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This study assesses the performance of four reanalysis datasets, ERA5, NORA3, CERRA, 
and EMD WRF Europe+, by comparing them to Doppler LiDAR measurements taken at 192 
m in Riga, Latvia. The analysis focused on wind speed, wind direction, Weibull distribution, 
turbulence intensity (TI), and its diurnal variation, using multiple statistical metrics. All datas-
ets showed strong agreement with the LiDAR data, with correlation coefficients between 0.88 
and 0.90. NORA3 performed best overall, while ERA5 had the lowest systematic and relative 
errors. Wind direction exhibited larger discrepancies, likely due to differences between short-
term measurements and climatological reanalysis fields. Both CERRA and EMD underesti-
mated turbulence intensity relative to LiDAR observations. Overall, the results indicate that 
reanalysis datasets can reliably estimate hub-height wind speed but require careful validation 
for turbulence intensity and site-specific wind resource evaluations.

Keywords: Baltic Sea region, reanalysis datasets, turbulence intensity, WindCube LiDAR, 
wind energy, wind resource assessment.

1. INTRODUCTION

Accurate wind-resource characterisa-
tion is essential for the economic viability 
and structural integrity of wind energy proj-
ects. Traditionally, wind speed has been the 

main focus during site assessments, but tur-
bulence intensity (TI), a key factor influenc-
ing energy variability and structural fatigue, 
remains underrepresented in standard eval-
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uation methods [1]. This oversight matters 
because manufacturer power curves and 
Annual Energy Production (AEP) estimates 
are usually based on ideal atmospheric con-
ditions that rarely match real-world inflow 
[1], [2]. While international standards such 
as IEC 61400-1 [3] provide turbulence-
aware design frameworks, including Nor-
mal Turbulence Models (NTMs), their use 
is primarily limited to structural compliance 
rather than performance forecasting. As a 
result, the ongoing discrepancy between 
model predictions and actual turbine out-
put continues to challenge the wind energy 
industry.

Recent research has significantly reval-
ued wind farm site-selection criteria. While 
traditional methods focus on locations 
with high average wind speeds, the study 
[4] shows that such sites may be less eco-
nomically viable when turbulence levels are 
high. Increased structural loads, accelerated 
component wear, and reduced operational 
efficiency ultimately negate the benefits 
of stronger wind resources. These insights 
emphasise the importance of treating turbu-
lence intensity as a key factor in site assess-
ment, not a secondary one. To address this, 
measurement methods must be capable of 
capturing turbulence throughout the entire 
rotor-swept area. 

Study [5] indicates that for large tur-
bines (≥5 MW), hub-height measurements 
alone are inadequate; ground-based LiDAR 
is necessary to accurately map the wind field 
and turbulence across the entire rotor plane. 
This underscores LiDAR’s expanding role, 
not just for wind resource assessment, but 
also for understanding inflow conditions 
affecting turbine loading and performance.

Recent advances in atmospheric mea-
surement technologies, such as LiDAR and 
SoDAR, enable detailed characterisation of 
wind flow, including wind speed, direction, 
and turbulence intensity (TI) [6]. In par-

ticular, Doppler wind LiDAR has become 
an increasingly established tool for wind 
resource assessment, offering high temporal 
resolution and the ability to resolve verti-
cal wind profiles across the full rotor swept 
area without the logistical constraints of 
meteorological masts. In parallel, reanaly-
sis datasets, such as the ECMWF Reanaly-
sis v5 (ERA5), the Copernicus European 
Regional Reanalysis (CERRA), the Nor-
wegian Reanalysis version 3 (NORA3), 
and EMD WRF Europe+, are widely used 
for wind resource assessment due to their 
extensive spatial and temporal coverage. 
However, their coarse spatial resolution 
and reliance on parameterised turbulence 
schemes raise questions about their ability 
to accurately represent local atmospheric 
variability, particularly turbulence intensity.

Previous studies have extensively 
validated reanalysis datasets against 
observations from LiDAR systems and 
meteorological masts, as well as through 
intercomparisons among different reanaly-
sis products. In most cases, wind speed has 
been the primary evaluation metric due to 
its direct relevance to wind resource assess-
ment and energy applications. However, a 
broader range of atmospheric variables has 
also been examined to assess the overall 
performance and reliability of reanalysis 
datasets under different climatic and ter-
rain conditions. As summarised in Table 1, 
the reviewed literature employs a variety 
of validation parameters, including wind 
speed, wind direction, air temperature, 
atmospheric pressure, turbulence-related 
quantities, and derived statistical perfor-
mance metrics. This diversity of evaluation 
parameters reflects the increasing emphasis 
on comprehensive validation approaches 
that consider multiple aspects of atmo-
spheric conditions rather than relying solely 
on wind speed.
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Table 1. Literature Analysis Based on Reanalysis Models and Parameters Studied

Reanalysis model Study scope/metrics Reference

ERA5, NORA3, NEWA Wind speed profiles at 100-500 m validated against Doppler wind 
LiDAR. Including mean wind speed, bias, correlation, RMSE. [7]

ERA5, CERRA, WRF
Mean and variance of wind speed, correlation, RMSE. Validated at 
5 offshore LiDAR locations in the Dutch North Sea and the FINO3 

platform.
[8]

NORA3
Wind speed profiles validated against LiDAR.  

Mean wind speed, wind rose, Weibull distribution, correlation, AEP 
estimates.

[9]

CFSv2, ERA5, MERRA2 Mean wind speed, wind power density, Weibull distribution, AEP, 
and LCOE using the IEA-15 MW turbine. [10]

ERA5 (both atmospheric 
and wave data)

Turbulence intensity, TI expressed as a function of wind speed (U), 
height (z), wave phase velocity (cp), and atmospheric stability (z/L, 
Monin-Obukhov length) at 10 m. Compares directly against the IEC 
61400-1 (2019) TI formulation as well as ISO and other empirical 
TI models, validated against measured TI at named sites: Høvsøre, 

Horns Rev, FINO1/2/3

[11]

NORA3
Fatigue loading study with veer gradients, turbulence intensity, 

shear profiles, wave states as inputs. Consequently, damage equiva-
lent loads (DELs) on the tower, blades, and main bearings as output.

[12]

EMD-WRF, ERA5

Wind profile parameters such as shear, mean speed, and direction. 
Based on vertical wind shear, Monin-Obukhov length, and Richard-
son number as indicators, mechanical and thermal atmospheric sta-
bility was determined. All data verified with onsite measurements.

[13]

ERA5, NOW23

Wind shear and veer across the rotor layer under different stability 
regimes (Obukhov length with temperature, relative humidity, and 

pressure), statistics. Wind speed droughts, frequency and duration of 
low-output events.

[14]

Therefore, this study aims to validate 
multiple reanalysis datasets against high-
frequency LiDAR measurements using 
an extended parameter set, with particular 
emphasis on turbulence intensity, to pro-
vide a more comprehensive assessment of 
their suitability for wind energy applica-
tions in the Baltic Sea region.

This study addresses three specific 
research questions: How accurately do 

NORA3, ERA5, CERRA, and EMD WRF 
Europe+ reproduce hub-height wind speed 
distributions observed by LiDAR in a Latvian 
environment? Do reanalysis-derived turbu-
lence intensity estimates agree with high-fre-
quency LiDAR measurements, and what are 
the primary sources of discrepancy? Which 
dataset provides the most reliable representa-
tion of wind conditions for wind energy appli-
cations in the Eastern Baltic Sea region?

2. DATA AND METHODOLOGY

2.1. Reanalysis Datasets

Reanalysis datasets provide physically 
consistent reconstructions of atmospheric 
conditions by assimilating observational 

data into numerical weather prediction 
models. In this study, multiple reanalysis 
products with varying spatial and temporal 
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resolutions are used to assess their perfor-
mance against LiDAR observations. The 
selected reanalysis datasets are evaluated 
for their suitability in wind resource assess-
ment in the Baltic Sea region, with a par-
ticular focus on the Latvian environment.

The ERA5 dataset is the fifth-gener-
ation atmospheric reanalysis produced by 
the European Centre for Medium-Range 
Weather Forecasts (ECMWF).  The system 
utilises the Integrated Forecasting System 
(IFS) Cycle 41r2, incorporating a 12-hourly 
4D-Var data assimilation scheme that inte-
grates billions of historical observations 
into a physically consistent framework. 
ERA5 offers a horizontal resolution of 31 
km, an increased vertical resolution of 137 
levels, and hourly temporal outputs for all 
parameters [15].

The NORA3 dataset provides high-
resolution records of weather patterns for 
Northern Europe, using a 3 km horizontal 
grid and 65 vertical levels based on a ter-
rain-following pressure system that pro-
vides data from 10 m to 750 m. It is based 
on the non-hydrostatic, convection-permit-
ting (CP) HARMONIE-AROME model, 
which solves the fully compressible Euler 
equations [16]. 

The CERRA dataset is designed spe-
cifically for the European domain. With a 
horizontal resolution of 5.5 km it captures 
small-scale meteorological phenomena and 
complex topographical influences. The sys-
tem is built on the ALADIN-HARMONIE 

numerical weather prediction model and 
utilises a 3-hourly data assimilation cycle 
[17]. 

EMD WRF Europe+ model is spe-
cifically optimised for wind energy and 
atmospheric research across the European 
domain. By downscaling ERA5 reanaly-
sis boundary conditions using the Weather 
Research and Forecasting (WRF) model, it 
achieves a high spatial resolution of 3 km 
with hourly temporal outputs. This model-
ling framework provides a consistent verti-
cal profile of the atmosphere, offering data 
across 127 parameters and multiple heights 
up to 4,000 meters [18].

These four datasets represent a 
range of spatial resolutions and model-
ling approaches, from global reanalysis 
(ERA5) to high-resolution regional down-
scaling (NORA3, CERRA, EMD WRF 
Europe+). All datasets were retrieved from 
the WindPro software (version 4.1.292) 
METEO object for the coordinates speci-
fied in Table 1 and processed according to 
the methodology described in the following 
section. As the reanalysis datasets have dis-
crete spatial resolution, we extracted data 
from the nearest grid points to the LiDAR 
measurement site, resulting in small spatial 
mismatches between the observation loca-
tion and the model grid points. Table 2 pro-
vides approximate mismatch distances. The 
ERA5 model, with its coarser grid, exhibits 
the largest mismatch, while the EMD-WRF 
model has the closest available grid point.

Table 2. Geographic Coordinates for Reanalysis Data Extraction

Reanalysis model Longitude Latitude Distance to LiDAR
NORA3 24.192 56.980 ~0.345 km
ERA5 24.000 56.908 ~14.17 km
CERRA 24.228 56.931 ~5.545 km
EMD WRF Europe+ 24.200 56.978 ~0.301 km

To integrate the differing datasets, pro-
cessing was required to align varying struc-

tures and temporal resolutions. The study 
period was restricted to the period from 18 
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September 2025 to 1 December 2025, using 
a synchronised 1-hour interval. The study 
period of approximately 10.5 weeks covers 
only the autumn–early winter season, which 
limits the climatological representativeness 
of the results. Therefore, the findings were 
interpreted in the context of a measurement 
campaign rather than a long-term wind 
resource assessment. 

For vertical consistency, all data were 
extracted at a common height of 192 
meters. While primary parameters included 
wind speed, direction, temperature, and tur-
bulence, the latter two were not available 
across all sources. The comparative analy-
sis for temperature and turbulence was lim-
ited to the CERRA and EMD datasets. 

2.2. LiDAR Observational Data

Observation datasets used for analysis 
and comparison were obtained from a Vais-
ala WindCube LiDAR deployed in Riga 
(56°58’ 38.71”N 24°11’42.60”E) in the 
urban environment. Vertical profiles were 
measured at 18 levels from 52 to 250 m 
AGL. Below 200 m, the vertical resolution 
alternates between 8 m and 12 m. Above 
200 m, the spacing increases to 20–30 m. 
The 192 m level was selected for the pri-
mary comparison because it represented the 
upper part of the measurement range and 
was comparable to the hub heights of mod-
ern large wind turbines.

LiDAR data were collected from 18 
September 2025to 1 December 2025. Data 
were extracted at 192 m AGL, the measure-
ment level closest to the typical hub heights 
of modern multi-megawatt wind turbines. 

Wind measurements were recorded at a 
temporal resolution of approximately 1 
minute; however, to match the reanalysis 
model timestamps, data were aggregated to 
1-hour intervals. Subsequently, the reanaly-
sis and observational datasets were com-
pared at corresponding time points, and 
records with missing data were removed. 
This control procedure yielded 1720 com-
plete data points for further analysis. All 
datasets were temporally synchronized to a 
common hourly resolution prior to statisti-
cal analysis.

Quality control procedures were applied 
to the observational data. The LiDAR 
device performs automated self-assessment 
of measurements based on carrier-to-noise 
ratio (CNR) metrics, which are calibrated 
and validated by the manufacturer.

2.3. Data Processing and Analytical Methods

Model performance was evaluated 
using the Pearson correlation coefficient 
(r), coefficient of determination (R²), mean 
absolute error (MAE), root mean square 
error (RMSE), mean bias error (Bias), mean 
absolute percentage error (MAPE), Willmo-
tt’s index of agreement (d-index), and the 
standard deviation ratio (SD Ratio). These 
metrics were used to quantify the agree-
ment between LiDAR observations and the 
reanalysis datasets with respect to correla-
tion, prediction error, systematic bias, and 
variability.

Scatter plots were used to evaluate the 
relationship between measured and mod-
elled wind speeds at 192 m AGL. Wind 
roses were generated to compare the direc-
tional distribution of wind, while Weibull 
probability density functions were used to 
assess the statistical distribution of wind 
speeds. Because reanalysis products have 
inherent temporal-resolution constraints, 
this study deviates from standard recom-
mendations and uses a 1-hour averaging 
period to validate reanalysis-derived TI val-
ues.
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Wind resource assessment commonly 
follows IEC 61400-1:2019, which recom-
mends a 10-minute averaging period for 
estimating turbulence intensity. Because 
the temporal resolution of the reanalysis 
products differs from this recommendation, 
a common 1-hour averaging period was 
adopted for all datasets to ensure consistent 
comparison. A key element of IEC 61400-
1:2019 is its classification of wind turbines 
into classes and categories based on turbu-
lence characteristics to ensure safe opera-
tion. These categories are defined by the 
reference value I(ref), which represents the 
characteristic longitudinal turbulence inten-
sity at a hub-height wind speed of 15 m/s. 
The standard describes turbulence inten-
sity using the Normal Turbulence Model 
(NTM) [2].

To assess the impact of the adopted 
1-hour averaging period on turbulence 
intensity estimates, both 10-minute and 
1-hour TI values were computed from the 
LiDAR observations. The mean TI derived 
from 1-hour averages was found to be 
approximately 19 % lower than the corre-
sponding 10-minute values, consistent with 
the expected reduction in wind speed stan-
dard deviation at longer averaging intervals. 
This systematic difference should be con-
sidered when comparing LiDAR-derived TI 
with reanalysis products, as it implies that 
the true discrepancy between reanalysis and 
IEC-compliant TI estimates may be larger 
than reported in this study.

Turbulence intensity (TI) values were 
obtained directly from both the LiDAR 
observations and the reanalysis datasets. 
In the wind energy sector, TI is calculated 
from raw data by Eq. (1): 

 
(1)

This ratio of the standard deviation of 
wind speed (sigma) to the mean wind speed 
(cap U bar) over a specified time interval 
provides insight into wind variability and 
atmospheric stability conditions [19].

Wind speed is commonly calculated by 
its longitudinal, lateral, and vertical wind 
components: 

 (2)

Turbulence kinetic energy (TKE) is an 
overall measure of atmospheric turbulence 
[20]. It is directly related to the transport of 
momentum, heat, and moisture through the 
boundary layer. It is expressed by the equa-
tion: 

 (3)

TKE represents the absolute energy of 
turbulent motion, whereas TI describes the 
relative magnitude of wind-speed fluctua-
tions normalised by the mean wind speed. 
Assuming isotropic turbulence, TI can be 
related to TKE by Eq. (4).

 (4)

3. RESULTS AND DISCUSSION

To characterise the vertical structure of 
the wind field, the mean diurnal variation 
of wind speed was analysed at all available 
LiDAR measurement heights between 52 

and 192 m AGL (Fig. 1). This analysis pro-
vides the basis for understanding the evo-
lution of the vertical wind profile and the 
associated wind shear throughout the day.
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Fig. 1. Mean diurnal variation of wind speed at eight measurement heights (52–192 m AGL).

Although all levels show a similar 
temporal evolution, the diurnal cycle mag-
nitude increases markedly with height. 
Wind speeds decrease from early morn-
ing and reach a minimum around midday, 
then gradually recover during the afternoon 
and evening. The largest daily variation 
occurs at 192 m, while the weakest varia-
tion is observed at 52 m, suggesting that the 
upper part of the rotor-swept layer is more 
strongly affected by atmospheric boundary-
layer dynamics than the lower levels.

The consistent increase in wind speed 
with height throughout the day confirms the 
persistence of vertical wind shear across the 
measurement period, although the magni-
tude of the shear varies with the diurnal evo-
lution of the atmospheric boundary layer. 
To further investigate the vertical structure 
of the wind field, the diurnal variation of the 
wind shear exponent was evaluated using 
LiDAR measurements and the correspond-
ing reanalysis datasets (Fig. 2).

Fig. 2. Diurnal variation of the wind shear exponent (52–192 m AGL) derived from LiDAR observations and 
reanalysis datasets.
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Figure 2 shows the diurnal variation 
of the wind shear exponent (α) between 
52 and 192 m AGL, derived from LiDAR 
measurements and the NORA3 and ERA5 
reanalysis datasets. All datasets follow a 
similar daily pattern, with peak wind shear 
at night and early morning, and lowest val-
ues around midday. This pattern reflects 
boundary-layer development: increased 
daytime turbulence reduces the vertical 
wind-speed gradient, while stable nighttime 
conditions increase wind shear. Although 
both reanalysis datasets match the overall 
temporal trend, they consistently underesti-
mate the wind shear exponent compared to 
LiDAR data throughout the day. The great-
est gap occurs at night, with LiDAR values 
around 0.50, while NORA3 and ERA5 stay 
below 0.33 and 0.27. During the day, dif-

ferences lessen but remain, showing that 
reanalysis models underestimate the wind 
shear gradient. NORA3 aligns more closely 
with LiDAR observations than ERA5, reli-
ably capturing higher wind shear values 
across the diurnal cycle. Wind shear expo-
nent values approaching 0.50 indicate a 
strong increase in wind speed with height, 
reflecting a pronounced vertical wind-speed 
gradient under stable nocturnal atmospheric 
conditions.

Wind speed agreement between LiDAR 
observations and reanalysis datasets was 
assessed through Pearson correlation anal-
ysis at 192 m AGL. Figure 3 presents the 
resulting scatter plots, with each panel com-
paring a single reanalysis product against 
LiDAR observations and reporting the 
Pearson correlation coefficient (r).

Fig. 3. Correlation of wind speeds at 192 m between LiDAR measurements and reanalysis models.

Overall, the scatter plots demonstrate 
good agreement between LiDAR obser-

vations and all reanalysis datasets, with 
NORA3 exhibiting the tightest clustering 
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around the regression trend.
At low wind speeds (<4 m/s), all datas-

ets tend to slightly overestimate the obser-
vations. As wind speed rises, the data points 
scatter more, reflecting increased uncer-

tainty in modelling stronger winds. After 
about 17 m/s, the number of observations 
decreases, and the scatter widens, showing 
reduced model accuracy during extreme 
wind conditions.

Table 3. Statistical Error Metrics for Reanalysis Wind Speed Validation against LiDAR at 192 m AGL

Models r R² MAE RMSE Bias MAPE d-index SD Ratio
NORA3 0.90 0.78 1.08 1.42 +0.31 21.5% 0.94 1.00
ERA5 0.88 0.78 1.09 1.42 +0.01 20.8% 0.94 0.93
CERRA 0.88 0.76 1.12 1.49 +0.40 23.4% 0.93 0.95
EMD 0.89 0.70 1.30 1.67 +0.67 22.8% 0.93 1.00

Overall, all datasets performed well, 
with r values from 0.88 to 0.90 and d-index 
scores above 0.93, indicating strong agree-
ment with measurements. Considering all 
statistical indicators, NORA3 provides the 
best overall agreement with the LiDAR 
measurements, achieving the highest corre-
lation coefficient (r = 0.90), the lowest MAE 
(1.08 m/s), and an SD Ratio of 1.00. ERA5 
performs similarly in terms of RMSE while 

exhibiting the lowest Bias (+0.01 m/s) 
and MAPE (20.8 %), indicating the small-
est systematic and relative errors. CERRA 
shows slightly lower overall accuracy, 
whereas EMD reproduces the observed 
variability (SD Ratio = 1.00) but yields the 
largest prediction errors, as reflected by its 
highest RMSE (1.67 m/s) and Bias (+0.67 
m/s).

Fig. 4. Wind rose comparison between LiDAR measurements and reanalysis models at 192 m.
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Wind direction exhibits larger discrep-
ancies than wind speed among the evalu-
ated datasets. Long-term meteorological 
observations in Latvia identify south-west 
(SW) winds as the prevailing regional wind 
direction [21]. In contrast, the LiDAR mea-
surements and the reanalysis datasets reveal 
notable differences in both directional fre-
quency and overall wind distribution pat-
terns.

The short-term LiDAR observations, 
covering approximately 10.5 weeks, indi-
cate that south-south-east (SSE) is the most 
frequently occurring wind direction during 
the measurement campaign. However, all 
reanalysis products identify either south (S) 
or south-southwest (SSW) as the dominant 

direction, although with varying occur-
rence frequencies. This discrepancy likely 
reflects the fact that reanalysis models are 
optimised to reproduce broader climatolog-
ical and large-scale atmospheric tendencies 
rather than localised short-term or seasonal 
variability.

These findings suggest applying reanal-
ysis datasets with caution when assessing 
short-duration wind regimes or site-specific 
directional characteristics. Nevertheless, 
among the evaluated products, ERA5 and 
CERRA demonstrate the closest agreement 
with the LiDAR observations, showing the 
most comparable directional patterns and 
the strongest overall similarity to the mea-
sured wind rose.

Fig. 5. Weibull distribution at 192 m for LiDAR measurements and reanalysis models.

The Weibull distribution analysis indi-
cates that all reanalysis datasets reproduce 
the general wind-speed characteristics 
observed by LiDAR at 192 m (see Fig. 5). 
The peak frequency for all datasets occurs 
around 6.5–8.0 m/s, suggesting this is the 
most common wind speed range at 192 m. 
However, systematic differences remain, 
particularly in the low- and high-wind-
speed tails. NORA3 shows the closest 

overall correspondence with the measured 
distribution, while ERA5 and CERRA accu-
rately capture the dominant mid-range wind 
speeds. EMD exhibits the broadest distribu-
tion and the largest deviations at elevated 
wind speeds.

These findings indicate that although 
reanalysis products are suitable for repre-
senting long-term wind climatology, data-
set-specific biases should be considered 
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when assessing wind resource potential or 
turbine performance.

For the following comparison of TI, for 
reanalysis models pre-calculated character-
istics from windPRO software were used. 
To calculate LiDAR, Eq. (1) was used. 

LiDAR measurements recorded at 1-minute 
resolution were aggregated to 1-hour inter-
vals prior to comparison. Since NORA3 
and ERA5 provide turbulence intensity 
parameter once in two hours, both models 
were excluded from further analysis. 

Fig. 6. Turbulence intensity as a function of mean wind speed: 
A comparison of LiDAR measurements and reanalysis models.

 As shown in Fig. 6, the LiDAR mea-
surements indicate average turbulence 
intensities generally ranging from 5  % to 
15 % for wind speeds between 5 and 10 m/s, 
with occasional higher values of 15–20 %. 
This suggests moderate turbulence condi-
tions within the wind speed range most rel-
evant for turbine operation.

In contrast, the CERRA and EMD data-
sets exhibit systematically lower turbulence 
estimates, typically within the 5 % to 10 % 

range at mean wind speeds of approximately 
7 to 12 m/s. In particular, CERRA shows 
a pronounced concentration of values near 
0  % turbulence intensity at wind speeds 
between 5 and 10 m/s, which is inconsistent 
with the variability observed in the LiDAR 
measurements. As shown in Table 4, both 
CERRA and EMD exhibit negative biases 
in turbulence intensity, confirming the sys-
tematic underestimation visible in Fig. 6.

Table 4. Statistical Error Metrics for Turbulence Intensity Validation against LiDAR

Models MAE RMSE Bias

CERRA 0.099 0.132 −0.097

EMD 0.072 0.098 −0.067

The lower turbulence levels reported by 
EMD and CERRA than by LiDAR observa-
tions suggest a systematic underestimation, 
which may relate to the model’s parameteri-
sation approach but requires further inves-

tigation. This may be associated with the 
turbulence parameterisation employed by 
the reanalysis models [22]. However, fur-
ther investigation is required to determine 
the exact causes of these discrepancies.
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Fig. 7. Turbulence intensity diurnal cycle compared between LiDAR measurements and reanalysis models.

Figure 7 illustrates the diurnal varia-
tion of turbulence intensity, showing how 
wind fluctuations change throughout the 
day. Both reanalysis models and LiDAR 
observations exhibit a similar pattern, 
with turbulence increasing during daytime 
hours, rising around 09:00–10:00, and then 
decreasing after approximately 15:00 until 
stabilising between 17:00 and 20:00.

The LiDAR data indicate consistently 
higher TI values, with daytime increases 
of approximately 10 percentage points. 
Among the reanalysis products, CERRA 
shows the lowest overall TI values but 
reproduces a similar daytime increase of 
about 10 percentage points, whereas EMD 
displays the smallest daytime rise, around 
6–7 percentage points. 

These diurnal variations are closely 
linked to solar heating of the Earth’s sur-
face and the resulting atmospheric bound-
ary layer (ABL) dynamics. 

The observed positive TI bias in LiDAR 
measurements relative to all reanalysis 
products is partly attributable to the instru-
ment’s urban deployment, as none of the 
reanalysis datasets explicitly resolve urban 
surface roughness at the measurement site 
scale.

Overall, the results demonstrate that 
high-resolution regional reanalysis datas-
ets reproduce hub-height wind speed rea-
sonably well, whereas larger discrepancies 
remain for wind direction, wind shear and 
turbulence intensity.

4. CONCLUSIONS

This study evaluated the performance 
of four reanalysis datasets (NORA3, ERA5, 
CERRA, and EMD WRF Europe+) against 
WindCube LiDAR measurements at 192 m 
AGL in an urban environment. The com-
parison included wind speed, wind direc-
tion, wind-speed distribution, turbulence 

intensity, and the diurnal evolution of atmo-
spheric conditions.

The results demonstrate that all datasets 
reproduce the general wind-speed charac-
teristics with strong correlations (r = 0.88–
0.90) and high agreement (d-index ≥ 0.93). 
Among the evaluated products, NORA3 
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achieved the best overall performance, with 
the highest correlation and lowest predic-
tion error, while ERA5 showed the smallest 
systematic bias. Both datasets showed bet-
ter agreement with the LiDAR observations 
than CERRA and EMD.

The analysis further revealed that 
reanalysis datasets reproduced the overall 
diurnal evolution of wind speed and wind 
shear but systematically underestimated the 
vertical wind-speed gradient and turbulence 
intensity, particularly under stable nocturnal 
conditions. The largest discrepancies were 
observed for wind direction and turbulence 
intensity, highlighting the limitations of 
current reanalysis products in representing 

local atmospheric variability.
Overall, the results indicate that high-

resolution regional reanalysis datasets, par-
ticularly NORA3, provide a reliable basis 
for wind resource assessment at modern 
turbine hub heights. However, site-specific 
LiDAR measurements remain essential for 
accurate characterisation of wind direc-
tion, vertical wind structure, and turbulence 
intensity, especially in complex urban envi-
ronments.

Future work will focus on extended 
validation using long-term datasets cover-
ing the full annual cycle, with additional 
emphasis on wind veer and atmospheric 
stability classification.
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