 3.1). Usually NWP models are calculated using clusters
of supercomputers to forecast the evolution of the weather by feeding the models initial
conditions of the atmospheric conditions. The impact of NWP on society is considerable.
Many applications are directly linked to the output of NWPmodels that produces different
forecasting applications. It can be:

• Air-quality models in large cities or the spread of volcanic ashes during an eruption.

• The spread of infectious diseases that is dependent on wind or the behavior of
rodents which mainly rely on temperature and humidity.

• Wave height models for maritime planning or leisure activities such as going to the
beach with your family or surfers looking for big waves.

• Precipitation models for rain or snow are important for infrastructure such as roads
and railroads when it comes to securing the infrastructure from water or snow
removal so the traffic can work properly.

• In agriculture forecasts are used when planning sowing of crops and when to use
pesticides.

• In aviation NWP impacts the airport ground operation, starting and landing of
airplanes.

When flying, you might have experienced turbulence. Models that assess the prob-
ability of turbulence rely on NWP and reports from pilots, then it is used to plan the
traffic so that dispatchers and pilots can avoid turbulent fields (Warner, 2010). I bet you
can come up with something that is relevant for you regarding weather forecasting.

Several branches of the energy industry is heavily dependent on the use of NWP
models. It can be hydro power facilities that rely on precipitation models when assessing
to release water from the dams when rainfall is anticipated. The demand side is impacted
by the temperature, both in warm countries that need cooling by air conditioners during
the day or in colder regions that have a large heat demand during the cold winter months.

When it comes to the wind energy application, the use of models can typically be
sorted into wind power resource assessment (WRA) or wind power prediction. Where
the first is relevant to assessing the AEP of potential sites that is subject to wind power
exploitation and the second when a wind power site is operational and the power output
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to the electrical grid in different time scales is demanded. Wind power production is a
function of the wind speeds at the rotor height of the turbine and there is a clear trend
of building ever larger turbines to reach higher wind speeds. For commercial turbines
today, it could be from a a few tens of meters to the largest prototype installed (at the
time of writing this) at the test centre Østerild in Denmark where Siemens Gamesa 14
MW turbine with a 222 m rotor reaching the tip height of 271 m (Windenergy.dtu.dk,
2022). However, the race continues for larger turbines and Siemens Gamesa and Vestas is
planning to install prototypes with 236 m rotor and the Chinese manufacturer MingYang
Smart Energy announced that they are installing a prototype of 242 m rotor in 2022
(Gamesa, 2022; Vestas, 2022; Energy, 2022). As the power output of wind power increases,
so will the need for forecasting the future power production of wind turbines in order to
plan how to balance the electrical grid among other available sources such as hydro power,
gas, coal and oil electricity generation facilities.

3.1 Numerical Weather Prediction

Weather forecasts is based on meteorological modeling of the atmosphere, which is depen-
dent on foundational psychics for explaining processes and how quantities interact with
each other. The governing equations that is the basis for most meteorological models are
described by Warner (2010).

The momentum equations for a spherical earth represents Newton’s second law of mo-
tion; the second law state that the rate of change of momentum of a body is proportional
to the resultant force acting on the body and is in the same direction as the force. Ther-
modynamic energy equation; relates to the adiabatic and diabatic effects on temperature.
The continuity equation for total mass; states that mass is either gained or destroyed.
At last, the ideal gas law; describes the relationship between the quantities temperature,
pressure and density.

Foundationally, all operational and research weather models are based on the equations
mentioned above. A complete weather model also has continuity equations for water,
ice and different types of precipitation. These equations cannot be solved analytically,
therefore they need to be handled in a way so that numerical methods can approximate
a solution.

3.1.1 Modeling Explained

There are a number of assumptions and stages that introduces uncertainty when modeling
the atmosphere, and in each stage, a little bit further from reality we will go. There are
four frameworks for modeling: finite difference or grid point, spectral, finite element and
finite volume. This section does not focus on explaining these methods, however, what
goes into these models and the fundamental concepts of numerical methods in NWP
consists of:

1. Discretization of the atmosphere

2. Time integration

3. Boundary conditions

4. Initial conditions
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5. Physical process parameterizations

Here follows an explanation of each term above based on Warner (2010). 1) Discretization
of the atmosphere: When solving the governing equations, it is done in grid points defined
by a three-dimensional grid. There are different methods on how to project a grid of
the earth, the grid points are not equally spaced due to the fact that the projection is
done of the earth, some grid points can have a higher resolution in certain areas. Two
types of models are often referred to, global models and limited area models. 2) Time
integration: When it comes to handling time, explicit or implicit and combinations of the
two are mentioned. Explicit method means that the prognostic equation can be solved
for the dependent variable at the new time with the current or prior value, while implicit
method solution must be obtained iteratively. It is relevant to the computational cost
of the model, because the governing equations needs to be solved in each time step. 3)
Boundary conditions: Solving the equations entails boundary value problems in both
lateral, up and down direction. A limited area model, the problem is relevant because
the equations cannot be solved on points on the edge of the grid, so the value for the
boundary points needs to be specified. In operational forecasting models, the boundary
values is taken from previously run global model. 4) Initial conditions: The process of
initializing the model requires specification of the initial values that the equations start
with. This has a large impact on the accuracy of the forecast, due to the fact that a
model is not better than the data you feed it with.

Sources for the current atmospheric conditions includes measurements from radiosonde
(balloons), ground-based observations, satellite-based information and aircrafts such as
commercial aviation. During the Covid-19 pandemic, a large part of the air fleet was
grounded due to travel restrictions imposed by governments across the world. This has
impacted the NWP models, where there is a significant reduction in data from airplanes.
The impacts have been studied of the COVID-19 pandemic on weather forecasts by veri-
fying global weather forecast against reanalysis data by Y. Chen (2020). In the study, a
significant deterioration in the forecasts of surface temperature wind speed, and pressure
was found in some areas. However, Y. Chen (2020) claims that the impact over western
Europe is compensated to some extent by the high density of observation stations that
are available in the area. 5) Physical process parameterizations: Some aspects of the
governing equations are too complex (understanding of the process is limited, the process
has too fine scale and cannot be modeled in the grid or the computational cost would
be too high) to include in a model and parameterization is done so that the process is
represented by the known relationship to the variables in the model.

The numerical methods have evolved, both due to efforts in research and the fact that
computational power has increased (Warner, 2010). The evolution of forecasting accuracy
has been researched by Janssen (2008), and in Figure 3.1 the evolution of forecast error
with respect to the time horizon for the global model ECMWF is plotted.

Deterministic and Ensemble models

There are a number of unavoidable sources of uncertainty that goes into the models.
Based on what is described in section Section 3.1.1, one run of such a model is called
a deterministic forecast. When several deterministic forecasts are combined to produce
a mean of several models with, for example, different initial or boundary conditions is
referred to as ensemble of forecasts. When using an ensemble of models, it increased the
forecast skill, which has been known since the early 1960s (Warner, 2010). One aspect of

9



Here, we illustrate progress in wave forecasting by means of a verification of forecast winds and wave
height against buoy observations. We also validate modelled analyzed spectra against wave spectral data.
Note that buoy observations of significant wave height and of the wave spectrum are independent as they
are not assimilated in our analysis scheme. Observations of the surface wind are, however, assimilated in
the atmospheric analysis system, so that wind speed analysis and buoy observations are not independent. Dur-
ing the forecast, the correlation between observed and forecast wind diminishes very quickly, and after day
one in the forecast it is safe to assume that observations of wind are independent of the model. In Fig. 4
we show the results of the verification of analyzed and forecast wind speed against buoy data for a number
of winter seasons, here defined as the period from October to March, starting in 1992 and ending in 2005.
The overall trend is that there is a clear reduction in modelled wind error over the years. Considering now
the forecast wave height verification against buoy data in Fig. 5 there seems to be even a stronger trend of
improvement in forecast wave height, in particular in the medium range around day 5. The present-day fore-
cast error at day 6 of the forecast is smaller in magnitude than the day 4 forecast error 15 years ago, suggesting
an improvement in skill of more than 2 days.

The stronger trend in improvement in forecast wave height in the medium range8 is a reflection of the sen-
sitive dependence of the significant wave height on the forcing wind field. To illustrate this point, it is noted
that dimensional considerations show that in equilibrium conditions (but note that for big storms we hardly
ever reach equilibrium) the significant wave height HS depends on the square of the wind speed at 10 m height
above the sea surface,

H S ¼ bU 2
10=g; b ’ 0:22; ð36Þ

therefore a 10% error in wind speed already gives a 20% error in wave height. Note that the statistical results
here refer to the bulk of the data, with an average wind speed of 7 m/s. For such low wind speeds the sea state
is almost always in equilibrium [57]. Figs. 4 and 5 do suggest that an important component of the wave height
error is the surface wind speed error. This is in agreement with the practical experience of many wave mod-
ellers and forecasters. In fact, by redoing wave height analyses with the most recent version of our wave pre-
diction model using ECMWF analysed winds from 1997 we have been able to estimate that our wave model
improvements contribute about 25% to the improvement in accuracy of the wave height analysis shown in
Fig. 5. Hence, the increased accuracy of the driving wind field is the main reason for the improved accuracy
of the analysed wave height. Because of the sensitive dependence of wave model results on the quality of the
surface wind field, ocean-wave information can give benefits for atmospheric modelling. Wave results have
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Fig. 4. Verification of analyzed and forecast surface wind speeds against buoy observations.

8 There is an even stronger trend of improvement at initial time, but this is partly caused by the fact that the buoy windspeeds have been
used in the atmospheric analysis, thus constraining the analysed wind speed.

3588 P.A.E.M. Janssen / Journal of Computational Physics 227 (2008) 3572–3594

Figure 3.1: Verification of analyzed and forecast surface wind speeds against buoy obser-
vations(Janssen, 2008).

ensemble forecasting is the opportunity to include uncertainty as a factor of the forecast.
Simply, when the outputs of an ensemble of models diverge, a higher level of uncertainty
can be expected in the forecast. One relevant trade-off is that ensemble models have a
lower resolution because several computations needs to be run at the same time, where
one model can be run on a higher resolution. This implies that one deterministic model
with high resolution(the model resembles the real world better) can have higher accuracy
than an ensemble forecast, at least for the first time of the forecast. When time goes on,
the detailed model starts to misalign with what is actually happening in the real world
because it is too specific and the accuracy decreases fast. This is theoretically when an
ensemble model outperforms, the average of several models is better than with one with
high precision. When to use what model depends on the application, some well known
NWP models that are often referenced to is listed in Table 3.1.

3.2 Machine Learning

The digitalization of society entails an exponentially increasing amount of data and there
is a desire to use the data to optimize processes in our society in many ways. Therefore,
it is a trend to use machine learning (ML) in both industry and academia to understand
and optimize processes. ML is attractive to use in a wide range of applications, some of
them mentioned by Ripley (1996) are: analyzing fingerprints and DNA profiles in criminal
investigations, diagnosing diseases, reading addresses on envelopes, detecting fish by sonar
in the fishing industry and many more applications. Likewise, Suárez-Cetrulo et al. (2022)
tries an ensemble of ML algorithms for power forecasting, the experimental results show
that the ML algorithms are more suitable than a simple wind to power mapping for
eight wind farms in Ireland. However, the authors claim that a limiting factor to capture
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Table 3.1: Commonly used operational NWP Models

Name Origin Coverage

Application of Research at the Operational Mesoscale
(AROME) Europe Scandinavia

European Centre for Medium-Range Weather Forecasts
(ECMWF) Europe Global

Global Forecast System (GFS) USA Global

Weather Research and Forecasting (WRF) Model USA Regional

meteorological processes and the use of one NWP (Darksky) and suggests further research
with other NWPs.

The probabilistic approach to ML is very much related to the discipline of statistics
however differs in terms of the terminology and application (Murphy, 2012). The termi-
nology between ML and statistics are often referred to the humoristic comparison of Rob
Tibshirani (A professor at Stanford University), which is reproduced in Table 3.2:

Table 3.2: Comparison in terminology, reproduced Rob Tibshirani’s statement

ML Statistics

network, graphs model
weights parameters
learning fitting
generalization test set performance
supervised learning regression/classification
unsupervised learning density estimation, clustering
large grant = $1,000,000 large grant = $50,000
nice place to have a meeting: nice place to have a meeting:
Snowbird, Utah, French Alps Las Vegas in August

Even if this comparison is meant to jokingly send a boot to the ML community from
the traditional statistical discipline, ML is obviously a thriving field today. According to
Shalev-Shwartz & Ben-David (2014), ML can be described as programming computers so
that they can learn from data available to them where learning is the process of converting
experience into expertise or knowledge. To be able to train a learning algorithm it is
necessary to feed it training data, which is representing experience and the output is then
what could be called expertise, which can be used for decision support in the process that
is being researched.

ML is advantageous to use in mainly two cases, when the program would have a high
level of complexity to program and the fact that when a computer code has been written it
is rigid in the way it performs it operations. Therefore, ML methods aims to adapt to the
learning data and changes with the learning parameters (Shalev-Shwartz & Ben-David,
2014).
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3.2.1 The Learning Part

The concept of how a computer program learns to recognize patterns in data can be an
abstract concept to comprehend. To illustrate and put the main ideas into words, Shalev-
Shwartz & Ben-David (2014) describes four parameters about how learning paradigms
can be sorted.

Supervised versus Unsupervised: Supervised learning is when the training data
contains significant information (labels) and the input is associated with an output. The
output is then missing in the test data, to which the learned expertise is to be applied
and give a response based on the other test data. Unsupervised learning is when there
is no labeling of the data and the algorithm finds patterns regardless of how the data is
sorted, test data or learning data.

Active versus Passive Learners: An active learner interacts during the training time
while a passive learner only reads the information provided. For example, the learner of
a spam filter is usually passive (it waits for the user to mark certain mails as spam). If
the learner would have been active, it will ask the user to label emails that the function
need to learn to perform better.

Helpfulness of the Teacher: Learning is done when the "teacher" is confrontational
and uses a worst-case scenario. It has the reasoning of when you can learn against an
adversarial teacher, then you should be successful in general situations.

Online versus Batch Learning Protocol: Relates to the distinction of an algorithm
that has to respond continuously or when there is the opportunity to train on large amount
of data before a response is given.

Regarding the application of the topic in this paper, supervised learning the learning
paradigm that will be investigated, as the power production of wind turbines is a function
of weather as explained in 2.2.3. After all, in supervised learning, the goal is basically to
learn a model the mapping between a given set of labeled input-output pairs (Murphy,
2012). Therefore, the supervised learning approach is applicable.

The Basic Concepts in Machine Learning

The area of ML is a blend of the statistical science discipline as well as computer science.
Therefore, it should be said that the area has a degree of complexity that should be
respected. However, some of the basic concepts in ML are covered in this section. Bayesian
approach can be described as when probability expresses a degree of belief in an event.
However, Murphy (2012) advocates for the term “probabilistic approach” rather than
Bayesian. The author describes it as a "systematic application of probabilistic reasoning".

There are parametric and non-parametric models, which can be defined in different
ways. However, according to Murphy (2012), a parametric model is when there are a
fixed number of parameters and an advantage is that it is faster to use, the downside is
that it makes stronger assumptions of the data distribution. A non-parametric model has
a growing number of parameters when the training data increases, they are more flexible
but can be harder to manage.

12



Linear Regression if one of the most widely used models for regression is known as
linear regression and is essentially part of all undergraduate engineering programs. As it
can be read in the name, the linear approach models the relationship between a response
variable and one or more dependent variables by creating coefficients and explanatory
variables of the data.

Kernel models is based on the approach of assuming that there is some similarity of
the variables that are studied. There are several applications of the method, SVMs is
widely used ML technique that builds on this approach.

When it comes to validation of ML models, the 80 % to 20 % rule is often applied,
meaning that the training is done for 80 % and testing it on 20 %. Sometimes, when
the training data is limited it could be a problem and other strategies for validation such
as cross validation(splitting the initial training data into multiple mini training data).
One problem that is associated with ML models is called overfitting. The phenomenon
of overfitting occurs when a predictor in the training data performs excellent, but when
the model is then used on more data the performance decreases considerably. There are
a number of ways to deal with overfitting, some of them are: adding more training data,
early stopping(limiting the iterations) and cross validation.

When it comes to the selection of a model, one can contemplate on a number of factors.
It does not make it easier than for any given model, a variety of algorithms can often be
applied and for any given algorithm variety of models can be considered. Adaptive basis
function model (ABM), can be described as the approach to learn useful features directly
from the input data, in other words all the ML models are typically parametric ABM
functions and such models often significantly outperform linear models (Murphy, 2012).

3.2.2 Machine Learning in Wind Power Forecasting

When it comes to choosing a model to work with there are multitude of options. Support
Vector Machines (SVM), Artificial Neural Networks (ANN), Gaussian Process Regression
(GPR), Decision Trees, Ensembles and more. However, ensemble modeling of trees have
been assessed in a number of studies (Lahouar & Ben Hadj Slama, 2017; Vassallo et
al., 2020; Hallgren et al., 2021) and is therefore a model that is relevant to assess in this
application. Additionally, the use of ANN in predicting the power output of wind turbines
have been researched extensively (Pasari et al., 2020; Nielson et al., 2020; Suárez-Cetrulo
et al., 2022) and is therefore also a model that is interesting assess the performance of in
the application of this work.

Classification and Regression Trees

"Decision trees are very intuitive predictors. Typically, if a human programmer creates
a predictor it will look like a decision tree." (Shalev-Shwartz & Ben-David, 2014). The
method can be illustrated as in Figure 3.2. The first node asks if x1 is less than some
threshold t1. If yes, we then ask if x2 is less than some other threshold t2. If yes, we are
in the bottom left quadrant of space, R1. If no, we ask if x1 is less than t3. And so on, we
can now associate a mean response with each of these regions and the model is created.
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16.2. Classification and regression trees (CART) 545
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Figure 16.1 A simple regression tree on two inputs. Based on Figure 9.2 of (Hastie et al. 2009). Figure
generated by regtreeSurfaceDemo.
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Figure 16.2 A simple decision tree for the data in Figure 1.1. A leaf labeled as (n1, n0) means that
there are n1 positive examples that match this path, and n0 negative examples. In this tree, most of
the leaves are “pure”, meaning they only have examples of one class or the other; the only exception is
leaf representing red ellipses, which has a label distribution of (1, 1). We could distinguish positive from
negative red ellipses by adding a further test based on size. However, it is not always desirable to construct
trees that perfectly model the training data, due to overfitting.

16.2.2 Growing a tree

Finding the optimal partitioning of the data is NP-complete (Hyafil and Rivest 1976), so it is
common to use the greedy procedure shown in Algorithm 6 to compute a locally optimal MLE.
This method is used by CART, (Breiman et al. 1984) C4.5(Quinlan 1993), and ID3 (Quinlan 1986),
which are three popular implementations of the method. (See dtfit for a simple Matlab
implementation.)

The split function chooses the best feature, and the best value for that feature, as follows:

(j∗, t∗) = arg min
j∈{1,...,D}

min
t∈Tj

cost({xi, yi : xij ≤ t}) + cost({xi, yi : xij > t}) (16.5)

Figure 3.2: Trees illustration. A regression tree of two inputs (Murphy, 2012)

Some advantages of Classification and Regression Trees (CART) models, which also
contributes to their popularity, is that they are relative easy to interpret and good at
handle a mix of discrete and continuous inputs. Moreover, they are robust to outliers
and scales well to large sets of data. Some weaknesses are that the performance is often
weaker to that of other models. A problem is also that the model can be unstable;
meaning that small changes in input can have large effects on the model structure; thus
resulting in high variance. There are ways of dealing with this and one technique is
called bootstrap aggregating, known as "bagging". The idea is to average together many
estimates to reduce the variance, however, this can result in highly correlated predictors
that limits the amount of variance reduction that is possible. To deal with this, the
technique of Random Forest is used, where the aim is to decorrelate the base learners
by training trees on randomly chosen sets of input variables. Another technique that is
mentioned frequently is Boosting, which is described as a algorithm for ABMs to generate
weak learners and base learners. The idea is to expose the weak learners sequentially to
weighted versions of the training data. Boosting is often used for CART models and has
been proven to perform well for different applications (Murphy, 2012).

Artificial Neural Networks

Researchers and data scientist have been interested Neural networks (NN) for many
decades, it is the desire to understand the brain, and to build learning machines that
are inspired by the structure of neural networks in the brain. Therefore, the NN is
thought of as a technique of computation which is inspired by the structure of neural
networks in the brain. Typically, it consists of a large number of basic computing devices
which is called neurons that are connected to each other in a network of communication.
The feed-forward NN, also referred to as the multi-layer perceptron (MLP), is a series of
logistic regression models stacked on top of each other, with the final layer being either
a logistic regression or a linear regression model, depending on what problem what is the
aim for solving (Murphy, 2012; Shalev-Shwartz & Ben-David, 2014).
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230 Neural Networks

That is, the input to vt+1, j is a weighted sum of the outputs of the neurons in Vt that
are connected to vt+1, j , where weighting is according to w, and the output of vt+1, j

is simply the application of the activation function σ on its input.
Layers V1, . . . ,VT −1 are often called hidden layers. The top layer, VT , is called

the output layer. In simple prediction problems the output layer contains a single
neuron whose output is the output of the network.

We refer to T as the number of layers in the network (excluding V0), or the
“depth” of the network. The size of the network is |V |. The “width” of the network
is maxt |Vt |. An illustration of a layered feedforward neural network of depth 2, size
10, and width 5, is given in the following. Note that there is a neuron in the hidden
layer that has no incoming edges. This neuron will output the constant σ (0).
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20.2 LEARNING NEURAL NETWORKS

Once we have specified a neural network by (V , E,σ,w), we obtain a function
hV ,E,σ,w : R|V0|−1 → R|VT |. Any set of such functions can serve as a hypothesis class
for learning. Usually, we define a hypothesis class of neural network predictors by
fixing the graph (V , E) as well as the activation function σ and letting the hypothesis
class be all functions of the form hV ,E,σ,w for some w : E → R. The triplet (V , E,σ )
is often called the architecture of the network. We denote the hypothesis class by

HV ,E,σ = {hV ,E,σ,w : w is a mapping from E to R}. (20.1)

That is, the parameters specifying a hypothesis in the hypothesis class are the
weights over the edges of the network.

We can now study the approximation error, estimation error, and optimization
error of such hypothesis classes. In Section 20.3 we study the approximation error
of HV ,E,σ by studying what type of functions hypotheses in HV ,E,σ can implement,
in terms of the size of the underlying graph. In Section 20.4 we study the estimation
error of HV ,E,σ , for the case of binary classification (i.e., VT = 1 and σ is the sign
function), by analyzing its VC dimension. Finally, in Section 20.5 we show that it
is computationally hard to learn the class HV ,E,σ , even if the underlying graph is
small, and in Section 20.6 we present the most commonly used heuristic for training
HV ,E,σ .
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Figure 3.3: ANN illustration. A layered feedforward NN of depth 2, size 10, and width 5.
(Shalev-Shwartz & Ben-David, 2014)

The idea of NNs is that many neurons can be joined together by heavily intercon-
nected communication network, which let the network run with a certain complexity. It
is described that the neurons receives inputs, that of a weighted sum, of the outputs of
the neurons connected to its incoming edges. It is common to simplify the description
of the calculation that the network performs and depict that the network is organized in
layers. It is called input, hidden and output layer which can be seen in Figure 3.3, in this
example, which is common for simple prediction problems, the output layer contains a
single neuron whose output is the output of the network (Shalev-Shwartz & Ben-David,
2014).

3.2.3 Predictors of Power Production

According to the power equation (2.1), a forecast model should consider wind speed, wind
direction, temperature, air pressure, and humidity (Li et al., 2022). The relationship
between the power output of a wind turbine and the weather condition is correlated with
foremost wind speed and air density, as according to:

P =
1

2
∗ Cp ∗ ρ ∗ A ∗ U3 (3.1)

Where P is the power output of the wind turbine in Watts. Secondly, according to
Betz Limit, which is the theoretical limit of how much kinetic energy a wind turbine can
convert to mechanical energy turning a rotor, a wind turbine can extract up to 16/27 of the
power (Emeis, 2018). This makes the theoretical maximum of Cp (the power coefficient)
to be 16/27, or about 59 %. The turbine never reaches this maximum and there are
other losses for example in the drive train. The turbine power coefficient is also related
to temperature and humidity in operation. The efficiency of a wind farm, where turbines
typically are clustered in an array, is also affected by the wake effects of turbines insides
the array and the power output can have a strong relationship to the wind direction.
Additionally, it is also confirmed that farm to farm wake affects can have an impact on
the AEP. ρ is the air density, typically a minor contributor to the power production but
has an impact on the aggregated production when looking at the winter months and
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warmer summer. Additionally, at high altitudes where the air density declines it starts to
make a significant difference. A is the circular area that is swept of the turbines rotating
blades, therefore A = πr2 where r is the radius of the rotor and will have a large impact
on the power production. U is the wind speed, and of course, the cubic relationship to
the power production will have a significant impact as well.

When training a model, the information that could be useful when utilizing a ML
method for power prediction is investigated in several studies. Ogliari et al. (2021) uses a
ANN with the hourly average values of ten variables: date and time, temperature, thermal
zero, pressure, relative humidity, wind speed and direction, cloud cover percentage, pre-
cipitation quantity and air density. Similarly, He et al. (2022) analyses the correlation of
NWP factors to wind power production and found that the 6 meteorological factors with
highest relevance are: wind speed 100 m, humidity, wind direction 100 m, temperature,
sea level pressure and momentum flux.

The effect of turbulence as a predictor is investigated by H. Chen et al. (2021), where
the use of turbulence intensity for ultra-short-term predictions of wind power and speed by
using different ML methods with data from a wind farm in complex terrain the Norwegian
Arctic region. However, turbulence intensity did not statistically contribute to wind power
or speed forecasts in this case. Nevertheless, both loads on the structure of the turbines
and power output increases with increasing turbulence intensity (Türk & Emeis, 2010),
making turbulence an interesting factor to consider when looking at the production of a
wind farm. Nielson et al. (2020) tries different MLmethods to improve a site-specific power
forecast in Iowa, USA. The model that performed best was an ANN using wind speed, air
density, Richardson number, turbulence intensity and wind shear as input parameters into
a ANN model to forecast the power production. However, Suárez-Cetrulo et al. (2022)
identifies that the addition of pressure or humidity into the ML models in their study had
negligible effect.

Wind ramp events (when wind speeds changes fast due to a frontal passage or low-
level jets and other weather phenomenon’s) is a challenge to electricity balancing because
of the potential surge of power going into the grid. These weather events are typically
difficult for NWP models to predict well (Warner, 2010). Research has been made for
low-level jets over the Baltic sea (Tuononen et al., 2017; Hallgren et al., 2020) and it is a
common phenomenon during spring and summer.

3.3 Wind Power Forecasting

There are several companies delivering wind power forecasts today and studies have been
made on how to evaluate suppliers and companies delivering wind power forecasts. Foley
et al. (2012) claims that choosing the right NWP model is a critical step in wind power
prediction. Furthermore, the authors state that the selection criteria should include ge-
ographical area, resolution (spatial and temporal) and the forecast horizon, as well as
the accuracy, computational time and number of runs. When utilizing the NWP models
the time-scale should suit the use-case. The use-case for the wind power forecast can be
different regarding who is the user of the forecast, which can be TSOs, DSOs, traders
or wind farm operators. Therefore, it is important to evaluate the setup of the forecast
based on the use-case (Messner et al., 2020). That both underlying models and intended
use-case are important to consider seems intuitive, what metrics and how is described
in the sections below. Firstly, a presentation of how a wind power forecasting system
operates then how models are assessed is explained.
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3.3.1 System Operation

The operation of a power system with variable production needs forecasting applications
in order to plan the production properly. According to IRENA (2019), effective VRE
forecasting is crucial at system operation level, especially when there is a high penetration
level of wind and solar resources in the grid. Forecasting reduce the uncertainty and
helps planning traditional power producers to better know when there will be a need for
ramping up and down the generation. Furthermore, forecasting errors range from 3 % to
6 % (an hour ahead) and from 6 % to 8 % a day ahead. This is put into comparison with
the errors for forecasting the load which typically range from 1 % to 3 % a day ahead
Lew et al. (2011). When discussing the forecasting performance with industry experts,
the typical forecasting error is about 10 % on the day-ahead and 5 % on the intra-day
(Personal communication with VF). When using an ensemble of wind power forecasts or
ensemble NWP model, the mean of several forecasts always outperforms one forecast, and
the mean error can typically be 1 % less. Furthermore, when you have a large portfolio,
the errors tend to cancel out each other and about 1 % lower error rate is reached on a
larger geographically distributed installed capacity of wind energy. Finally, if you have
a feedback loop from the metering data, the error can typically be cut in half, at least
for the first few hours until dispatch. One conclusion that can be made when comparing
the load forecast percentage errors to that of the power prediction is that even minor
improvements in forecasting could potentially have big impacts.

When a forecasting error has the largest potential impact is related to the power
curve. According to Holttinen et al. (2013) the power curve of a wind turbine is a strongly
nonlinear process. Because of the cubic relation of windspeed to power output (Equation
3.1), a forecasting error in the region where the power curve has the steepest slope will
also be the region that the error in a forecast has the highest impact on the power output.
Likewise, when the windspeed is approximately below 4 m/s and higher than 10 m/s the
conversion relationship is not as large. Then a change in windspeed causes smaller changes
in power output. With moderate wind speeds and an average national capacity factor of
30 % (Gustafsson & Pierre-Jean Rigole, 2017), the importance for wind power forecasting
in Sweden could be considered higher when operating more in the middle area of the
power curve. However, several other reasons is important to consider such as balancing
power and grid capacity.

System Integration

To have an efficient operation of the wind farm, system integration to the wind power fore-
casting have to work correctly. According to (IEA, 2019a), there is usually a connection
to the wind turbine unit’s SCADA (Supervisory control and data acquisition) system. A
data flow of measurements and other production data from the power plant needs to be
established to the forecast provider and a data flow process is established. In figure 3.4,
an overview of the typical flow of information in a forecasting solution is illustrated.

When training a new model, historical data of the wind farm is needed to assess the
power output at certain wind conditions. According to enercast (2020) this historical
data is typically the metering data of the wind farm, the availability is also important
due to that the model will be trained in basically looking at the correlation between the
wind speed and the metering data. If the wind farm was shut down due to maintenance
or curtailed due to some other reason such as turbine failure (availability), planned and
non-planned maintenance, curtailment due to grid constraints and curtailment due to
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IEA Wind Task 36 Recommended Practice on Forecast Solution Selection: Part 1

Almost all current solutions have a structure that is a specific configuration of this 

general framework. The variations among potential solutions are typically related to 

the  type  (i.e.  specific  method  formulations)  and  number  of  instances  of  each 

component that is included in the solution. For example, a particular solution may 

use output from many government-center NWP models while another solution may 

employ the output from only one government-center NWP model.  

Another example is  the type of  statistical  models used for the MOS component 

(which is intended to reduce systematic errors in the NWP output). One solution 

may use a traditional multiple linear regression approach for this purpose while a 

different provider might utilize a sophisticated machine-learning model such as an 

Artificial  Neural  Network (ANN) or  a  combination of  statistical  methods.   These 

system design decisions play a major  role  in  the determination of   how well  a 

particular  solution  is  able  to  meet  the  requirements  of  a  specific  application. 

Therefore, it is valuable for the user to attempt to gather information that provides 

an understanding of design differences among alternative solutions.
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Figure 1: High-level overview of the components and data flow of a typical state-of-the-art forecasting  

solution.

Figure 3.4: High-level overview of a typical state-of-the-art forecasting solution (IEA,
2019a)

environmental constraints (shadow flickering, noise, avian animals). To properly evaluate
the actual forecast quality, these events have to be filtered out before (IEA, 2019c). this
data needs to be filtered out so that the forecast model can optimize accordingly.

Security Aspects

Improved forecasting techniques for renewable energy generation are important for proper
operation of VRE based smart grids. However, there are suggestions that the IT in-
frastructure with regard to reliability and system security should be assessed. When
evaluating the forecast provider, IEA (2019a) recommends that the IT infrastructure is
evaluated together with the forecast solution and methodology. The reason is that the
IT infrastructure could be a limiting factor in later stages of development. However, the
past generation of Internet technology is not sufficient in handling the increasing amount
of data and new technologies are needed and cyber-security will be more important, es-
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pecially in the energy systems application, due to the higher dependence on electricity
by society (Hossain et al., 2019). Especially recent events in the world such as the war
in Ukraine makes the security aspect more relevant than ever. The reliability of power
systems must be kept at a high level with redundancy to be resilient against failures.

3.3.2 Quality and Evaluation

To critically assess the technology, some key performance indicators should be considered.
According to IEA (2019c), the process of standardization of forecast evaluation only just
started in the community. As of now, there is a second edition pre-print recently published
by the IEA (2022) which includes includes four areas: Part 1 Ed.2 : Forecast Solution
Selection Process, Part 2 Ed. 2: Designing and Executing Forecasting Benchmarks and
Trials, Part 3 Ed. 2: Evaluation of Forecasts and Forecast Solutions and Part 4 Ed. 1:
Meteorological and Power Data Requirements for real-time forecasting Applications

The aim for the IEA forecasting task is to maximize the value of VRE forecasting
information for the decision making in operational settings. In the end, it is not only the
accuracy of the forecast that will impact the management costs. The ability to maintain
an effective strategy when using the forecast information is also a key factor to creating
value from the forecast (IEA, 2019b).

Forecast Evaluation

To maximize the forecast accuracy, the deviation of the meter data to the forecast need
to be systematically minimized. According to (IEA, 2019c; Messner et al., 2020), quanti-
tative evaluation methods are important to be able to objectively rank different forecast
models. Typical choices are stated to be the root mean squared error (RMSE), the mean
absolute error (MAE) or the quantile score. In a similar fashion, enercast (2020) presents
Normalized Bias (nBIAS), Normalized Mean Absolute Error (nMAE) and Normalized
Root Mean Square Error (nRMSE) in their white-paper. Furthermore, the relevant key
performance indicator (KPI) may vary depending on the application. There are typically
two ways of normalizing the error, by dividing the error with the installed capacity or
dividing the forecast error with the power production.

Resolution and time horizon regarding Power Forecasting

There has been some development in terms of classification of the time horizon in recent
years. Soman et al. (2010) stated that the time-scale classification of wind forecasting
methods are vague but can be separated into these categories: Very short-term (less than
30 minutes ahead), Short-term forecasting (30 - 6 hours ahead), Medium-term forecasting
(6 h - 1 day ahead) and Long-term forecasting ( 1 day - 1 week ahead). Over the past
decade, there seem to be some changes in the classification, as the IEA (2019a) published
a best practices guideline suggesting five types of forecast horizons that are being used in
the energy industry:

1. Minute-ahead forecasts or now-casts (0-120 min)

2. Hours-ahead forecasts (0-12 hours)

3. Day-ahead forecasts (0-48 hours)
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4. Week-ahead forecasts ( 0-168 hours)

5. Seasonal forecasts (monthly or yearly)

Noted what is mentioned in Section 2.1.1 that minute ahead and hours ahead forecasts
suit the intraday power market and the day ahead forecasts naturally is used for the day
ahead auction.

3.3.3 Uncertainty in Forecasting

From the human perspective, the motion in the atmosphere is inherently irregular. There-
fore, assessing the uncertainty in a wind power forecasts has been suggested (Haupt et
al., 2019; Möhrlen et al., 2022). However, the use of probabilistic (i.e., handles the ele-
ment of uncertainty) forecasts in the in the industry is limited. It is suggested that one
reason is the lack of case studies, standards and guidelines (Haupt et al., 2019). To try
the use of probabilistic forecasting Möhrlen et al. (2022) developed a game that simulates
the process of energy trading for an offshore wind warm and a wind farm in complex
terrain. The player gets information from deterministic or probabilistic forecasts and gets
to take a risk in how much of the production that can be auctioned on the spot market.
According to the authors, the results points that the energy industry has understood the
need for uncertainty estimates energy trading. However, it is slow to incorporate in the
daily work. There are other sources of uncertainty, such as the turbine behavior which is
visited in the next section.

Turbine Operation and other Error Sources

Controlling wind turbines is not exactly a high accuracy process. The spread in actual
production can be quite large compared to expected production, i.e., it is not always the
case that production follows the power curve, even if the turbines run at full capacity. The
theoretical power curve, given by the manufacturer of the turbine, can be quite different
from the production (Mehrjoo et al., 2020). In their paper, the authors try different curve
fitting methods for turbines in a wind farm in Canada, there are however more factors
that could impact the power production explained by Equation 3.1. But also, how the
turbines are programmed to shut down when reaching high wind speeds and different
types of curtailments could impact the power production.

The overall error is expected to happen for medium wind speeds. The study of Hep-
pelmann et al. (2017) looks at a normalized wind power bias of 89 wind farms in Germany
for one year. The wind speed to power conversion is done with statistically derived power
transformation curves. The relationship says that a change in wind speed of 1 m/s at
around 11 m/s results in a power forecast error of 11 %. An amplified forecast error in
the mid-range of the power curve is also suggested by Hallgren et al. (2021), looking at
the theoretical production an offshore site in the Baltic sea.

A model is not better than the data that is fed into the model. Revisiting Section 3.3.2,
the turbine availability can be considered have impact on the model. Turbines is shut
down for maintenance and other reasons can be power outs of failures. When it comes
to maintenance of turbines, it is often planned and it is possible to catch these events.
However, it is different systems that are used and considerable efforts is needed to con-
catenate the data. The NWP models are typically run two to six times every 24 hours,
which will impact the models and how they fit the intended use-case. In conjunction to
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NWP runs 3.1.1, a timeline when uncertainty is expected to increase can undoubtedly be
considered. The spacial resolution of NWP models can also be a source of uncertainty
in the model, what level of resolution the models that are considered have, but also how
many grid points that covers the wind farm to the fact of how many grid points that are
used in the model.

3.3.4 Commercial Power Forecasting Companies

A number of available power forecasting companies are active on the market. Table 3.3
illustrates a sample of the established companies active in the field. The range from
global companies such as International Business Machines Corporation (IBM) and Det
Norske Veritas (DNV) to companies that are spin-offs from academic projects such as
Cambridge Environmental Research Consultants (CERC) and the danish Enfor makes
for an interesting combination of companies in the field.

Table 3.3: Companies supplying wind power forecasts

Company / System name Origin Founded

DNV / Forecaster (Dnv.com, 2021) Norway 1864

enercast / e3 Engine (enercast, 2020) Germany 2011

Enfor / WindFor (Enfor.dk, 2021) Denmark 2006

IBM / WSI RenewX (Ibm.com, 2021) USA 1911

Meteomatics (Meteomatics.com, 2021) Switzerland 2012

Meteodyn (Meteodyn.com, 2021) France 2003

3.4 Summary

This chapter has covered the use of NWP models in relation to wind power forecasting.
NWP models have a considerable impact on society today and is central when predicting
the future output from wind generated electricity. In Section 3.1 the modeling is explained
and what uncertainty or errors that are expected to come from the modeling of the weather
are mainly related the resolution of how the models can be run and the discretization of
the atmosphere will not be a perfect representation of the world. Furthermore, how
the physical process is parameterized is simplified for very necessary reasons related to
foremost computational cost. Then in Section 3.2, the basic theory of statistical analysis
through ML is visited. Two models that are suggested to have a good performance
in forecasting wind power is presented. Also, the main predictors from the theory are
explained and why they should be incorporated in the models. Finally, in Section 3.3
naturally the first two subjects are connected and the state of the art in forecasting
together with the industry is covered. Typical evaluation metrics and overall forecasting
procedure is later on applied in the case study.
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Chapter 4: Methodology

This section introduces the composition and source of the data used to in this study.
That is, the NWP model that was chosen for the study and the metering data that was
available. Moreover, a description of the methods that were applied in the later sections.

4.1 Materials and Data

The wind farm Stugylparken S1 (Figure 4.4) was chosen to be of focus in this study,
several reasons make the wind farm interesting. Mainly it has a relatively large rated
capacity of 27 MW, compared to the total installed capacity on Gotland of 180 MW,
subsequently it stands for 15 % of the installed capacity on the island. Furthermore,
sources that could be used for load-shedding are roughly outlined by Lidström et al.
(2018) where the some loads that could be suitable for a local flexibility electrical market
are industrial machinery, heat pumps and district heating. Therefore, the capacity of 27
MW by Stugylparken is in parity to the loads that can be on the local flexibility market.
Furthermore, a few (4-6) MW of electricity production could potentially be important
in the local grid with respects to the limit of the contract between the DSO and TSO.
Especially important on cold winter days when low wind days is pushing the limits of
the electrical system. Additionally, the wind farm setting is a near-shore, which enables
a great wind resource, but also the location is potentially exposed to wind ramps which
can be interesting in this study.

4.1.1 Wind Farm and Turbine Type

Stuylparken consists of nine Vestas V90 3.0 MW wind turbines. Vestas describes the
turbines to be suitable for medium wind speed sites. The International Electrotechnical
Commission (IEC) has a standard for wind turbines with regard to the wind speed class
that the turbine construction must withstand, according to Vestas the turbine can be
delivered for IECIA and IECIIA, which is high and medium wind speed sites.

Cut-in, rated and cut-out wind speed are 3.5, 15 and 25 m/s respectively, the theo-
retical power curve on different modes can be seen in Figure 4.2. The blades are 44 m
long and the rotor has a diameter of 3.85 m when installed, together this gives a rotor
diameter of 90 m which gives a swept area of 6,362 m2. The gearbox if of the type two
planetary and one helical stage, which connects to a 4-pole doubly fed generator which
produces 3,000 kW of power at nominal wind speed. The control of the turbine is variable
speed control and pitch by three separate hydraulic pitch cylinders. The weight of the
major components, nacelle: 70 t, rotor: 41 t and tower 160 t (80 m) (Vestas, 2007, 2013).

Information on the total height of the turbines can be gathered from Vindbrukskollen
(2022); S1 is the lowest turbine of 1.5 m above sea level and S6 is on the highest ground
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Figure 4.1: Stugylparken, a near-shore wind farm of nine Vestas V.90 3 MW turbines on
Näsudden, Gotland, figure attained from Vindbrukskollen (2022)

of 6.37 m. The average height of the turbines is 4.3 m above sea level. The AEP of all
individual turbines is 8 GWh respectively. However, the measured AEP is highest for
S5 of 9.46 GWh and lowest for S7 8.21 GWh and the measured AEP is average 8.86
GWh Slitevind is the single largest owner (37,5 %) of the wind farm since 2021 when
the company acquired additional shares in the wind farm and the asset manager is Eulus
(Eolusvind.com, 2020; Nasdaq.com, 2021; Slitevind.se, 2022)

4.1.2 The AROME Model

Application of research at the operational mesoscale (AROME) was used this study. The
model is an operational forecasting model run by the Norwegian Meteorological Institute
for short range weather forecasting in Scandinavia and the Nordic seas (Bengtsson et
al., 2017), most of the domain can be seen in Figure 4.3 (a). The model has available
historical data from November 2016. The model is run on a high resolution of 2.5*2.5 km
and 65 vertical levels.

Before February 2020 the model, MEPS (MetCoOp-Ensemble Prediction System), ran
four times daily (00,06,12,18) and had 10 members. Model code based on HARMONIE
cy40h1.1 (MET.Norway, 2022) . Member 1 of the ensemble was downloaded in this study.
The boundary conditions are from ECMWF and initial conditions are based on the scaled
lagged averaged forecasting (SLAF) method, which is a strategy to create dynamically
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Figure 4.2: Vestas V.90 3.0 MW power mode curves attained from EMD windPRO 3.0

growing perturbations without extra computational cost (Ruiz et al., 2009). However,
the model was updated in February 2020 (Hallgren et al., 2021) and it could affect the
performance of the model after that.

4.1.3 Gathering and Initial Analysis of the Variables

Metering Data

Metering data were provided by GEAB in MS Excel format for each turbine. The data
is the production i kW for one full hour or operation. The metering data were missing in
some parts, but the data series had a reasonable high availability, see S1-S9 in Figure 4.9.
Firstly, a filtering in Excel was made to sort out times where the metering value did not
fit the quality. In the system the metering value for one hour can appear as a calculated
value, no value, manually read approved value or an automatic read and approved value.
To assert consistency of the data, a filtering was made only to include the automatic read
and approved values. In the next step, the files were imported to the Matlab workspace
and run through a script that sorted out all the days or individual hours that was missing.
This was done in order to align the turbine data with each in order to make a summing
of the individual turbine metering data and later compare it with NWP data. Also, as
the time zone is different to that of the NWP data, the time was shifted from UTC +1
UTC +0.

A manual inspection was made of the data, because it should be noted that metering
data could be available, but the turbine could be out of service, refer to Figure 4.4 for
an example. Therefore, the farm output would be wrong. Therefore, a manually visual

24



(a) AROME Domain (b) Gotland and grid points

Figure 4.3: The AROME domain (a) coverage is for Scandinavia and the Baltic Sea region,
x marks the wind farm, (b) Gotland and Stugylparken wind farm marked in red together
with the closest AROME grid point that was used in the study marked in black.

inspection was made and a decision was made to throw away parts of the data when
it is obvious that one or more turbines have the faulty metering signal. However, it
is not possible to assess if the turbines were shut down due to cut-out wind speeds or
maintenance. Other possible causes could be other failures or power-outs, either of these
were able to be identified. Additionally, the turbines could be run on different power
modes (see Figure 4.2 and 4.5) for several reasons such as noise curtailment or wake
management, these instances were not either investigated further. The total available
data for the metering data is 97 % (S(ALL)) and after manual inspection another 5 %
of the data was deemed to be inconsistent, therefore 92 % in total marked as S(MAN) in
Figure 4.9.

Numerical Weather Prediction Data

The gathering of NWP data was a time consuming operation. A script was made to
download data and it had to open large data files (average size of 43 GB prior to 2020,
and 70-80 GB after February 2020) which made downloading time consuming for the five
years of data that was gathered. With 24 hours of data for five years, roughly 2400 TB
of data had to be handled by the downloading script. To make the script run more stable
the cloud version Matlab was used for downloading, with the strategy that the process
run from server to server instead from a laptop, ruling out some potential error faults such
as unstable internet connection or problems with the personal computer. Afterwards, the
files containing NWP data that was used only had the size of 8.8 MB because only a few
variables were used from the model.
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Figure 4.4: Stugyl turbines, manual inspection was made to sort out times when one or
more turbines had a metering value of 0 when the majority of turbines had a production

The grid point that was closest to the wind farm was used in the study and is showed
in Figure 4.3 (b). The resolution of the grid AROME is also visible Figure 4.3 (b) with the
smaller dots representing the model grid points. As the model has 65 vertical levels, the
height of the levels in the model will depend on pressure and temperature and therefore
vary with the time step. The height was calculated for four levels to cover the height of
80 m. An approximation to the ideal gas law and the hydrostatic equation was used to
calculate the heights of the layers. Then the height of 80 m was interpolated from the
four layers to store the data for that height.

As explained in Section 4.1.1 the average hub height of the turbines would be 84.3
m. However, the calculated height of the layer will have some variability, also the point
represents a 2.5*2.5 km area in the grid of the model. Therefore, the difference of 4.3 m
is estimated not to have a significant difference for later calculations. So, u and v wind
vectors for 80 m was gathered from the model, corresponding to the hub height of the
turbines in the wind farm. Wind speed and wind direction was calculated from the wind
vectors when the data was processed. Turbulent kinetic energy (TKE), temperature and
humidity were downloaded from the model height as well.

Some dates were not available to be downloaded, the reason for the missing dates in
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Figure 4.5: Metering data example, turbines could have been on different modes

the model could depend on model run failure. Altogether, the availability was rather high
and a sufficient amount or data could be extracted. The same script was used as for the
metering data and sorted out all the days or individual hours that was missing. And so,
97 % of the five years of NWP data was gathered in total marked as AROME in Figure
4.9.

The overall standard descriptive statistical values for the five years of data that was
extracted from the model are presented in Table 4.1. One can note that the maximum
average wind speed hourly only reaches a little bit above 25 m/s, therefore the turbine
model would not reach cut out wind speed, therefore there can be no expectation that
the model can predict instances where turbines are shut down. The frequency of wind
speed and wind direction are presented in Figure 4.7, in (a) the wind speeds for the area
can be seen and a slightly higher frequency for the direction (b) 200 to 300 can be seen
corresponding to south to west which can be expected. The frequencies of wind speed
and wind direction can be combined into a wind rose diagram as seen in Figure 4.8. A
closer look reveals that the wind rose is shifted more to the SW and higher wind speeds
are more common for that wind direction too.
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Figure 4.6: Metering data where turbines is experience wake effects from turbine in upward
wind direction, in the graph it can be seen that turbines produces differently regarding
the wind direction. The layout of the WF to right is orientated in the north direction.

Table 4.1: AROME model data that used in the study, standard statistics used to explain
the data

Wind Speed Wind Direction TKE Temperature Specific Humidity
(m/s) Degrees North (m2/s2) (C) (kg/kg)

Max 25.24 360 8.65 27.7 0.0056
Mean 8.15 182 0.67 8.7 0.0169
Min 0.05 0 0.00 −10.1 0.0009
Std 3.83 104 0.72 6.8 0.0025

Variables

Section 4.1.3 describes the data gathering process, a summary of the variables that was
used in the analysis:

• Date, YYYY:MM:DD-HH:MM:SS, (Hourly resolution was used for all data)

• Wind Speed, (m/s)

• Wind Direction, (Meteorological degrees 0-360)

• Turbulent Kinetic Energy (TKE)

• Temperature, (Celsius)

• Humidity, (m2/s2)

• Metering Data, kilo Watt hour (kWh)
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Figure 4.7: Wind speed and wind direction frequency histogram for Näsudden 2017-2022

Above is the baseline variables that was used for the analysis. The selection was made
on a large part what can be expected to have an impact based on Equation 3.1 and what
has been tried in other studies presented in Section 3.2.

Data Availability

The NWP data that was used for this project is publicly available from MET Norway:
https://thredds.met.no/thredds/metno.html. The metering data is not available and
is strictly the company property of GEAB.

Population and Sample

The wind farm data is available since the turbines are built. Most of the turbines were
finished in 2011 and a few were finished 2012, therefore over ten years of metering data
was available for the wind farm that is used in this study. The NWP model AROME has
historical data publicly available from 8th of November 2016 and forward. There has been
an update to the model in February 2020, but the significant difference in the accuracy
is not expected to have an impact in this study due to higher uncertainty of turbine
performance. For the years 2017-2020 data from the old AROME model was used, from
February 2020-2022 the new data was used.

4.2 Methods and Analysis of Data

Section 3.2 outlined the theory of ML and the models that is suggested to be successful in
making a wind power forecast. Mathworks Matlab R2021b is the software that was used
to perform the majority of the work in this project. The Regression Learner (MathWorks,
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Figure 4.8: Wind rose for Näsudden 2017-2022 based on wind speed and wind direction
at 80 m from the AROME data

2022) lets the user train various models to predict data, both supervised and unsupervised
ML methods are supported. A process chart of the study is presented in Figure 4.10. The
ML model Ensemble Trees and ANN will be tried in this study and a comparison to the
manufacturers power curve.

4.2.1 Power Curve

A straightforward way of predicting the power production is to use the power curve of the
turbines and mapping wind speed to power output. This was done for the default mode
of the turbine model in the wind farm that has been shown in Figure 4.2. Since the curve
is only available for every integer of wind speed, linear interpolation was done between
the data points.
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Figure 4.9: Availability of data, metering data after manual inspection is at 92 %, should
be noted that metering data is available but the turbine could be out of service.
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Figure 4.10: Main process of the study

4.2.2 Ensemble Trees

The regressions tree ensemble is a predictive model that work on a weighted combination of
multiple regression trees, there are several options for combining multiple regression trees
to assess the predictive performance such as boosting, or random forest in the Statistics
and ML toolbox Regression Learner app (RL) in Matlab (MathWorks, 2022). Therefore,
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the RL app is used in the study to find the best model that fits the data that is used.

4.2.3 Artificial Neural Network

The NN models that are available in the RL app are fully connected feedforward NNs.
There is the the options to adjust the size of the layers and to change the activation
functions of the layers (MathWorks, 2022). Therefore, the RL app is used to assess the
number of layers, neurons and activation function that has the best performance on the
data.

4.2.4 Expected Outcome of Study

When it comes to practical ML methodology, being aware of what model suit the appli-
cation and how to monitor the response of the predictors in order to approve the model
is important. Goodfellow et al. (2016) recommends the following practical task in the
process; determine the goal i.e. what error metric to use and the target for that error
metric. Secondly, establish a end-to-end pipeline in an early stage and how to estimate
the error metrics. Also, diagnose the model with regard to bottlenecks, corrupt data
or poor performance due to under or overfitting. At last, continuously look for better
performance by iteratively, for example, gather new data and adjust the hyperparame-
ters. Furthermore, Goodfellow et al. (2016) state that it might be tempting to try several
different algorithms, but it is often better to gather more data. Finally, the error we
expect the ML models to have in this is never going to be on the low end, due to what
is explained in Section 3.1 the weather has an inherently varying behavior, therefore the
data will have a intrinsic stochastic characteristic to it.

In this study, two models that is found to be useful both by theory and by other
case studies will be compared. The aim is to see what the performance is compared with
a power curve mapping of wind speed to power. Furthermore, what is the site specific
RMSE error of the forecast and to what uncertainty the power output of the Stuylparken
wind farm can be predicted.

4.2.5 Evaluation Metrics

As explained in Section 3.3.2 the evaluation metrics that are commonly used are defined
in this section. The mean squared error is the square of the RMSE, both variations is a
statistical metric used when assessing model performance (MathWorks, 2022), the RMSE
is defined:

RMSE(y, ŷ) =

√√√√ 1

nsamples

nsamples−1∑
i=0

(yi − ŷi)2. (4.1)

The MAE is similar to the RMSE but less sensitive to outliers:

MAE(y, ŷ) =
1

nsamples

nsamples−1∑
i=0

|yi − ŷi| . (4.2)

The coefficient of determination often called R-squared compares the trained model
with the model there the response is constant and equals the mean of the training response.
The R2 is widely used and is defined as:
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R2(y, ŷ) = 1−
∑n

i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2

(4.3)

Equations 3.1-3 are defined by (Scikit-learn.org, 2022); if ŷi is the predicted value of
the i-th sample and yi is the corresponding true value for total n samples. The evaluation
metrics will be normalized for the methods that were assessed in this study.

4.2.6 Limits

This study will focus on the forecastability of the wind power production at a given set of
wind farm sites. The study will not investigate the electrical price fluctuations or other
specific market mechanisms.

Large networks in ML requires a certain level of computational power in order to have
a reasonable training time. Today, depending on the application, the approach of training
a NN with a single CPU is considered insufficient and networks of CPUs or using a GPU
is the standard procedure (Goodfellow et al., 2016). In this study, a laptop with 16 GB
RAM and an Intel i5 1.6 GHz eight core processor was exclusively used for computing and
training ML networks. Therefore, limiting the size of the network to have a reasonable
computational time was necessary.
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Chapter 5: Result

First, prediction based on the theoretical power curve of the turbines in the WF is tried.
Then two ML methods are tried.

5.1 Energy Prediction by the Power Curve

The manufacturers power curve of a turbine, often referenced as the theoretical power
curve can be used when assessing the power output from the wind speed. It is thereby
wind speed as the only variable corresponding to a power output. It is often valid for a
specific air density and stratification, the power curve for the different modes has been
shown in Figure 4.2. How the turbines actually performs can have a large impact on
profitability of a wind energy project and is something that is up for the contractual
agreement between the turbine manufacturer and the wind farm owner.

Figure 5.1: The on-to-one fit of AROME wind speed forecast run through the interpolated
theoretical power curve compared with metering data for the validation year

AROME forecast was mapped through the theoretical power curve for the validation
year, a linear interpolation was done for the power curve since only the full integer is
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available for the data of the power curve. The high-level evaluation metrics was calculated
from equations 3.1-3 which gave the result of an RMSE: 3905.7 kWh, MAE: 2586.7 kWh
and the R squared of 0.83.

5.2 Machine Learning Forecasting Case Study

In this section, two ML models that has been suggested from the literature study is tried
and optimized for the test data. All models were trained on the same five predictors
to the same response of data. Cross-validation was used to protect from overfitting, the
number of cross validation folds were set to five.

5.2.1 Case 1: Ensemble Trees

Several different models with different parameters were experimented with in this project.
However, four different ensemble models are presented in this study to facilitate the com-
parison between the parameters and the performance of the models. Simply for com-
parison two standard models were tried together with a suggested model setup, then an
optimized model was made using the RL toolbox in Matlab. As suggested by Goodfellow
et al. (2016), one way of starting when searching for a ML method that suit the use-case
is simply to try what has been successful in similar projects. Hallgren et al. (2021) made
an optimization for a CART model on a similar dataset and the setup that was most
successful was that of 150 trees and MLS of 5. The models were trained on four years of
aligned data and the 1-to-1 graphs can be seen in Figure 5.2. How the models worked on
new data for can be seen in Figure 5.3 where the 1-to-1 is plotted for the validation year.

The optimization was done with a limit of 30 iterations. The ensemble model that
fitted the data best was a model that utilized bagging and a MLS of 1. The number of
learners was 500 and the learning rate was 0.1139.

5.2.2 Case 2: Artificial Neural Network

As stated by several studies (See Section 3.2) ANN models are used for prediction of wind
power and there are several of parameters that can be varied. For a initial comparison,
three standard choices of a ANN was tried, with the activation function ReLu and one,
two and three connected layers with the same layer size of 10. Then an optimization was
done with a limit of 30 iterations in the RL toolbox that suggested a model of one layer
with a layer size of 77 and activation function Sigmoid had the best performance on the
data.
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(a) Validation 1 (b) Validation 2

(c) Validation 3 (d) Validation 4

Figure 5.2: Ensemble Trees, Graphs comparing the fit for the validation by the predicted
and true metering data
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(a) Test 1 (b) Test 2

(c) Test 3 (d) Test 4

Figure 5.3: Ensemble Trees, Graphs comparing the energy production and the predicted
energy production hourly for one year. The performance of the optimized model has a
better 1-to-1 prediction value as can be seen in (d)
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(a) Validation 1 (b) Validation 2

(c) Validation 3 (d) Validation 4

Figure 5.4: Artificial Neural Network. Graphs comparing the fit for the validation by the
predicted and true metering data. As seen in (b) and (c) there seem to be some misfit of
the data, the difference is the depth of the models as compared to (a) and (d) that only
has one layer.
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(a) Test 1 (b) Test 2

(c) Test 3
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(d) Test 4

Figure 5.5: Artificial Neural Network. Graphs comparing the energy production and the
predicted energy production hourly for one year of new data.
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5.3 Summary and Comparison of Evaluation Metrics

When comparing the evaluation metrics of the models that was tried it is seen that the
optimized ANN model had the best score with regard to the training data. The training
time was considerably higher for optimized ANN model which took about 2.5 h compared
to the ensemble trees model of about 20 minutes. However, when trying the model on
the validation year with new data that the models never seen before, it was found that
the ensemble trees models performed considerably better compared to the ANN models,
as can be seen in Table 5.1. The normalization of error metrics is done with the installed
capacity (nRMSE and nMAE).

Table 5.1: Comparisons of the training (a) and validation (b) evaluation metrics, the best
performance is marked in the tables

(a) High-level evaluation metrics for the training dataset

RMSE(kWh) MAE(kWh) R2 Training time (S)

Ensemble 1 3863 2630 0.83 6
Ensemble 2 3756 2502 0.83 13
Ensemble 3 3724 2473 0.83 883
Ensemble 4 3718 2477 0.83 1100
ANN 1 4079 2610 0.80 262
ANN 2 4220 2758 0.78 80
ANN 3 4037 2589 0.80 106
ANN 4 3676 2468 0.83 8795

(b) High-level evaluation metrics for the validation year

RMSE(kWh) nRMSE(%) MAE(kWh) nMAE(%) R2

Ensemble 1 3688 13.7 2567 9.5 0.83
Ensemble 2 2791 10.3 1825 6.8 0.90
Ensemble 3 2463 9.1 1579 5.8 0.92
Ensemble 4 2046 7.7 1303 4.8 0.95
ANN 1 3786 14 2499 14.7 0.82
ANN 2 4284 15.9 2993 11.1 0.77
ANN 3 3833 14.2 2533 9.4 0.82
ANN 4 3510 13 2416 8.9 0.84
Power Curve 3906 14.4 2587 14.4 0.83

On the next page, three different graphs are presented for the data in Figure 5.6. First
(a), a high wind period is shown for January 2022, typically all models are a correlation
to the true production. Secondly, in (b) a period in October with varying production, a
higher variability can be seen. Lastly, in (c) a low wind period in the summer is shown,
at times of low production the models perform reasonably well.
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Figure 5.6: Comparison of the prediction models for three different time of year
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Finally, in Figure 5.7 the models are compared for the full training year. As can be
seen in the figure, the power curve does not have any variability in prediction pattern
compared to the ML methods.
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Figure 5.7: Three prediction models based on AROME, two ML models and the interpo-
lated theoretical power curve compared with metering data for the validation year
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Chapter 6: Analysis and Discussion

In this chapter an analysis of the most promising method is done, then a outlook on the
relevance of the results is made. As can be seen in Table 5.1, the evaluation metrics are
very similar for the training data for all models but on the validation year a considerable
difference is seen for the ensemble models which outperformed totally compared to the
ANN and power curve prediction. The power curve prediction is expected to have the
lowest scores in the comparison, after all, the model was only the mapping of wind to power
of the manufacturers power curve and no simple wake model or precautionary measures
was made. This method probably overestimates the power output systematically. The
higher evaluation scores of the ANNs on the training data in contrast to the lower score for
the validation data could be due to overfitting of the models. Nevertheless, the Ensemble
4 is chosen and looked into further in this chapter because it has the most promising
result.

6.1 Analysis of the Ensemble Model

The optimized ensemble model with a MLS of 1 and 500 learners will be a very flexible
model which can be seen in Figure 5.7 comparing the models. A low MLS will produce a
flexible model, or more prone to capturing noise in the data. The setup for this model has
the highest performance for this application and similar to what is tried by Hallgren et
al. (2021) that the evaluation score is better for a MLS of 1 when assessing wind speed to
power, and an increase of the trees (learners) had the highest impact of up to 50 and only
lower variations when increasing the size over 50. Similarly, the MAE for Ensemble 3 (250
learners) is actually lower than Ensemble model 4 (500 learners) on the training dataset
and the RMSE is just slightly better as can be seen in Table 5.1. However, evaluation
metrics are very similar for the training data for all models and on the validation year
a considerable improvement from model 3 to 4 can be seen and one could say that for
the validation year the ensemble models outperformed totally compared to the ANN
and power curve prediction. Regarding the first case of using the power curve, it would
probably more realistic to calculate the farm curve from the wind farm. However, when
a wind farm is newly built there will not be any metering data, which could be relevant
for that case. To sum up, the performance of the ensemble models is probably reasonable
because of a comparison to what is stated by other studies.

In Figure 6.1 the average MAE for the nine turbines is compared to the manufacturers
power curve. It is clear that the most significant variable impacting the forecasting error
will be that of wind speed, due to that the error will be inherently amplified by the
production curve, the result in line with what has been explained in Section 3.2. In
Figure 6.2 (c) the model error is lower for the prevailing wind direction of Stugylparken
which is south west, probably due to that the turbines spend more time at nominal wind
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Figure 6.1: The highest model error correlates to the "steepest" part of the theoretical
power curve, here displayed for the average turbine of Stugylparken

speed, it could also be an effect that more data is available to be trained on, however
wind speed is probably the most significant factor. In Figure 6.2 (c) the power curve
prediction model is plotted the errors has basically the same shape for the two models,
which indicates that the ML model did not perform well for wake. Although, wind farm
layout is optimized for the wind direction in regard to wind direction and large production
losses due to wakes only happens for a few specific degrees in wind direction and is not
likely to appear in this graphical visualization.

Furthermore, in Figure 6.2 (d) it is clear that the MAE is higher for months with
overall higher wind speeds or variability in the weather. Month 1 is January 2022 which
was indeed a period of varying winds with several low-pressure systems passing over the
region. The finale of the month is the storm Malik that passed Scandinavia on the 29-30th
of January (Smhi.se, 2022) that had a major impact on infrastructure when it made its
way through the area. In Figure 4.4, it can be seen that at least three turbines were
shut down for several hours on the 30th of January, probably because they were reaching
cut-out wind speeds. When loosing a considerable amount of power in a short time is
typically a difficult situation for the DSO and the stability of the electrical grid. Also,
for power traders it is a difficult situation when deciding how much energy to put out for
auctioning when there is the risk for reaching cut-out wind speeds and penalties are the
case.

NWP models typically underestimate small scale phenomenons such as and sea-breeze
circulation due to that it is not resolved in the models. The AROME model has a resolu-
tion of 2.5*2.5 km, which means that the model generally can resolve what is happening
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Figure 6.2: Diurnal cycle, more mixing during the daytime, could increase the forecast
error due to NWP do not model sea breeze circulation that well as can be suspected in
(a) and (b). The prevailing wind direction seems to have a lower error (c). It is clear that
the forecast error will be higher in periods of high winds (d).
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(a) Winter Average Temperature
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(b) Winter Average Wind Speed
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(c) Summer Average Temperature
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(d) Summer Average Wind Speed

Figure 6.3: Diurnal cycle, winter is defined as October to March (a), (b) and summer is
defined as April to September (c) and (d). It is clear that the forecast error will be higher
in periods of high winds. Forecast error seems to increase with time from the model run
at 00 hours
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on a 10*10 km scale. For a NWP model to be more accurate on a smaller scale the com-
putational cost would be too high. This can be suspected impacting the forecastability
of wind resources for Näsudden due to, for example sea breeze in the summer months. In
Figure 6.3 the MAE for each hour of the power forecast is plotted with temperature and
wind speed. As can be seen, overall forecasting error seem to be increasing for the 24-hour
timeline. But also, in summer seem to have a more distinguished error propagation for
the hours of day where sea breeze can be taught to occur. Although, a higher predicted
wind speed is seen, and the error propagation is probably due to a higher wind speed
which is in the wind span where the error due to the power curve of the turbines have the
largest error as seen in Figure 6.1. It could also suggest that two different models could
be tried where one model could be trained with data from the winter months and one
model for the summer months to assess if there is a reduction in forecast error. Even if
the more significant factor will always be wind speed, in theory the NWP should have a
lower accuracy, to evaluate this one would need wind speed measurements from the site
which was not available in this study. It is suggested as further work.

It should be noted that the first hours of the forecast in this case will never be available
for operational use. The AROME model runs with data at 00:00 and will be available
to download a few hours after the model calculation. Therefore maybe the third hour
of model run is available to make wind power forecasts from, which is similar to what is
done in the day-ahead predictions for electricity auctions where there can be a 12 hour
offset between the auction closure and model run, that will make the trader put a bid
based on hour 12-36 in the model for the day-ahead. Naturally forecasting errors will be
higher for that timeline and intra-day trading typically will be required to compensate
for the capacity that is missing or abundant.
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6.2 Outlook and Relevance

When putting it all together, with the aim to forecast the power production of wind
assets, several things should be considered. For example, errors and maintenance could
have a substantial impact on the power dispatch, however, planned maintenance is often
performed in periods of low wind speeds. However, the information that the turbine will
be out of commission has to reach the forecasting system so that power production will be
left out from the forecast. It has a huge impact in an operational setting but could also
impact the training data and how the ML models will perform. After all, when looking
for forecast errors of a few MW, when in fact maintenance is scheduled and another party
knows that the production will be out, will be a significant cause of error in comparison.

Modern low-wind turbines typically promise a higher production at lower wind speeds
and reaching the power output at lower wind speeds. This could impact the forecasting
error significantly due to that the error is much lower when the turbines reach rated
capacity. For wind speeds of say, 10 m/s, turbines would spend a whole lot more time at
rated capacity. Not only will they produce more power at lower wind speeds, but also to
a lower error. Which could impact the energy market if a lower error is seen.

One aspect of going into a higher generation of VRE is that a more flexible electrical
consumption needs to be implemented and accepted. The shift to a more flexible energy
market is already underway and has been for the last couple of years. The option for
having a hourly tariff on your electrical consumption is facilitated by the installation
of new smart electricity meters. Several energy companies have launched products that
lets the private consumer plan and use electricity at times when the spot price is lower.
Especially in houses where the majority of electricity is used for heating (in a cold climate
with electrical heating such as a heat pump) which fits good for a modern house with
a high degree of isolation which gives a high thermal inertia. Also, at home charging of
electrical vehicles are one load aspect that benefits of turning of the charging for more
costly times of the day.

The idea to have local flexibility markets for larger producers and consumers such as
factories is a great initiative. However, there need to be some activity on the flexibility
market. A market that is rarely used does not have the means to become a functioning
market, or a market that the stakeholders believe in and further work is needed to make
the market work properly. For process industries, uptime is of high importance when
you produce in bulk. Generally, to shut down processes and start them again is costly.
Therefore, some processes are more prone to work well for a flexibility market than others.
A large part of the industry is planned to be converted to fossil free energy, that will mean
a large part of electrification will be needed. For example, the iron and steel industry in
northern Sweden is considering huge hydrogen storages for the industry processes where
hydrogen will be the source of energy and replace fossil fuels. Also, for transportation,
electrification is the main trend which will need a lot more electricity.

Without doubt, we are experiencing interesting times right now with regard to the
energy situation of the world. When it comes to the Gotlantic grid, it is somewhat
difficult to compare to other grids, because of the high degree of VRE on Gotland, it
is very specific operation. However, a transition to more VRE in Europe will probably
increase the need to work with flexibility in the electrical system. To cover the energy
need for all times would mean the need for a over dimensioned build-out of installed
capacity, which will not be accepted by the population due to many factors. Since energy
storages are expensive to build and does not yet fit all use-cases, balancing power will
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be important for a long time to come, however more VRE will need storage. Recent
conflict in Europe between Russia and Ukraine has intensified the discussion of energy
dependence in Europe, one way to accelerate energy independence is to create flexibility
markets. The general consensus of the population is that what we already have, we are
entitled to. This is the main problem at hand and the reason why the resources created
by the earth in one year are used up in only haft that time. Systems to distribute the
use of resources are urgently needed and flexible energy consumption is one piece of that
puzzle.

49



Chapter 7: Conclusion

This project set out to investigate the main reasons and factors that leads to forecasting
errors related to wind power assets on Gotland. From theory and the performed case
study, wind speed is the strongest predictor of wind power production, to claim anything
else would be severely inaccurate. However, the main predictors of wind power prediction
are summarized from the literature study, extracted from a NWP model and tried in a
case study for the wind farm Stugylparken on Näsudden, Gotland. The ensemble trees
method was the best model by the evaluation metrics that was chosen. The second-best
performing model was the ANN and prediction by theoretical power curve performed
worse than the standard ML methods what was available in the study. It can be noted
that when assessing what model to choose, it depends on how the evaluation is done and
which metric is deemed most important. The ensemble tree model that was found to have
the best performance gave a normalized RMSE of 7.7 % and a MAE of 4.8 %, which is in
line with the forecast errors that are generally found for the application at hand. When
analyzing the error propagation with regard to the power curve, it was found that the
largest error of about 18 % happens at 10.5 m/s, and the error can generally be 2 % less
at night than at day, which is clearer during the period April-September.

Besides that wind speed will have the most significant impact in all models, models
error seem to have correlation to the diurnal cycle. Which is probably due to higher wind
speeds during the day due to sea-breeze, especially at the period April-September. Higher
forecasting errors correlates strongly to periods of a higher mean wind speed, which is
logical. Times of varying weather will impact the forecastability and larger errors should
be expected. In this project, NWP data of model that is run at 00:00 is used. Therefore,
the forecasting error should be lowest closer to hour 00 because of that is when the model
is closest to the initial conditions, i.e., the real world. However, it seems like wind speed
and diurnal cycle are more significant than the performance of the NWP model.

When it comes to predicting the future power output of wind assets it is expected to
be even more important in the future years. More and larger turbines will lead to larger
ramping of the electrical production, both up and down, which will be challenging for
balancing the electrical grid. Here, flexibility will be more important, now, and in the
future. There are challenges, but also opportunity to have a more efficient use of resources
in our society and lowering the climate impact that our society has on the planet.

7.1 Further Work

The main ideas and suggestions for further work is suggested here:

• In this project, one deterministic NWP model was assessed. It is suggested to use
weighted or an ensemble of forecasts to reduce forecasting errors.
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• Try different ML models, there might be a better performing model that is yet to
be assessed.

• Include more heights form the model to assess if including the stratification over the
rotor of the turbines could impact forecasting errors.

• Include more grid points from AROME or interpolate from a mix of the closest
points and assess impact, a representation of the AROME grid points is seen in
Figure 4.3 (b)

• Train the ML models for each turbine and sum up the error to see if there is a
canceling out effect

• When winds reach the cut-out wind speed of the turbine and several turbines stops
generating electricity it could have an severe impact on the stability of the grid
because of the large gap between rated capacity and zero production. To asses if the
models could predict such cases more parameters could be tried such as maximum
wind gusts from AROME.

• The AROME model was updated in February 2020. In this project it was chosen to
use as much data as possible. However, the ML models could potentially be sensitive
to an update in the predictor data. It would be challenging to make an assessment
of the forecast performance of the AROME model, although it would be interesting
to investigate different lengths of training data would have on the forecast error.

• Would have been interesting to look at the older population of turbines on the
island, to assess if the forecastability of these assets is more difficult due to different
resolution in metering data, mixed hub height, different installed heights of turbines
among others.

• At last, this project has presented a wind power forecasting model with a best
normalized mean average error of 4.8 %. If there is a need for making in-house
forecasting, the models presented can easily be implemented in a graphical user
interface to suit several use-cases.
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