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Abstract (English) 
 
For the construction of a wind farm, one needs to assess the wind resources of the 
considered site location. Using reference time series from numerical weather prediction 
models, global assimilation databases or observations close to the area considered, the on-
site measured wind speeds and wind directions are corrected in order to represent the 
actual long-term wind conditions. This long-term correction (LTC) is in the typical case 
performed by making use of the linear regression within the Measure-Correlate-Predict 
(MCP) method. This method and two other methods, Sector-Bin (SB) and Synthetic Time 
Series (ST), respectively, are used for the determination of the uncertainties that are 
associated with LTC. 
 
The test area that has been chosen in this work, is located in the region of the North Sea, 
using 22 quality controlled meteorological (met) station observations from offshore or 
nearby shore locations in Denmark, Norway and Sweden. The time series that has been 
used cover the eight year period from 2002 to 2009 and the year with the largest 
variability in the wind speeds, 2007, is used as the short-term measurement period. The 
long-term reference datasets that have been used are the Weather Research and Forecast 
model, based on both ECMWF Interim Re-Analysis (ERA-Interim) and National Centers for 
Environmental Prediction Final Analysis (NCEP/FNL), respectively and additional reference 
datasets of Modern Era Re-Analysis (MERRA) and QuikSCAT satellite observations. The long-
term period for all of the reference datasets despite QuikSCAT, correspond to the one of 
stations observations. The QuikSCAT period of observations used cover the period from 
November 1st, 1999 until October 31st, 2009. 
 
The analysis is divided into three parts. Initially, the uncertainty connected to the 
corresponding reference dataset, when used in LTC method, is investigated. Thereafter 
the uncertainty due to the concurrent length of the on-site measurements and reference 
dataset is analyzed. Finally, the uncertainty is approached using a re-sampling method of 
the Non-Parametric Bootstrap. The uncertainty of the LTC method SB, for a fixed 
concurrent length of the datasets is assessed by this methodology, in an effort to create a 
generic model for the estimation of uncertainty in the predicted values for SB. 
 
The results show that LTC with WRF model datasets based on NCEP/FNL and ERA-Interim, 
respectively, is slightly different, but does not deviate considerably in comparison when 
comparing with met station observations. The results also suggest the use of MERRA 
reference dataset in connection with long-term correction methods. However, the datasets 
of QuikSCAT does not provide much information regarding the overall quality of long-term 
correction, and a different approach than using station coordinates for the withdrawal of 
QuikSCAT time series is preferred. Additionally, the LTC model of Sector-Bin is found to be 
robust against variation in the correlation coefficient between the concurrent datasets. 
For the uncertainty dependence of concurrent time, the results show that an on-site 
measurement period of one consistent year or more, gives the lowest uncertainties 
compared to measurements of shorter time. An additional observation is that the standard 
deviation of long-term corrected means decreases with concurrent time. Despite the 
efforts of using the re-sampling method of Non-Parametric Bootstrap the estimation of the 
uncertainties is not fully determined. However, it does give promising results that are 
suggested for investigation in further work. 
 
Keywords: Uncertainty, Long-term-correction, Measure-Correlate-Predict, Sector-Bin, 
Synthetic time series, Reference dataset, Weather observation stations, WRF, MERRA, 
QuikSCAT, NCEP/FNL, Bootstrap, sampling, North Sea. 



 

 

Abstract (Swedish) 
 
För att bygga en vindkraftspark är man i behov av att kartlägga vindresurserna i det 
aktuella området. Med hjälp av tidsserier från numeriska vädermodeller (NWP), globala 
assimileringsdatabaser och intilliggande observationer korrigeras de uppmätta 
vindhastigheterna och vindriktningarna för att motsvara långtidsvärdena av 
vindförhållandena. Dessa långtidskorrigeringsmetoder (LTC) genomförs generellt sett med 
hjälp av linjär regression i Mät-korrelera-predikera-metoden (MCP). Denna metod, och två 
andra metoder, Sektor-bin (SB) och Syntetiska tidsserier (ST), används i denna rapport för 
att utreda de osäkerheter som är knutna till långtidskorrigering. 
 
Det testområde som är valt för analys i denna rapport omfattas av Nordsjöregionen, med 
22 meteorologiska väderobservationsstationer i Danmark, Norge och Sverige. Dessa 
stationer är till största del belägna till havs eller vid kusten. Tidsserierna som används 
täcker åttaårsperioden från 2002 till 2009, där det året med högst variabilitet i uppmätt 
vindhastighet, år 2007, används som den korta mätperiod som blir föremål för 
långtidskorrigeringen. De långa referensdataseten som använts är 
väderprediktionsmodellen WRF ( Weather Research and Forecast Model), baserad både på 
data från NCEP/FNL (National Centers for Environmental Prediciton Final Analysis) och 
ERA-Interim (ECMWF Interim Re-analysis). Dessutom används även data från MERRA 
(Modern Era Re-Analysis) och satellitobservationer från QuikSCAT. Långtidsperioden för alla 
dataset utom QuikSCAT omfattar samma period som observationsstationerna. QuikSCAT-
datat som använts omfattar perioden 1 november 1999 till 31 oktober 2009.  
 
Analysen är indelad i tre delar. Inledningsvis behandlas osäkerheten som är kopplad till 
referensdatans ingående i långtidskorrigeringsmetoderna. Därefter analyseras osäkerhetens 
beroende av längden på den samtidiga datan i referens- och observationsdataseten. 
Slutligen utreds osäkerheten med hjälp av en icke-parametrisk metod, en s.k. Bootstrap: 
Osäkerheten i SB-metoden för en fast samtidig längd av tidsserierna från observationer och 
referensdatat uppskattas genom att skapa en generell modell som estimerar osäkerheten i 
estimatet. 
 
Resultatet visar att skillnaden när man använder WRF-modellen baserad både på NCEP/FNL 
och ERA-Interim i långtidskorrigeringen är marginell och avviker inte markant i förhållande 
till stationsobservationerna. Resultatet pekar också på att MERRA-datat kan användas som 
långtidsreferensdataset i långtidsdkorrigeringsmetoderna. Däremot ger inte QuikSCAT-
datasetet tillräckligt med information för att avgöra om det går att använda i 
långtidskorrigeringsmetoderna. Därför föreslås ett annat tillvägagångssätt än 
stationsspecifika koordinater vid val av koordinater lämpliga för långtidskorrigering. 
Ytterligare ett resultat vid analys av långtidskorrigeringsmetoden SB, visar att metoden är 
robust mot variation i korrelationskoefficienten.  
 
Rörande osäkerhetens beroende av längden på samtidig data visar resultaten att en 
sammanhängande mätperiod på ett år eller mer ger den lägsta osäkerheten i 
årsmedelvindsestimatet, i förhållande till mätningar av kortare slag. Man kan även se att 
standardavvikelsen av de långtidskorrigerade medelvärdena avtar med längden på det 
samtidiga datat. Den implementerade ickeparametriska metoden Bootstrap, som innefattar 
sampling med återläggning, kan inte estimera osäkerheten till fullo. Däremot ger den 
lovande resultat som föreslås för vidare arbete. 
 
Nyckelord: Osäkerhet, Measure-Correlate-Predict, årsmedelvind, Sektor-Bin, Syntetiska 
tidsserier, referensdataset, väderobservationsstationer, WRF, MERRA, QuikSCAT, 
NCEP/FNL, Bootstrap, sampling, Nordsjön. 
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Table 0-1: Nomenclature; symbols and abbreviations. 

AFWA Air Force Weather Agency NCEP National Centers for Environmental 
Prediction 

ANN Artificial Neural Networks NOAA The National Oceanic and 
Atmospheric Administration 

c Weibull scale parameter NWP Numerical Weather Predictions 

d Wind direction p Probability 

E Expected value PDF, f Probability distribution function 

e,ε Random error, white noise QuickSCAT Quick Scatterometer 

ECMWF European Center for Medium Range 
Weather Forecasts r Sample correlation coefficient 

F, CDF Cumulative distribution function rv Random Variables 

FAA Federal Aviation Administration s Sample standard deviation 

FNL Final Analysis SB Sector-bin method 

FSL Forecast Systems Laboratory SLR Simple linear regression 

IEC International Electrotechnical Commission SODAR Sonic Detection and Ranging 

iid Independent identically distributed SS Sum of squares 

k Weibull shape parameter ST Synthetic Time Series 

KH Knut Harstveit T T distributed statistic 

KVT Kjeller vindteknikk AS U, V Wind velocity 

Lat Latitude in decimal degrees Var() Variance 

LIDAR Light Detection and Ranging  WRF Weather Reaserach and Forecast 
model 

Lon Longitude in decimal degrees X Random variable 

LTC Long-term correction Y Random variable 

magl/masl Meters above ground/sea level Z Normally distributed statistic 

MCP Measure-Correlate-Predict β Constant coefficient 

MERRA Modern Era Re-analysis for Research and 
Applications μ True mean 

met Meteorological σ Standard deviation 

MSE Mean Square Error 3DVAR Three dimensional variational model 

N,n Number of variables or observations in a 
sample or population [1,2,3...] Litterature references 

NCAR The National Center for Atmospheric 
Research [i,ii,iii,…] Web references 
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10   Chapter 1. Introduction 

1 Introduction 
1.1 Background 

In the modern society of today, one of the biggest challenges we face, is the growing 
demand for electricity. Parallel to this, there is a need for pure renewable energy sources 
which can assist in the mission of lowering the pollutions due to e.g. CO2 emissions and in 
the end to prevent global warming. Energy is a widely discussed problematic and there are 
many different suggestions of solutions to fulfill the growing need. In the European Union 
alone, in 2011, a record year of installed electricity generating capacity was observed. 
With a 3.9 % increase from 2010, a total of 45 GW was installed, where renewable energy 
sources contributed with 71.3% to this figure. As a consequence of this, the EU power 
tends away from fuel oil and nuclear which decommissioned more than it installed during 
the past year.[1] 
 
The third biggest share of installed electricity generating capacity, after solar 
photovoltaics (47%) and gas (22%), was wind power, which accounted for 21% of the total 
installed energy with its 9.61 GW. Since the year 2000, 28.2 % of all new capacity installed 
has been from wind power and with the goal of 30% greenhouse gas reduction by 2020 
there is nothing that indicates that the trend won’t continue during the 2010’s. [1] 
 
In order to ensure the increase of renewable energy from wind power, there are numerous 
challenges which have to be overtaken, none the less connected with the technological 
features of the wind industry. Out of four overall goals in direct relation with the 
technology development, the wind conditions are a topic which has to be further 
improved. After all, for wind power, it all comes down to the wind and how the energy 
from the wind can be extracted. 
 
The Wind Technology Roadmap up to 2020 [2] states that for the goals of wind conditions 
to be fulfilled, one should be able to present the following wind condition aspects with a 
3% uncertainty: 
 

1. The wind resource. 
2. The design conditions for turbine manufacturing. 
3. The short term forecasting for wind conditions and power production. 

 
These three points of interest are the key for success in the genre of wind conditions in 
wind technology development. The topic of this report will be analyzing the first point, 
i.e. the field of wind resources. Predicting the wind resources is important for many 
different purposes which includes both prospecting of wind farms and the performance 
analysis of the turbines. However, it is the condition that determines if there is a 
possibility to generate electricity at all, which might be the most fundamental aspect 
when building a wind power plant. If there is no wind there will also not be any 
possibilities for the extraction of energy, and by other means, no way to reach 
profitability. 

1.1.1 Wind Resource Assessment 

The objective of wind resource assessment is to establish the on-site conditions regarding 
the wind climate. The question of where the wind resources are and their conditions are to 
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be answered by the predictions. The wind energy developers wants to determine if there 
are sufficiently good wind conditions so that the potential wind farm will have enough 
electricity generated to the power grid and by that be profitable for the investors. 
Knowledge about the production is required for investments and the accuracy of the 
predictions enables higher chance of getting the wind farm financed. 
 
When presenting the assessed on-site wind resources, one of the main interests is in the 
annual average wind velocity. This tells about what the average wind will be at the 
prospected site during a whole year. The long-term average wind value is determined by 
measuring or computer modeling. The result is then given to the wind energy developer in 
the form of specific analysis at given sites and/or wind atlases, which will be further 
explained in this section. 
 
On-Site Measurements 
 
An intuitive way of finding the wind resource is to measure the winds on-site. This is an 
exact way of determining the wind velocities but it is expensive and requires time. The 
measurements done by measuring masts use wind vanes and anemometry for the 
measuring of wind directions and velocities, respectively. The setup of an on-site 
measuring mast can be seen in Figure 1.1. The measurements are accurate but in most 
cases the measurement period is too short to give sufficient information about the long-
term variability of the winds. For that purpose, different reference datasets are used to 
cope with these effects. This is described in detail in section 4 Dataset. 
 

 
Figure 1.1. Example of an on-site measuring mast. (Courtesy of Kjeller Vindteknikk AS) 
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Numerical Weather Prediction 
 
Across the world the importance of weather predictions is well known. In everyday life one 
uses weather forecasts for multiple purposes and it is an essential asset for the 
functionality of a society. The common tool for predicting the weather circumstances is to 
use computer models. They use different parameters such as topography and elevation, 
integrating them into a model that predicts the weather. Weather measurements on 
lighthouses, buoys and from satellites are assimilated to provide input values on which the 
model prediction is based. The numerical weather prediction (NWP) is as valuable for 
everyday life as it is for the wind developers. The predictions can be a direct source of 
interest for the knowledge of the wind conditions, but it can also be an input to the 
specific models developed for wind analysis at certain sites. A thorough description of such 
a model, WRF, is described within section 4.1 Weather Research and Forecast Model. 
 
Wind Atlases 
 
A way of answering the question of where the wind resources are located is to make use of 
wind atlases, as seen in Figure 1.2. A wind atlas can be of various heights and resolutions 
depending on the aims and plans of the specific wind prospection. The general purpose, 
however, is to display graphically for wind developers where there might be sufficient 
wind resources to build wind power. The wind maps provide a good overview of wind 
conditions on a geographical basis and are a valuable asset for the industry. 
 

 
Figure 1.2. Example of a wind atlas which visualizes the wind distribution of Norway at 80m height with a 

resolution of 6km. (Courtesy of Kjeller Vindteknikk AS) 
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1.1.2 Long-Term Correction 

When the wind is established, either by measurements, with computer modeling or a 
combination of this, one has to consider the long term aspect of building a wind farm. The 
average life time of wind turbines is approximately up to 20 years [3]. The long term 
variability of winds in itself can be 20% over a 5 year period compared to the long term 
average wind (>30 years) [4]. The common assumption, based on a study of European met 
stations, is to expect a 6% standard deviation of the annual average wind speeds [3]. This 
emphasizes the importance of not only predicting the short term wind conditions but also 
as a vital part of the resource assessment, one needs to correct for the long-term 
fluctuations. 
 
The long-term correction (LTC) is the generic name for methodologies that uses models for 
correcting the predicted wind speeds with respect to the long term situation. As is 
illustrated in Figure 1.3., in the typical case, one makes use of on-site measurements 
combined with a long-term reference dataset which is located close to the site. The 
method is then normally to correlate the site measurement with the reference dataset for 
the concurrent data, and by different models predict the long-term average annual winds.  
 

 
Figure 1.3. A methodology of long term correction where on-site measurements are correlated with 
reference data sets in order to predict the long-term wind on-site. This is a typical example of the 

Measure-Correlate-Predict method, most commonly used for LTC. 

 
In general there are two factors that determine the accuracy of the long-term corrections, 
i.e. how well the wind assessments coincide with the real measured values. The first one is 
the quality of the reference data set, which depends on multiple factors as the time range 
and continuity, frequency of the data points and the geographical resolution. In addition to 
this, the data has to be reliable and errors should be discovered and corrected for in an 
appropriate way. The second part is the preciseness of the long-term correction methods. 
The use of the long-term corrections methods is widely spread and there are several 
different methods to compute this correction. However, there are difficulties when 
predicting annual weather, due to e.g. natural variability, and the corrected methods has 
to show preferable properties in the correlation with the data both in the averages of wind 
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direction and magnitudes as well as in stability and the preserving of statistical properties 
in the initial data set. 
 
The question at issue of this report will be the one of coping with the uncertainties when 
performing long-term corrections. Basic LTC methods will be analyzed and the uncertainty 
accuracy as well as the quantification of errors in the methods will be set out. This 
includes testing of the algorithms, the implementation of uncertainty estimation methods 
and a rigorous literature study (section 9 Appendix A – Literature study) for the state-of-
the-art analysis of LTC uncertainty estimation within the industry of wind power. 

1.2 Purposes 

1. Provide a better knowledge of the uncertainty in the assessments offered by Kjeller 
Vindteknikk AS. 

2. Investigate if the current WRF hindcast mesoscale model simulated datasets for 
offshore and nearby shore sites are significantly more accurate than the MERRA-
datasets when performing long-term correction of annual average winds. If the 
MERRA-datasets does not deviate considerably from the WRF-datasets, a greater 
amount of time and effort can be saved in upcoming work. 

3. Investigate the difference in the long-term correction results for offshore and 
nearby shore sites when using the traditional input data for WRF hindcast 
mesoscale, NCEP/FNL, in comparison with using ERA-Interim as input data. 

4. Analyze if the QuikSCAT satellite observations can be used as reference dataset for 
long-term correction methods for offshore and nearby shore sites. 

5. Increase the size of the product portfolio with a method that can give adequate 
information regarding uncertainty in the Sector-bin long-term correction method 
used by Kjeller Vindteknikk AS. 

6. Give background and advice on the length of measuring periods on site in wind 
farms in order to give a better estimate of the uncertainty in the final assessment 
due to long-term correction. 

1.3 Aims 

1. Develop routines for the testing of long-term correction methods using different 
reference datasets such as nearby met station observations, WRF-NCEP/FNL, WRF-
ERA, MERRA and QuikSCAT. 

2. Develop a model to describe the uncertainty of the long term correction methods 
used by Kjeller Vindteknikk AS. The model will be dependent on the length of 
concurrent data series of reference and site wind velocities and wind directions. 

3. Implement a re-sampling method in order to estimate the uncertainties of the long-
term corrections when using only a single pair of datasets with fixed concurrent 
length, resembling the standard situation in wind farm prospecting. 

4. Complete a thorough literature study describing datasets and methods that are 
used when estimating the uncertainty in long-term correction methods. 
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1.4 Questions to be answered 

Combining the two prior subsections of 1.2 Purposes and 1.3 Aims, this leads to several 
important questions that are to be answered in this work. They can be summarized by the 
following point list. 
 

1. What are the differences when using reference datasets such as nearby met station 
observations, WRF, WRF-ERA, MERRA and QuikSCAT, for the long-term correction of 
short-term met station data? 

2. Which of the three methods of long-term correction; Sector-bin, MCP and Quantile 
Regression gives the best result, and what are the differences? 

3. How can the uncertainty be estimated in the long-term correction method of 
Sector-bin and what are the parameters of uncertainty that are of particular 
interest in the wind industry? 

1.5 Limitations 

1. The test area of the analysis is restricted to 22 met stations in the North Sea 
region, covering parts of Denmark, Norway and Sweden. 

2. The period of interest are the years between 2002-2009, using time series for the 
concurrent year, 2007, in the long-term correction. However, for QuikSCAT satellite 
observation data is sparse and the full period of the dataset will be used. 

3. The vertical extrapolation is not considered in this report since the purpose is only 
for the testing of long-term correction methods, and not for providing the actual 
wind resource at wind turbine hub height. 

1.6 Previous Work 

On the basis of LTC uncertainty analysis there has been much work done. The standard 
procedure is to evaluate the newly developed models at institutions or at consultant 
bureaus. The analyses differ to a great extent and the topic of interest is in many cases 
specific for the special case analyzed in every report. However, there are common 
methods of uncertainty analysis and certain ways of dealing with the uncertainty. The 
whole scope of these is analyzed in 9 Appendix A – Literature study. 
 
The state-of-the-art regarding LTC is a continuous topic. The theory is closely connected to 
the specific model testing which are generally considering the cases of Measure-Correlate-
Predict (MCP) LTC models. These are the most commonly used models with several new 
implementations and developments from the original linear case, which will be covered in 
the theory of MCP modeling (see section 2.7.1 Measure-Correlate-Predict). The classical 
approach to uncertainty is described by Derrick [5] where methods of illustration and 
discussion of errors in long term correction is presented. Rogers et al. [6, 7], gives a wider 
insight of the uncertainties which are connected to the MCP methodology, as well as the 
actual analysis of the development of four new MCP algorithms. Here the variability, mean 
and deviations with respect to the hours of concurrent data are introduced, pointing out 
the properties and convergence when concurrent data is increasing. Additional methods of 
bootstrapping (section 2.5.2 Bootstrap Method) is covered since they make use of re-
sampling procedures that do not require standard normal distribution assumptions. In the 
same way the errors of MCP models are reviewed and analyzed by Anderson [8, 9], and the 
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various examples of presenting the uncertainty provides a guidance of future work within 
the subject.  
 
In the report of Risberg [10], from the consultant bureau of Kjeller Vindteknikk AS (KVT), 
the view of how uncertainty is actually presented for wind developers is covered. How the 
LTC uncertainty is handled with in the analysis for a client is important for the 
understanding of the target group for which it is presented. The comparison of other 
models than MCP, with the introduction of the illustration of error in wind distribution 
sectors (section 2.6.2 Wind Direction Distribution), is presented by Harstveit [11, 12]. 
Further on, the uncertainty aspect of finding errors due to inconsistencies (section 3.7 
Quality Control – Data Validation) and valuable insight in the field of how data should be 
interpreted in terms of correlation and trends are discussed by Siddhabathini et al. , 2009 
[13]. 
 
There is without doubt much work that has been done on the topic of LTC uncertainties. 
From the overall width of this field in the business one can clearly conclude that many 
aspects are yet only started and that more research and publications are needed in order 
to be able to fulfill the goals of the Wind Technology Roadmap [2], introduced in the 
section 1.1 Background. When it comes to the estimation of errors there are well 
developed methods and direct ways of calculation. Yet, far from all methods which are 
used, have been tested to such a great extent that they should be considered to be 
significant enough in their predictions. In addition to this, there is a pending question of 
the quantification of errors. This has been introduced, but for all special cases, testing of 
each model has to be computed in order to be confident in the results of the method and 
its uncertainties. This report has the purpose of building a bridge from this background in 
order to be able to analyze these matters on upcoming methods and theories. The result 
will give a view of the accuracy of several models as well as being guidance for how the 
work on uncertainty should be done. 
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2 Theory 
2.1 Basic Statistics 

The theory in this section is gathered from the textbook of Montgomery et al. [14], and 
covers basic statistics which is used throughout this report. However, all theories, proofs 
and postulates can be found in any ordinary textbook of introductory statistics. All 
methods and which are not covered in the scope of this theory section are considered to 
be on such a basic level of understanding that it is not necessary to comment on those. In 
the case of the use of specific properties related to theory described in this chapter, this 
will be described or referred to. 

2.1.1 Sample Mean 

In almost all cases when numerical data is present one can make use of the arithmetical 
average, or mean. The observations are from a certain distribution and are characterized 
as a sample from the underlying population. Since the data which will be covered in this 
report, always are considered as samples, the use of sample mean is defined as follows: 
 
Consider n observations in a sample which are denoted by x1,x2,...,xn. The sample mean, �̅�, 
is 

�̅� =
𝑥1 + 𝑥2 + ⋯+ 𝑥𝑛

𝑛
=

1
𝑛
�𝑥𝑖

𝑛

𝑖=1

 (2-1) 

2.1.2 Population Mean 

In the case of a population with e.g. N finite numbers, the true value, or population mean, 
µ, is defined as: 

𝜇 =
1
𝑁
�𝑥𝑖

𝑁

𝑖=1

 (2-2) 

 
This is valuable when comparing e.g. LTC wind speeds with the observed long term values. 
Since the observed values in that case will be the true distribution and the corrected 
values considered as a sample from this population. 

2.1.3 Sample Variance 

To realize more information about the results of a dataset the scatter or variability of the 
data can be investigated by the use of sample variance or standard deviation, s, where the 
latter is defined as the positive square root of the earlier. The division with n-1 is referred 
to as the number of degrees of freedom. 
 

𝑠2  =
1

𝑛 − 1
�(𝑥𝑖 − �̅�)2
𝑛

𝑖=1

 (2-3) 
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2.1.4 Population Variance 

When the population is finite including N elements, the sample variance, σ2, is then 
defined as: 
 

𝜎2  =
1
𝑁
�(𝑥𝑖 − 𝜇)2
𝑁

𝑖=1

 (2-4) 

2.1.5 Sample Correlation Coefficient 

Consider n pairs of observations of two variables, (x1,y1),(x2,y2),…,(xn,yn). The strength of 
the linear dependence of these two variables is then defined by the sample correlation 
coefficient, r, as follows in equation (2-5). Scatter plots which illustrate different values of 
r is evaluated in Figure 2.10.  
 

𝑟 = ��(𝑥𝑖 − �̅�)(𝑦𝑖 − 𝑦�)
𝑛

𝑖=1

�    ���(𝑥𝑖 − �̅�)2
𝑛

𝑖=1

���(𝑦𝑖 − 𝑦�)2
𝑛

𝑖=1

��  

𝑤ℎ𝑒𝑟𝑒 − 1 ≤ 𝑟 ≤ +1 

(2-5) 

2.1.6 Bias 

If one considers the parameter θ, the point estimator is a single number, based on a 
random sample, that is estimating the most probable value of θ. Suppose that we have this 
point estimator Θ�. It is an unbiased estimator of the parameter θ if the expected value is 
 

𝐸�Θ�� = 𝜃 (2-6)  
 
If it is not an unbiased estimator the bias, β, is defined by the difference 
 

𝛽 = 𝐸�Θ�� − θ (2-7) 

2.1.7 Mean Square Error 

In general, when dealing with samples it is important to find the minimum variance 
unbiased estimator (MVUE). There are well developed methods for this, where the most 
common example is the one of Maximum Likelihood Method (see section 9.14 in [15]), 
which derives approximately unbiased and close to the minimum variance estimator. 
However, in certain cases, as will be seen further on analyzing the wind conditions, the 
use of biased estimators is to some extent unavoidable. In those cases, one can use the 
mean square error (MSE), which in its extended form reveals the bias. In the case of 
unbiased estimator, the MSE of Θ� is equal to the variance of Θ�. 
 

𝑀𝑆𝐸�Θ�� = �𝐸�Θ�� − 𝜃�2 = 𝐸 �Θ� − 𝐸�Θ���
2

+ �𝜃 − 𝐸�Θ���
2

= 𝑉𝑎𝑟�Θ�� + (𝑏𝑖𝑎𝑠)2 (2-8) 
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2.1.8 Standard Error 

An estimation needs to be validated by different parameters. A common parameter of 
interest that supports the analysis of preciseness is the standard error parameter. It is the 
standard deviation of the sampling distribution. If the incoming parameters are unknown 
but can be estimated, then the standard error becomes an estimated standard error, i e, 
the true variance of the population, σ, is estimated by s. With n samples one gets the 
standard error, 𝜎��̅�: 

𝜎�̅� =
𝜎
√𝑛

   
𝜎 𝑖𝑠 𝑢𝑛𝑘𝑛𝑜𝑤𝑛
�����������    𝜎��̅� =

𝑠
√𝑛

 (2-9) 

2.2 Distributions 

2.2.1 The Probability Density Function 

The probability density function (PDF), denoted by f(x), or the probability distribution of a 
continuous random variable X is used to determine the probabilities on an interval as 
follows: 

𝑃(𝑎 < 𝑋 < 𝑏) = �𝑓(𝑥)𝑑𝑥
𝑏

𝑎

 

𝑤ℎ𝑒𝑟𝑒 𝑓(𝑥) ≥ 0 𝑎𝑛𝑑 � 𝑓(𝑥)𝑑𝑥 = 1
∞

−∞

 

(2-10) 
 
 

 

 
Here P is the probability of the argument within the brackets. The PDF can explicitly be 
defined as the derivative of the cumulative distribution function (CDF), denoted by F(x). 
 

𝑓(𝑥) =
𝑑𝐹(𝑥)
𝑑𝑥

 (2-11) 

 
Where the CDF of a continuous random variable X with PDF f(x) is 
 

𝐹(𝑥) = 𝑃(𝑋 ≤ 𝑥) = �𝑓(𝑧)𝑑𝑧
𝑥

−∞

 

𝑤ℎ𝑒𝑟𝑒 −∞ < 𝑥 < ∞ 

(2-12) 

2.2.2 Expected Value 

The expected value of a random variable X, E(X), or the mean of the probability 
distribution of X, is 

𝜇 = 𝐸(𝑋) = � 𝑥𝑓(𝑥)𝑑𝑥
∞

−∞

 (2-13) 

 
Which is analogue to the calculations of the mean for the sample x1,x2,…,xn where it can 
be defined as in equation (2-1). 
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2.2.3 Variance 

The variance of a random variable X of the population with mean µ, Var(X) is in analogy to 
the summation in equation (2-4), defined as  
 

𝜎2 = 𝑉𝑎𝑟(𝑋) = �(𝑥 − 𝜇)2𝑓(𝑥)𝑑𝑥
∞

−∞

= � 𝑥2𝑓(𝑥)𝑑𝑥
∞

−∞

− 𝜇2 (2-14) 

2.2.4 Normal Distribution 

The most commonly used model for the distribution of random variables is the normal 
distribution (or Gaussian distribution). Governed by the Central limit theorem (see section 
3-13 in [14]), histograms often tends to have the shape of the normal distribution. 
Additionally it can be shown that the distribution of means for large numbers of trials 
tends to the normal distribution. The distribution in its PDF form is defined as 
 

𝑓(𝑥) =
1

√2𝜋𝜎2
𝑒�

(𝑥−𝜇)2
4𝜎2 � 

𝑤ℎ𝑒𝑟𝑒 −∞ < 𝑥 < ∞,   −∞ < 𝜇 < ∞  𝑎𝑛𝑑  𝜎 > 0.  
(2-15) 

 
A random variable distributed according to the normal distribution with mean, µ, and 
variance, σ2, is denoted as 𝑋~𝑁(𝜇,𝜎2). An example of how the normal distribution can be 
illustrated is given in Figure 2.1.  

 
Figure 2.1. The illustration of a normal distribution with different blue nuances for each step of standard 

deviation, σ, from the mean, µ.  

To give a view of a few common probabilities associated with the intervals of µ ± σ,2σ,3σ 
one can make use of equation (2-15) and calculate them as follows. 
 

     𝑃(𝜇 − 𝜎 < 𝑋 < 𝜇 + 𝜎) = 0.6827 
𝑃(𝑢 − 2𝜎 < 𝑋 < 𝜇 + 2𝜎) = 0.9545 
𝑃(𝜇 − 3𝜎 < 𝑋 < 𝜇 + 3𝜎) = 0.9973 

(2-16) 
(2-17) 
(2-18) 
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2.2.5 Weibull Distribution 

A model which is commonly used by the wind industry is the Weibull distribution. Amongst 
many advantages such as the well developed methods of projecting the heights [16] (also 
known as wind shear, covered in section 2.6.3 Additional properties of wind conditions), it 
is also a good approximation to the true wind speed distributions at many different sites 
across the world [3]. 
 
The parameters that characterizes the Weibull distribution are the scale parameter, c, and 
the shape parameter, k. The probability distribution for a random variable, X, is defined 
as: 

𝑓(𝑥) =
𝑘
𝑐
�
𝑥
𝑐
�
𝑘−1

 𝑒�−�
𝑥
𝑐��

𝑘

 
𝑤ℎ𝑒𝑟𝑒 𝑥 > 0, 𝑐 > 0 𝑎𝑛𝑑 𝑘 > 0  

(2-19) 

 
A random variable distributed accordingly to the Weibull distribution with scale parameter, 
c, and shape parameter, k, is denoted as 𝑋~𝑊𝐸𝐼(𝑐,𝑘). The illustration of how the Weibull 
probability distribution varies with the change of these parameters can be seen in Figure 
2.2.   

 
Figure 2.2. The illustration of a Weibull distribution varying the scale parameter, c, from 1 to 3 and the 

shape parameter, k, from 1 to 3. 

The expected value of the random variable X~WEI(c,k) is defined as 
 

𝐸(𝑋) = 𝑐Γ �1 +
1
𝑘
� 

𝑤ℎ𝑒𝑟𝑒 𝑐,𝑘 > 0  
𝑎𝑛𝑑 Γ 𝑖𝑠 𝑡ℎ𝑒 𝑔𝑎𝑚𝑚𝑎 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 Γ(𝑦) = (𝑦 − 1)! , Γ(1) = 0!, Γ(1 2⁄ ) = √𝜋  

(2-20) 
 
 

 
The variance of X is given as 
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𝑉𝑎𝑟(𝑋) = 𝑐2Γ �1 +
2
𝑘
� − 𝜇2 

𝑤ℎ𝑒𝑟𝑒 𝑐,𝑘 > 0  
𝑎𝑛𝑑 Γ 𝑖𝑠 𝑡ℎ𝑒 𝑔𝑎𝑚𝑚𝑎 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 Γ(𝑦) = (𝑦 − 1)! , Γ(1) = 0!, Γ(1 2⁄ ) = √𝜋  

(2-21) 
 
 

2.2.6 The Uniform Distribution 

When considering sampling and modeling with random numbers with equal probability, the 
use of uniformly distributed random numbers, denoted as 𝑋~𝑈(𝜇,𝜎2), are common 
standards. The theory of this section will exclusively be taken from the textbook of Hodges 
et al. [17], but the definitions and statements of this can be found in any literature 
covering random number generation, numerical probability estimation or stochastic 
processes. 
 
A random variable, X, which has n equally spaced discrete possible values, x1,x2,…,xn has 
the probability 1/n of being chosen, i.e. the probability of X=x is given by 
 

𝑃(𝑋 = 𝑥) =
1
𝑛

 
𝑤ℎ𝑒𝑟𝑒 𝑥 > 0, 𝑜𝑟 𝑜𝑛 𝑡ℎ𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑎 < 𝑥 < 𝑏 𝑤ℎ𝑒𝑟𝑒 𝑛 = 𝑏 − 𝑎 + 1 𝑎𝑛𝑑 0 < 𝑎 < 𝑏  

(2-22) 

 
This could be further explained by the CDF which consists of the unit step function: 
 

𝐹(𝑥) =
1
𝑛
�𝐻(𝑥 − 𝑥𝑖)
𝑛

𝑖=1

 (2-23) 

 
Where H is the Heaviside unit step function 
 

𝐻(𝑦) = �0,    𝑦 < 0,
1,    𝑦 ≥ 0.

� (2-24) 

 
The expected value of X on the interval 1,2,…,n is then calculated as 
 

𝐸(𝑋) =
1
𝑛

+
2
𝑛

+ ⋯+
𝑛
𝑛

=
1 + 2 +⋯+ 𝑛

𝑛
= [𝑝𝑟𝑜𝑜𝑓 𝑏𝑦 𝑖𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛] = �

𝑛(𝑛 + 1)
2 �

1
𝑛

=
𝑛 + 1

2
 

(2-25) 

 
Using the sequence sum of squares for the E(X2) the variance of X is then calculated as 
 

𝑉𝑎𝑟(𝑋) = 𝐸(𝑋2) − �𝐸(𝑋)�2 =
n2 − 1

12
 (2-26) 

2.2.7 The Gamma Distribution / Chi-Squared Distribution 

The gamma distribution is a distribution which as the Weibull distribution (section 2.2.5 
Weibull Distribution) makes use of the gamma function, Γ. The chi-square distribution is a 
special case of the gamma distribution using the incoming parameters λ and r set to 1/2 
and 1/2, 1, 3/2, 2,… , respectively. The PDF of the gamma function is given by 
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𝑓(𝑥) =
𝜆𝑟𝑥𝑟−1𝑒−𝜆𝑥

Γ(𝑟)
 

𝑤ℎ𝑒𝑟𝑒 𝑥 > 0, 𝜆 > 0 𝑎𝑛𝑑 𝑟 > 0  
(2-27) 

 
The mean and variance of the gamma distribution is then defined as 
 

𝐸(𝑋) =
𝑟
𝜆

 
𝑤ℎ𝑒𝑟𝑒 𝑟 > 0 𝑎𝑛𝑑 𝜆 > 0 

(2-28) 

 

𝑉𝑎𝑟(𝑋) =
𝑟
𝜆2

 
𝑤ℎ𝑒𝑟𝑒 𝑟 > 0 𝑎𝑛𝑑 𝜆 > 0 

(2-29) 

 
The Chi –squared distribution is especially important in hypothesis testing and in the aim of 
determining if a certain distribution is representing the underlying population. Within wind 
analysis this is done for example when applying fitted curves to the Weibull distribution. In 
this case one is interested to investigate if the data can be represented by a Weibull fit, 
i.e. one performs a goodness of fit test (see section 2.3.2 Chi-Square Goodness of Fit). An 
important definition regarding the Chi-squared distribution is that if one has independent 
standard normally distributed random numbers, then the sum of their squares are said to 
be distributed according to the Chi-squared distribution [15].  

2.3 Hypothesis Testing 

In order to statistically determine statements about population parameters, one uses 
hypothesis testing. This is applied in many different fields and for various purposes but 
always includes the definition of the statement, the null hypothesis, H0, and its alternative 
hypothesis, H1. On a formal statistical basis, using an example comparing the means of a 
wind speed population, it may be formulated as: 
 

𝐻0:𝜇 = 20𝑚 𝑠⁄  
𝐻1:𝜇 ≠ 20 𝑚 𝑠⁄  

(2-30) 

 
This can also be formulated as a one sided hypothesis e.g. H1: µ < 20 m/s. The testing of 
hypothesis is based on the test statistic, which is related to the distribution considered 
along with a significance level, α. 
 
The method of hypothesis testing includes several steps which can be summarized in four 
steps: 
 

1. Define the parameter that is to be tested, i.e. µ. 

2. State the null hypothesis and the alternative hypothesis. 

3. Define the test statistic. 

4. Reject the null hypothesis if P < α. 

2.3.1 The Paired T-Test 

When the data are collected in pairs, as will be seen when the uncertainty is analyzed of 
two concurrent wind distributions, it is interesting to analyze the difference of two 
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observations. The hypothesis can then be stated as a difference of means.  Consider the 
case of n paired observations (X11,X21), (X12,X22),…, (X1n,X2n), where the mean and standard 
deviation of e.g. X1 are µ1 and σ1, respectively. The difference Dj=X1j-X2j, for j=1,2,…,n, is 
assumed to be normally distributed with mean and variance 
 

𝜇𝐷 = 𝐸(𝑋1 − 𝑋2) = 𝐸(𝑋1) − 𝐸(𝑋2) = 𝜇1 − 𝜇2 
𝜎𝐷2 = 𝑉𝑎𝑟(𝑋1 − 𝑋2) (2-31) 

 
The t-distribution is the application of the standard normal distribution, when the variance 
is known, in which the test statistic 
 

𝑍 =
𝑋� − 𝜇
𝜎 √𝑛⁄

 (2-32) 

is replaced by 
 

𝑇 =
𝑋� − 𝜇
𝑠 √𝑛⁄

 (2-33) 

 
and is then said to be t-distributed with unknown mean and variance, and with n-1 degrees 
of freedom. Continuing the definitions of the paired t-test the null hypothesis is then 
defined as 
 

𝐻0:𝜇𝐷 = Δ0 (2-34) 
 
where Δ0 is the difference, and µD, the true difference. The test statistic using the one 
sample equation (2-33) is defined as 
 

𝑇0 =
𝐷� − Δ0
𝑠𝐷 √𝑛⁄

 (2-35) 

 
where the alternative hypotheses with corresponding rejecting level as 
 

𝐻1:𝜇𝐷 ≠ Δ0 
𝑓𝑜𝑟 𝑃�𝑡0 > 𝑡𝛼 2⁄ ,𝑛−1� 𝑎𝑛𝑑 𝑃�𝑡0 < −𝑡𝛼 2⁄ ,𝑛−1� 

(2-36) 

 
𝐻1:𝜇𝐷 > Δ0 

𝑓𝑜𝑟 𝑃�𝑡0 > 𝑡𝛼,𝑛−1� 
(2-37) 

 
𝐻1:𝜇𝐷 < Δ0 

𝑓𝑜𝑟 𝑃�𝑡0 < −𝑡𝛼,𝑛−1� 
(2-38) 

2.3.2 Chi-Square Goodness of Fit 

The Chi-squared distribution, covered in section 2.2.7 The Gamma Distribution / Chi-
Squared Distribution, is widely used for independent standard normally distributed random 
variables. It is used in the so called goodness of fit tests to determine if an observed 
distribution is corresponding to a theoretical one. The Chi-squared goodness of fit test is 
performed in direct connection with the fitting of the Weibull curve to wind velocities, 
presented in section 2.6.1 Wind Speed Distribution. The null hypothesis is stated as 
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𝐻0: 𝑇ℎ𝑒 𝑓𝑜𝑟𝑚 𝑜𝑓 𝑡ℎ𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑖𝑠 (𝑒.𝑔. ) 𝑊𝑒𝑖𝑏𝑢𝑙𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 (2-39) 
 
Consider a random sample with n observations from an unknown distribution, where the 
histogram or the frequency table classifies the observations in k bins. The observed 
frequency in the ith bin, Oi, and the expected frequency in the same, ith bin, from the 
probability one desires to fit the sample to, is given by Ei. The test statistic for the 
hypothesis testing is then defined as 
 

𝑋02 = �
(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

𝑘

𝑖=1

 (2-40) 

 
If the population follows the hypothesis tested distribution, it can be shown that 𝑋02 is 
approximately chi-squared distributed with k-p-1 degrees of freedom. Here p is the 
number of parameters in the hypothesis tested distribution that is estimated by the 
statistics of the sample. 

2.4 Simple Linear Regression 

In the investigation of the dependence of two variables one commonly makes use of linear 
regression methods in order to model this relationship. The most fundamental case, used 
in both standard and advanced analysis is the simple linear regression (SLR). One defines a 
predictor, x, and a response variable, Y. The expected value of Y can then be defined as 
 

𝐸(𝑌|𝑥) = 𝛽0𝑥 + 𝛽1 + 𝜀 
𝑤ℎ𝑒𝑟𝑒 𝜀~𝑁(0,𝜎2) (2-41) 

 
Here the β0, β1 are regression coefficients, slope and intercept, respectively and ε is the so 
called white noise, which is a Gaussian distributed random error around zero. Using the 
Methods of Least Squares (MLS) described in section 2.4.1 Method of Least Squares, based 
on n pairs of observations for two variables, (x1,y1),(x2,y2),…,(xn,yn) one defines the 
observations as 
 

𝑦𝑖 = 𝛽0𝑥𝑖 + 𝛽1 + 𝜀𝑖  
𝑤ℎ𝑒𝑟𝑒 𝑖 = 1,2, … ,𝑛 

(2-42) 

2.4.1 Method of Least Squares 

The method of least squares is the common way to estimate the parameters of interest in 
equation (2-41). The deviation, L, from the line is defined by  
 

𝐿 = �𝜀𝑖2 = �(𝑦𝑖 − 𝛽1 − 𝛽0𝑥𝑖)2 
𝑛

𝑖=1

𝑛

𝑖=1

 (2-43) 

 
The fitted regression line is defined by the estimated parameters in the following 
relationship: 
 

 𝑦� = �̂�0 + �̂�1𝑥 (2-44) 
 
where the parameters are calculated as 
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 �̂�0 = 𝑦� + �̂�1�̅� (2-45) 

and 
 

 �̂�1 = �(𝑥𝑖 − �̅�)(𝑦𝑖 − 𝑦�)
𝑛

𝑖=1

�(𝑥𝑖 − �̅�)2
𝑛

𝑖=1

�  (2-46) 

 
Every pair of observations correspond to the equation 
 

 𝑦�𝑖 = �̂�0 + �̂�1𝑥𝑖 + 𝑒𝑖 
𝑤ℎ𝑒𝑟𝑒 𝑒𝑖 = 𝑦𝑖 − 𝑦�𝑖  𝑎𝑛𝑑 𝑖 = 1,2, … ,𝑛 

(2-47) 

 
Here ei is the residual which by further analysis will describe the accuracy of the 
regression. 

2.4.2 Sum of Squares 

For the analysis of the linear regression model, one makes use of the sum of squares in the 
calculation, the error sum of squares SSE is defined as 
 

 𝑆𝑆𝐸 = �(𝑦𝑖 − 𝑦�𝑖)2 =
𝑛

𝑖=1

�𝑒2
𝑛

𝑖=1

 (2-48) 

 
and the total sum of squares SST as 
 

 𝑆𝑆𝑇 = 𝑆𝑆𝑅 + 𝑆𝑆𝐸 (2-49) 
 
where the first term in the expression, the regression sum of squares, SSR, is given by 
 

 𝑆𝑆𝑅 = �(𝑦�𝑖 − 𝑦�)2
𝑛

𝑖=1

 (2-50) 

2.4.3 R-Square 

The R-square is used as an indicator of how well the linear regression describes the 
variability. It is a number which often is multiplied by 100 and presented in percentage 
form. The closer to 100% the better the regression describes the variability. The R-square 
coefficient is defined as 
 

𝑅2 = 1 −
𝑆𝑆𝐸
𝑆𝑆𝑇

 (2-51) 

 
with SSE and SST referring to the equations (2-48) and (2-49), respectively. 

2.4.4 Residual Analysis 

To investigate the different properties of a linear regression and to conclude that the 
linear dependence is accurate and eliminate the risk of systematical errors and so forth, 
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the residual analysis is an important tool. As equation (2-47) yields, the residuals are 
assumed to be Gaussian or normally distributed with mean zero and variance σ2. In order 
to prove this, one must examine the residuals closer to provide reliable results. One step 
further is the analysis of variance (ANOVA) which is extensively used for model testing and 
residual analysis. This however, will not be considered in the scope of this report. 
 
Scatter Plot 
 
The residuals are indicators of how the fitted line agrees with the observed data. With the 
assumption of normal distribution one expects the residuals to be spread around zero with 
a certain standard deviation. By inspection of scatter plots illustrating the residuals, as 
seen in Figure 2.3. , one can discover different properties as dependencies visually. This 
does not replace the numerical analysis such as bias, equation (2-7), but gives a visual view 
of the distributions of the residuals. 
 

 
Figure 2.3. Different examples of residual scatter plots. Upper left: A nonlinear dependence can be 

observed in the scatter plot. Upper right: A satisfactory spread of the residuals, no clear dependencies are 
observed. Lower left: A funnel, i.e. the magnitude of the residuals increases by observations. Lower right: 

A possible underestimation of the data with two outliers in observation ~30 and ~80. 

 
Normal Probability Plot 
 
Since the residuals are said to be normally distributed, one can also perform normal 
probability plots to validate the assumption of normal distribution. The normal probability 
plots for the four cases, investigated in Figure 2.3. , are illustrated in Figure 2.4.  
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Figure 2.4. Different examples of normal probability plot where the red line represents the normal 

probability. If the data follows the line it will be normally distributed. Upper left: A nonlinear dependence 
of the residuals. Upper right: A satisfactory spread of the residuals. Lower left: A funnel, i.e. the 

magnitude of the residuals increases by observations. Lower right: An underestimation of the data with 
two residuals (situated to the right in the figure). 

2.5 Sampling 

2.5.1 Random Number Generation 

When sampling, one makes use of random numbers, usually drawn from the uniform 
distribution, covered in section 2.2.6 The Uniform Distribution. There are different kinds 
of random numbers, where in this report the pseudo random numbers will be used. The 
generation will be made with MATLAB® script, generating pseudo random numbers 
according to the Mersenne Twister algorithm which gives a double precision pseudo random 
number on the closed interval of 2-53≤X≤1-2-53, with a periodicity of (219937-1)/2. [i]   
 
The thorough description of the theory covering the generation of random numbers and 
algorithm description is not covered in this section, however, for the interested reader, 
there is vast literature on this topic. For example, the theory about random number 
generation can be found in the textbook by Sheldon M. Ross [18]. 

2.5.2 Bootstrap Method 

Within the field of re-sampling statistics, there are several methods developed that don’t 
require the assumption of normally distributed data, and the calculations that commonly 
follow from the stating of this distribution. The usage of these re-sampling methods is far 
more developed than only for this purpose. In fact, in the estimation of a distribution with 
its respective characteristics that are unknown, validating error estimation and estimating 
any model which only can be based on the assumption of independent identically 
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distributed (iid) random variables, the use of Bootstrapping methodology is one of a few 
computer intensive statistical methods which are able to deal with such problems. [19] 
 
Bootstrapping is by its nature, closely connected to the methods of Monte Carlo. 
Simulating and approximating distributions through numerous trials by Monte Carlo 
methods has been a useful tool in many fields including the wind industry. However, the 
Monte Carlo methods have also been the generic name for all methods involving random 
numbers in its respective calculations. It is therefore important to point out that 
bootstrapping might be considered as a Monte Carlo method as well. However, the 
application of not limiting our calculations with probable values and for not presuming any 
underlying distribution when sampling and further using the LTC methods, Bootstrapping 
could in this case be considered as a branch of these Monte Carlo simulations. 
 
The general usage of bootstrapping and its branches can be formulated by the following 
point list. A simple example of the re-sampling can also be found in 9 
Appendix A – Literature study. 
 

1. Estimating the precision of sample statistics (e.g. medians, variances, percentiles) 
by using subsets of available data (e.g. Jackknifing) or drawing randomly with 
replacement from a set of data points (e.g. Bootstrapping) 

2. Exchanging labels on data points when performing significance tests (permutation 
tests, also called exact tests, randomization tests, or re-randomization tests. 

3. Validating models by using random subsets (e.g. Bootstrapping, cross validation) 

The Bootstrapping methodology is characterized by two different properties. When there is 
a mathematical model, of a PDF which is fully represented by constants and parameters 
that can be adjusted, one defines the methods based on this model as parametric 
methods. In the opposite case, when there are no such mathematical models, it is 
considered to be a nonparametric method making use only of the fact that the random 
variable, Yi, is iid. The analysis in this report is focused around the nonparametric 
simulations and will therefore not consider parametric estimation. However, for the 
interested reader, this can be found in any book covering Bootstrapping methods or in the 
book by Davison and Hinkley [19] from where the majority of the information in this 
section is based on. 
 
The fundamental sampling model which draws n iid samples with equal probability is the 
uniform distribution described in section 2.2.6 The Uniform Distribution. In the case of the 
estimate of F, the empirical distribution function (EDF), 𝐹�, is used. It is defined as 

𝐹�(𝑥) =
1
𝑛
�𝐻(𝑥 − 𝑥𝑖)
𝑛

𝑖=1

 (2-52) 

where H is the Heaviside unit step function, defined by equation (2-24). 
 
Mean 
 
Consider n iid random variables Y1,Y2,…,Yn with mean, 𝑦�, which are a sample from an 
unknown distribution function F. The EDF, 𝐹�, is then used to estimate the unknown CDF. 
The corresponding sampled values are Y*j, for j=1,2,…,n. Following the formulas stated in 
section 2.1 Basic Statistics, the mean of such a distribution is calculated as 
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 𝐸(𝑌�∗) = 𝐸(𝑌∗) =
1
𝑛
�𝑦𝑗 = 𝑦�
𝑛

𝑗=1

 (2-53) 

 
Similarly the variance of the mean given by these n random variables can be derived as 

 𝑉𝑎𝑟(𝑌�∗) =
1
𝑛
𝑉𝑎𝑟(𝑌∗) =

1
𝑛2
�(𝑦𝑗 − 𝑦�)2
𝑛

𝑗=1

 (2-54) 

Dependent Datasets 
 
In general simulations, the nonparametric methodology does not agree when the data is 
dependent. When considering long time series of wind, used in the LTC correction 
methods, this is evidently a factor that is affecting the results. However, in these LTC 
methods the detailed time series and seasonality dependence is not the main concern, 
since its purpose is to estimate the variability in the long term averages. Instead, the 
comparison with the actual uncertainty of the performed LTC will indicate the errors of 
the bootstrap model that will be constructed. 

2.6 Wind Resource Assessment 

2.6.1 Wind Speed Distribution 

As described in section 2.2.5 Weibull Distribution, the wind distribution is in many cases 
explained by the Weibull distribution with its scale and shape parameter, c and k, 
respectively. An illustration of a real example of the on-site measured wind speed 
distribution is seen in Figure 2.5. Here the wind speed is presented in the form of a 
histogram and a curve fitted to the Weibull distribution with given parameters. 

 
Figure 2.5. The illustration of a typical wind speed distribution as histogram bars along with the fitted 
Weibull curve with scale and shape parameters, c and k, respectively. The Sector: All, as seen in the 

legend of the figure, refers to the grouping in different direction sectors which is covered in section 2.6.2 
Wind Direction Distribution. In this figure all sectors are used i.e. all measured velocities are illustrated. 

(Courtesy of Kjeller Vindteknikk AS) 
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Since the fitting of a Weibull distribution to the observed data is in many cases 
appropriate, it has to a great extent become industry standard to present not only the 
average wind speed but also its Weibull parameters when performing an analysis of the 
wind on-site wind resources. 

2.6.2 Wind Direction Distribution 

An important aspect of the wind resource is the direction from which the wind blows. In 
general there are some dominating directions of winds which are essential for the 
construction and assembly of the wind turbine. In principal, the wind direction is strongly 
dependent on the topography where the distance to the coast line from the offshore sites 
influences the directional distribution significantly. Additional seasonal and daily variations 
are common features depending on the location. The illustration of a wind rose, i.e. the 
standard way of presenting the sector distribution of wind speeds, is shown in Figure 2.6. 
Other properties that are closely connected to the directional distribution can be wake 
effects (see section 2.6.3 Additional properties of wind conditions) that arises from the 
turbine rotor blades and affects the wind resources on long distances behind the turbine. 
 

 
Figure 2.6. The illustration of a typical directional wind speed distribution, i.e. a wind rose. The colors of 

the velocities are specified in the legend, and the proportion of each measured wind speed in m/s is 
indicated by the size of the colored bins. The direction ranges from 0 with 30 degrees interval to 360 
where 0 equals to one revolution and is therefore the same as 360. The rings with numbers 0.06, 0.12 
etc. indicate the percentage of wind in a sector, e.g. 0.18=18%. (Courtesy of Kjeller Vindteknikk AS) 

 
The wind rose can be illustrated in many different ways. Here, the standard method of 
Kjeller Vindteknikk AS (KVT) is used. Despite various kinds of illustration, the wind rose 
serves to illustrate the directional distribution of wind speeds, the measured wind speeds 
and the proportion of the measured wind speeds according to the histogram presented in 
Figure 2.5.    
  



 

Uncertainty Analysis of Long Term Correction Methods for Annual Average Winds 
 

 

32   Chapter 2. Theory 

2.6.3 Additional properties of wind conditions 

Vertical extrapolation 
 
All methods and measurements are associated with a certain height, corresponding to 
ground or sea level, where the calculations and observations are performed. Although it is 
today getting more and more important to have on-site measurements at hub height, i.e. 
in the center of the rotor blades, much of measurements from weather stations and 
through NWP models are measured and computed at various heights. This is not as 
important for the LTC models tested in this report, since it is only the validity of the 
models which are considered, and no analysis of the goodness of winds is covered in this 
analysis. However, for a prospector or manufacturer of wind turbines, the on-site wind in 
hub height has to be computed. 
 
A common way to vertically extrapolate the wind in order to get the estimated average 
wind speeds at hub height is to make use of the following equation of vertical 
extrapolation, 

 𝑉(𝑧) = 𝑉𝑅 �
𝑧
𝑧𝑅
�
𝛼
 (2-55) 

 
where V(z) and VR, are the extrapolated wind velocity as a function of the height and the 
reference wind velocity measured (or computed) at the reference height, zR, respectively. 
The parameter alpha, α, is called the wind shear coefficient. The wind shear coefficient 
can differ between seasons due to fluctuations such as wind levels, wind direction and 
atmospheric stability. The wind shear coefficient is commonly presented in reports and 
analysis since it is an important explanation of how the estimated wind at a certain height 
is achieved. The formula has been proved to estimate the extrapolated wind on a 
sufficiently accurate basis. 
 
Wake Effects  
 
An additional aspect, especially important when constructing wind farms, is to consider 
the so called wake effects. They arise when the turbine rotor blades creates turbulence, or 
wakes, of the incoming wind. As is seen in Figure 2.7. , these wakes can be leaving traces 
of turbulence for a long distance causing the energy content in the wind to significantly 
decrease and affects the production of nearby situated turbines. 
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Figure 2.7. A picture illustrating the wake effects that arises from turbines. The picture is from the wind 

farm at Horns Rev, Denmark, and was captured on January 20th in 2010. (Courtesy of Industrial Wind 
Action Group and David J.C. MacKay) 

2.6.4 Sector Error 

For the specific interest in the wind speed distributions in each direction sector, there is a 
need to give the uncertainty in each sector instead of in the overall average wind speed. In 
order to illustrate how the magnitude of the deviation in each sector contributes to the 
combined uncertainty of the overall wind speed, one introduces the Sector Error. For the 
typical case of twelve sectors this is defined as 
 

𝑆𝑒𝑐𝑡𝑜𝑟 𝐸𝑟𝑟𝑜𝑟 =
1

12
��

𝑈𝑒𝑠𝑡,𝑖

𝑈𝑜𝑏𝑠,𝑖
− 1�

12

𝑖=1

 (2-56) 

2.7 Long-Term Correction 

The general approach to LTC, as presented in 1.1.2 Long-Term Correction, is to make use 
of nearby reference data in combination with on-site measurements to create corrected 
annual average winds. The time series of an example reference and site dataset can be 
seen in Figure 2.8. and Figure 2.9. , respectively. These datasets combined, estimates 
together with different LTC methods, the on-site annual average winds. In this report, 
there are three methods used for this estimation. They are Measure-Correlate-Predict 
(MCP), Sector-bin method (SB) and Synthetic Time Series (ST) with the use of the Quantile 
regression technique. 
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Figure 2.8. A reference dataset with velocity versus hour of observation. Here the total length is 70128 

hours which is equivalent to approximately 8 years. 

 

 
Figure 2.9. Time series of a site dataset with velocity versus hour of observation. Here the total length is 

8200 hours which is equivalent to approximately 1 year (8760 hours). 

2.7.1 Measure-Correlate-Predict 

The Measure-Correlate-Predict method (MCP) is a method which makes use of the 
correlation between the reference and site dataset. The model correlates the speed and in 
each direction bin, typically twelve, of the site with the reference dataset through a SLR. 
It results in a prediction of the long term mean wind speeds and directions for the site. 
The name of the specific method used in the scope of this report is similar to the one 
called Variance Ratio method. However, this MCP model is referred to as the Tallhaug & 
Nygaard method [20].  Since the method is dependent on the correlation coefficient, the 
authors themselves do not recommend use of the method when the correlation between 
the reference and site dataset decreases below the threshold value 0.8.  
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The model is divided into two steps. Firstly, the long-term wind speed, at the site, for 
each sector of the reference station is calculated by: 
 

𝐸(𝑉𝑆|𝑑𝑅𝑖 ) = 𝜇𝑆𝑖 +
𝜌𝑖𝜎𝑆𝑖
𝜎𝑅𝑖

�𝐸�𝑉𝑅�𝑑𝑅𝑖� − 𝜇𝑅𝑖� (2-57) 

 
 
Where E(V) is the long term average velocity, d the direction bin, µ the measured average 
wind speed, ρ the cross correlation coefficient and σ the standard deviation. Subscript R, 
denotes reference dataset and subscript S, the site. Furthermore, the long-term wind 
speed at the site is estimated as  
 

𝐸�𝑉𝑆�𝑑𝑆𝑗� = �𝐸(𝑉𝑆|𝑑𝑅𝑖 ) ∙ 𝑝�𝑑𝑆𝑗�𝑑𝑅𝑖� ∙
𝑝(𝑑𝑅𝑖)
𝑝�𝑑𝑆𝑗�

12

𝑖=1

 (2-58) 

 
Where the probability p is calculated as 
 

𝑝 �𝑑𝑆𝑗� = �𝑝 �𝑑𝑅𝑖� ∙ 𝑝 �𝑑𝑆𝑗�𝑑𝑅𝑖 �
12

𝑖=1

 (2-59) 

 
The illustration of how the sector wise scatter plot, with correlation and linear regression 
is performed can be seen in Figure 2.10. . Each sector is 30 degrees out of 360. The linear 
regressions are forced through zero, so there is no constant coefficient in the given 
equations of the fitted SLR’s. 
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Figure 2.10. Scatter plots for twelve 30 degree sectors of concurrent data between station 0810 and 

station 9810. The picture is only for illustration purposes and no further description of them is included. 
The red lines are fitted SLR’s where the line is forced through zero, and therefore implying no constant 

coefficient in the respective SLR equations.  
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2.7.2 Sector-Bin Method – KH Method 

The Knut Harstveit (KH) method [12] is a non-regression-sector-bin method. As the name 
reveals it makes use of the wind speed divided in twelve 30-degree sectors with north (±15 
degrees) in the first sector. An additional sector is added to the matrix for the cases of no 
wind. The KH method does not use correlation to create the transfer parameters and 
therefore it is a non-regression model. The method uses the simple sector transfer 
coefficients and creates long-term wind speeds from the reference datasets. The 
prediction is accomplished through weighting of the contributions from the 13 sectors at 
the reference station. Here the 13th sector (or the zero sector in the matrix) is constructed 
of the measurements with zero wind speed. These contributions are summed up, as 
equation (2-59) explains. Here V is the velocity, d the sector, µ the true wind, p the 
probability, R the reference station and S the site. The expected value of the velocity at 
the site in each sector is given by 
 

𝐸�𝑉𝑆�𝑑𝑆𝑗� = �𝜇𝑆𝑖𝑗  ∙
𝑝�𝑑𝑆𝑗�𝑑𝑅𝑖�
𝑝�𝑑𝑆𝑗�

∙
𝐸�𝑉𝑅𝑖�𝑑𝑅𝑖� 

𝜇𝑅𝑖

12

𝑖=0

 (2-60) 

 
Consider the generic case of two typical concurrent time series, one reference and one 
site dataset containing wind speeds, divided into twelve sectors with an additional sector 
for wind speed observations of zero.  The tables Table 2-1, Table 2-2, Table 2-3 and Table 
2-4 shows step by step how the calculations in matrix form for the equation (2-59) are 
calculated. Firstly the population in each concurrent sector is found. Thereafter, the mean 
in each sector and the respective probability of the sector is found. The weighted means 
by probabilities are summed up and multiplied with the respective sector probability. The 
result gives the estimated mean, MULOAS which is shown in Table 2-5.  
 

Table 2-1: Sector population for matrix method of reference versus site dataset. Twelve 30 degree 
sectors with the zero sector representing the cases of observed zero velocity. 

Ref\Site 0 1 2 3 4 5 6 7 8 9 10 11 12 ALL 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
1 2 490 77 30 17 21 8 5 8 13 32 76 557 1336 

2 6 398 439 149 29 15 5 6 2 13 16 18 64 1160 

3 9 94 363 605 127 31 9 4 13 5 9 10 16 1295 

4 5 11 48 468 1003 130 35 11 10 14 10 9 21 1775 
5 6 8 12 107 947 1076 96 13 7 8 5 9 10 2304 

6 5 6 8 20 93 1048 475 73 25 16 7 6 9 1791 

7 2 11 1 5 38 221 912 662 157 34 14 7 7 2071 

8 4 4 1 1 15 57 152 759 1401 213 36 15 11 2669 
9 1 0 1 5 7 23 45 112 1051 1684 179 24 3 3135 

10 4 7 4 6 1 16 16 24 104 988 1631 249 25 3075 

11 6 13 8 11 7 14 14 14 18 122 1029 1950 237 3443 

12 4 107 24 20 11 13 17 13 21 37 148 848 1518 2781 

ALL 54 1149 986 1427 2295 2665 1784 1696 2817 3147 3116 3221 2478 26835 
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Table 2-2: Sector mean in m/s, for matrix method of reference versus site dataset. Twelve 30 degree 
sectors with the zero sector representing the cases of observed zero velocity. 

Ref\Site 0 1 2 3 4 5 6 7 8 9 10 11 12 
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 0,0 

1 0,0 7,1 3,5 2,8 3,2 3,6 3,8 2,1 2,8 3,1 3,9 5,1 7,5 

2 0,0 5,0 4,3 3,7 2,7 3,0 1,5 2,5 1,3 3,9 4,3 4,9 4,4 

3 0,0 3,3 3,9 4,7 3,5 2,7 2,5 2,6 2,7 5,3 2,9 3,4 3,0 
4 0,0 3,3 2,7 4,6 6,1 3,9 4,0 3,1 2,7 2,5 4,4 4,3 3,3 

5 0,0 4,0 1,9 3,5 6,1 6,9 4,8 3,3 3,8 4,4 3,5 3,2 2,6 

6 0,0 3,1 1,3 3,2 4,0 7,6 7,6 4,3 3,5 3,8 3,4 3,5 3,4 

7 0,0 4,4 4,1 2,5 3,4 5,5 7,9 7,6 6,6 5,5 2,9 3,7 7,9 
8 0,0 3,2 4,6 3,1 3,1 4,1 5,5 7,6 9,5 7,0 4,7 3,2 3,2 

9 0,0 0,0 1,0 3,4 3,3 3,3 4,5 5,0 8,7 9,4 6,8 4,4 5,0 

10 0,0 4,6 1,8 1,8 1,0 3,3 4,5 4,3 5,8 8,5 9,1 6,4 4,5 

11 0,0 4,6 1,1 2,9 2,3 2,4 4,8 1,8 3,6 5,2 8,2 8,7 6,1 
12 0,0 5,4 2,3 2,6 2,6 2,8 3,1 1,7 3,1 3,7 5,3 7,9 8,8 

 

 

 

Table 2-3: Sector long term probabilities for site, PLOS, and reference, PLOR. Twelve 30 degree sectors 
with the zero sector representing the cases of observed zero velocity. 

Ref\Site 0 1 2 3 4 5 6 7 8 9 10 11 12 PLOR 
0 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 

1 0,00 0,02 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,02 0,05 
2 0,00 0,01 0,02 0,01 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,04 

3 0,00 0,00 0,02 0,03 0,01 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,05 

4 0,00 0,00 0,00 0,02 0,04 0,01 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,07 

5 0,00 0,00 0,00 0,00 0,04 0,04 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,09 
6 0,00 0,00 0,00 0,00 0,00 0,04 0,02 0,00 0,00 0,00 0,00 0,00 0,00 0,07 

7 0,00 0,00 0,00 0,00 0,00 0,01 0,03 0,02 0,01 0,00 0,00 0,00 0,00 0,07 

8 0,00 0,00 0,00 0,00 0,00 0,00 0,01 0,03 0,05 0,01 0,00 0,00 0,00 0,10 

9 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,04 0,07 0,01 0,00 0,00 0,12 
10 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,04 0,06 0,01 0,00 0,11 

11 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,04 0,07 0,01 0,12 

12 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,01 0,03 0,05 0,09 

PLOS 0,00 0,04 0,04 0,06 0,09 0,10 0,07 0,06 0,11 0,12 0,11 0,11 0,09 1,00 
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Table 2-4: Sector long term means for site, MULOS, and reference, MULOR. Twelve 30 degree sectors 
with the zero sector representing the cases of observed zero velocity. 

Ref\Site 0 1 2 3 4 5 6 7 8 9 10 11 12 MULOR 
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 0,0 0,0 

1 0,0 2,8 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,1 1,7 5,1 

2 0,0 1,6 1,9 0,4 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,1 4,1 

3 0,0 0,3 1,4 1,9 0,2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 3,9 
4 0,0 0,0 0,1 1,4 2,7 0,2 0,1 0,0 0,0 0,0 0,0 0,0 0,0 4,6 

5 0,0 0,0 0,0 0,3 2,5 2,8 0,3 0,0 0,0 0,0 0,0 0,0 0,0 6,0 

6 0,0 0,0 0,0 0,0 0,2 3,0 2,0 0,2 0,0 0,0 0,0 0,0 0,0 5,5 

7 0,0 0,0 0,0 0,0 0,1 0,5 3,9 2,9 0,4 0,1 0,0 0,0 0,0 7,9 
8 0,0 0,0 0,0 0,0 0,0 0,1 0,5 3,4 4,6 0,5 0,1 0,0 0,0 9,1 

9 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,3 3,2 4,8 0,4 0,0 0,0 8,9 

10 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,2 2,6 4,8 0,5 0,0 8,2 

11 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,2 2,7 5,3 0,6 9,0 
12 0,0 0,5 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,3 2,1 5,3 8,3 

MULOS 0,0 5,4 3,9 4,2 5,7 6,8 7,0 6,9 8,5 8,1 8,3 8,1 7,8 
 

 
The long term average wind at the site for all sectors is then given by the sum of each 
probability, PLOS, multiplied with the on-site long term means, MULOS as can be seen in 
Table 2-5. 
 

Table 2-5: Sector long term means for site, MULOS, long term probabilities for site, PLOS, which 
multiplied and summed up gives the long term average velocity on site, MULOAS. 

Site MULOS PLOS MULOS*PLOS 
0 0,00 0,00 0,00 

1 5,36 0,04 0,23 

2 3,85 0,04 0,15 

3 4,15 0,06 0,24 

4 5,70 0,09 0,53 

5 6,76 0,10 0,69 

6 6,96 0,07 0,46 

7 6,92 0,06 0,43 

8 8,50 0,11 0,91 

9 8,14 0,12 0,97 

10 8,29 0,11 0,93 

11 8,15 0,11 0,91 

12 7,82 0,09 0,68 

 MULOAS 7,12 
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2.7.3 Synthetic Time Series – Quantile Regression 

The methods presented so far in this chapter tend to find changes in directions in an 
accurate way. However, it has disadvantages when it comes to prediction of the wind 
speed since it does not cope for any of the advanced statistical properties of the data. The 
synthetic time series (ST) is carried out and implemented with a quantile regression 
technique. [21] The quantile regression has benefits against the least square method when 
it comes to robustness against outliers. Additionally, it is a way of finding different 
tendencies or dispersions in the datasets. 
 
The methodology is first to find the elements of zero direction in the reference datasets. 
Then the difference between the angles in the site datasets and the reference dataset at 
these points are calculated and the median of the differences is used to adjust the offset 
of the reference dataset in order to resemble the site direction distribution. 
 
Furthermore, the directions are sorted individually in the dataset and the difference in the 
individual mean of all values in one degree steps is calculated. E.g. one finds all angles in 
the site and reference dataset corresponding to 1±0.5 degrees. The mean of each subset in 
the datasets is calculated, respectively. The difference in the mean is then the relation 
between the reference and site direction which is said to be the bias. 
 
The data is then divided into twelve direction sectors containing equal number of 
elements. Then the method of quantile regression is applied for both the directions and 
the velocities. The unconditional quantile regression states that the quantiles are found 
when minimizing a sum of asymmetrically weighted absolute residuals by giving different 
weights to positive and negative residuals [22] i.e. solving equation (2-60), 
 

min
𝜉∈ℜ

�𝜌𝜏(𝑦𝑖 − 𝜉) (2-61) 

 
where ρτ is the tilted absolute value function that yields the τth sample quantile as its 
solution. Using methodology from the least squares regression, the estimates from the 
other conditional quantile functions are found by replacing the absolute values with ρτ and 
solves 

min
𝛽∈ℜ

�𝜌𝜏�𝑦𝑖 − 𝜉(𝑥𝑖,𝛽)� (2-62) 

 
where ξ(xi,β) is the parametric function. Setting τ=0.5, estimates the conditional median 
function. Formulating the ξ(x,β) as a linear function of parameters implies that the 
minimization problem can be solved by linear programming methods [22]. One example of 
such a method is the simplex algorithm, which can be found in any textbook covering 
linear programming methods. 
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3 Literature Study 
3.1 Description of Completed Literature Study 

This literature study, 9 Appendix A – Literature study, addresses the topic of the specific 
case of long-term corrections, i.e. the uncertainty related to the average wind velocity 
prediction computed with various methods of correction. Interests in the state-of-the-art 
regarding long-term correction uncertainties is covered by locating the present literature 
and by systematical sorting and reviewing of the information found. The result is divided 
into three parts: Long-term correction methods, Uncertainty estimators and datasets 
which are used by the methods. 

3.2 Conclusions and Important Outcomes 

The main conclusions regarding the assembled literature are: 

• The number of significant articles during the period considered (2000’s) is high. The 
research regarding resource assessment is relevant at the time and more accurate 
methods of analysis regarding long-term correction are needed. 

• When searching the Google Scholar database [iii], articles with specific purpose 
found in for example wind power conference proceedings seem to be covered in the 
searches.  

• The scope of the long-term correction uncertainty field can be narrowed down to a 
few articles with greater significance. These have been reviewed and common 
trends in their respective analysis methods have been determined. 

• The number of databases used for the article search is low and a greater effort 
regarding a wider basis of search methods should be put in further state-of-the-art 
analysis.  

• All literature sources for information have been on a primary level. 

• Due to the competitive nature of the industry there might be problems in locating 
all methods which are used since they might obey corporate confidentiality. 
However, it seems to be more important to use the synergy effects and therefore it 
has not been any major problems in understanding and locating the methods. 
Additionally, commercial software which is available by purchase, are open about 
what methods they are currently using and the theory for this is found in the 
literature. 

The main conclusions regarding the state-of the-art in long term correction methods are: 

• The methods used within the industry are centered through the MCP methodology. 
There are numerous applications of the MCP method [23] present in the scope of 
the literature considered. Other methods such as the Matrix method [24] or Wind 
Index method [25] are also relatively common. 
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• Further developed MCP models, the Artificial Neural Networks (ANN) methods and 
Bootstrapping methodology are the main fields of the upcoming work in long-term 
correction methodology. 

The main conclusions regarding the state-of the-art in long term correction uncertainty 
methods are: 

• The methods for estimating uncertainty are mostly connected with standard 
regression procedures where correlation, standard deviation/variance and bias are 
considered. There are however many additional methods of presenting the 
uncertainty in order to in the best way present the results of specific dataset 
investigated in each article, respectively. 

• Uncertainty estimation, by means of the non-regression methods the method of 
uncertainty estimation is more difficult to implement. Solution to this has been 
approaches to the Bootstrap/Jackknife variance estimation [19]. However, these 
methods are sensitive to the smoothness level of the data and are known to 
underestimate the true variance. 

• Additional methods of estimating distributions and in the prolonging the uncertainty 
are the Monte Carlo methods [26] which make use of random numbers. 

• The combined uncertainty [27], is a method for integrating all uncertainty measures 
in to one overall uncertainty. This is the only approach found in the literature 
considered. 

On the topic of datasets used as input for all models regarding the long-term corrections, 
following conclusions are to be highlighted: 

• The uncertainties in the reference datasets affect the long-term correction 
methods to a great extent. The analysis of the datasets are thus of high importance 
and there are methods for finding e.g. inconsistencies. 

• A crucial question in the resource assessment is for how long time the on-site 
measurements are required to be performed in order to get sufficiently accurate 
long-term corrections.  

• The dependence of the correlation between the reference dataset and the on-site 
measurements is not fully established. However, the general recommendations 
when using MCP methodology is that higher correlation than 0.8, is preferred to 
have good results. [28] 
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4 Dataset 
4.1 Weather Research and Forecast Model 

The Weather Research and Forecast model (WRF) is a numerical mesoscale method and 
assimilation system which is used for a variety of climate forecasting purposes (see section 
1.1.1 Wind Resource Assessment). It was initially created to create closer ties between the 
research and the operational work. The model has an advanced three dimensional 
variational (3DVAR) data assimilation system integrated with the modeling of advanced 
physics. This for example includes multivariate analysis and numerical integration schemes 
such as the Time-split Leapfrog and the 3rd order Runge-Kutta method. Additionally the 
model has well developed architecture of the software allowing the computations to be 
done on an extended parallel basis. [29] 
 
The development of the method was originally collaboration between several 
organizations, mainly between the National Center for Atmospheric Research (NCAR), the 
National Oceanic and Atmospheric Administration, the National Center for Environmental 
Prediction (NCEP) and the Forecast Systems Laboratory (FSL), the Air Force Weather 
Agency (AFWA), the Naval Research Laboratory, the University of Oklahoma, and the 
Federal Aviation Administration (FAA). 
 
The current version of WRF used by KVT for prediction of winds is v3.2.1. It is further 
described in [30], whilst details regarding the modeling structure, numerical routines and 
physical packages are found in [31] and [32]. The WRF dataset that will be used further on 
in this report is based on two re-analysis datasets. The ordinary case is with data from 
NCEP Final analysis (NCEP/FNL). However, for the purpose of testing the effect of different 
input data in the model, an additional re-analysis dataset from the European Center for 
Medium range Weather Forecasts (ECMWF) is used as input for the WRF model. In the cases 
where WRF uses ERA-Interim as input data, the model will be referred to as WRF-ERA. Both 
NCEP/FNL and ERA-Interim re-analysis datasets are explained in this chapter. 

4.2 NCEP/FNL 

The NCEP (Final) Operational Global Analysis data, further referred to as NCEP/FNL, is a 
state-of-the-art data forecasting system which assimilates data from many different 
sources such as buoys, ships, planes and satellites through the Global Data Assimilation 
System (GDAS). The data is free for download and covers the world on global grids with a 
horizontal resolution of 1 degree, corresponding to ~110km in the Norwegian region. The 
actual data is on a 4-times daily (6 hour) basis for the period from the 30th of July, 1999 
until present. The NCEP/FNL has to a great extent been used as the primarily input to WRF 
models in the industry since the release and is currently downloaded and updated on a 
daily basis with a lag of 1 hour after the Global Forecast System (GFS) is initialized. [ii] 

4.3 ERA-Interim 

The ERA-Interim is a re-analysis dataset which was created as an interim between the ERA-
40 and next generation analysis. It covers the period from 1st of January 1979 until present. 
It comes with a spectral resolution of ~80km and 60 vertical levels. The assimilation is 
based on a four dimensional variational (4DVAR) methodology and mainly uses input data 
from ERA-40 until 2002 and the archive of ECMWF for the time after. [34] The data quality 
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control is said to be improved using experience from ERA-40 and the Japanese 25-year re-
analysis (JRA-25).  

4.4 MERRA 

The Modern Era Re-Analysis for Research and Applications (MERRA) is a NASA project which 
covers the years from 1979 until present. It utilizes the NASA Global Data Assimilation 
System in order to provide a State-of-the-art analysis dataset. It has output data on a 
horizontal grid of 1/2x2/3 degrees (~60x70 km in the Norwegian region) resolution and 
comes with hourly dataset time resolution. The MERRA dataset has been analyzed in the 
report of Lileó et al. [27] where the conclusions drawn were that the dataset is a big, 
almost 16 percent, improvement to the NCEP/NCAR reanalysis 1, which is another 
reanalysis dataset that is commonly used as input for NWP models or as observational 
datasets.  

4.5 QuikSCAT 

The NASA Quick Scatterometer (QuikSCAT) was used to measure the near-surface wind 
speed and directions. The scatterometer consisted of an antenna; a circular dish producing 
two spot beams, and a pulse microwave radar. It was launched in June of 1999 and 
operated for twice the predicted lifetime until the 23rd of November, 2009. The QuikSCAT 
measurements were made in 1800 km wide bands covering 90 percent of the earth’s 
surface in one day. It had multiple purposes, such as improving the NWP models near 
coastlines and giving high resolution measurements on the near-surface over the global 
oceans. It measured the wind speeds between 3 and 20 m/s with an accuracy of 2 m/s. 
The direction was measured with an accuracy of 20 degrees. The wind vector resolutions 
were of 25 kilometers. As seen in Figure 4.1. , the bands of the scatterometer when it 
circulated its orbit around the earth, can easily be observed. The weather data that was 
provided by the satellite was proven to be very useful specifically for the purpose of 
hurricane and cyclone forecasting and it has been a valuable tool for researchers and 
scientists in the aim of testing the preciseness of other scatterometers. [iv,v] 

 
Figure 4.1. Illustration of the QuikSCAT satellite measurements of the wind distributions. The 

measurements are made in ~1800km wide bands when the satellite circulates in its orbit around the 
earth. (Courtesy of Paul Chang, NOAA) 
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4.6 Observations 

4.6.1 Instrumentation for Measurements 

The measurements, both on-site and when they are used as reference datasets are 
associated with different kinds of equipments and configurations. The most common way 
of measuring wind speed and wind direction is performed with cup-anemometers, 
ultrasonic anemometers and wind vanes. However, there are also other methods such as 
Sonic Detection and Ranging (SODAR) [vi] and Light Detection and Ranging (LIDAR) [vii]. 
The cup-anemometers are well documented and are recommended for the power curve 
measurements by IEC standards [viii]. The ultrasonic anemometer has high temporal 
resolution and is therefore preferable for example when measuring turbulence [ix].  The 
wind vanes are widely used and have an accuracy of 5 degrees or better. A picture of a 
cup-anemometer and a wind vane is presented in Figure 4.2. 
 

   
Figure 4.2. An example of the standard equipment when measuring wind conditions. To the left: A typical 
cup-anemometer which is used to measure the wind speed. To the right: A typical wind vane which is used 

to measure wind directions. (Courtesy of Kjeller Vindteknikk AS) 

4.6.2 eKlima 

eKlima [x] is the database of The Norwegian Institute of Meteorology. It has daily average 
values of climate observations from hundreds of stations in Norway and in the North Sea. 
The data is publicly available and is distributed mostly as 3-hourly and 6-hourly values 
depending on the station. eKlima has data mostly from the digitalized age after 1957. 
However, there are some stations with data up to 150 years back. The datasets provided 
by eKlima is frequently used by KVT when there is a nearby measuring station to the site 
considered. The use of this station is without doubt since the data is freely available and 
easy to withdraw. It can be extracted directly from the home page of eKlima in different 
file formats. 

4.6.3 NOAA – Integrated Surface Hourly Observation 

The National Oceanic and Atmospheric Administration (NOAA) provide meteorological 
observations from surface stations around the world. It has integrated hourly observations 
publicly available at the home page which can be retrieved for a small downloading fee. In 
the database there are over 20000 stations where 11000 are currently active. [xiii] 
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4.7 Quality Control – Data Validation 

The quality control of data can be performed in many different ways. The general method 
which has been performed for all datasets that are used in this report is given by the 
points of a-e, below. Given a data sample, these steps were carefully used in order to 
locate errors in the data, which might affect the validity of the analysis. Data points that 
are considered to be doubtful are removed, and if it concerns crucial parts of the data this 
will be stated. 

a. Gust check 

A gust, is a sudden change in wind speed. It can roughly reach levels of 40-50% of 
the normal wind speed. When performing the gust check, one is to investigate if 
the data contains unusually high values of gusts e.g. >40-50%. In this case it might 
be the sensor which cannot tolerate to high blasts of wind and failure can either be 
given by no value, or an unusually high value that is not significant and should be 
considered to be an outlier that could be removed. Gust check might also give hints 
regarding the quality of the anemometry if this for example happens multiple 
times, or if the values after the gust, are significantly different from the ones prior 
to the gusts. 

b. Outliers 

Outliers have been defined and explained in the earlier section 2.4.4 Residual 
Analysis. Outliers in the data can be found through residual analysis or by simple 
inspection of the data. The locating of significantly different values of the wind 
speed is standard procedure when investigating data for proper analysis. 

c. Location 

The station positioning is a factor which will matter in the analysis. The 
environment surrounding the station might affect it to such a great extent that the 
measurements are not significant at all. It is also important to follow up on the 
station's history. As time passes, the surroundings change; buildings and masts that 
influence the measurements might have been constructed in the area, or even the 
position of the station might have been changed. Additionally it is very important to 
analyze the general location of the station; how the wind conditions are in that 
area. Any instability in the weather or unusually high values of turbulence, that 
might make the measurements inaccurate, should be found. 

d. Sorting and Extreme Wind Analysis 

In order to understand the data, one can do basic sorting and extreme wind value 
analysis. These are valuable when finding out directly if the maximum/minimum 
velocities seem to be far higher/lower than expected. 

e. Repeating Digits 

A situation which has proven to be common is the case of repeating digits. This can 
for example be due to icing, which freezes the anemometry and wind vanes, 
causing e.g. repeated zero velocity values and one directional winds since no wind 
is then measured by the anemometer and the wind vanes is locked in one position. 
Other causes of repeating digits might be because of worn out equipment. In order 
to validate the data, one should check if there are repeating digits, and in that case 
analyze why, when and for how long they are repeated and finally remove the 
doubtful values. 
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5 Modeling Approach 
5.1 Data 

5.1.1 Choice of Datasets 

The test area that has been chosen for the analysis is in the North Sea region, covering 
parts of Denmark, Norway and Western Sweden. The locations of consideration are met 
stations that are mainly offshore or nearby shore. For Norway, the met station data was 
taken from the weather observations database of The Norwegian Institute of Meteorology, 
eKlima (see section 4.6.2 eKlima). The datasets was quality controlled (see section 4.7 
Quality Control – Data Validation)  and compared to the datasets covering the same met 
stations, provided by NOAA (see section 4.6.3 NOAA – Integrated Surface Hourly 
Observation). The comparison showed that the datasets were identical, thus, stations of 
Sweden and Denmark could be collected from the NOAA database.  
 
The Reference dataset which is extensively used is the hindcast mesoscale model, WRF 
(see section 4.1 WRF). The WRF-model provides hourly data on a 4km horizontal grid 
resolution throughout the whole region considered and the datasets for the points that are 
closest to the met stations are chosen as reference datasets. The length of the datasets 
covers the period of 2000-2009, and is valid both for the WRF model with ERA-Interim (see 
section 3.3 ERA-Interim) as input data, as well as for WRF with NCEP/FNL (see section 4.2 
NCEP/FNL) as input data.   
 
Initially, the eKlima and NOAA station observations were supposed to cover the ten year 
period of 2000-2009. However, due to the quality control of these observations, the years 
of 2000-2001 in the NOAA dataset were found to have inconsistent data, as a direct 
consequence of converting errors in the integration methods. After additional quality 
control, the long-term datasets both from observations and WRF were determined to be 
the 8 year period of 2002-2009, excluding the years of 2000-2001. The short-term period, 
which is object for LTC was determined to be the year of 2007, since it represented the 
year of highest deviation in the datasets. 
 
For the comparison of the accuracy in the LTC, MERRA re-analysis data (see section 4.4 
MERRA) in the closest points to the corresponding met station was used, for the same 
period of 2002-2009.  
 
The final datasets that were chosen in this report were extracted from the database of 
NASA’s QuikSCAT satellite observations, covered in section 4.5 QuikSCAT. It includes both 
the values from multiple grid points along the 6th eastern meridian, as well as grid points 
close to each station, respectively. The period of the QuikSCAT dataset used covers 
observations from November 1st of 1999 until October 31st of 2009. 

5.1.2 Site Data 

The site data that has been used as the true long-term wind resources at the coordinates 
of the met station is the eKlima for Norway and NOAA for Sweden, and Denmark. The 
information of these stations can be found in Table 5-1 and on a graphical map 
representation in Figure 5.1. 
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Table 5-1: List of stations used with the LTC methodology. Designation and Abbr. refers to the station 
name. Country uses abbr. for Sweden (SE), Denmark (DE) and Norway (NO). The OP. Start header 
indicates when it the station started to operate or from when it was considered to provide consistent 
measurements. Elevation is given in meters above sea level (masl) and meters above ground level 
(magl). Latitude and longitude is given in decimal degrees. The group column refers how the result of 
the LTC is presented when the stations are grouped. 

Designation Abbr. Country Sea Op. start Elevation  Lat Lon Group 
BLAAVANDSHUK Bl DK North Sea 1989 13 masl, 10magl 55,55 8,08 2 
EKOFISK Ek NO North Sea Jan -81 ~100 masl 56,55 3,22 1 
FERDER Fe NO Skagerrak Jul -73 ~10 magl 59,03 10,53 3 
GEDSER ODDE Ge DK Baltic Sea 1994 8 masl, 10magl 54,57 11,97 4 
GNIBEN Gn DK Kattegat 1983 13 masl, 13magl 56,02 11,28 4 
GULLFAKSC Gu NO North Sea Nov -89 ~100 m 61,20 2,27 - 
HALLANDS VADERO Ha SE Kattegat 1996 10 masl 56,45 12,55 4 
HVIDE SANDE Hv DK North Sea 1993 3 masl, 26magl 56,00 8,13 2 
LISTA Li NO North Sea Jul- 82 14 masl, 10magl 58,11 6,57 1 
MASESKAR Ma SE Skagerrak 1973 16 masl 58,10 11,33 3 
NIDINGEN Ni SE Kattegat 1981 2 masl 57,30 11,91 3 
NORDKOSTER No SE Skagerrak 2001 33 masl 58,90 11,01 3 
OKSOY Ok NO Skagerrak Nov -00 9 masl, 10magl 58,07 8,04 3 
OMOE Om DK Storebælt 2001 1 masl, 10magl 55,17 11,13 4 
ROENNE Roen DK Baltic Sea 1989 15 masl, 10magl 55,07 14,75 4 
ROESNES Roes DK Kattegat 1982 12 masl, 16magl 55,75 10,87 4 
ROMOE/JUVRE Rom DK North Sea 1989 19 masl, 4magl 55,18 8,57 2 
SKAGEN Sk DK Skagerrak 1973 8 masl, 10magl 57,73 10,63 3 
SOLA So NO North Sea Jan- 61 ~10 magl 58,88 5,63 1 
THYBOROEN Th DK North Sea 1994 2 masl, 31magl 56,70 8,22 2 
TORUNGEN To NO Skagerrak Feb- 00 12 masl, 10magl 58,399 8,786 3 
UTSIRA Ut NO North Sea Jan- 80 55 masl, 10magl 59,307 4,87 1 

 
Figure 5.1. A map of the North Sea region showing the 22 weather stations used in the LTC methodology. 

(Map from Google Earth, © 2012 Google) 

The points of the station data used within the scope of this report can be seen in Figure 
5.2. and is courtesy of Knut Harstveit at Kjeller Vindteknikk AS (KVT). 
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5.1.3 Reference Data 

The MERRA data grid points used within the scope of this report can be seen in Figure 5.2., 
and is courtesy of Carla Denyer at GL Garrad Hassan. 

 
Figure 5.2. A map of the MERRA grid coordinates (yellow pushpins) which are used in the LTC methods. 

(Map from Google Earth, © 2012 Google) 
Both the QuikSCAT data in every single point of each station and along the 6th eastern 
meridian (see Figure 5.3. and Figure 5.4.), used within the scope of this report is courtesy 
of Ioanna Karagali and Remote Sensing Systems (RSS). 

 
Figure 5.3. A map of the QuikSCAT grid coordinates (green pushpins) along the 6th eastern meridian, and 

the 22 stations used in LTC methods. (Map from Google Earth, © 2012 Google) 
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Figure 5.4. A map of the North Sea region showing the QuikSCAT closest to station coordinates (green 

pushpins), and the 22 stations used in LTC methods. (Map from Google Earth, © 2012 Google) 

The horizontal grid resolution for the WRF data used in the LTC is 4km where the winds are 
given at 10 masl. The WRF data used within the scope (see Figure 5.5.) of this report is 
courtesy of Øyvind Byrkjedal and Rolv Erlend Bredesen at Kjeller Vindteknikk AS (KVT). 

 
Figure 5.5. A map of the North Sea region showing the closest WRF grid points (yellow pushpins) to each of 

the 22 stations, respectively. (Map from Google Earth, © 2012 Google) 
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5.2 Problem Description 

As formulated in the aims and purposes of section 1.1 Background, the overall problem 
description is given by recovering information about LTC, performing LTC analyses and 
developing methods for the uncertainty estimation in connection with the LTC methods. 
These different types of analyses are divided into four different categories in which all 
contribute to the results on those topics. The first one, section 5.2.1 Station and WRF, is 
to validate work that has already been done, by implementing new algorithms in the 
MATLAB® software. The validation will especially fill its purpose because of the newly 
developed algorithms that will be used further on when encountering the same 
problematic as posted in this section. Additionally the same analysis will be performed 
using WRF based on ERA-Interim (WRF-ERA) which will give information about the 
difference in LTC based on inputs in the WRF methodology.  
 
Further on, the dataset of MERRA, presented in section 3.4 MERRA, will be used for the 
same method of LTC, with the purpose of determining if the MERRA dataset is as accurate 
as WRF. If MERRA could be used instead of or in addition to WRF when performing standard 
LTC analysis, this is a result that will prove to be useful in upcoming work. 
 
The third, section 5.2.3 QuikSCAT and WRF, aims to investigate if the dataset of QuikSCAT 
can be used instead of, or in addition to the WRF dataset. QuikSCAT is publicly available 
data and if the data is accurate enough it can be a good tool in the upcoming work for 
example when validating achieved results. 
 
The last section, 5.2.4 Uncertainty Estimation, involves estimation procedures and analysis 
of the LTC methods. The interest of quantifying and reducing error is very much important 
for the significance in the result presented for clients and in research. Emphasis was laid 
on the quantification of the error in a method, using only one set of data, and is therefore 
connected with the sampling methods mentioned in section, 2.5 Sampling. 

5.2.1 Station and WRF 

WRF based on NCEP/FNL 
 
The first objective is to compare the difference when using WRF and meteorological 
stations as reference dataset. The method of LTC is applied by sequentially using a station 
pair, and respectively, the closest WRF point to each station, see Figure 5.6. This will 
further be called Cross-LTC. The LTC is then made with one station having shorter time 
series of approximately one year, used as the on-site measurements with the other station 
and its closest WRF grid point as reference datasets. Then the LTC is computed in the 
opposite direction, using the first station and its closest WRF grid point as reference 
datasets with the second station as on-site measurements. With the 22 stations presented 
in Table 5-1 and Figure 5.1 and closest WRF grid points, respectively, this creates 22x21x2 
LTC’s, not counting the LTC with itself. 
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Figure 5.6. The method of long term correcting each pair of stations with long-term station observations 

and long-term WRF datasets. 

The analysis of the LTC’s which are computed can be done in comparison to the real long-
term dataset for each station. In this way the accuracy of the LTC method with different 
data as input can be realized. The LTC method that is used for this task is primarily the KH 
method (see section 2.7.2 Sector-Bin Method – KH Method). The station observations that 
are used are for the year of 2007 and the long-term datasets covers the whole period of 
2002-2009. 
 
WRF based on ERA-Interim 
 
For the purpose of investigating the differences when using ERA-Interim as the input for 
the WRF model, instead of NCEP/FNL which it usually uses, the same procedure as in the 
preceding section is repeated.  

5.2.2 MERRA and WRF 

The second objective is to perform the LTC analysis comparing the reference datasets of 
WRF and MERRA. The closest grid points for each of the 22 stations are used as reference 
dataset to each station, respectively. The observations from each station for year 2007 will 
be used as the on-site measurements and are subject to the LTC. The full dataset, for the 
years 2002-2009, of the measurement station provides the true annual average wind, 
which will be compared to the one calculated from the LTC method. 

5.2.3 QuikSCAT and WRF 

QuikSCAT on the 6th eastern meridian 
 
For the 6th eastern meridian, the QuikSCAT grid points provided are subject to different 
analysis. Firstly, it has to be established whether the time series of the points can form a 
basis as long-term reference datasets. The stations which are located far from the 
QuikSCAT points will probably be weakly correlated and might provide useless results. 
However, this is the subject for the analysis. Secondly, the analysis will use the LTC 
estimating the annual average winds at the stations, which will be compared with the true 
annual averaged wind speed given by the whole dataset from 2002 to 2009. 
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QuikSCAT at site coordinates versus WRF 
 
The LTC analysis of the QuikSCAT at the site coordinates refers to the time series from the 
satellite, at the coordinates of the stations. However, some of the stations are located so 
close to the shoreline that the QuikSCAT scatterometer is unable to provide any data 
coverage. However, for those stations that have corresponding QuikSCAT dataset, the LTC 
analysis is made using QuikSCAT as the reference dataset and the station observations from 
2007 as the short-term dataset. LTC gives the estimated annual average wind speed which 
will be compared to the long-term measurements from the stations, 2002-2009, that 
provides the true annual averaged wind speed. This is then compared to the WRF estimates 
of the stations providing a base of comparison of the two reference datasets. 

5.2.4 Uncertainty Estimation 

Observation Uncertainties 
 
In order to analyze the LTC’s that are made, focus is put on solely using WRF and stations 
datasets. The datasets will, different from earlier described methods, use the whole span 
of 2002-2009 in order to create multiple LTC values. WRF will be used as the constant 
reference dataset for each station, with the time series of 2002-2009. The datasets of the 
stations will be drawn in overlapping subsets. For each of the subsets, the LTC will be 
performed which for the period of 8 years, 2002-2009, with an example subset size of 2 
months gives 96 possibilities. This is done for concurrent data of 2,4,6,8,…,96 months, 
where 96 months equals the case when the whole on-site measured series is concurrent 
with the reference data set. In the latter case, there will only be one possibility for LTC 
since the subset is in fact the whole dataset. An example of this procedure can be seen in 
Figure 5.7.  

 
Figure 5.7. The concurrent on-site velocity time series illustrating the overlapping methodology; Each 
subset of the data is used in a separate LTC in for the estimation of uncertainty in the LTC methods. 
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The three LTC methods, described in section 2.7 Long-Term Correction, are applied on 
each of the 22 stations connected with its closest point WRF reference dataset, 
respectively. This creates a total of 66 LTCs for each step in resolution. This will in the end 
give rise to a total of 2352*66 LTCs.   
 
Estimated Uncertainties 
 
 The estimation of the variability will be based on the real case scenario of on-site 
measurements and WRF reference datasets. Consider each station with on-site 
observations for the year of 2007. The uncertainty estimation will use the sampling with 
replacement methods covered in 2.5 Sampling, generating multiple samples with the same 
length as the one year dataset. This can also be seen in Figure 5.8. The WRF dataset from 
2002 to 2009 will act as the reference dataset when, for each of the sampled datasets, a 
LTC of the KH Method will be performed. The results are then compared to the uncertainty 
estimated by observation, and tested to give significant results showing if they differ, or if 
the Bootstrapping method can be used for the uncertainty estimation. 
 

 
Figure 5.8. The method of sampling applied to the concurrent time series of reference and on-site data. 
The concurrent reference and on-site velocity pair is samples with replacement creating a new pair of 

sampled velocity vector, to the right and to the left in the figure. 
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6 Results 
6.1 Station and WRF 

Based on the objectives presented in section 5.2.1 Station and WRF, the results of the 
comparison when using the Sector-bin LTC method with WRF reference dataset based on 
NCEP/FNL (WRF) and ERA-Interim (WRF-ERA), is presented in this section. The concurrent 
year is 2007 and the reference datasets cover the period from 2002-2009. The particular 
interests are in the correlation spread when considering the estimated long-term velocity 
normalized to the long-term measured velocity, the overall normalized estimated long-
term velocities and the sector error divided into the groups of interest, presented in Table 
5-1. In all cases where the groups are considered, the LTC is only computed with the 
reference datasets within the group, and not considering all 22 stations in the Cross-LTC 
method. 

6.1.1 Wind Velocity, Correlation and Distance 

 

 
Figure 6.1. The estimated long-term velocity, Uest, normalized to the long-term measured velocity, Uobs, 
versus its respective correlation coefficient, for each of the stations using SB in the Cross-LTC method with 

WRF based on NCEP/FNL. The concurrent year is 2007 with the reference datasets of 2002-2009. 

 
For the case of deviation by correlation coefficient using the Cross-LTC method with WRF 
and long-term station observations (see Figure 6.1.) one is to determine if the spread is 
significantly different of the two datasets. In the figure, no direct dependence of the 
correlation can be found, and the spread seems to be almost equal. However, one can 
observe that the station observations used as reference datasets have higher magnitude of 
the maximum and minimum deviation.  
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Performing the same analysis as in the prior section, using the WRF-ERA dataset instead of 
the WRF reference dataset, similar results are obtained. For the correlation coefficient 
and normalized velocity plot, Figure 6.2., the results show no clear dependence of one 
another. However, it is important that the deviations are gathered around 1, indicating 
that the LTC method, SB, is accurate and robust against correlation in both cases. 

 
Figure 6.2. The estimated long-term velocity, Uest, normalized to the measured long-term velocity, Uobs, 
and its respective correlation coefficient, for each of the stations using SB in the Cross-LTC method with 

WRF based on ERA-Interim. The concurrent year is 2007 with the reference datasets of 2002-2009. 

 
Figure 6.3. The estimated long-term velocity, Uest, normalized to the measured long-term velocity, Uobs, 
versus its respective correlation coefficient, for each of the stations using SB in the Cross-LTC method with 

WRF based on ERA-Interim and NCEP/FNL. The concurrent year is 2007 with the reference datasets of 
2002-2009. 
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For the visualization of how the datasets differ, the combined results from the two prior 
sections are plotted on the same manner, comparing the WRF and WRF-ERA datasets. For 
the correlation and deviation plot, Figure 6.3., one can understand that there are no major 
differences between the datasets. They are to a great extent distributed in the same way, 
indicating that the SB method provides results that are spread around 1, i.e. close to the 
desired value of the normalized wind speed. There is however, a band of points in the 
bottom of the figure that is indicating an underestimation of the estimated long-term 
velocity. These points are not subjected to any further analysis in this paper, but are 
worth to keep in mind for further work on this topic. 
 

 
Figure 6.4. The estimated long-term velocity, Uest, normalized to the measured long-term velocity, Uobs, 
and its respective distance to the met station, for each of the stations using SB in the Cross-LTC method 
with WRF based on NCEP/FNL. The concurrent year is 2007 with the reference datasets of 2002-2009. 

Another property which is an interesting result of the LTCs completed is the dependency of 
distance between the reference and site station. Since the general properties of WRF are 
said not to depend significantly of its input data from NCEP/FNL or ERA-Interim, the 
subsequent figures in this subsection uses only one of them, NCEP/FNL. Here the 
normalized velocity to the observed velocity and the correlation are shown as a function of 
distance, in Figure 6.4. and Figure 6.5., respectively. In Figure 6.4. one can observe that 
the spread is increasing with the distance between site and reference. This is expected 
since the local area influences tend to be more difficult to explain from a further distance. 
This reasoning should also hold for the correlation, which in Figure 6.5. is shown to be 
true. The correlation decreases by longer distances and according to this particular result 
there is a possible linear decrease of the correlation when increasing the distance. 
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Figure 6.5. The distance to each met station, respectively, versus its respective correlation coefficient, 
for each of the stations using SB in the Cross-LTC method with WRF based on NCEP/FNL. The concurrent 

year is 2007 with the reference datasets of 2002-2009. 

6.1.2 Wind Velocity and Sector Error 

 
Figure 6.6. Boxplot of the estimated long-term velocity normalized to the measured long-term velocity 
[Uest/Uobs], in each group of stations (see Table 5-1), for each of the stations using SB in the Cross-LTC 
method with WRF based on ERA-Interim and NCEP/FNL. The central mark in each box is the median and 
the edges represent the 25th and 75th percentiles. The whiskers extend to approximately 2.7 standard 

deviations (normally distributed data; 2.7σ≈99.3%) and the outliers are plotted individually. The 
concurrent year is 2007 with the reference datasets of 2002-2009. 
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In Figure 6.6., where the grouped normalized velocities are illustrated as a box plot, one 
can observe that WRF, regardless of its input data, provides generally the same or better 
results than when using station observations. The edges of the boxes, corresponding to the 
25th and 75th percentile are narrower for WRF. Additionally, the desired value, 1, of the 
estimated wind speed normalized to the measured wind speed, is always included on the 
box interval. The deviation for group 2 is significantly smaller than the other groups, which 
might be an indication that these stations are located in a homogeneous region making the 
LTC provide more accurate results. For group 1 and 4 however, it is evident that the 
uncertainty is sufficiently larger, although the WRF-NCEP and WRF-ERA datasets show 
better accuracy than when using the stations as reference datasets both in this case and 
for the average over all stations. 
 
Considering the comparison of the WRF-NCEP and WRF-ERA reference datasets that are 
used, the results are in general very similar. However, there are some variations 
depending on the group. This is evident also in the average for all groups combined, where 
one can see that there is a possible underestimation of the WRF-ERA since the value 1 is 
barely inside the edges of the box. The result is not surprising due to different properties 
of the input datasets, NCEP/FNL and ERA-Interim, in the ability of handling different 
terrain. However, it is interesting that the input of NCEP/FNL in WRF used in the SB 
routine, on average is more accurate in predicting the measured velocity. 
The normalized estimated velocity is valuable for the overall accuracy of the LTC model. It 
is however also important to consider the sector wise uncertainty, since the prediction of 
the sector wind speed distribution is one of the main applications of the SB method. In 
Figure 6.7., it is apparent that the differences when varying input to the WRF model are 
small. The Sector Error, corresponding to the analysis of Figure 6.6., is generally smaller 
for group 2, than any other group. In the same manner there is a higher Sector Error for 
group 1 and 4, where it can be observed that there is a significantly larger spread in the 
results for the 4th group. Again this might be explained by different terrain in this area, i.e. 
in the region of southern Sweden and eastern Denmark, than in the other groups. The 3rd 
group however, has the same magnitude of the spread in the Sector Errors as in group 4. 
The terrain in the 3rd group, covering areas in the region of western Sweden and southern 
Norway, is also different in comparison with the terrain in the 1st and 2nd group. The larger 
spread of the results, similar to the one of group 4, might imply that this is connected to 
the group specific location considered. 
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Figure 6.7. Box plot of the Sector Error (See equation (2-56)), in each group of stations (see Table 5-1), 
for each of the stations using SB in the Cross-LTC method with WRF based on ERA-Interim and NCEP/FNL. 
The central mark in each box is the median and the edges represent the 25th and 75th percentiles. The 

whiskers extend to approximately 2.7 standard deviations (normally distributed data; 2.7σ≈99.3%) and the 
outliers are plotted individually. The concurrent year is 2007 with the reference datasets of 2002-2009. 

 
The overall Sector Error is still the same independent of the input in the WRF model, 
whereas there are differences between the groups. This indicates that there are 
differences between the WRF and WRF-ERA when handling sector and total mean wind 
speeds on site, making the SB method producing different results of the LTC. Having this in 
mind, this suggests further analysis of the effect of using WRF-ERA in comparison with 
WRF-NCEP in different terrain than the test area considered in this analysis.  

6.1.3 Summarized Results 

The overall results from the comparison are summarized in Table 6-1. On average, all 
three reference datasets used, predict the observed long-term velocity well. However, the 
standard deviation is, as seen in the prior sections higher when using met station 
observations as the reference dataset. The correlation is on average low, with slightly 
higher values for the WRF datasets. This low correlation is expected since the correlation 
is assumed to decrease by the distance, and the WRF coordinates are chosen to be in 
comparison to using the met station observation as reference dataset. Generally, the SB 
method is said to be robust against correlation. However, considering the normalized 
estimated velocities’ dependence on the correlation in section 6.1.1 Normalized Velocity 
and Correlation there are indications that the deviation narrows with higher correlation. 
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Table 6-1. Summarized metrics regarding the Cross- LTC method with nearby met station observations, 
WRF-NCEP and WRF-ERA reference datasets used in the long-term correction method. For the 22 
stations of the North Sea test area (see Table 5-1). The metrics are presented as mean and sample 
standard deviation covering estimated long-term velocity, Uest, normalized to the measured long-term 
velocity, Uobs, the Sector Error and average correlation coefficient. The concurrent year is 2007 with 
the reference datasets of 2002-2009. 

 
Uest/Uobs Sector Error Corr. 

Reference dataset Mean St. Dev. Mean St. Dev. Mean 
Station observations 1.0005 0.0307 0.0572 0.0201 0.5035 
WRF-NCEP 0.9967 0.0210 0.0495 0.0156 0.5250 
WRF-ERA 0.9922 0.0199 0.0503 0.0163 0.5264 

 
The similarities between the WRF datasets is promising, since there are no major 
differences in comparison, despite using two independent datasets as the input for the 
WRF model. 

6.2 MERRA and WRF 

Based on the objectives presented in section 5.2.2 MERRA and WRF, the results when 
comparing SB LTC with MERRA and WRF as reference datasets are analyzed in this section. 
The coordinates of MERRA and WRF closest to the met stations are used to compute LTC 
values, which are then compared to the true observed values on site.  
 

6.2.1 Wind Velocity and Correlation 

The initial plot, Figure 6.8., shows that the results are mostly distributed around the 
desired normalized value, 1. The maximum deviations are in the 5% range, whereas the 
majority of the estimated wind velocities, not clearly dependent on correlation, are 
gathered within ±2% of the measured wind velocities. The correlation is generally higher 
than when using the Cross-LTC method of the prior section 6.1 Station and WRF since the 
grid points are chosen closer to the met stations. Further on, one can observe the 
normalized estimated velocities on average or categorized by each station considered for 
the LTC (see Figure 6.9. ). This result shows that the mean deviations for WRF and MERRA, 
respectively, with an underestimation, are in the 1% range of the true wind speed. 
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Figure 6.8. The estimated long-term velocity normalized to the measured long-term velocity [Uest/Uobs] 

versus its respective correlation coefficient, for each of the stations using SB method with WRF and MERRA 
as reference datasets. 

 

 
Figure 6.9. The estimated long-term velocity normalized to the measured long-term velocity [Uest/Uobs] 
for each of the 22 stations (see Table 5-1), using SB method with WRF and MERRA as reference datasets. 
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Figure 6.10. The sorted estimated long-term velocity normalized to the measured long-term velocity 

[Uest/Uobs] for each of the 22 stations (see Table 5-1), using SB method with WRF and MERRA as reference 
datasets. 

As seen, both in Figure 6.9. and in the sorted illustration in Figure 6.10., there are a few 
stations contributing to larger deviations, from the true wind speeds, up to 5% and 7% for 
MERRA and WRF respectively. This gives an indication that WRF is generally better to use 
as reference dataset, although local differences gives different results for each station.  

6.2.2 Sector Error and Distance 

Analyzing the Sector Error which is evaluated in comparison with the respective distances 
from each station to the grid coordinates, in Figure 6.11., gives similar results. It is 
evident from Figure 6.11., that the distance to the WRF coordinates does not affect the 
Sector Error considerably, and the Error for each station is considered to be individual 
differences. Locating the stations geographically, one can from this point of view, not 
discover any direct relation of why the Sector Errors are deviating in many cases above 4% 
of the true measured velocity. However it is worth to point out that the Sector has larger 
deviations than the mean, which is expected, since each sector involves less data points 
than the overall mean.  
 
For the actual comparison of WRF and MERRA the deviations are close but one might in this 
case argue that WRF is of approximately the same or better regarding the accuracy of the 
LTC mean wind speed in each sector. The benefit from WRF in comparison with MERRA is 
the higher resolution. It is probably better at describing the topographical and coastal 
effects, which might be the reason for obtaining larger Sector Error in MERRA for the 
stations of Ferder and Gedser Odde, respectively. 
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Figure 6.11. The Sector Error (See equation (2-56)) and distance from grid point to station, upper and 

lower, respectively, for each of the 22 stations (see Table 5-1), using SB method with WRF and MERRA as 
reference datasets. 

 

 
Figure 6.12. The sorted mean Sector Errors (See equation (6-1)) for MERRA and WRF, upper and lower, 

respectively, for each of the 22 stations (see  

Table 5-1), using Sector-bin method with WRF and MERRA as reference datasets. 

The latter claim, that WRF is on average more accurate than MERRA, seem to be valid 
when inspecting Figure 6.12. It is however by small margins, and the MERRA dataset, is in 
comparison with WRF possible to use for the purpose of long-term corrections. However, in 
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order to validate this fact, the test area of consideration should be moved to a different 
terrain to secure this fact not only for offshore and nearby shore sites. 
 
Intuitively, the distance of the grid coordinates are of high importance for the accuracy of 
the results. This is however not confirmed by the datasets used in this test area. All of the 
distances from stations to its respective coordinate, for MERRA, are far above the values of 
the WRF distances, and it does not seem to affect the results of both sector error and 
deviation when the distance is changed. In fact, for example the station Roesnes, gives one 
of the lowest Sector Errors and the deviation is of the smallest in the MERRA dataset, 
despite this, it has the longest distance, ~30km. All distances, sorted in descending order, 
are illustrated in Figure 6.13. 

 
Figure 6.13. The sorted distances from stations to reference dataset grid coordinates, for MERRA and WRF, 

upper and lower, respectively, for each of the 22 stations (see Table 5-1), using Sector-bin method with 
WRF and MERRA as reference datasets. 

6.2.3 Summarized Results 

The summarized results from the comparison of WRF and MERRA can be seen in Table 6-2.  

Table 6-2. Summarized metrics regarding the comparison of WRF and MERRA reference datasets used in 
the long-term correction method of Sector-bin. For the 22 stations of the North Sea test area (see Table 
5-1). The metrics are presented as mean and sample standard deviation covering Normalized mean, 
Uest/Uobs, the Sector Error, Average distance from station to grid coordinate and average correlation 
coefficient. 

 
Uest/Uobs Sector Error Distance [km] Corr. 

Reference dataset Mean St. Dev. Mean St. Dev. Mean St. Dev. Mean 
WRF 0.9938 0.0229 0.0435 0.0130 2.1747 0.8276 0.8543 
MERRA 0.9955 0.0237 0.0466 0.0159 16.0460 8.2125 0.8558 
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6.3 QuikSCAT and WRF 

According to the description in section 5.2.3 QuikSCAT and WRF, the analysis of the 
QuikSCAT dataset on the 6th meridian and close to station coordinates, used as reference 
datasets in the SB LTC method, has been completed. The illustration serves to investigate 
the possible usage of QuikSCAT in the LTC analysis of further work. 

6.3.1 QuikSCAT on the 6th Eastern Meridian 

The use of QuikSCAT data in LTC methods is practicable since the data is easy to get hold 
of, it is also free and publicly available. In the analysis of the QuikSCAT data on the 6th 
meridian, it is of particular interest to investigate if there are dependencies in correlation 
and deviation of the data when applying the SB LTC method on all of the 22 stations. 
Initially, to validate the SB method, the illustration of deviations depending of correlation 
coefficient is shown (see Figure 6.14.). Here one can observe that there is no clear 
dependence of correlation when considering the distance. This would however be different 
for other LTC methods which uses the regression and thus the correlation coefficient in the 
long-term estimation.  
 
Despite that the correlation of the QuikSCAT data and Station observations are not as 
crucial in SB as in MCP, there is still reason to perform the analysis of correlation 
depending on the distance (see Figure 6.15.). The expected result is to observe a 
correlation decrease by distance, which is also the fact for the QuikSCAT and met station 
observational data, which is interesting to observe. In general, if higher correlation can be 
achieved, even in the model of SB one would prefer using datasets with higher correlation 
rather than only choosing the reference dataset by distance from the observations. The 
deviation depending on the distance is seen in Figure 6.16. 
 

 
Figure 6.14. estimated long-term velocity normalized to the measured long-term velocity [Uest/Uobs] 

versus its respective correlation coefficient, for each of the stations using Sector-bin method with 
QuikSCAT grid points along the 6th meridian as reference dataset. 
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As can be observed in Figure 6.16., there is no clear dependence on the deviation from the 
true measured velocities when comparing with distance from the QuikSCAT grid 
coordinates on the 6th meridian. However, the deviation is relatively high, underestimating 
with 80% for the outliers of the data. As the distances for the dataset are up to several 
hundreds of kilometers, there are difficulties of determining the accuracy looking only on 
these coordinates of the 6th meridian, however, this will be analyzed in next section. 

 
Figure 6.15. The correlation coefficient versus its respective distance, for each of the stations (see Table 

5-1) using Sector-bin method with QuikSCAT grid points along the 6th meridian as reference dataset. 

 
Figure 6.16. The estimated long-term velocity normalized to the measured long-term velocity [Uest/Uobs] 

versus its respective distance, for each of the stations (see Table 5-1) using Sector-bin method with 
QuikSCAT grid points along the 6th meridian as reference dataset. 
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6.3.2 WRF and QuikSCAT Close to Station Coordinates 

In this section, the station specific coordinates of QuikSCAT is compared with WRF, serving 
to point out differences in the accuracy of LTC when using the closest datasets available 
for each met station. The comparison is similar to the ones in the beginning of this 
chapter, analyzing correlation, deviation from the true value, distance and Sector Error. 
 

 
Figure 6.17. The estimated long-term velocity normalized to the measured long-term velocity [Uest/Uobs] 

versus its respective correlation coefficient, for each of the stations (see Table 5-1), using Sector-bin 
method with QuikSCAT and WRF as reference dataset. 

 
The data coverage for the QuikSCAT station specific coordinates has been used, for the 
whole period covering the 1st of November 1999 to the 31st of October 2009. Despite using 
this period as reference dataset, the hours of concurrent data are sparse for the stations, 
mainly in the areas of nearby shore. This, which can be observed in the plots of this 
section, is evident, since only 6 of the total 22 stations has enough data coverage in the 
QuikSCAT satellite observations. Other stations have been filtered away, since they cause 
severe errors in the estimation, causing the long-term corrections to be very inaccurate.  
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Figure 6.18. The estimated velocity normalized to the measured velocity for each of the stations (see 

Table 5-1), using Sector-bin method with QuikSCAT and WRF as reference dataset. 

 
In Figure 6.17., the normalized estimated long-term velocities depending on correlations 
give almost no result. The six stations coordinates that have sufficiently consistent data 
are spread all over the plot, not showing any clear dependence. However, the normalized 
estimated long-term velocities of WRF depending on correlation is gathered around one, 
validating the efficiency of SB method for long term correction of the station observations. 
What is important to point out is that the correlation in all cases is high, even for 
QuickSCAT. This is due to the fact that QuickSCAT satellite observations are provided only 
a few times per day, causing the correlation to shift from hourly correlation to correlation 
that is for example based on 12 hour values. The correlation in this case should not be 
considered to be strong, but only an effect of this averaging procedure. 
 
Moving on to Figure 6.18., covering the normalized estimated velocity by station, one can 
observe the six stations of QuickSCAT satellite observations, deviating by up to ~15% of the 
observed wind velocities. However, the estimated wind speeds due to LTC of 
Blaavandshuk, Gullfaks C and Utsira met stations have smaller deviations from the 
observed values. This could be a fact of the geographical positions of the stations, 
respectively. They are all located in the, or close to, open sea, probably causing the 
observations to be more accurate of the QuikSCAT data in these points. What is opposing 
this is the fact that the highest deviation from the observed values is found for Ekofisk met 
station; this station is in fact located in open sea. However, with the sparse data of point 
specific QuikSCAT satellite observations, there are no significant results that can be fully 
trusted. 
 
In Figure 6.19., it is evident that the dataset, using coordinates of met stations in the test 
area of the North Sea region, is several times more inaccurate than using WRF as reference 
dataset. It is however, possible to recognize a dependence of distance in the dataset of 
QuikSCAT, indicating that the distance is important for the accuracy of QuikSCAT long-
term corrected average winds per sector. This is however, not the case for Blaavandshuk 
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met station, which, together with the small sample size of only six stations, indicates that 
this dependence might not be totally true. However, local variations are hard to observe at 
long distances, especially in a nearby shore area where the mixing of winds is high. This 
suggests that a further study of the QuikSCAT data for more coordinates, focusing on 
different stations, one at a time, is preferable for a deeper understanding of the possible 
usage of QuikSCAT data in LTC’s. 
 

 
Figure 6.19. The mean Sector Error (See equation (6-1)) and distance to closest grid point for each of the 

stations (see Table 5-1), using Sector-bin method with QuikSCAT and WRF as reference dataset. 

6.4 Uncertainty Estimation 

Using the objectives described in section 5.2.4 Uncertainty Estimation, the uncertainty in 
this chapter is analyzed partly from observations. Applying the overlapping method of 
Figure 5.7., the effects of different lengths of concurrent datasets, for the three LTC 
methods of MCP, SB, and ST described in section 2.7 Long-Term Correction, are to be 
determined. The results are collected in several graphs showing the estimated annual 
average winds, the sample standard deviation of estimated means, and Weibull parameters 
c and k, respectively. The results obtained from using Sector-Bin method are then analyzed 
with the implemented bootstrapping re-sampling methodology, which can be seen in 
Figure 5.8.   
 
The uncertainties of the Sector-bin method are, due to its nature of non-parametric 
calculations, difficult to analyze. A long-term correction using linear regression, as the 
MCP method, provides properties such as variability of the coefficients, directly from the 
regression methodology. This is the point of interest for the section, understanding how 
the variability of the long-term corrected mean can be approximated using re-sampling 
methods, in testing the specific method of bootstrap non-parametric sampling. 



Uncertainty Analysis of Long Term Correction Methods for Annual Average Winds 
  
 

Chapter 6. Results  71 

6.4.1 Observed Uncertainties 

Initially, the main question of what the standard deviation in the results are and how they 
depend on the length of the concurrent datasets is answered. The datasets that are used 
throughout the whole analysis are met station observations along with the reference 
datasets from the closest grid coordinates in the WRF model based on NCEP/FNL. The use 
of WRF as reference datasets is based on the argument that the WRF model time series 
used in long-term correction for the test area, in prior analysis, has been shown to be as 
good as or better than using nearby met stations, MERRA or QuikSCAT as reference 
datasets. 
 
In Figure 6.20. the sample standard deviations for the three LTC methods and all station-
WRF pairs are illustrated, giving 3x22 lines showing the dependence on concurrent data. 
Immediately, it is evident that some curves show a oscillating pattern, with almost exactly 
one year (8760 hours) periodicities, indicating that there are some stations where the 
deviation is higher in between seasons, resulting in the bumps. This is not a surprising 
result, since the wind speed in general is seasonal dependent between summer and winter 
season. However, for the four stations, Blaavandshuk, Hvide Sande, Romoe/Juvre and 
Thyboroen, that are extracted from the figure and plotted individually in Figure 6.21., 
there is significantly higher seasonal dependence than in the other 18 stations considered.  
 

 
Figure 6.20. The normalized sample standard deviation of the long-term corrected mean velocities of the 
22 met stations in the North Sea area (see Table 5-1), using MCP, SB and ST methods in the overlapping 
method, described in section 5.2.4 Uncertainty Estimation. The reference datasets are the closest WRF 

grid points, for the years of 2002-2009.  

 
Another interesting part of Figure 6.20., is that there are three lines, representing the 
three LTC methods for the station Ferder, which are far above the overall sample standard 
deviations of the station LTC means. Ferder is located at the inlet of the Oslo fjord, and is 
subjected to rough weather climate, especially from the autumn storms, [xii] which might 
be an explanation of the general higher deviation of the station long-term corrected wind 



 

Uncertainty Analysis of Long Term Correction Methods for Annual Average Winds 
 

 

72   Chapter 6. Results 

speeds. Additionally, in the prior analysis of this chapter, it was also found that it had the 
largest errors of amongst all stations. Further investigation of the Ferder station dataset 
through correspondence with the Norwegian Meteorological Institute suggests that there 
most probably are undiscovered errors in the dataset. However, since they are not fully 
determined, the station is not removed in this analysis, causing the average sample 
standard deviation of all the meteorological stations to increase. 
 
Considering Figure 6.23., and noticing the stations’ positions on the map (see Figure 5.1), 
one can clearly see that they are in the same area, all included in the same group number 
two. The geographical location is an explanation of why they show such a mutual seasonal 
dependence but the result of this strong dependence was not expected in advance. What is 
particularly interesting with this, is that for the area of these four stations, one has higher 
standard deviation of the estimated means, due to LTC when using measurements, from in 
between one and two years, two and three years, and so on. This does in fact suggest 
measurements only in whole year periods. However, it is still useful to measure longer 
periods than one year, but one should instead of using the full period, divide the 
concurrent time series in consistent, one year long time series, and use the overlapping 
methodology as in this section, to generate the seasonal dependencies.  
 

 
Figure 6.21. The normalized sample standard deviation of the long-term corrected mean velocities of the 

4 met stations in group 2, of the North Sea area (see Table 5-1) showing strong seasonal dependence, 
using MCP, SB and ST methods in the overlapping method, described in section 5.2.4 Uncertainty 
Estimation. The reference datasets are the closest WRF grid points, for the years of 2002-2009. 

 
The mean sample standard deviations for each station, categorized by each LTC method 
used, and plotted against the concurrent time, is presented in Figure 6.22. The results are 
truly similar, giving an indication that most of the variations are due to the dataset, and 
not the methods, since they are all independent methods of LTC.  
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Figure 6.22. The normalized sample standard deviation of the long-term corrected mean velocities of the 
22 met stations in the North Sea area (see Table 5-1), using MCP, SB and ST methods in the overlapping 
method, described in section 5.2.4 Uncertainty Estimation. The reference datasets are the closest WRF 

grid points, for the years of 2002-2009. The shaded area represents the one standard deviation. 

One should not look past the fact that with increasing length of the concurrent dataset, 
the number of samples in the overlapping method is decreasing, which is affecting the 
standard deviation. As expected, this standard deviation is supposed to converge to zero 
when the concurrent dataset is in fact the whole time series of the observations and 
reference dataset. But, in the early stages, when sample sizes are approximately the 
same, one can still see a clear dependence of the concurrent period, which indicates that 
this is a consequence of having longer measurements, and therefore coping with the 
variability in the dataset over a longer time, in the corrections. 
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Figure 6.23. Mean of the normalized long-term corrected means of the 22 met stations in the North Sea 

area (see Table 5-1), using MCP, SB and ST methods in the overlapping method, described in section 5.2.4 
Uncertainty Estimation. The reference datasets are the closest WRF grid points, for the years of 2002-

2009. The black line represents the desired true value. 

In order to realize that the long-term correction methods does not only decrease its 
standard deviations by time, but the prediction of the mean annual average wind speeds is 
also close to the observed values, one can inspect Figure 6.23. From this it is relatively 
evident that the overall estimated mean wind speed, as seen normalized in the figure, is 
predicted within a percentage of the observed values. For Sector-bin and Synthetic Time 
Series LTC it is even more accurate, inside the clear limits of 0.5% of the true values. 
However, in order to determine if the models differ significantly, a paired t-test is 
performed testing the difference between the methods. 
 
According to the algorithm presented in section 2.3 Hypothesis Testing, the paired t-test 
yields: 

𝐻0:𝜇𝐷 = 0 
𝐻1:𝜇𝐷 ≠ 0 

(6-1) 
(6-2) 

 
With significance level p<0.05, the two tailed test is completed with the results presented 
in Table 6-3. . 

Table 6-3. Output of a paired t-test (see section 2.3.1 The Paired T-Test) on the output normalized 
mean velocities of LTC methods, MCP, SB and ST. With the variables, test statistics, t, the mean 
difference, d, degrees of freedom, DF, and p-value, p. 

Paired- T-test T d DF p 
MCP vs. SB 42.43341 0.0073 47 0.00000 
MCP vs. ST 26.21415 0.0069 47 0.00000 
SB vs. ST 3.22023 0.0003 47 0.00233 

 
In all cases, the null hypothesis cannot be rejected on this significance level, concluding 
that there is no significant difference of the LTC methods in the purpose of long-term 
correction of means in this dataset. 
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Figure 6.24. Mean of the normalized long-term corrected Weibull scale factor, c, of the 22 met stations in 
the North Sea area (see Table 5-1), using MCP, SB and ST methods in the overlapping method, described in 

section 5.2.4 Uncertainty Estimation. The reference datasets are the closest WRF grid points, for the 
years of 2002-2009. The black line represents the desired true value. 

For the case of the long-term corrected Weibull scale parameter in Figure 6.24. there is a 
general over prediction for the methods of Sector-Bin and synthetic time series compared 
to MCP, which underestimates the coefficient slightly, but converges towards the true 
value for the full concurrent dataset. The mean deviations from the true value are (for the 
concurrent period > ~½ year) in the 0.5% range which is a high accuracy in the predictions.  

 
Figure 6.25. Mean of the normalized long-term corrected Weibull shape factor, k, of the 22 met stations in 
the North Sea area (see Table 5-1), using MCP, SB and ST methods. The black line represents the desired 

true value. 
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For the predicted Weibull shape factor, k, seen in Figure 6.25., it is however a sufficiently 
higher normalized deviation from the true value, where all three LTC methods in general 
overestimates the true shape factor with up to 5% (for the concurrent period > ~½ year). 
The convergence of the Sector-Bin method is due to the fact that the value of the shape 
factor is not estimated, but taken from the concurrent site dataset, which in the end is the 
whole dataset in the LTC. 

6.4.2 Estimated Uncertainties 

The implementation of the bootstrap algorithm, according to the procedure presented in 
section 5.2.4 Uncertainty Estimation, gives results for the estimated mean values. 
Calculating the deviation of the predicted mean for N bootstrap samples will in general 
give very low uncertainty, since the estimated normalized mean in itself, as shown in 
previous section, deviates in less than 0.5% using the period of one year. However, it is 
interesting to estimate the standard deviation when using one year of concurrent data, i.e. 
the variability of mean wind speeds. For this purpose, the implemented bootstrap 
algorithm uses the mean of the maximum and minimum values observed in N samples, 
providing the randomized mean maximum variability as an estimate for the observed 
variability. This is explained by the simple algorithm is formulated as 
 

1. Simulate N random samples with replacement according to the bootstrapping 
algorithm. 

2. Run each sample in the LTC method, giving N long-term corrected annual average 
wind speeds.  

3. Extract the minimum and maximum estimated wind speed from the N samples. 

4. The difference of the maximum and minimum observed wind speed is to be an 
approximate for the standard deviation using only one concurrent year of data. 

The estimation of the standard deviation by bootstrap max and mean difference is given in 
comparison with the observed values in Figure 6.26.  
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Figure 6.26. The approximated sample standard deviation by bootstrap method with N=100 samples of the 

year 2007, in comparison with the observed average standard deviations of the overlapping method for 
one year, categorized by the 22 met stations in the North Sea area (see Table 5-1).  

The estimated standard deviation of the velocities compared to each station differs for the 
period chosen. Using the bootstrap samples it does not seem to be as accurate in its 
estimations of the observed standard deviations. However, the magnitude is to some 
extent represented in the bootstrap values, indicating that a weighted bootstrap model 
might be appropriate to consider. However, in order to establish that there is a difference 
between the samples, the paired t-test is performed for all the stations, the result of this 
is given in Table 6-4. The null hypothesis is rejected, indicating that there is a difference 
in the samples, which was expected from the plot. 

Table 6-4. Output of a paired t-test (see section 2.3.1 The Paired T-Test)  on the output standard 
deviation of MCP in the uncertainty simulation, and the Max-min value for 100 bootstrap samples. With 
the variables, test statistics, t, the mean difference, d, degrees of freedom, DF, and p-value, p. 

Paired- T-test T D DF p 
Bootstrap vs. Observed 0.7992 0.0199 21 0.43289 

In order to compare the magnitudes of the estimated and observed standard deviation, the 
results are summarized in Table 6-5.  This is an interesting result, since the observed mean 
standard deviation, within one standard deviation is determined by the bootstrap sample. 
However, the sample standard deviation of observed the standard deviations in the 
estimated annual averaged winds is relatively high, compared to the result, causing the 
value from the bootstrapping methodology to be rejected in the paired t-test.  

Table 6-5. The estimated standard deviation of 100 samples following the bootstrap algorithm with 
standard deviation approximated by the mean difference of max and min velocities in the sample, using 
the year of 2007 for all stations, and  the observed mean of the standard deviation. 

 
St.Dev. [m/s] 

Method Mean St.Dev. 
Bootstrap 0.1205 0.0382 
Observed 0.1403 0.1054 
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7 Discussion and Conclusions 
 
On the uncertainty analysis of long-term correction methods, there is much work that has 
been done. There are various models that can be used in order to estimate the 
uncertainties. Depending on the purpose, different parameters, aiming to show the 
properties of each model, are included in the generic portfolio of analyzing the on-site 
wind resources. The long-term correction method, however, is very much dependent on 
the datasets which are used, rather than the applicability of the long-term correction 
model itself. This is an indicator that the estimation with the long-term correction 
methods that are analyzed in this report, do work, and with certain, limited deviation, 
determines the properties of the different parameters associated with the wind resources. 
 
The different reference datasets used in this report, are associated with specific 
uncertainties, mostly depending on the geographical position of the station. For WRF based 
on NCEP/FNL in comparison with WRF based on ERA-Interim, there are minor differences in 
the prediction. Here the deviation for the Group 4, stations in the southern Sweden area, 
provides the biggest differences between the methods, which are around 2 percent of the 
true observed wind speeds. 
 
Comparing the MERRA and WRF datasets, which would be expected to differ, since the 
horizontal resolution of WRF is higher than MERRA, gives a surprising result. The difference 
is not at all significant, in proportion to the estimated wind speeds, and the use of MERRA 
seems to be possible for the long-term corrections in the area considered. 
 
The QuikSCAT satellite observations used in the analysis gives a mixed result. The 
coordinate specific data which is extracted provides a dataset that is very much exposed 
to errors and inconsistencies. Out of 22 stations, only six provided enough data for the 
long-term correction method to even produce a reasonable result. The QuikSCAT data from 
the 6th Eastern Meridian is however indicating that different results could be achieved 
when carefully choosing the coordinates to use as the long-term reference datasets. 
 
Aside from the question of which dataset to use, having consistent and precise 
measurements and reference datasets, the length of the concurrent time series is a crucial 
factor for the uncertainty of the long-term corrections. The standard deviation decreases 
significantly as concurrent hours increase. However, the overall estimated mean, does not 
vary much between concurrent data in the region above one year and below seven years. 
This combined leads to the suggestion that at least one year of measurements need to be 
used in the long term correction methodology, to provide sufficiently accurate results. The 
uncertainty, or in a wind prospecting situation, the risk, is reduced as the concurrent time 
series increase. Additionally, in order to avoid errors due to seasonal variation, it is 
advised to use full year periods when performing the long-term corrections. 
 
For the providing of a significant value, it is crucial to provide all estimated parameters 
with an uncertainty. The estimation of uncertainties associated with the long-term 
correction is based on one year observations, which is the most common measuring period. 
The result shows that a quantification of the error for this length of time series is possible. 
However, the bootstrapping method which is modeled cannot be confirmed to quantify the 
error with a 95% significance level. The magnitude of the mean standard deviation is 
clearly close to the observed, but a greater effort in weighting of the parameters when 
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sampling is suggested for the upcoming work on this kind of sampling connected with long-
term correction. 
 
The main conclusions regarding long-term correction methods, reference datasets, the 
estimation of uncertainties and suggestions for further work on these topics are found in 
the subsequent subsections.   

7.1 Long-Term Correction Methods 

- In predicting the annual average wind speed the methods of MCP, SB and ST do not 
differ on a 95 percent significance level. All methods are on average estimating the 
mean wind speed within 1 percent of the true value, whereas both SB and ST are 
even more accurate, estimating the average annual wind speed to 0.5 percent for 
all concurrent data lengths. 

- The MCP, SB and ST method estimates the Weibull scale factor, c, to 0.5 percent 
for the whole concurrent period longer than one half of a year. 

- In the estimation of the Weibull shape parameter, k, all LTC methods overestimates 
the coefficient with up to 5% of the true observed value, for the concurrent period 
larger than one half of a year. 

- The standard deviation of the long-term corrected means for all LTC methods 
decreases with concurrent time series length, with one year of measurements being 
the critical point where the rate of the decrease drops off. This suggests future 
measurements to be made for at least one year to cope with the seasonal 
variations.  

- The LTC methods are to a great extent depending on the dataset which is used in 
the long-term corrections. Time series with strong seasonal variation affect the 
standard deviation of the long-term corrected mean to vary more in between full 
concurrent years of data. The use of whole years in the long-term correction is 
strongly advised in order to increase the accuracy in the estimated annual average 
wind speeds. 

- The Sector-Bin method is robust against variations in the correlation coefficient; no 
direct dependence of the deviation when varying the correlation coefficient is 
observed. 

7.2 Reference Datasets 

- The WRF model dataset, regardless of its input data, NCEP/FNL or ERA-Interim, 
performs with high accuracy compared to using the nearby station observations. 
The majority of the long-term corrected mean wind speeds are in the standard 
deviation range of approximately 3% of the observed mean wind speeds when using 
the closest coordinate to a nearby met station as the reference dataset. 

- The use of nearby met station observations for the long-term corrected average 
mean wind speed results gives a mean prediction that agrees with the true values, 
with a standard deviation of three percent. 

- The WRF dataset based on ERA-Interim deviates slightly from the WRF dataset 
based on NCEP/FNL when considering sites of southern Sweden, on the borderline 
to, and in Denmark. 
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- When using the coordinate in the WRF model and from the MERRA dataset, with 
closest distance to the met station considered, the predictions agrees with the 
observed values, with approximately two percent standard deviation. This suggests 
that MERRA can be used as a reference dataset for in long-term correction 
methods. 

- The distance to each coordinate in the MERRA dataset from the each met station, 
respectively, is on average approximately 10 times as long as for the WRF grid 
coordinates, which does not seem to affect the accuracy of the predictions. 
However, it is important to point out that this study has only considered offshore or 
nearby shore stations. 

- The QuikSCAT satellite observations for the met station coordinate specific datasets 
give no significant results. Out of 22 stations, only six long term correction could be 
established, due to lack of data. 

- Using QuikSCAT on coordinates where the data is consistent can give a result for 
long-term corrections. However, the correlation is depending on the distance from 
each coordinate providing difficulties in the uncertainty when considering data 
from grid coordinates far away from the site location. 

7.3 Uncertainty Estimation 

- Using overlapping periods and calculating the long-term corrections on average, is a 
way of using observations to determine the uncertainties in the LTCs. 

- The bootstrap method using the mean maximum difference of sampled one year 
means underestimates the uncertainties associated with the variability of the long-
term correction predictions. 

- The order of magnitude of the uncertainty for one year estimated by the bootstrap 
method used is similar to the one observed using the method with overlapping time 
periods, however, it cannot be statistically proven that the estimated uncertainty 
using the bootstrap methodology corresponds to the estimated uncertainty due to 
the overlapping methodology. 

7.4 Further Work 

- All methods and datasets that are tested in the scope of this report are located in 
the test area of the North Sea Region, considering only offshore or nearby shore 
met stations. In order to further validate the conclusions drawn, a similar testing 
procedure should be made in order to determine the geographic characteristics of 
the results. 

- The use of QuikSCAT data considering controlled datasets in points close to met 
stations but not necessarily on the met station coordinates is suggested for the 
determination of the applicability of using QuikSCAT as a long-term reference 
dataset. 

- In order to create a valid estimate of the uncertainties in LTC methods, using only 
one year of measurement data, one has to consider several more sampling 
procedures. The usage of Bootstrap methods is known to underestimate the 
uncertainty. However, this could be coped for by including weights in the re-
sampling procedure. 
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1 Abstract 
 
 
In the field of wind resource assessment there are many different parameters which 
contribute to the total uncertainty. These can be wake losses, turbulence effects, blade 
degradation, icing etc. Amongst those, a central aspect is the one of wind predictions. The 
estimation of the correct wind resources is essential for the prospecting of wind farm 
constructions and establishing and in order to give an adequate assessment the 
uncertainties are important not only to reduce, but also to quantify. 

This literature study addresses the topic of the specific case of long-term corrections, i.e. 
the uncertainty related to the average wind velocity prediction computed with various 
methods of correction. Interests in the state-of-the-art regarding long-term correction 
uncertainties is covered by locating the present literature and by systematical sorting and 
reviewing of the information found. The result is divided into three parts: Long-term 
correction methods, Uncertainty estimators and datasets which are used by the methods. 

Within the field analyzed, the most common methodology is the one of measure-correlate-
predict which has constructed a basis from where today’s uncountable applications have 
developed. Other non-regression methods such as the Matrix method, simulating with 
bootstrapping methodology or Artificial Neural Network (ANN) algorithms are present and 
there is ongoing work where effort is put in the reducing of the model error.  

On the other hand, when considering the quantification of errors, the estimation 
procedures are presented. Here the most common are the standard wind velocity 
characteristics such as correlation, variance and bias. Additional methods are often used 
for special purposes or in the case of non-regression methods, there are difficulties 
associated with the estimation of errors. Within this field, much work is still to be done in 
the analysis of other methods such as the jackknife estimation of variance or Monte Carlo 
methods. 

The uncertainties in the long-term corrections due to erroneous ingoing datasets are also 
approached and the analysis of the literature reflects specific problems such as 
inconsistencies in measurements and the length of reference datasets and on-site 
measurements. 

A great effort has been made in order to avoid incorrect interpretation of the state-of-the-
art in the field of long-term correction uncertainties. All literature that has been included 
in this analysis is to be found via online research databases, or in KVT’s non-commercial 
archive. 

 
  



Literature Study - Uncertainty Analysis of Long Term Correction Methods for Annual Average Winds 
  

 

5 
 

2 Introduction 
 
When analyzing wind energy outputs, regardless of whether it is in wind farm prospecting 
or in a financial evaluation of the profit in wind investments, it in the end comes down to 
the wind resources. Resource assessment is the vital key for the choice of location, 
turbines, power grid optimization and many other components in building a wind farm. 
When the wind conditions are analyzed, mapped and documented, only then can one 
reason about the retrieval of energy and the financial benefits from this. 
 
The wind resource assessments are divided into two main groups; short-term and long-term 
predictions. The short-term predictions, generally up to 36 hours, are useful mostly in 
areas such as trading of energy and in estimating the electricity load on the grid. The long-
term assessments on the other hand, involve measuring, correction methods and reference 
datasets, in order to estimate the wind resources at the site for the whole lifetime of the 
turbine; up to 20 years [16]. This analysis provides information about e.g. the annual 
average wind at the site along with the uncertainties in those predictions.  
 
This literature study aims to investigate the state-of-the-art in uncertainty analysis of the 
long-term correction, a methodology which uses on-site measurements and reference 
datasets in order to predict the long-term wind at the site. The reducing and 
quantification of the uncertainties is of high importance, and successively the industry 
tries to reduce them. How this work has proceeded and which the resulting parameters of 
significance are, when presenting the uncertainty in the prediction, of particular interest 
in the study, for which more specified goals are presented below. 

2.1 Aims of the study 

- Describe the present state of available literature regarding long-term correction 
uncertainties. 

- Find the commonly used methods for quantifying the uncertainties due to long-term 
correction. 

- Present the overall conclusions from the reports on the subject of long-term 
correction uncertainty. 

2.2 Purpose of the study 

- Improve the error estimations of the long-term corrections 

- Provide a deeper knowledge of the state of the industry in estimation of the long-
term uncertainties. 

- Find and evaluate a greater deal of articles and other publications on the subject. 

- Improve knowledge of what measures should be taken to implement new methods 
for the estimation of the uncertainty of long-term corrections. 

2.3 Questions to be answered 

- Which are the methods for uncertainty estimation used by the industry? 

- What is concluded regarding the performance of the uncertainty estimation 
methods? 
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3 Methods 
 
One of the most essential elements in a literature study is the method of finding the 
literature which will form a basis of knowledge for further analysis and discussion. How to 
locate the most relevant literature without missing out on any important facts or results is 
a widely discussed topic and still impossible to answer. However, both for further 
improvement and foremost for the clarity and presentation of how to find the literature 
considered in this report, the methodology is featured in this section. The importance of 
systematical analysis [30] has been acknowledged and a great effort has been made to 
eliminate mistakes due to error in the systematic.  
 
Primarily the topic of databases is presented, whereas the main focus is on introducing the 
locations which have been used to gather all the literature. Further on, the keywords 
which are used in database search, indexing and sorting of articles by titles, are 
presented. The keywords are important since they should cover the whole spectra of 
interest and they are supposed to be the initial way of finding literature relevant to the 
topic of the study.  
 
Another important aspect in the analysis is to use limitations. If enough prior knowledge 
within the subject exists, there is a possibility to limit the amount of literature which has 
to be analyzed in order to get a proper understanding of the current state of the industry. 
The limitations help to narrow down the search results on an early stage and keep the 
amount of gathered material in a reasonable size for the scope of this study. 
 
The final part of this section consists of a figure and a specification of the systematic 
methodology of the finding and analyzing the data. It serves to illustrate for the reader 
how the analysis is made in order to eliminate the risk of making incorrect interpretation 
of the literature. 

3.1 Databases 

The search for articles is concentrated to web search in search engines and research 
databases. The main host databases used in this study is: 
 

- Google Scholar [ii] 
- EBSCO host Research database [i] (Through license from Umeå University) 

3.2 Search keywords 

The search keywords are important to locate all of the available literature. The keywords 
include words associated with long-term correction methods, estimation of the uncertainty 
of those methods and keywords for datasets that are used for long-term correction. 
 
They keywords used for the literature search for this study are: 
 
Long-term, correction, uncertainty, analysis, wind power, error, estimation, r-squared, 
jackknife, bootstrap, statistics, MCP, measure-correlate-predict, sector-bin, matrix 
method, ARMA-model, neural network, ANN, prediction, bias, dispersion, wind, 
forecasting, assessment, resource, wind farm, correlation, wind index, Coefficient of 
variation, deviation, geostrophic wind, variability.  
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3.3 Limitations 

The limitations consist of time limits, subject limits and language limits. 
 
The limitations in time are set to the 21st century. However, some articles or books 
covering statistical methods which are found to be commonly used and or not updated or 
corrected during the 21st century will be added. The subject limits are hard to define, but 
are in practice performed by not including literature which are not at all considering 
statistical methods within the scope of the report. The final limitation in language is 
determined upon the knowledge of the author. The language preferences for this study are 
Swedish, Norwegian and English. Since the industry uses English as the official language, 
this probably covers most of the available literature. However, a few articles considered 
are in Swedish and Norwegian. 

3.4 Systematical search 

The procedure for literature search in databases is presented in figure 3.1, below. In 
addition, the reference list for each article will be considered in order to find the primary 
sources and use the authors’ already gained knowledge in finding literature. 
 

 
Figure 3.1. The schematics illustrating the literature search procedure for the study. From the 

initial Google search engine and ending with the retrieval of the pdf file. 
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3.5 Systematical Reviewing 

All articles that pass the abstract sorting presented in figure 3.1 are reviewed on a 
systematical basis. The reading and reviewing is performed while filling in a table of 
several characteristics in order to be considered significant enough to be mirroring the 
state-of-the-art of the industry in the uncertainty of long-term correction field. 
 
The categories and how they are determined are: 
 

1. Uncertainty 

a. If the article covers any uncertainty analysis. Yes or No. 

2. Credibility 

a. How many cites the report has. 

b. In which journal or for whom it has been published. 

c. How adequate any result is presented, statistical significance etc. 

d. Date of publishing, early theories might have developed. 

3. Other 

a. Disposition of article and fulfillment of the abstract. 

4. Long-term correction methods 

a. Used in the report. 

b. Referred to in the report. 

5. Statistical methods 

a. Methods present in report 

b. Methods referred to.  
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4 Data Material 
 
The material found in this Literature study has been relatively sparse. This is closely 
connected with the fact that the topic considered is a side track in the whole spectra of 
resource assessment. The subject of uncertainty in long-term correction is in the current 
situation reasonably smaller since it is not the only reason for the uncertainty of the 
energy or financial yield. Both of which the theories are far more investigated due to the 
nature of tracking the direct financial benefits and consequences. However, the 
uncertainty presented when analyzing the energy yield is similar to that of long-term 
correction, and it is often a consequence of the long-term corrections. This implies that 
the interest in such articles is also considered since they can give a view of the analysis 
methods used within the industry. 
 
Out of hundreds of articles matching the search criterions for the uncertainty of long-term 
correction, covered in this report, 36 were sorted out by the procedure described in the 
method section. I.e. by year, title inspection and by reading through the corresponding 
abstracts. All of these 36 publications have been reviewed thoroughly to investigate the 
state of the art in the uncertainty of long term corrections. Nineteen of the articles were 
handpicked with the motivation that the significant analysis of uncertainty and 
corresponding methods was present in these reports. The reviews of these 19 articles can 
be found in Appendix 1. 
 
All articles found in the Google scholar search engine and EBSCO host Research Database 
has been collected, mostly by direct access from the databases, but also by 
correspondence with the European Wind Energy Association, The Wind Energy department 
within the Energy research Center of the Netherlands and Renewable UK. The 36 articles 
that were sorted out, according to the criterions mentioned in the prior section, had a 
frequency distribution in the time perspective that was centered in the latter part of the 
2010s. This can be seen in figure 4.1. When specifying the 19 most significant articles 
found, the frequency distribution in time is similar to the total amount of reviewed and 
centered as illustrated in Figure 4.2. 
 

 
Figure 4.1. The Frequency of reviewed articles by publication year is illustrated above. The total 

number of articles reviewed is 36. 
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Figure 4.2. The Frequency of significant articles by publication year is illustrated above. The total 
number of reviewed significant articles is 19. 

As written in the above section “3.2 Search keywords”, the importance of the choice of 
keywords when gathering literature was emphasized. In figure 4.3, the frequencies of the 
keywords referred to and their appearance in the abstracts of the 36 reviewed articles 
mentioned in the prior paragraph, are illustrated. Since this search is only covering the 
abstract and not the whole reports there are not enough coverage of the keywords 
presence in the full text literature. The search in any advanced database, as have been 
used when locating the articles, includes the whole contents of the file as well as parts of 
words and/or sentences. However, given the amount of reviewed articles, the systematical 
search and the problem formulation, the result in figure 4.3 might be interpreted as a 
satisfying distribution of articles where most of the keywords are mentioned in the 
abstracts of the reports. 
 

 

Figure 4.3. The Frequency of predetermined keywords found when searching the abstracts of the 36 
reviewed articles. 

0 
1 
2 
3 
4 
5 

Frequency of significant articles by publication 
year 

Frequency 

0

5

10

15

20

25

30

35

Frequency of keywords in abstracts of reviewed articles



Literature Study - Uncertainty Analysis of Long Term Correction Methods for Annual Average Winds 
  

 

11 
 

5 State of the art 
 
Uncertainty is a consequence of many different methods, measurements and assumptions 
and approximations. All values presented in every report include more or less some error 
indicators, i.e. parameters and methods for the calculation of uncertainties. The literature 
considered in this report covers a wide area of uncertainty analysis, in principle divided 
into three major fields: 
 

• On-site measurements 

- Usually done with the help of a measuring mast on-site, 1 year prior to the 
construction of the wind turbine or farm. 

• Reference dataset 

- Nearby meteorological measuring stations or measuring masts. 
- Re-analysis datasets with desired resolution. 

• Long-term corrections 

- Methods for correcting the measured wind with the help of a longer 
reference dataset. 

 
The measurements typically contain errors associated with the equipment such as 
anemometers, wind vanes etc. However, there are also uncertainties arising due to effects 
of the surrounding environment that can affect the measurements considerably. Additional 
problems with inconsistencies have been found due to switching of sensors, conversion 
problems [20] and change in measurement methodology and conditions [44].  
 
The reference datasets suffer from many different types of problems. Some are similar to 
the one of measuring, but there are difficulties associated with the assimilation of data 
which is performed in many re-analysis datasets, which are common to use for weather 
forecasts. This assimilation combines data from satellites, buoys, lighthouses etc. and in 
this, the local area influences are hard to account for which is closely connected to the 
resolution of the final dataset. Other significant problems are associated with the 
assimilation model errors and uncertainties. 
 
Long-term correction is intuitively connected with an uncertainty since the values are 
corrected or from meteorological models or reference stations. The error analysis which is 
present here is firstly in order to tune the models and fitting the data in a more adequate 
way. However, there is also important to quantify the errors. The reducing of the error is 
one aspect, but there has to be well developed models for the assessment of the 
uncertainty that the model comes with. These difficulties will be the main interest of the 
study in order to find the parameters which define uncertainty as well as methods for 
estimation of the model uncertainty. 

5.1 Long-term correction methods 

There are a large number of methods used to compute long-term corrections to the site 
measurements. The without doubt most common method which is acknowledged by the 
industry and implemented in commercial software such as WAsP [iii] and Wind Pro [iv] is 
the Measure-Correlate-Predict (MCP) method [12]. The method has been widely used 
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within the industry and since it is an easy model to implement it has lasted for a long time, 
with some new modifications, but in practice with the same fundamental methodology.  
 
The typical MCP is in general referred to as simple linear regression between the on-site 
measurements and reference dataset [14][26][42][45] and is often used as the basic 
example of the method. The most common development from this standard MCP is to use 
the so called variance ratio [39][40][41][46]. Additional MCP methods are vector regression 
[40] or orthogonal regression [4] which makes use of the directional bins to compute wind 
roses along with Weibull regression [26] which benefits from the standard fitting of Weibull 
distribution parameters.  
 
Besides from the normal MCP which makes use of the average total wind speeds there has 
also been an urgent need for the computation of wind roses since the directional wind is 
an important question. Applications where the mean velocities in a binned (typical twelve 
30-degree bins) has been developed and a sample of methods are the Sector-bin method 
[21] which in the same manner as the Matrix method [53] doesn’t use correlation but it is 
based on a frequency matrix instead in order to preserve the directional wind information. 
 
In addition to the models mentioned there are also other methods, such as Wind Index 
[38][52] or Bootstrap/Jackknife MCP which are developed for specific purposes and 
applications associated with the long-term corrections. 

5.2 Uncertainty estimators 

The different methods and indicators of uncertainty depend on the purpose, and to some 
extent it is also a matter of convincing the reader that the chosen error indicators are due 
to a specific aim of the presentation. Most of the publications use correlation and standard 
deviation as the measures of the preciseness in the long term correcting or forecasting, 
but there are a handful of methods which will be presented since they have different 
properties and show other characteristics of the data set uncertainties. This can for 
example be the uncertainty due to seasonality and overlaying long-term trends. 
 
Even though the whole field of literature on long-term correcting uncertainties was 
narrowed down to the 19 articles considered in the final evaluation in this study, the 
spread of uncertainty methods and use of parameters is large. However, a common way of 
using the parameters is to analyze their dependence on additional variables. When it 
comes to long-term studies it is common to analyze the uncertainties as they depend on 
the concurrent data length between the measuring station and the reference dataset. 
Other common analyses are the comparisons with the correlation (e.g. deviation against 
correlation) in order to find relationship of the uncertainty due to length of on-site 
measurements or the choice of sufficiently accurate reference datasets.  
 
In table 5-1 the most commonly uncertainty methods/parameters are presented. This 
comes with comments regarding the functionality of this estimator, which the incoming 
variables are and how the parameter is used in the scope of the considered literature. 
Within the table, the variables are in most cases represented in the following way: µ or U – 
True or measured velocity, V – Long-term corrected velocity, σ – Standard deviation, AEP – 
Annual Energy Production. The indices i and j refers to sample size or sectors. The 
parameters where sectors are present refer to the earlier mentioned binned velocities 
where the winds are divided into not only speed but also direction. This is typically done in 
twelve 30-degree bins. 
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Table 5-1: Table of common uncertainty estimators in the field of uncertainty in long-term corrections. The parameter 
names come with corresponding equation, description and a brief summary of the general use of the parameter. 

 
Parameter Equation Description Usage 

Bias 
𝛽 =

1
𝑁
�(𝑉𝑖 − 𝑈𝑖)
𝑁

𝑖=1

 
The bias is a 

measure of to 
some extent the 

systematical 
errors in a 

measurement 
sample.  

To conclude if the error 
is systematical and in 

that sense figure out if 
it’s over- or 

underestimating the 
winds. Widely used by 

the industry. 

Bias error 𝐸𝑏𝑖𝑎𝑠 =
𝜎𝑏𝑖𝑎𝑠
√𝑁 − 1

 The standard 
deviation of the 
bias transformed 

to the error.  

 

It is used to analyze the 
bias estimate and 

primarily in analysis of 
error decreasing by 
length of concurrent 

dataset. [4] 

Combined 
standard 
uncertainty 

𝑈𝑐2 = �
Δ𝐸𝐴𝐸𝑃
𝐸𝐴𝐸𝑃

�
2

= ��𝜌𝑖,𝑗𝑐𝑖𝑐𝑗𝑢𝑖𝑢𝑗

𝑁

𝑗=1

𝑁

𝑖=1

 

ΔE – Uncertainty 
In AEP, E – Energy 
in AEP, ρi,j – corr. 
Coeff., sensitivity 

coeff., ui,j – 
standard 

uncertainty 
Components 

Combining the errors in 
the total energy 
production. The 

sensitivity is energy yield 
to wind speed. Uc

2 tends 
to Norm. distr. If i.i.d 
and r.v. components. 

E.g. [11] 

Mean absolute 
error (MAE) 𝜀𝑀𝐴𝐸 =

1
𝑁
�|𝑉𝑖 − 𝑈𝑖|
𝑁

𝑖=1

 

 

The magnitude of 
the bias. 

Illustrates the 
average 

difference in 
order to catch all 
fluctuations in the 

analysis. 

In the presenting of the 
error and for the analysis 

of a method. The 
differences might be 

fluctuating much, but the 
sign change can equalize 
them to zero. MAE shows 

the scope of the 
fluctuations regardless of 

its sign. Used in 
normalized and 

percentage and to a 
great extent in the case 

of ANN methodology. 
E.g.[19][49] 

Mean average 
percentage 
error (MAPE) 

𝐸𝑀𝐴𝑃 = 100 ∙
1
𝑁
�

𝑉𝑖
𝑈𝑖

𝑁

𝑖=1

 
An error indicator 
which in percent 

gives the 
deviation of the 
predicted wind 
speed to the 
actual wind 

speed. 

This parameter is 
frequently used when 
presenting the ANN 

methodology. It has the 
advantage of providing a 

deviation in the 
percentage form, for 

easier understanding of 
the magnitude. E.g. [13] 
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Parameter Equation Description Usage 

Normalized 
standard 
deviation of 
shape 
parameter 

𝜎𝑁 =
1
𝑁
�

𝜎𝑘,𝑖

𝑘𝑖

𝑁

𝑖=1

 
The fitted 

deviation of the 
shape parameter 
k fitted to the 

Weibull 
distribution. 

Compare the true and 
estimated Weibull 

distributions. Expected 
to converge with length 
of concurrent dataset. 

E.g.[26] 

Overall 
standard 
deviation 𝜎𝑡𝑜𝑡𝑎𝑙 = ��𝜎𝑖2

𝑁

𝑖=1

 

If each source of 
uncertainty is 

independent from 
the others. E.g. 
measurement, 

long-term 
correction, hub 

height correction 
etc. 

Describing the total 
standard deviation of a 

procedures. i.e. all 
incoming parameters 

with associated 
uncertainty contribute to 
a total uncertainty. E.g. 

[47] 

R-squared 
(Coefficient of 
determination) 

𝑅2 = 1 −
𝑆𝑆𝑒𝑟𝑟𝑜𝑟
𝑆𝑆𝑡𝑜𝑡

 

 

= 1−
∑ 𝑒𝑖2𝑁
𝑖=1

∑ (𝑉𝑖 − 𝑉�)2𝑁
𝑖=1

 

SSerror – The 
residual sum of 
squares, SST – 
Total sum of 
squares. The 
proportion of 

variability in the 
observed response 

variable that is 
explained by the 
linear regression 

model. 

Used as an indicator of 
how well the linear 
regression e.g. MCP 
method explains the 

variability. Commonly 
used in wind assessment 
uncertainty presentation. 

Residual 𝑒 = 𝑦 − 𝑦� Linear regression 
is not always 

appropriate and 
residual analysis 

can give 
explanation to 

other errors such 
as trends. 

Commonly used in 
various situations but is 

particularly interesting to 
consider when analyzing 

the seasonality aspects of 
a long-term correction. 

Root mean 
squared error 
(RMSE) 𝐸𝑅𝑀𝑆 = �

1
𝑁
�(𝑉𝑖 − 𝑈𝑖)2
𝑁

𝑖=1

   

An error indicator 
which is easily 

interpreted since 
it has the same 

unit as the 
estimated 
variable.  

In all types of error 
analysis situations. 

Common in short term 
analysis as with the 

dependence of prediction 
interval length. In long 

term analysis the desired 
use is to show the 

convergence of the error 
with length of concurrent 

data. 
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Parameter Equation Description Usage 

Sample 
correlation 
coefficient 

𝑟

=
∑ (𝑈𝑖 − 𝑈)(𝑉𝑖 − 𝑉�)𝑖

�∑ (𝑉𝑖 − 𝑉�)2 ∙𝑖 ∑ (𝑈 −𝑈�)2𝑖
 

The Pearson’s 
product moment 

correlation 
coefficient is a 

common measure 
of the 

dependence or 
correlation two 

independent 
distributions has.  

All MCP-methods use the 
correlation on a broad 

basis. It is very important 
to have a correlation 

above 0.8 to be 
confidante in the MCP 

results obtained. 
Correlation depending on 

several different 
parameters is very usual 

and practicable for a 
good understanding of 

how the results 
correspond to real data. 

Sample 
standard 
deviation 𝑆 = �

1
𝑁 − 1

�(𝑉𝑖 − 𝜇)2
𝑁

𝑖

 

The sample 
standard 

deviation includes 
Bessel’s 

correction since s 
is not an unbiased 
estimator for the 

population 
standard 

deviation. 

Commonly used to 
correct for the bias in 
the estimator for the 
standard deviation.  

Sector error 
𝐸𝑠𝑒𝑐𝑡𝑜𝑟 =

1
𝑁
�𝑎𝑏𝑠 �

𝑈𝑒𝑠𝑡,𝑖

𝑈𝑜𝑏𝑠,𝑖

𝑁

𝑖=1

− 1� 

A way of 
describing the 
error in each 
sector. The -1 

term assimilates 
the errors around 

zero to get an 
understanding of 
the magnitude of 
the relative error. 

Common when using 
methods that divide the 
wind speeds into sectors. 
It is useful to do separate 

analysis in those cases 
since the situation for 
long-term correcting 

gives multiple cases and 
not just one value as in 
the general situation. 

[20] 

Standard 
deviation 

𝑆

= �
1
𝑁
�(𝑉𝑖 − 𝜇𝑖)2
𝑁

𝑖

−  𝛽2 

The most common 
way of presenting 
the uncertainty in 

the long-term 
corrections. Here 

β is the bias. 

Every result is presented 
with the standard 

deviation. It is important 
to find the standard 

deviation and to estimate 
it correctly which can be 
problematic with serially 

correlated data. 
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5.3 Estimation procedures 

In order to find the different parameters of uncertainty, presented in the prior section, 
there has to be well developed methods which estimate them. In general, the without 
doubt most common practice of finding standard parameters such as correlation and or 
variance is found by using normal distribution assumptions. Hence, one makes use of the 
central limit theorem [37] concluding that the series compared is not serially correlated 
and that the residuals i.e. the deviations from the regression points are normally 
distributed. In that case there are well developed and easily implemented methods to find 
these common parameters. 
 
However, there are difficulties when comparing long term correlated data with the 
observed data. One can in many cases not exclude serial correlation and the assumption of 
normal distribution is questionable, although it works with sufficiently accurate results. 
The majority of analyses, found within the literature, are carried through using these 
assumptions since other methods of estimating errors have not gained enough grounds, is 
unknown and not as rigorously documented as the standard procedures. There are however 
many different examples of methods used and starting to get used within the industry to 
deal with these problems.  
 

5.3.1 Simple linear regression 
The typical way of determining the uncertainties is to make use of the deviations in the 
scale and slope of the model developed. The equation for such a simple linear regression 
(SLR) can be written as  

𝑦 = 𝛽1𝑥 + 𝛽0 + 𝜀 
where 

𝜀~𝑁(0,𝜎2) 
 
Here, x is the explaining variable, y the responding variable and β0 and β1 the scale and 
slope, respectively. The random error, ε, is assumed to follow a normal Gaussian 
distribution with conditional mean equal to zero. This latter assumption is confirmed by 
residual analysis typically through an analysis of variance (ANOVA). [37] In the simple case 
of MCP with SLR, x is the wind speed from the reference dataset and y the measured wind 
speed on site.  
 
The parameters of a SLR can be estimated in several ways. The most common is to make 
use of a so called ordinary least squared method where one estimates the square 
difference between the values and the regression line. The parameters are then found 
through the covariance of x and y, and variance of x. 
 

5.3.2 Bootstrap and Jackknife 
A particular interest in the estimations of uncertainty has arisen when dealing with non-
regression models such as sector-bin method or matrix method. In this case, an alternative 
to the above mentioned linear regression and the following variance estimation is the 
method of Bootstrapping. Bootstrapping is referred to the expression “pulling oneself over 
a fence by one's bootstraps” [v]. Indeed an impossible action, but somehow illustrative for 
the concept of a theory that makes use of the underlying information in the sample to 
represent the population without making any further assumptions (i.e. of distributions). 
Bootstrapping has many applications including support of the variance estimates from a 
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linear regression as well as being used for the estimation of the true probability 
distribution using only a sample. Amongst the reviewed articles on can find three different 
purposes for which it has been used. In the economic sense, one can make use of 
bootstrapping to estimate the economic yield distribution [18] and in the linear regression 
it is used for supporting the ordinary parameter estimations [22]. In [5] the problematic 
mentioned earlier; when ordinary methods cannot be used on the data, the parameters for 
the matrix methods is computed by bootstrapping methodology. 
 
One of the fundamental ideas of bootstrapping is that a fitted model can provide 
information about the variance but it doesn’t necessary reflect the general situation and 
can in a sense be un-useful for further prediction. In the figure 5.1 below, the aim of the 
regression is to predict the state of the epidemic at the end of 1992 with realistic 
uncertainty. The fitted curve of UK AIDS diagnoses with standard calculations of variance 
would lead to an over dimensioned 95% confidence interval with difficulties in reflecting 
the situation in a realistic way. This follows directly from figure 5.2 where the total 
number of unreported diagnoses, sorted by quarter, is presented. 
   

  
  Figure 5.1. To the left: The data (+), simple model fit (solid) and complex model fit (dotted) for the 
reported diagnoses of AIDS in the UK. Figure 5.2.  To the right: A table of reported AIDS diagnoses, 
corresponding to the figure 5.1, with specified delays. [10] 

The reliable assessment of the uncertainties by using bootstrap is applicable in many cases 
such as when the sample size is low and the data is complex. The technique is built on 
sampling with replacement from the original sample in order to estimate the overall 
distribution. In principal, one draws from the original datasets and with a random fraction 
duplicates points from the original dataset to construct the sampled distribution. [5]  
 
A simple example of this can be: 
 
Consider the sample  

𝒙 = (𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5) 
 
The bootstrap samples might then be  
 

𝒙∗(𝟏) = (𝑥2, 𝑥3, 𝑥5, 𝑥4 , 𝑥5) 
𝒙∗(𝟐) = (𝑥1, 𝑥3, 𝑥1, 𝑥4, 𝑥5) 
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However, the bootstrapping technique requires heavier calculations and is often 
recommended for the purpose of estimating only the specific distributions. In the case of 
variance estimations there have been developed an application of bootstrapping called 
Jackknife, which is a kind of approximation of the bootstrap method. This procedure is still 
a form of re-sampling but is based on subsets of the data. In Jackknife, the approximation 
to empirical influence values is given by [10]: 
 

𝑙𝑗 ≈ 𝑙𝑗𝑎𝑐𝑘,𝑗 = (𝑛 − 1)�𝜃� − 𝜃�−𝑗� 
Where 

𝜃�−𝑗 is the value of  𝜃� computed from the sample  
 

𝑦1, … ,𝑦𝑗−1,    𝑦𝑗+1, … ,𝑦𝑛 
and l is the influence function value with given observation and distribution. 
 
Jackknife bias and variance estimates are then  

𝑏𝑗𝑎𝑐𝑘 = −
1
𝑛
�𝑙𝑗𝑎𝑐𝑘,𝑗 ,   𝑣𝑗𝑎𝑐𝑘 =

1
𝑛(𝑛 − 1)

𝑛

𝑗=1

��𝑙𝑗𝑎𝑐𝑘,𝑗
2 − 𝑛𝑏𝑗𝑎𝑐𝑘2

𝑛

𝑗=1

� 

 
Jackknife is a more robust method in comparison with bootstrapping. However, it requires 
a certain smoothness of the data [22]. Additional drawbacks of both models are that they 
tend to underestimate the variance. But in general, with a sufficient amount of samples, 
the method can be used where no other theoretical models seem to work. With relatively 
easy implementation in comparison with a Monte Carlo model, one can get significant 
results in an effective manner. 

5.3.3 Combined Error 
An important part of estimation is the combined uncertainty. There are methods as the 
one of combined standard uncertainty presented in section 5.1, but the question still arises 
of how the sum of all uncertainties contributes in the general picture. This section 
provides a more detailed knowledge of how the errors contribute in a larger context. 
 
A reasonably clear conclusion is that the error propagation or the combined error for the 
uncertainties is given in many different ways, unique for almost every consultant bureau of 
the wind industry. These consultant bureaus drive the development and are an important 
tool for the business within assessments. As the error is calculated in several ways a 
general picture is hard to establish, however there are some similar ways, one of them, 
the overall standard deviation presented in table 5-1 is the overall standard uncertainty.. 
A general example of this method i.e. how the error is calculated in the reports is as in 
[39] a specific case of the one discussed in [47]: 
 
Uncertainties: 

A. Predicted Wind speed 
B. Wake Modeling 
C. Icing/blade degradation 
D. Power Curve 
E. Electrical efficiency 

 
Calculation: 

𝑇𝑜𝑡𝑎𝑙 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 = �𝐴2 + 𝐵2 + 𝐶2 + 𝐷2 + 𝐸2 
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Under each category A-E there are different ways of weighing in the subcomponents of the 
uncertainties. Some are assumed by experience, and some estimated. An important key in 
this assimilation of the errors is that every error is weighted in on an equal squared basis 
comparable to the physical norm or magnitude. The question of the accuracy of this error 
propagating scheme is essential but no deeper study of these assembled effect is found in 
the considered literature. Furthermore, due to the objectiveness in this report no values 
regarding these assumptions are included in this report. However, a point of interest for 
further investigation might be e.g. the fact that wind speed and uncertainty is correlated 
which might be a reason to include the covariance in the calculation of the total 
uncertainty. 
 
When calculating the combined uncertainty for a whole wind farm, one can make use of 
the Central Limit Theorem (CLT) arguing that the independent distributions for each 
turbine gives a combined uncertainty which is normally distributed. This is an important 
fact, although it is quite often so, that the turbines are not sufficiently far away from each 
other, so the distributions are not really independent. This leads to an approximation of 
the CLT requirements.[11]  An example of a factor which coincides with this is the one of 
wake losses. However, this assumption of CLT has been proved to be sufficiently accurate 
and it is a good tool in the assessment of the combined uncertainty of the energy yield. 

5.3.4 Monte Carlo scheme 
There are many examples of where Monte Carlo algorithms have found a practicable 
environment where the improvement of both accuracy and speed of the simulated values is 
accomplished. The Monte Carlo method is found also in the resource assessment track of 
the wind industry because of its nature of generating probability distributions. One 
application is to use the crude Monte Carlo algorithm for estimating the AEP [26], as can 
be seen in figure 5.3, which is in practice a way of using random numbers in the 
approximation of integrals (i.e. probability distributions). [36] 

 
Figure 5.3. A crude Monte Carlo algorithm for the generation of AEP using random numbers. [26]  
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6 Upcoming work 
6.1 Long term correcting methods 

6.1.1 Artificial neural networks ANN 
The absolute most recent research is by many means gathered around the ANN’s. The 
method has prior to using it for long-term correction been a valuable asset in the short 
term prediction of energy yield in wind farms. The properties of ANN’s requires more 
complex setup, but when using reliable input data and efficient training of the networks is 
established, this method is a promising technique which will probably serve as a good 
alternative for the long-term corrections in the wind industry. 

6.1.2 Bootstrap 
A relatively new approach when dealing with the long-term corrections is to use 
bootstrapping. This method has many properties that are preferred when dealing with 
unknown statistical data. The method doesn’t require any fitting of the data to a certain 
distribution, as Weibull distribution, which is the most common. It instead draws samples 
from the data and by replacement creates unique estimates distributions for every 
dataset. The methodology is similar to the one initially described in section 5.2.2 but with 
the difference in the application. The Bootstrapping applications considered in the articles 
reviewed in this study cover the distribution and parameter estimation, for example in 
combination with MCP methods, but also as in the next section, when the probability 
distribution is to be estimated by bootstrapping instead of fitting to a commonly known 
distribution. 

6.1.3 Distribution fitting 
A crucial part of the estimation is to find the correct distribution. The general opinion and 
most commonly accepted way of presenting the wind is to refer to a Weibull distribution. 
In practice, most winds at specific sites seem to follow this distribution with high 
significance. However, the fitting of a distribution is associated with an error itself, an 
error which might be avoided with rigorous analysis of the distribution. Most of the 
significant articles use a distribution fitting and it covers both the use of central limit 
theorem and fitting the residuals to a normal distribution as well as the fitting of the 
individual Weibull parameters commonly used within the wind industry. The most common 
method of MCP uses the regression constructed to find the scaled parameters. 
 
The Weibull distribution is beneficial since it is a standardized method, but it comes with 
difficulties since the forcing of a distribution onto a dataset is in a way a simplification of 
the real situation. For example, if one estimates the Weibull scale and shape parameters 
and uses this blindly with a SLR long-term correction resulting in the same but scaled 
parameters. Then it might be the case that the forcing of an, in a worst case scenario, 
non-Weibull-distribution to be fitted in an ordinary Weibull distribution, won’t show these 
irregularities in the assessed long term wind. This is to some extent coped for using for 
example goodness-of-fit test such as chi-squared-test. 
 
In the field of distribution fitting there are developing methods making use of joint 
distributions. In this constructing of a wind long-term speed distribution at the site, 
making use of the two concurrent wind distributions, the result is a distribution and not 
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only the corrected mean wind speed which would be the case for e.g. an ordinary MCP 
method. In [42] the comparison between such algorithms has been computed showing that 
the kernel method based on bivariate Weibull probability functions could estimate all 
desired metrics in that study. An example of this distribution is illustrated in figure 6.1. 
 

 
Figure 6.1. Bivariate conditional Weibull pdf for several values of Xx (λx=6.5, κx=1.8, λy=7.4, κy=2.8 and 

δ=0.5). The expected value of the conditional pdf, or regression function, is shown in the x-y plane. Here x 
and y are the wind speed series, respectively. The respective variance function is shown in the plot. [42] 

6.2 Site and reference data 

One can, by reading just a handful of articles immediately come to the conclusion that the 
datasets used are truly important in order to get good assessments of the predicted 
production. The site dataset comes with an uncertainty in the measurements, which is also 
the case for the reference datasets, that dependent of the assimilation method, and in 
some cases the algorithm has multiple sources of uncertainty. If a systematical bias is 
present, or even worse a significant random error which is unnoticeable in the data occurs, 
then the importance of the long term corrections directly lose their meaning. “The results 
are more dependent on the data than the method used” [7] is a statement which 
somewhat describes the importance of the accuracy in the datasets. The upcoming work 
regarding the datasets connected with their respective uncertainty is briefly described in 
this section. 

6.2.1 Length of datasets 
The length of the datasets is a question which is extremely relevant in the scope of 
resource assessment. Price, time and availability governs the datasets, and there is still 
much work to be done in order to conclude how long datasets that is needed for 
significantly reducing the uncertainties. However, in the case of site data, trials with a so 
called Round robin site assessment [27] are argued to be a promising improvement in the 
length of the measurements. Here the use of portable measuring techniques as Sodar 
(Sonic Detection and Ranging) [vii] and Lidar (Light Detection and Ranging) [vi] in 
measuring multiple sites for discontinuous periods through a whole year and then 
combining them into one series for each location respectively. The length of the reference 
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datasets is also a thoroughly discussed topic in the industry. There is no easy measure of 
how long these datasets should be, but some argue that one should use op to 30 years in 
order to be confident in the results.  

6.2.2 Inconsistencies 
The major part of the uncertainty is caused by inconsistencies in the data [44]. This makes 
it an essential part which will be worked on with establishing guidelines and quality 
controlling. As an application of that, in the analysis of uncertainty in the long-term 
corrected values, one can use a method of comparing with a normal distribution. This is an 
efficient way of spotting these inconsistencies since the predicted speed of one year to the 
measured speed at that year, for a longer dataset, will be approaching the normal 
distribution. Plotting the cumulative distribution curves with standard normal distribution 
curve can be seen in figure 6.2. 

 
Figure 6.2. The ratio of predicted long-term corrected wind speeds to the known total mean wind speed 

plotted as a cumulative normal distribution. Data period: 44 years. [44] 
6.2.3 Seasonal variability 
The variations in wind due to seasonal behavior are often found within the literature 
considered. This is a consequence of many quite advanced effects such as the mixing of 
air, or the stability in the air flow which has its roots in pressure differences, i.e. 
temperature deviations. The uncertainty which arises from this seasonal variability can be 
accounted for in long-term correction models and in the handling of input data to the 
model. However, this uncertainty is can particularly be seen when the time series are 
shorter than one year. [47] 
 
The effect of the seasonality on the dataset can be seen when using techniques of analysis 
sequences of concurrent data with the same length but with overlap for each trial. As an 
example the concurrent data length of 1 year is chosen although the total concurrent data 
is longer. The long-term corrections are then performed firstly for the first year. The 
concurrent period is moved one month forward and the same procedure is repeated. 
Depending on the resolution, in the example it was one month, one can discover how the 
seasonality effects the long-term corrections and in that way try to cope for it in future 
developed models. It is an interesting subject for further investigation and there will 
probably be made several studies where e.g. a seasonality term will be included in the 
long-term correcting.  
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7 Conclusions and Discussion 
 

There is no doubt that the wind industry’s interest for resource assessment is wide and 
that there is research focusing on the problems described in this study. There is a need for 
eliminating the uncertainties in the assessments in order to have accurate and reliable 
predictions that will motivate further investments and make the growth of the industry 
possible.  

Long-term correction is a well known and extensively used method in the resource 
assessment field and there are as many variants and different methods as there are 
consultants in this business. However, the theory concerning long-term corrections and 
their functionality and implementation has, found in this study, gathered around a few 
thoroughly analyzed methods. 

The data has been collected with the aid of the different databases accounted for in 
section 3, Data Material. The main conclusions regarding the assembled literature are: 

• The presence of significant articles in the period considered (2000’s) is high. The 
research regarding resource assessment is relevant at the time and more accurate 
methods of analysis regarding long-term correction are needed. 

• When searching the Google Scholar database [ii], articles with specific purpose 
found in for example wind power conference proceedings seem to be covered in the 
searches.  

• The scope of the long-term correction uncertainty field can be narrowed down to a 
few articles with greater significance. These have been reviewed and common 
trends in their respective analysis methods have been determined. 

• The number of databases used for the article search is low and a greater effort 
regarding a wider basis of search methods should be put in further state-of-the-art 
analysis.  

• All literature sources for information have been on a primary level. 

• Due to the competitive nature of the industry there might be problems in locating 
all methods which are used since they might obey corporate confidentiality. 
However, there seem to be more important to use the synergy effects and 
therefore there haven’t been any major problems in understanding and locating the 
methods. Additionally, commercial software which is available by purchase, are 
open about what methods they are currently using and the theory for this is found 
in the literature. 

According to the goals put up in section 2, Introduction, the conclusions regarding the 
state-of the-art in long term correction methods are: 
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• The methods used within the industry are centered through the MCP methodology. 
There are numerous applications of the MCP method [12] present in the scope of 
the literature considered. Other methods such as the Matrix method [53] or Wind 
Index (e.g. [38]) method are also relatively common. 

• Further developed MCP models, the ANN methods and Bootstrapping methodology 
are the main fields of the upcoming work in long-term correction methodology. 

According to the goals put up in section 2, Introduction, the conclusions regarding the 
state-of the-art in long term correction uncertainty methods are: 

• The methods for estimating uncertainty are mostly connected with standard 
regression procedures where correlation, standard deviation/variance and bias are 
considered. There are however many additional methods of presenting the 
uncertainty in order to in the best way present the results of specific dataset 
investigated in each article, respectively. 

• In the case of non-regression methods the method of uncertainty estimation is more 
difficult to implement. Solution to this has been approaches to the 
Bootstrap/Jackknife variance estimation [10]. However, these methods are 
sensitive to the smoothness level of the data and are known to underestimate the 
true variance. 

• Additional methods of estimating distributions and in the prolonging the uncertainty 
is the Monte Carlo methods [36] which make use of random numbers. 

• The combined uncertainty (e.g. [47]) is a method for integrating all uncertainty 
measures in to one overall uncertainty. This is the only approach found in the 
literature considered. 

On the topic of datasets used as input for all models regarding the long-term corrections, 
following conclusions are to be highlighted: 

• The uncertainties in the reference datasets affect the long-term correction 
methods to a great extent. The analysis of the datasets are thus of high importance 
and there are methods for finding e.g. inconsistencies. 

• A crucial question in the resource assessment is how long the on-site measurements 
are required to be in order to get sufficiently accurate long-term corrections.  

• The dependence of the correlation between the reference dataset and the on-site 
measurements is not fully established. However, the general recommendations 
when using MCP methodology is that higher correlation than 0.8 (e.g. [4]) is 
preferred to have good results. 

This study has addressed the state-of-the art in long-term correction uncertainties. The 
results from analysis of the literature point out numerous methods and estimation 
procedures proposed by the authors. When considering further work on this subject this 
study is a good starting point in gaining the knowledge related to what has been done what 
is on the upcoming.  
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9 Appendix 1: Reviews 
 

9.1 A Review on MCP techniques  
This report copes with multiple MCP algorithms to find the best one. The best result is 
provided by the Matrix method and the uncertainty is presented as the variation of bias 
error and standard deviation.  The author divides the reference dataset in alternate 
samples called sliced and diced datasets. This is done to avoid trends in the dataset to 
interfere with method testing. The final conclusion states that at least 24 months of 
continuous data should be collected in order to ensure that the uncertainty of the MCP 
procedure is limited under a genuine beneficial level. [4] 

9.2 An analysis of wind resource uncertainty in energy production estimates  
This is a report containing analysis which covers both the uncertainty of one MCP-method 
as well as the hub height problems. The square root of the sum of individual variances is 
stated to be the overall standard deviation. The independency of the uncertainty is 
mentioned but has no further explanation although it requires no serial correlation or 
dependence for that statement to be true. However, there are multiple fields addressed as 
upcoming works, from finding some major problems when completing this report. A 
thorough analysis of inconsistencies in the reference dataset amongst other sources are 
said to be important contributors to the total uncertainty. [47] 

9.3 Comparing long-term estimated wind statistics using regular weather 
stations and hindcast WRF model data as reference data  

The report uses sector-bin method developed by Knut Harstveit to calculate long-term 
estimates. Its purpose is to compare the WRF and station data set as references, i.e. if it is 
possible to use stations in long-term corrections possibly because of homogeneity at sea or 
such. This article includes some measures of uncertainty, as sector error and correlation 
vs. deviation.  However, no further uncertainty analysis is performed. [20] 

9.4 Comparison of the performance of four measure-correlate-predict 
algorithms  

This is an article where methods and measures have been specified to a great extent. It 
covers background knowledge regarding long-term correction methods, as well as useful 
ways of presenting the uncertainty on. The methods for long-term correction considered in 
this report are all variants of MCP. However, an approach of sector wise directional 
analysis known in the article as "the Vector method" is recommended for further research. 
The article is well known in the industry and cited by numerous of other publications. [40] 

9.5 Current methods and advances in forecasting of wind power generation  
This state-of-the-art report gives a detailed view of a large number of short term 
forecasting methods where both the errors are analyzed and discussed. In general, the 
methods for forecasting are not really applicable on long-term correcting except from 
ANN's which will be a valuable asset for future predictions. The general error estimates 
which are common in the business are presented and the RMSE for the methods in a short 
time horizon is illustrated. The report covers the fact that the models are designed for 
onshore wind power and it still has many faults which can lead to more than 40 percent 
miscalculations in a worst case scenario. This means that there are many improvements for 
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the NWP: s for offshore to be done, including comparison with meteorological datasets. 
[15] 

9.6 Eide vindpark, Fjell kommune, Hordaland – Produksjonsberegninger  
This is an ordinary report from KVT serving as an example of how the uncertainties are 
estimated and accounted for in the final delivery to the customer. It has many inputs for 
the uncertainty, but no detailed methodology is presented other than the way of 
presenting the compiled table of errors. An important aspect of this table is that there are 
many entries that are referred to as KVT assumptions. I.e. No calculations are actually 
made, and the uncertainty is made solely by expertise and experience. [39] 

9.7 Estimating Long-Term Wind Distribution from Short-Term Data Set using a 
Reference Station  

The article investigates four methods for long-term correcting data sets. It has data 
provided from stations and it seems that thorough analysis of the data has been made 
since the change in wind sensors during the 90's is discussed. The measure of uncertainty 
considered is correlation against deviation of mean wind speed from observed. Additionally 
there are RMS-values, standard deviation of scaled sector mean and scattering coefficient. 
The result is that the best model is the KH-method. However, this method doesn't provide 
any uncertainties in itself. Seasonal variations are included in the study to check 
robustness which seems to be fair. [21] 
 

9.8 Från mätt vind till vindklimat, Normalårskorrigering  
The geostrophic wind may be a good way of calculating the wind at the site. The 
uncertainty of the uncertainty is considered but the calculations and derivation of the 
resulting uncertainties is not accounted for. A peculiar thing is that the correlation isn't 
crucial for having a good restriction of the mean error. However, the choice of four close 
points, and then averaging the result over the surface, leads to an improvement in the 
result. [38] 

9.9 MCP Errors  
This report is an analysis of the uncertainties present in a MCP long-term correction. It has 
many features and takes on the bootstrap method when using the matrix method for the 
long-term correcting. All figures are useful and give a hint of both the seasonality effects 
when concurrent data is a multiple of whole years and also how the error converges by 
concurrent length. The final conclusion that the wind speed prediction error can be 
estimated by an empirical formula seems to be a bit rough but is still the valid result for 
this case study. Many parts of the report are essential and should be used in an analysis of 
uncertainty. [5] 

9.10 On the Uncertainty of Wind Power Predictions - Analysis of the Forecast 
Accuracy and Statistical Distribution of Errors  

It is well developed theory of the prediction of the power output. However, the 
uncertainty corresponding to the long-term corrections is not considered in this report 
which limits its use for that purpose. Apart from that, the theory developed by Lange is a 
result of his extensive PhD thesis where he uses quite advanced transforms to model the 
error distributions of the power output. Here the author uses the fact that the error of the 
wind speed prediction propagates with the help of the power curve into the power 
predictions. [29] 
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9.11 Performance of Long-Term Correction at Wind Power Development, An 
analysis from different reanalysis datasets  

Not really good, but it does have some features of explanation and illustration of 
methodology. It is hard to use the results from this report in arguing that one of the 
datasets considered is better than the other. This is also a problem with the outcome 
which says just about nothing. There are no comments regarding location of measuring site 
or site data quality, and the uncertainty section is just a small part of discussion with no 
real estimates of the uncertainty in the calculations. [45] 

9.12 Quantifying the Uncertainties of Correlation-Prediction (MCP)  
The slides are descriptive and give a view into the problems of handling the uncertainty of 
long-term correcting. One particularly interesting fact is that it is said that the uncertainty 
is more dependent on the data than the method used. However this result is from 2000 and 
since then, the datasets have been improved. [14] 

9.13 Scaling and Evaluation of Wind Data and wind farm energy yields  
The article of DEWI Magazine presents different solutions to the long term prediction of 
with speeds. It discusses many aspects and properties of different wind indices and gives a 
good view of their functionality, respectively. At the end, there is a section where a good 
structure is made of the errors which are associated with long-term correction are 
presented. As expected the uncertainty of the correlation and correcting procedure along 
with long-term data analysis are the hardest to understand and account for, but they 
should be done by deep analysis of the data considered. An interesting point is that it 
states that geostrophic winds from NCEP/NCAR are very useful due to homogeneity in high 
altitude winds. However, there are problems in local deviations. [52] 

9.14 Statistical Analysis of Wind Data regarding Long-Term Correction  
With the surveillance of expert Hans Bergström, which has a good reputation in the 
business, this is an article which is very well composed and comes with high credibility.  It 
doesn't cover a greater deal of uncertainty analysis since the major efforts has been put in 
developing own models of long-term correction. However, both seasonality and the length 
of measurement series are considered in the scope of the report. [22] 

9.15 Uncertainties in Results of Measure-Correlate-Predict Analyses  
The article investigates the uncertainty in MCP estimations. After the ordinary regression 
methods which are non-applicable for serially correlated data, the jackknife method is 
thoroughly analyzed. The result is promising but the method does still underestimate the 
variance of the MCP method. The suggestions of including seasonal variations in MCP due to 
poor accuracy in the MCP method is promising for upcoming work and seems to reflect the 
general opinions of problems connected with the assessments. [41] 

9.16 Uncertainty - The classical approach  
The slides points out some important problems with wind speed forecasting. The Combined 
Standard Uncertainty is a measure which should be considered; it takes into account all 
uncertainties and weighs them into the final solution. The standard deviation in the 
production at the 53 sites estimated by RES is 9,7%, which is said to be close to the one of 
predicted uncertainty. [11] 
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9.17 Uncertainty analysis of wind energy potential assessment  
In general this is a report covering the whole procedure and its uncertainty. It has many 
different inputs, and does not focus on the uncertainty in the long-term corrections. 
However, it does compare the results on the normalized standard deviation of the Weibull 
shape parameter with The Report of Rogers, 2005.  It covers MCP based on ratio between 
standard deviations and the residuals are significantly described by the normal 
distribution. However there is a lack of uncertainty analysis here. [26] 

9.18 Uncertainty of long term correction on wind speed: The importance of 
consistency of data  

This work is a very important result for the long-term correcting performed in any 
company. By analyzing the reference datasets, inconsistency is found and by using a 
reduced subset the uncertainty is reduced significantly. The method of Downey to analyze 
the deviations from a standard normal distribution point of view is limited with the 
datasets considered. The result that there is no obvious trends or relations when 
comparing the uncertainty to correlation coefficient also gives a hint that the it is 
important not only to look for high correlation, but also to analyze the datasets 
thoroughly. An important comment is that inconsistency could be detected by step changes 
in the cumulative normal distribution fit which is an easy method to implement. [44] 

9.19 Validation of three new measure-correlate-predict models for the long-
term prospection of the wind resource  

An extensive report on the development of three new MCP algorithms which has been 
proven to give good results. Especially the Weibull pdf method is performing well. This 
report is at the time of writing, a relevant and state of the art report on methods of long 
term correcting, which is not ANN. The analysis covers the perspective of correlation 
dependence for simple linear and Weibull regression. The description of parameter 
estimation and algorithms are described thoroughly and one interesting point is that the 
authors emphasize the use of distribution fitting and synthetic time series. [42] 
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