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Abstract: This paper introduces an innovative and eco-friendly computational methodology to
assess the wind potential of a location with the aid of high-resolution simulations with a mesoscale
numerical weather prediction model (WRF), coupled with the statistical “10% sampling condition”.
The proposed methodology is tested for a location with complex terrain on the Greek island of Crete,
where moderate to strong winds prevail for most of the year. The results are promising, indicating
that this method has great potential for studying and assessing areas of interest. Adverse effects
and challenges associated with wind energy production may be mitigated with methods such as
the proposed one. Mitigating such effects should constitute the main focus and priority in research
concerning wind energy production.

Keywords: wind energy; meteorology; WRF model; statistical sampling; environmental impacts

1. Introduction

Wind energy has become crucial in sustainable power generation. Past studies [1,2]
have discussed the environmental benefits of harnessing wind power and transforming
it into electricity. Notable developments include the design of more efficient and large
wind turbines, exemplified by models like the GE Haliade-X and Vestas V162-6.0 MW.
These turbines integrate advancements in aerodynamics, materials, and control systems,
as highlighted in research studies [3-5], emphasising the pivotal role of aerodynamic
improvements in contemporary wind turbine design. Expanding offshore wind farms
also represent an essential development in the wind energy landscape, addressing land
constraints associated with onshore installations. The Dogger Bank, with 3.6 GW potential
capability, is the world’s largest offshore wind farm [6], demonstrating the scalability and
potential of offshore wind energy [7,8].

Although the current landscape of wind energy reflects a convergence of technolog-
ical breakthroughs, from advanced turbine designs to intelligent management systems,
propelling us towards a cleaner and more sustainable energy future, it is essential to com-
prehensively assess negative environmental impacts to ensure a balanced perspective [9].
Many of these impacts can be mitigated if a proper wind energy potential assessment is
carried out. Given that, some sites may be proven inadequate to be chosen for installation.
Thus, one can avoid unnecessarily impacting the environment by examining different sites
and mitigation strategies.

Assessing the suitability of a location regarding its wind energy potential requires a
systematic process that encompasses various stages ranging from meteorological analy-
sis and site characterisation to the numerical simulations using sophisticated modelling
techniques [10-15]. Computational Fluid Dynamics (CFDs) have been pivotal in simu-
lating airflow around wind turbines and farms and contributing to the development of
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wind turbine technologies by optimising blade designs, enhancing aerodynamic efficiency,
and reducing structural loads [16-19]. Moreover, real-time monitoring and predictive main-
tenance systems showcase the application of smart technologies and machine learning (ML)
algorithms in wind farm management, thus enabling early issue detection and minimising
downtime [19,20].

Assessing a site’s wind potential requires collecting meteorological data from the par-
ticular location, including wind speed and direction at various heights, to understand the
local wind climate and form the basis for subsequent analyses. This process could be expen-
sive and time-consuming since it requires sophisticated equipment and measurements over
an extended period to capture seasonal variations. Furthermore, once the meteorological
data are collected, state-of-the-art numerical models can assist in data analysis. These
models range from regional to larger scales, attempting to resolve complex interactions
between the atmosphere and the local topography, thus allowing for the prediction of
wind flow patterns and speeds [21-23]. Moreover, using advanced computational tools
enables environmental engineers to simulate the impact of wind energy installations on the
surrounding environment and optimise the layout for maximum energy yield while min-
imising adverse effects. The above models are computationally demanding to implement
because of the complex terrain, the long periods required to be studied, and the associated
computational resources required.

This paper introduces a novel methodology that provides a fast and ecologically
friendly way of assessing and evaluating a location’s wind potential through a mesoscale
numerical weather prediction (NWP) model and statistical theory. The methodology is
presented in detail and tested for a specific location, where continuous anemometric data
were available for 10 months. Directions for future research to explore the proposed
methodology further are also presented.

2. Methodology for Assessing the Wind Potential of a Location

This study introduces an innovative methodology for assessing the wind potential of a
given geographic area. The proposed approach is characterised by its ecological friendliness,
as it circumvents the need to install traditional wind measurement equipment. Moreover,
it demonstrates high efficiency by avoiding time-consuming simulations, relying instead
on a statistical principle that posits that a randomly chosen 10% sample is an adequate
representation of the entire data set (“10% sampling condition”) [24,25]. The methodology
is validated using wind measurement data collected over ten months on the island of Crete.

The proposed methodology begins with identifying a region of interest for wind
potential assessment. Subsequently, three days from each month are randomly selected,
constituting 10% of the month’s duration. This selection is grounded in the statistical
premise that this subset adequately represents the entire month.

A high-resolution NWP model is employed to simulate atmospheric conditions for
these three chosen days of the month to estimate the wind potential. The simulation results
are averaged, comprehensively representing the average wind potential for the specific
location during that month. This process is very cost-effective and eliminates the need for
extensive and time-consuming simulations.

The effectiveness of this methodology is demonstrated using recent wind measurement
data obtained over 10 months from the Greek island of Crete. Our aim is twofold: (i) to
introduce the “10% sampling condition” and demonstrate through simulations how it
works; and (ii) to present data for topography in Southern Europe, where such a study
has not been published before. A comparison between the model-generated and actual
wind measurement data is provided. Remarkable agreement between the two data sets is
observed, indicating that the proposed methodology accurately captures and represents
the wind potential of the selected location.
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2.1. Wind Measurements in Crete

The Greek island of Crete, due to its location in the eastern Mediterranean Sea and
its convoluted topography, has been the subject of many studies over the past decades
regarding its wind potential [26-30]. The first vital effort to investigate the wind potential
of Crete was presented in [31].

In particular, the northeastern region of Crete is highly important in wind energy stud-
ies since it constitutes one of the highest wind potential areas in the Eastern Mediterranean
Sea. This is demonstrated in Figure 1a, where indicative results for wind velocities are pre-
sented from the Global Wind Atlas online framework [32], where the northeastern region
of Crete displays wind velocities over 10 m/s at 100 m above ground level (agl), averaged
between the years of 2008 and 2017. Where the Global Wind Atlas (GWA) framework
was utilized, all data, information and maps were obtained from the Global Wind Atlas
version 3.3, a free, web-based application developed, owned and operated by the Technical
University of Denmark (DTU). The Global Wind Atlas version 3.3 is released in partnership
with the World Bank Group, utilizing data provided by Vortex, using funding provided by
the Energy Sector Management Assistance Program (ESMAP). For additional information
see [33]. The following section will give further details about GWA comparisons with
numerical predictions. In that region, at the site of Toplou (35°13'36” N, 26°13/33" E) at an
altitude of approximately 213 m above sea level (Figure 1b), a 30 m mast surface wind sta-
tion was installed [34] as recently as 2019. It provided continuous measurements between
March and December 2019 (Figure 2). The site was carefully chosen to be representative of
the Toplou topography and landscape, characterised by smooth hills on an extended ridge
with sharp slopes to the north towards the coastline.
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Figure 1. (a) Global Wind Atlas wind potential results for the Eastern Mediterranean Sea, where the
importance of the northeastern region of Crete is demonstrated, based on the colour scale of velocities.

The marker indicates the region. The gray colour scale indicates a lack of available velocity data.

(b) The exact location of the Toplou meteorological mast on Google Earth [35], as marked by the pin.

Figure 2. Photograph of the 30 m meteorological mast and its surrounding area at Toplou.

All measurements were made at 20 m, 28.5 m, and 30 m agl, in full compliance with
the standards set by the World Meteorological Organization (WMO) for wind energy
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assessment studies [36]. The measurements consist of 10 min time averages, each taken
from 30 sequential 20 s mean samples. The recorded wind data consists of the mean wind
velocity and direction and their standard deviations and minimum and maximum speeds
obtained from the thirty 20 s means during ten minutes. Consequently, the maximum
velocities quoted here are lower than extreme wind velocities and gusts, often lasting a few
seconds. The wind velocity is accurate to two decimal digits when expressed in m/s. At the
same time, the wind direction was measured in degrees, clockwise, from 0° (north) to 360°
and is accurate to one decimal digit. It is important to note that the minimum wind velocity
that can be measured is 0.3 m/s. It must also be noted that the weather station provided
full 10 min meteorological data, apart from wind velocities and directions, i.e., temperature,
pressure, humidity, and rainfall min, max, average and standard deviation.

2.2. Toplou Wind Statistics

An analysis of the Toplou anemometric data is presented below. Eight 45-degree
azimuthal direction sectors were used, the first centred along the geographic north with the
rest continuing clockwise, namely north (N), northeast (NE), east (E), southeast (SE), south
(S), southwest (SW), west (W), and northwest (NW). Measurements from the reference
height of 20 m agl were chosen. The 20 m agl height represents a practical trade-off for
representing free-flowing wind conditions by (a) minimising the impact of ground effects
and (b) capturing the crucial characteristics of the lower atmosphere. Wherever necessary,
some basic theoretical background is provided for better understanding.

Table 1 gives the distribution of measurements, or measurement occurrence, per wind
direction sector and month of the year. All values in this table are expressed in percentages.
In this way, we know what percentage of the wind blows from which direction during each
month. As becomes evident from Table 1, the two dominant directions are the western and
northwestern directions for each examined month. Figure 3 presents the corresponding
wind rose of all observations. We have split the velocities into five fixed bands, namely:
(a) from 0t04.99 m/s, (b) 5 to 9.99 m/s, (c) 10 to 14.99 m/s, (d) 15 to 19.99 m/s, and
(e) velocities greater than 20 m/s. It is important to note that the highest measured
velocity during the studied period was 23 m/s. Wind roses are graphical representations
of the distribution of wind directions at a specific location over a certain period. They
are commonly used in meteorology, climatology, and environmental science to visualise
prevailing wind patterns. Wind roses provide valuable insights into the frequency and
intensity of winds coming from different directions. For more information on wind roses,
please refer to [37]. The wind rose confirms that the most common direction of wind speed
was the northwestern one and, successively, the western one, making up approximately
75% of the wind direction occurrence. Moreover, wind velocities over 10 m/s appeared
for more than 40% of the examined 10-month period. A strong northwestern component
of velocities over 15 m/s may be observed. It also becomes apparent that, as we moved
towards higher velocity bands, the direction seemed more biased towards the northwestern
and western components.

Table 2 presents the mean wind velocity per direction sector and month of the year,
as well as a weighted average for the mean velocities of each month, based on the frequency
of occurrence of Table 1. A trend became obvious from the presented results (despite miss-
ing data from January and February): the wind was lower during the spring and autumn
and picked up during the summer and winter. This was expected, since it is established that
the atmospheric instability during the winter influences the wind strength [38]. Moreover,
the steadily strong Etesian winds are crucial in maintaining high wind velocities in the
Eastern Mediterranean Sea during the summer [39]. The monthly mean wind velocities
ranged from 5.4 to 12.27 m/s, and July, August, and September had mean velocities higher
than 10 m/s. The overall mean wind velocity for the Toplou site was 8.6 m/s, which, ac-
cording to the National Renewable Energy Laboratory (NREL) classification, corresponds
to a region of wind power class 7 (outstanding wind resource potential) [40]. The NREL
wind classification system is a method used to categorise wind resources based on their
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speed and consistency. This system is commonly used in wind energy assessment and site
selection for wind farms. It categorises areas into seven classes (1 being the lowest and 7
being the highest) based on the average wind speed and its variation over time.

Table 1. Measurement occurrence distributions (%) for the Toplou region at 20 m agl for the 10 months

of 2019.
N NE E SE S SW W NwW
%

March 2.76 2.46 7.24 7.62 1.39 4.26 27.31 46.98
April 222 2.15 5.39 19.33 6.48 4.38 21.25 38.80
May 3.63 1.79 5.69 16.38 473 2.083 35.058 30.65
June 1.06 0.65 243 0.49 0.02 0.12 70.05 25.19
July 0.99 0.34 1.43 2.04 0.18 0.52 54.30 40.21

August 0 0 0 0 0 0 55.60 44.40

September 0.16 0.42 2.13 1.13 0.14 0.88 26.25 68.89

October 3.18 0.90 1.37 3.09 3.38 2.89 32.26 52.93

November 3.61 1.90 3.59 26.81 14.26 11.23 21.37 17.25

December 6.47 1.88 1.81 6.16 7.89 11.67 26.28 37.84
N

00:50)
[5.0:10.0)
[10.0:15.0)
[15.0:20.0)
[20.0: inf)

1o

Figure 3. Wind rose statistics of the Toplou region at 20 m agl for the 10 months of 2019.

The cumulative density function (CDF) is widely used in studies of wind potential and
is particularly useful in wind energy calculations [41]. In the present study, the CDF was
used to represent the wind velocity variation by calculating the probability of the velocity
being equal to or larger than a certain value. For a velocity V, the CDF is given by the

following equation [42]:
k
f(V)=1—exp l— (‘c/) ] )
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The parameters c and k are the two Weibull parameters. Parameter c is a scale parame-
ter with dimensions of velocity (m/s), whereas parameter k is dimensionless and relates
to the distribution’s shape. Various methods to estimate the Weibull parameters fit the
measured frequency of wind velocity occurrence [41,43]. In this analysis, the parameters
were estimated based on the measured distribution and were found to be k = 1.91 and
c = 0.94 m/s. Figure 4 shows the CDF for the wind velocity data at 20 m agl. The CDF
drops slowly with increasing velocity, which was expected due to the high probability of
high wind velocities. For instance, velocities higher than 10 m/s occurred approximately
45% of the time.

Table 2. Mean wind velocity statistics for the Toplou region at 20 m agl for the 10 months of 2019.

N NE E SE S SW W NW  Weighted
Average
m/s

March 583 340 356  5.09 2.98 3.52 6.69 10.89 8.02
April 577 212 377 711 6.43 3.41 5.95 10.04 7.48
May 276 284 378 701 6.74 4.17 6.72 6.58 6.29
June 1.84 209 418 3.26 3.12 2.28 10.43 8.97 9.72

July 338 279 546 598 1.93 3.31 10.57 10.68 10.30

August 0 0 0 0 0 0 11.75 12.92 12.27

September  3.00 188 317  3.80 1.85 1.54 8.73 12.65 11.14
October 317 200 262 345 5.93 4.51 7.43 9.23 7.87
November 315 207 4.01 6.87 5.88 4.53 4.49 5.52 5.40
December 636 259 205 514 4.66 4.96 6.21 10.87 7.51

Average 8.60

Percent of Occurrence (%)

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Velocity (m/s)

Figure 4. Cumulative distribution function of measured wind velocities at 20 m agl for the 10 months
of 2019.

The wind power density, i.e., wind energy per unit area and time, constitutes an index
for assessing wind potential. It is often used in conjunction with the mean annual velocity to
define a region’s Wind Energy Class (i.e., on a scale from 1-7, its ability for generating wind
energy based on its wind resource potential) [44]. In this analysis, the mean power density
Py, over a time interval with N measurements was computed from the expression [45]

N
4
P, = ﬁ 1:21 VA1 +3(Iy)?], ()
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where p, is the air density, which decreases with altitude, V; is the i-th measured velocity,
(Iy); is the wind velocity turbulence intensity, and N is the number of measurements.
Using the above expression and taking p, to decrease exponentially (which is valid for an
isothermal atmosphere [45]), i.e.,

Pa = poexp<—z) , 3)

where p, = 1.27 kg/m3 at sea level,  is the site altitude in km and H the lower atmosphere
scale height (that is equal approximately to 8§ km), we obtain Table 3 for wind power density.
It is important to note that, in this calculation, we have also included the turbulent fluctu-

2
ation contribution in wind velocity which is represented by the term 3(Iy)? = 3 [%} ;

(0v); is the measured standard deviation of the wind velocity [46]. The contribution of this
term, however, was of the order of 2% to 3%, i.e., rather small. Table 3 presents the mean
power density in W/m? per direction sector and month of the year for all available data.
It is important to note that, in the direction sectors where no wind velocity was observed,
the power density is taken as zero. The annual mean was 758 W/m? for Toplou at 20 m
agl and, according to the International Electrotechnical Commission’s (IEC) classification,
corresponds to a region of Wind Energy Class 6 (on a scale from 1-7, excellent wind re-
source potential) [44]. This confirms the region around Toplou as a highly promising region
regarding wind energy exploitation.

Table 3. Power density averages (W/m?) for the Toplou region at 20 m agl for the 10 months of 2019.
All numbers have been rounded up to the nearest integer.

Month N NE E SE S SW w NW Weighted
Average
March 452 160 57 180 34 78 394 1307 759
April 692 14 60 457 423 65 267 1045 600
May 22 24 52 424 330 95 285 320 289
June 6 11 71 38 20 15 938 752 848
July 31 15 168 247 7 60 1007 1029 9689
August 0 0 0 0 0 0 1195 1575 1364
September 22 8 28 50 6 7 745 1637 1325
October 38 20 25 70 349 125 434 754 558
November 40 14 75 296 255 116 91 169 182
December 517 30 15 228 177 231 333 1335 682

Average 758

2.3. NWP Model Predictions

This section presents results for the wind field in the region of interest, obtained from
high-resolution simulations using the Weather Research and Forecasting (WRF) numerical
model. The main objective of this analysis is to examine the validity of the statistical “10%
sampling condition”. After randomly choosing [47] three days of each month for the period
March 2019-December 2019 (which represents 10% of the month), we compared wind
statistics, that is, the velocity and direction of the wind, with the overall station data (100%
of the month). It is important to note that the results for velocities from the WRF were
obtained at 10 m agl and had to be extrapolated to 20m agl to match the station data.
For this reason, the appropriate equations will be given and discussed.

The WRF model [48] represents a cutting-edge regional- to global-scale NWP model,
extensively utilised for operational forecasting and academic research worldwide. It is
configurable in serial, parallel (MPI), and mixed-mode (OpenMP and MPI) forms, tailored
for optimal performance on massively parallel computers [49]. The WRF was chosen as the
appropriate model since it has been extensively validated over the years and constitutes
one of the most robust and reliable NWP models [50-54]. In recent years, attempts to utilise
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the WREF, coupled with or without CFD models, for the study of wind potential can be
found in the literature [55-61]. However, none of these works have attempted to go below
500 m spatial resolution and, to the best of our knowledge, no research has attempted to
utilise and test the validity of the “10% sampling condition” for the study of wind potential.
Both points are considered for the first time in this paper.

In this study, WRF Version 4.1.3 [48] was utilised. All simulations were conducted
carefully, employing state-of-the-art numerical algorithms with strict convergence criteria
to solve prognostic and diagnostic equations on a high-resolution grid to ensure error
minimisation during the solution process [62]. These simulations were performed on the
TYPHOON High-Performance Computing (HPC) Cluster of the Department of Mathemat-
ics and Applied Mathematics of the University of Crete. The system comprises a Fujitsu
blade cluster featuring 12 Intel Xeon E5-2430 @ 2.2 GHz CPUs (Intel Corporation, Intel
Corporation, Ireland, Ireland). Each blade accommodates a pair of CPUs with 16 GB RAM
and a 146 GB SAS hard drive (Seagate, Penang, Malaysia). Optimal results were achieved
through a distributed-memory parallelism (dmpar) build, leveraging MPI. Because of the
cluster’s modest size, a hybrid build with shared-memory parallelism (smpar, i.e., dm-
par+smpar) was employed in all reported runs. Hyper-threading was deactivated, as it
contributed only marginally or negligibly to computing performance improvement.

NCEP-FNL 6-hourly data of 0.25° x 0.25° spatial resolution were used to determine
the initial and boundary conditions of the model [63]. These are data from terrestrial
meteorological stations, marine observations, satellite data, etc., supplemented by GFS
climatic framework data for regions where no observations were readily available. Also,
for the most accurate description and analysis of the phenomena in the region of Crete,
nested domains were considered, where information exchange occurred between them,
to minimise the dependence of the smallest domain (where the results were derived
from) on the boundary conditions that were very much apart, both in space and time.
Nesting is a standard technique employed to refine the spatial resolution of simulations
in specific regions of interest within a larger domain. This technique allows for more
detailed modelling of phenomena in areas requiring higher resolution while still utilising
coarser resolutions in surrounding regions to conserve computational resources [64]. The
largest domain (domain 1), which included most of Western Europe, had a horizontal
grid size of 10.8 km. Domain 2, representing the Balkans, had a horizontal grid size of
3.6 km. Domain 3, which represented Crete, had a horizontal grid size of 1.2 km. Finally,
the smallest domain (domain 4), representing Central and Eastern Crete, had a horizontal
grid size of 400 m. This is believed to be the smallest size recorded in the literature for
this application. To be able to resolve the complex topography of the region, a Digital
Elevation Model (DEM) of 60 m spatial resolution [65] was employed for the two finer grids
(domains 3 and 4). The four domains, from coarsest to finest, are presented in Figure 5.

All modelling domains had 50 layers in the vertical dimension, with the model top
being set at 50 hPa. The model was run with a variable time step, which was not allowed
to exceed 180 s for the coarsest domain. Appropriate physical parametrisations, based on
previous experience [65], were invoked to represent the correct physics with regards to
radiation, convection, microphysical, and planetary boundary layer processes. For more
details on the numerical schemes, please see [48]. Convection schemes were turned off
for the two smallest domains since the microphysics resolved convection [66]. For each
simulation, there was an allowance for 12 h of model spin-up time [67]. The CPU time was
a 36 h simulation (one full day plus 12 h of spin-up) on the TYPHOON HPC cluster for
the four nested domains in the order of 10 min, indicating the proposed methodology’s
computational efficiency.
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Figure 5. The four WRF nested domains, from coarsest to finest: (a) domain 1, horizontal resolution:
10.8 km x 10.8 km; (b) domain 2, horizontal resolution: 3.6 km x 3.6 km; (c) domain 3, horizontal
resolution: 1.2 km x 1.2 km; and (d) domain 4, horizontal resolution: 400 m x 400 m. Different
colours represent different heights from sea level, with darker colours indicating higher altitudes.

Wind velocity and direction every 10 min were taken as output from the WRF model.
However, the velocity at which the model output was 10 m agl. Since this was the closest to
the first observation level, all analyses and comparisons were performed by extrapolating
velocity from 10 m to 20 m agl, where wind direction was assumed to be unaltered, as has
been found in the literature (see, e.g., [68]). The velocity was extrapolated to 20 m by using
the logarithmic law [69]

In(z/z,)
=V In(h/z0) (4)

The velocity V; is at height z, given that the velocity V}, at height h is known. This law
is used in wind energy studies under conditions of neutral atmospheric stability and is
valid for wind velocities ranging from 1 m/s up to 30 m/s, a range which does not include
extreme phenomena, such as hurricanes, tornadoes, etc. (see, e.g., [70]). The parameter z,
in the equation is called roughness length and may be calculated from the raw velocity
data using the following equation [71]:

Vz

1
IV:W/ (5)

where Iy is the turbulence intensity and can be calculated through velocity measurements
and their standard deviations (see Section 2.1). The roughness length is a parameter entering
the wind flow equation in the atmospheric boundary layer, where friction forces affect
the wind field and its variation with height. The roughness length represents the height
above the surface at which the wind speed is zero [70]. Table 4 presents the roughness
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length, as was calculated through the use of the entire data set for every month and for each
direction sector; the last column presents weighted averages (depending on the frequency
of occurrence from Table 1). A lower roughness length implies less exchange between the
surface and the atmosphere and stronger wind near the ground. In the direction sectors
where no wind velocities were recorded, the roughness length was taken as 0, indicating
that these directions do not contribute to overall wind power production. The respective
values for each direction sector were utilised to extrapolate the velocities from 10 m to 20 m.

Table 4. Roughness lengths for the Toplou region at 20 m agl for the 10 months of 2019.

N NE E SE S SW \ NwW Weighted
Average
cm
March 3061 2394 1430 1356  41.85 30.10 4.38 2.39 7.68
April 3849 49.76 2044 9.1 26.52 24.59 8.98 4.57 11.34
May 4510 4548 1656 9.27 35.98 61.61 4519 5.86 11.28
June 39.85 5620 19.72 26.15 1.09 57.02 0.27 3.26 247
July 2315 678 678 3.71 68.57 4141 0.25 1.04 1.32
August 0 0 0 0 0 0 0.09 0.26 0.16
September  34.56 12935 30.68 33.83  10.05 32.60 0.77 0.46 2.46
October 3238 9144 70.12 5116 41.16 70.11 4.24 241 10.45
November 21.69 34.18 19.27 6.54 21.18 22.30 10.99 10.04 13.48
December 2516 53.39 84.88 28.84  28.85 31.42 8.33 5.44 16.14

Average 7.68

Tables 5 and 6 provide the frequency of occurrence per direction sector and month
and the mean wind velocity per month and direction, as calculated from the WRF model.
Eight wind direction sectors were selected to compare with the observations. The velocity
was extrapolated to 20 m agl, as explained earlier; however, the directions from the WRF
were taken from 10 m, as it was assumed that no significant change in wind direction
would result between 10 and 20 m above ground in an open area, such as the one in which
the meteorological mast was situated [68]. As evident from Table 5, the two dominant
directions are, again, the western and northwestern ones. However, the results of the WRF
model indicate that the western component seemed to be the most dominant of the two.
This is confirmed by the corresponding wind (Figure 6, where the velocities were again
split into five fixed bands), with the W and SW components making up approximately 75%
of the wind direction occurrence. Once more, wind velocities over 10 m/s are present for
more than 40% of the examined 10-month period. It also becomes apparent that, as we
move towards higher velocity bands, the direction seems more biased towards the western
and northwestern components. Table 5 indicates a stronger bias towards these components
than the measurements. Table 6 repeats the trend of the measurements, whereby the
wind is lower during the spring and autumn and picks up during the summer and winter.
The monthly mean wind velocities range from 6.22 to 13.45 m/s, with four months (March,
June, August, and September) predicted to have mean velocities higher than 10 m/s.
The overall mean wind velocity for the Toplou site was predicted to be 9.83 m/s.

Table 7 presents the predicted wind power density results for the different direction
sectors for all months, following the equations given in the previous section. A weighted
average, based on the frequency of occurrence given in Table 5, is also given for every month.
It is important to note that the power density is zero in the direction sectors where no
wind velocity was detected. The mean wind power density was predicted to be 910 W/m?,
a high value which asserts that the Toplou region is of high anemological interest.
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Figure 6. Wind rose statistics of the Toplou region at 20 m agl for the 10 months of 2019 from the
WRF model results.

Table 5. WRF wind velocity occurrence distributions for the Toplou region at 10 m height for the

10 months of 2019.
N NE E SE S SW W NwW
%

March 13.33 0 0 0 0 0 8.28 78.39
April 0.69 0.23 6.21 2.53 0 5.06 49.43 35.86
May 0.69 2.07 4.37 23.45 24.83 14.02 25.75 4.83
June 0 0 0 0 0 0 95.63 4.37
July 0.69 0.92 1.38 0 0 5.98 67.59 23.45
August 0 0 0 0 0 0 75.63 24.37
September 0 0 0 0 0 0 71.26 28.74
October 0 0 0 0 0.23 8.76 70.97 20.05
November 0.23 0 2.07 32.18 16.78 17.47 11.49 19.77
December 14.25 0 0 0 0 3.45 22.07 60.23
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Table 6. WRF mean wind velocity statistics for the Toplou region extrapolated at 20 m agl for the
10 months of 2019.

N NE E SE S SW W NW Weighted
Average
m/s
March 17.62 0 0 0 0 0 11.65 12.93 13.45
April 328 127 452  6.09 0 2.98 7.53 12.01 8.64
May 248 150 459 792 9.73 8.79 7.73 4.03 7.94
June 0 0 0 0 0 0 11.54 12.35 11.58
July 239 277 311 0 0 5.69 10.65 7.58 9.40
August 0 0 0 0 0 0 12.45 11.58 12.23
September 0 0 0 0 0 0 13.66 12.58 13.34
October 0 0 0 0 5.26 391 791 3.34 6.63
November  2.98 0 562  6.65 3.97 6.56 5.87 7.45 6.22
December 9.93 0 0 0 0 4.28 6.45 9.76 8.86

Average 9.83

Table 7. Power density averages (W/m?) for the Toplou region at 20 m agl for the 10 months of 2019,
as calculated through the use of the extrapolated WRF velocities. All numbers have been rounded up
to the nearest integer.

Month N NE E SE S SW W NW Weighted
Average
March 2133 0 0 0 0 0 1053 1579 1593
April 60 4 117 312 0 38 467 1497 768
May 28 5 134 520 793 745 512 78 550
June 0 0 0 0 0 0 1026 1517 982
July 19 24 30 0 0 240 1030 470 810
August 0 0 0 0 0 0 1524 1025 1399
September 0 0 0 0 0 0 1676 1565 1643
October 0 0 0 0 190 54 438 65 328
November 35 0 204 335 69 430 196 498 316
December 892 0 0 0 0 102 428 820 714

Average 910

2.4. Error Analysis

The performance of the WRF model is assessed below. The Relative Error (RE) for
the annual mean velocities and power densities was calculated as an initial error indicator.
The RE was computed using the formula |modelled — observed|/observed. It was found that
mean velocities” RE was 14%, whereas the mean power densities” RE was 20%. These values
are sufficiently small and indicate a high level of agreement between model predictions
and the observed values. It is important to note that the error in the power density was
expected to be higher than the error in the velocity since velocity comes into the power
density equation raised to the power of 3.

To assess the performance of the WRF in more detail, the various statistical metrics for
wind velocity and direction for the actual random days that the model was run were calcu-
lated. All actual 10-min interval outputs from the model and observations were utilised
for this comparison. Bias and Relative Bias (RB) (for velocities) and Direction Accuracy
(DACC) index for wind direction [72] were calculated. Bias measures the model’s overall
overestimation or underestimation of wind velocities. RB measures the overestimation
or underestimation relative to the bulk of the observations. The DACC index represents
the percentage of times when the circular distance (i.e., the angular difference in wind
direction) between modelled and observed wind directions was lower than a threshold,
chosen as 30° for this study. The DACC index varies between 0 (very bad correlation) and
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100 (excellent correlation). Let m; and o; denote the i-th of N modelled and observed values,
respectively, of a quantity. Then, the equations for Bias and RB are

. 1Y
Bias = N Z;(ml —0;) (6)
RB = 25 100, )
Oavg

where 00 = 4 LV 1 0;.

To compute the DACC index, the circular distance Af for any two angles « and j
that the wind might be coming from needs to be defined: A0 = min|a — B,360° — (a« — B)|.
Then, the DACC index is given by

100 &Y
DACC = — Y G, (8)

i=1

where C; is 1if 0° < A6; < 30° or 0 otherwise.
Table 8 presents the Bias, RB and DACC calculated by comparing the three days from
each month with the corresponding three days of the station data.

Table 8. Error metrics for wind velocity and direction.

Month Bias (m/s) RB DACC
March —0.03 —0.23 91.34
April 0.64 7.92 61.28
May 2.60 47.98 48.06
June 0.26 2.31 98.64
July —0.31 -3.173 82.23
August 0.036 0.30 99.32
September —0.10 —0.76 95.89
October 0.03 0.44 70.78
November 0.95 18.01 74.49
December 1.54 20.96 77.68

Bias and RB were mostly positive, indicating an overestimation of the wind velocities
by the model. Bias was very small for 8 out of 10 months, and RB had a maximum value
of 47.98, with all other values being less than 21. This indicated that the absolute RB
(a measure of the error) was less than 21%. Moreover, the DACC index was, for 8 out
of 10 months, greater than 70, with the highest value being 99.32, which indicates the
numerical model’s remarkable ability to represent the wind direction correctly.

The results show that the high-resolution simulations with the WRF numerical model
and the “10% sampling condition” accurately depict all main wind characteristics (velocity,
direction, and trend) for the examined period. Therefore, the "10% sampling condition"
seems valid, at least for the Toplou region.

2.5. Comparisons with the Global Wind Atlas Framework

The GWA framework is an essential online resource. It grants users access to compre-
hensive wind resource data worldwide, assisting them in evaluating the viability of wind
energy generation across diverse regions. The GWA provides detailed maps and data on
wind speed and direction at varying altitudes using high-resolution global wind climate
data and Geographic Information Systems (GIS) technology. This wealth of information
proves invaluable for developers, policymakers, and researchers engaged in the strategic
planning and execution of wind energy initiatives. For a full review of the GWA framework,
please see [32].
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For the case of Toplou, wind data are available through the GWA between 2008 and
2017. The framework can provide information averaged in space (9 km? square box around
the location of the mast) and time (10 years) at heights of 10 m, 50 m, 100 m, 150 m, and
200 m agl. Figure 7 presents the averaged data over 10 years at the height of 10 m ag],
with the mean values for wind velocity and power density reported as 7.66 m/s and
548 W/m?, respectively. The wind rose diagram confirms our research findings: the main
wind directions are northwestern and western, with other directions having minimal
contribution. Since WRF data for wind velocities were calculated at 10 m agl, we may
directly compare the WRF and the GWA. All available WRF velocity data were averaged,
and the mean wind velocity was 8.81 m/s. Equation (2) was utilised to derive the wind
power density, and a mean wind power of 648 W/m2 was calculated. The results are
summarised in Table 9, where the REs’ between the mean quantities are also given. As may
be seen, both velocity and power density have been overestimated by the WRF by 15% and
18%, respectively. However, these results are considered extremely promising, based on
the fact that they have been produced with the “10% sampling condition” and confirm the
ability of the proposed methodology to be utilised in calculations of the wind potential of
a region. We have identified a problem with the WGA framework: it relies on past data,
which is not updated regularly. The proposed methodology does not rely on past data.
Still, it may utilise more recent ones (NCEP-FNL data that the WRF model requires to
calculate initial and boundary conditions, produced and freely available at the end of each
day). Hence, one additional advantage of our method is that it can utilise up-to-date data
and perform studies which depict the current situation at a location of interest. Being able
to perform such studies is paramount, especially today, as anthropogenic climate change
poses significant challenges to the environment; variability in wind patterns may become
more pronounced in the short term due to increased weather instability caused by climate

change [73,74].
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Figure 7. Global Wind Atlas output at 10 m agl for the mast location in Toplou for 2008-2017. Mean
wind velocity power density and wind rose statistics are reported.
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Table 9. Comparisons between the WRF and the GWA for mean wind velocity and power density at

10 m agl.
Mean Velocity (m/s) Mean Power Density W/m?
WRF 8.81 648
GWA 7.66 548
RE (%) 15 18

3. Future Research Directions

So far, we have presented a methodology which relies solely on a limited number
of calculations with the WRF to analyse the wind potential and assess the suitability of
a site for wind farm installation. We thus aim to contribute to the discussion towards
mitigating the impacts associated with wind power generation. While wind energy is
considered a promising renewable power source, it is vital to thoroughly understand these
impacts to ensure the sustainable development of wind energy projects. Below, some of the
impacts are outlined, and how the present research can assist with the mitigation strategies
is discussed.

Noise in wind farms primarily originates from the mechanical components of the
turbines and aerodynamic interactions. The impact of wind farm noise on human health
remains a subject of debate [75-77]. While some studies suggest a correlation between long-
term exposure to low-frequency noise and sleep disturbance, annoyance, and stress [78,79],
others argue that the noise levels generated by wind turbines are within acceptable lim-
its [80,81]. Furthermore, there is a need for further research to understand the potential
noise impact on wildlife, especially on bird and bat populations [82]. The primary mechan-
ical sources include the gearbox, generator, and cooling systems, while aerodynamic noise
results from the interaction of the blades with the wind [83]. These sources contribute to
tonal and broadband noise, with tonal noise being more prevalent at lower wind speeds
and broadband noise dominating at higher speeds. The computational methodology can
be extended to identify the optimal location of the installation of wind farms regarding
both wind energy harnessing and noise minimisation. Coupling the present computational
framework with acoustic models [19,84,85] can provide a simulation framework to achieve
the above.

Wind turbines cause severe problems in avian populations due to collisions with
rotating blades, displacement due to disturbance, barriers to movement and loss of habi-
tat [86]. The outcomes are direct fatalities, changes to breeding conditions, and an eventual
population decrease. These phenomena have been studied for more than 20 years (e.g., [87])
and have been extended to offshore wind farms [88]. Collision-related mortality varies
among species and locations, with larger birds or long-lived species often facing higher
risks [89,90]. Special consideration is given to bats since they are disproportionately af-
fected by wind turbines, leading to concerns about the impact of expanding wind energy
development on their populations [91-93]. Moreover, studies of migratory species indicate
that fatalities are higher for resident birds than migratory ones since precautions have
been taken to avoid establishing wind farms directly on migration routes [88,89]. While
mortality has been studied extensively, only recently have there been attempts to study
displacement in different locations worldwide [94-96]. It is interesting to note that the
findings are sometimes contradictory; a recent review [97] reported that approximately
half of the studies did not find any displacement, 40.6% of the studies found displacement
effects, and a small proportion (7.7%) detected an increased abundance of birds around
the wind farms! This indicates that conclusive judgments are challenging for most species
due to insufficient high-quality data. Demonstrating the effects of displacement from ideal
foraging habitats remains a substantial challenge for the future, and further studies need to
be performed, which require long-term, intensive monitoring across varying seasonal and
weather conditions at diverse sites.
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However, the scale and consequences of the above effects remain under-explored since
performing such studies is not easy, as several different techniques need to be combined,
namely radar [98], thermal infrared monitoring [99], range-finding [100], and visual obser-
vations [101]. Identifying the most appropriate location for a wind farm should go hand
in hand with addressing the above issues. A holistic computational framework should
incorporate constraints to address the above issues.

Wind turbines inherently generate electromagnetic fields (EMFs) during their oper-
ational phases due to the operation of power lines and substation equipment [102-106].
While the prevailing literature posits that the overall intensity of these fields is typically
low [103,107], concerns persist regarding potential ecological ramifications. The intricate
nature of these interactions necessitates a detailed examination of the potential effects on
flora and fauna within the vicinity of wind farms [108].

Studies have begun to unravel the sensitivities of various species to elevated EMF
levels [109]. Some organisms may exhibit alterations in behaviour, reproductive patterns,
or migratory routes when exposed to heightened EMFs [110]. Avian species, for instance,
have been subject to particular scrutiny, given their reliance on magnetic fields for naviga-
tion [111]. Even insects are influenced by wind turbine-generated EMFs [112]. Understand-
ing these sensitivities is pivotal for safeguarding biodiversity and ensuring the coexistence
of wind energy developments and ecosystems.

Interdisciplinary research efforts are underway to explore the implications of wind-
generated EMFs on diverse ecosystems comprehensively [113]. Studies employing ad-
vanced monitoring techniques, including electromagnetic field measurements and eco-
logical surveys, seek to unravel the intricacies of these interactions and propose potential
mitigation strategies [114]. The coupling of electromagnetic modelling with the present
methodology is another promising research direction.

Moreover, today, with the advances in the area of machine learning (ML) and its
coupling with other computational strategies [115], we do believe that concentrated effort
should be placed in applying ML techniques to analyse available data sets. This would
lead to more accurate predictions, real-time monitoring, and informed decision-making
regarding mitigating adverse effects associated with wind farms, specifically as follows:

*  Regarding noise pollution, ML algorithms can monitor noise levels in real time and
detect anomalous patterns that may indicate excessive noise emissions from wind
turbines. Early detection of such events can trigger intervention measures to mitigate
the impact on residents.

* Regarding avian population impact, ML techniques can analyse environmental data
such as vegetation cover, topography, and weather patterns to predict avian habitat
preferences and migration routes. By understanding where birds are likely present,
wind farm developers can make informed decisions about siting and operational
protocols to minimise impacts on bird populations.

¢  Finally, regarding EMFs, ML models can analyse data from sensors placed around
wind farms to monitor EMF levels and predict potential fluctuations or hotspots.
By identifying patterns in EMF emissions, these models can help optimise turbine
operations or implement EMF shielding measures to minimise exposure levels.

In this way, by leveraging machine learning techniques, researchers and wind farm
operators can develop more effective and proactive strategies for minimising environmental
impacts while maximising the benefits of renewable energy production.

4. Conclusions

This study introduces a novel methodology for assessing wind potential in a cost-
effective, ecologically friendly and highly efficient manner, utilising a set of recently col-
lected wind measurements from the region of Toplou in the northeastern part of the Greek
island of Crete. As verified by the GWA, this region is of particular interest due to its status
as one of the prime areas of anemological interest in the Eastern Mediterranean Sea.
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The analysis of measurements indicates that Toplou exhibited a high mean wind
velocity of 8.6 m/s at 20 m agl, qualifying it as a highly suitable site for energy exploitation,
with a mean wind power density of 758 W/m?. Seasonal variability in wind characteristics
is evident, with the lowest velocities in April, May, November, and December and the
highest in July, August, and September. The wind tends to pick up between December and
March. Strong directional tendencies were observed, with 75% of velocities coming from
the northwest and west. Cumulatively, around 45% of wind velocities exceeded 10 m/s,
with approximately 15% surpassing 15 m/s at 20 m agl. These findings underscore the
region’s significant wind potential, particularly during the summer months, due to the
influence of Etesian winds.

Simulations were performed with the WRF model at very high resolution. Four
nested grids were employed, of which the finest had a horizontal resolution of 400 m.
This study is one of the first to utilise such high resolution in an NWP model to perform
wind potential analyses. The statistical “10% sampling condition” was employed to test its
validity in studying wind potential. In this way, three days were randomly chosen from
each month and simulated as representative of that month. The simulation results aligned
with observed seasonal trends and prevalent wind directions. The WRF model projected
an annual mean wind velocity of 9.83 m/s, close to the station’s recorded mean of 8.6 m/s,
within a 15% difference range. The annual mean wind power density differed by 20% from
the one calculated by the measured velocity values, estimating it at 910 W/m?. The day-to-
day comparison showed a reasonable bias in velocities, averaging at 0.56 m /s, with the
model slightly overestimating velocities by around 10%. Wind direction predictions by the
WREF proved highly accurate, with a DACC index mean value of 79.97, indicating precise
alignment with observed data.

Moreover, when comparisons were performed between WRF and GWA framework
outputs at 10 m height agl, remarkably good agreement was found between mean velocity
and power density values, with RE being less than 20%. The preferential western and
northwestern directions were also confirmed. Compared to the GWA, another benefit of
our approach is that GWA data sets lack regular updates, whereas the NCEP-FNL data sets
used by the WRF model receive daily updates. This allows us to study and analyse the
most current conditions of a specific area of interest.

These preliminary results and analyses indicated that the "10% sampling condition"
applied to the study of wind potential is valid to a good degree, at least for the site
under consideration, where moderate to strong winds were present for most of the year.
The location of Toplou is particularly challenging to model due to its complex topography,
and we firmly believe that the WRF numerical model with the described setup managed to
depict all main anemological characteristics of the region successfully. Further validation
for other regions with different geographical characteristics is required. Comparisons
should extend to atmospheric parameters like pressure, temperature, and rainfall.

The present study shows that high-resolution simulations using a numerical model,
such as the WREF, may yield accurate results since complicated atmospheric processes may
be correctly resolved in greater detail than simpler local-scale wind prospecting models.
In conjunction with applying the "10% sampling condition", the proposed methodology
constitutes a valuable tool for sustainable energy planning and development, since the need
for on-site wind measurement equipment and time-consuming simulations is minimised.
Moreover, our approach offers clear advantages over the Global Wind Atlas framework
since we may analyse the current anemological conditions of an area without relying solely
on past data. Additionally, leveraging past NCEP-FNL data (available from 1979 onwards)
enables studies of the area’s wind potential over time. Such studies, with the aid of ML
methods, further allow us to extend predictions for future wind viability. To our knowledge,
this approach has never been previously applied to studying wind potential.

As a closing remark, we do believe that, to mitigate the adverse effects and impacts
associated with wind energy production, further research is required, which combines
state-of-the-art computational techniques and methodologies (such as Computational Fluid
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Dynamics and ML). In this way, a data-driven approach is enabled, which will assist in op-
timising wind turbine performance, the early detection of anomalies, and the development
of control strategies for wind turbines in response to changing environmental conditions.
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