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Good knowledge about on-site wind climate is necessary in wind power 
assessments. Due to yearly and natural variability, short-term on-site 
measurements do not themselves give information about the wind climate. 
Long-term reference data can be used to correct the short-term observations to 
better correspond to a normal year. The method doing this is commonly referred 
to as MCP, which stands for measure, correlate, predict. By performing long-
term correction, uncertainties are however introduced. 

In this report, uncertainties connected to long-term correction processes have 
been studied. Uncertainties connected to the length and season of the on-site 
measurements are analysed. A long-term on-site series of 29 years have been 
used along with different long-term correction methods and reanalysis datasets. 
The results show that uncertainties decrease with increased length of on-site 
measurements. There are however seasonal influences; summer periods tend to 
overestimate the wind climate while winter periods underestimate the climatic 
mean wind for all period lengths. A relatively high coefficient of correlation 
between target site data and reference data is not always seen to imply small 
errors. In the most extreme case, one-year long-term corrected on-site 
measurements are in this report seen to deviate from the true climatic mean 
wind with more than 0.75 m/s.  

An additional study evaluating how variations in wind climate within a wind 
farm can be predicted by short-term measurements has been performed. The 
short-term measurements may be observed by a sodar and be correlated to on-
site met mast measurements. High-resolution model data from an imaginary 
wind farm has been used. Similar results as in the other studies are given in this 
study. It is found that systematic errors have a seasonal dependence. Six months 
long measurement period centred in summer or winter and by long-term 
correction extended to one year, are seen to deviate as much as 0.6 m/s from the 
true yearly mean wind. Equal length measurements, centred in spring and 
autumn, are seen to deviate less than 0.2 m/s.  
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Abstract 

 

Case study of uncertainties connected to long-term 
correction of wind observations  
Elisabeth Saarnak 

Good knowledge about on-site wind climate is necessary in wind power assessments. 

Due to yearly and natural variability, short-term on-site measurements do not themselves 

give information about the wind climate. Long-term reference data can be used to 

correct the short-term observations to better correspond to a normal year. The method 

doing this is commonly referred to as MCP, which stands for measure, correlate, predict. 

By performing long-term correction, uncertainties are however introduced. 

In this report, uncertainties connected to long-term correction processes have been 

studied. Uncertainties connected to the length and season of the on-site measurements 

are analysed. A long-term on-site series of 29 years have been used along with different 

long-term correction methods and reanalysis datasets. The results show that uncertainties 

decrease with increased length of on-site measurements. There are however seasonal 

influences; summer periods tend to overestimate the wind climate while winter periods 

underestimate the climatic mean wind for all period lengths. A relatively high coefficient 

of correlation between target site data and reference data is not always seen to imply 

small errors. In the most extreme case, one-year long-term corrected on-site 

measurements are in this report seen to deviate from the true climatic mean wind with 

more than 0.75 m/s.  

An additional study evaluating how variations in wind climate within a wind farm can be 

predicted by short-term measurements has been performed. The short-term 

measurements may be observed by a sodar and be correlated to on-site met mast 

measurements. High-resolution model data from an imaginary wind farm has been used. 

Similar results as in the other studies are given in this study. It is found that systematic 

errors have a seasonal dependence. Six months long measurement period centred in 

summer or winter and by long-term correction extended to one year, are seen to deviate 

as much as 0.6 m/s from the true yearly mean wind. Equal length measurements, centred 

in spring and autumn, are seen to deviate less than 0.2 m/s.  

 

Key words: wind climate, uncertainty, long-term correction, Measure-Correlate-Predict, 

MCP, reanalysis dataset, seasonal variation, on-site measurements 
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Referat 

 

Fallstudie av osäkerheter vid normalårskorrigering  
av vindobservationer  
Elisabeth Saarnak 

God kunskap om vindklimatet är viktigt vid vindkraftsetablering. Vindmätningar på en 

tänkt site kan utföras med hjälp av en mätmast. För att få en uppskattning av 

vindklimatet krävs dock flera års mätningar, vilket oftast inte är möjligt varken praktiskt 

eller ekonomiskt. Med en längre referensserie kan korta mätserier korrigeras för att 

motsvara ett normalår. Genom denna process, som ofta kallas normalårskorrigering eller 

MCP (Measure-Correlate-Predict), införs dock osäkerheter. 

I den här rapporten har osäkerheter kopplade till normalårskorrigering av vinddata 

analyserats. Osäkerheter kopplade till längden av mätserien samt under vilken säsong 

mätningar genomförts har studerats. Till grund för studien har mastdata från en 29 år 

lång mätserie från Näsudden, Gotland, använts tillsammans med olika metoder för 

normalårskorrigering samt en rad olika återanalysdataserier. Resultaten visar att 

osäkerheter minskar med ökad längd på mätperioden. Dock ses ett tydligt 

säsongsberoende; mätperioder centrerade under vintern underskattar i regel den 

klimatologiska årsmedelvinden medan perioder centrerade under sommaren överskattar. 

Perioder med relativt hög korrelation garanterar inte små medelfel. I värsta fall avviker 

ett års normalårskorrigerad mätning mer än 0.75 m/s från den sanna medelvinden. 

Ytterligare en studie har genomförts, där korta mätseriers förmåga att fånga variationer i 

vindklimat inom en vindpark har utvärderats. De korta mätserierna är tänkta att t.ex. 

komma från en sodar som korreleras mot en mätmast inom parken. I studien har 

högupplöst modelldata för en tänkt vindpark används. Resultaten visar på ett tydligt 

säsongsberoende av osäkerheten. Sex månader långa observationer, centrerade under 

sommar och vinter, avviker efter normalårskorrigering från den riktiga årsmedelvinden 

med upp till 0.6 m/s. Lika långa mätningar centrerade under vår och höst, avviker 

mindre än 0.2 m/s.  

 

Nyckelord: vindklimat, osäkerhet, normalårskorrigering, Measure-Correlate-Predict, 

MCP, återanalysdata, säsongsvariation, vindmätning 
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Nomenclature  

 

Table 0–1: Nomenclature; symbols and abbreviations. 

  Weibull scale parameter 

  slope (linear regression) 

  intercept (linear regression) 

  Weibull shape parameter 

COAMPS Coupled Ocean/Atmosphere Mesoscale Prediction System 

  direction 

ECMWF European Centre for Medium-Range Weather Forecasts 

    sector index (reference and target site) 

KH Knut Harstveit 

  true value 

MCP measure, correlate, predict 

MERRA Modern Era Retrospective-Analysis for Research and Applications 

NCAR National Center for Atmospheric Research 

NCEP National Centers for Environmental Prediction 

NWP Numerical Weather Prediction 

OLS ordinary least squares 

  probability 

  reference index 

  correlation coefficient  

RMA reduced major axis 

  target site index 

   variance 

  standard deviation 

   geostrophic wind 

        wind speed 

WRF Weather Research and Forecast 

WW Woods and Watson 
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1 Introduction 

The interest for establishing wind power has increased rapidly in many parts of the 

world. In 2012, wind power in Sweden generated 7.2 TWh, an increase of 19% compared 

to 6.1 TWh in 2011 (Svensk Vindenergi, 2013). During 2013, the annual production is 

expected to increase another 36% compared to 2012. Wind turbines are used to extract 

energy from the wind. The wind energy content is proportional to the cube of the wind 

speed. Hence, good knowledge about the wind climate is necessary for large wind power 

assessments. A wind atlas may be used to get an overview and first idea about the wind 

climate in an area. However, wind atlases have in general coarse resolution and a specific 

site can be widely affected by local small-scale effects. Therefore site-specific data for 

wind speed and wind direction is crucial to determine site potential. Site-specific wind 

measurements are performed by a meteorological tower, or met mast, erected at the site 

of investigation. To get representative data, measurements should be performed for 

several years. This is however not economically viable.  

Wind measurements are normally performed under a short period of about one year. 

Due to yearly and natural variability this period is too short to capture the wind climate 

in full. Wind data from a long-term reference series can be used to correct the 

observations to a normal year. The method doing this is commonly referred to as MCP, 

which stands for measure, correlate, predict. The main steps in the MCP process are 

outlined in Figure 1-1. In principle, the on-site measurements are correlated with 

concurrent data recorded at a long-term reference. A relationship is found using a long-

term correction method. The full long-term reference dataset is applied to this 

relationship to predict the long-term site climate. 

 

Figure 1-1: The main steps in MCP methodology. 

The quality of the on-site measurements and the reference data is of great importance for 

the result. The reference data should be representative and capture real changes in the 

wind climate and not be influenced by artificial changes related to changed conditions at 

the reference site, e.g. new instruments or altered surroundings. 

On-site measurements 

Long-term reference dataset 

Long-term site data 

Long-term correction 
method 

Predict Correlate 
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The importance of well-correlated on-site measurements and reference data is a 

frequently discussed topic. The correlation coefficient r (Pearson’s correlation) is often 

used to evaluate whether the reference is representative or not. For some long-term 

correction methods, the creators state that the correlation between the target site and 

reference data should be larger than a certain value, e.g. 0.80 to give a predictable result 

(Rogers et al., 2005). Along with correlation coefficient, the length of the short-term on-

site measurements and the long-term reference data are discussed.  

Today, large wind farms covering huge areas are common. Within these areas variability 

in wind climate may be present. Observations from one met mast may not be 

representative for the whole area. Along with met mast, e.g. a portable sodar could be 

used to determine variation within the farm. Information about the local climate can be 

useful when finding the optimal location of the turbines within the farm and hence 

avoiding power loss due to e.g. wind shadowing effects.  

1.1 Purpose 

This report is the outcome of a master thesis in meteorology. It has been done in 

cooperation with WeatherTech Scandinavia AB. The purpose of the report was to get 

better knowledge about uncertainties connected to MCP processes. Four main questions 

were asked in the thesis: 

 How long reference series should be used when extending short-term on-site 

measurements? 

 Is the correlation coefficient a representative measure connecting to expected 

uncertainties of the long-term corrected wind climate? 

 How does the length of the on-site measurements affect uncertainties in 

predicted wind climate?  

 How does the season of the on-site measurements affect the quality of the long-

term corrected wind climate?  

These questions were studied using on-site measurements from a site along with 

different long-term correction methods and reference series. 

An additional case study was made verifying results from the three latter questions. The 

following question was analysed in the additional study: 

 How well can short-term measurements in a wind farm, e.g. taken by a sodar, 

capture local variability within a site?  

1.2 Structure 

The structure of this report is as follows. Chapter 2-5 describe the background and 

theory of the different parts of long-term correction processes. Chapter 2 gives a 

description of the long-term correction methods found in literature and used throughout 

the report. The long-term references used in the report, namely reanalysis datasets, are 

described in Chapter 3. Chapter 4 gives a brief description of the site and on-site 
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measurements used in the report. Chapter 5 goes through basic statistics and uncertainty 

measures used to verify and validate results.  

In total five studies have been performed. The methodology used and the results from 

each of the five studies are described and outlined in Chapter 6-10. In Chapter 6 the 

optimal length of the long-term reference series used in long-term correction processes is 

discussed. The correlation between the target site and the references and the correlation 

coefficients influence on the result of the long-term correction are analysed in Chapter 7. 

In Chapter 8 and 9, the uncertainty depending on the length of the on-site measurements 

and the season in which they are taken is studied. In Chapter 10 the methodology and 

results of the additional study, concerning sodar measurements as a complement to met 

mast is presented. In this study, the correlation coefficient effects, the measurement 

lengths and the season of the measurements are evaluated.  

In Chapter 11, the main conclusions of this thesis are outlined and the results from the 

studies are discussed.  
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2 Long-term correction methods 

The main steps in the MCP (measure-correlate-predict) process were outlined in Figure 

1-1. One of the central parts of the MCP is the long-term correction method. There is a 

wide range of different long-term correction methods proposed. Descriptions can be 

found in literature and some long-term correction methods are available in software 

packages like WindPRO developed by EMD International A/S and WindFarmer 

developed by GL Garrad Hassan. The purpose of all long-term correction methods is to 

describe the long-term wind climate at a specific site, using on-site measurements and 

long-term reference data. A relation between the datasets is found, using data from the 

concurrent period. Thereafter the relationship is applied on the full long-term reference 

dataset to predict the long-term site data. The methods differ in how the comparison 

between the data of the concurrent period is performed. The description can be 

everything from simple ratio or regression method to more complicated non-regression 

methods. All concurrent data can be used at once or the data can be binned or grouped 

in subsets before the relationship is found. The data can e.g. be binned by direction, by 

time of day, time of year or temperature. Matrix-methods bin the data in two dimensions, 

both according to the parameter of interest at the reference and target site.  

In this report both regression and non-regression methods, binned and non-binned, have 

been studied. The theories of the methods used have been found in literature and the 

methods are briefly described below. The methods have been implemented in 

MATLAB® and later on applied on observed and modelled datasets. The present 

datasets are described in Chapter 3 and Chapter 4. More information about different 

long-term correction methods may be found in Rogers et al. (2005) and Liléo et al. 

(2013).  

2.1 Linear regression methods  

Regression analysis is a statistical technique commonly used to find a relationship 

between two variables. In long-term correction methods, regression analysis can be used 

to find a relationship between the on-site measurements and concurrent reference data. 

The relationship can be linear or non-linear; in this report linear regression has been 

used. There are plenty of different techniques performing a linear regression. In this 

report the regression methods reduced major axis (RMA) and ordinary least squares 

(OLS) have been used. The theories behind these are described in Chapter 5. 

The regression method is applied on the concurrent data to find a transfer function 

describing the relationship between the on-site measurements and the concurrent 

reference data. Let   represent the target site wind speed and   represent the concurrent 

reference wind speed. By performing regression analysis to   and   a transfer function, 

    , is found describing the relationship between these variables.  

              (2-1) 
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The long-term time series at the site is then estimated by applying the linear transfer 

function to the full long-term reference dataset.  

                    (2-2) 

                 (2-3) 

where    is the target site wind,    the reference wind,   and   the slope and intercept for the 

regression line.  

Long-term correction using linear regression methods OLS and RMA have been 

performed using all data at once. Linear regression can also been applied to binned data, 

e.g. using the direction at the reference site divided in twelve 30°-sectors. See sector 

division in Figure 2-1.  

When the data is binned, data from the on-site measurements are used to find the 

probability for each sector. These probabilities are assumed to be representative for the 

site climate.  

        (      )      (2-4) 

 (      )                  (2-5) 

       ∑                  
  
     (2-6) 

where   is the probability and    is the direction in sector i.  

2.2 Matrix methods 

Factors such as wind direction can be taken into account when creating a long-term 

correction. In this report, wind direction in twelve 30°-sectors have been used, starting at 

±15° around north (360°). See sector division in Figure 2-1 below.  

 

Figure 2-1: Wind direction divided into twelve 30°-sectors. The first sector (with notation 1) is 
positioned at ±15° around north, N.  
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Matrix methods bin the data in two dimensions, the direction at the reference site and 

the direction at the target site. Each concurrent data point is allocated to a matrix bin 

according to its direction sector at the reference and target site, creating a matrix with a 

total of 144 (12 × 12) bins, see example Table 2–1. If the wind direction sectors at the 

reference and target site fully agree for each point, all values will be allocated along the 

diagonal. The model is applied on each bin and in the end each sector is summed up to 

predict the long-term mean wind at site. To sum up the long-term mean wind, the mean 

wind in each sector and the probability of each sector is used. In this report two different 

matrix methods have been implemented, based on the regression method developed by 

Woods and Watsons (Woods et al., 1997) and the non-regression method KH developed 

by Knut Harstveit.  

Table 2–1: Example of the matrix and its bins used in matrix methods formed using twelve 30°-sector 
at both reference (i) and target site (j). The matrix contains bin counts for MERRA 50 m (i) and 
Näsudden 75 m (j) year 1989.  

i\j 1 2 3 4 5 6 7 8 9 10 11 12 

1 298 61 16 6 7 1 1 1 2 5 20 134 

2 128 272 82 33 10 4 2 2 3 7 28 42 

3 2 74 156 56 19 12 1 1 3 1 7 11 

4 5 27 54 97 27 4 5 4 3 2 5 5 

5 1 5 13 54 115 47 6 4 9 1 4 1 

6 1 1 5 15 187 226 56 21 10 6 5 4 

7 1 1 0 7 45 164 256 126 31 17 10 2 

8 1 3 1 6 16 29 239 527 148 34 16 5 

9 9 2 5 7 16 14 50 473 773 156 35 9 

10 9 3 2 2 5 7 6 46 477 703 169 34 

11 12 5 3 5 2 0 14 9 38 180 386 112 

12 82 8 6 1 3 2 1 12 10 20 106 357 

2.2.1 Woods & Watson (WW) method 

The theory of this method is described by Woods and Watson (1997). It cannot be 

guaranteed that the implementation used here exactly matches the original method.  

The WW method is a sector-bin method using regression analysis to find the transfer 

function describing the relationship between the on-site measurements and the 

concurrent reference data. It divides the wind into twelve 30°-sectors, starting at ±15° 

around north, as described in Figure 2-1.  

A sector population matrix with bin counts of the concurrent period is formed. For the 

long-term correction the matrix bins should contain significant measurements. Therefore 

bins with population less than 5% of the included sector sum are assumed as non-

significant and are rejected. For more information about the cut-off, see Woods and 

Watson, 1997. From the new matrix, containing only significant measurements two 

matrices expressing the bin populations as a percentage are derived based on the 

remaining points in each sector at the target site and reference site respectively. The 

derived percentage weighting for the target site sector j are denoted Zi,j  where i 
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represents the reference sector number, and the percentage weights for the reference 

sectors are denoted Wi,j.  

The population of the target site sectors can be calculated from the populations of the 

reference sectors using Equation 2-7. 

       
∑          

  
   

   
   (2-7) 

To predict the on-site long-term sector means, Woods and Watson propose two 

approaches. In the first approach, data sorted at the reference site is used to produce the 

regression coefficients. The linear regression relations with slope    and intercept    for 

each sector i, is in this report derived using RMA. The long-term on-site sector wind is 

calculated using Equation 2-8. This approach is further on referred to as WW1.  

 (  |   )  
∑                       

  
   

   
   (2-8) 

WW1 assumes that the mean wind speed in each sector bin is equivalent to the overall 

mean wind speed in the sector and that the regression derived for the whole sector is 

applicable to each of the individual sector bins. 

In the second approach, sorting at the target site is used to produce the regression 

coefficients (slope    and intercept   ). See Equation 2-9. This approach is further on 

referred to as WW2.  

 (  |   )    
∑             

  
   

   
     (2-9) 

More information about the WW method and its two approaches may be found in 

Woods and Watson (1997).  

2.2.2 Knut Harstveit (KH) method  

This method is developed by Knut Harstveit at Kjeller Vindteknikk. The theory of the 

method has been found in literature and it cannot be guaranteed that the implementation 

used here is exactly as the original method.  

KH method is a sector-bin-non-regression method. It divides the wind into twelve 30°-

sectors, starting at ±15° around north. An additional, 13th sector (sector 0) is added to 

the matrix for cases with no wind. The method does not use regression but a simple 

sector transfer coefficient to create long-term site series based on the long-term reference 

dataset. The sector transfer coefficients are calculated weighting the contributions of 

each sector at the reference and target site.  

Long-term correction using KH method is performed in the following steps:  

 Sector population matrix with bin counts for the concurrent period is created. 

 From the bin counts and indices in the sector population matrix, sector 

percentage population matrix and matrix with sector bin mean wind are found. 
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 Means in each sector and the respective sector probabilities are found for the 

reference and target site. 

 Reference sector long-term means,             and probabilities,       , are 

derived using long-term reference dataset.  

 Predicted on-site sector long-term probabilities,  (   ), are derived using 

Equation 2-10.  

 Predicted on-site sector long-term means,  (  |   ), are derived using Equation 

2-11.  

 Estimated long-term average velocity at the site is given by the sum of the sector 

long-term means multiplied by the long-term probabilities.  

 (   )  ∑                  
  
      (2-10) 

 (  |   )  ∑       
 (   |   )

 (   )
 
          

   

  
     (2-11) 

where   is the velocity,   the sector,   the true wind,   the probability and indices  ,  ,   and   

refers to the reference and target site and their sectors respectively.  

More information about the KH method may be found in Klinkert (2012) and Liléo et 

al. (2013). 

The formulas are written using conditional expectation (e.g.       ) and conditional 

probability (e.g.       ). More information about this notation may be found in 

(Montgomery et al., 2011).   
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3 Long-term references 

To better represent the wind climate at a site, the on-site measurements of wind speed 

and wind directions are long-term corrected. For this, several different types of long-

term reference series can be used. These may be measurements at a nearby site, 

observations from weather stations or modelled reanalysis data.  

In this report, on-site measurements along with reanalysis global and mesoscale datasets 

have been used. This chapter gives a brief description of the relevant reanalysis datasets. 

In Chapter 4, the on-site measurements are described.  

3.1 Reanalysis datasets 

Reanalysis datasets are modelled data created by atmospheric models. Weather 

observations from surface weather stations, soundings, satellites and aircrafts along with 

a wide range of other observations are used to drive global or mesoscale numerical 

weather prediction (NWP) models. The model output gives a description of the state of 

the atmosphere for every grid point and every level in the model out of the assimilated 

observations of different spatial and temporal resolution. Reanalysis datasets were 

initially created to support climatological studies but due to its high spatial (compared to 

measurements) and temporal resolution and the fact that they cover long time intervals 

they provide essential information for long-term correction of wind observations.  

Four different reanalysis datasets have been used in this report; three global and one 

mesoscale. A summary of the main properties of the different reanalysis datasets can be 

found in Table 3–1 below.  

3.1.1 NCEP/NCAR 

The NCEP/NCAR reanalysis dataset was developed in cooperation between the 

National Centers for Environmental Prediction (NCEP) and the National Center for 

Atmospheric Research (NCAR). A large variety of observations – ground, sea, air and 

satellite – are used as input. The dataset is available at 6-hour intervals on a global grid of 

2.5 × 2.5 degrees (~ 280 × 150 km in Southern Sweden region) horizontal resolution at 

several different vertical levels. It covers the period from 1948 until present. The 

NCEP/NCAR was one of the first reanalysis dataset to be freely available online and 

therefore it has been the most commonly used dataset during the last decades. The data 

is available from the Research Data Achieve (RDA) in dataset number ds090.0 (RDA, 

2012). More information of the NCEP/NCAR dataset may be found in Kalnay et al. 

(1996).  

In this report, geostrophic wind along with wind speed and wind direction data from 

pressure level 850 hPa have been used.  

3.1.2 ERA-Interim 

The ERA-Interim is a reanalysis dataset developed by the European Centre for Medium-

Range Weather Forecasts (ECMWF). It serves to fill the gap between the former ERA-

40 (1957-2002) and the upcoming next generation reanalysis. ERA-Interim has an 

improved assimilation system compared to ERA-40 and a finer spatial resolution of 0.75 
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× 0.75 degrees (~ 85 × 45 km in Southern Sweden region). ERA-Interim reanalysis data 

has a temporal resolution of 6 hours and is available from 1979 to present. The dataset is 

available through ECMWF Data Server (ECMWF, 2012). More information may be 

found in Dee et al. (2011). 

In this report, data from model level 56 (approximately 112 m height) and from pressure 

level 850 hPa have been used.  

3.1.3 MERRA 

The Modern Era Retrospective-analysis for Research and Applications (MERRA) is a 

reanalysis dataset produced by NASA. The dataset is produced using the assimilation 

system GEOS-5 (Goddard Earth Observing System Version 5) and input from a wide 

range of observations. The output data has a horizontal resolution of 1/2 × 2/3 degrees 

(~60 × 40 km in Southern Sweden region) and is available at different pressure levels 

and at the 50 m level above ground. MERRA reanalysis dataset covers from 1979 to 

present with data at 1-hour intervals. MERRA data is available online through the 

Goddard Earth Sciences (GES) Data and Information Services Center (DISC) (MDISC, 

2012). More information may be found in Lucchesi (2008). 

In this report, data from 50 m above ground level and from pressure level 850 hPa have 

been used. 

3.1.4 WRAP 

WRAP is a mesoscale reanalysis dataset produced by WeatherTech Scandinavia AB. The 

WRF (Weather Research and Forecast) model, which is a mesoscale numerical weather 

prediction system, has been used to downscale 30 years of NCEP/NCAR reanalysis data 

to a 9 km resolution grid covering Sweden, Finland, Norway, Denmark and the rest of 

the Baltic Sea shorelines. The downscaled dataset consists of hourly values of all 

common meteorological parameters including e.g. temperature, pressure, wind, humidity, 

and cloud water. WRAP reanalysis dataset is available from 1981 until 2010.  

Data from 100 m above ground level have been used in this study.  
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Table 3–1: Main properties of the different global and mesoscale reanalysis datasets in the report. The two last columns give information of the vertical level and grid point 
used in the report.  

Reanalysis Institution 
Horizontal 
resolution 

Temporal 
resolution 

Temporal 
coverage 

Vertical levels 
used 

Grid point used 
(lat, lon)  

NCEP/NCAR NCEP/NCAR 2.5° × 2.5° 6 h 1948 – on 
Ug 

850 hPa 
55.5°N, 18.5°E 

ERA-Interim ECMWF 0.75° × 0.75° 6 h 1979 – on 
112 m a.g.l. 

850 hPa 
57.0°N, 18.0°E 

MERRA NASA 1/2° × 2/3° 1 h 1979 – on 
50 m a.g.l. 

Ug 
56.5°N, 18.9°E 

WRAP 
WeatherTech 

Scandinavia AB 
9 km × 9 km 1 h 1981 - 2010 100 m a.g.l. 57.15°N, 18.28°E 
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4 On-site measurements – Näsudden 

Näsudden (57.1°N, 18.2°E) is situated on the southern 

part of the Swedish island Gotland, see Figure 4-1. It 

has a near-coastal position and the surrounding terrain 

is flat.  

On-site measurements of wind speed and wind 

direction performed during a period of 29 years, from 

January 1980 until November 2008 are used in the 

report. Between 1980 and 2002, a 145 m high met 

mast was measuring wind speed and wind direction at 

seven (10, 38, 54, 75, 96, 120 and 145 m) and three 

heights (38, 75 and 145 m) respectively. In 2002 a new, 

120 m high, mast was erected at Näsudden. The new 

mast measuring wind data at similar, but not exactly 

the same heights as the former (wind speed at 10, 20, 

40, 60, 80, 100 and 120 m and wind direction at 40, 60 

and 80 m).  

The wind data have been quality controlled and data considered being of bad quality 

have been removed from the datasets. Wind speed and wind direction measurements at 

approximately 75 m (75 and 80 m) height have been put together forming two datasets, 

which are used throughout the analysis in the report. Wind speed measurements are 

available from 1980 to 2008; except year 1984, 1990 and 1991 due to low data quality. 

Wind direction measurements are available from 1980 to 2002. For the first years, sample 

data is available every 1 hour, while newer data is available every 10 minutes. To be 

consistent and to equally weight each year, data of a temporal resolution of 1 hour have 

been used throughout the report. The data has been used to determine the climatic mean 

wind at Näsudden. This observed long-term mean wind has been used throughout the 

report to verify the results of the studies using different long-term correction methods 

and reanalysis datasets. The variation of the climatic mean wind at Näsudden depending 

on sample resolution is shown in Table 4–1. The climatic mean wind calculated using 

samples every 1-hour have been used in the studies.  

Table 4–1: Climatic mean wind depending on sample resolution of measurement from Näsudden, 1980-
2008. 

Climatic mean wind [m/s] 

all 1 h 6 h 12 h 
24 h 

(00UTC) 
24 h 

(12UTC) 

7.71 7.74 7.73 7.81 7.86 7.75 

 

  

Figure 4-1: Gotland, Sweden. 
Näsudden is situated on the 
southern part of the island. The 
black cross marks the position. 
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5 Statistics 

This chapter gives a description of the basic statistics used throughout the report to 

verify results. Theories and proofs may be found in any ordinary statistics textbook. The 

textbook written by Montgomery et al. (2011) and compendium written by 

Alexandersson et al. (2008) is used.  

5.1 Mean value 

5.1.1 Sample mean 

The mean value of statistical data with observations      , …,    is estimated by 

 ̅  
          

 
 

 

 
∑   

 
      (5-1) 

5.2 Climatic mean wind 

The long-term, or climatic yearly mean value of the wind speed is calculated by 

summarising the weighted monthly mean values. The weighting is made according to 

number of days in each month (31, 30 or 28).  

 ̅  
 

   
∑     ̅ 

  
      (5-2) 

where   is the month (1 = January, 2 = February, …, 12 = December) and   is the number of 

days in month   (   = 31,    = 28, …,     = 31).  

The estimated yearly mean should in this way be as accurate as possible even though data 

is missing and some periods are overrepresented. The monthly mean values are 

calculated using sample mean (mean of all available January measurements, all available 

February measurements, etc.). If complete full year data is available, the sample mean 

value of all observations should end up with the same result as given by the climatic 

yearly mean.  

For methods where data is binned in subsets, the yearly mean value is calculated 

differently. The yearly mean is calculated summing the sector means weighted after the 

sector occurrence.  

 ̅  ∑     ̅ 
 
       (5-3) 

where   is the sector probability and   the total number of sectors used.  

5.3 Measure of dispersion 

Measure of dispersion is used to give a value of the scatter of the observations. Variance 

and standard deviation estimate scatter in relation to the centre of the observations.  

5.3.1 Variance 

For statistical data with observations      , …,    the variance    is estimated by 

          
∑      ̅   

   

   
   (5-4) 
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5.3.2 Standard deviation 

The standard deviation is defined as the square root of the variance.  

  √       (5-5) 

5.4 Correlation and dependence 

Covariance and correlation coefficient may be used to measure the dependency between 

two variables.  

5.4.1 Covariance 

The covariance of the observations   and   is estimated by 

         
 

   
∑      ̅      ̅  

     (5-6) 

If   and   simultaneously deviate in the same direction from their expected mean values, 

the covariance is positive. If the covariance is zero,   and   are uncorrelated. 

5.5 Correlation coefficient 

Pearson’s product-moment correlation coefficient (Pearson’s  ) is a measure of the 

correlation between two variables. Pearson’s   is defined as the covariance of the two 

variables standardized by the standard deviations of the variables.  

    
        

    
 

∑      ̅      ̅  
   

         
  (5-7) 

The correlation coefficient lies in the interval -1 to 1. If   is 1,   and   are completely 

linearly dependent. 

5.6 Error estimation  

Errors can be systematic or random. Random errors are hard to capture. Error 

estimations can be used to verify uncertainties in the predicted long-term site climate 

knowing the true long-term site climate. In this section   is the true value and   is the 

predicted value.  

5.6.1 Bias  

Bias is a systematic difference between the true value and the estimated value.  

The bias of the mean value is estimated by 

   ̅        (5-8) 

where  ̅ is the estimated mean value and   is the true mean value.  

An estimator   is unbiased if the bias is zero for all values   .  

The bias measures the systematically error in a measure sample. The bias error is used to 

tell if the method over- or underestimate the wind.  

      
 

 
∑        

 
      (5-9) 
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5.6.2 Mean absolute error (MAE) 

The mean absolute error gives the magnitude of the bias. The average difference is given 

to catch all fluctuations, regardless the sign.  

     
 

 
∑        

 
      (5-11) 

5.6.3 Mean square error (MSE) 

The mean square error quantifies the difference between the predicted and true value.  

     
 

 
∑        

  
      (5-12) 

5.6.4 Root mean square error (RMSE) 

The root mean square error of an estimator   with respect to an estimated parameter   

is defined as the square root of the mean square error. 

      √
 

 
∑         

 
      (5-13) 

5.6.5 Mean absolute prediction error (MAPE) 

MAPE gives the absolute deviation in percent of the predicted wind speed to the actual 

wind speed. 

          
 

 
∑

       

  

 
      (5-14) 

In this report, the bias is used to estimate uncertainties connected to long-term 

correction. The other error measures are only shown as these are frequently used in 

literature. 

5.7 Regression analysis 

Regression analysis is a statistical technique commonly used to find a relationship 

between two variables. The regression can be curved or linear. In linear regression, a 

relationship of the form        is constructed. Below the two linear regression 

methods used in this report are outlined.  

5.7.1 OLS (ordinary least squares)  

The ordinary least squares (OLS) method is one of the oldest and most common linear 

regression methods. The method minimizes the sum of the squared vertical distances 

between the data points and the regression lines. For the dependent dataset y and the 

measured dataset x with paired observations                            

∑           
  

       (5-15) 

OLS is sensitive to outliers and the characteristics of the regression line are highly 

influenced by the correlation between the two variables of interest. A low correlation 

gives a less steep slope  . For perfect fit,   = 1, the OLS and RMA give the same 

regression lines. 
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5.7.2 RMA (reduced major axis)  

Reduced major axis (RMA) regression method minimizes the area between the data 

points and the regression line. This is performed using the standard deviation and the 

mean value of the datasets. The slope   and the intercept with the y-axis   are described 

by 

   
  

  
      (5-16) 

   ̅     ̅     (5-17) 

See Chapter 7.2 for more information about the linear regression methods RMA and 

OLS. 

5.8 Weibull distribution  

The Weibull distribution is frequently used in wind power industry to estimate power 

production. The Weibull distribution is often a good approximation of the true wind 

speed distribution at a site. The scale parameter   and the shape parameter   characterize 

the height and form of the Weibull distribution. The probability function for measured 

wind speed   is given by 

     
 

 
(
 

 
)
   

   (
 

 
)
 

   (5-18) 

where   > 0,   > 0 and   > 0 
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6 Length of reference period 

To predict the long-term wind climate at a target site, the relationship found using long-

term correction methods on concurrent data is applied on the long-term reference data. 

The lifetime of a wind turbine is approximately 20-25 years (Wizelius, 2007). The long-

term reference data should be representative for the wind climate during these years. The 

past is used to predict the future. Whether or not this is representative could be 

discussed. There could be trends in the reference dataset and these trends may be false or 

not representative for the future. However, the future is unknown and therefore the past 

has to be assumed as representative. The optimal length of the reference period, long-

term reference dataset, is discussed in this chapter.  

By looking at the cumulative mean wind speed at Näsudden, starting at 1980 and 1985 

summing up to 2008 the mean value seems to level out after 15 to 20 years, see Figure 

6-1. The same can be seen for the reanalysis datasets, see reanalysis data from MERRA 

50 m in Figure 6-2.  

 

Figure 6-1: Cumulative mean wind speed starting at 1980 and 1985 summing up to 2008. 

 

Figure 6-2: Cumulative mean wind speed starting at 1979, 1980 and 1990 summing up to 2012. 
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The mean value is however largely dependent on the period chosen. In Figure 6-3 the 

yearly mean, the running mean and the climatic mean wind for Näsudden 1980-2008 are 

shown. If a 15 year period is chosen, the mean value can vary with as much as 0.4 m/s. 

This deviation is significant for the wind power industry. Especially as the wind energy 

content is proportional to the cube of the wind speed. Similar results can be seen for the 

reanalysis data sets. For MERRA 50 m, the 15-year running mean value varies about 0.3 

m/s during 1979-2012, see Figure 6-4.  

 

Figure 6-3: On-site measurements form Näsudden 75 m, 1980-2008. Yearly mean, 5- and 15-year 
running mean and mean wind speed 1980-2008. Year 1984, 1990, 1991, 1999, 2000, 2002 and 2006 are not 
taken into account due to low data coverage (< 80%).  

 

Figure 6-4: Data from reanalysis dataset MERRA 50 m, 1979-2012. Yearly mean, 5- and 15-year running 
mean and mean wind speed 1980-2010. 

When the length of the reference data series is chosen, natural variability of 

meteorological parameters such as wind speed has to be considered. In a report from 

2010, Nilsson et al. concluded that due to natural variability, the uncertainty in one year 

measurements result in a 5% risk that the measured yearly mean wind deviates more than 

1.0 m/s from the climatic mean wind. The length of the reference data period should be 
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long enough to give a reasonably stable wind climate. In meteorology and climatology a 

30-year period is assumed to be reasonably stable.  

In the following studies in this report, the lengths of the references are about 30 years. 

However, only data from the reanalysis datasets concurrent with the long-term 

measurements from Näsudden is used. This is done to be able to validate the results 

from the MCP processes using the long-term measurement series from Näsudden. For 

the reanalysis datasets with lower temporal resolution than Näsudden (sample every 1-h), 

the results are still compared with Näsudden data of a temporal resolution of 1 hour as 

this is assumed to be the true value. In this report, this is the case for the NCEP/NCAR 

and ERA-Interim reanalysis datasets and in studies where the uncertainties connected to 

lower temporal resolution of the data is analysed.    
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7 Correlation coefficient, a representative measure? 

The correlation coefficient r (see 5.5) is a measure of the correlation between two 

variables. In MCP, r is often used to measure the correlation between the data from the 

target site and the reference dataset. The value of r is further used to verify whether the 

reference could be used to predict the long-term wind climate at a site or not. For some 

long-term correction methods, the creators state that the correlation between the target 

site and reference data should be larger than a certain value, e.g. 0.80 to give a predictable 

result (Rogers et al., 2005). But how representative is the measure of correlation for the 

result? 

The yearly correlation between the on-site measurements from Näsudden and 

concurrent data from the reanalysis datasets are shown in Figure 7-1. Correlation 

coefficients for years with data coverage lower than 80% are not shown. The correlation 

is seen to be about 0.75-0.85 for most years and datasets, but for some years the 

correlation coefficient is significantly lower. The correlation for MERRA 50 m deviates 

from the others year 1992 and 1996. The reasons for this have not been investigated. 

Year 2001, 2003 and 2004 the correlation is low for all reanalysis datasets. The data 

coverage at Näsudden is good these years and the annual variability do not differ from 

the other years.  

 

Figure 7-1: Correlation coefficient for yearly concurrent data between Näsudden 75 m and the 
reanalysis datasets. Year 1984, 1990, 1991, 1999, 2000, 2002 and 2006 are not taken into account because 
of low data coverage (< 80%) these years. 

Long-term correction of yearly data from Näsudden using concurrent data from the 

reanalysis datasets is performed. The long-term correction methods RMA, OLS, KH, 

WW1 and WW2 are used. The resulting bias in predicted climatic mean wind speed is 

shown in Figure 7-2 using reference MERRA 50 m for each method. The bias as a 

function of correlation coefficient for the concurrent year used in the MCP is shown in 

Figure 7-3.  

The bias is seen to differ depending on method used in the long-term correction. Note 

that a year with high correlation could give a large bias and a year with low correlation 
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may give a good estimate of the climatic mean wind. The resulting bias also differs 

between the reanalysis dataset used. Long-term correction using MERRA 50 m and 

WRAP 100 m gives the lowest bias. These datasets have high temporal resolution and 

the highest correlation, see next section of this chapter.  

 

Figure 7-2: Bias of predicted climatic mean wind speed as a function of concurrent year used in long-
term correction. Linear regression methods RMA and OLS and the matrix methods KH, WW1 and 
WW2. The matrix methods until 2002, as wind direction data were not available after that.  

 

 

Figure 7-3: Bias of predicted climatic mean wind speed as a function of correlation coefficient. 

7.1 Temporal resolution 

The reanalysis datasets NCEP/NCAR and ERA-Interim have a temporal resolution of 

6-hour, while MERRA and WRAP contain samples every 1-hour. Concurrent data of the 

reanalysis datasets and measurements from Näsudden for sample every 1-hour, 6-hour, 

12-hour and 24-hour along with daily mean have been correlated. Data every 6-hour are 

taken at 00, 06, 12 and 18UTC, data every 12-hour are taken 00 and 12UTC and data 

every 24-hour are taken at 00UTC. The values for concurrent data year 1989 and 2001 
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are shown in Table 7–1 and Table 7–2 respectively. The correlation is seen to be more or 

less independent of number of samples. However, the correlation is much higher for the 

daily mean than for individual samples. This is due to less variability of daily mean than 

of single samples.  

Table 7–1: Correlation coefficient r for concurrent data of reanalysis datasets and Näsudden year 1989. 
Sample interval of 1-hour, 6-hour, 12-hour or 24-hour and daily mean of all samples.  

Sample 
interval 

WRAP MERRA ERA-Interim NCEP/NCAR 

100 m 50 m Ug 112 m 850 hPa Ug 850 hPa 

1 h 0.85 0.86 0.80 - - - - 

3 h 0.85 0.86 0.80 - - - - 

6 h 0.85 0.86 0.80 0.89 0.82 0.79 0.79 

12 h 0.85 0.87 0.80 0.90 0.82 0.79 0.79 

24 h 0.84 0.86 0.78 0.89 0.79 0.77 0.77 

daily mean 0.94 0.94 0.90 0.96 0.90 0.88 0.87 

 

Table 7–2: Correlation coefficient r for concurrent data of reanalysis datasets and Näsudden year 2001. 
Sample interval of 1-hour, 6-hour, 12-hour or 24-hour and daily mean of all samples. 

Sample 
interval 

WRAP MERRA ERA-Interim   NCEP/NCAR 

100 m 50 m Ug 112 m 850 hPa Ug 850 hPa 

1 h 0.48 0.47 0.45 - - - - 

3 h 0.48 0.47 0.45 - - - - 

6 h 0.48 0.47 0.44 0.48 0.46 0.48 0.47 

12 h 0.47 0.46 0.43 0.47 0.45 0.48 0.46 

24 h 0.49 0.49 0.44 0.47 0.46 0.51 0.50 

daily mean 0.64 0.62 0.58 0.60 0.56 0.59 0.57 

 

Even though the correlation coefficient is stable the number of data points may 

influence the quality of the predicted long-term on-site wind climate from the MCP 

process. A low number of data points may introduce uncertainties. The bias given 

performing MCP with MERRA 50 m with samples every 1-hour, 6-hour and 12-hour is 

summarised in Table 7–3 and illustrated for the long-term correction methods KH and 

RMA in Figure 7-4. The sector-divided methods KH, WW1 and WW2 are more sensitive 

than methods using all data at once (RMA and OLS). The matrix methods WW1 and 

WW2 are less influenced as bins with low data coverage, less than 5% of total are not 

included in the relationship description.  

Note that data every 12-hour and 24-hour seldom is used in MCP processes. These are 

used in the report to study the uncertainties connected to data availability.  
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Table 7–3: Bias of predicted yearly mean wind using a short-term period of one year. The bias is shown for each concurrent year used. Sample every 1-, 6- and 12-hour from 
MERRA 50 m. 

Year 

Bias [m/s] 

KH WW1 WW2 RMA OLS 

1h 6h 12h 1h 6h 12h 1h 6h 12h 1h 6h 12h 1h 6h 12h 

1980 0.14 0.19 0.50 0.07 0.08 0.13 0.11 0.11 0.15 0.23 0.22 0.27 0.15 0.15 0.21 

1981 0.28 0.45 0.76 0.18 0.20 0.25 0.20 0.23 0.27 0.25 0.27 0.29 0.24 0.26 0.27 

1982 0.57 0.87 1.07 0.52 0.56 0.56 0.53 0.58 0.57 0.27 0.29 0.30 0.23 0.25 0.26 

1983 0.23 0.41 0.96 0.17 0.22 0.35 0.18 0.21 0.34 0.07 0.10 0.22 0.17 0.20 0.33 

1984 - - - - - - - - - - - - - - - 

1985 0.05 0.21 0.38 -0.01 -0.02 0.04 0.01 0.01 0.06 0.01 -0.01 0.05 -0.01 -0.03 0.03 

1986 0.31 0.41 0.74 0.26 0.28 0.25 0.29 0.33 0.30 0.19 0.21 0.19 0.22 0.24 0.23 

1987 0.15 0.39 0.31 0.16 0.12 0.09 0.14 0.14 0.09 0.16 0.16 0.12 0.14 0.14 0.10 

1988 0.12 0.35 0.52 0.07 0.07 0.14 0.08 0.10 0.17 0.10 0.11 0.18 0.11 0.12 0.19 

1989 0.43 0.60 0.87 0.38 0.42 0.45 0.40 0.43 0.46 0.29 0.30 0.34 0.31 0.32 0.35 

1990 - - - - - - - - - - - - - - - 

1991 - - - - - - - - - - - - - - - 

1992 - - - - - - - - - - - - 0.08 0.11 0.18 

1993 -0.22 -0.08 0.61 -0.28 -0.22 -0.10 -0.28 -0.23 -0.13 -0.22 -0.19 -0.10 -0.15 -0.12 -0.03 

1994 0.01 0.01 0.67 -0.03 -0.05 0.10 -0.01 -0.06 0.10 0.00 -0.01 0.14 0.02 0.00 0.16 

1995 0.10 0.15 0.63 0.12 0.14 0.23 0.10 0.12 0.18 -0.02 0.00 0.09 0.01 0.03 0.12 

1996 -0.54 -0.49 -0.18 -0.53 -0.53 -0.53 -0.25 -0.21 -0.26 -0.40 -0.39 -0.31 -0.64 -0.63 -0.54 

1997 -0.26 -0.21 -0.09 -0.28 -0.31 -0.22 -0.31 -0.34 -0.27 -0.23 -0.22 -0.16 -0.26 -0.25 -0.19 

1998 -0.89 -0.78 -0.70 -0.97 -0.95 -0.89 -0.95 -0.90 -0.85 -0.94 -0.91 -0.85 -0.90 -0.88 -0.83 

1999 - - - - - - - - - - - - - - - 

2000 - - - - - - - - - - - - - - - 

2001 0.12 0.24 0.40 0.15 0.12 0.19 0.21 0.17 0.22 0.04 0.01 0.07 -0.16 -0.20 -0.16 

2002 - - - - - - - - - - - - - - - 

2003 - - - - - - - - - - - - -0.07 -0.05 0.02 

2004 - - - - - - - - - -0.02 -0.07 0.02 0.01 -0.03 0.04 

2005 - - - - - - - - - 0.03 -0.01 0.10 -0.09 -0.12 -0.03 

2006 - - - - - - - - - - - - - - - 

2007 - - - - - - - - - 0.14 0.12 0.13 0.18 0.17 0.18 

2008 - - - - - - - - - 0.21 0.22 0.31 0.24 0.25 0.34 
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Figure 7-4: Bias of predicted yearly mean using a short-term period of one year. The linear regression method RMA in blue and the matrix method KH in red. The reanalysis 
dataset MERRA 50 m with sample every 1-, 6- and 12-hour is used in the MCP.
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7.2 Long-term correction using RMA and OLS 

For the test period 1980-2008 the yearly correlation between the observations and 

reanalysis data vary from 0.47 to 0.86. Table 7–1 and Table 7–2 show the correlation 

coefficient for year 1989 and 2001, respectively. These two years, with high respective 

low correlation have been analysed in more detail. Observations from Näsudden and 

reanalysis data from MERRA 50 m have been used together with the long-term 

correction methods RMA and OLS in this study.    

Regression lines using RMA and OLS are fitted to the concurrent data of Näsudden and 

MERRA 50, year 1989 and 2001, see Figure 7-5.  

 

Figure 7-5: Linear regression using RMA and OLS year 1989 (left) and 2001 (right). Regression is 
applied on on-site measurements from Näsudden and reanalysis data from MERRA 50 m.   

The regression line received using OLS is highly dependent on the correlation 

coefficient. For year 2001 with low correlation the slope is less steep. RMA gives a stable 

result independent of the correlation. The regression line received using OLS varies 

depending on which variable is set as dependent, OLS(x,y) or OLS(y,x). For RMA, the 

same line is given.  

Using RMA and MERRA 50 m, to long-term correct year 1989 and 2001 gave a bias of 

the climatic mean wind of 0.29 m/s and 0.04 m/s respectively. For OLS, bias of 0.31 

m/s and -0.16 m/s were given 1989 and 2001 (see Table 7–3). Both linear regression 

methods seem to predict the yearly mean wind well independently of the correlation 

coefficient. The predicted long-term wind distributions at the site have been evaluated 

using the scale parameter A and shape parameter c of the Weibull distribution. See 

Figure 7-6 and Figure 7-7. When linear regression is performed using OLS, the predicted 

variance of the wind speed is seen to be too low; the Weibull shape parameter is not 

correctly estimated.  
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Table 7–4: Weibull distribution parameters for long-term corrected on-site measurements from 1989 
and 2001. The reference MERRA 50 m has been used along with long-term correction method RMA 
and OLS. In the column to the right, Weibull parameters for the on-site measurements, 1980-2008, at 
Näsudden are shown.   

Weibull 
distribution 

RMA OLS Näsudden 
1989 2001 1989 2001 1980-2008 

A 9.13 8.85 9.13 8.35 8.82 

c 2.22 2.17 2.65 4.49 2.18 

 

 

Figure 7-6: Wind speed distribution and fitted Weibull distribution for long-term corrected on-site 
measurements from 1989 (left) and 2001 (right). Reanalysis data from MERRA 50 m and the linear 
regression method RMA have been used in the long-term correction. 

 

 

Figure 7-7: Wind speed distribution and fitted Weibull distribution for long-term corrected on-site 
measurements from 1989 and 2001. Reanalysis data from MERRA 50 m and the linear regression 
method OLS have been used in the long-term correction. 
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The regression lines shown in Figure 7-5, may explain the low variability given using the 

linear regression method OLS. For low correlation coefficients, the OLS regression line 

has a less steep slope and hence intersects the y-axis at a high value. Due to this, no low 

winds are given in the corrected long-term distribution. For a correlation coefficient of 1, 

the regression methods OLS and RMA give the same regression line. More information 

about different linear regression methods may be found in the master thesis written by 

Jonsson (2010). Jonsson concluded that RMA regression is the most effective method. A 

various number of error prediction parameters were used to validate the results.   
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8 Length of on-site measurements 

In this section prediction uncertainties and how they depend on the length of the on-site 

measurements have been investigated. In the analysis, on-site measurements from 

Näsudden have been used, serving as observations and as true values to validate the 

results. The long-term correction methods and reanalysis datasets described in Chapter 2 

and 3 have been used in the analysis.  

The methodology used is the following: 

 29 years on-site measurements from 1980 to 2008 have been used.  

 Long-term reference data concurrent with the on-site measurements has been 

used. 

 The on-site data has been grouped in short-term subsets varying from 1 month 

to 36 months. The grouping has been performed using two different approaches; 

see descriptions in text below and in Figure 8-1. 

 Concurrent short-term on-site and reference data are given as input to the long-

term correction methods described in Chapter 2. 

 The long-term on-site measurements have been used to verify the results. 

 The mean bias, how the predicted long-term on-site yearly mean wind for each 

subset deviates from the true long-term on-site yearly mean wind, has been 

calculated.  

The analysis has been performed using two different approaches grouping the on-site 

measurements data.  

In Approach 1, each subset is totally independent and separated. See the short-term 

grouping for Approach 1 in Figure 8-1. The results of this approach may be misleading 

as different number of subsets are summed up. There are more subsets available for the 

shorter periods than for the longer. Depending on which month the first subset started, 

seasonality may influence the results as well, see more about seasonal variations in 

Chapter 9.  

 

 

Figure 8-1: Subset grouping according to Approach 1 (top) and Approach 2 (bottom). 
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In Approach 2 (see bottom Figure 8-1), sliding subsets, with 1-month step, are used. As 

the subsets are dependent, the standard deviation and mean value in the approach’s 

results may be influenced and smoothened. In contrast to Approach 1, the same number 

of subsets of each length is used. In the calculation of the standard deviation, no 

consideration has been given to the fact that the subsets are not independent.  

The mean and the standard deviation of the biases for the long-term correction based on 

each subset of specific length are calculated. This is used as an uncertainty measure. 

Approach 1 and Approach 2 for each long-term correction method using reanalysis 

dataset MERRA 50 m is shown in Figure 8-2 and Figure 8-3, respectively. When using 

RMA, all reanalysis datasets gave similar result (not shown). For the long-term correction 

methods KH, WW1 and WW2, MERRA 50 m and WRAP 100 m gave lowest mean bias. 

When performing MCP using the reanalysis datasets with lower temporal resolution KH 

overestimated the climatic mean wind while the Woods & Watsons methods 

underestimated the wind (not shown).  

 

Figure 8-2: Subset divided according to Approach 1. First subset starts in January. Bias of predicted 
yearly mean wind dependent on length of concurrent period. MCP has been performed for the methods 
RMA, KH, WW1 and WW2 using the reference MERRA 50 m. 

 

 

Figure 8-3: Subset divided according to Approach 2. Bias of predicted yearly mean wind dependent on 
length of concurrent period. MCP has been performed for the methods RMA, KH, WW1 and WW2 
using the reference MERRA 50 m.  
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Looking at Figure 8-3, the bias is seen to decrease with increased length of the on-site 

measurement period. The matrix method KH, WW1 and WW2 give larger uncertainty 

for short periods than RMA using all data at once. For KH, a strong decrease is seen for 

the first twelve months. For all methods, stagnation in bias is seen after twelve months. 

KH is seen to not stagnate at a bias of 0. Whether this error is due to weak methodology 

or fault in implementation has not been investigated. For Approach 1, the mean bias and 

standard deviation fluctuate up and down between the months. The number of subsets 

decreases with increased period length, therefore large fluctuation is seen for longer 

period lengths. The fluctuation may also be influenced by seasonality. In Figure 8-2, the 

first subset starting in January. If the subsets instead start in April, July or October the 

result differs. In Figure 8-4 Approach 1 starting in January, April, July and October along 

with Approach 2 is shown for method RMA using reference MERRA 50 m.  

 

Figure 8-4: Approach 1 starting in January (magenta), April (green), July (red) and October (turquoise). 
The blue line is from Approach 2. 

Depending on starting month, Approach 1 gives different outcomes. However, the bias 

fluctuates around the result given by Approach 2. The same can be seen for the matrix 

methods, but with slightly larger fluctuations (not shown). Figure 8-5 and Figure 8-6 

show the mean bias plus minus one standard deviation using Approach 1 and Approach 

2, for method RMA using reference MERRA 50 m. The standard deviation is seen to 

decrease for longer concurrent periods. This is also true for the other methods and 

reanalysis sets (not shown) even though the specific values differ some between the 

methods and reanalysis datasets used. For grouping Approach 2, the standard deviation 

is seen to be slightly lower. In Figure 8-7 the distribution of the bias for all subsets in 

Approach 2 of length 3, 6, 12 and 15 months are shown for method RMA using 

reference MERRA 50 m. The distribution is seen to be skew, but in mean, the bias is 

approximately zero for all period lengths using RMA. Together, Figure 8-6 and Figure 

8-7 clearly illustrate that the spreading in bias decreases with increased period length. The 

outliers seen to the left in Figure 8-7 have not been investigated due to lack of time.  

Even though the subsets in Approach 2 overlap, the standard deviation and the mean 

value is seen to have the same magnitude as for the non-overlapping subsets. Hence, the 
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following conclusions can be drawn: The bias and the spreading in bias decrease with 

increased on-site measurement period.  

 

Figure 8-5: Approach 1. Mean of bias and standard deviation of bias depending on length of concurrent 
period used in MCP.  

 

 

Figure 8-6: Approach 2. Mean of bias and standard deviation of bias depending on length of concurrent 
period used in MCP. 
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Figure 8-7: Approach 2. Distribution of bias depending on length of concurrent data; 3, 6, 12 and 15 
months.  

  



33 
 

9 Seasonal variations  

There is both spatial and temporal variation in wind speed and wind direction. Two 

nearby sites can have different wind climates due to small-scale effects, such as coastal 

and orographic impacts. The predominant wind direction in Scandinavia is southwest. 

This is true also for Näsudden, but the wind direction distribution varies with season.  

The seasonal wind distributions at Näsudden for 1980 to 2002 are shown in Figure 9-1 

using wind roses.  

 

 

Figure 9-1: Wind roses showing wind distribution and wind speed at Näsudden (1980-2002) for each 
season. From the upper right corner: December-February, March-May, June-August and September-
November. The colour bands show wind speed ranges in m/s.  

From the seasonal windroses, the wind speed is seen to be stronger in winter and 

autumn than during summer. The monthly mean wind at Näsudden for 1980 to 2008 is 

shown in Figure 9-2 along with the monthly mean wind for the reanalysis datasets. It is 

clearly seen that the mean wind is weaker during summer. All reanalysis datasets are seen 

to follow the on-site measurements.  

 

Winter Spring 

Summer Autumn 
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Figure 9-2: Monthly mean wind speed at Näsudden and for the reanalysis datasets, 1980-2008. 

The influence of seasonal variations upon on-site measurements for MCP has been 

investigated. The methodology is described below.  

Like in Chapter 8, the on-site measurements are grouped into short-term subsections. 

The grouping is performed using Approach 2, but with 12-months (1-year) step in 

between each subset instead of 1 month. Subsets of 3, 6, 12 and 15 months are 

investigated. Four 3-months long subsets are chosen, one for each season, starting in 

December (DJF), March (MAM), June (JJA) and September (SON). Four 6 months 

subsets are chosen, with centre in each season – January-June (JFMAMJ), April-

September (AMJJAS), July-December (JASOND) and October-March (ONDJFM). Four 

15 months subsets are chosen, including one complete year plus one extra season; DJF, 

MAM, JJA, SON respectively. The methods RMA, KH, WW1 and WW2 have been used 

along with the reanalysis dataset MERRA 50 m when performing the MCP. The yearly 

mean bias and standard deviation of the bias for each specific period is shown in Table 

9–1. The yearly mean bias seasonal variation is also illustrated in Figure 9-3.  

The bias is seen to vary with the season the short-term subsets have their centre. The 

bias is seen to be larger for subsets centred in summer months than for those centred in 

winter months. For longer subsets, the variation between the seasonal periods decreases, 

e.g. the bias of the predicted yearly mean wind for 15 months periods is more stable than 

the bias for the 3 months long periods. 

If no systematic errors are present, the average of the bias should be zero. Systematic 

errors are in this case seen; depending on the season the short-term subsets have their 

centre. Along with the average, the standard deviation of the bias or the bias distribution 

is of interest. In Figure 9-4 the distribution of bias for RMA is shown. Less spreading is 

seen for longer subsets. Similar results, but with even larger spreading, can be seen for 

the other methods (not shown). 

The results from this chapter are further investigated in the next chapter dealing with 

complementary measurements. 
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Table 9–1: Mean and standard deviation of bias for 3, 6, 12 and 15 months long on-site measurements. 

MPC is performed using methods KH, WW1, WW2 and RMA and reference MERRA 50 m for 

concurrent period and long-term period 1980-2010. 

Concurrent 
length 

Season 
Bias [m/s] 

KH WW1 WW2 RMA 
Mean Std Mean Std Mean Std Mean Std 

3 months 

DJF 0.08 0.41 -0.07 0.40 -0.05 0.41 -0.23 0.25 

MAM 0.13 0.44 -0.09 0.43 -0.07 0.40 0.12 0.35 

JJA 0.57 0.49 0.47 0.45 0.43 0.49 0.27 0.42 

SON 0.05 0.57 -0.08 0.66 -0.11 0.61 -0.16 0.35 

6 months 

ONDJFM -0.10 0.42 -0.23 0.47 -0.20 0.46 -0.24 0.30 

JFMAMJ 0.02 0.34 -0.04 0.35 -0.04 0.31 0.05 0.26 

AMJJAS 0.27 0.47 0.23 0.44 0.20 0.45 0.20 0.36 

JASOND 0.09 0.47 0.03 0.48 0.08 0.51 -0.01 0.37 

12 months Jan-Dec 0.04 0.36 0.00 0.36 0.03 0.35 0.01 0.29 

15 months 

2 × DJF 0.00 0.33 -0.03 0.35 -0.01 0.35 -0.05 0.27 

2 × MAM 0.01 0.36 -0.04 0.37 -0.03 0.37 0.01 0.30 

2 × JJA 0.13 0.29 0.11 0.30 0.12 0.29 0.07 0.22 

2 × SON 0.02 0.34 -0.01 0.34 0.02 0.34 -0.01 0.25 

 

 

Figure 9-3: Mean bias depending on concurrent period length and the season the concurrent period has 
its centre. The mean bias is shown for the methods RMA, KH, WW1 and WW2. Long-term correction 
has been performed using the reanalysis dataset MERRA 50 m.  
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Figure 9-4: The distribution of bias for each short-term period length and season. Long-term correction 
has been performed using the method RMA and the reanalysis dataset MERRA 50 m. 
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10 Sodar as a complement to met mast 

Sodar is an abbreviation of sonic detection and ranging. The sodar unit emits acoustic 

pulses and subsequently measures the backscatter from the scattering volume to 

determine the wind speed. A number of speakers and microphones, functioning as 

transmitters and receivers are used to perform the measurements. The heights of the 

measurements are estimated by the timing of the returning echoes. Sodar systems are 

portable and can therefore easily be positioned at several different places.  

Sodar could be used as a complement to met mast to estimate the local variations of the 

wind climate within a wind farm. The influence of the short-term measurements’ length 

and the distance and correlation to the met mast has been investigated. Two years of 

high-resolution modelled data, covering an area of complex terrain, has been used in the 

analysis. 

Methodology: 

 One grid point is assumed to represent met mast 

 Various other grid points are assumed to be sodar measurements. 

 The sodar measurements are divided into short-term periods 

 A relationship between the short-term sodar measurements and concurrent met 

mast data is found using MCP 

 The relationship is used to extend the short-term data and to predict the 

complete year’s measurement  

 Bias of predicted yearly mean wind speed is used to evaluate the result  

The modelled data covers a 61 × 61 large grid of complex terrain. The data is modelled 

using COAMPS®. Initial and lateral boundary conditions are taken from the NCEP 

Global Forcasting System (GFS) final analysis. Four nested grids have been used; the 

inner has a horizontal grid resolution of 1 km. A more complete model description of 

COAMPS® may be found in Hodur (1997). Terrain following data from 100 m height 

above the ground level has been used in the study.  

The centre point is chosen to represent the met mast. 24 points of varying horizontal and 

vertical distance from the met mast are chosen to represent sodar measurements. Two 

complete years are used in the study, 2010 and 2011. The area of interest and the chosen 

grid points are shown in Figure 10-1. Information about the in total 25 grid points can be 

seen in Table 10–1.  
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Figure 10-1: Imaginary wind farm and the grid points chosen as met mast and sodar. 

 

Table 10–1: Information about the investigated grid points. The distance, height difference and 
correlation coefficient between each point and the centre point. Correlation for complete year data, 2010 
and 2011. 

grid point distance from centre 
[km] 

height diff. centre 
[m] 

r 
x [km] y [km] 2010 2011 

0 0 0 0 1.00 1.00 

0 10 10 -88.4 0.87 0.89 

10 0 10 -124.6 0.85 0.88 

0 -10 10 -9.4 0.96 0.96 

-10 0 10 -169.2 0.87 0.90 

0 5 5 28.0 0.97 0.98 

5 0 5 -92.3 0.85 0.88 

0 -5 5 -33.0 0.97 0.97 

-5 0 5 -173.7 0.85 0.85 

0 15 15 -158.5 0.85 0.86 

15 0 15 -181.0 0.79 0.84 

0 -15 15 -105.9 0.89 0.90 

-15 0 15 -216.1 0.81 0.84 

5 5 7.1 -90.1 0.89 0.90 

5 -5 7.1 -133.4 0.83 0.87 

-5 -5 7.1 -145.8 0.90 0.90 

-5 5 7.1 -209.9 0.79 0.83 

10 10 14.1 -50.3 0.92 0.92 
10 -10 14.1 -200.2 0.81 0.85 

-10 -10 14.1 -142.7 0.87 0.88 

-10 10 14.1 -184.5 0.83 0.86 

15 15 21.2 -14.8 0.88 0.90 

15 -15 21.2 -242.8 0.86 0.87 

-15 -15 21.2 -126.0 0.88 0.89 

-15 15 21.2 -189.2 0.80 0.82 
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10.1 Correlation  

The correlations between the grid point assumed to be met mast and the grid points 

assumed to be sodar are calculated for the complete years 2010 and 2011. A weak 

decrease in correlation with increased distance can be seen. A stronger linear dependence 

is seen between the correlation and the topography, the height difference between the 

met mast grid point and the sodar grid points, see Figure 10-2 and Figure 10-3. 

  

Figure 10-2: Yearly correlation between the met mast and sodar data as a function of distance. Data 
from 2010 is marked with blue crosses, and 2011 with red dots. The markers in the left corner show the 
correlation with the met mast itself.  

 

 

Figure 10-3: Yearly correlation between the met mast and sodar data as a function of height difference. 
Data from 2010 is marked with blue crosses, and 2011 with red dots. 

The area has complex terrain and the topography differ depending on angle from the 

centre point chosen to be the met mast. Four cross sections have been studied; two 

between the parallel sides and two along the diagonals of the square grid. Each cross 

section is passing through the centre point. The correlation coefficient and the height 

difference for each grid point in the cross section are shown in Figure 10-4. The distance 

between each point is approximately 5 km.  
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Figure 10-4: Correlation and topography along cross section 1-4. Correlation coefficient r year 2010 in 
blue and height difference from centre in green. The red dots mark correlation year 2011. Distance from 
centre on x-axis.  

The correlation is seen to decrease with distance but the relation with the topography is 

stronger. This was also as concluded from the figures above.  

10.2 Length of sodar measurements 

Each complete year of “measurements” has been divided in two, three and four subsets 

with three, four and six months periods respectively. The first subset for each period 

length is starting in January (January-March, January-April and January-June). To better 

study the seasonal influence, two additional six months long subsets are studied, April-

September in each year and the winter period October-March in between the two years. 

Using the linear long-term correction method RMA, a relationship between the short-

term subsets and concurrent data from the met mast grid point is found. The 

relationship is used to extend the short-term data to a complete year. All short-term 

subsets except October-March are extended to the complete year the periods were 

modelled. October-March is extended six month backwards and six month forwards 

covering October 2010 to September 2011 and April 2010 to March 2011 respectively. 

The bias of the yearly mean wind depending on correlation and period length for 2010 

and 2011 is shown to the left in Figure 10-5.  

The uncertainty is lower using a longer short-term period. The correlation is seen to be 

of importance for the uncertainty. Higher correlation of the concurrent data gives lower 

bias. The bias of the yearly variance is shown to the right in Figure 10-5. A longer short-

term period better estimates the variance and hence the wind speed distribution than 

shorter periods. As for the mean wind speed, less fluctuation is seen for concurrent 

periods of high correlation.  
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Figure 10-5: Correlation coefficient as a function of bias of yearly mean wind speed for short-term 
period of 3 (blue), 4 (red) and 6 (black) months for 2010 and 2011 on the left hand side. To the right, 
correlation coefficient as a function of bias of variance of the wind speed.   



42 
 

 

Figure 10-6: Distance (left) and topography (right) as a function of bias of yearly mean wind speed for 
short-term period of 3 (blue), 4 (red) and 6 (black) months for 2010 and 2011. 
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In Figure 10-6 the bias of the predicted climatic mean wind depending on distance and 

topography is shown. The topography is seen to be of importance for the uncertainty. 

Less absolute height difference between the concurrent data gives lower bias and 

spreading in bias. The distance is not seen to influence the uncertainty. Like in Figure 10-

5, less scatter in bias is seen for longer short-term periods.  

10.3 Seasonal variations 

The seasonal variations have been investigated. The bias depending on season of subset 

is shown for each short-term period length in Figure 10-7, Figure 10-8 and Figure 10-9 

respectively.  

The season is seen to influence the result for all studied period lengths. Winter seasons 

are generally underestimating the yearly mean wind. Summer seasons overestimate to a 

greater extent, but the fluctuations are large between the studied points. For the six 

months long short-term periods, covering summer and winter months (Jan-Jun and Jul-

Dec), the uncertainties and fluctuations are seen to be smaller. 

Similar results are seen for distance and topography (not shown). Seasonal variations 

occur independently of distance.  

The area under investigation in this study is much larger than a normal wind farm. In a 

real wind farm the distances may not be larger than 5 km. Even though modelled data 

has been used, the spreading is large and depending on season systematic errors in bias 

are seen.    
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Figure 10-7: Correlation coefficient as a function of bias of yearly mean wind speed for short-term 
period of 3 months. The season of the period is marked by colour. January-March in blue, April-June in 
red, July-September in black and October-December in green. The crosses mark data from 2010 and 
the dots data from 2011.  

 

 

Figure 10-8: Correlation coefficient as a function of bias of yearly mean wind speed for short-term 
period of 4 months. The season of the period is marked by colour. January-April in blue, May-August 
in red, September-December in black. The crosses mark data from 2010 and the dots data from 2011. 

 

Figure 10-9: Correlation coefficient as a function of bias of yearly mean wind speed for short-term 
period of 6 months. The season of the period is marked by colour. January-June in blue, April-
September in red, July-December in black and October-March in green. The crosses mark data from 
2010 and the dots data from 2011. The period October-March contains data from both 2010 and 2011. 
The short-term data of this period is extended both backwards and forward (more information may be 
found in the text).   
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11 Discussion and conclusions 

The main results of this thesis are:  

 The long-term reference should be long enough to filter out natural variability. In 

meteorology a 30-year long period is assumed to be reasonably stable.  

 The correlation coefficient plays a role in the results depending on method used. 

A high correlation does however not guarantee an accurate result and at the same 

time a low correlation does not need to mean a bad result.  

 Longer on-site measurements give long-term correction with smaller 

uncertainties. The need of complete year measurements is not seen in this report 

(e.g. 12 months long measurements are not seen to be better than 15 months).   

 Seasonality influences the results independent of period lengths. A period, long 

enough to cover both winter and summer months, is to prefer.  

Four different reanalysis datasets have been used throughout the report. Along with the 

reanalysis datasets, the long-term on-site measurements from Näsudden have been used 

serving as true answer. The reanalysis datasets with highest temporal resolution and also 

highest correlation, MERRA and WRAP, gave the smallest bias in the studies. Lowest 

uncertainties were given using MERRA Ug.  

There is a wide range of different long-term correction methods proposed in the 

literature. In this report only a few of them have been used and studied. When predicting 

the climatic mean wind, the linear regression methods are seen to perform well. By using 

non-binned methods, using all data at once, uncertainties are seen to smooth out faster. 

Methods that bin data, like the matrix methods, are sensitive to the amount of data used. 

When data every 6-hour and 12-hour were used instead of every 1-hour the result 

differed. Larger bias was found when using data every 12-hour. This was not the case for 

the linear regression methods RMA and OLS (see results in Table 7–3 and Figure 7-4). 

For the matrix methods, systematic errors were present when using reanalysis datasets 

with low temporal resolution. Hence, it is better to use a reanalysis dataset with as high 

temporal resolution as possible. The uncertainties connected to each method may be 

hard to analyse just using one site. The full potential of the matrix methods have not 

been studied in this report, as wind direction uncertainties have not been evaluated. 

Further studies are therefore to be recommended.  

The length of the on-site measurements is seen to be of importance. Longer on-site 

measurements imply lower uncertainties. The remaining uncertainties in estimated values 

are however large. To be able to quantify the uncertainties, the bias distribution is 

assumed to be normal. Hence, about 95% of the values lie within two standard 

deviations away from the mean. After one year of on-site measurements, there is a 5% 

risk that the predicted climatic mean wind is more than 0.56 m/s from the true 

(measured) climatic mean wind, when using method RMA and reference MERRA 50 m. 

After two years of measurements this uncertainty is reduced to 0.47 m/s. If comparing 

with the natural variability concluded by Nilsson et al. (2010), long-term correction 

reduces the uncertainties with about 45%. The matrix methods overestimated in general 
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the climatic mean wind if measurements of length less than nine months were used. 

When correcting one year of on-site measurements using the methods KH, WW1 or 

WW2, there is a 5% risk that the predicted mean wind is more than 0.71 m/s from the 

true climatic mean wind. Compared to the natural variability, long-term correction using 

the matrix methods reduced the uncertainties with about 30%. For all methods, lowest 

uncertainties were given using reference MERRA Ug. For RMA using MERRA Ug, the 

5% risk that the predicted deviated from the true was reduced from 0.46 m/s to 0.37 

m/s when extending the on-site measurement period from one to two years. For WW1 

and WW2 systematic underestimation was given using this reference.  

The seasonal variations have been studied both at Näsudden and in the sodar case study. 

The season of the on-site measurements is seen to influence the long-term correction 

results. Systematic errors in mean bias is seen; overestimation of climatic mean wind is 

seen to frequently occur when measurements are centred in summer months and 

underestimations are seen for measurements centred in winter months (see results for 

Näsudden in Figure 9-3 and results from the sodar study in Figure 10-7 to Figure 10-9). 

For measurement series covering both summer and winter months, for example January-

June, systematic errors are seen to be less pronounced. The systematic errors are seen to 

decrease with increased length of on-site measurements. In Figure 9-4, both seasonal 

variations and uncertainties connected to the lengths of the on-site measurements are 

illustrated using method RMA and reference MERRA 50 m. Apart from systematic error, 

the uncertainty for the short-term periods of three to six months, is in general larger for 

measurements taken during summer and autumn. This is true both for Näsudden and in 

the sodar study. For 15 months long periods at Näsudden, the uncertainties are seen to 

be smaller when the measurements are centred in summer (JJA) and autumn (SON).   

The length and season of measurements is seen to influence the result of the long-term 

correction. In the sodar study, also the correlation between the sodar and the met mast 

was seen to be of importance for the uncertainties. Less uncertainties were seen for 

correlation higher than 0.90. High correlation was in turn connected to similar 

topography of the data points. The correlation and topography are related to each other 

to a larger extent than the correlation and the distance between the data points. This 

could in part be due to that the observed wind climate on two mountaintops have more 

in common than the wind climate on a mountaintops and in a valley. In the studies using 

measurements from Näsudden, high correlations were not seen to imply accurate results 

and low correlations did not give higher uncertainties.  

Two years of data have been used in the sodar study, as data of such good resolution was 

not available for a longer period. Data from both years suggest the same result but to 

draw a firm conclusion the study should be based on more data (more sites and/or 

longer time period). As the study is based on modelled data, the data in each grid point 

depends on data in nearby grid points. Hence, the correlation between the points may be 

better than what could be expected from real measurements. But even though modelled 

data has been used, the spread in bias is large and systematic errors in bias due to season 

of measurements are clearly seen. The area under investigation in the sodar study is 

much larger than the area of a normal wind farm. In a real wind farm the distances may 
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not be larger than 5 km. However, in this study the distance is not seen to be the most 

important factor. 

Possible false trends in the reanalysis and Näsudden datasets have not been studied in 

this report. If trends are present and differ between the observation and long-term 

reference this may influence the results. The data quality may also influence the results. 

Some outliers are seen in Figure 8-7 showing the distribution of bias. The time was to 

short to be able to further investigate these. Year 1992 and 1996, the correlation between 

Näsudden and MERRA 50 m deviates from the correlation between Näsudden and the 

other reanalysis datasets. The reasons for this have not been investigated. Year 2001, 

2003 and 2004 the correlation is low for all reanalysis datasets. The data coverage at 

Näsudden is good these years and the annual variability do not differ from the other 

years. In all studies, subsets with data coverage less than 80% have been removed. 

However, it has not been taken into consideration that the data must be evenly 

distributed over the period. 

To be able to validate all methods with the same statistical measure, the bias between the 

measured and predicted climatic mean wind has been used in this report. The climatic 

mean wind is however calculated differently depending on method used. For sector 

methods the mean wind has been calculated from sectors to better correspond to the 

mean wind given by the method. The probability of each sector has been used when 

weighing the mean wind. The bias is assumed as a good metric, as over- and 

underestimations can be seen, and hence systematic errors. There is a wide range of 

available error measures. When using other measures, for example root mean square 

error (RMSE) or mean absolute prediction error (MAPE) systematic errors are not 

captured. Sector errors and distribution errors may be of interest when looking at wind 

climate.  

11.1 Future work 

In this report, the bias of the climatic mean wind has been used to verify the results. 

When it comes to wind power, not just the mean wind speed but the distribution of the 

wind speed and the wind direction are of interest. The wind direction has been used in 

the matrix methods to predict the climatic mean wind but the resulting wind directions 

and distribution uncertainties has not been studied in this report. In order to further 

validate the results of this report, seasonal variations of the distribution of wind speed 

and wind direction and how well these are predicted should be studied.  

On-site measurements from just one site have been used in the studies. In the sodar 

study two year of modelled data was used. In order to further validate the conclusions 

drawn, more sites and/or longer time periods are recommended. 
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