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Abstract 

Wind power has different characteristics compared to conventional energy sources. The main difference is 
that wind power fluctuates under the influence of meteorological variables. This gives rise to problems 
related to grid stability. It is therefore important to understand these variations and their predictability in 
order to improve the integration of wind power into grids. Wind power forecasts play an important role.  
In this study, the accuracy of Numerical Weather Prediction (NWP) wind speed forecasts over the period 
1st Sept. 2013 – 31st Dec. 2016 has been investigated. This was done for four Scandinavian windfarms;  
Rødsand II, Kårehamn, Jokkmokksliden and Storliden.  
 
The NWP used was The Air Pollution Model (TAPM). The main aim of the study was to examine if the 
implementation of bias correction methodologies could improve the accuracy of uncorrected TAPM-
forecasts. In addition to this main aim, the study was also intended to investigate the differences in the 
performance of TAPM between Australian and Scandinavian weather conditions.  
 
The results indicated that TAPM has a tendency to under-predict against actual observations. It was also 
observed that the accuracy varied throughout the year, with the best performance during summer and the 
worst during winter. Additionally, the performance varied between turbines within the wind farms. The 
magnitude of forecast errors was lowest for turbines which experience high degrees of wake effects from 
upstream turbines. Furthermore, the results showed that the implementation of certain bias correction 
methodologies improved the accuracy. The greatest enhancements were achieved by the implementation of 
two correction methodologies, both based on the combination of bias correction and timing correction. 
The NRMSE of wind speed was reduced by almost 50% for “hour ahead” forecasts for Rødsand II and 
Kårehamn when full bias correction was applied and by nearly 70% for Jokkmokksliden and Storliden. A 
reduction in the wind speed magnitude error by as much as half was also reached.  
 
Based on these results, the overall conclusion is that TAPM can be applied for sites with completely different 
weather conditions with moderately good accurateness, especially if bias correction is applied. However, 
due to the limited time frame and other delimitations of this study, further studies are necessary in order to 
draw deeper conclusions.
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   SAMMANFATTNING 

Vindkraft är en förnybar energikälla som skiljer sig på flera sätt jämfört med konventionell 
energiproduktion. Konvensionell produktion avser planerbar och icke väderberoende 
energiproduktion som dessutom är synkront kopplad till elnätet, exempelvis vattenkraft och 
kärnkraft. Den huvudsakliga skillnaden är att energiproduktionen från vindkraftverk är direkt 
kopplad till meteorologiska förhållanden och är därmed beroende av de rätta väderbetingelserna 
för att kunna producera el, framförallt rådande vindhastigheter. Detta innebär att elproduktionen 
varierar på ett oförutsägbart sätt vilket medför att den producerade elkraften från vindkraftverk 
är mindre stabil jämfört med elkraft som utnyttjar konventionells krafttekniker. 
 
En ökad andel variabel elproduktion från vindkraft medför stora utmaningar för det befintliga 
och framtida kraftsystemet. Den främsta utmaningen är att upprätthålla balansen i systemet, både 
i det korta och långa tidsperspektivet. Om inga åtgärder genomförs förväntas kraftsystemets 
utformning och egenskaper att bli sämre i form av ökad känslighet för störningar och försämrad 
leveranstid. En ökad förståelse för vindkraftsproduktionens variabilitet och förutsägbarhet är 
därmed av intresse för att kunna förbättra integrationen av variabel vindkraftsproduktion. 
Prognosmodeller för vindkraftsproduktion (analogt med prognoer för vindhastighet) utgör en 
viktig faktor i detta. I denna studie har noggrannheten av numeriska väderprognoser (NWP) 
analyserats. Analysen genomfördes för fyra skandinaviska vindkraftparker mellan 1 september 
2013 och 31 december 2016. De granskade parkerna var: Rødsand II, Kårehamn, 
Jokkmokksliden och Storliden.  
 
Den numeriska prognosmodell som används i denna studie var The Air Pollution Model 
(TAPM). TAPM utvecklades i Australien och modellen bygger på observationsbaserade 
meterologiska input. TAPM är i själva verket ansluten till globala databaser med struktuerad 
meterologisk data bestående av bland annat terränghöjd, vegetation och synoptisk metrologisk 
information. TAPM har tidigare tillämpats för att förutspå vindhastigheter för ett flertal 
vindkraftparker i Australien och ett antal platser i USA. Inga tidigare studier har dock gjorts för 
scandinaviska förhållanden. Det huvudsakliga målet med denna studie var därmed att undersöka 
huruvida biaskorrigerade metoder kan förbättra noggrannheten av okorrigerade TAPM-
prognoser för de fyra utvalda vindkraftparkerna. Denna studie avsåg även att undersöka om 
prognosernas noggrannhet skiljer sig nämnvärt mellan skandinaviska och australienska 
väderförhållanden.  
 
Numeriska modeller innehåller alltid fel jämför med de ”sanna” värdena. Resultatet av denna 
studie indikerade att TAPM-prognoserna har en tendens att underskatta vindhastigheter, därmed 
även vindkraftsproduktionen gentemot den verkliga produktionen. Dessutom observerades att 
prognosernas noggrannhet varierade under året. Den bästa tillförlitligheten erhölls under vintern 
och den sämsta tillförlitligheten under sommarhalvåret. Vidare varierade prognosernas 
noggrannhet mellan turbinerna inom de enskilda vindkraftparkerna. Storleken på felet i TAPM-
prognoserna var generellt sett lägst för turbiner som utsetts för så kallade vakar. Vakar är ett 
fenomen som uppstår bakom rotorbladen och påverkar energiproduktionen för bakomliggande 
vindkraftverk. Storleken på felet var lägst för turbiner som i stor utsträckning påverkas av vakar 
från turbiner uppströms.  
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Resultatet visade även att implementeringen av biaskorrigerande metoder förbättrade 
noggrannheten av TAPM-prognoserna. Sammantaget undersöktes fyra biaskorrigerande metoder 
varav två uppvisade de största förbättringarna. Gemensamt för dessa två metoder var att de 
baserades på en kombination av biaskorrigering och tidskorrigering.  
  
Olika statistiska metoder användes för att uppskatta storleken av felet för den förutspådda 
vindhastigheten som modellerats i TAPM. Bland annat användes Root Mean Square Error 
(RMSE), Mean Absolute Error (MAE) och Mean Bias Error (MBE). Dessa värden 
normaliserades därefter med avseende på medelvärdet av den verkliga produktionen för önskad 
tidsperiod. Resultatet visade bland annat att NRMSE för TAPM-modellerade timvisa 
vindhastigheter minskade med nästan 50 % för Rødsand II och Kårehamn när full biaskorrektion 
tillämpades och med uppemot 70 % för Jokkmokksliden och Storliden.  
 
Med utgångspunkt från de erhållna resultaten är den övergripande slutsatsen att TAPM kan 
tillämpas för geografiska platser med olika väderförhållanden och samtidigt generera prognoser 
med relativt god noggrannhet, speciellt om biaskorrigerade metoder appliceras. Till följd av den 
begränsande tidsramen och andra avgränsningar i denna studie är dock ytterligare analyser 
nödvändiga för att dra djupare slutsatser.  
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1   INTRODUCTION 

The aim of this introduction section is to provide a general overview of the topic and to get an understanding of the 
main body of this thesis. The reason for why there is a need for further research within the chosen area is specified 
as well as the aim and main objectives of this research. Additionally, each chapter of the thesis is briefly presented 
in this section in terms of content, aim and importance.  
 
1.1 Background  
Our daily life is dependent on electricity. Most of today´s electricity is generated by large-scale 
power plants using conventional fossil fuels such as natural gas, coal and oil. These non-
renewable resources are a major contributor to global warming when they are burned due to the 
emissions of greenhouse gases, particularly CO2. Consequently, there is an urgent need for 
renewable energy technologies (Ummels, 2009). Wind energy is currently one of the fastest 
growing renewable energy sources for electricity generation due to its large resources, availability, 
non-pollution characteristics and comparably low cost. For example, the total wind power 
capacity installed in the EU at the end of 2015 was 142 GW, which covered 11.4% of the total 
electricity consumption (Vattenfall, 2016). In addition, wind power accounted for 44.2% of the 
total installed capacity in the EU in 2015. This corresponded to 12,800 MW of wind power, of 
which 9,766 MW was onshore and 3,034 MW was offshore (EWEA, 2016).  
 
Nevertheless, there are big variations between European countries, both in terms of installed 
capacity and future wind power projects. Denmark has the highest proportion of wind power in 
the world, about 40%. Germany and Spain are currently the leading countries regarding installed 
capacity. These two countries comprise of approximately one third and one sixth of the total 
installed capacity in the EU, respectively. However, other European countries have started to 
invest more in renewables in the last few years and grid integration of wind power can now be 
seen all over Europe. Figure 1.1 is showing the installed wind energy capacity in the EU in 2015.  
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Figure 1.1: Market shares for wind energy capacity installed during 2015 in the EU (Source: EWEA, 2016). 
 
As seen in figure 1.1, Germany was the leading country in terms of installed capacity in 2015. The 
country installed 6,013 MW, which corresponded to 47% of all installations in the EU. However, 
it can be seen that Sweden along with Poland, France, the United Kingdom and the Netherlands 
are fast growing countries in wind power generation (EWEA, 2016). Sweden did in fact install 
615 MW of new wind power in 2015, which corresponded to 4.8% of all installations in the EU. 
The installed capacity is however modest with respect to Sweden’s good wind resources. 
Nevertheless, the trend indicates that Sweden will expand its wind power capacity in the 
following years. This is presented in figure 1.2, which shows the installed capacity between 1998 
and 2016. The installed capacity for the other Scandinavian countries, Denmark and Norway, is 
also shown in figure 1.2. It is seen that Norway is not characterized by large volumes of wind 
power. On the other hand, Denmark has been a world leader in wind power technology for many 
years and has increased its installed capacity steadily since 1998.  
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Figure 1.2: Installed wind capacity (MW) in Sweden, Norway and Denmark between 1997 and 2016 
(Svensk Energi, 2016, Energistyrelsen, 2017 & IEA Wind, 2016).  
 
Increasing the penetration of renewable resources such as wind power into the grid is not 
without challenges. Multiple concerns need to be addressed to successfully increase the 
integration of wind power into existing and future electrical grids. The fact that the wind is a 
variable and intermittent recourse due to weather fluctuations results in uncertainties when 
estimating the wind energy production. This give rise to problems related to grid stability. For 
example, it gets harder for system planners and operators to schedule the operation of 
conventional power plants to maintain the balance in the system. In fact, the intermittent nature 
of wind power production is frequently used as an argument against increased wind power 
penetration. Being able to perform accurate and reliable predictions of wind power generation is 
therefore important in order to coordinate the production of different power plants and to 
ensure a secure and economical energy supply (Friedrich et al., 2013). Hence, it is not surprising 
that wind power forecasting has become an active research field in the last few years. 
 
Several academic studies have been conducted within this field and previous research has shown 
that various factors, other than the wind speed, such as temperature, humidity, precipitation and 
air pressure have an impact on the energy output (Friedrich et al., 2013). This means that 
different components that characterize weather conditions should be considered when making 
predictions of future wind power output. These parameters do also influence forecast errors and 
bias.  
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A relevant study on this topic was published in 2016 by Merlinde Kay. Kay applied bias 
correction methodologies to site-specific wind speed predictions for a wind farm situated in 
Tasmania, Australia. Her predictions were based on a combination of real-time wind turbine data 
and outputs from The Air Pollution Model (TAPM), which is a Numerical Weather Prediction 
model (NWP). Kay’s results showed that the correction methodologies improved the forecasts 
significantly and reduced the forecast error up to 50%. It was also seen that the size of forecast 
errors was related to different weather conditions (Kay, 2016).  
 
Analysing forecast errors and bias using TAPM-predictions has never been applied for 
Scandinavian weather conditions. Applying this method for wind farms in Scandinavia would 
therefore be relevant along with the plans of increasing the wind power penetration in the region. 
The fact that the characteristics of forecast errors seems to be related to different weather 
conditions makes it even more interesting to perform such an analysis, since Scandinavia 
experiences large variations in seasonal weather conditions.  
 
1.2 Aim and Objectives 
This thesis has been conducted at the University of New South Wales (UNSW) in Sydney, 
Australia. The overall aim was to investigate the accuracy of site-specific wind farm forecasts in 
Scandinavia and to get an insight in forecast errors and bias. The study also intended to 
investigate possible differences in forecast errors between Australian and Scandinavian 
conditions. The approach was to achieve the aim by analysing and comparing different types of 
data. Focus was on comparing uncorrected TAPM-predictions and bias-corrected predictions 
with real-time observations to evaluate the performance of the forecasts. The following 
objectives were formulated in order to fulfil the aim of this thesis:  
 
 
•   Identify error trends and correlations between wind power forecasts and real-time 

observations for four Scandinavian wind farm sites. 
 
•   Identify the impact of different weather conditions in Scandinavia on wind power forecast 

errors and bias.     
 
•   Estimate the potential to improve the accuracy of wind power forecasts in Scandinavian 

conditions by applying correction methodologies.  
 
1.3 Limitations  
Scandinavia is a large region in Northern Europe, including Denmark, Norway and Sweden. To 
study every single wind farm in this region would be too time-consuming for this thesis. For that 
reason, this study has been focusing on one Danish wind farm; Rødsand II, and three Swedish 
wind farms; Kårehamn, Jokkmokksliden and Storliden. The study was limited to Sweden and 
Denmark since Norway has a comparable low installed wind power capacity as well as less 
ambitious expansion plans for wind power in the near future.  
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Wind forecasts are currently applied for different time scales, depending on the purpose of the 
forecast. All time horizons are important, but two are of particular importance from a grid 
operation system point of view. The first one is forecasts for a few seconds up to minutes ahead. 
These forecasts are used to control the turbines themselves. The other one is forecasts ranging 
from minutes up to 72 hours ahead, which are important for the operation and integration of 
wind power in the power system. This study was however limited to hour-ahead forecasts. 
Furthermore, this study only analysed the accuracy of hourly wind speed forecasts for the period 
1 September 2013 − 31 December 2016, with deeper analysis for each month of 2016. 
 
1.4 Thesis outline  
Chapter 2: This chapter covers a review of current knowledge and relevant studies within the field. 
The main aim of this chapter is to get a better understanding of current research gaps, which 
serves to motivate this study. Furthermore, important concepts such as Numerical Weather 
Predictions (NWP) and wind power curves are described.  
 
Chapter 3: This chapter includes a description of the methods that have been used to answer the 
research objectives and fulfil the aim of the thesis. The chapter begins with a description of the 
selected wind farm sites and the input data that were used for running simulations. Additionally, 
the bias correction methodologies that were implemented in order to improve the uncorrected 
TAPM-forecasts are described in this chapter.  
 
Chapter 4: The results of the study are presented in chapter 4. Most of the results are presented in 
tables and graphs as well as in text in order to make it more comprehensible. In addition, all 
results are followed by a discussion, where the results are set into a wider context and analysed in 
more detail.  
 
Chapter 5: Conclusions based on the obtained results are presented in chapter 5. All conclusions 
are strongly connected to the aim and objectives that were presented in the introduction section. 
Based on the results, this chapter includes suggestions for further investigations of the accuracy 
of wind farm forecasts in Scandinavia.  
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2   LITERATURE REWIEW      

This section provides a review of current knowledge and relevant studies in order to get a better understanding of the 
current research gaps, which serves to motivate this study. For example, this section includes an explanation of 
current forecast methods as well as different verification approaches used for estimating forecast errors. However, 
before describing the characteristics of wind power forecast methods and forecast errors, it is necessary to discuss the 
current energy situation in Sweden and Denmark as well as the main grid impacts of wind power integration.  

  
 
2.1 Wind power in Sweden and Denmark  
Scandinavia is a region with high use of electricity. Few countries consume more energy per 
capita than Sweden and Denmark. The electricity consumption per capita is around 6,000 kWh 
per year in Denmark and more than the double in Sweden, approximately 14,400 kWh. This puts 
Sweden in sixth place in the world (UNdata, 2017). The high electricity consumption in Sweden 
is mainly due to the geographical location with the cold winters along with the large number of 
electricity-intensive primary industries, such as the pulp-and-paper industry and the iron and steel 
industry (Swedish Energy Agency, 2015).  
 
The Swedish and Danish electricity markets are part of the integrated Nordic power market. This 
means that they are well connected to each other as well as to the Norwegian and Finish markets. 
The Nordic market was divided into twelve bidding zones in 2011. Sweden is currently split into 
four different zones; SE1, SE2, SE3 and SE4, while Denmark is split into two zones; DK1 and 
DK2. These zones are seen in figure 2.1. The available transmission capacity varies between the 
bidding areas, which is reflected in the electricity price.  
 

 
                   Figure 2.1: Bidding zones in the Nordic electricity market (Source: NordReg, 2014). 
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2.1.1 Sweden  
Despite the high energy use in Sweden, the level of carbon emissions is low compared to other 
countries. The reason for this is that the Swedish electricity production is largely based on 
hydropower and nuclear power. Approximately 81% of the production came from these two 
sources in 2015. Additionally, the expansion of electricity based on solar, wind and biomass has 
been extensive during the 2000s and wind power has accounted for the largest increase 
(Energimyndigheten, 2016).  
 
Approximately 3,400 wind turbines were installed in Sweden by the end of 2016 and the total 
installed capacity reached 6,493 MW. In terms of electricity generation, wind power accounted 
for about 16.6 TWh out of 158.5 TWh. This corresponded to around 10.5% of the total 
electricity consumption in 2016 (Svensk Vindenergi, 2016). Most of the existing capacity is 
located in SE3 (37 %), followed by SE4 (27%), SE2 (27%) and SE1 (9%) (Svenska Kraftnät, 
2015). However, the share of energy from wind is expected to increase and Sweden has 
comprehensive expansion plans. The national planning framework aims to achieve a production 
capacity of 30 TWh in 2020, divided on 20 TWh onshore and 10 TWh offshore (Svenska 
Kraftnät, 2015). In addition, an expansion of wind power will support Sweden’s energy target to 
reach 100% of renewable electricity production by 2040 (Government Officies of Sweden, 2016). 
 
The majority of the planned wind farms will be located in the north, in SE1 and SE2 (Svenska 
Kraftnät, 2015). The temperature can fall down to –30 °C during winter in these regions and the 
landscape is characterized by hills, mountains, forests and river valleys. As known, handling of 
large volumes of wind power does always require continually updated wind forecasts with as 
good accuracy as possible. However, previous research has shown that forecasts for wind farms 
located in complex terrain and cold climates are associated with additional uncertainties. 
Atmospheric icing, mainly on the turbine blades, is one of the major factors affecting the forecast 
uncertainty. Ice accumulation, which is hard to predict, changes the aerodynamic properties and 
has a direct impact on the power output. Additionally, there is usually a large variability in icing 
between turbines within the same wind farm, which makes it even harder to perform accurate 
forecasts (Clausen et al., 2014).  
 
2.1.2 Denmark 
Denmark is one of the countries with the best wind conditions in the world. For that reason, 
Denmark became an early pioneer in wind power and a world leader in wind power technology. 
More than 40% of Denmark’s electricity consumption is currently covered by wind, which is the 
highest proportion in the world (denmark.dk, 2015). Around 6,100 wind turbines were installed 
by the end of 2016, which corresponded to a total installed capacity of 5,243 MW. In terms of 
electricity generation, wind power accounted for approximately 12.8 TWh, divided on 8.1 TWh 
onshore and 4.7 TWh offshore (Energistyrelsen, 2017). 
 
Denmark aims to increase the share of wind power and the national short-term plan is that at 
least 50% of the electricity demand should be met by wind by 2020. This goes hand in hand with 
Denmark’s long-term energy target to be 100% free of fossil fuel by 2050 (denmark.dk, 2015). 
According to the Danish Energy Agency, the key to make Denmark completely fossil free is to 
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increase the installed wind power capacity significantly, mainly offshore. A total installed capacity 
between 11,000 and 18,500 MW is expected to be required by 2050 in order to reach the energy 
target. Such an increase requires accurate forecasts in order to maintain the balance in the power 
system (Dahl-Jensen et al., 2011).  

2.2 Reason for wind power forecasting 
Electrical power systems consist of a large number of individual components, such as different 
types of power plants. These components are connected to each other into large complex 
systems capable of generating, transmitting, and distributing electricity over huge areas. The 
interaction between individual components implies that power systems are highly dynamic and 
constantly subjected to changing conditions. Some of these changes can be anticipated, while 
other are harder to predict (Bielecki, 2010). 

The overall function of electrical power systems is to supply electrical power to customers in 
order to meet the electricity demand. It is important to be aware that electricity cannot be stored 
in larger amounts. This means that electrical power is consumed at the same time as it is 
generated. A precise balance between demand (constant system load) and production at any given 
moment is therefore essential in order to achieve a reliable power supply. This is analogue with a 
constant grid frequency. In addition, the grid balance should be maintained in an economical and 
reliable way with as little environmental impact as possible (Ummels, 2009).  

There are many players in the energy market, all with different tasks and aims. One common 
feature, however, is that most of them are interested in forecasts of different timeframes of the 
total demand and production. System planners and operators, the ones responsible for 
maintaining power systems in balance, are for example dependent on forecasts from hours up to 
7 days to schedule the optimal selection of units for power generation. This is known as unit 
commitment (Bielecki, 2010). Unit commitment is followed by economic dispatch, which refers 
to the process of distributing generation levels to the committed units. The purpose of economic 
dispatch is to determine the optimal power output of different generation units to meet the total 
system load at the lowest possible cost (Ummels, 2009). The most common time horizon for 
scheduling is about 48 hours, preferably in at least hourly resolution. This horizon covers the 
most important characteristics of different power plants, such as fuel costs and start-up times 
(Lange and Focken, 2006). 

The advantage of conventional dispatchable power plants such as natural gas, coal and oil is that 
they can be fully controlled. Hence, these plants can adjust their power output to meet 
fluctuating electricity demand. It is therefore possible to rely on a small number of large scale 
fossil-fuel generation units in order to maintain the balance in the entire power system (Ummels, 
2009). However, integrating renewables, such as wind, into the electrical grid introduces a wide 
range of challenges due to their non-dispatchable and variable character. The fact that wind 
power is highly dependent on meteorological conditions makes a significant difference, both 
technically and economically, when it is integrated into electrical grids compared to conventional 
power plants. The main challenge is to keep the balance in the power system since the wind 
power output is much harder to control and predict compared to conventional generation 
technologies (Lange and Focken, 2006).  
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2.3 Wind forecasting methods 
Several wind power forecasting methods have been developed and launched over the past few 
years. The choice of method depends on a number of parameters, for example available 
information, time horizon, required resolution, desired accuracy and the intended application of 
the forecast. Wind forecast methods are usually classified according to their time horizon and 
methodology. Time-scale classification is vague and differs in various literature descriptions. 
Nevertheless, it is relatively common to distinguish between very-short-term, short-term, 
medium-term and long-term predictions (Zhao, Wang and Li, 2011). Table 2.1 shows the time 
ranges, examples of power system applications for each time horizon and the typical method 
used for the forecast. System planners and operators do mainly focus on very-short term 
forecasts and medium-term forecasts from seconds, minutes and hours up to 7 days. This is 
because grid balancing and scheduling of power plants (unit commitment and economic 
dispatch) take place within these timeframes (Foley et al., 2012).  

Table 2.1: Time horizons for wind power forecasts (Sources: Zhao, Wang and Li, 2011 & Bessa et al., 2009). 
	  

T ime	  
horizon	  

Range	   Key	  Applications	   Method	  

Very-‐short-‐

term	  

Few	  seconds	  to	  30	  

minutes	  ahead	  

-   Real-‐time	  grid	  operations	  

-   Wind	  turbine	  active	  control	  

(Statistical) 	  

Persistence	  

Short-‐term	   30	  minutes	  to	  48	  

or	  72	  hours	  ahead	  

-   Economic	  load	  dispatch	  planning	  

-   Unit	  Commitment	  

-   Economic	  dispatch	  

-   Operational	   security	   in	   electricity	  

market	  	  

(NWP-‐based)	  

-   Statistical	  

-   Physical	  

-   Hybrid	  

Medium-‐

term	  

48	  or	  72	  hours	  up	  

to	  1	  week	  ahead	  

-   Maintenance	   planning	   for	   wind	  

farms	  	  

-   Unit	  Commitment	  

-   Economic	  dispatch	  

(NWP-‐based)	  

-   Statistical	  

-   Physical	  

-   Hybrid	  

Long-‐term	   Weeks	  to	  several	  

years	  ahead	  

-   Design	  of	  wind	  farms	  (feasibil ity	  

study)	  

-   Maintenance	  planning	  for	  wind	  

farms	  

Statistical	  



10 

Wind forecast models can broadly be categorized into two main groups according to 
methodology; statistical and physical. Combinations between physical and statistical approaches 
are also used, which is referred to as hybrid models. Purely statistical methods rely on historical 
data of wind to forecast the next few hours, without considering specific meteorological 
conditions (Dodig et al., 2014). In general, statistical models tend to perform well in most 
conditions, but they normally require half a year of historical data in order to make reliable 
predictions. One disadvantage of using statistical models is that errors tend to increase relatively 
fast with increasing time horizon, which means that they are most suitable for short-term 
forecasts. Hence, statistical methods are normally used for forecasts less than 6 hours ahead 
(Kumar and Jindal, 2016). 

The simplest way to forecast the wind is by using the persistence method, which is based on the 
statistical approach. This method relies on the benchmark approach and assumes that the future 
wind generation at a specific time ‘t+Dt’ will equal the last measured value at time ‘t’. This 
method is not only the simplest one, it is also economical and one of the most accurate methods 
for very-short-term forecasts. Nevertheless, the accuracy declines rapidly with increasing time 
horizon. In addition, results from persistence forecasts are usually used as a reference when 
evaluating more advanced forecasting methods (Malik et al., 2010).  

Physical methods, on the other hand, rely on topological information such as local surface 
roughness, obstacles and forecasted values from Numerical Weather Prediction (NWP) models 
as input. Hence, necessary information about future weather conditions is provided by NWP 
models. Wind speed and wind direction are always used as a minimum, while a few physical 
models make use of additional parameters from NWP models,  such as temperature, pressure 
and humidity (EWEA, 2010). Figure 2.2 shows a basic scheme of a typical wind power prediction 
method based on a physical approach.  

NWP	  Forecast and	  SCADA	  data
Wind	  speed, wind	  direction,	  atmospheric	  pressure	  and	  temperature	  etc.	  

Spatial	  refinement	  of	  the	  NWP	  Forecast	  to	  local	  conditions 
Ortography,	  surface	  rougness and hub	  height etc.	  

Wind	  Power	  Prediction	  
Use of	  wind	  power	  curve

Systematic	  Eror (Bias)	  Correction
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    Figure 2.2: Structure of a typical physical forecast method (Adapted from Lange and Focken, 2006). 
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As seen, the first step is to obtain NWP and SCADA data for the site of interest. NWP models 
do typically provide forecasted meteorological variables for a grid of surrounding points around 
the wind farm. NWP forecasts are given with different resolutions depending on the type of 
NWP model. In general, the results are of course resolution, from 1000 km down to 10 km. The 
second step is to refine the NWP outputs in order to achieve more accurate weather predictions. 
This is done by using physical models with higher spatial resolution, either of meso-scale or 
micro-scale type. Meso-scale models can reach a resolution down to 10-1 km and micro-scale 
models a resolution from several 100 m down to 0.01 m (Lange and Focken, 2006). NWP 
outputs are also refined by transforming the wind characteristics to hub height and taking into 
account site-specific conditions, particularly orography and surface roughness (Scharff, 2012). 
 
Next, the wind power curve for the specific wind turbine is used in order to transfer predicted 
wind speeds to wind power output. Lastly, bias correction methodologies are eventually applied 
to improve the forecasts. This is usually necessary since there are many sources of systematic 
errors in NWP modelling systems. Bias correction can either be applied for wind speed 
predictions or wind power predictions (Scharff, 2012).  
 
2.2.1. Numerical weather prediction (NWP) models 
The basic idea behind NWP models is to predict weather variables by simulating the 
development of the atmosphere, starting from the current atmospheric state. NWP predictions 
are performed by numerically solving complex mathematical equations of fluid dynamics and 
thermodynamics which describe the behavior of the atmosphere. All NWP models are capable of 
generating data with different time horizons, from hourly up to 4 weeks ahead (Kumar and 
Jindal, 2016). The fact that NWP models are based on complex mathematical relations means 
that they require a large amount of computational time and they are usually run on special 
computers. This limits NWP models, and therefore also physical models to be used for very-
short-term forecasts. Physical models do actually perform best for time-horizons larger than 4-6 
hours (Giebel, Holttinen and Sørensen, 2008). 
 
Moreover, the accuracy for NWP models is typically better than any other models after 4-6 hours 
and in some cases even after 2 hours. Almost all wind power forecasts for time horizons larger 
than a few hours are therefore based on NWP models. This is illustrated in figure 2.3, which 
shows an example of how the forecast error depends on the forecast length for a typical 
persistence method based on the statistical approach and a general physical method based on 
NWP inputs (Giebel, Holttinen and Sørensen, 2008). The characteristics of the root mean square 
error (RMSE) and the mean absolute error (MAE) are described in further detail in section 2.4.2 
Forecasts Verification.  
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Figure 2.3: Typical performance of a NWP-based physical method and a persistence method (Adapted from: 
Giebel, Holttinen and Sørensen, 2008). 
 
2.3.2 TAPM 

A broad range of different NWP models are available today and they are typically driven by 
observationally-based meteorological inputs. One alternative approach is to use dimensional 
prognostic meteorological and air pollution NWP models. The Air Pollution Model (TAPM) is 
an example of such a model. It is driven by a Graphical User Interference (GUI) and can be used 
to simulate weather predictions from an hour up to several years.  TAPM was developed by 
scientists at the atmospheric department at the Commonwealth Scientific and Industrial Research 
Organisation (CSIRO), which is Australia’s national agency for scientific research. The model has 
been verified for several locations in Australia and for a few places in the United States. The 
results from these simulations have shown that TAPM performs well inland as well as in coastal 
areas in sub-tropical to mid-latitude conditions. In addition, results have shown that the model 
can be applied in mountainous areas with moderately good results (Luhar and Hurley, 2003).  
 
Unlike other NWP modes, TAPM is not as dependent on site-specific observations as input. 
Instead, predictions do mainly rely on large-scale meteorological data provided by synoptic 
analyses. In fact, TAPM is connected to worldwide databases with gridded data of for example 
terrain height, vegetation, soil type and synoptic meteorological information. This information 
acts as boundary conditions for the model’s outer grid, with a typical grid domain between 400 
km × 400 km and 1000 km × 1000 km. The outer grid is of this large size in order to remove the 
boundary conditions as far away as possible from the region of interest. TAPM does also include 
a nested grid approach, which allows the user to rapidly “zoom-in” to a specific region and 
achieve finer resolution. This approach makes it possible to perform local-scale meteorology 
predictions. The horizontal resolution of the nested grid is set by the user and can vary from 100 
m to 50 km (Hurley, 2008). 
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Predictions by TAPM are driven by a combination between a prognostic meteorological 
component and an air pollution concentration component. The meteorological component 
consists of an equation model with a number of fundamental fluid dynamics and scalar transport 
equations to predict meteorology at mesoscale and at local scale. For example, momentum and 
continuity equations which describe the wind characteristics, scalar equations for potential virtual 
temperature as well as equations describing atmospheric flow, thermodynamics, and specific 
humidity. The air pollution component is based on the predicted meteorology from the 
meteorological component. This component consists of equations describing the mean and 
variance of air pollution concentrations as well as air pollution dispersion (Hurley, 2008).  
 
One significant difference between traditional NWP models and TAPM is that traditional NWP 
models are computationally more expensive and time consuming, while TAPM is known to be 
user-friendly and comparatively faster. There are however some limitations with this modelling 
approach. For example, simulations using TAPM cannot be performed for horizontal grid spaces 
larger than 50 km. Actually, TAPM should preferably be used for horizontal domain sizes below 
1500 km by 1500 km (Kay, 2016). This is due to the fact that the model neglects the curvature of 
the earth, which means that extreme weather events cannot be represented accurately when the 
domain size gets too large (Hurley, 2008). On the other hand, the use of TAPM makes it possible 
to perform forecasts of relatively small and site-specific areas. This is important and useful from a 
wind power forecast point of view (Kay, 2016). Furthermore, it is recommended to run 
simulations with a grid of a minimum of 20 × 20 × 20 points in the x, y and z direction, 
respectively. 25 × 25 × 25 is however preferred (Hurley, 2008).  
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2.4 Wind data analysis  
Regardless of the method used, predictions of the future development of wind characteristics are 
never perfect due to the high degree of volatility and deviation of the wind. The theoretical 
relationship between wind speed 𝑈 and power output P for one specific turbine is shown in 
equation 2.1, where 𝐴 is the swept area and 𝜌 is the air density (Malik et al., 2010).  

 
 𝑃 = 𝜌𝐴𝑈3

2                 (2.1) 
 
  
This relationship illustrates the importance of accurate wind speed forecasts. It can be seen that 
the power output is directly proportional to the rotor swept area and the air density, but it 
increases with the cube of the wind speed. This means that any error in wind speed forecasts will 
result in a large (cubic) error in forecasted power output.  However, this relationship is slightly 
more complex for entire wind farms since different turbines utilize different wind speeds and 
wind directions in order to maximize the total wind power output. In addition, the relationship 
ignores effects such as losses due to turbulence and friction, but it still indicates that wind speed 
predictions have a huge impact on wind power forecasts (Malik et al., 2010). 
 
For the purpose of converting predicted wind speed into power output, the appropriate wind 
turbine power curve is normally used instead of analytical equations (Malik et al., 2010). Power 
curves are turbine-specific and they show the expected power output at different wind speeds. A 
power curve has three main characteristic speeds; cut-in, cut-out and rated speed. Wind turbines 
start to generate power when the wind speed reaches the cut-in speed. The rated speed 
corresponds to the wind speed at which the turbine is producing rated power, i.e. the power 
output remains constant despite increased wind speed. The cut-out speed is the wind speed at 
which the turbine is shut down to prevent damages and defects (Bibeau, Jozani and Shokrzadeh, 
2014). Figure 2.4 shows a typical manufacturer’s power curve. As seen, the curve is divided into 
four different regions, which are interesting from a wind power forecast point of view.  
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Different wind speeds are of different importance when it comes to wind power forecasting. 
Referring to the power curve in figure 2.4, the most critical and therefore most interesting 
regions are II and IV. Region II is critical when predicting wind power since the power output is 
strongly dependent on the wind speed in this region. A forecast error of a few m/s may not 
sound like a large error, but when converted into power, the estimated power output will be 
incorrect by a larger factor. Table 2.2 is showing factors associated with incorrect power 
predictions for a sample of likely occurring wind speed amplitude forecast errors within the cubic 
region for a typical wind turbine. As seen, a forecast error corresponding to 3 m/s results in an 
incorrect prediction of the power output by a factor greater than 5.  
 

Table 2.2: Realtionship between wind speed amplitude errors and incorrected power prediction factors within the 
cubic region.  

Wind	  speed	  amplitude	  error	  (m/s)	   Incorrect	  prediction	  of	  power	  output	  (Factor)	  

0.5	   1.42	  

1.0	   1.95	  

1.5	   2.60	  

2.0	   3.38	  

2.5	   4.29	  

3.0	   5.36	  

 
Region IV, which represents the boundary between rated power and no power is of even more 
interest since the power output can drop from rated power to zero output in a minimum amount 
of time in this region (Kay, 2016). Uncertain forecasts within this region may therefore result in 
significant difficulties for system planners and operators when they are trying to maintain the 
balance in the power system.  

      Cut-in  Region*        Cubic  Region         Rated  Region          Cut-out  Region*  
	  	  	  	  (I)	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (II)	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (III)	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (IV)	  

*  Transition  region  between  zero  output  and  output  

 Figure 2.4: Typical manufacturer´s power curve divided into four regions of interest (Adapted from Kay, 2016). 
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Theoretical power curves supplied by manufacturers are generated under ideal conditions with 
less turbulence than the turbines are exposed to. Additionally, manufacturers’ curves are based on 
the assumption that the turbines are facing directly into the wind. This means that these curves 
lack a realistic representation of the power output under actual conditions at the wind farm site. 
A better method is to use power curves derived from measured data of wind speed and power 
output. Turbine-mounted anemometers and real-time operational SCADA (Supervisory Control 
and Data Acquisition) data can be utilized for this purpose (Gupta, Nema and Sohoni, 2016).  
 
The SCADA operational data is the output from SCADA systems, a type of control system that 
is a standard installation in large modern wind turbines. These systems enable remote monitoring 
and control of the turbines. SCADA systems use different sensors for wind speed, wind 
direction, temperature, shaft rotation speed and several other parameters in order to 
automatically collect and store real-time data. Signals from these instruments are normally 
recorded every 10 minutes (Crabtree and Hogg, 2017).  
 

2.4.1 Wind variations: Weibull distribution   

It is generally of interest to estimate the wind energy potential and energy output of a given wind 
farm site. Probability distributions can be used for this purpose. Probability distributions are 
usually characterized by probability density functions (PDFs). These functions illustrate how 
often the wind blows at certain wind speeds. The 2-parameter Weibull distribution is one of the 
most widely used PDFs in wind data analysis. This distribution requires knowledge of two 
parameters; a shape factor, k, and a scale factor, c. The shape factor is a dimensionless parameter 
associated with the variance of the wind speed. This factor does basically describe the slope of 
the curve. When k equals 2, another commonly used PDF is obtained, the Rayleigh distribution. 
The scale factor has on the other hand dimension of velocity and this factor is related to the 
mean wind speed at the site (Manwell, McGowan and Rogers, 2009). In fact, the value of c 
increases linearly with the mean wind speed and it affect the height of the curve. The formula for 
the probability density function of the Weibull distribution is given by equation 2.2. The scale 
factor and shape factor are given by equation 2.3 and 2.4, respectively.  
 

                                                      𝑝 𝑈 = 𝑘
𝑐

𝑈
𝑐

CD1
𝑒𝑥𝑝 − 𝑈

𝑐

C
                                   (2.2) 

 

         𝑘 = 𝜎𝑣
𝑈

D1.IJK
   (2.3) 

   

 𝑐 = 	   𝑈
Γ(1+1 𝑘)                            (2.4) 

 

𝑝 𝑈  = Probability of wind speed 𝑈 
𝑈= Wind speed                [m/s] 
𝑐 = Scale factor                [m/s] 
𝑘 = Shape factor                     [-] 
𝜎N = Standard deviation                [m/s] 
𝑈 = Average wind speed                [m/s] 
Γ= Gamma function  
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The values of k and c have a direct impact on the shape of the Weibull distribution of wind 
speeds. For example, the distribution curve gets narrower and a sharper peak as the value of k 
increases for a given value of c (given mean wind speed). This illustrates that there is less variation 
in wind speed. On the other hand, for a given value of k, larger c (greater mean wind speed) leads 
to wider and flatter distribution curves.  
 

2.4.2 Forecast errors  
Wind speed or wind power forecasts never provide perfect predictions and forecast errors are 
unavoidable. It is however important to know as precisely as possible how and when these errors 
occur, as well as their approximate magnitude. The pointwise error is the basic element in error 
assessment and it is defined according to equation 2.5, where 𝑒(𝑡) is the forecast error at time t, 
𝑥'()*(𝑡) is the predicted value and 𝑥+,-)((𝑡) is the observed or measured value (Holttinen, 
Miettinen and Sillanpää, 2013). 
For positive errors, the predicted value exceeds the measured value and for negative errors, the 
predicted value is lower than the measured value. In terms of wind power forecasts, forecast 
errors are usually not presented as pointwise errors. It is of more interest to estimate the error 
over a certain time period. In addition, forecast errors in terms of wind speed and power output 
are in practice evaluated both for single turbines, on farm-level and for an ensemble of wind 
farms (Lange and Focken, 2006).  
 

𝑒(𝑡) = 𝑥'()*(𝑡) − 𝑥+,-)((𝑡)  (2.5) 
 

 
Forecast errors are usually classified as either random or systematic. In terms of wind power 
forecasting, random errors are mainly associated with constant changing atmospheric conditions. 
These errors are hard to predict due to their inconsistent nature. Systematic errors are also 
referred to as bias. As the name implies, biases are errors which are systematic in nature. Hence, 
they systematically over or under-predicts against observations and result in a more or less 
consistent difference between predicted values and corresponding observations (Stull, 2015). It is 
also of interest to distinguish between amplitude errors, also referred to as magnitude errors, and 
phase errors. Amplitude errors denote deviations in amplitude, i.e. over-or under estimation by 
the forecast, while phase errors indicate deviations shifted in time (Lange and Focken, 2006).  
 
Several factors affect the forecast performance. Two of the most crucial ones are the forecast 
time-horizon and the size of the area considered. The accuracy is generally increased for shorter 
prediction horizons and have a tendency to get better when looking at larger geographical areas 
consisting of a number of wind farms. This is due to the spatial smoothing effect. The basic idea 
behind this effect is that weakly correlated errors from individual wind farm sites cancel out each 
other to some extent. Thus, leading to a reduced total prediction error for an entire region (Lange 
and Focken, 2006). However, the main source of uncertainty in wind power predictions is from 
the NWP models. It is widely known that NWP models contain biases in the forecast of near 
surface parameters. These biases are for example due to limited spatial resolution, simplified 
topography descriptions as well as imperfect model physics, initial conditions and boundary 
conditions (Durai and Bhradwaj, 2014).  
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2.4.3 Bias correction methodologies  

Forecast improvements are usually performed by comparing historical forecasts with real-time 
data for a specific period. These comparisons are thereafter used to develop correction 
algorithms that can be applied as a post process to improve the accuracy of future NWP 
forecasts. This type of approach is normally referred to as Model Output Statistics (MOS). One 
simple type of MOS is the correction of systematic forecast error, also known as bias removal or 
bias correction (Copper, 2016). Bias removal is an important part of forecast improvements since 
bias is one of the key errors found in NWP forecast. Previous studies have shown that the 
forecast error for hour-ahead TAPM-forecasts at specific sites can be reduced by at least 50% if 
full bias correction is applied (Kay, 2016).  
 
A large variety of statistical bias correction methods are available, some more complicated than 
others. However they are all based on the same principle; they minimize the bias of the next 
forecast based on historical bias (Woodcock and Engel, 2005). In terms of wind speed and wind 
power correction, it is necessary that algorithms for removing bias are robust, but at the same 
time sensitive to extreme values. This is of importance since wind speeds tend to vary rapidly 
both in time and direction. This is one of the reasons why Kalman filtering algorithms are 
popular bias correction techniques for wind speed predictions. In simple terms, Kalman 
algorithms make use of data and corresponding bias that have been collected over a certain time. 
This information is thereafter used to predict future values using a weighted average of previous 
bias.   
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2.5 Forecasts Verification  
Wind power forecast verification refers to the process of assessing the quality of the forecasts 
produced by a certain model. The verification can either be of qualitative or quantitative 
character. The purpose of qualitative forecast verification methods is to get an overview of the 
accuracy. Predicted values are usually plotted against corresponding measurements and one can 
thereafter visually evaluate the deviation. Scatter plots are probably the simplest verification tool 
where all data points, observed and predicted, are plotted in the same graph. The aim of 
quantitative verification methods is on the other hand to quantify the accuracy and estimate the 
error (WWRP, 2015). Regression analysis and verification metrics can for example be used for 
this purpose.  
 

2.5.1 Regression analysis 

Regression analysis is a statistical process of finding the best relationship between variables or 
datasets. The strengths of that relationship can thereafter be quantified. Regression analysis 
includes many techniques. To go deeper into those techniques are beyond the scope of this 
thesis. Simple linear regression is however one of the most widely used types of regression 
analysis and it is commonly used for predictive and forecasting analysis. It intends to find the 
best-fitting straight line, known as the regression line, between two variables or datasets. For 
example, the correlation between the actual and forecasted power output for wind turbines 
(Myers et al., 2012).  
 
Correlation coefficients are also valuable numerical measures of the association between two 
different sets of data. These coefficients quantify the strengths of association between datasets as 
well as the direction of the relationship. Correlation coefficients can therefore give an indication 
of how well prediction models perform (EWEA, 2010). The value of correlation coefficients 
varies between -1 and +1, where +1 represents a perfect positive correlation and   -1 a perfect 
negative correlation. This means that the relationship between two datasets gets weaker when the 
correlation coefficient goes towards 0. There are different types of correlations and one usually 
distinguishes between the Pearson Product-Moment correlation, Kendall rank correlation, 
Spearman correlation and Point-Biserial correlation. The Pearson product-moment correlation, 
also referred to as the Pearson’s coefficient for short, is the most common one for measuring the 
strength of a linear relationship between two sets of data (StatisticsSolutions, 2017).  
 
The coefficient of determination, also referred to as R-square (R2) value, also gives an indication 
of how well a prediction model performs. The R2-value is in fact the square of the correlation 
coefficient and its value ranges from 0 to 1, but it is generally stated as a percentage between 0% 
and 100%. It denotes the strength of a relationship between two datasets and gives the 
proportion of the variance in one dataset that is predicted from another dataset. In other words, 
the R-square value is a statistical measure which allows us to get an idea of how certain one can 
be in making predictions based on model outputs. For example, an R- squared value 
corresponding to 0.90 means that 90% of the total variation is explained by the model and an R- 
squared value equal to 1.00 indicates that there is no difference between the predicted and 
observed values (Myers et al., 2012).  
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2.5.2 Verification metrics 

The mean bias error (MBE), root mean square error (RMSE) and mean absolute error (MAE) are 
the most commonly employed metrics used for forecast verification. MBA is a measure of the 
overall bias error and it indicates whether the predicted dataset systematically under or over-
predicts in comparison to the measured dataset, see equation 2.6 (Foley et al., 2012). RMSE is 
also a measure of the difference between predicted and observed values, which can be seen in 
equation 2.7 (Chai and Draxler, 2014). RMSE includes the effect of bias (systematic uncertainty) 
and the inherent uncertainty of the model. As shown in equation 2.8, MAE is similar to MBE, 
but it is obtained by taking the average of the absolute value of the difference between the 
predicted and measured data points. This means that MAE expresses the average error without 
regard to the algebraic sign. MAE basically defines the average accuracy by quantifying how far 
away predicted values are from observed values, without considering the error direction.  
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𝑅𝑀𝑆𝐸 = Root Mean Square Error  
𝑀𝐵𝐸 = Mean Bias Error  
𝑀𝐴𝐸 = Mean Absolute Error  
N = Number of data points evaluated 
𝑥'()*,/ = Predicted value at time t 
𝑥+,-)(,/ = Observed value at time t 
 
One significant difference between MAE and RMSE is that MAE gives the same weight to all 
errors and deviations, while RMSE gives higher weight to larger errors than smaller errors. RMSE 
is also more sensitive to the presence of erroneous data in comparison to MAE (Zhao, Wang and 
Li, 2011). This means that the closer RMSE is to MAE, the less number of extreme deviations 
and large errors. In the case of wind power forecasts, large errors and inaccurate data may appear 
near ramp events when the wind power output changes radically in a short amount of time. Due 
to that, RMSE may be a useful indicator of the model performance if ramp events occur 
frequently (Bielecki, 2010). In terms of wind power and wind speed forecast, RMSE, MAE and 
MBE are typically presented as normalised errors (NRMSE, NMAE and NMBE) relative to the 
installed capacity, total energy produced or average wind speed. The advantage of normalised 
errors is that results from different wind farms can be compared, regardless of their rated 
capacity or location (Holttinen, Miettinen and Sillanpää, 2013).  

 

 
(2.6) 
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The accuracy of wind power forecasts is influenced by a number of site-specific factors. This 
means that forecast errors need to be determined for each site or region, considering the specific 
conditions. However, several studies have aimed to estimate the forecast error for different 
forecast approaches. According to Jordan et al (2011), the NMAE for day-ahead hourly wind 
power forecasts are typically in the range between 15-20% of the installed capacity for a single 
farm. Other studies have come up with similar results. For example, an analysis of forecast errors 
for a single wind farm site in Finland was carried out in 2013. 24 individual wind farms were 
included in that study and the average NMAE turned out to be between 7-14% of the installed 
capacity (Holttinen, Miettinen and Sillanpää, 2013). Another study has shown that the NMAE 
and NRMSE for day-ahead forecasts based on NWP models usually lies between 10-15% 
respectively 10% of the installed capacity (Foley et al., 2012).  
 
No analysis regarding the accuracy of site-specific wind farms in Sweden or Denmark has been 
found, but one study analysing the RMSE for each of the four Swedish bidding zones was 
performed in 2012. That study showed that the NRMSE relative to the installed capacity for 
hourly day-ahead forecasts was approximately; SE1: 19%, SE2: 13%, SE3: 10% and SE4: 10%. 
Thus, the NRMSE was higher for the two bidding areas in the north, SE1 and SE2. This might 
be due to the spatial smoothing effects since the installed capacity in the southern bidding zones 
is larger (Scharff, 2012).  
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3   METHODOLOGY 

This section provides a description of the procedures and methods that have been used in order to answer the 
research objectives and fulfil the aim of this thesis. For example, the data collection process and the data analysis 
techniques are well explained. The bias correction methods that were implemented in order to improve the raw 
forecasts are also described in detail. However, the section begins with a description of the wind farms chosen for 
this study.  
 
3.1 Wind farm data 
This study has been based on data from one Danish wind farm, Rødsand II, and three wind 
farms situated in Sweden; Kårehamn, Jokkmokksliden and Storliden. Rødsand II and Kårehamn 
are offshore wind farms, while Jokkmokksliden and Storliden are two small neighboring onshore 
farms. The choice of wind farms was mainly based on the location of the farms and the data 
availability. The selected wind farms are located relatively far away from each other. These wind 
farms are therefore experiencing different weather conditions, which was interesting for this 
study since one of the objectives was to identify how different weather conditions impact 
forecast errors. Approximate locations of the wind farms are seen in figure 3.1. Detailed 
descriptions of each wind farm are provided below.  
 

 
                            Figure 3.1: Map of the approximate location of the wind farms featured in this study. 
 

Kårehamn	  

Jokkmokksliden	  
&	  Storliden	  

Rødsand	  II	  
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3.1.1 Rødsand II  

Rødsand II is a Danish offshore wind farm located in the Baltic Sea, approximately 25 kilometers 
south of the island of Lolland, close to the Rødsand bank. Rødsand II came into operation in 
October 2010 and it is owned and operated by E.ON, an international Energy Company based in 
Europe. This wind farm is an extension of the 166 MW offshore wind farm Rødsand I, which 
was commissioned in 2004. However, Rødsand II is one of the largest operating wind farms in 
the world today. It is comprised of 90 Siemens SWT-2.3-93 turbines with a total capacity of 207 
MW. The plant is able to produce 800 million kWh per year and is capable of supplying electricity 
to around 200,000 households every year. This corresponds to approximately 2% of the Danish 
power consumption (E.ON, 2009). Technical details for the turbines are presented in table 3.1.  
 

   Table 3.1: Technical details for the wind turbines at Rødsand II (Source: E.ON, 2009 & Siemens, 2009). 

Turbine	   Siemens	  SWT-‐2.3-‐93	  

Rated	  power	   2.3	  MW	  

Cut-‐in	  wind	  speed	   4	  m/s	  

Rated	  wind	  speed	   13	  m/s	  

Cut-‐out	  wind	  speed	   25	  m/s	  

Hub	  Height	   68.5	  m	  

Rotor	  Diameter	   93	  m	  

 
 

Rødsand II covers an area of about 35 square kilometers. The turbines are arranged in five 
curved rows with 18 turbines in each row, which is shown in figure 3.2. The distance between the 
rows is 700-900 meters and the distance between the turbines in each row is about 500-600 
meters (E.ON, 2009). In this study, 10-minute data of ambient temperature, wind speed, wind 
direction and active power at hub height between 2013 and 2016 was obtained from each turbine. 
However, due to the tight time frame, it was not possible to analyse the data from all turbines. 
Average values were therefore generated. Firstly, the 10-minute data was averaged to produce 
hourly observations for each turbine. The second step was to average these hourly observations 
over the 90 turbines to generate wind farm-wide hourly observational data. These wind farm-
level hourly datasets of wind speed, wind direction, temperature and active power were thereafter 
compared to the hourly TAPM-forecasts. However, hourly data from thirteen individual turbines 
were also chosen to evaluate the forecast performance on turbine level.   
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                                 Figure 3.2: Layout of Rødsand II.  
 

3.1.2 Kårehamn  

Kårehamn is an offshore wind farm situated in Sweden, approximately 5 kilometers outside the 
east coast of the Swedish island Öland. Öland is well known for its strong and frequent winds 
and the island is usually referred to as “the island of sun and winds”. Kårehamn became 
operational in 2013 and this wind farm is also operated by E.ON. The wind farm, with a 
collective output of 48 MW and an estimated annual energy production of 180 GWh is the 
largest offshore wind farm in the Swedish part of the Baltic Sea. Kårehamn is able to provide 
electricity to approximately 28,000 households each year (E.ON, 2012). The wind farm consists 
of 16 turbines of model Vestas 112-3MW. Technical details for the turbines are found in table 
3.2 (E.ON, 2012).  
 

          Table 3.2: Technical details for the wind turbines at Kårehamn (E.ON, 2012 & E.ON, 2011). 

Turbine	  	   Vestas	  112-‐3MW	  

Rated	  power	   3	  MW	  

Cut-‐in	  wind	  speed	   3	  m/s	  

Rated	  wind	  speed	  	   12	  m/s	  

Cut-‐out	  wind	  speed	   25	  m/s	  

Hub	  Height	   80	  m	  

Rotor	  Diameter	   112	  m	  
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Kårehamn occupies an area of approximately 7 square kilometers (E.ON, 2012). The layout of 
the wind farm is shown in figure 3.3. As seen, the turbines are placed in one curved row along 
the coast. The distance between the turbines is about 350-400 meters. In this study,    10-minutes 
resolution data of ambient temperature, wind speed, wind direction, and active power was 
obtained from two turbines, the turbine at the furthest north and the turbine furthest south. The 
data was measured at hub height. The 10-minutes observations were averaged to produce hurly 
observations for each of these two turbines. These values were thereafter averaged to produce 
hourly observations of ambient temperature, wind speed, wind direction, and active power, 
which were used to represent the entire wind farm.  
 

 
                                                      Figure 3.3: Layout of Kårehamn. 
 

3.1.3 Jokkmokksliden and Storliden  

Two small neighboring onshore wind farms are located in the north of Sweden, on 
Jokkmokksliden Mountain and Storliden Mountain and the wind farms are named after these 
mountains. These wind farms became operational in 2011 and they are operated by Skellefteå 
Kraft, a Swedish energy supplier. In total, these wind farms are comprised of 18 Nordex wind 
turbines, 10 turbines at Jokkmokksliden and 8 turbines at Storliden, respectively (Skellefteå Kraft, 
2016).  
 
The layouts of these wind farms are shown in figure 3.4. As seen, the wind farms are located on 
different sides of the lake Lainejaure, approximately 3 kilometers apart from each other. The 
distance between the turbines varies between 300 and 400 meters. Hourly data of wind speed, 
ambient temperature, wind direction and active power were obtained from all turbines at hub 
height. These hourly observations were averaged over the set of 18 turbines to generate wind-
farm wide hourly datasets. These datasets were used in the first step of the analysis of the 
forecast performance. Eight turbines were thereafter chosen and hourly data from these 
individual turbines were analysed to evaluate the forecast performance on turbine level.   
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                                  Figure 3.4: Layout of Jokkmokksliden and Storliden.  
 

 
The weather conditions at Jokkmokksliden and Storliden can sometimes be extreme, with very 
strong winds and permafrost. The turbines are therefore adapted to the cold climate. They can 
withstand temperatures close to -40°C and they are equipped with a relatively new type of anti-
icing system for the blades (Nordex, 2010). Table 3.3 shows technical details for the turbines. 
Jokkmokksliden and Storliden have a total capacity of 45 MW and an annual wind power 
generation of 130 GWh. These turbines produce enough electricity to heat approximately 3,000 
households each year (Skellefteå Kraft, 2016).  
 

        Table 3.3: Technical details for the wind turbines at Jokkmokksliden and Storliden (Nordex, 2013). 

Turbine	  	   Nordex	  N100/2500	  

Rated	  power	   2.5	  MW	  

Cut-‐in	  wind	  speed	   3	  m/s	  

Rated	  wind	  speed	  	   13	  m/s	  

Cut-‐out	  wind	  speed	   25	  m/s	  

Hub	  Height	   100	  m	  

Rotor	  Diameter	   99.8	  m	  
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3.2 Model set-up 
Simulations were carried out using TAPM, version 4. Predicted values of hourly average ambient 
temperature, wind direction and wind speed were modelled in this software for the selected wind 
farms. All simulations were based on NCEP (National Centre for Environmental Predictions) 
synoptic datasets. Furthermore, simulations were run for each wind farm for the period 1 
September 2013 − 31 December 2016. 1 September 2013 was set as the start date because the 
first observational data point obtained from Kårehamn corresponded to this date. The end date 
of the time period was limited by the availability of synoptic data.  
 
The analysis of the model performance was divided into two different parts; a general one, 
followed by a turbine-specific one. The general analysis was carried out on wind farm level.  This 
meant that average observational data of wind speed, wind direction, temperature and active 
power was used. The main aim of this analysis was to get an idea of how well the uncorrected 
TAPM-forecasts and the bias correction methods performed between the different wind farms. 
Moreover, the aim of this analysis was to examine how different parameters, such as the choice 
of grid-spacing, affected the uncorrected TAPM-forecasts. In addition, the results obtained from 
the general analysis were used in order to determine the settings and limitations for the turbine-
specific analysis. An overview of the simulation and analysis process is seen in figure 3.5. As seen, 
different time periods were investigated, ranging from the entire simulation period, 1 September 
2013 – 31 December 2016, down to ramp events that occurred for a few hours. Extra 
consideration was also taken to wind speeds within the cubic region, due to the high frequency of 
occurrence of these wind speeds.  
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Figure 3.5: Overview of the simulation and analysis process. 
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The model configuration for the general analysis was comprised of five nested horizontal 
domains with the following grid-spacings; 45 km, 15 km, 5 km, 1.5 km, and 500 m. These 
specific grid spacings were chosen because Merlinde Kay used the same ones in her study of a 
Tasmanian wind farm. Hence, applying these grid spacings made it possible to compare the 
results and identify potential differences in forecast errors and biases between Australian and 
Scandinavian conditions. Furthermore, each horizontal grid domain in the model used in this 
study contained of 25 × 25 horizontal grid points.  
 
For the general analysis, the central point of the wind farms was chosen as the model centre. This 
was done by typing in the centre coordinates for each wind farm into TAPM. Coordinates are 
found in appendix I. Jokkmokksliden and Storliden were considered as one single wind farm 
when performing simulations since they are located close to each other. The model centre 
corresponded to the centre latitude and longitude coordinate with respect to both wind farms. 
Figure 3.6a-e show the five successive model domains in TAPM for Kårehamn, where the orange 
box represents the central point of the wind farm. Corresponding model domains for Rødsand 
II, Jokkmokksliden and Storliden are found in appendix II-III.   
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Figure 3.6: Horizontal grid domains for Kårehamn wind farm for the base scenario (25 × 25 grid points) with 
a grid spacing of a) 45 km, b) 15 km, c) 5 km, d) 1.5 km and e) 500 m.  
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It is possible to run TAPM for different default vertical levels. The fact that this study aimed to 
compare predicted values with observations meant that it was necessary to obtain the outputs 
from TAPM at the same vertical levels as the real measurements, namely at hub height. The hub 
height of the turbines at Rødsand II and Kårehamn did not match the default vertical levels in 
TAPM. Consequently, data from TAPM were obtained for two vertical levels and linear 
interpolation, according to equation 3.1, was thereafter applied to find the TAPM-outputs that 
corresponded to the correct heights.   
 

             𝑦Z[, =
𝑦2−𝑦1 ℎ−𝑥1
(𝑥2−𝑥1)

+ 𝑦4                (3.1)

  

𝑦Z[, = Interpolated value at hub height  
𝑦1 = TAPM value at vertical level 1 
𝑦4 = TAPM value at vertical level 2 
ℎ = Hub height                    [m] 
𝑥1 = Vertical level 1                    [m] 
𝑥4 = Vertical level 2                                         [m] 
 

The model settings for the general analysis are summarized in table 3.4. As seen, the rain option 
was switched on and the snow option was switched off, which was the default in TAPM.   
 

                                Table 3.4: TAPM model settings for the general analysis. 

	  

	  

Nested	  horizontal	  domains	  	  

45×	  45	  km	  

15	  ×	  15	  km	  

5×	  5	  km	  

1.5	  ×	  1.5	  km	  

500	  ×	  500	  m	  	  

Number	  of	  grid	  points	   25	  ×	  25	  

Vertical	   levels	   	   Rødsand	  II: 	  50	  m	  and	  75	  m	  

Kårehamn:	  75	  m	  and	  100	  m	  

Jokkmokksliden	  and	  Storliden:	  100	  m	  	  

Rain	   ON	  	  

Snow	   OFF	  

 
The model configuration for the turbine-specific analysis was almost identical to the 
configuration for the general analysis presented table 3.4. The only difference was that the grid 
spacing’s for the nested horizontal domains were changed to 40 km, 10 km, 1.5 km, 500 m and 
200 m. This was done in order to match the real positions of the wind turbines with the grid 
points more accurately.   
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3.3 Evaluation of model performance  
The performance of the model was evaluated by pairing the predicted quantities with the 
observed quantities, both in time and location. The outputs from TAPM were of hourly 
resolution. All analyses were therefore carried out on an hourly basis. This meant that the 
obtained 10-minute real-time data from Kårehamn and Rødsand II had to be converted into 
hourly average data to match the timestamp. This was done by using Pivot Tables in Microsoft 
Excel. The data from Jokkmokksliden and Storliden was already in hourly values, which meant 
that the timestamp did not have to be changed. The observational datasets also contained missing 
data. One common way of dealing with missing data is to fill the gaps, for example by using 
linear interpolation. However, filling the gaps was considered as a bad idea in this case since 
missing data appeared over long periods, up to several days. Instead, hours with no documented 
observed data was ignored when comparing predicted and observed values. This was considered 
as the best option since a large amount of valid data still was available for the analysis. 
 
In this study, all errors were calculated by subtracting the observed values from the forecasted 
values. Furthermore, four different statistical bias correction methods were implemented to 
improve the uncorrected forecasts from TAPM. Each correction method is described below.  
 
3.3.1 Simple linear scaling correction   
Initially, a simple linear scaling was applied, where the calculated NMBE based on previous time 
periods was applied as a multiplicative factor to correct hour-ahead TAPM-forecasts. The 
NMBEs were calculated based on three different historical sample data sizes (bias windows); 24 
h, 48 h, and 72 h. For example, a NMBE equalled to -0.10, based on a 24 h bias window meant 
that the predicted data for that period in average was underestimated by 10%. The bias corrected 
prediction for the next hour would therefore be calculated by multiplying the uncorrected 
prediction with a factor 1.10.   
 

3.3.2 Decaying average algorithm 
NCEP implemented a Kalman filter type algorithm for forecast systems in 2006. The algorithm 
was initially used for temperature and dew point forecasts, but has been applied to other MOS 
forecasts in the last  years. It is an algorithm with the aim to reduce the decaying averaging bias. 
The bias correction method applied in this study was inspired by this method. It utilized a 
running mean (RM) technique with a delta change approach. In simple terms, the method 
corrected future forecasts at each grid point by calculating a delta. This delta was then added or 
subtracted from the uncorrected TAPM-prediction to get the corrected prediction (CP) for time 
t+1. The delta was based on the most current error, (𝑥'()* − 𝑥+,-)()/, and the average error 
from a previous period T, dave,T, according to equation 3.2.  
 
 

   
  𝑑/01 = 1 − 𝑤 𝑑]N),^ + 𝑤(𝑥'()* − 𝑥+,-)()	  /              (3.2) 
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𝑑/01 =  Delta to apply to the current uncorrected TAPM-forecast 

𝑤 = Weight factor  

𝑑]N),^ = Average error for the previous time period T   

𝑥'()*,/ = Forecast/prediction at time t  

𝑥+,-)(,/  = Observation at time t  
 
 

The factor 0 < 𝑤 < 1, is the average decaying weight coefficient. This value was adjusted in order 
to control the influence of the most recently calculated forecast error. A higher weight factor 
means that recent biases have greater influence. NCEP uses a decaying weight of 0.02 for all their 
forecasts of temperature and dew point model data. However, studies by the Meteorological 
Developmental Laboratory (MDL), which develop and produce techniques and tools for 
improving weather predictions, have indicated that considerably higher values of the decaying 
weight coefficient might be better for MOS wind speed forecasts (Glahn, 2012).  
 
In this study, the most recently calculated forecast error, (𝑥'()* − 𝑥+,-)()/, corresponded to the 
difference between the TAPM-prediction at a specific grid point and the observation at the same 
point. If (𝑥'()* − 𝑥+,-)()/was missing due to missing observational data, the current error was 
assumed to be zero. That meant that the decayed average bias was drifted towards zero for the 
next forecast. Furthermore, two factors were adjusted to evaluate the performance of the 
decaying average algorithm, the number of days to average the previous errors and the weight 
factor. Three bias windows were tested for averaging the errors; 24 h, 48 h and 72 h. Regarding 
the weight factor, values between 0 and 1 were tested, with intervals of 0.1.  
 

3.3.3 Best easy systematic error (BES) 

Another bias correction method used in this study was based on the Best Easy Systematic 
estimator (BES). In this method, the bias-corrected parameter at time t+1 is provided by the 
BESt+1, which is based on previous forecasts according to equation 3.3. 𝑄1, 𝑄4 and 𝑄5 are the 
first, second (median) and third quartiles of the forecast error for a chosen bias window. As seen 
in the formula, this bias-corrected parameter is essentially an average of the quartiles, but with 
heavier weight given to the median. This means that approximately a quarter of the hourly 
forecasts errors are “trimmed off” which means that possible outliers are avoided when 
estimating the bias-parameter for the next forecast.         
 

              𝐵𝐸𝑆/01 =
𝑄1+2𝑄2+𝑄3

4                               (3.3) 

 

𝐵𝐸𝑆/01= best easy estimate for the next hour, t+1 
 

𝑄1 = first quartile 
 

𝑄4 = second quartile (median) 
 

𝑄5 = third quartile  
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Three bias windows were investigated; 24 h, 48 h and 72 h. Depending on the sign of the 
calculated BESt+1, it was added or subtracted from the future hour’s uncorrected TAMP-
prediction to produce a CP for the next hour. Previous work by Kay (2016) applied an extra 
correction to the BES-corrected CP, referred to as a Double Corrected Prediction (DCP), see 
equation 3.4. This correction method was shown by Kay to improve the accuracy as well as the 
timing and scale errors related with the forecasts. This extra correction was therefore applied in 
this study as well. The DCP works by taking the weighted sum of the BES-corrected CP and a 
previous observation from time T earlier. The sum is then weighted by a smoothing factor          
0 < 𝛼 < 1.  
 
                                           𝐷𝐶𝑃/01 = 𝛼𝑂(/01)D^ + (1 − 𝛼)𝐶𝑃/01                                       (3.4) 

 
𝐷𝐶𝑃/01 = Double Corrected Prediction for the next hour, t+1 
 

𝐶𝑃/01 = Corrected Prediction (BES) for the next hour, t+1 
 

𝛼 = Smoothing factor  
 

𝑂(/01)D^  = Observation at time (t+1) -T 
 

In this study, the observations, 𝑂(/01)	  D^	  , were obtained 1 hour before the hour at which the 
DCP was made, namely at T=1 h. 1 hour intervals were chosen in order to be able to compare 
the results from the different wind farms, since observational data was only available at hourly 
level for Jokkmokksliden and Storliden.   
 

3.3.5 Verification 

The performance of the uncorrected TAPM-forecasts and the bias correction methodologies 
were analysed by calculating the normalised % RMSE, MAE and MBE with respect to the 
average observations for the period of interest. As could be seen in figure 3.5, showing the 
overview of the simulation and analysis process, different periods were examined when 
evaluating the performance. Initial investigations were carried out considering the entire 
simulation period, 1 September 2013 – 31 December 2016. The data was thereafter separated by 
year and month and verifications metrics were recalculated. This was done in order to examine if 
the time of the year has an impact on the performance of the forecasts, which is interesting since 
Scandinavia experiences significant changes in the weather throughout the year. However, 
analyses on a monthly basis were only performed for 2016. Special consideration was also taken 
to periods consisting of ramp events. These periods are presented in table 3.5.    
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                                                   Table 3.5: Ramp event periods. 

Wind	  farm	  	   Ramp	  event	  	  

Rødsand	  II 	   20th	  (00:00	  UTC)	  –	  22nd	  (00:00	  UTC)	  November	  2016	  	  

Kårehamn	   27th	  (00:00	  UTC)	  –	  29th	  (00:00	  UTC)	  November	  2016	  	  

Jokkmokksliden	  and	  Storliden	   25th	  (00:00	  UTC)	  –	  27th	  (00:00	  UTC)	  November	  2016	  	  

 
Scatter plots of TAPM, Linear scaling, CPBES, DCPBES and Decaying average algorithm forecasts 
against the wind farm observations were also created. This was done in order to investigate the 
spread of data. 
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4   RESULTS AND DISCUSSION 

The results of the study are presented in this section. These include for example the performance of TAPM-
forecasts for different grid spacings and how well the bias correction methodologies performed on wind farm and 
turbine-level, respectively.  Most of the results are presented in tables and graphs as well as in text in order to make 
it more comprehensible. Additionally, all results are followed by a discussion, where the outcomes are interpreted, 
compared, critically reviewed and discussed. The discussion of the results is well connected to the objectives presented 
in the introduction.   
 

4.1 Wind analysis  
It is necessary to have a basic understanding of the weather conditions, particularly the wind 
conditions, before starting to draw conclusions about wind forecasts. A basic understanding of 
the weather characteristics at specific sites may actually indicate why forecasts are performing in 
the way they do for different geographical locations. A general analysis of the weather conditions 
at each site was therefore performed. In addition, it was of great importance to carry out a wind 
analysis for each wind farm in order to choose the most appropriate turbines to be used for the 
turbine-specific analysis of the forecast models.  

4.1.1 Rødsand II 
Figure 4.1 shows the observed average wind speed and maximum wind speed at hub height for 
Rødsand II between 1 September 2013 and 31 December 2016. As seen, the average wind speed 
was slightly higher during winter, particularly during November-January, when it reached up to 
10 m/s compared to around 6m/s during the summer months. Furthermore, it is seen that 2016 
had the lowest recorded wind speeds out of the investigated years.  
 
 

 

  Figure 4.1: Average and maximum wind speed observations on monthly basis for 2013-2016 for Rødsand II.  
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The Weibull probability density function for Rødsand II is seen in figure 4.2. This graph is based 
on data from all turbines between 1 September 2013 and 31 December 2016. For the selected 
period, the Weibull shape factor k and the Weibull scale factor, c, was found to be 2.03 and 8.60, 
respectively. As seen in the graph, wind speeds between 4-11 m/s were the most frequent ones. 
Furthermore, this graph shows that the site rarely experienced wind speeds greater than the cut-
out speed, 25 m/s, during the investigated time period.     
 

 
Figure 4.2: Weibull Probability Function for Rødsand II, based on wind speed data from all turbines between 1 
September 2013 and 31 December 2016.  
 
The average wind rose for Rødsand II is shown in figure 4.3. It is based on observations between 
1 September 2013 and 31 December 2016. The wind rose shows the frequency of occurrence of 
different wind directions. It can be seen that the predominant wind directions were west-
southwesterly (WSW), westerly (W), west-northwesterly (SSW) and west-northwesterly (WNW). 
However, the prevailing wind direction varied throughout the year. Looking at the monthly mean 
wind directions for the same period showed that west-southwesterly, westerly and southwesterly 
winds were dominant for summer, autumn and winter but not necessarily for the spring months. 
For the months of Mars to May in particular, the study indicated that the frequency of easterly 
(E) and east-northeasterly (ENE) winds were increasing.  
 



37 

            Figure 4.3: Average wind rose for Rødsand II between 1 September 2013 and 31 December 2016. 

Having this basic understanding of the prevailing wind directions at the site clarified why the 
turbines are positioned in the way they are. As seen in figure 4.4, the turbines are divided into 5 
northeast-southeast rows, which means that the turbines most of the time are facing the 
dominant wind directions. However, analysing the layout of the wind farm in more detail is 
beyond the scope of this thesis. Although, it is important to have a basic knowledge of the layout 
and the wind directions before choosing particular turbines for the turbine-specific analysis of the 
wind speed forecasts. 

Thirteen wind turbines were chosen from Rødsand II, these were: M01, M09, M18, L14, K09, 
J05, I01, I09 and I18. As seen in figure 4.4, the chosen turbines were positioned in the front row 
(M01, M09 and M18), the back row (I01, I09 and I18) as well as in the middle rows (L14, K09 
and J05). These turbines were chosen due to their different positions in order to capture 
phenomenon such as wake effects. Because of that, a forecast-analysis based on these turbines 
was considered to give an overview of the forecast performance across the entire wind farm.   

 Figure 4.4: Selected turbines from Rødsand II for the turbine-specific analysis. 
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The fact that the wind speed is directly related to the power produced by the wind turbine made 
it interesting to examine how often the wind speed occurred within the different regions of the 
corresponding power curve. This was examined for each of the chosen turbines between 1 
September 2013 and 31 December 2016. The result is presented in figure 4.5. The turbines on 
the x-axis are sorted from left to right based on how often the wind speed exceeded the cut-in 
speed. The numbers on the bars represent how often, in percentage, the wind speed occurred for 
that specific region. The result showed that the turbines rarely experienced wind speeds greater 
than 25 m/s, which explains why the cut-out region is not presented in the graph.  

Figure 4.5: The occurrence of wind speeds between 1 September 2013 and 31 December 2016 within the 
different regions  of the power curve for the chosen wind turbines at Rødsand II. 

It can be seen that the turbines in the east column and south row (M01, K01, I01, M09 and M18) 
along with the turbine in the northeast corner (I18) experienced the largest proportion of wind 
speeds within the rated region. The fact that the turbines in the first column and front row 
experienced high wind speeds was a totally expected result due to their location relative 
to the predominant wind directions, WSW, W and SSW. It was more unexpected that I18 
experienced comparably high wind speeds. One could have expected lower wind speeds due to 
wake effects from neighbouring wind turbines in the dominant wind directions. However, 
the result is probably due to the turbines’ optimal position if the winds are easterly or north-
easterly, which occurred occasionally. Previous work has shown similar result for this particular 
turbine (Hansen et al., 2015). Furthermore, the result showed that the turbines situated in the 
middle of the wind farm (L05, K09, L14, J14, J05) experienced a lower proportion of wind 
speeds within the rated region and a larger proportion below the cut-in speed. This was an 
expected outcome due to wake effects.  
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4.1.2 Kårehamn 

Figure 4.6 shows the observed average wind speed and maximum wind speed at hub height for 
Kårehamn between September 2013 and December 2016. As seen, Kårehamn experienced 
similar wind speeds as Rødsand II, which was expected since the wind farms are located relatively 
close to each other. In addition, they are both offshore wind farms. Similar to Rødsand II, the 
average wind speed was slightly higher during the winter months and lowest in the summer. 
Furthermore, 2016 had the lowest recorded wind speeds.  

 Figure 4.6: Average and maximum wind speed observations on monthly basis for 2013-2016 for Kårehamn. 

Figure 4.7 shows the average wind rose for Kårehamn based on observations for the period 1 
September 2013 and 31 December 2016. It can be seen that the prevailing wind directions are 
south-southwesterly (SSW), south-westerly (SW) and west-southwesterly (SSW). A monthly 
analysis showed that southwesterly winds were dominant for winter, spring and autumn but not 
always for the summer months. This is particularly the case between July and October, where the 
analysis indicated that the frequency of northeasterly winds tends to dominate. This basic 
knowledge about the predominant wind directions clarifies why the 16 turbines are positioned in 
one single row according to figure 4.8. This layout means that all turbines more or less are facing 
the prevailing wind directions, SSW, SW and SSW, which means that possible wake loss effects 
are minimized.     
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                            Figure 4.7: Average wind rose for Kårehamn between 2013-2016. 
 
Two wind turbines from Kårehamn were chosen for the turbine-specific analysis of the forecast 
performance, the turbine at the furthest north and the turbine furthest south, A01 and A16, see 
figure 4.8. In this case, the choice of turbines was only based upon the data available. 
Observational data was only obtained from these two turbines.    
 

 
                                 Figure 4.8: Selected turbines from Kårehamn for the turbine-specific analysis. 
 

The Weibull probability functions of the recorded wind speeds between 1 September 2013 and 
31 December 2016 for A01 and A16 are shown in figure 4.9a-b. The values of k and c were 
found to be 2.26 and 10.06 for A01 and 2.31 and 9.52 for A16. Furthermore, it is seen in the 
graphs that A01 and A16 experienced similar wind speeds, even though A01 experienced a 
slightly higher proportion of winds between 8-12 m/s.  
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(a) (b) 
Figure 4.9: Weibull Probability Functions based on wind speed data between 1 September 2013 and 31 
December 2016 for a) A01 b) A16.  

How often the wind speed occurred within the different regions of the manufacturer’s power 
curve for A01 and A016 is shown in figure 4.10. The numbers on the bars represent how often, 
in percentage, the wind speed occurred for that specific region. The result showed that the wind 
speeds above the cut-out speed of 25 m/s during the investigated period were extremely 
infrequent, it only occurred 0.1% of the time for A01 and 0% for A16. Moreover, it was seen that 
A01 experienced wind speeds in the rated region more often than A16. This was an expected 
result due to the position of the turbines, since A01 has the optimal position in relation to the 
prevailing wind directions.    

Figure 4.10: The occurrence of wind speeds within the different regions of the power curve for A01 and A16 
between 1 September 2013 and 31 December 2016.  

5,8 6,1

70,3 75,7

23,8 18,2

0

20

40

60

80

100

A01 A16

Pe
rc
en

ta
ge
	  (%

)

Wind	  turbine

Kårehamn:	  Wind	  speeds	  within	  different	  regions	  of	  the	  power	  curve	  

Below	  cut-‐in	  speed Cubic	  region Rated	  region



42 

4.1.3 Jokkmokksliden and Storliden 
The observed average wind speed and maximum wind speed at hub height for Jokkmokksliden 
and Storliden between September 2013 and December 2016 are presented in figure 4.11. It can 
be seen that the winds speeds are slightly lower compared to Kårehamn and Rødsand II. This 
was expected since Jokkmokksliden and Storliden are offshore wind farms, which means that the 
wind speed gets more affected by the roughness of the terrain and surrounding obstacles. 
However, the monthly variations were similar to Kårehamn and Rødsand, with higher recorded 
wind speeds during the winter.  

Figure 4.11: Average and maximum wind speed observations on monthly basis between 2013-2016 for 
Jokkmokksliden and Storliden.  

Figure 4.12 shows the Weibull probability function for Jokkmokksliden and Storliden together. 
This graph is based on data from all turbines between 1 September 2013 and 31 December 2016. 
It is seen that wind speeds between 4-8 m/s are the most frequent ones and that the wind speed 
rarely exceeded the rated wind speed corresponding to 13 m/s. For the selected period, the 
Weibull shape factor, k, and the Weibull scale factor, c, was found to be 2.38 and 7.69, 
respectively. 
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Figure 4.12: The average Weibull Probability Functions for Jokkmokksliden and Storliden, based on wind 
speed data between 1 September 2013 and 31 December 2016.    
 
The average wind rose for Jokkmokksliden and Storliden is shown in figure 4.13 and it is based 
on observations for the period 1 September 2013 and 31 December 2016. Compared to 
Kårehamn and Rødsand II, the wind direction at Jokkmokksliden and Storliden showed large 
variations, both on a monthly and yearly basis. However, during the investigated period, winds 
were mostly observed between south-southwesterly (SSW) and north-northwesterly (NNW).   

 
                      Figure 4.13: Average wind rose for Jokkmokksliden and Storliden between 2013-2016. 
 
Eight wind turbines were chosen for the turbine-specific analysis of the forecast performance, 
four turbines from each site; JOK01, JOK05, JOK08, JOK10, STO13, STO14, STO16 and 
STO18, see figure 4.14. These particular turbines were chosen because of their different positions 
relative to each other and in relation to the dominant wind directions. For that reason, a forecast-
analysis based on these turbines was considered to give an indication of the forecast performance 
across the whole of the wind farms.   
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How often the wind speed occurred within the different regions of the manu  facturer’s power 
curve for each of the chosen turbines is shown in figure 4.15. The turbines on the x-axis are 
sorted from left to right based on how often the wind speed exceeded the cut-in speed. The 
result showed that the turbines experienced similar wind speeds, apart from JOK10 which 
experienced a higher proportion of wind speeds within the rated region. The position of JOK10 
in the north may be one reason for this, since it is not affected by wake effects from neighboring 
wind turbines in the prevailing wind directions. However, it is hard to draw more conclusions 
without further information about the terrain and the surrounding topography.  
 
 

 
Figure 4.15: The occurrence of wind speeds within the different regions of the power curve for the chosen wind 
turbines at Jokkmokksliden and Storliden between 1 September 2013 and 31 December 2016.  
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                 Figure 4.14: Selected turbines for the turbine-specific analysis from Jokkmokksliden and Storliden. 
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4.2 General analysis 
The results presented in this section cover the general analysis, which was carried out on wind 
farm level. The result of the performance of the uncorrected TAPM predictions for each 
horizontal resolution, 500 m, 1.5 km, 5 km, 15 km and 45 km, is presented first. Figure 4.16 
shows the percent normalised RMSE with respect to the average observational wind speed for 
each wind farm. The results shown in this graph are presented for each year as well as for the 
entire period, 1 September 2013 to 31 December 2016.  

Figure 4.16: The average % normalised RMSE with respect to the average observations for TAPM for the 
horizontal resolutions of 500 m, 1.5 km, 5 km, 15 km and 45 km. 

Overall, the results showed that the NRMSE for the uncorrected TAMP-forecasts was lowest for 
Rødsand II, closely followed by Kårehamn, which means that Jokkmokksliden and Storliden 
experienced the largest amount of forecast errors. One possible explanation for these results is 
that Jokkmokksliden and Storliden are onshore windfarms, while Rødsand II and Kårehamn are 
offshore wind farms. Hence, Jokkmokksliden and Storliden are situated in more complicated 
terrain. The fact that the model is based on gridded data of terrain height, vegetation, soil type 
and synoptic meteorological data means that the surrounding terrain has a significant impact on 
the forecasts, which was shown by the results of this study.  

This study aimed to compare the performance of TAPM between Australian and Scandinavian 
conditions. The study of an onshore wind farm in Tasmania, carried out by Merlinde Kay in 
2016, showed that the % normalised RMSE on a monthly basis for 2005 with respect to the same 
horizontal resolutions was in the range between 27% and 45%. That is similar to the results seen 
in figure 4.16, which indicates that the results obtained from this study are reasonable. The study 
by Merlinde also showed that the NMBE on a monthly basis was between -8% and  -20%. This 
meant that TAPM under-predicted against observations. The NMBEs with respect to the average 
observational wind speeds for the wind farms analysed in this study are shown in figure 4.17.   
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Figure 4.17: The average % normalised MBE with respect to the average observations for TAPM for each wind 
farm and all years, for the horizontal resolutions of 500 m, 1.5 km, 5 km, 15 km and 45 km.  

It is clear that TAPM under-predicted against the observations for all wind farms. It appeared 
that the MBE was significantly lower for Rødsand II compared to Jokkmokksliden, Storliden and 
Kårehamn. This indicates that the overall model bias error is lowest for Rødsand II and highest 
for Jokkmokksliden and Storliden. This may again be explained by the fact that Rødsand II is an 
offshore wind farm while Jokkmokksliden and Storliden are onshore wind farms located in more 
complex terrain, which makes it harder for TAPM to perform accurate predictions of the wind. 
On the other hand, the MBEs for Kårehamn, which is also an offshore wind farm, turned out to 
be closer to Jokkmokksliden and Storliden than to Rødsand II. This may seem strange because 
Kårehamn and Rødsand II experiences similar conditions.  

Nevertheless, MBE should be interpreted cautiously and one need to be careful before drawing 
conclusions about the forecast performance based on MBE. The reason for that is because MBE 
expresses the average of the total errors with regard to algebraic sign. This means that if positive 
and negative errors occur, they will cancel out each other. This means that MBE may lack to 
highlight the degree of the error. This might have been the case for Rødsand II. MAE may 
however give a better indication of the performance since the signs of the errors are removed.  
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The percent normalised MAE with respect to the average observational wind speed for each 
wind farm is shown in figure 4.18. As seen, the MAEs are following the same trend as the 
RMSEs. This was expected since both MAE and RMSE express the average model prediction 
error, just with different weights.  

Figure 4.18: The average % normalised MAE with respect to the average observations for TAPM for each 
wind farm and all years, for the horizontal resolutions of 500 m, 1.5 km, 5 km, 15 km and 45 km. 

The graphs presented above, in figure 4.16, 4.17 and 4.18, showed that the average prediction 
error for the uncorrected TAPM-forecasts varied with the horizontal resolution. Additionally, it 
could be seen that the best resolution varied between the wind farms and the years. However, 
after considering all wind farms and years, it turned out that a horizontal resolution of 5 km was 
optimal. Nevertheless, the results showed that the performance between the horizontal 
resolutions were marginal when looking at ramp events when the wind speed changed radically in 
a short amount of time. Figures 4.19a-c, illustrate three different ramp events that occurred over 
a 48h period in November 2016, one for each wind farm. 

The important feature in figure 4.19a is the apparent inability of TAPM to capture the timing of 
the increase in wind speed between 08.00 UTC and 20.00 UTC on the 20th of November. In 
figure 4.19b, the most important feature is that TAPM failed to capture the sudden increase in 
wind speed around 12.00 UTC on the 27th of November. In figure 4.19c, it is seen that TAPM 
managed to capture the timing of the sudden drops and increases in wind speed relatively well for 
Jokkmokksliden and Storliden. However, the important feature in this figure is that TAPM failed 
to capture the magnitudes of the sudden changes and that the wind speed were significantly 
under-predicted by TAPM for the majority of the time over the 48h ramp event period.  
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                  (c) 
Figure 4.19: Hourly TAPM forecasts at all resolutions and the hourly observations (a) Rødsand II over the 
period 20th - 22nd November 2016 (b) Kårehamn over the period 27th – 29th November 2016 (c) 
Jokkmokksliden and Storliden over the period 25th – 27th November 2016. 
 
Furthermore, it is seen in figure 4.19a-c that the difference between the horizontal resolutions for 
TAPM was relatively small. This is most likely due to the fact that ramp events are extremely 
unpredictable, which means that even the finest resolutions found it hard to capture these 
changes. Because of this, it was hard to identify one optimal resolution for ramp events based on 
these three examples. Additional ramp events need to be analysed in order to draw any further 
conclusions. However, these graphs showed that there are noticeable amplitude errors for all 
resolutions, especially under-estimations by TAPM. Even indications of phase errors can be seen, 
in particular for Kårehamn and Jokkmokksliden and Storliden.  

4.2.1 Correction Methodology Analysis  
The following results cover the bias correction methodologies for the general analysis. All results 
presented in this section are based on the optimum resolution of 5 km which was found earlier. 
The results from the simple linear scaling correction and the decaying average algorithm were 
obtained using a 24h bias window for calculating the NMBE and the average of previous errors, 
respectively. The results from the CPBES and DCPBES were also based on a    24h bias window. A 
window of 24h was chosen for each bias correction methodology after investigating 24h, 48h and 
72h. There was a marginal difference between the bias windows, but overall, considering the 
previous 24h turned out to have the lowest RMSE and MAE.  
 
The results for the decaying average algorithm presented in this section were calculated by using a 
weight factor of 0.5. A weight factor of 0.5 was chosen after trying values between 0 and 1, with 
an interval of 0.1. There was a huge difference between different weight factors and changing the 
value had a significant effect on the results. A weight factor close to 1, meaning that the next 
forecast is particularly influenced by the most recent forecast error, provided really good results. 
However, such high weight factors failed to improve some of the phase errors associated with 
the forecast. A weight factor corresponding to 0.5 was found to better adjust both the phase and 
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amplitude errors, at the same time as improving the accuracy. This was the reason why the study 
was completed with a weight factor of 0.5 for the decaying average algorithm. The smoothing 
factor used to calculate DCPBES was also set to 0.5, based on the same reasoning as for the weight 
factor.   

Figures 4.20a-c show the normalised % RMSE for Rødsand II, Kårehamn and Jokkmokksliden 
and Storliden, with respect to the average observations for TAPM, Linear scaling, CPBES, DCPBES 
and Decaying average algorithm for each month of 2016 as well as the whole period investigated, 
1 September 2013 and 31 December 2016. As illustrated in the graphs, the greatest 
improvements for all wind farms were achieved by the implementation of the Decaying average 
algorithm and DCPBES. For example, implementing the Decaying average and DCPBES 

methodology for Rødsand II reduced the NRMSE in relation to TAPM by around   40% and 
45%, respectively. The approximate reduction of the NRMSE with respect to the TAPM for 
each bias correction methodology and wind farm is summarized in table 4.1.   
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(c) 
Figure 4.20: The % normalised RMSE with respect to the average observations for TAPM, Simple linear 
scaling, CPBES, DCPBES and Decaying average algorithm for each month of 2016 as well as the whole period 
investigated, 1 September 2013 and 31 December 2016 for; (a) Rødsand II (b) Kårehamn (c) Jokkmokksliden 
and Storliden. 

Table 4.1: The approximate reduction (on a monthly level) of the NRMSE in relation to the TAPM forecast 
for each bias correction methodology.  

Linear	  scaling	   CPBES	   DCPBES	   Decaying	  average	  

Rødsand	  II 	   5%	   12%	   45%	   40%	  

Kårehamn	   20%	   20%	   50%	   50%	  

Jokkmokksliden	  
and	  Storliden	  

30%	   40%	   65%	   60%	  

The greatest reductions of the NRMSE in relation to the TAPM-forecasts were achieved for 
Jokkmokksliden and Storliden, followed by Kårehamn. This was an unexpected result due to the 
fact that the uncorrected TAPM-forecasts for Jokkmokksliden and Storliden experienced the 
highest errors out of the three investigated wind farms. However, one possible explanation for 
the good response to the correction methodologies might be that Jokkmokksliden and Storliden 
experience more stable wind condition due to their onshore location compared to Rødsand II 
and Kårehamn. The turbines at Rødsand II and Kårehamn are on the other hand exposed to 
more extreme wind speed events and sudden changes due to their offshore location, which are 
hard for the correction methodologies to cope with.  
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Figures 4.21a to 4.21c show the percent normalised MBE for Rødsand II, 
Kårehamn, Jokkmokksliden and Storliden with respect to the average observations for 
TAPM and the bias correction methodologies. It is clear that TAPM and the simple 
linear scaling methodology under-predicted for all wind farms. The NMBE was however 
significantly reduced by the implementation of the CPBES, DCPBES and Decaying average 
algorithm. In comparison to the study that was carried out by Merlinde Kay in 2016, the 
obtained values of the NMBE for CPBES, DCPBES and Decaying average algorithm were 
really small. Kay, who also applied the CPBES and DCPBES methodology to TAPM forecasts, 
but for a wind farm situated in Tasmania, showed that the under-predictions by the TAPM 
was reduced from approximately 10-20% to 8-3% and 5-2%, respectively, with the 
implementation of the CPBES and DCPBES.  

It is worth mentioning again that MBE expresses the error with regard to algebraic sign, which 
means that positive and negative errors cancel each other out. As seen in figures 4.21a-c, the 
implementation of the CPBES and DCPBES for Rødsand II, Kårehamn, Jokkmokksliden and 
Storliden resulted in over-predictions for some months. This confirms that both positive 
and negative errors occurred. It is therefore hard, and might be misleading, to draw any 
further conclusions based on these graphs. The % normalised MAE for Rødsand II, 
Kårehamn and Jokkmokksliden and Storliden were, however, also investigated. As expected, 
the MAEs were following the same trend as the RMSEs, since both these verification 
metrics expresses the average model prediction error, just with different weights to the errors. 

(a)

-‐14 -‐12 -‐10 -‐8 -‐6 -‐4 -‐2 0 2

2013-‐2016

Dec-‐16

Nov-‐16

Oct-‐16

Sep-‐16

Aug-‐16

Jul-‐16

Jun-‐16

May-‐16

Apr-‐16

Mar-‐16

Feb-‐16

Jan-‐16

NMBE	  (%)

Rødsand	  II	  -‐ NMBE	  

TAPM Linear	  scaling	   CP-‐BES DCP-‐BES Decaying	  average	  



53 
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Figure 4.21: The % normalised MBE with respect to the average observations for TAPM, Simple linear 
scaling, CPBES, DCPBES and Decaying average algorithm for each month of 2016 as well as the whole period 
investigated, 1 September 2013 and 31 December 2016 for: (a) Rødsand II (b) Kårehamn (c) Jokkmokksliden 
and Storliden. 
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Figures 4.20a-c and 4.21a-c, shown above, illustrated that the NRMSE and NMBE varied over 
the year. The best respectively worst month in terms of NRMSE and NMBE for each wind farm 
are presented in table 4.2. As seen, the best NRMSEs and NMBEs occurred during summer and 
the worst during winter for all wind farms.       
 

                   Table 4.2: Best and worst month with respect to the NRMSE and NMBE for each wind farm. 

	   Worst	  month	   Best	  month	  

Rødsand	  II 	   	   	   May	  	   December	  	  

Kårehamn	   June	   December	  	  

Jokkmokksliden	  and	  Storliden	   August	   	   November	  	  

 
The spread of data for each of these months was investigated. This was done for the two 
correction methodologies which were found to provide the best improvement in the forecast 
errors; the DCPBES and Decaying average algorithm. The results are shown in figures 4.22a-r.  
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Figures 4.22a-r show that the TAPM forecasts improved each months when applying the DCPBES 

and Devaying average correction methodology. The improvent is also seen from the R2-values 
shown in the bottom right corner of each graph. As seen, the R2-values got significantly 
improved with each correction methodology on a monthly basis. The next step was to see how 
well the correction methodologies improved the forecasts of ramp events. Figures 4.23a-c 
illustrate the performance of TAPM, Linear scaling, CPBES, DCPBES and Decaying average 
algorithm forecasts during a ramp event for each wind farm.  
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Figure 4.22: Scatter plots of TAPM forecasts, DCPBES forecasts and the Decaying average forecast against the 
observations for the best and worst month with respect to the NRMSE and NMBE for: (a-f) Rødsand II                
(g-l) Kårehamn and (m-r) Jokkmokksliden and Storliden 
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                                                                             (a) 
	  

 
          (b) 

 

 
       (c) 

Figure 4.23: Performance of TAPM, Linear scaling, CPBES, DCPBES and Decaying average algorithm 
forecasts during the ramp events for: (a) Rødsand II over the period 20th – 22nd November 2016 (b) Kårehamn 
over the period 27th – 29th November 2016 (c) Jokkmokksliden and Storliden over the period 25th – 27th 
November 2016.  
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It is important to have in mind that most ramp events, including the ones presented in figures 
4.23a-c, occur in the cubic or rated region of the power curve. The fact that fluctuations in wind 
speed have the greatest effect on the predicted and real power output for wind speeds within the 
cubic region explains the importance of accurate forecasts of ramp events. The ramp events for 
Rødsand II and Kårehamn shown in figures 4.23a-b illustrated this in a good way. As was seen in 
these graphs, the observed wind speeds occurred in the rated regions several times, meaning that 
the turbines were operating at full capacity. The corresponding forecasted wind speeds were on 
the other hand below the rated speeds, meaning that the wind farms were predicted to be 
operating below full capacity.  
 
Nevertheless, the DCPBES and Decaying average algorithm were overall able to better capture the 
magnitude changes in the wind speed compared to the Linear scaling methodology and CPBES. 
The results also showed that the DCPBES and Decaying average algorithm were able to adjust the 
phase shift slightly better than the other methodologies. This was particularly the case for 
Jokkmokksliden and Storliden. To demonstrate the performance of each correction methodology 
more clearly, the amplitude error in wind speed for each 48h ramp event period was plotted. This 
is shown in figures 4.24a-c. Overall, it is seen that there was a skew towards under-prediction of 
the wind speed, especially for Kårehamn, Jokkmokksliden and Storliden.  
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(b) 
 

 

 
(c) 

 

Figure 4.24: Amplitude error in wind speed for TAPM, the Simple linear scaling, the CPBES methodology, the 
DCPBES methodology and Decaying average algorithm for: (a) Rødsand II over the period 20th - 22nd November 
2016 (b) Kårehamn over the period 27th – 29th November 2016 (c) Jokkmokksliden and Storliden over the 
period 25th – 27th November 2016.  
 
The next step in order to test the performance of the correction methodologies was to investigate 
how often the forecasts under or over-predicted against observations within the cubic regions. As 
noted earlier, the cubic region (region III) is critical due to the non-linear relationship between 
wind speed and power output. This relationship means that inaccurate wind speed predictions 
result in even more incorrect predictions of wind power output. Incorrect forecasts make it 
harder for system planners and operators to maintain the balance in the power system, which is 
essential for keeping a reliable power supply. Another reason for investigating the cubic regions 
for each wind farm was because 75-85% of the observational data turned out to fall into these 
wind speed ranges. Figures 4.25a-c show the frequency of occurrence of amplitude errors in wind 
speed for the different forecasts from 1 September 2013 − 31 December 2016 for wind speeds 
within the cubic regions for each wind farm.   
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(a) 

 
(b) 

 
(c) 

Figure 4.25: Frequency of occurrence of wind speed amplitude errors for TAPM, the Simple linear scaling, the 
CPBES methodology, the DCPBES methodology and Decaying average algorithm for: a) Rødsand II, cubic region 4-
13 m/s b) Kårehamn, cubic region 3-12 m/s c) Jokkmokksliden and Storliden, cubic region 3-13 m/s.  
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The shape of the graphs in figures 4.25a-c reveals information about the performance of each 
correction methodology. It is seen that there was a skew towards under prediction for TAPM and 
the Linear scaling correction methodology. The amplitude error for the CPBES, DCPBES and 
Decaying average algorithm forecasts were, on the other hand, almost symmetrical distributed 
around 0 m/s, or slightly skewed towards over prediction. It is also clear that the forecasts were 
following the same trend for all wind farms. The curves are wide and short for the uncorrected 
TAPM, Linear scaling and CPBES forecasts, and narrow and high for the DCPBES and Decaying 
average algorithm forecasts. This illustrates that the implementation of the DCPBES and Decaying 
average algorithm reduced large errors and successfully brought down the percentage of under 
and over-predictions compared to the other methodologies. For example, the percentage of 
amplitude errors between -1 m/s and 1 m/s for the uncorrected TAPM-forecasts was almost 
doubled for Rødsand II and Kårehamn when applying the DCPBES and Decaying average 
algorithm, and more than tripled for Jokkmokksliden and Storliden. The percentage of large 
amplitude errors (greater than ±5 m/s) and marginal errors (less than ± 1m/s) for each 
correction methodology are presented in table 4.3.  

Table 4.3: Percentage of large (greater than ± 5m/s) and marginal (less than ± 1 m/s) amlitude errors in wind 
speed within the cubic region for the different forecasts from 1 September 2013 to 31 December 2016.  

	   TAPM	   Linear	  
scaling	  	  

CP-‐BES	   DCP-‐BES	   Decaying	  
average	  

	  

Rødsand	  II 	   Large	  errors	  (%)	  
Minimal	  errors	  (%)	  

38.17	  
4.15	  

40.09	  
3.63	  

42.80	  
3.42	  

60.96	  
0.66	  

61.62	  
0.72	  

	  

Kårehamn	   Large	  errors	  (%)	  
Minimal	  errors	  (%)	  

33.93	  
4.25	  

42.85	  
1.94	  

38.76	  
2.03	  

58.10	  
0.26	  

51.22	  
0.59	  

Jokkmokksliden	  
and	  Storliden	  

Large	  errors	  (%)	  
Minimal	  errors	  (%)	  

21.40	  
9.52	  

38.86	  
4.13	  

49.72	  
1.38	  

70.15	  
0.04	  

67.18	  
0.03	  

 
As mentioned in section 2.3 Wind data analysis, the cut-out region (region IV) is also critical when 
predicting wind speeds, due to the fact that the power output can drop from rated power to zero 
output with only a small change in wind speed. How often the forecasts over-predicted wind 
speeds greater than the cut-out speed was therefore of interest to investigate. Such predictions 
would incorrectly indicate that the wind farm should be at zero power, when it is actually at full 
power output. The other way around was also investigated, namely how often the forecasts 
under-predicted wind speeds lower than the cut-out speed. Incorrect predictions of that kind 
erroneously imply that the wind farm should be at full capacity, when it is actually at zero power 
output. Tables 4.4 and 4.5 indicate that these two types of incorrected predictions almost never 
occurred for the investigated wind farms.  
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Table 4.4: How often (%) TAPM, Linear scaling, CPBES, DCPBES and Decaying average algorithm over-
predicted wind speeds greater than cut-out speed for the period 1 September – 31 December 2016. 

Wind	  farm	   TAPM	   Linear	  
scaling	   CPBES	   DCPBES	  

Decaying	  
average	  

Rødsand	  II 	   0.021%	   0.059%	   0.063%	   0.054%	   0.035%	  

Kårehamn	   0%	   0%	   0%	   0%	   0%	  

Jokkmokksliden	  
and	  Storliden	   0%	   0%	   0%	   0%	   0%	  

 

Table 4.5: How often (%) TAPM, Linear scaling, CPBES, DCPBES and Decaying average algorithm under-
predicted wind speeds lower than cut-out speed for the period 1 September – 31 December 2016. 

Wind	  farm	   TAPM	   Linear	  
scaling	   CPBES	   DCPBES	  

Decaying	  
average	  

Rødsand	  II 	   0.031%	   0.021%	   0.014%	   0.017%	   0.014%	  

Kårehamn	   0.038%	   0.038%	   0.038%	   0.034%	   0.027%	  

Jokkmokksliden	  
and	  Storliden	   0%	   0%	   0%	   0%	   0%	  
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4.3 Turbine-specific analysis  
The results presented in this section cover the turbine-specific analysis, which was carried out for 
each wind farm. The main aim of this analysis was to examine if there was a significant difference 
in performance of the TAPM-forecasts between different turbines in the same wind farm due to 
their positions.  

4.3.1 Rødsand II 
Table 4.6 shows the average wind speed observations for each of the selected wind turbines at 
Rødsand II for each month of 2016. This table visualizes how the recorded wind speed varied 
between the turbines as well as between the months. A red, yellow and green colour scale was 
applied in order to highlight high, middle and low average wind speeds, respectively. The highest 
wind speeds have red colour cells and the lowest wind speed cells have a dark green colour. The 
column furthest to the right shows the difference between the highest and lowest average wind 
speed for each turbine. It is seen that the difference between the observed monthly wind speed 
averages varied between approximately 1.20 m/s and 1.70 m/s. It is clear that M09 experienced 
the highest wind speeds, followed by K01, I01 and I18. The lowest wind speeds were 
experienced by J14, followed by J05 and I09. The fact that the turbines in the first column and 
front row experienced high wind speeds was expected due to their location relative to the 
predominant wind directions, WSW, W and SSW. Furthermore, it was expected that the turbines 
situated in the middle of the wind farm experienced lower wind speeds because of phenomenon 
such as wake effects from neighboring turbines.    

 
Table 4.6: Average wind speed observations (m/s) for each month of 2016 for the selected wind turbines at 
Rødsand II. 

	  
I01	   I09	   I18	   J05	   J14	   K01	   K09	   K18	   L05	   L14	   M01	   M09	   M18	   Diff	  	  

Jan	  	   9.06	   8.29	   9.17	   8.21	   8.20	   9.44	   8.63	   8.74	   8.80	   8.92	   8.83	   9.79	   9.24	   1.58	  
Feb	   9.34	   8.42	   8.90	   8.28	   8.07	   9.61	   8.58	   8.29	   8.82	   8.72	   8.83	   9.77	   8.77	   1.70	  
Mar	   6.64	   5.80	   6.65	   5.80	   5.44	   6.83	   5.90	   5.85	   6.09	   5.93	   6.30	   7.10	   6.24	   1.66	  
Apr	   7.38	   6.59	   7.18	   6.46	   6.13	   7.61	   6.61	   6.44	   6.68	   6.66	   7.01	   7.59	   6.88	   1.49	  
May	   7.40	   6.67	   7.42	   6.39	   6.11	   7.43	   6.32	   6.50	   6.57	   6.50	   6.86	   7.33	   6.89	   1.32	  
Jun	   6.14	   5.45	   6.00	   5.33	   5.01	   6.14	   5.32	   5.35	   5.56	   5.44	   5.60	   6.20	   5.70	   1.19	  
Jul	   6.77	   5.90	   6.54	   5.94	   5.62	   7.01	   6.02	   5.96	   6.27	   6.21	   6.23	   7.15	   6.45	   1.53	  

Aug	   7.31	   6.32	   6.87	   6.41	   5.98	   7.61	   6.49	   6.35	   6.74	   6.65	   6.72	   7.62	   6.82	   1.64	  
Sep	   6.38	   5.77	   6.36	   5.69	   5.42	   6.44	   5.75	   5.85	   5.90	   5.96	   6.02	   6.73	   6.33	   1.31	  
Oct	   7.36	   6.94	   7.77	   6.64	   6.57	   7.47	   6.82	   7.10	   6.83	   6.92	   6.83	   7.52	   7.34	   1.20	  
Nov	   8.60	   8.03	   8.74	   7.86	   7.71	   9.02	   8.09	   8.09	   8.28	   8.28	   8.41	   9.03	   8.47	   1.31	  
Dec	   9.26	   8.33	   8.95	   8.25	   7.87	   9.62	   8.22	   8.22	   8.70	   8.51	   8.95	   9.62	   8.58	   1.75	  
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Table 4.7 shows the uncorrected TAPM-forecasts for the same turbines and the same period. 
Comparing the values in table 4.6 and 4.7 indicate that it was hard for TAPM to capture 
interactions between the turbines which affect the wind speed, such as wake effects. This is 
particularly seen in the column to the right, which shows that there was a minimal difference 
between the forecasted wind speeds among the turbines compared to the measured wind speeds. 
In addition, the red, yellow and green colour scale visualizes that the TAPM-forecasted values 
were more spread-out across the wind farm compared to the observations. The observations 
seen in table 4.6, showed clearer and more consistent “high wind-speed turbines” and “low wind-
speed turbines”, respectively.   
 

Table 4.7: Average TAPM forecasts (m/s) for each month of 2016 for the choosen wind turbines at Rødsand 
II. 

	  
I01	   I09	   I18	   J05	   J14	   K01	   K09	   K18	   L05	   L14	   M01	   M09	   M18	   Diff	  

Jan	   8.39	   8.42	   8.43	   8.43	   8.44	   8.38	   8.43	   8.43	   8.44	   8.44	   8.39	   8.45	   8.44	   0.07	  
Feb	   8.25	   8.30	   8.32	   8.30	   8.33	   8.23	   8.32	   8.33	   8.31	   8.32	   8.23	   8.33	   8.34	   0.11	  
Mar	   5.81	   5.82	   5.82	   5.83	   5.85	   5.81	   5.83	   5.83	   5.84	   5.83	   5.81	   5.86	   5.84	   0.05	  
Apr	   6.24	   6.18	   6.25	   6.18	   6.18	   6.24	   6.18	   6.25	   6.19	   6.23	   6.24	   6.19	   6.25	   0.08	  
May	   6.31	   6.22	   6.34	   6.23	   6.25	   6.32	   6.23	   6.36	   6.23	   6.36	   6.34	   6.25	   6.38	   0.16	  
Jun	   5.04	   5.00	   5.05	   5.01	   5.01	   5.04	   4.99	   5.05	   5.01	   5.02	   5.04	   5.01	   5.05	   0.06	  
Jul	   5.84	   5.70	   5.84	   5.70	   5.70	   5.84	   5.68	   5.82	   5.69	   5.81	   5.84	   5.67	   5.82	   0.17	  

Aug	   6.53	   6.37	   6.54	   6.37	   6.36	   6.52	   6.37	   6.54	   6.37	   6.53	   6.52	   6.37	   6.54	   0.18	  
Sep	   5.48	   5.52	   5.49	   5.52	   5.52	   5.48	   5.51	   5.49	   5.52	   5.48	   5.48	   5.52	   5.49	   0.04	  
Oct	   7.98	   7.87	   8.02	   7.86	   7.89	   7.98	   7.91	   8.03	   7.89	   8.04	   7.98	   7.93	   8.03	   0.18	  
Nov	   8.28	   8.24	   8.34	   8.21	   8.26	   8.25	   8.27	   8.35	   8.23	   8.37	   8.25	   8.28	   8.35	   0.16	  
Dec	   8.89	   8.78	   8.97	   8.77	   8.77	   8.87	   8.80	   8.98	   8.78	   8.97	   8.87	   8.80	   8.99	   0.22	  

 
 
Figure 4.26 shows the % normalised RMSE with respect to the average observational wind speed 
for each wind turbine. The result shown in this graph is presented for 2016 and the turbines on 
the x-axis are sorted from left to right based on the size of the RMSE TAPM error. It is seen that 
there was a slight difference in the performance of the uncorrected TAPM predictions between 
the turbines. The best performance was obtained for M01, K09 and M018, while the worst was 
found for K01, followed by M09 and I01. A pattern was seen after comparing the observational 
data in table 4.6 with the graph in figure 4.26. Namely that the NRMSEs were lowest for the 
turbines that experience medium wind speeds among the selected turbines (yellow and orange 
columns) and lowest for the turbines that experience the highest wind speeds (red columns).   
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     Figure 4.26: The % normalised RMSE with respect to the average observations for each turbine for 2016.  
 
Figure 4.27 shows the % normalised MBE for the same turbines and the same period. As seen, 
TAPM under-predicted for most turbines. This was an expected result since it has been shown 
by previous studies, as well as in this study, that TAPM tends to systematically under-predict 
against observations. However, it is illustrated by the graph that the wind speed was over-
predicted or slightly under-predicted for a few turbines, I09, K09, L14 and J14, J05, K18, 
respectively. This was also an expected result since these turbines are positioned in the middle or 
back end of Rødsand II and are therefore exposed to wake effects from neighboring turbines. 
This causes a notable decrease of the incoming wind speed, which turned out to be hard for 
TAPM to capture.     

 
     Figure 4.27: The % normalised MBE with respect to the average observations for each turbine for 2016. 
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One could have expected the uncorrected TAPM-forecasts to be much better for the turbines 
positioned in the first column and the front row, since these turbines experience minimal wake 
loss effects due to their location relative to the predominant wind directions. These turbines are 
instead exposed to more or less undisturbed free-stream conditions most of the time. However, 
the results showed the opposite. One explanation may be that TAPM has a tendency to 
systematically under-predict against observations. This was probably the case for these 
undisturbed wind turbines. Additionally, the fact that TAPM has a tendency to systematically 
under-predict may be an explanation for why the RMSE TAPM error was lower for wind 
turbines such as K09 and M18, which experience wake effects. It is possible that the under-
prediction feature of TAPM “corrected” the forecasts of these turbines. In other words, the 
under-predictions adjusted for the wind speed reductions caused by the wake effects.   
 
Furthermore, the greatest difference was observed for the Simple linear scaling correction, which 
performed much better on turbine-level compared to wind farm-level. However, the greatest 
improvements were still achieved by the implementation of the Decaying average algorithm and 
the DCPBES.  
  

4.3.2 Kårehamn 

The average wind speed observations for the two selected wind turbines at Kårehamn for each 
month of 2016 are presented in table 4.8. The highest wind speeds have red colour cells and the 
lowest wind speed cells are green. As seen, A01 experienced slightly higher monthly average wind 
speeds, even if the difference was small. This was an expected result due to the location of these 
turbines, since A01 has the optimal position in relation to the prevailing wind direction. Table 4.9 
shows the TAPM-forecasts for the same turbines and period. It is clear that TAPM was able to 
capture the differences between the turbines. Namely, that A01 overall experienced marginally 
higher wind speeds compared to A16. However, the real difference in the wind speed between 
the turbines turned out to be greater than TAPM predicted.   
 
Table 4.8: Average wind speed observations (m/s)  
for each month of 2016 for A01 and A16 at Kårehamn. 
 

 	   A01	   A16	   Diff	  	  
Jan	  	   8.74	   9.92	   1.17	  
Feb	   8.62	   8.94	   0.32	  
Mar	   6.56	   6.83	   0.27	  
Apr	   7.90	   8.31	   0.41	  
May	   6.55	   7.00	   0.46	  
Jun	   7.07	   7.44	   0.36	  
Jul	   6.26	   6.38	   0.12	  

Aug	   7.39	   7.57	   0.19	  
Sep	   6.41	   6.68	   0.27	  
Oct	   10.52	   10.57	   0.05	  
Nov	   9.98	   10.25	   0.27	  

	  	  	  	  	  Dec	   9.34	   9.54	   0.20	  
     

	  
A01	   A16	   Diff	  

Jan	   7.65	   7.74	   0.08	  
Feb	   7.22	   7.37	   0.15	  
Mar	   5.30	   5.37	   0.07	  
Apr	   5.82	   5.89	   0.07	  
May	   4.83	   4.82	   0.01	  
Jun	   4.83	   4.88	   0.06	  
Jul	   4.83	   4.94	   0.10	  

Aug	   6.28	   6.35	   0.07	  
Sep	   5.14	   5.21	   0.07	  
Oct	   9.69	   9.74	   0.05	  
Nov	   8.68	   8.74	   0.06	  
Dec	   8.64	   8.76	   0.12	  

Table 4.9: Average TAPM forecasts (m/s) for 
each month of 2016 for A01 and A16 at 
Kårehamn. 
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The fact that the turbines at Kårehamn wind farm are positioned in one single row means that all 
turbines more or less are facing the prevailing wind directions. This means that wake losses are 
minimized. The difference in forecast error between these two turbines was therefore expected to 
be small, which also was shown by the results. The % normalised RMSE with respect to the 
average observational wind speed for each turbine is shown in figure 4.28 and the % normalised 
MBE is presented in figure 4.29. As seen, the NRMSEs and NMBEs were almost identical for 
the two turbines. The errors were just slightly higher for A16, probably due to possible wake 
effects, which were hard for TAPM to capture.  
 

 
   Figure 4.28: The % normalised RMSE with respect to the average observations for each turbine for 2016. 
 
 

 
     Figure 4.29: The % normalised MBE with respect to the average observations for each turbine for 2016. 
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4.3.3 Jokkmokksliden and Storliden  

The average wind speed observations for the eight selected wind turbines from Jokkmokksliden 
and Storliden for each month of 2016 are shown in table 4.10.  Table 4.11 shows the uncorrected 
TAPM-predictions for the same turbines and period. The column furthest to the right in each of 
these tables shows the difference between the highest and lowest average wind speeds for the 
turbines for each month. The values in these columns denoted that the turbines experienced 
greater variations among each other compared to what TAPM predicted, which was observed for 
Rødsand II as well. However, in comparison to Rødsand II, TAMP seemed to capture the 
differences between the wind turbines at Jokkmokksliden and Storliden relatively well. In other 
words, TAPM managed to distinguish between turbines that overall experienced higher and 
lower wind speeds. As seen in table 4.10, the turbines at Jokkmokksliden generally experienced 
stronger winds compared to the turbines at Storliden, and the same depiction is seen in table 
4.11, even though the differences between the turbines were smaller for the TAPM-forecasts.  
 
The difference in layouts between Jokkmokksliden, Storliden and Rødsand II is one possible 
explanation why TAPM managed to better capture this difference for Jokkmokksliden and 
Storliden. As has been shown earlier, the turbines at Jokkmokksliden are basically positioned in 
one single row, where all turbines more or less are facing the prevailing wind directions. The 
turbines at Storliden are positioned in two rows. These layouts minimize wake effects. This 
means that the wind speed that different turbines experience relies heavily on the surrounding 
terrain rather than their position relative to each other. The turbines at Rødsand II are, on the 
other hand, placed in distinct rows and columns, which means that the position of the turbines in 
relation to each other has a significant impact on the wind speeds that each turbine experiences. 
The effect of the surrounding terrain is considered by TAPM, while the position of turbines 
relative each other are not captured. This is a potential explanation for why TAPM was not 
capable of capturing the difference between the turbines at Rødsand II as good as for the 
turbines at Jokkmokksliden and Storliden.   
 

Table 4.10: Average wind speed observations (m/s) for each month of 2016 for the choosen wind turbines at 
Jokkmokksliden and Storliden. 

	  
JOK01	   JOK05	   JOK08	   JOK10	   STO13	   STO14	   STO16	   STO18	   Diff	  

Jan	   6.83	   7.17	   6.56	   8.84	   6.50	   6.85	   5.77	   6.52	   3.07	  
Feb	   7.04	   7.08	   6.94	   9.38	   6.65	   7.19	   6.41	   6.92	   2.97	  
Mar	   6.67	   6.72	   6.53	   8.22	   6.42	   6.75	   6.15	   6.68	   2.07	  
Apr	   6.13	   6.05	   5.81	   6.08	   5.69	   5.93	   5.50	   5.82	   0.63	  
May	   5.62	   5.37	   5.29	   5.62	   5.27	   5.41	   5.18	   5.41	   0.44	  
Jun	   6.67	   6.46	   6.30	   6.52	   6.17	   6.41	   6.03	   6.26	   0.64	  
Jul	   5.39	   5.29	   5.38	   5.31	   5.11	   5.33	   4.88	   5.25	   0.50	  

Aug	   6.41	   5.83	   5.71	   5.99	   5.68	   5.88	   5.47	   6.01	   0.94	  
Sep	   6.18	   6.12	   5.83	   6.40	   5.86	   5.89	   5.25	   5.81	   1.15	  
Oct	   5.11	   5.82	   5.60	   5.88	   5.15	   5.43	   4.57	   5.07	   1.31	  
Nov	   6.78	   7.26	   6.62	   7.16	   6.71	   7.00	   5.75	   6.64	   1.51	  
Dec	   9.16	   9.84	   9.91	   9.88	   8.90	   9.63	   8.09	   9.39	   1.83	  

 



69 
 

 

Table 4.11: Average TAPM forecasts (m/s) for each month of 2016 for the choosen wind turbines at 
Jokkmokksliden and Storliden. 

	  
JOK01	   JOK05	   JOK08	   JOK10	   STO13	   STO14	   STO16	   STO18	   Diff	  

Jan	   4.92	   5.43	   5.25	   4.73	   4.76	   4.76	   4.78	   4.83	   0.70	  
Feb	   5.26	   5.81	   5.70	   5.21	   5.22	   5.25	   5.22	   5.31	   0.60	  
Mar	   4.93	   5.48	   5.47	   5.06	   5.01	   5.05	   5.04	   5.18	   0.55	  
Apr	   4.29	   4.41	   4.19	   4.12	   4.11	   4.07	   4.23	   4.16	   0.34	  
May	   3.77	   4.06	   3.99	   3.70	   3.66	   3.68	   3.67	   3.74	   0.40	  
Jun	   5.02	   5.19	   5.08	   4.73	   4.76	   4.75	   4.77	   4.76	   0.46	  
Jul	   4.06	   4.23	   4.15	   3.88	   3.88	   3.89	   3.88	   3.91	   0.35	  

Aug	   4.26	   4.46	   4.33	   4.05	   4.06	   4.07	   4.08	   4.11	   0.41	  
Sep	   4.33	   4.71	   4.64	   4.32	   4.31	   4.33	   4.36	   4.43	   0.40	  
Oct	   4.53	   4.95	   4.81	   4.22	   4.20	   4.23	   4.21	   4.29	   0.74	  
Nov	   5.58	   5.99	   5.74	   5.43	   5.46	   5.45	   5.54	   5.56	   0.56	  
Dec	   6.83	   7.88	   8.02	   6.72	   6.85	   6.96	   6.55	   6.94	   1.47	  

 
 
The % normalised RMSE with respect to the average observational wind speed for each turbine 
is shown in figure 4.30. The results are presented for 2016 and the turbines on the x-axis are 
sorted from left to right based on the size of the RMSE TAPM error. Figure 4.31 shows the % 
normalised MBE for the same turbines and the same period. It can be seen from these figures 
that TAPM along with all correction methodologies under-predicted the wind speed for each 
turbine. In addition, these graphs show that the correction methodologies reduced the error for 
each turbine, with the greatest improvements achieved when applying the Decaying average 
algorithm and the DCPBES.  
 
Furthermore, these graphs indicate that the same phenomenon that occurred for Rødsand II 
occurred for Jokkmokksliden and Storliden. Namely that TAPM performed comparably bad for 
turbines that experience minimal wake loss effects from neighboring turbines. For example, it 
was seen that the RMSE TAPM error was highest for JOK10, while it was lower for turbines that 
most likely gets more affected by wake effects, such as JOK05, JOK08 and STO13. Once again, 
this may be explained by the fact that TAPM tends to systematically under-predicts, which means 
that the under predictions “adjusted” for the wind speed reductions caused by the wake effects, 
resulting in lower errors.  
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    Figure 4.30: The % normalised RMSE with respect to the average observations for each turbine for 2016. 
 
 

 
   Figure 4.31: The % normalised MBE with respect to the average observations for each turbine for 2016. 
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4.3.4 Cubic region  

How often the forecasts under or over- predicted against observations within the cubic region 
was also investigated on turbine-level. Tables showing the percentage distribution of amplitude 
error in wind speeds within the cubic region between 1 January 2016 and 31 December 2016 for 
each turbine are found in appendix IV-VI. A red, yellow and green colour scale was applied to 
the cells in order to highlight high, middle and low percentages, respectively. The highest 
frequencies have red colour cells and the lowest have green colour cells. The results shown in 
these tables indicate that the amplitude error on turbine-level followed the same trend as on wind 
farm-level. Namely, that there was an overall skew towards under prediction for TAPM and the 
Linear scaling correction methodology, and almost symmetrical distributed amplitude errors 
around 0 m/s for the CPBES, DCPBES and Decaying average algorithm forecasts. However, the 
size of the amplitude error differed between the turbines within the same windfarm. The greatest 
difference was seen for the turbines at Rødsand II. This was an expected outcome due to the 
previous results presented in this report which have shown that the forecast performance varies 
between the turbines, for example because of wake effects.   
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5   CONCLUSIONS  

The conclusions based on the findings of the study are presented in this section. All conclusions are strongly 
connected to the aims and objectives of this study, which were presented in the introduction. Additionally, this 
section includes suggestions for further studies of the accuracy of site-specific wind power forecasts in Scandinavia.  
 
Increasing the penetration of intermittent renewable resources, such as wind power, into existing 
and future grids gives rise to problems related to grid stability. Accurate and reliable wind energy 
forecasts are therefore getting more important in managing power systems. This study 
investigated the accuracy of site-specific wind speed forecasts for four different Scandinavian 
wind farms; Rødsand II, Kårehman, Jokkmokksliden and Storliden. The main purpose of the 
study was to find out if the implementation of bias correction methodologies can improve the 
accuracy of uncorrected TAPM-forecasts. Additionally, the study aimed to evaluate and compare 
the performance of TAPM-forecasts between Scandinavian and Australian (Tasmanian) 
conditions, as well as between the geographical locations of the selected wind farms. Studies of 
weather patterns showed that the selected wind farms experience different weather conditions. 
Jokkmokksliden and Storliden experience slightly lower wind speeds compared to Rødsand II 
and Kårehman. Differences were also seen in temperature and wind direction due the 
geographical locations.  
 
Results were obtained both on wind farm and turbine level for different periods, ranging from 
the entire simulation period, 1 September 2013 – 31 December 2016, down to ramp events on 
hourly time scales. According to the results, TAPM-forecasts varied with the horizontal 
resolution for each wind farm. Although, the best resolution was found to be 5 km. The results 
also indicated that TAPM systematically under-predicated against observation for the selected 
wind farms most of the time. The overall accuracy and the magnitude of forecast errors for 
uncorrected TAPM-forecasts were, however, seen to vary throughout the year, with the best 
performance during summer and the worst during winter. The performance of TAPM-forecasts 
also varied between turbines within the same wind farm. The results showed that the magnitude 
of forecast errors was lowest for turbines which experience high degrees of shadowing from 
upstream turbines. This led to the conclusion that the under-prediction feature of TAPM 
“adjusted” for the wind speed reductions caused by wake effects, which unsuspectingly improved 
the overall accuracy for these turbines.   
 
Furthermore, the results showed clearly that the implementation of bias correction 
methodologies improved the overall accuracy of the uncorrected TAPM-forecasts. 
Improvements were seen in both amplitude and phase errors. The greatest enhancements were 
achieved by the implementation of the DCPBES method and Decaying average algorithm. For 
example, the NRMSE of wind speed was reduced by approximately 45% for “hour ahead” 
forecasts for Rødsand II and Kårehman and by as much as 65% for Jokkmokksliden and 
Storliden when full bias correction was applied. The noticeable improvements when applying the 
DCPBES and the Decaying average algorithm may therefore lead to potential significance for wind 
farm management and scheduling of different power plants in order to maintain the balance in 
the system and ensuring a secure and economical energy supply.  
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To conclude, the results presented in this paper have shown that TAPM, a NWP model 
developed in Australia, can be applied at sites with completely different weather conditions with 
moderately good results. However, due to the limited time frame and other research limitations, 
it was not possible to include all aspects when evaluating the performance of the uncorrected 
TAPM-forecasts and the bias correction methodologies. Many areas are therefore interesting for 
future work. For example, the model centers in this study were chosen as the central points of 
the wind farms. Thus, one interesting feature for further studies would be to consider 
information from several grid points, even grid points near the wind farms, in order to get a 
better picture of the wind conditions in the region of interest. Further studies should also 
investigate the performance of the forecasts for more ramp events. Moreover, the results from 
this study indicated that forecast errors and bias vary seasonally and geographically. Longer time 
scales and seasons are therefore recommended for future studies. It would also be interesting to 
expand the study and consider additional wind farms in Scandinavia in order to investigate the 
impact of the geographical location and different weather conditions even further.  
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APPENDIX 1 – coordinates for the chosen turbines 

The following tables show the latitude and longitude coordinates corresponding to each of the 
chosen turbine for: a) Rødsand II b) Kårehamn c) Jokkmokksliden and Storliden 
   

                                                                    a)	  Rødsand	  II	  

	   Latitude	  (°N)	   Longitude	  (°E)	  

Model	  centre	  (centre	  coordinates)	   54.56	   11.54	  

I01	   54.58	   11.49	  

I09	   54.57	   11.55	  

I18	   54.56	   11.62	  

J05	   54.57	   11.51	  

J14	   54.56	   11.59	  

K01	   54.58	   11.47	  

K09	   54.56	   11.54	  

K18	   54.54	   11.62	  

L05	   54.56	   11.50	  

L14	   54.54	   11.58	  

M01	   54.57	   11.46	  

M09	   54.54	   11.53	  

M18	   54.53	   11.62	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

b)	  Kårehamn	  

	   Latitude	  (°N)	   Longitude	  (°E)	  

Model	  centre	  (centre	  coordinates)	   56.99	   17.01	  

A01	   57.00	   17.00	  

A16	   56.97	   17.05	  

	  

c)	  Jokkmokksliden	  and	  Storliden	  

	   Latitude	  (°N)	   Longitude	  (°E)	  

Model	  centre	  (centre	  coordinates)	   65.26	   18.95	  

JOK01	   65.26	   18.95	  

JOK05	   65.28	   18.96	  

JOK08	   65.29	   18.97	  

JOK10	   65.30	   18.95	  

STO13	   65.22	   18.91	  

STO14	   65.21	   18.93	  

STO16	   65.22	   18.90	  

STO18	   65.22	   18.92	  
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APPENDIX 2 – Horizontal grid domains for Rødsand II 

Horizontal grid domains for Rødsand II for the general analysis (25 × 25 grid points) with a grid 
spacing of a) 45 km, b) 15 km, c) 5 km, d) 1.5 km and e) 500 m. 
 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  a)	  45	  km	  	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  b)	  15	  km 

	  	  	  	  	  	  	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  
  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  c)	  5	  km	  	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  d)	  1.5	  km	  

                                                                

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  e)	  1.5	  km	   	   	   	   	  	  
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APPENDIX 3 – Horizontal grid domains for 
Jokkmokksliden and Storliden  
Horizontal grid domains for Rødsand II for the general analysis (25 × 25 grid points) with a grid 
spacing of a) 45 km, b) 15 km, c) 5 km, d) 1.5 km and e) 500 m. 
 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  a)	  45	  km	  	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  b)	  15	  km 

                        
  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  c)	  5	  km	  	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  d)	  1.5	  km	  

                                         
	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  e)	  500	  m	  
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APPENDIX 4 - Percentage distribution of amplitude error 
in wind speed within the cubic region for Rødsand II at 
turbine-level  
  
The following tables show the percentage distribution of wind speed amplitude errors (m/s) 
within the cubic region between 1 January 2016 and 31 December 2016 for each turbine for             
a) TAPM b) The simple linear methodology c) The CPBES methodology d) The DCPBES 
methodology e) The Decaying average algorithm 

	  

a)	  TAPM 
(m/s)	   I01	   I09	   I18	   J05	   J14	   K01	   K09	   K18	   L05	   L14	   M01	   M09	   M18	  
v	  <	  -‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	   0.1	   0.0	   0.0	   0.1	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.1	  
-‐8	  ≤	  v	  <	  -‐7	   0.3	   0.1	   0.2	   0.1	   0.1	   0.3	   0.2	   0.2	   0.2	   0.1	   0.3	   0.3	   0.3	  
-‐7	  ≤	  v	  <	  -‐6	   0.6	   0.4	   0.6	   0.4	   0.3	   0.8	   0.4	   0.4	   0.5	   0.7	   0.4	   0.9	   0.7	  
-‐6	  ≤	  v	  <	  -‐5	   1.5	   1.1	   1.4	   0.7	   0.7	   1.6	   0.8	   1.0	   0.8	   0.9	   1.2	   1.9	   1.6	  
-‐5	  ≤	  v	  <	  -‐4	   4.2	   2.0	   3.7	   1.8	   1.4	   4.7	   1.8	   1.9	   2.2	   2.5	   2.3	   5.1	   3.0	  
-‐4	  ≤	  v	  <	  -‐3	   7.9	   5.2	   7.1	   4.3	   3.7	   9.0	   5.1	   4.4	   6.3	   5.2	   6.4	   10.0	   6.7	  
-‐3	  ≤	  v	  <	  -‐2	   13.7	   10.8	   12.3	   9.5	   7.6	   14.2	   10.1	   9.8	   12.1	   10.4	   12.3	   14.6	   12.3	  
-‐2	  ≤	  v	  <	  -‐1	   17.9	   15.9	   17.8	   16.0	   14.2	   19.0	   16.5	   15.6	   16.8	   16.8	   17.9	   20.6	   17.1	  
-‐1	  ≤	  v	  <	  0	   19.0	   19.7	   20.7	   21.2	   19.9	   19.4	   21.8	   20.6	   22.1	   21.7	   20.8	   20.3	   22.4	  
0	  ≤	  v	  <	  1	   16.0	   20.2	   17.5	   20.5	   21.7	   15.3	   19.6	   20.1	   18.0	   18.4	   18.9	   14.2	   17.5	  
1	  ≤	  v	  <	  2	   10.4	   13.0	   11.7	   13.3	   16.4	   9.3	   13.2	   15.1	   12.2	   13.3	   11.3	   7.8	   11.7	  
2	  ≤	  v	  <	  3	   5.3	   7.6	   4.8	   7.9	   9.2	   4.1	   7.0	   7.5	   6.0	   6.9	   5.6	   2.8	   4.6	  
3	  ≤	  v	  <	  4	   2.2	   2.6	   1.8	   3.2	   3.4	   1.7	   2.3	   2.4	   2.1	   2.2	   1.8	   1.2	   1.4	  
4	  ≤	  v	  <	  5	   0.8	   1.0	   0.4	   0.9	   1.0	   0.5	   1.0	   0.8	   0.6	   0.7	   0.6	   0.2	   0.6	  
5	  ≤	  v	  <	  6	   0.2	   0.3	   0.1	   0.2	   0.3	   0.1	   0.1	   0.1	   0.1	   0.1	   0.2	   0.0	   0.1	  
6	  ≤	  v	  <	  7	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
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    b)	  The	  Simple	  Linear	  Scaling	  methodology 
 

(m/s)	   I01	   I09	   I18	   J05	   J14	   K01	   K09	   K18	   L05	   L14	   M01	   M09	   M18	  
v	  <	  -‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.2	   0.1	   0.1	   0.0	   0.2	   0.1	   0.0	   0.2	   0.2	   0.2	   0.2	   0.3	   0.2	  
-‐7	  ≤	  v	  <	  -‐6	   0.4	   0.4	   0.3	   0.4	   0.4	   0.4	   0.4	   0.4	   0.4	   0.4	   0.5	   0.4	   0.6	  
-‐6	  ≤	  v	  <	  -‐5	   1.0	   1.2	   0.7	   1.0	   1.1	   0.9	   1.2	   1.2	   0.9	   1.2	   0.9	   0.7	   1.2	  
-‐5	  ≤	  v	  <	  -‐4	   2.4	   2.7	   2.4	   2.2	   2.6	   2.3	   2.1	   2.4	   2.2	   2.9	   2.4	   2.3	   2.4	  
-‐4	  ≤	  v	  <	  -‐3	   6.4	   6.0	   5.5	   6.0	   6.2	   6.3	   5.9	   5.7	   6.0	   5.9	   5.3	   6.0	   5.8	  
-‐3	  ≤	  v	  <	  -‐2	   11.3	   10.6	   10.5	   11.6	   11.6	   11.1	   10.8	   11.0	   11.4	   10.7	   11.7	   12.1	   11.8	  
-‐2	  ≤	  v	  <	  -‐1	   17.4	   18.2	   17.3	   17.9	   18.7	   17.4	   18.9	   19.0	   18.3	   18.3	   17.4	   16.9	   18.1	  
-‐1	  ≤	  v	  <	  0	   20.5	   21.6	   21.4	   21.8	   21.9	   21.2	   21.8	   21.5	   21.9	   20.7	   22.5	   20.8	   21.5	  
0	  ≤	  v	  <	  1	   17.0	   18.8	   18.7	   19.1	   17.9	   16.7	   18.5	   18.4	   18.4	   18.8	   18.6	   19.0	   18.3	  
1	  ≤	  v	  <	  2	   12.0	   11.8	   12.3	   11.7	   11.2	   12.6	   11.8	   11.4	   11.7	   11.5	   12.4	   11.9	   11.2	  
2	  ≤	  v	  <	  3	   6.9	   5.6	   6.8	   5.8	   5.4	   6.5	   5.5	   5.6	   5.5	   6.0	   5.4	   5.9	   5.8	  
3	  ≤	  v	  <	  4	   3.0	   2.1	   2.7	   1.8	   2.0	   2.8	   2.2	   2.3	   2.2	   2.3	   1.7	   2.4	   2.3	  
4	  ≤	  v	  <	  5	   1.2	   0.7	   0.9	   0.6	   0.6	   1.1	   0.7	   0.6	   0.6	   0.9	   0.7	   0.9	   0.6	  
5	  ≤	  v	  <	  6	   0.3	   0.2	   0.2	   0.1	   0.2	   0.3	   0.1	   0.1	   0.2	   0.2	   0.1	   0.3	   0.2	  
6	  ≤	  v	  <	  7	   0.1	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

 
 

	  	  	  	  	  	  	  	  	  	  	  c)	  The	  CPBES	  methodology 
(m/s)	   I01	   I09	   I18	   J05	   J14	   K01	   K09	   K18	   L05	   L14	   M01	   M09	   M18	  
<-‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

(-‐10)-‐(-‐9)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐9)-‐(-‐8)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐8)-‐(-‐7)	   0.1	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.1	   0.1	   0.1	   0.0	  
(-‐7)-‐(-‐6)	   0.2	   0.2	   0.1	   0.1	   0.2	   0.1	   0.1	   0.2	   0.1	   0.2	   0.2	   0.2	   0.2	  
(-‐6)-‐(-‐5)	   0.6	   0.5	   0.4	   0.5	   0.4	   0.7	   0.4	   0.5	   0.5	   0.5	   0.6	   0.5	   0.6	  
(-‐5)-‐(-‐4)	   1.8	   1.8	   1.7	   1.2	   1.4	   1.6	   1.4	   1.5	   1.2	   1.6	   1.3	   1.4	   1.5	  
(-‐4)-‐(-‐3)	   4.2	   4.2	   3.6	   3.6	   3.8	   4.0	   3.4	   3.6	   3.7	   4.0	   3.8	   3.9	   3.9	  
(-‐3)-‐(-‐2)	   8.8	   8.3	   8.0	   8.3	   8.9	   8.5	   9.1	   8.9	   8.9	   8.7	   8.6	   8.5	   8.8	  
(-‐2)-‐(-‐1)	   15.4	   16.5	   15.8	   17.8	   17.4	   15.5	   17.6	   17.1	   16.9	   16.3	   15.8	   15.8	   16.5	  
(-‐1)-‐(-‐0)	   21.7	   23.9	   22.9	   24.0	   24.9	   22.1	   23.4	   24.2	   24.3	   23.7	   24.6	   22.4	   24.3	  
0-‐1	   20.2	   22.4	   22.1	   22.1	   22.2	   20.3	   22.8	   22.1	   21.8	   22.4	   22.8	   22.0	   22.0	  
1.-‐2	   14.2	   12.9	   14.5	   13.4	   12.3	   14.4	   12.3	   13.2	   13.1	   13.1	   13.1	   13.4	   12.6	  
2.-‐3	   7.6	   6.2	   6.4	   5.9	   5.6	   7.3	   6.1	   5.5	   5.9	   5.9	   5.9	   7.3	   6.1	  
3.-‐4	   3.0	   2.2	   3.0	   2.2	   2.0	   3.2	   2.2	   2.1	   2.5	   2.3	   2.0	   2.8	   2.5	  
4.-‐5	   1.5	   0.7	   1.1	   0.6	   0.7	   1.4	   0.7	   0.7	   0.7	   0.8	   0.7	   1.3	   0.8	  
5.-‐6	   0.4	   0.1	   0.3	   0.1	   0.2	   0.5	   0.2	   0.2	   0.3	   0.3	   0.3	   0.4	   0.2	  
6.-‐7	   0.2	   0.1	   0.1	   0.0	   0.0	   0.2	   0.1	   0.1	   0.0	   0.0	   0.0	   0.2	   0.0	  
7.-‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	  
8.-‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9.-‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
>10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
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	  	  	  	  	  d)	  The	  DCPBES	  methodology 
(m/s)	   I01	   I09	   I18	   J05	   J14	   K01	   K09	   K18	   L05	   L14	   M01	   M09	   M18	  
<-‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

(-‐10)-‐(-‐9)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐9)-‐(-‐8)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐8)-‐(-‐7)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐7)-‐(-‐6)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐6)-‐(-‐5)	   0.1	   0.1	   0.0	   0.1	   0.1	   0.2	   0.1	   0.0	   0.0	   0.1	   0.1	   0.1	   0.0	  
(-‐5)-‐(-‐4)	   0.3	   0.3	   0.2	   0.1	   0.2	   0.3	   0.2	   0.2	   0.2	   0.2	   0.3	   0.2	   0.1	  
(-‐4)-‐(-‐3)	   1.2	   1.1	   0.9	   0.9	   0.8	   1.0	   0.7	   0.8	   0.9	   1.0	   0.8	   1.0	   1.0	  
(-‐3)-‐(-‐2)	   4.3	   4.2	   4.0	   4.1	   4.2	   4.7	   4.0	   4.0	   4.0	   4.5	   4.1	   4.0	   4.1	  
(-‐2)-‐(-‐1)	   15.3	   15.6	   14.3	   15.3	   15.7	   14.5	   15.7	   15.1	   15.7	   15.4	   15.0	   15.0	   15.3	  
(-‐1)-‐(-‐0)	   31.4	   33.6	   33.0	   34.3	   35.1	   31.5	   34.0	   35.1	   34.2	   33.0	   34.6	   32.2	   34.9	  
0-‐1	   29.1	   30.5	   31.2	   30.6	   30.0	   29.3	   31.4	   30.7	   30.6	   30.8	   30.8	   30.3	   30.4	  
1.-‐2	   13.6	   11.7	   12.5	   11.5	   10.8	   13.4	   10.7	   11.1	   11.0	   11.3	   11.5	   12.6	   11.0	  
2.-‐3	   3.8	   2.4	   2.9	   2.6	   2.5	   4.1	   2.7	   2.5	   2.7	   3.0	   2.2	   3.6	   2.7	  
3.-‐4	   0.8	   0.4	   0.6	   0.3	   0.5	   0.9	   0.4	   0.3	   0.5	   0.5	   0.4	   0.7	   0.4	  
4.-‐5	   0.2	   0.1	   0.2	   0.1	   0.1	   0.1	   0.1	   0.1	   0.0	   0.1	   0.1	   0.2	   0.1	  
5.-‐6	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	  
6.-‐7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
7.-‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8.-‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9.-‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
>10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

 
 

	  	  	  	  	  	  	  	  	  	  e)	  The	  Decaying	  average	  algorithm 

	  
I01	   I09	   I18	   J05	   J14	   K01	   K09	   K18	   L05	   L14	   M01	   M09	   M18	  

<-‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐10)-‐(-‐9)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐9)-‐(-‐8)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐8)-‐(-‐7)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐7)-‐(-‐6)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
(-‐6)-‐(-‐5)	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	   0.1	   0.0	   0.1	   0.0	   0.1	   0.0	  
(-‐5)-‐(-‐4)	   0.3	   0.3	   0.2	   0.2	   0.1	   0.2	   0.2	   0.2	   0.2	   0.2	   0.3	   0.3	   0.1	  
(-‐4)-‐(-‐3)	   1.3	   1.1	   1.1	   1.0	   0.9	   1.3	   0.9	   0.9	   0.9	   1.0	   0.8	   1.0	   1.1	  
(-‐3)-‐(-‐2)	   4.4	   4.3	   3.9	   4.4	   4.4	   4.5	   3.9	   4.2	   4.2	   4.9	   4.2	   4.1	   4.2	  
(-‐2)-‐(-‐1)	   16.2	   16.5	   15.3	   16.1	   16.7	   15.0	   16.8	   16.0	   16.5	   16.2	   15.9	   15.9	   16.4	  
(-‐1)-‐(-‐0)	   30.6	   32.8	   31.4	   32.8	   34.0	   30.7	   32.6	   34.1	   33.4	   32.0	   33.2	   31.2	   33.5	  
0-‐1	   28.2	   29.3	   30.4	   29.9	   29.1	   28.5	   30.8	   29.5	   29.0	   29.7	   30.3	   29.2	   29.3	  
1.-‐2	   13.7	   12.3	   13.4	   12.3	   11.4	   14.1	   11.1	   11.6	   12.2	   11.9	   12.0	   13.3	   11.6	  
2.-‐3	   4.3	   2.9	   3.4	   2.9	   2.6	   4.4	   3.1	   2.9	   2.7	   3.2	   2.6	   4.0	   3.0	  
3.-‐4	   0.8	   0.3	   0.6	   0.4	   0.6	   1.0	   0.5	   0.4	   0.7	   0.6	   0.5	   0.7	   0.4	  
4.-‐5	   0.1	   0.1	   0.2	   0.0	   0.1	   0.1	   0.1	   0.1	   0.0	   0.1	   0.1	   0.1	   0.1	  
5.-‐6	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.1	   0.0	  
6.-‐7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
7.-‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8.-‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9.-‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
>10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
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APPENDIX 5 - Percentage distribution of amplitude error 
in wind speed within the cubic region for Kårehamn at 
turbine-level   

The following tables show the percentage distribution of wind speed amplitude errors (m/s) 
within the cubic region between 1 January 2016 and 31 December 2016 for each turbine for             
a) TAPM b) The simple linear methodology c) The CPBES methodology d) The DCPBES 
methodology e) The Decaying average algorithm 
 
 

 

 
 

 
 

(m/s)	   A01	   A16	  
v	  <	  -‐10	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.2	  
-‐8	  ≤	  v	  <	  -‐7	   0.6	   0.6	  
-‐7	  ≤	  v	  <	  -‐6	   0.9	   1.1	  
-‐6	  ≤	  v	  <	  -‐5	   2.3	   3.3	  
-‐5	  ≤	  v	  <	  -‐4	   5.4	   6.6	  
-‐4	  ≤	  v	  <	  -‐3	   9.7	   10.6	  
-‐3	  ≤	  v	  <	  -‐2	   15.1	   16.4	  
-‐2	  ≤	  v	  <	  -‐1	   17.0	   17.2	  
-‐1	  ≤	  v	  <	  0	   21.5	   18.2	  
0	  ≤	  v	  <	  1	   14.5	   12.5	  
1	  ≤	  v	  <	  2	   8.3	   7.5	  
2	  ≤	  v	  <	  3	   3.1	   3.4	  
3	  ≤	  v	  <	  4	   1.2	   1.6	  
4	  ≤	  v	  <	  5	   0.2	   0.4	  
5	  ≤	  v	  <	  6	   0.0	   0.2	  
6	  ≤	  v	  <	  7	   0.0	   0.1	  
7	  ≤	  v	  <	  8	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	  

(m/s)	   A01	   A16	  
v	  <	  -‐10	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.1	   0.2	  
-‐7	  ≤	  v	  <	  -‐6	   0.5	   0.6	  
-‐6	  ≤	  v	  <	  -‐5	   1.2	   1.2	  
-‐5	  ≤	  v	  <	  -‐4	   2.5	   3.0	  
-‐4	  ≤	  v	  <	  -‐3	   5.5	   5.9	  
-‐3	  ≤	  v	  <	  -‐2	   10.5	   12.0	  
-‐2	  ≤	  v	  <	  -‐1	   16.9	   16.3	  
-‐1	  ≤	  v	  <	  0	   22.3	   20.6	  
0	  ≤	  v	  <	  1	   20.5	   19.3	  
1	  ≤	  v	  <	  2	   13.4	   12.0	  
2	  ≤	  v	  <	  3	   6.2	   6.7	  
3	  ≤	  v	  <	  4	   2.6	   2.8	  
4	  ≤	  v	  <	  5	   0.8	   1.1	  
5	  ≤	  v	  <	  6	   0.1	   0.4	  
6	  ≤	  v	  <	  7	   0.0	   0.1	  
7	  ≤	  v	  <	  8	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  a)	  TAPM	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  b)	  The	  Simple	  Linear	  Scaling	  methodology	  	  	  	  	   
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(m/s)	   A01	   A16	  
v	  <	  -‐10	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.0	   0.0	  
-‐7	  ≤	  v	  <	  -‐6	   0.2	   0.3	  
-‐6	  ≤	  v	  <	  -‐5	   0.7	   0.9	  
-‐5	  ≤	  v	  <	  -‐4	   1.6	   2.1	  
-‐4	  ≤	  v	  <	  -‐3	   3.4	   3.5	  
-‐3	  ≤	  v	  <	  -‐2	   7.5	   7.8	  
-‐2	  ≤	  v	  <	  -‐1	   14.6	   14.3	  
-‐1	  ≤	  v	  <	  0	   22.6	   20.3	  
0	  ≤	  v	  <	  1	   23.8	   22.3	  
1	  ≤	  v	  <	  2	   15.6	   14.9	  
2	  ≤	  v	  <	  3	   7.9	   8.6	  
3	  ≤	  v	  <	  4	   3.3	   4.2	  
4	  ≤	  v	  <	  5	   1.3	   2.1	  
5	  ≤	  v	  <	  6	   0.5	   0.7	  
6	  ≤	  v	  <	  7	   0.1	   0.2	  
7	  ≤	  v	  <	  8	   0.0	   0.1	  
8	  ≤	  v	  <	  9	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	  

(m/s)	   A01	   A16	  
v	  <	  -‐10	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.0	   0.0	  
-‐7	  ≤	  v	  <	  -‐6	   0.0	   0.0	  
-‐6	  ≤	  v	  <	  -‐5	   0.0	   0.1	  
-‐5	  ≤	  v	  <	  -‐4	   0.3	   0.3	  
-‐4	  ≤	  v	  <	  -‐3	   1.1	   1.3	  
-‐3	  ≤	  v	  <	  -‐2	   4.1	   4.6	  
-‐2	  ≤	  v	  <	  -‐1	   13.4	   13.4	  
-‐1	  ≤	  v	  <	  0	   31.0	   29.9	  
0	  ≤	  v	  <	  1	   34.2	   31.4	  
1	  ≤	  v	  <	  2	   13.9	   14.8	  
2	  ≤	  v	  <	  3	   4.5	   5.0	  
3	  ≤	  v	  <	  4	   0.7	   1.2	  
4	  ≤	  v	  <	  5	   0.1	   0.3	  
5	  ≤	  v	  <	  6	   0.0	   0.0	  
6	  ≤	  v	  <	  7	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	  

(m/s)	   A01	   A16	  
v	  <	  -‐10	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.0	   0.0	  
-‐7	  ≤	  v	  <	  -‐6	   0.0	   0.0	  
-‐6	  ≤	  v	  <	  -‐5	   0.0	   0.0	  
-‐5	  ≤	  v	  <	  -‐4	   0.3	   0.3	  
-‐4	  ≤	  v	  <	  -‐3	   0.9	   1.2	  
-‐3	  ≤	  v	  <	  -‐2	   4.3	   4.5	  
-‐2	  ≤	  v	  <	  -‐1	   13.8	   14.1	  
-‐1	  ≤	  v	  <	  0	   30.6	   29.2	  
0	  ≤	  v	  <	  1	   33.4	   31.0	  
1	  ≤	  v	  <	  2	   14.7	   15.0	  
2	  ≤	  v	  <	  3	   4.4	   5.3	  
3	  ≤	  v	  <	  4	   0.7	   1.2	  
4	  ≤	  v	  <	  5	   0.1	   0.3	  
5	  ≤	  v	  <	  6	   0.0	   0.0	  
6	  ≤	  v	  <	  7	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  a)	  The	  CPBES	  methodology	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  b)	  The	  DCPBES	  methodology 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  e)	  The	  Decaying	  Average	  algorithm	   
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APPENDIX 6 - Percentage distribution of amplitude error 
in wind speed within the cubic region for Jokkmokksliden 
and Storliden at turbine-level   

 
The following tables show the percentage distribution of wind speed amplitude errors (m/s) 
within the cubic region between 1 January 2016 and 31 December 2016 for each turbine for              
a) TAPM b) The simple linear methodology c) The CPBES methodology d) The DCPBES 
methodology e) The Decaying average algorithm 
 

a)	  TAPM 
(m/s)	   JOK01	   JOK05	   JOK08	   JOK10	   STO13	   STO14	   STO16	   STO18	  
v	  <	  -‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.1	   0.0	   0.0	   0.2	   0.1	   0.1	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.1	   0.1	   0.1	   1.0	   0.2	   0.3	   0.1	   0.3	  
-‐7	  ≤	  v	  <	  -‐6	   0.7	   0.6	   0.4	   3.0	   0.6	   1.1	   0.3	   0.8	  
-‐6	  ≤	  v	  <	  -‐5	   2.6	   2.3	   1.6	   7.0	   2.0	   3.0	   0.8	   2.2	  
-‐5	  ≤	  v	  <	  -‐4	   6.9	   5.4	   3.8	   10.4	   4.8	   5.7	   2.8	   5.6	  
-‐4	  ≤	  v	  <	  -‐3	   12.7	   9.8	   8.9	   15.4	   10.9	   12.3	   8.4	   10.2	  
-‐3	  ≤	  v	  <	  -‐2	   20.8	   18.0	   17.2	   19.0	   19.3	   21.0	   17.5	   20.3	  
-‐2	  ≤	  v	  <	  -‐1	   22.7	   21.7	   24.7	   20.1	   25.3	   24.8	   24.9	   24.8	  
-‐1	  ≤	  v	  <	  0	   17.9	   20.7	   22.6	   15.0	   21.8	   19.5	   22.8	   20.6	  
0	  ≤	  v	  <	  1	   9.5	   12.9	   12.8	   6.4	   10.5	   8.8	   14.1	   10.7	  
1	  ≤	  v	  <	  2	   3.6	   5.3	   5.4	   2.1	   3.8	   2.7	   6.0	   3.7	  
2	  ≤	  v	  <	  3	   1.7	   2.1	   1.9	   0.4	   0.8	   0.6	   1.9	   0.8	  
3	  ≤	  v	  <	  4	   0.5	   0.8	   0.4	   0.1	   0.1	   0.0	   0.2	   0.1	  
4	  ≤	  v	  <	  5	   0.1	   0.1	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
5	  ≤	  v	  <	  6	   0.1	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
6	  ≤	  v	  <	  7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
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     b)	  The	  Simple	  Linear	  Scaling	  methodology	  	  	  	  	   
(m/s)	   JOK01	   JOK05	   JOK08	   JOK10	   STO13	   STO14	   STO16	   STO18	  
v	  <	  -‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.1	   0.1	   0.1	   0.1	   0.1	   0.1	   0.0	   0.1	  
-‐7	  ≤	  v	  <	  -‐6	   0.1	   0.1	   0.2	   0.5	   0.1	   0.2	   0.2	   0.1	  
-‐6	  ≤	  v	  <	  -‐5	   0.8	   0.6	   0.4	   1.3	   0.5	   0.6	   0.4	   0.8	  
-‐5	  ≤	  v	  <	  -‐4	   2.0	   1.9	   1.6	   3.8	   1.6	   2.1	   1.0	   1.6	  
-‐4	  ≤	  v	  <	  -‐3	   5.8	   5.0	   3.9	   7.8	   4.6	   5.0	   3.5	   4.7	  
-‐3	  ≤	  v	  <	  -‐2	   11.8	   10.8	   9.1	   13.9	   10.6	   11.5	   9.2	   10.7	  
-‐2	  ≤	  v	  <	  -‐1	   20.4	   18.9	   19.3	   20.6	   19.1	   19.8	   20.0	   19.7	  
-‐1	  ≤	  v	  <	  0	   23.6	   23.0	   25.5	   22.4	   25.9	   25.1	   27.3	   25.0	  
0	  ≤	  v	  <	  1	   18.9	   20.2	   22.3	   17.4	   21.9	   20.5	   23.0	   21.8	  
1	  ≤	  v	  <	  2	   9.9	   11.5	   11.1	   7.9	   10.4	   9.6	   10.7	   10.3	  
2	  ≤	  v	  <	  3	   4.4	   4.9	   4.4	   3.1	   3.6	   3.6	   3.4	   3.7	  
3	  ≤	  v	  <	  4	   1.5	   1.9	   1.5	   0.9	   1.1	   1.2	   1.0	   1.1	  
4	  ≤	  v	  <	  5	   0.5	   0.7	   0.5	   0.2	   0.3	   0.4	   0.2	   0.2	  
5	  ≤	  v	  <	  6	   0.1	   0.1	   0.1	   0.1	   0.1	   0.1	   0.1	   0.1	  
6	  ≤	  v	  <	  7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

 
 

 c)	  The	  CPBES	  methodology           
(m/s)	   JOK01	   JOK05	   JOK08	   JOK10	   STO13	   STO14	   STO16	   STO18	  
v	  <	  -‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐7	  ≤	  v	  <	  -‐6	   0.1	   0.1	   0.1	   0.1	   0.1	   0.2	   0.1	   0.1	  
-‐6	  ≤	  v	  <	  -‐5	   0.4	   0.4	   0.3	   0.5	   0.2	   0.4	   0.3	   0.4	  
-‐5	  ≤	  v	  <	  -‐4	   1.2	   1.2	   1.0	   1.2	   0.8	   0.9	   0.8	   1.1	  
-‐4	  ≤	  v	  <	  -‐3	   2.5	   2.8	   2.4	   3.4	   2.6	   2.9	   2.0	   2.4	  
-‐3	  ≤	  v	  <	  -‐2	   6.9	   6.8	   5.7	   6.8	   6.5	   6.4	   5.5	   6.8	  
-‐2	  ≤	  v	  <	  -‐1	   14.9	   14.9	   14.5	   13.7	   15.0	   15.1	   14.9	   14.8	  
-‐1	  ≤	  v	  <	  0	   25.9	   24.8	   27.4	   25.3	   26.2	   25.7	   29.1	   25.7	  
0	  ≤	  v	  <	  1	   24.8	   24.9	   27.1	   25.7	   27.5	   26.6	   28.4	   27.4	  
1	  ≤	  v	  <	  2	   14.2	   14.1	   13.6	   14.1	   14.1	   13.7	   13.5	   13.8	  
2	  ≤	  v	  <	  3	   6.0	   6.1	   5.1	   5.7	   4.8	   5.4	   4.3	   5.5	  
3	  ≤	  v	  <	  4	   2.1	   2.6	   1.7	   2.4	   1.6	   1.8	   0.8	   1.6	  
4	  ≤	  v	  <	  5	   0.7	   0.8	   0.7	   0.8	   0.4	   0.7	   0.2	   0.4	  
5	  ≤	  v	  <	  6	   0.2	   0.3	   0.2	   0.2	   0.1	   0.2	   0.1	   0.0	  
6	  ≤	  v	  <	  7	   0.0	   0.1	   0.1	   0.1	   0.0	   0.1	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

 
 
 

d)	  The	  DCPBES	  methodology	  
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(m/s)	   JOK01	   JOK05	   JOK08	   JOK10	   STO13	   STO14	   STO16	   STO18	  
v	  <	  -‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐7	  ≤	  v	  <	  -‐6	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐6	  ≤	  v	  <	  -‐5	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐5	  ≤	  v	  <	  -‐4	   0.1	   0.0	   0.1	   0.1	   0.1	   0.2	   0.1	   0.1	  
-‐4	  ≤	  v	  <	  -‐3	   0.6	   0.7	   0.5	   0.7	   0.7	   0.8	   0.4	   0.7	  
-‐3	  ≤	  v	  <	  -‐2	   3.5	   3.5	   2.8	   3.8	   3.0	   3.1	   2.6	   3.3	  
-‐2	  ≤	  v	  <	  -‐1	   12.8	   12.9	   11.4	   12.8	   12.7	   12.6	   11.6	   12.4	  
-‐1	  ≤	  v	  <	  0	   34.6	   33.7	   35.9	   33.1	   34.7	   34.3	   38.5	   34.9	  
0	  ≤	  v	  <	  1	   33.7	   34.1	   35.9	   33.9	   35.9	   34.7	   36.2	   35.1	  
1	  ≤	  v	  <	  2	   12.1	   11.7	   10.7	   12.2	   10.9	   11.4	   9.4	   11.5	  
2	  ≤	  v	  <	  3	   2.2	   2.6	   2.0	   2.6	   1.7	   2.2	   1.1	   1.8	  
3	  ≤	  v	  <	  4	   0.3	   0.5	   0.4	   0.6	   0.2	   0.4	   0.1	   0.2	  
4	  ≤	  v	  <	  5	   0.0	   0.1	   0.1	   0.1	   0.0	   0.1	   0.0	   0.0	  
5	  ≤	  v	  <	  6	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
6	  ≤	  v	  <	  7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

 

 
e)	  The	  Decaying	  Average	  algorithm	  

(m/s)	   JOK01	   JOK05	   JOK08	   JOK10	   STO13	   STO14	   STO16	   STO18	  
v	  <	  -‐10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

-‐10	  ≤	  v	  <	  -‐9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐9	  ≤	  v	  <	  -‐8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐8	  ≤	  v	  <	  -‐7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐7	  ≤	  v	  <	  -‐6	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐6	  ≤	  v	  <	  -‐5	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
-‐5	  ≤	  v	  <	  -‐4	   0.1	   0.1	   0.1	   0.1	   0.1	   0.1	   0.1	   0.1	  
-‐4	  ≤	  v	  <	  -‐3	   0.7	   0.7	   0.5	   0.8	   0.6	   0.9	   0.4	   0.8	  
-‐3	  ≤	  v	  <	  -‐2	   3.8	   3.6	   2.9	   3.8	   3.2	   3.2	   2.8	   3.1	  
-‐2	  ≤	  v	  <	  -‐1	   12.9	   13.7	   11.9	   13.5	   13.2	   13.2	   12.3	   12.9	  
-‐1	  ≤	  v	  <	  0	   33.9	   32.9	   35.4	   32.1	   33.4	   33.3	   37.1	   34.0	  
0	  ≤	  v	  <	  1	   33.4	   32.9	   35.1	   33.4	   35.4	   33.8	   35.6	   34.3	  
1	  ≤	  v	  <	  2	   12.5	   12.6	   11.2	   12.9	   11.7	   12.6	   10.2	   12.3	  
2	  ≤	  v	  <	  3	   2.4	   2.8	   2.3	   2.7	   2.0	   2.3	   1.4	   2.1	  
3	  ≤	  v	  <	  4	   0.3	   0.6	   0.4	   0.6	   0.3	   0.5	   0.1	   0.2	  
4	  ≤	  v	  <	  5	   0.1	   0.1	   0.1	   0.1	   0.0	   0.1	   0.0	   0.0	  
5	  ≤	  v	  <	  6	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
6	  ≤	  v	  <	  7	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
7	  ≤	  v	  <	  8	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
8	  ≤	  v	  <	  9	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
9	  ≤	  v	  <	  10	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  
10	  <	  v	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	   0.0	  

 




