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Abstract. Numerical atmospheric models are widely used as a meteorological data source when planning the locations of

new wind farms. However, before relying on model output for decision-making, it must be verified against observations. Due

to commercial restrictions on the availability of observation data, previous studies on atmospheric model validation for wind

energy applications are often limited to a single model or a small geographical region. This work performs a large-scale

validation of modelled winds at wind turbine heights from seven model datasets against data from more than 500 observation5

campaigns across Europe. Principal component analysis is used to identify spatial, diurnal, and seasonal patterns of wind speed

and direction biases. The results of the analysis show that all seven models exhibit similar spatial and temporal patterns of wind

speed bias. Models generally show a more positive wind-speed bias in the Central European Plain and a more negative bias

in mountainous regions, namely Southern Europe and the Scandinavian Mountains. Moreover, the temporal patterns of biases

also differ between these regions, and wind direction bias shows the same temporal and spatial patterns as the wind speed bias.10

We show that these wind speed and direction biases can be explained by differences in terrain height between the models and

the real world. The magnitude of the wind speed bias ranges from 0.1 to 0.9 ms−1 per 100 m of elevation difference, depending

on the season and time of day. Two WRF model simulations with different terrain source data are performed, and the modelled

winds are compared to provide more robust support for the hypothesis. The results of this work suggest that improving terrain

representation in the models can help improve their performance.15

1 Introduction

Global warming, which is primarily driven by anthropogenic greenhouse gases, is a major threat to both humans and ecosys-

tems. In 2016, 196 countries signed the Paris agreement with goals of limiting global warming to 2 ◦C, preferably 1.5 ◦C,

compared to pre-industrial levels (United Nations Climate Change (UNFCCC)). In pursuit of implementing the agreement, the

European Union has set the goal of reaching 45 % share of renewable energy by 2030. To reach the goal, wind turbines with a20

total capacity of at least 37 GW have to be installed each year (European Commission, 2023).

Wind farms are usually installed in locations with high wind resource to maximise their profits. When planning the locations

of new wind farms, it is necessary to acquire precise information about the wind climate at their potential locations. Wind
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power density is proportional to the cube of wind speed. Therefore, a small error in the wind speed estimates of 5 % can cause

an error of up to 15 % when estimating wind power production.25

Direct measurements provide the most precise information about wind conditions. While the World Meteorological Orga-

nization (WMO) observation station network is broad and uniformly covers most of the land, it provides only surface wind

observations at 10 m height, which are less useful for estimating the wind at turbine height. Measurement availability at heights

that are relevant for wind energy (between 50 and 300 m) is limited. Measurements at such heights require the use of expensive

equipment such as tall wind masts or remote sensing devices such as lidars or sodars. Moreover, to acquire a meaningful amount30

of data, the measurement campaign has to be performed for at least a year, which requires regular equipment maintenance.

During the measurement campaign, wind data is acquired only for a particular location. Additionally, wind measurements are

highly sensitive to the terrain and other obstacles in the close proximity. Therefore, a separate measurement campaign has to

be conducted at each potential wind farm location.

Numerical modelling is an alternative way to acquire information about the wind climate of a site, and it has several ad-35

vantages over direct measurements. It allows to produce spatially and temporally continuous wind data. Moreover, running

numerical models is much faster and cheaper than performing measurements. However, results of numerical models should not

be relied on without verifying that they match observations, and their limitations are well understood.

Previous studies that have verified atmospheric models against observations for wind energy applications are usually limited

to a single model, e.g. CERRA (Jourdier et al., 2023; Rouholahnejad et al., 2024), NEWA (Dörenkämper et al., 2020; Meyer40

and Gottschall, 2022), NORA3 (Solbrekke et al., 2021), or multiple models in a limited geographical region, e.g., France

(Jourdier, 2020), Sweden (Kuru, 2023; Zhi, 2023), North Sea (Cheynet et al., 2022; Spangehl et al., 2023; Kalverla et al.,

2020). It has been identified that atmosphere models have systematic issues in representing the observed wind climate. Synoptic

scale models usually have horizontal grid spacings of several tens of kilometres, cover the entire globe and are designed to

capture large-scale synoptic features such as anticyclones, cyclones and fronts. Studies have shown that due to their coarse45

resolution, synoptic scale models generally perform worse in complex terrain (Das and Baidya Roy, 2024) or near complex

coastlines (Gualtieri, 2021). To improve modelled winds in regions with complex land properties, mesoscale modelled datasets

are created by dynamically downscaling synoptic scale model output. Mesoscale models usually have horizontal grid spacings

of a few kilometres, cover only a limited area, and can capture winds on finer scales. Studies have shown that mesoscale

models outperform synoptic scale models, especially when modelling extreme winds (Solbrekke et al., 2021) or winds in50

complex terrain (Dörenkämper et al., 2020).

In this work, we perform a large-scale validation of seven atmospheric model datasets for wind energy applications. Winds

at heights relevant for wind energy from three global reanalyses and four mesoscale datasets are validated against observations

from 508 observation campaigns covering the entire Europe. The aim of the analysis is to identify key systematic differences

between modelled and observed winds and physically explain their potential causes. For this purpose, model wind speed biases55

are analysed in context with wind direction biases. Principal component analysis is used to identify the principal diurnal,

seasonal, and spatial patterns of wind speed and direction biases. We explain these wind biases by the differences in how the

terrain is represented between models and the real-world.
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Previous studies have identified that models underestimate wind speeds in complex orography (Dörenkämper et al., 2020;

Das and Baidya Roy, 2024; Winstral et al., 2016; Hu et al., 2023; Laurila et al., 2021). As complex orography generally coin-60

cides with higher elevation above sea level, wind speed bias generally shows a negative correlation with elevation. However,

the exact physical causes of the bias are still unclear. The results of this work show that the difference between model and

real-world elevation provides significantly stronger statistical explanatory power for the model bias than the real-world eleva-

tion alone. It is further shown that the elevation difference between the model and the real-world has an effect not only on the

average wind speed bias, but also on the wind direction bias and their diurnal and seasonal cycles. Two WRF model simulations65

with different terrain source data are performed, and the modelled winds are compared to provide more robust support for the

hypothesis.

Further in the work it is discussed which physical processes are potentially affected by the difference in the terrain elevation

between models and the real-world. However, regardless of the exact physical cause of the bias, the correlation between

model bias and the elevation difference between the model and the real-world suggests that improving terrain representation in70

atmospheric models has the potential to improve their performance in modelling winds.

2 Data and methods

2.1 Data

2.1.1 Model datasets

In this work, the winds from seven different model datasets were validated against the observations. This includes three global75

reanalyses: ERA5, MERRA2 and JRA-3Q and four mesoscale model datasets derived from the ERA5 reanalysis by performing

dynamical downscaling: NORA3, CERRA, NEWA, and EMD-EUR+. General information about model datasets is compiled

in Table 1.

The ERA5 (Hersbach et al., 2020) is a global reanalysis developed by the European Centre for Medium-range Weather

Forecasts (ECMWF). ERA5 is based on the Integrated Forecasting System (IFS) modelling system. It provides hourly data80

of the estimated state of the atmosphere with a resolution of 0.25◦or ≈28 km. Such resolution is one of the finest for global

reanalyses. Near surface wind data from ERA5 are available either on height levels or native model levels. Data on height

levels are limited to only 10 m and 100 m, which is fewer levels than in the case with mesoscale models. However, ERA5

data on native model levels are labelled for expert users and are used less commonly for practical applications. Therefore, for

simplicity, in this work only 10 m and 100 m winds from the ERA5 were used.85

There is a known systematic issue with winds at lower model levels in the ERA5. Jourdier (2020) has shown that 10 m, 100 m

and lower model level winds in ERA5 experience a sudden artificial drop in value at the start of the assimilation window at

9:00 UTC. Wind speeds slowly recover by the end of the assimilation window at 21:00 UTC. Downscaled mesoscale products

can potentially inherit the issue, as they use initial and boundary conditions from ERA5. While this issue is not the main focus

of the study, it was briefly examined whether or not it is inherited in downscaled mesoscale models.90
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The NEWA (Hahmann et al., 2020) is a mesoscale atmospheric dataset based on the open-source Weather Research and

Forecasting (WRF) modelling system. It has been developed as an ERANET+ project. The model is run on 27–9–3 km nested

domains, where the outer low-resolution domain provides boundary conditions for inner domains. The outer 27 km domain

covers a region beyond Europe. A total of ten different overlapping smaller 9–3 km nested domains are used to cover the region

of interest. The final dataset with 3 km grid spacing is acquired by spatially stitching together results from all ten 3 km domains95

and extends over the European Union, the United Kingdom, Norway, Switzerland, Balkans, Turkey, and nearby offshore areas.

NEWA provides output every 30 minutes. However, to match other model datasets, only data at full hours were used.

The WRF model used in NEWA is reinitialised every 7 days and run for 8 days. The first 24 hours are used as a spin-up

time, and therefore discarded. Meanwhile, the remaining 7 days contribute to the dataset. Spectral nudging to ERA5 reanalysis

is performed in the outer domain only above the planetary boundary layer. The NEWA simulations use boundary conditions100

and nudging data derived from 6-hourly ERA5 data.

The EMD-WRF EUROPE+ (or EMD-EUR+ for short) (Svenningsen et al., 2020) mesoscale dataset is developed by EMD

International A/S. It is based on the WRF modelling system and run on a single large 3 km domain without nesting that

covers the entire Europe. The model is reinitialised every 7 days and uses a spin-up time of 24 hours. Spectral nudging to the

ERA5 reanalysis is performed above the planetary boundary layer. The EMD-EUR+ simulations use boundary conditions and105

nudging data derived from hourly ERA5 data.

The CERRA (Ridal et al., 2024) is a mesoscale reanalysis developed by ECMWF. It is based on the HARMONIE-ALADIN

modelling system. It has a coarser grid spacing (5.5 km) than the other mesoscale models used. The CERRA dataset provides

atmospheric analysis using 3D-VAR data assimilation every 3 hours. Additionally, after each data assimilation, a 6-hour fore-

cast with hourly output is provided. The forecast is extended to 30 hours twice a day: at 0:00 and 12:00 UTC. Documentation110

of the dataset leaves the choice open for the user on which data to use, when constructing hourly series (Jourdier et al., 2023).

In this work, hourly series series were constructed using only forecasts with 1, 2, and 3 hour lead-times.

The NORA3 (Haakenstad et al., 2021) is a mesoscale model developed by the Norwegian Meteorological Institute. It is

based on the HARMONIE-ALADIN modelling system and has a spatial grid spacing of 3 km. While other mesoscale datasets

used in this work cover the entire Europe, NORA3 covers only the northern part of it. NORA3 is run as a hindcast, which is115

initialised every 6 hours using data from ERA5 reanalysis. The hindcast is run for 9 hours, using the first 3 hours as a spin-

up time. NORA3 assimilates only temperature and air humidity observations. The upper-air temperature, humidity, and wind

components are interpolated from the host reanalysis ERA5.

The MERRA2 (Gelaro et al., 2017) is a global reanalysis developed by the National Aeronautics and Space Administration

(NASA). MERRA2 is based on Goddard Earth Observing System (GEOS) modelling system. It provides hourly atmospheric120

data with 0.5◦× 0.625◦ resolution. Wind speeds are provided at 10 m and 50 m heights.

The JRA-3Q (Kosaka et al., 2024) is a global reanalysis developed by the Japanese Meteorological Agency (JMA) and

is based on the JMA global Numerical Weather Prediction (NWP) system. The spatial resolution of the JRA-3Q is 0.375◦.

JRA-3Q provides the analysis of the atmosphere every 6 hours. Additionally, forecast data with 3 and 6 hour lead-times are

provided. For consistency purposes, in this work, 3-hourly time series were constructed using only forecast data. The only125
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Table 1. Summary of model datasets and their characteristics.

Model Horizontal

grid spacing

Height levels used Temporal

resolution

Vertical

levels

Region Modelling system

ERA5 0.25◦ 10 m, 100 m 1 h 137 Global IFS

MERRA2 0.5◦× 0.625◦ 10 m, 50 m 1 h 72 Global GEOS

JRA-3Q 0.375◦ 8 native model levels 3 h 100 Global JMA global NWS

NORA3 3 km 50 m, 100 m, 250 m 1 h 65 Northern

Europe

Harmonie-Arome

NEWA 3 km 50 m, 75 m, 100 m,

150 m, 200 m

30 min

(1 h used)

61 Europe WRF

CERRA 5.5 km 50 m, 75 m, 100 m,

150 m, 200 m

1 h 106 Europe Harmonie-Arome

EMD-EUR+ 3 km 50 m, 75 m, 100 m,

150 m, 200 m

1 h 50 Europe WRF

height level at which JRA-3Q outputs winds is 10 m. However, JRA-3Q reanalysis provides data on 8 native model levels in

the lowest approximately 300 m of the atmosphere. Therefore, wind data on native model levels were used. As the model is

run on hybrid vertical levels, exact heights AGL of these levels differ between model time-steps and geographical locations.

Although JRA-3Q was released in 2018, studies that have assessed its performance for wind energy applications are limited

to China (Mi and Liu, 2024). This is likely due to the fact that it is only licenced for non-commercial use. However, its130

predecessor JRA55 has been widely validated for wind energy applications, e.g. Miao et al. (2020); Das and Baidya Roy

(2024). While JRA55 has generally shown poorer performance than ERA5 in modelling winds at turbine heights (Ramon

et al., 2019), JRA55 uses significantly different approaches when modelling winds than other global reanalyses. Firstly, based

on the results of Carvalho (2019); Belmonte Rivas and Stoffelen (2019), JRA55 is the only global reanalysis that did not

show systematic clockwise wind direction bias over the oceans in the Northern Hemisphere, which is a long-known issue in135

atmospheric models (Hollingsworth, 1994). Secondly, as reported by Torralba et al. (2017), JRA55 is the only global reanalysis

that assimilates surface wind speed observations over the land, which allows JRA55 to show good performance in modelling

inter-annual wind speed variation and trends on decadal timescales.

2.1.2 Observation dataset

In this work, we verify the model output against the EMD’s internal database of wind mast data. The database contains time-140

series of wind observations from wind masts and remote sensing devices since the 1980’s at different heights up to 300 m

above ground level (AGL). The database contains data from over 1000 observation locations around the globe.
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Figure 1. Region of interest and approximate number of observation locations included in the study by country. Countries are categorically

coloured based on the number of observation locations included in the study. No observation data were used from countries coloured in white

(including microstates).

This work focusses on Europe. Due to data confidentiality, exact locations of observation locations cannot be disclosed. The

region of interest and the approximate number of observation locations per country are shown in Figure 1. It should be noted

that offshore measurement campaigns were also included in the work, which are counted towards country in which exclusive145

economic zone it is located. In further figures, Kriging is used to present spatial patterns of biases, while hiding the exact

locations of observations. As this work focusses on analysing diurnal and seasonal patterns of model biases, data only form

observation campaigns that lasted longer than one year were used in the work. Observations at heights of 50 m or higher AGL

were included in the analysis. In total data from 508 observation locations were included in the work; 340 of these locations

observations were conducted at heights between 50 (including) and 100 m (excluding), 134 locations at heights between 100150

and 150 m and 34 locations at 150 m or higher. 289 observation campaigns lasted between 1 and 2 years, 118 campaigns lasted

between 2 and 3 years, 49 campaigns lasted between 3 and 4 years, and 52 campaigns lasted 4 years and more. Most of the

campaigns cover some subperiod between 2000 and 2024. Due to the different spatial and temporal coverage of the model

datasets, not all observation campaigns were verified against all model datasets.

Basic quality control of the observation data was performed. Obviously erroneous values were excluded: wind direction155

outside the range [0◦,360◦) and wind speed outside the range [0,100] m s−1. Periods with more than three consecutive 0 m s−1

wind speed measurements were excluded, as those are likely to be improperly labelled missing observations.
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The frequency of observations is either 1 hour or 10 minutes, depending on the particular observation campaign. On the

other hand, model output is provided hourly or every three hours. For comparison purposes, observed values were averaged to

the hourly resolution.160

2.2 Methods

2.2.1 Comparing models with observations

The bias metric was used to quantify the differences between the models and the observations. Bias is defined as the average

difference between modelled and observed values. For wind energy applications, accurate predictions of the wind speed are

generally assumed to be more relevant than the wind direction. However, in this work, a holistic analysis is performed and165

wind speed biases are considered in context with wind direction biases to seek their physical explanation.

The positive wind speed bias indicates that the model overestimates the wind speed, while the negative wind speed bias

indicates that the model underestimates the wind speed. As the wind direction is a circular variable, the bias metric cannot

be applied directly. To address this issue, 360◦was added to the observed wind direction when necessary to ensure that the

difference between the modelled and observed values is between -180◦and 180◦. Positive wind direction bias indicates that170

modelled winds are more clockwise than the observed ones, while negative wind direction bias indicates that modelled winds

are more anti-clockwise than the observed ones.

We analyse spatial, diurnal, and seasonal patterns of wind speed and direction biases. For this purpose, each observation

location was described by a 24×12 variables – mean differences between modelled and observed winds aggregated by the hour

of day and month of the year. In the case of the JRA-3Q reanalysis, 8×12 variables were used, since it provides an output every175

3 hours. Principal component analysis was applied to seek temporal and spatial patterns of model biases (described later).

When comparing the model with the observations, the model data from the closest horizontal grid cell to the observation

campaign location were used without considering any land properties. Vertically, data were interpolated from two adjacent

model levels above ground level to the observation height above ground level. Wind speed was interpolated using the power

law, i.e., assuming that the logarithm of wind speed is a linear function of the logarithm of the height. The wind direction was180

interpolated considering it as a unit vector and linearly interpolating its components.

When interpolating wind speeds between different heights, it should be considered that models use different methodologies

when calculating 10 m winds and winds at higher levels of the atmosphere. The 10 m wind speed is usually a diagnostic

variable and is not modelled directly. For example, in ECMWF forecasts 10 m winds are interpolated from the lowest model

level (Owens and Hewson, 2018). The roughness length of the short grass (0.03 m) which matches recommended WMO185

observation conditions is used instead of the actual roughness length of the model grid-cell. Therefore, the use of modelled

10 m winds should be generally avoided, when interpolating winds to higher levels.

To interpolate the wind speed to any given height, wind speed values at least at two different heights are needed. All

mesoscale models provide wind data at multiple heights, covering the entire range of wind mast observation heights. Therefore,

using 10 m wind speeds can be avoided. However, ERA5 provides wind speeds only on 10 m and 100 m heights, and MERRA2190
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provides wind speeds on 10 m and 50 m heights, which makes use of 10 m winds unavoidable. This should be considered when

interpreting the results from ERA5 or MERRA2.

2.2.2 Principal component analysis

Due to high maintenance costs, observation campaigns are usually kept as short as possible, usually being just over a year and

rarely exceeding three years. While such duration is usually sufficient for decision-making regarding wind farm installation, it195

might not be sufficiently long to be able to identify systematic biases of models, when comparing model output to observations

from an individual mast. In climate sciences, a 30 year period is usually used to define systematic weather patterns, i.e., climate

normals.

The motivation of the analysis is based on the assumption that the model output differs from the real-world conditions

because some physical phenomena in the model are improperly represented. Each improperly represented phenomenon con-200

tributes to the total model bias by amplifying or cancelling the effects of other phenomena. To improve future atmospheric

models, it is important to decompose the total model bias into contributions from each improperly represented physical phe-

nomenon and individually fix them.

Principal component analysis (PCA) is a statistical technique that is commonly used to identify the main patterns in large

and noisy multidimensional datasets (Jolliffe, 2002). The method considers correlations between original variables and derives205

new variables (principal components or PC for short) that are linear combinations of the original variables. New variables are

created in such a way that the first principal component (PC1) explains the maximum possible variance of the data and each

subsequent principal component (i.e., PC2, PC3, . . . ) is uncorrelated with all previous PCs while explaining the maximum

possible remaining variance of the data. Therefore, only a few of these new variables are needed to describe the main features

of the dataset. The values of the principal components describe how prominent each feature is for a particular data point. The210

principal components can be interpreted as unit vectors that describe the axes along which the data points differ from the mean

values of the dataset. The linear coefficients of each principal component are known as “loadings”, which can be interpreted as

the vector components. Previous work has successfully applied PCA to identify seasonal patterns of meteorological variables

such as wind direction (Pogumirskis et al., 2021) or temperature and precipitation (Bethere et al., 2017).

PCA is suitable for tackling the data issues described above. Firstly, it allowed to look at biases at a single observation215

location in context with other locations, therefore allowing to identify biases even if only one year of observational data was

available at the particular location. Secondly, PCA allowed to identify main features of the dataset, which made it easier to

decompose the causes of the average bias in the model into simpler components, making it easier to link them with particular

geographical locations or physical phenomena. Moreover, decomposition allows to estimate how model output would improve

if certain model issues were fixed.220

In this work, the PCA was performed separately for each model and for wind speed and wind direction. Bias at a particular

location was described by 24×12=288 (8×12=96 in the case of JRA-3Q) parameters – bias values for the particular month

or hour of the day. Lets denote the bias table at a location i as Xi. By taking the average value of the tables between all

observation locations, we can compute the average bias of the model — X̄ , which is also a 24×12 table. These bias tables
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at each observation location can be viewed as points in a 288 dimensional space centred at zero. Initially, data are defined in225

the canonical orthonormal basis where each of 288 unit vectors ej has 1 at position j and 0 at the other 287 positions. By

applying PCA a coordinate transformation is performed, which centres the coordinate axis at the mean bias X̄ and rotates the

unit vectors ej so that they match the principal components as described before. After the coordinate transformation, model

biases can be expressed in new coordinates where principal components (i.e., PC1, PC2, . . . ) are the unit vectors, “loadings”

are components of these vectors, and yi,j are the coordinates of points in the new coordinate system (known as “values” of230

principal components), where i denotes the observation location and j denotes the rank of the principal component. The bias

table at a particular location i in the new coordinates can be expressed as:

Xi = X̄ + yi,1 ·PC1 + yi,2 ·PC2 + . . .+ yi,288 ·PC288. (1)

Since principal components are ranked by the amount of information they explain, a first few principal components can explain

the main model biases. In the further analysis, it was attempted to link the most significant principal components to some235

physical phenomena that are improperly represented in models.

When performing PCA an important question to consider is whether a normalisation of initial variables is needed. In this

work a comparison between biases was performed in absolute values, i.e., in m s−1 for the wind speed bias and in degrees for

the wind direction bias. Therefore, no normalisation of the initial values was performed.

When presenting results of the PCA, normalisation of values of the principal components and loadings was performed.240

Initially loadings of a principal component are dimensionless and the sum of their squares add up to 1. The values of the

principal components are in m s−1 or degrees. However, they cannot be easily interpreted since the magnitude of those values

is affected by the number of dimensions. To provide a better physical interpretation, values of each principal component

were divided by the standard deviation of the particular principal component between observation locations, making them

dimensionless. On the other hand, loadings were multiplied by the standard deviation of the particular principal component245

between observation locations, setting their dimension to m s−1 or degrees.

After normalisation is applied, the value of the principal component describes the prominence of the bias described by that

principal component at a particular location. The standard deviation is chosen as an interpretable measure, since in the case of

the normal distribution 99.7 % of the data lie within 3 standard deviations of the mean. On the other hand, loadings describe

a characteristic magnitude of the bias in the dataset — the magnitude of the bias at a location where the value of a principal250

component is 1 standard deviation from the mean.

2.2.3 Terrain representation

Previous studies (Dörenkämper et al., 2020; Das and Baidya Roy, 2024; Winstral et al., 2016; Hu et al., 2023; Laurila et al.,

2021) have identified that the wind speed bias is more negative in complex terrain. However, a negative wind speed bias

in complex terrain can be caused by numerous different factors and these causes are still unclear. Possible causes of the bias255

include model inability to resolve small scale terrain features (Das and Baidya Roy, 2024), errors in estimating orographic drag

(Sandu et al., 2017) and errors in estimating orographic speed-up (Jiménez and Dudhia, 2012). This work attempts to provide a
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physical explanation of the negative wind speed bias in complex terrain. Our hypothesis is that the wind speed bias in complex

terrain is caused by the differences in elevation between the model and the real-world terrain. The terrain in models is spatially

aggregated, and it is a smoothed version of the real-world terrain. Therefore, the elevation of the observation location does260

not always coincide with the elevation of the model grid point. Hence, when comparing models with observations, essentially

winds over two different terrains are compared.

Differences in terrain representation between models and the real world can affect modelled winds in numerous different

ways. This work focuses on identifying model biases that are caused by the local processes. In other words, model bias at

a particular grid-point is present because the elevation of a grid-cell is different from the terrain elevation at the observation265

location. These effects can be identified by considering the correlation of model bias and elevation difference between the

model and the real-world. As the atmosphere is in continuous motion, wind biases can propagate spatially. Therefore, if the

model underestimates the winds at a particular location, it would likely underestimate the winds downwind of that location.

While this work focusses only on describing local biases caused by terrain differences, it is reasonable to assume that fixing

local model biases would improve model performance non-locally.270

To test the hypothesis, we analysed how well model bias statistically can be explained by the difference between the model

and real-world elevation versus the case where only the real-world elevation is considered. For such purpose we performed

stepwise linear regression. In the first case, only the real-world elevation was used to linearly predict values of the principal

component of model bias. In the second case, both the model and the real-word elevation were considered as predictors. The

F-test was used to evaluate whether the increase in correlation is significant when both the model and the real-world elevation275

is used to explain the model biases versus the case when only the real-world elevation is used as the explanatory variable. In

all cases, the regression coefficients for the real-world and model terrain had approximately the same magnitude and opposite

signs, indicating that bias is explained by their difference. In further work, the linear combination of model elevation and real-

world elevation, which predicts model biases using the linear regression, is referred to as the “weighted difference between

model and real-world elevation”.280

The native model elevation at the grid cell used for comparison was used as the “model elevation” variable. Elevation data

from Copernicus 3 degree-second (90 m) digital elevation model (DEM) closest to the observation location was used as the

“real-world elevation” variable.

2.2.4 WRF modelling

The results of the comparison between models and observations suggested that a significant cause of the differences between285

the modelled and observed winds is the terrain height difference between models and the real-world. To test the hypothesis, we

performed two one-year WRF model simulations using different terrain source datasets, but otherwise the same setup. One run

used GMTED2010 terrain input data at 30 s (≈900 m) resolution, while the other used 5 min (≈9 km) resolution. GMTED2010

is the default terrain dataset provided with the WRF model installation at different resolutions. The motivation for using these

two terrain datasets to test the hypothesis lies in how the terrain is represented at different resolutions.290
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In the real-world, terrain height is a continuous variable, i.e., its resolution is infinitely fine. In the Copernicus dataset used

in this work, the terrain is aggregated on a 3 degree-second grid (≈90 m resolution). In the WRF model run that uses 30 s

terrain input data, the terrain is aggregated on a 3 km grid, since the model grid is coarser than the input data. Meanwhile, in

the WRF model run that uses 5 min input data, the terrain is smoothed, since the input terrain resolution is coarser than the

model resolution.295

When observations are compared with the 3 km model, the flow over the real-world terrain is compared with the flow over

the 3 km terrain, which is a smoothed version of the real-world terrain. Similarly, when modelled winds over the 30 s terrain

are compared with modelled winds over the 5 min terrain, the flow over a detailed terrain is compared with the flow over a

smoothed version of the same terrain. An illustrative example of a topographic profile in the Copernicus dataset as well as both

WRF models is shown in Figure 2. It can be seen that in the Copernicus 3 s DEM hills are generally higher and valleys are300

generally deeper than in WRF model that uses 30 s terrain input. Similarly, in the WRF model that uses 30 s terrain input hills

are generally higher and valleys are generally deeper than in the WRF model that uses 5 min terrain input.

Models and observations generally show differences due to numerous factors. On the other hand, the two models used in

this work differ only by their terrain. Therefore, their differences are caused solely by differences in terrain representation.

The model that uses 30 s terrain is used as an analogy for the flow in the real world, i.e., with fully resolved terrain. On305

the other hand, the model that uses 5 min terrain is used as an analogy for the flow in a model, i.e., with an aggregated and

smoothed terrain. It is hypothesised that these two models show differences similar to the ones that exist between a model and

observations. When comparing models with observations, observed winds were subtracted from the modelled winds. The order

in which models were subtracted was chosen to represent the same effects as when comparing models and observations. The

output of the 30 s terrain model was subtracted from the output of the 5 min terrain model.310

Both WRF model runs were performed on a 810×1620 km domain covering Sweden, consisting of 270×540 grid cells. To

avoid domain boundary effects of the low resolution boundary conditions, 10 outer grid cells of both domains were excluded

from the comparison. Model domains, and differences in their terrain are shown in Figure 3. The average difference between

elevations in both models is 0.4 m, the maximum absolute difference is 490.2 m, and the standard deviation of differences is

35.6 m. Both models used otherwise the same WRF model setup described in Table A1. Hourly winds at 100 m height AGL315

were used for comparison, since they are close to the typical observation height for the EMD mast database. The analysis

was performed using PCA in a similar manner as that applied when comparing models with observations: each of the model

grid-points was described by 24×12 variables – average differences in mean wind speed or direction between models for the

particular hour of the day or month of the year.

Sweden was chosen as the simulated region due to several factors. First, choosing all of Europe as a domain would signifi-320

cantly increase the computational time. Second, Sweden has a diverse terrain — complex terrain in the north and simple terrain

in the south. Moreover, large areas of open sea are present. Third, the EMD mast database has a high observation coverage

of the Sweden, which allowed to verify these models against observations for future work. Due to the higher availability of

observation data, 2011 was chosen as the year for both runs.
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Figure 2. An example of a topographic profile in Copernicus 3 s DEM and both WRF models used in this work. The exact location of the

line is shown on the map in Figure 3. Terrain elevation in metres is shown on the y axis and distance along the line in kilometres is shown on

the x axis.

Figure 3. Terrain elevation height in metres and domain extent for both WRF model runs (including the buffer zone). Terrain using 5 min

resolution input data is shown on the left, terrain using 30 s resolution input data is shown in the middle and their difference is shown on the

right. The line of the topographic profile from Figure 2 is included.

3 Results325

3.1 Comparison between models and observations

The results of the principal component analysis suggest that all seven models show similar principal spatial and temporal

patterns of the wind speed and direction biases. Temporal patterns of biases in the Central European Plain differ significantly

from patterns in mountainous regions — Southern Europe and Scandinavian Mountains. The approximate boundaries of these

regions can be seen in Figure 4, which shows the spatial patterns of PC1 values of wind speed bias in the ERA5 reanalysis.330

Values of PC1 of wind speed bias and values of PC2 of wind direction bias show similar spatial patterns in all seven models.
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However, for brevity, detailed results only for the ERA5 reanalysis are presented in the main part of the paper. For other model

datasets, mean biases and loadings of principal components are included in the appendix.

The temporal patterns of the spatially averaged wind speed bias show differences depending on the dataset. In ERA5 (Fig-

ure 6, (b)) and MERRA2 the average wind speed bias is more positive during the day and more negative during the night. In335

NORA3, EMD-EUR+, CERRA, NEWA and JRA-3Q the average wind speed bias is more positive during the winter and more

negative during the summer. In NORA3, EMD-EUR+, CERRA, and JRA-3Q the bias is more negative during the day and

more positive during sunrise and sunset. In NEWA the wind speed bias is more negative during the day, and the magnitude of

the bias is significantly higher than in other models. However, NEWA shows a more positive bias only during sunset and does

not show a more positive bias during sunrise.340

The principal components describe how the temporal patterns of model biases in different observation locations differ from

the temporal pattern of the spatially averaged model bias. For example, the temporal patterns of spatially averaged wind speed

bias in ERA5 are shown in (Figure 6, (b)). The loadings of PC1 of the wind speed bias in ERA5 are shown in Figure 5,

(a). The temporal patterns of wind speed bias at a particular location can be calculated by combining the spatially averaged

temporal pattern of the model wind speed bias with the sum of the values of all principal components at that location, each345

multiplied by the corresponding principal component. PCA is performed with the goal of linking each principal component

to some improperly represented atmospheric phenomena. By setting the values of all principal components except one to

zero, it is possible to analyse how model biases in different regions are affected by the improper representation of a particular

atmospheric phenomenon. Further in the work PC1 of the wind speed bias (explains 82.5 % of variance in the wind speed bias

in the ERA5 reanalysis) and PC1 and PC2 of the wind direction bias (explain 61.1 % and 5.7 % of variance in the wind direction350

bias in the ERA5 reanalysis, respectively) are analysed. For other models, PC1 of the wind speed bias explains between 61.6 %

and 81.3 % of variance, PC1 of the wind direction bias explains between 52.4 % and 68.3 % of variance, and PC2 of the wind

direction bias explains between 3.4 % and 6.3 % of variance.

For example, if PC1 of the wind speed bias at a particular location shows a value of negative 1 standard deviation, then the

temporal patterns of bias at that location would look more similar to (Figure 6, (a)). Such temporal patterns of wind speed bias355

are characteristic for mountainous regions, where values of PC1 of the wind speed bias are more negative. In mountainous

regions, all models show overall more negative wind speed bias. Wind speed bias is more positive during the day and more

negative during the night. However, if PC1 of the wind speed bias at a particular location shows a positive value of 1 standard

deviation, then the temporal patterns of bias at that location would look more similar to (Figure 6, (c)). Such temporal patterns

of wind speed bias are characteristic to the Central European Plain, where wind speed bias is overall more positive. The bias is360

more positive during winter than during summer and more negative during the day than during the night.

Temporal patterns of spatially averaged wind direction bias show differences depending on the dataset. In EMD-EUR+,

CERRA, ERA5 (Figure 7, (b)) and MERRA2 the wind direction bias is more clockwise during the day and more anti-clockwise

during the night. In NORA3 wind direction bias is more clockwise in winter and more anti-clockwise in summer. In NEWA the

wind direction bias is more clockwise during the night and more anti-clockwise during the day. In JRA-3Q the wind direction365

bias is more clockwise closer to sunset.
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Figure 4. Spatially interpolated values of the PC1 of the wind speed bias in ERA5 reanalysis. Values are normalised by dividing a value of

PC1 at each location by the standard deviation of all PC1 values between all observation locations. Units are standard deviations above the

average.

Similarly to values of PC1 of the wind speed bias, the values of PC2 of the wind direction bias show differences between

parts of Europe – Central European Plain and mountainous regions (Figure 4). The only difference is that the sign of PC2 of

the wind direction bias is the opposite to the sign of PC1 of the wind speed bias. That is, values of PC2 of the wind direction

bias are negative in the Central European Plain and positive in the mountainous regions. Characteristic patterns of the wind370

direction patterns for these regions can be acquired by adding loadings of PC2 of the wind direction (Figure 5, (c)) multiplied

by the value of PC2 at a particular location to the spatially averaged temporal pattern of the wind direction bias. In the Central

European Plain, the values of PC2 of wind direction bias are negative. Therefore, in the Central European Plain, the temporal

patterns of the wind direction bias are closer to the ones shown in Figure 8, (a). In the Central European Plain, all models show

more clockwise wind direction bias in winter and more anticlockwise wind direction bias in summer. In mountainous regions375

PC2 of the wind direction bias shows positive values. Therefore, in mountainous regions the characteristic temporal patterns

of the wind direction bias are closer to the ones shown in Figure 8, (c). In mountainous regions, the wind direction bias is more

clockwise during the day and more anticlockwise during the night. PC2 of the wind direction bias describes only differences

in the temporal patterns of the wind direction bias, while PC1 of the wind speed bias describes both differences in temporal

patterns and the overall magnitude of the bias (more positive or negative wind speed bias).380

The overall magnitude of the wind direction bias (overall clockwise or anticlockwise wind direction bias) is described by the

PC1 of the wind direction bias. The loadings of PC1 of the wind direction bias are shown in Figure 5. Positive values of PC1

of the wind direction indicate that wind direction bias at a particular location is overall more clockwise, while negative values

indicate that the bias is overall more anticlockwise. The loadings of PC1 of the wind direction bias are different for different

months and times of the day. However, when adding (Figure 7, (c)) or subtracting (Figure 7, (a)) 1 standard deviation of values385
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Figure 5. ERA5 reanalysis and observation comparison. Loadings of the PC1 for wind speed bias (a), PC1 of wind direction bias (b) and

PC2 of wind direction bias (c). Loadings are normalised by multiplying them by the standard deviation of values of the particular principal

component between all observation locations. Units are m s−1 for wind speed and degrees for wind direction.

of PC1 of the wind direction bias to the spatially averaged wind direction bias has a much smaller effect on temporal patterns

than in the case for PC1 of the wind speed bias and PC2 of the wind direction bias.

All models show similar spatial patterns of values of PC1 of the wind direction bias. However, in contrast to PC1 of the wind

speed bias and PC2 of the wind direction bias, values of PC1 of the wind direction bias shows no clear spatial patterns (cannot

be shown due to confidentiality reasons). Values of PC1 in the same model can differ significantly even when two observation390

points are located within the same model grid-cell and in a simple terrain. The standard deviation of the average wind direction

bias between observation locations ranges between 8 and 10 degrees depending on the model. The physical interpretation of

PC1 of wind direction bias is outside the scope of this paper. However, it can possibly be caused by an improper calibration of

the reference wind direction when installing the mast or obstacles in close proximity of the observation campaign that are not

resolved in the models.395
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Figure 6. Wind speed biases (in m s−1) in ERA5 reanalysis dependent on month (y axis) and time of day (x axis). Spatially averaged bias

is shown in (b). (c) shows spatially averaged bias plus 1 standard deviation of values of the PC1 between observation locations. (a) shows

spatially averaged bias minus 1 standard deviation of values of the PC1 between observation locations.

To test the hypothesis of whether the biases are caused by differences in the terrain representation between models and

real-word, correlations between principal components and terrain variables – real-world elevation, model elevation and their

weighted difference were considered. The correlations between elevation variables and the principal components of wind speed

and direction biases are summarised in Figure 9. Since the sign of principal components is arbitrary when applying PCA to

different model datasets, correlations are multiplied by -1 when necessary to match the sign with the ERA5 as was presented400

above. For all models and all bias variables, it can be seen that the correlation becomes noticeably stronger when the elevation

difference is considered, compared to a case where only the real-world elevation is considered. The results of the F-test show

that the increase in correlation is statistically significant in all cases (P<0.05).

The ERA5 reanalysis shows the strongest correlations between elevation difference and bias variables. The correlation is

0.71 for values of PC1 of the wind speed bias and 0.41 and −0.50 for values of PC1 and PC2 of the wind direction bias,405
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Figure 7. Wind direction biases (in degrees) in the ERA5 reanalysis dependent on month (y axis) and time of day (x axis). Spatially averaged

bias is shown in (b). (c) shows spatially averaged bias plus 1 standard deviation of values of the PC1 between observation locations. (a)

shows spatially averaged bias minus 1 standard deviation of values of the PC1 between observation locations.

respectively. When elevation difference is considered, EMD-EUR+ and NEWA show the strongest increases in the correlation

versus the case when only real-world elevation is considered. For PC1 of the wind speed bias, the correlation with real-world

elevation is only −0.16 for EMD-EUR+ and −0.15 for NEWA. However, when the elevation difference is considered, the

correlation increases to 0.37 and 0.46 respectively. The correlations between real-world and model elevation are 0.93–0.94 for

global reanalyses and 0.98–0.99 for mesoscale model datasets.410

All correlations between the principal components of model biases and weighted elevation differences between model and

real-world are statistically significant at the significance level of 0.05. The smallest number of masts was used when validating

the NORA3 dataset, only 254. For 254 data points, the correlation coefficient with an absolute value greater than 0.12 is

statistically significant at the significance level of 0.05. For other datasets, the correlation threshold is even lower. When the

model elevation or the real-world elevation is considered individually, the correlation is not always statistically significant.415
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Figure 8. Wind direction biases (in degrees) in the ERA5 reanalysis dependent on month (y axis) and time of day (x axis). Spatially averaged

bias is shown in (b). (c) shows spatially averaged bias plus 1 standard deviation of values of the PC2 between observation locations. (a)

shows spatially averaged bias minus 1 standard deviation of values of the PC1 between observation locations.

While correlations between elevation difference and bias variables are statistically significant, in some cases they are weak

and cannot be used to provide a hypothesis about a potential physical cause. However, it has to be kept in mind that the

atmosphere is chaotic and model biases are caused by a lot of different physical phenomena. Therefore, if the fact of causation

can be established, low correlation implies presence of noise in the data. In that case, correlation is used to measure the strength

of the effect rather than to indicate the presence of the effect. For example, a correlation (R) of 0.3 between bias and elevation420

difference indicates that elevation difference explains 9 % of the variance (R2) in model biases. In the discussion section, it is

described which physical phenomena might theoretically cause wind biases in case when the model elevation differs from the

real-world elevation.

Lets analyse how correlations of values of PCs of wind biases and elevation difference between model and real-world can

be interpreted. The results show that, on average, if observations are performed above the model grid-cell elevation, then the425
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Figure 9. Correlations between values of principal components that describe model biases and terrain variables (x axis) for different model

datasets (y axis). WS denotes wind speed and WD denotes wind direction biases.

model underestimates the wind speed. The underestimation is stronger in winter than in summer and stronger during the night

than during the day. Additionally, the model shows overall anti-clockwise wind direction bias. The bias is more anti-clockwise

in winter than in summer and more anti-clockwise during the night than during the day. On the other hand, if observations are

performed below the model grid-cell elevation then on average the model overestimates the wind speed. The overestimation

is stronger in winter than in summer and stronger during the night than during the day. Additionally, the model shows overall430

clockwise wind direction bias. The bias is more clockwise in winter than in summer and more clockwise during the night than

during the day.

3.1.1 100 m wind speed bias in ERA5

One of the objectives of the work was to assess how 100 m wind speed bias from ERA5 is inherited in downscaled mesoscale

models. In Figure 6 it is clearly visible that there is a sharp decrease in the wind speed bias from 9:00 UTC to 10:00 UTC435

in the ERA5 reanalysis. The decrease is also visible in the data from the CERRA reanalysis. However, it is less prominent.

Meanwhile, there is no noticeable unrealistic change in the wind speed bias between 9:00 and 10:00 UTC in the plots for

NORA3, NEWA, and EMD-EUR+.

The prominence of 100 m wind speed bias in mesoscale model output can be explained by model initialisation strategies.

CERRA reanalysis assimilates observations every three hours, and in this work data with a spin-up time of only one hour are440

used. Moreover, both CERRA and ERA5 are developed by the same organisation ECMWF. Therefore, the CERRA reanalysis

is likely to be closer to the host reanalysis ERA5 than other downscaled products.

The NORA3 dataset uses a longer spin-up time of 3 hours than CERRA, which is likely to reduce the effect of bias. NEWA

and EMD-EUR+ reinitialise model once a week. Moreover, they are always initialised at 0:00 UTC, during the 21:00–9:00

UTC assimilation window, which does not experience 100 m wind speed issues in the ERA5. Therefore, these models are less445

affected by the issue. However, it has to be kept in mind that all mesoscale models use boundary conditions from ERA5, which
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are regularly updated. In addition, NEWA and EMD-EUR+ are nudged towards ERA5. Therefore, they are likely to experience

a performance drop due to the 100 m wind speed issue with ERA5, despite the issue not being directly observable in the plots

of this work.

3.2 WRF model comparison450

The results of the model comparison with observations suggested that wind speed and direction biases are correlated with the

elevation difference between the models and the real-world. Moreover, the magnitude of the bias depends on the time of day

and year. To provide a more robust support for the hypothesis, two WRF simulations using different terrain input datasets

were performed and the modelled winds were compared. It was hypothesised that these models would show differences that

are similar in nature to the differences between models and observations. When comparing two models, PCA was applied in455

a similar way as it was applied when comparing models and observations. However, instead of using only 508 observation

locations, model differences were compared in all 250×520 grid-cells.

The loadings for the PCA of the model comparison are shown in Figure 10. The loadings of PC1 of the wind speed difference

when comparing two models show similar diurnal and seasonal patterns as the loadings of PC1 of the wind speed when

comparing models with observations (Figure 5). In case for wind direction difference, there is a difference from the case when460

comparing models with observations. When comparing models with observations PC1 describes the overall magnitude of the

wind direction bias and PC2 describes diurnal and seasonal patterns of the wind direction bias. In case of comparing two

models, the loadings of PC1 of the wind direction difference show similarities to the case with the wind speed. PC1 of the

wind direction difference between models describes both the overall magnitude and the temporal patterns of the wind direction

difference. A potential explanation of such difference is that when comparing two models there is no overall wind direction465

bias caused by improper reference direction calibration or subgrid obstacles.

For both wind speed and wind direction differences, values of PC1 show similar spatial patterns (Figure 11). PC1 shows

slightly negative values over the sea and in Southern Sweden, where the terrain is simple. In northern parts of Sweden, where

the terrain is complex, PC1 shows a high contrast in values: strongly positive and strongly negative. The patterns of these

values follow the terrain. Strongly positive values are present in valleys, while strongly negative values are present on top of470

hills.

PC1 of the wind speed difference explains 75 % of the variance in wind speed differences between both WRF models.

PC1 of the wind direction difference explains 22 % of the variance in wind direction differences between both WRF model

simulations.

Similarly to observations, the principal components of the differences between two models show correlations with the475

elevation difference between these two models. Values of PC1 of the wind speed difference between models shows a 0.35

correlation with the elevation in 30 s model and 0.42 correlation with the elevation in 5 min model. When the weighted

difference between elevations is considered, the correlation increases to 0.69. Values of PC1 of the wind direction difference

between models shows a 0.05 correlation with the elevation in 30 s model and 0.12 correlation with the elevation in 5 min
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Figure 10. Model difference comparison. Loadings of the PC1 for wind speed difference (a) and wind direction difference (b) multiplied by

the standard deviation of the PC1 values between all grid-points. Units are m s−1 for wind speed and degrees for wind direction.

model. When weighted difference between elevations is considered, the correlation increases to 0.56. The correlation between480

elevation in the 30 s model and the 5 min model is greater than 0.99.

Correlations between values of principal components of model differences and elevation differences can be interpreted

similarly to the case when models and observations are compared. If the terrain elevation of a grid-cell in two models is the

same, then models on average show small differences in wind speeds and wind directions. On the other hand, if the terrain

elevation of a grid-cell differs between two models, the model in which the elevation is higher on average shows a higher wind485

speed and a more clockwise wind direction. The wind speed difference is higher in winter than in summer and higher during

the night than during the day. The difference in wind direction is more clockwise in winter than in summer and more clockwise

during the night than during the day.

By multiplying regression coefficients when explaining the bias with the elevation difference by the loadings of the principal

components, it is possible to estimate the magnitude of the bias caused by the elevation difference. The elevation difference490

of 100 m between two models creates a difference in wind speed between 0.1 m s−1 in summer during the day and 0.9 m s−1

in winter. When comparing models with observations, the elevation difference showed an effect on the wind speed bias of

approximately the same magnitude. The elevation difference of 100 m creates a difference in the wind direction between

0.4◦in summer during the day and 5.6◦in winter. However, the effects of the elevation difference on the wind direction bias

cannot be clearly isolated from the observations since there is a large contribution to the wind direction bias from improper495
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Figure 11. Values of PC1 for model differences of wind speed bias (left) and wind direction bias (right). Values are normalised by dividing

a value of PC1 at each grid-point by the standard deviation of all PC1 values between all grid-points. Units are standard deviations above the

average.

reference direction calibration or obstacles in the near proximity of the observation location. It is likely that the magnitude of

the effect is similar as in the case when comparing two models.

While loadings of main principal components and correlations with terrain for model comparison and model-observation

comparison look similar, spatial patterns of values of principal components on the first glance look different. When comparing

models and observations, values of PC1 of the wind speed bias are more positive in simple terrain and more negative in complex500

terrain. On the other hand, when comparing two models, the values of PC1 of the wind speed difference are more negative on

top of the hills, more positive inside valleys, and closer to zero in simple terrain. However, differences in spatial patterns of

the values of principal components can be explained if we consider the fact that observation campaigns are usually performed

on top of the hills. As observation campaigns are more likely to be performed on top of the hill, the strongly negative values

of PC1 of the wind speed bias are more abundant than strongly positive values when comparing models to observations in the505

complex terrain. This explains more negative values of PC1 of wind speed bias in complex terrain in observations.

4 Discussion

Differences in model biases between parts of Europe have been observed before in the NEWA and ERA5 model datasets

(Dörenkämper et al., 2020). They have shown that wind speed biases in Europe become more positive towards the north and
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more negative towards the east. Previous studies have identified that both the MERRA and MERRA2 reanalyses underestimate510

wind speeds in Northern and Southern Europe, while overestimating wind speeds in Central Europe (Staffell and Pfenninger,

2016; Monforti and Gonzalez-Aparicio, 2017). This work confirms the presence of the bias in MERRA2 and shows that the

same bias is present in the ERA5 and JRA-3Q global reanalyses. Moreover, the bias is present in mesoscale datasets which

perform dynamic downscaling. However, the magnitude of the bias is lower in mesoscale models. As spatial and temporal

patterns of biases are consistent between global and mesoscale models, biases created by use of 10 m model winds, when515

interpolating winds at different heights, were much less significant than biases of models themselves.

More negative wind speed bias and lower modelled wind speed correlation in regions with complex orography have already

been widely described in the literature before, e.g. Dörenkämper et al. (2020); Das and Baidya Roy (2024); Winstral et al.

(2016); Hu et al. (2023); Laurila et al. (2021). This has led to conclusions that models generally underestimate wind speeds in

complex terrains. However, the exact causes are still unclear. In this work, it was shown that considering the difference between520

real-world and model elevation significantly increases the correlation with bias. This leads to a possible physical explanation

of the bias – model wind speed biases in complex terrain are caused by discrepancies between how terrain is represented in

models and the real-world terrain. When observed winds are compared with the modelled winds, essentially winds over two

different terrains are compared.

When comparing observation data with model data, it was observed that the wind speed bias is more negative in complex525

terrain regions. The results of the WRF modelling provided a better understanding of spatial patterns of wind biases. Wind

speed bias is more negative (positive) if observations are performed above (below) the average model grid cell height. A

similar pattern is true for the wind direction. If observation mast is located at a higher elevation than the model grid cell, the

model is more likely to show more anti-clockwise wind direction bias, since in the Northern Hemisphere the wind direction

is more anti-clockwise higher above the surface. Observation campaigns are usually performed at the potential locations of530

future wind farms. Therefore, they are likely to be performed on top of hills rather than inside the valleys. When the terrain

is aggregated and smoothed, the elevation of the valley generally increases and the elevation of the hill generally decreases.

Therefore, the elevation of the observation campaigns is usually higher than the elevation of the corresponding model grid

cells.

The results of this work show that wind speed and direction biases in models are correlated with the elevation difference535

between the model and the real-world. The results of the comparison between models that use two different terrain datasets

show that these biases can potentially be fixed by changing how the terrain is represented in the model. However, the results of

this work do not directly provide any information on the exact underlying physical processes that cause biases. It is likely that

multiple physical processes are affected by differences in the representation of the terrain between models and the real-world.

These processes are discussed in further paragraphs.540

Since the terrain in the models is smoothed out, heights of the hills and depths of the valleys are generally underestimated

in the models. If the height of the hill is underestimated in the model, the model underestimates orographic speed-up, which

causes it to underestimate wind speeds. Errors in estimating orographic speed-up have been described as a potential cause of

wind speed bias before (Jiménez and Dudhia, 2012).
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Wind speed generally increases with height, and wind direction becomes more clockwise (in the Northern Hemisphere).545

If the height of the hill is underestimated in model, it is exposed to slower winds and more anti-clockwise wind direction.

The relationship between topographic exposure and model wind speed biases has previously been observed by Pauscher et al.

(2025). Topographic exposure is defined as the angle between the horizontal and the horizon when looking in a particular

direction. It describes how exposed to or sheltered from winds the location is. A positive exposure angle indicates that the

location is sheltered by the terrain, while a negative exposure angle indicates that it is exposed to winds.550

Differences in topographic exposure can explain why the wind speed and direction biases are lower during the day than

during the night. Assume that above the planetary boundary layer (PBL) wind flow is purely geostrophic with some wind speed

and direction. Due to the friction force, near-surface winds are slower and more anti-clockwise (in the Northern Hemisphere).

Within the PBL both wind speed and direction change continuously between these two values. If the atmosphere is more stable,

less vertical mixing occurs, and the wind speed and direction change more uniformly throughout the boundary layer. On the555

other hand, if the atmosphere is unstable and the mixing is strong, strong vertical wind gradients occur near the very surface,

and the change is slower at higher levels. Assume that an observation mast that measures wind speed at 100 m height above the

ground level is located on top of a hill, that is 50 m above the model grid cell level. In the model the mast is exposed to winds

at 100 m height, while in the real-world it is exposed to winds at 150 m height. During stable atmospheric conditions, the wind

speed and direction differences between 100 m and 150 m heights are greater than during unstable conditions. Therefore, the560

difference between model output and observations is likely to be higher during stable conditions. Differences in topographic

exposure can also explain the relationship between wind speed and wind direction biases.

Another possible cause of wind biases related to the terrain representation is differences between terrain slopes in the model

and the real-world. Spatial aggregation of the terrain generally smooths out the slopes. Differences in terrain slopes affect solar

radiation received by the surface, which affects vertical momentum transfer due to convection. If we assume that the winds at565

higher levels of the atmosphere are modelled correctly, in the Northern Hemisphere models overestimating (underestimating)

vertical transport of momentum can cause clockwise (anticlockwise) near-surface wind direction bias and positive (negative)

wind speed bias (Sandu et al., 2020).

The elevation difference between models and the real-world statistically explains wind biases locally, i.e. within the same

grid-cell. However, it has to be kept in mind that the winds in the atmosphere are in constant motion. Therefore, wind biases570

can propagate spatially, i.e. if the model underestimates winds at a certain location, it is more likely to underestimate winds at

downwind locations. The analysis of this work focused only on identifying biases caused by local terrain effects. However, it

is reasonable to assume fixing biases locally would also improve non-local biases.

In observations, for wind speed, PC1 describes both differences in magnitude and diurnal cycle of bias between different

parts of Europe. On the other hand, for the wind direction, PC1 describes differences in overall magnitude of the bias, while575

PC2 describes differences in the diurnal cycle. As values of PC1 of the wind direction bias shows no clear spatial patterns, it is

potentially caused either by the obstacles in close proximity of the observation mast or by the improperly calibrated reference

wind direction. As wind speed and direction biases are potentially related, it is possible that due to elevation differences

between model and real-world, modelled wind direction can have an overall clockwise or anti-clockwise bias. However, since
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there is a strong overall wind direction bias that is potentially caused by an improper reference direction calibration, the bias580

shows only a weak signal in the observation data. Meanwhile, when comparing two WRF model runs using different terrains,

the overall wind direction bias that is correlated with the elevation difference can be seen much more clearly.

Jiménez and Dudhia (2012) has previously noted that the WRF model overestimates wind speeds in valleys and underesti-

mates wind speeds on top of hills. The study suggested and implemented wind correction using the Laplace of the elevation,

which quantifies the difference in elevation between the corresponding and four adjacent grid cells. The Laplace of the eleva-585

tion was considered as the explanatory variable for model biases during the exploratory data analysis of this work. However,

Laplace of the elevation showed weaker explanatory power than the elevation difference. When comparing principal com-

ponents of the model difference, weighted differences in the Laplace of elevation showed correlations of 0.43 and 0.43 for

values of PC1 of wind speed and wind direction, respectively. Compared to 0.69 and 0.56 for the case when weighted elevation

difference is considered.590

Jiménez and Dudhia (2012, 2013) have noted that the model performance in modelling winds in complex terrain can be

significantly improved by choosing a more representative model grid point both horizontally and vertically. These studies

have used a subjective approach, which cannot be generalised when assessing wind resources in larger areas. Choosing the

appropriate model grid-point for representing the observation location should be physically justified. The results of this work

suggest that choosing a nearby model grid-point that better matches the observation elevation has the potential to improve the595

wind speed bias. However, it cannot be guaranteed that there exists a model grid-point that matches the observation elevation.

These studies also suggested choosing the appropriate grid-point not only horizontally, but also vertically. However, for wind

energy applications, knowledge of the entire wind profile within the lowest few hundred metres is necessary, which would

make the procedure of choice more complicated.

Microscale modelling has the potential to improve modelled winds in complex terrain. However, due to computational600

limitations, performing complete computational fluid dynamics (CFD) simulations is possible only for individual sites. For

wind resource assessment on a larger scale, the WAsP linear model has been applied by Dörenkämper et al. (2020). However,

the study has reported that the linear model largely overestimates winds in the most complex orography, since the assumptions

of the linear model do not hold. While microscale modelling can improve the bias caused by terrain representation, it has to

be kept in mind that microscale models usually cover small domains and use boundary conditions from mesoscale models.605

Therefore, improving biases related to terrain representation in mesoscale models is important for wind resource assessment

both on the mesoscale and the microscale.

5 Conclusions

In this work, a large dataset of tall-mast and remote sensing device wind observations was used to address systematic issues of

multiple atmospheric model datasets. To the authors’ knowledge, such large scale comparisons between modelled and observed610

winds at wind turbine rotor heights have not been conducted before. It was shown that all seven different atmospheric models

share the same bias when modelling wind speeds at wind turbine rotor heights. Models generally underestimate wind speeds
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in mountainous regions — Scandinavian mountains and Southern Europe, while overestimating them in the Central European

Plain. Moreover, it was shown that the diurnal and seasonal cycles of wind speed biases also differ between these parts of

Europe. It was observed that wind direction biases share the same diurnal and spatial patterns as wind speed biases.615

Both wind speed and direction bias showed a meaningful correlation with the elevation difference between the model and

the real-world. These correlations provided a potential physical explanation for these biases. Differences between modelled

and observed winds can be caused by the incomplete representation of real-world terrain in the model grid. Specifically,

model biases can be explained by considering that the height above the mean sea level at which the model outputs winds

does not directly represent the height at which observations are performed. These differences in height influence how several620

physical processes are represented in the model, which impact modelled winds. The results of this work cannot distinguish

the contribution of different physical processes to this wind bias. However, the results suggest that the bias can possibly be

improved by modifying the model terrain so that it matches the real-world terrain elevation more closely.

WRF numerical modelling was carried out to provide more robust support for the hypothesis about the cause of differences

between modelled and observed winds. Modelled winds of two one-year runs using different input terrain datasets, but oth-625

erwise the same setups were compared. The differences in winds between two different models showed similar spatial and

temporal patterns as differences between models and observations. Similarly, to observations, the principal components that

describe these patterns showed a high correlation with the differences in elevation between the datasets. However, results of

modelling provided a better understanding about biases in complex terrain. WRF modelling showed that the negative wind

speed bias is present on top of the hills and positive bias is present in valleys. Meanwhile, when compared to observations,630

models generally underestimate wind speeds in complex terrain, since observation campaigns are more likely to be conducted

on top of the hills.

Data availability. Observation data from the EMD internal mast database and EMD-EUR+ dataset are not publicly available. Data from

NORA3 model dataset is available from https://thredds.met.no/thredds/projects/nora3.html. Data from CERRA reanalysis is available from

https://cds.climate.copernicus.eu/datasets/reanalysis-cerra-height-levels. Data from ERA5 reanalysis is available from https://cds.climate.635

copernicus.eu/datasets/reanalysis-era5-single-levels. Data from MERRA2 reanalysis is available from https://disc.gsfc.nasa.gov/datasets?

project=MERRA-2. Data from NEWA model dataset is available from https://map.neweuropeanwindatlas.eu/. Data from JRA-3Q reanalysis

is available from https://gdex.ucar.edu/datasets/d640001/.
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Appendix A: WRF setup

Table A1. Setup of the WRF models used in this work.

WRF version 4.5.1.

Domain Single 810×1620 km domain centred on Sweden.

Grid 3 km grid spacing. 270×540 grid cells. 10 cell wide buffer zone at the boundary.

Vertical levels 50

Simulation length Simulation covering the entire 2011 stitching together 48 h runs with 6 h spin-up.

Terrain data GMTED2010 with 30 s and 5 min resolution

Dynamical forcing Hourly ERA5 data on surface and pressure levels

Time step 12 s

PBL scheme MYJ

Surface layer scheme Eta Similarity

Land surface model Noah

Cloud microphysics scheme Ferrier Eta

Radiation scheme RRTMG

Cumulus scheme None

Appendix B: Results of PCA for all model datasets640

Figure B1. Spatially averaged wind speed biases (in m s−1) (a) and wind direction biases (in degrees) (b) in JRA-3Q reanalysis dependent

on month (y axis) and time of day (x axis).

27

https://doi.org/10.5194/wes-2026-24
Preprint. Discussion started: 10 February 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure B2. JRA-3Q reanalysis and observation comparison. Loadings of the PC1 for wind speed bias (a), PC1 of wind direction bias (b) and

PC2 of wind direction bias (c). Multiplied by the standard deviation of values of the corresponding PC.

Figure B3. Spatially averaged wind speed biases (in m s−1) (a) and wind direction biases (in degrees) (b) in MERRA2 reanalysis dependent

on month (y axis) and time of day (x axis).

28

https://doi.org/10.5194/wes-2026-24
Preprint. Discussion started: 10 February 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure B4. MERRA2 reanalysis and observation comparison. Loadings of the PC1 for wind speed bias (a), PC1 of wind direction bias (b)

and PC2 of wind direction bias (c). Multiplied by the standard deviation of values of the corresponding PC.

Figure B5. Spatially averaged wind speed biases (in m s−1) (a) and wind direction biases (in degrees) (b) in NEWA model dataset dependent

on month (y axis) and time of day (x axis).
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Figure B6. NEWA model dataset and observation comparison. Loadings of the PC1 for wind speed bias (a), PC1 of wind direction bias (b)

and PC2 of wind direction bias (c). Multiplied by the standard deviation of values of the corresponding PC.

Figure B7. Spatially averaged wind speed biases (in m s−1) (a) and wind direction biases (in degrees) (b) in CERRA model dataset dependent

on month (y axis) and time of day (x axis).
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Figure B8. CERRA model dataset and observation comparison. Loadings of the PC1 for wind speed bias (a), PC1 of wind direction bias (b)

and PC2 of wind direction bias (c). Multiplied by the standard deviation of values of the corresponding PC.

Figure B9. Spatially averaged wind speed biases (in m s−1) (a) and wind direction biases (in degrees) (b) in NORA3 model dataset dependent

on month (y axis) and time of day (x axis).
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Figure B10. NORA3 model dataset and observation comparison. Loadings of the PC1 for wind speed bias (a), PC1 of wind direction bias

(b) and PC2 of wind direction bias (c). Multiplied by the standard deviation of values of the corresponding PC.

Figure B11. Spatially averaged wind speed biases (in m s−1) (a) and wind direction biases (in degrees) (b) in EMD-EUR+ model dataset

dependent on month (y axis) and time of day (x axis).
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Figure B12. EMD-EUR+ model dataset and observation comparison. Loadings of the PC1 for wind speed bias (a), PC1 of wind direction

bias (b) and PC2 of wind direction bias (c). Multiplied by the standard deviation of values of the corresponding PC.
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