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ABSTRACT

ARTICLE HISTORY

The MENA-CORDEX (the Middle East and North Africa-COordinated Regional Downscaling Experiment) wind speed data at the height of 10 m is converted to the turbine hub-height for estimating
the mean wind power in the Gulf of Oman. The results show high spatial variability of the historical and future mean wind power projection. Furthermore, the impact of climate change on the
mean wind power (under the representative concentration pathway 8.5, RCP8.5, scenario) is found
to be less than 5%, which indicates the sustainability of wind renewable energy. Based on the wind
power distribution, bathymetry, and distance from the coast, five sites are selected in the Gulf of
Oman as tentative energy hotspots to provide a detailed assessment of the directional variability of
wind power for the historical and future periods. Significant variability of the directional distribution
of wind power is found in the five study sites, which make it imperative to optimally design wind
turbines and farms to achieve the best efficiency. The findings also indicate that the main direction and magnitude of wind power in the five sites under the RCP8.5 climate change scenario will
remain almost the same as those of the historical period. Overall, the sustainability of power production under climate change impacts is promising to plan for wind energy extraction in the Gulf of
Oman.
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1. Introduction
Wind turbines are increasingly being installed in offshore and onshore regions to extract wind energy. Many
studies have investigated the feasibility of wind power
(as a renewable source of energy) for different places
across the world (Rusu & Onea, 2013; Staffell & Pfenninger, 2016). Regional climate studies are required to
assess the potential of wind power in any region due to
its high spatial and temporal variability. Having said that,
studying the sustainability, spatio-temporal distribution,
and economic justification of wind power is necessary
before constructing wind farms in any region (Eichhorn et al., 2019). On the other hand, climate change
and global warming are going to affect different atmospheric and oceanic processes, which should be taken
into account prior to developing wind farms (Schaeffer
et al., 2012). Wind speed is an important atmospheric
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variable that may experience severe changes under future
climatic conditions (Beniston et al., 2007). Therefore,
the spatio-temporal distribution and future variability of
wind power due to climate change should be thoroughly
investigated. This enhances the reliability of the energy
supply and helps societies achieve sustainable development.
Wind speed is the most important variable that affects
the efficiency of onshore and offshore wind turbines.
There are also a number of secondary factors (e.g. wind
direction, icing, air density, and turbine aging) that
influence the wind energy potential and extraction by
turbines (Pryor & Barthelmie, 2010). Moreover, optimizing the shape and features of turbine blades can
enhance energy yields (Jureczko et al., 2005; Xudong
et al., 2009). Machine learning approaches have been
used to study various parameters (e.g. wind speed and
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direction, blades damage, and icing) that control the efficiency of wind turbines (Jiménez et al., 2019; Mosavi
et al., 2019; Shamshirband et al., 2019). Schindler and
Jung (2018) investigated the dependence of wind energy
on the wind direction by the Copula-based approach.
They found that minor changes in the wind direction
may lead to significant variations in the turbine energy
yield. Icing (due to low air temperature) is an important factor in regions with high altitudes because it can
reduce the operation hours of turbines or even causes
their complete stoppage (Laakso et al., 2003). Due to the
inverse relationship between air density and temperature,
higher air temperatures may decrease wind energy outputs. For example, increasing air temperature from 5 to
10°C causes a decrease of about 1% to 2% in air density,
ultimately reducing wind energy (Pryor & Barthelmie,
2010; Solomon et al., 2007). Considering the effect of age
on wind farm performance, it is found that wind turbines
lose about 1.6% of their efficiency per year due to aging.
Hence, a wind farm output is expected to be reduced
by almost 12% over a 20-year lifetime (Staffell & Green,
2014).
As wind speed is the main component of wind
energy harvest, its spatial and temporal variability should
be explored thoroughly before developing wind farms.
Wind speed may also vary due to climate change (Koletsis et al., 2016). Therefore, investigating the impact of
climate change on wind speed (as the primary energy
resource) is a substantial step toward the sustainable
development and efficient exploitation of wind energy
over a long period. The effect of climate change on wind
speed is different in various regions. For instance, climate
change may increase wind speed in a region, while its
impact may be inverse in another region (Davy et al.,
2018). Therefore, the regional analysis of wind speed
and its future projection is extremely important for wind
power studies (Moemken et al., 2018).
There are different atmosphere-ocean global circulation models (AOGCMs) that project climatic variables
based on various possible future scenarios. However,
these models are run globally at coarse spatial resolutions and cannot capture the fine-scale variability of
wind speed. Thus, AOGCM wind speed data should be
downscaled (Staffell & Pfenninger, 2016). This is usually
carried out by the statistical and dynamical downscaling approaches (Alizadeh et al., 2019) The first method
is simple and cost-effective, while the second one is
more robust because it is physically consistent with the
external conditions such as coastlines and boundaries
(Pryor & Barthelmie, 2010). The coarse resolution of
AOGCMs remains unresolved when statistical downscaling methods are employed (Alizadeh et al., 2019).

The dynamical downscaling approaches have been often
used to generate unbiased climatic variables with a high
spatial resolution (Colette et al., 2012; Glotter et al.,
2014).
Recently, the CORDEX (COordinated Regional
Downscaling Experiment) regional climate models have
been used widely to provide high-resolution future climate projection data for different regions (Lake et al.,
2017). These data are freely accessible from the Earth System Grid Federation (ESGF) nodes (https://esgf.llnl.gov/
nodes.html), and provide wind speed (Alizadeh et al.,
2020; Moemken et al., 2018), solar radiation (Bartók
et al., 2017), precipitation (Dosio, 2016; Klutse et al.,
2016), and temperature (Cardoso et al., 2019; Nikiema
et al., 2017).
The EURO-CORDEX wind speed predictions show a
decreasing trend in most parts of Europe under future
climatic conditions (Davy et al., 2018). A mild increase
in wind climate and energy was projected in Africa
(Célestin et al., 2019; Rautenbach & Herbst, 2016). Also,
a decrease and an increase of wave height were projected
in the northeast of the Atlantic Ocean and west of the
Norwegian Sea, respectively (Aarnes et al., 2017). Since
winds are the main driver of waves, similar trends can be
obtained for wind speed in the Atlantic Ocean and Norwegian Sea (Aarnes et al., 2017). As mentioned above,
the wind speed projection data vary significantly by the
location of the study area.
The main goal of this study is to analyze the spatial and temporal variability of wind energy potential
in the Gulf of Oman and evaluate the impact of climate change on it. Due to the warm climate and lack of
icing in the study area, it is expected that wind speed
would have the dominant effect on the wind energy
potential. Therefore, this study focuses on wind speed
variations and their impact on wind power. For this purpose, near-surface (at the height of 10 m) wind speed
data from the CORDEX over the Middle East and North
Africa (MENA) domain, called MENA-CORDEX, are
used to estimate wind power in the Gulf of Oman for the
historical (1981–2000) and future (2081–2100) periods.
The MENA-CORDEX wind speed data for the historical period are also validated against those of ERA5. The
sea surface roughness length over the Gulf of Oman is
calculated from the ERA5 wave height and period data.
Thereafter, it is used to convert the MENA-CORDEX
wind speed data at the height of 10 m to the turbine
hub-height in order to estimate wind power (Wang et al.,
2020). Finally, the directional and seasonal variability of
wind power is assessed at five point-scale sites in the
Gulf of Oman. This study is organized as follows. In
section 2, materials and methods are described. Results
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and discussions are explained in section 3. Finally, conclusions are given in section 4.

2. Materials and methods
2.1. Study area
The Gulf of Oman is selected as the study area. It is
located in the north of the Indian Ocean and Arabia
Sea and is connected to the Strait of Hormoz (Figure 1).
The Oman Gulf is between 22°N to 26°N latitude and
56°E to 60°E longitude and has an area of approximately
181,000 km2 (Pous et al., 2004). It is surrounded by Iran
and Pakistan in the north, India in the east, and Oman in
the west.
The Gulf of Oman plays an important role in the economy of its surrounding countries. Its surrounding ports

Figure 1. Location of the study area (the Gulf of Oman).

Figure 2. Bathymetry of the Gulf of Oman.
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and cities are rapidly growing, causing an increase in the
demand for energy supply. Therefore, it is necessary to
plan and construct renewable energy resources to meet
sustainable development requirements. Wind power can
be recognized as one of the best renewable energy sources
in the study area (Kazem, 2011). Because of being placed
in a hot climate, there is no problem with icing and turbine stoppage. Also, it is a deep water body with small
wind speed disturbance and surface roughness.
The offshore areas of the Gulf of Oman are deep,
and thus the construction cost of wind turbines in them
can be high. Therefore, both the wind power potential
and construction cost (which is directly related to the
bathymetry) should be taken into account for selecting the location of wind turbines. Figure 2 illustrates
the bathymetry of the study area. The bathymetry data
are obtained from the General Bathymetric Chart of the
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Oceans (GEBCO) website (https://www.gebco.net/data−
and− products/gridded− bathymetry− data/).
2.2. Data
The historical wind speed data in the Gulf of Oman play
an important role in assessing wind energy. Also, the
future projection of wind speed allows evaluating the
impact of climate change on wind energy. In this study,
near-surface wind speed (W10 ) data from the MENACORDEX regional climate model with the spatial resolution of 0.22° × 0.22° and temporal sampling of 1 day
are used for the historical and future periods. A 20-year
time span (1981–2000) is used as the historical period.
The representative concentration pathway 8.5 (RCP8.5)
climate change scenario is utilized to project wind speed
for 2081–2100. Typically, wind speed estimations are validated versus in-situ measurements. However, there are
only a few stations in the Gulf of Oman that provide wind
speed measurements. Hence, the ERA5 reanalysis wind
speed data over the Gulf of Oman area are used to validate
those of MENA-CORDEX.

ERA5 is the most recent atmospheric reanalysis
dataset generated by the European Center for MediumRange Weather Forecasts (ECMWF). It provides hourly
estimates of a large number of atmospheric, land, and
oceanic climate variables with a spatial resolution of
0.25° × 0.25°. It is worth noting that the reanalysis wind
speed data have been widely utilized by many studies in
various areas (Bednorz et al., 2019; Rodrigo et al., 2013;
Shanas & Sanil Kumar, 2014). Figure 3 shows the mean
near-surface wind speed data from the MENA-CORDEX
regional climate model and ERA5 reanalysis product during the historical period (1981–2000) over the Gulf of
Oman. It is worth noting that the mean wind speed has
been widely used to assess the wind power in different
regions (Célestin et al., 2019; Koletsis et al., 2016; Wang
et al., 2020).
As illustrated in Figure 3, there is a good agreement between the wind speed maps from the MENACORDEX initiative and ERA5 reanalysis product. The
magnitude and spatial patterns of both maps are comparable. The consistency of the two wind speed images
shows that the MENA-CORDEX wind speed data can

Figure 3. Mean near-surface wind speed (W10 ) data from the (top) MENA-CORDEX regional climate model and (bottom) ERA5 product
during the historical period of 1981–2000 in the Gulf of Oman.
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be used reliably to evaluate wind power over the Gulf of
Oman.
The near-surface (at the height of 10 m) wind speed
predictions from the MENA-CORDEX model should be
converted to turbine hub-height, which typically ranges
from 90 to 120 m. This is performed via an extrapolation approach (see Subsection 2.4) that requires the sea
surface roughness length (see Subsection 2.3).
2.3. Sea surface roughness length
Sea surface roughness length (z0 ) is an important parameter that affects the sea-atmosphere interaction. The
momentum transfer between the sea surface and overlying air is strongly dependent on z0 . Swells and wave
shoaling can highly decrease and increase sea surface
roughness length, respectively (Taylor & Yelland, 2001).
The sea surface roughness length can be related to the
significant wave height and wavelength via (Taylor &
Yelland, 2001),
 B
z0
Hs
=A
(1)
Hs
Lp
where Hs and Lp are the significant wave height and peak
wavelength for combined sea and swell spectrum, respectively. A and B are empirical coefficients, which are set to
1200 and 45, respectively (Taylor & Yelland, 2001).
Wavelength (Lp ), wave period (T), and water depth (h)
are related to each other by the dispersion equation,
ω2 = kgtanh(kh)

(2)

where ω = 2π/T, k = 2π/Lp , and g is the gravitational
acceleration. For deep waters, tanh(kh) is assumed to be
equal to one as the water depth is higher than the wavelength. Thus, for deep waters, the dispersion equation
can be simplified to calculate wavelength from the wave
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period:
Lp = 1.56T 2

(3)

Using equations (1) and (3), z0 can be estimated from Hs
and T. These variables are obtained from the ECMWF
ERA5 reanalysis product for the historical (1981–2000)
and future (2081–2100) periods with the spatial resolution of 0.5° × 0.5° and temporal sampling of 1 hour.
Finally, the hourly roughness length estimates are averaged from 1981 to 2000 (Figure 4).
Many studies used the roughness length of 0.2 mm for
calm sea conditions (Amirinia, Kamranzad, et al., 2017;
Davy et al., 2018; Morgan et al., 2009; Stull, 1998; Wang
et al., 2020). Following the literature and given the fact
that the mean roughness length over 1981–2000 is less
than 0.2 mm, z0 is set to 0.2 mm in this study.
2.4. Weibull distribution and wind energy
Different probability functions (e.g. Weibull, Gumbel,
Rayleigh, inverse Gaussian and gamma) have been fitted
to the wind speed data to evaluate their distribution over
a period of time (Alizadeh et al., 2019; Bardsley, 1980;
Celik, 2004; Luna & Church, 1974; Qin et al., 2011). In
this study, it is found that the Weibull distribution function fits well to most of wind speed data. It was also used
to analyze wind speed data in the Gulf of Oman by previous studies (Malik & Al-Badi, 2009; Sulaiman et al.,
2002).
The Weibull distribution function can be mathematically expressed as,
   
k W k−1
W k
f (W) = ( ) exp −
(4)
c c
c
where W is the wind speed at the turbine hub-height (z),
and c and k are the scale and shape parameters of the
distribution function.

Figure 4. The 1981–2000 mean sea surface roughness length for the study area.
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The wind speed at the turbine hub-height (W)
(required by 4) can be derived from the MENACORDEX wind speed at the height of 10 m (W10 ) via
(Amirinia, Mafi, et al., 2017),
 
z
ln
z0
W

= 
(5)
W10
ln 10m
z0

The turbine hub-height typically ranges from 90 to 120 m
(Wang et al., 2020). Herein, the turbine hub-height (z)
is set to 120 m. It should be noted that the turbine hubheight has been used widely to calculate the turbine
wind power because it represents the average height of
blades (Davy et al., 2018; Jung & Schindler, 2020; Pryor
& Barthelmie, 2010; Wang et al., 2020). As shown in
equation (5), the wind speed at the height of 120 m is
obtained from the near-surface wind speed (W10 ) using
the sea surface roughness length (z0 ) as the bottom condition of the atmosphere. In our study area, the upper
atmospheric conditions (such as icing and rapid gradient
in air temperature) have a negligible effect on converting
the near-surface wind speed to the hub-height. This happens because the Gulf of Oman is located in a low-latitude
warm environment. Many studies (Carvalho et al., 2017;
Davy et al., 2018; Deepthi & Deo, 2010) also neglected the
upper atmospheric conditions due to their insignificant
impact.
The scale (c) and shape (k) parameters of the distribution function can be obtained by the maximum
likelihood method as follows (Chang et al., 2015),

−1
n
n
k
i=1 Wi ln(Wi )
i=1 ln(Wi )
k=
−
(6)
n
k
n
i=1 Wi
 n
1/k
1
k
c=
Wi
(7)
n
i=1

where n denotes the number of wind speed data points.
Alternatively, the standard deviation method can be
employed to estimate c and k (Ouammi et al., 2010),
 −1.086
σ
(8)
k=
W̄
c=

W̄
 1+

1
k

(9)

where W̄ and σ are the mean and standard deviation of
wind speed data, respectively, and  is the Gamma function. In this study, the Weibull parameters (i.e. c and k)
are found by the MATLAB Statistics and Machine Learning Toolbox using the maximum likelihood method.
Detailed information on the estimation of c and k can be
found in Mohammadi et al. (2014).

The wind power density (P) per unit area (A) can be
obtained by (Pryor & Barthelmie, 2010),


 ∞
P
1
1 3
3
3
= ρ
(10)
W f (W)dW = ρc  1 +
A
2 0
2
k
where ρ is the air density.
Following (Acker et al., 2007), equation (10) can be
simplified to,
1
P = ρW 3
(11)
2
Wind turbines need a minimum wind speed (called
cut-in speed) to generate power. Their operation must
be stopped at a maximum wind speed (named cut-out
speed) to avoid damage (Reyers et al., 2015). The cut-in
and cut-out speeds are determined by the manufacturer.
In this study, the cut-in and cut-out speeds are taken
equal to 3.5 and 25 (m/s), respectively (Davy et al., 2018).
Wind powers for velocities below 3.5 (m/s) and above 25
(m/s) are excluded.
2.5. Selection of wind energy hotspots
This study explores the impact of climate change on wind
power distribution in the Oman Gulf. As depicted by
the bathymetry map in Figure 2, the study area has deep
waters with small turbulence and wind shear (Oh et al.,
2018). Consequently, the effect of climate change on the
mean, seasonal variability, and directional distribution of
wind power can be studied in detail in a few representative point-scale sites. These sites are chosen by taking
into account the bathymetry (depth of less than 70 m),
distance to the coast (less than 60 km), and magnitude of
wind speed (higher than 4 m/s). The sites should also be
distributed widely over the Gulf of Oman to sample different climate conditions. Given the above criteria, five
sites (P1–P5) are selected as the tentative energy hotspots
in the Gulf of Oman (Figure 1). Their characteristics are
shown in Table 1.

3. Results
3.1. Mean of wind power estimates in the historical
and future periods
The mean of wind power (WP) estimates during the
historical (1981–2000) and future (2081–2100) periods
(under the RCP8.5 climate change scenario) are shown
in Figure 5. As shown, there is substantial spatial variability in the wind power estimate over the Oman Gulf
for both periods. The wind power values of less than
∼ 200–300 W/m2 in the west of the Oman Gulf imply
a relatively calm condition in that region. On the other
hand, the wind power exceeds 1000 W/m2 in the south
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Table 1. Characteristics of the selected energy hotspots in the Oman Gulf.
Site

Longitude (o E)

Latitude (o N)

Nearby Country

Distance to the
coast (≈ km)

Depth below water
surface (m)

Historical mean
wind speed (m/s)

P1
P2
P3
P4
P5

59.85
60.75
66.75
68.00
68.00

22.50
25.25
24.75
23.00
22.50

Oman
Iran
Pakistan
India
India

6
10
20
58
48

60
45
28
30
69

4.46
4.06
5.57
6.11
6.19

Figure 5. Mean wind power (WP) estimates for the historical (top) and future (bottom) periods.

of the Gulf of Oman, indicating a high potential for wind
power. Generally, by moving from north to south and
west to east of the Gulf, wind power tends to increase significantly. Overall, there is a high spatial variability of WP
across the study area as it changes over the wide range
of ∼ 200–1400 W/m2 . The wind power reaches its highest and lowest values in the coastal waters of Oman and
Iran, respectively. Intermediate wind power values are
observed close to India and Pakistan. The effect of climate
change on the wind energy resource in the study area can
be recognized by comparing the wind power maps for the
historical and future periods (Figure 5). As can be seen,
the wind power changes slightly (less than 5%) under the
future climate scenario (RCP8.5) compared to the historical period. The historical and future maps of wind power
demonstrate roughly identical patterns and magnitudes,

implying the sustainability of wind renewable energy in
the Gulf of Oman.
To have a better understanding of the impact of climate change on wind power, the relative difference of
mean wind power estimates in the historical (WPhistorial )
and future (WPfuture ) periods is illustrated in Figure 6.
The relative difference of WPfuture and WPhistorial is less
than ∼ 5% over the study area. Under the RCP8.5 climate change scenario, the wind power potential tends to
decrease slightly (about 5%) in the southwest and north
center of the Gulf of Oman. These results indicate that
wind power changes slightly under the future climate
change scenario and thus it is a sustainable source of
renewable energy. The highest increase and decrease in
the future wind power predictions occur in the southwest (in the vicinity of Oman) and north (close to Iran
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Figure 6. The relative diﬀerence of mean wind power estimates in the historical and future periods (WPfuture − WPhistorial )/WPhistorial ×
100.

and Pakistan) of the Oman Gulf, respectively. The inland
areas close to the southwest of the Gulf show a wind
power growth of up to ∼ 40% under the climate change
scenario. In contrast, an insignificant decreasing trend
(ranging from 0 to 5%) is observed in wind power for the
inland areas adjacent to the east of the Gulf.
Table 2 shows the mean wind power estimates for the
historical and future periods and their relative difference
at the five study sites (P1-P5) in the Gulf of Oman (see
Figure 1 for the locations of these points). P4 and P5
(close to India) have the highest wind energy potential
of more than 900 W/m2 for both historical and future
periods, while P2 (nearby Iran) has the lowest potential. P1 shows a high potential of wind energy with a
mean power of about 600 W/m2 for both periods. P3
(near Pakistan) has a moderate power compared to the
other points. A comparison of historical and future periods shows an insignificant reduction of mean wind power
(less than 2%) at the P4 and P5 sites (Table 2). In contrast, for points with an increasing trend in wind power
(i.e. P1-P3), the relative difference ranges from about 4%
to 22%. These results denote the sustainability of wind
power potential in the five point-scale sites that are widely
distributed across the Gulf of Oman and capture different
conditions.

Table 2. The mean wind powers (W/m2 ) values in the historical
and future periods and their relative diﬀerence in the ﬁve sites
(P1–P5).
Selected sites
P1
P2
P3
P4
P5

Historical period
(1981–2000)

Future period
(2081–2100)

Relative
change (%)

573.37
108.64
342.67
911.23
942.56

611.37
132.27
357.61
904.34
927.75

6.63
21.75
4.36
−1.44
−1.57

3.2. Directional analysis of wind power
The main direction of wind plays a key role in the design
and arrangement of wind turbines (Schindler & Jung,
2018). The directional distribution of wind power is of
vital importance because a minor change in the direction of the wind can remarkably affect the wind turbine
energy yield (Porté-Agel et al., 2013). Figure 7 shows the
directional analysis of mean wind power in the selected
sites (P1-P5) for the historical period. As indicated, there
is a strong variability in the directional distribution of
wind power at the five study sites. For points in the east
of the Oman Gulf (P3-P5), the dominant winds blow
from the west to the east. For P1 in the southwest of
the Gulf, the main winds mainly come from the north
and southwest. Southward winds constitute about 10% of
the winds in the study area. In higher latitudes (P2 and
P3), northern winds are diminished, while western and
southwestern winds are augmented. For P2, the importance of wind direction can be ranked from higher to
lower as southwestern, southern, western, and northeastern. For the sites close to India (P4 and P5), wind power
has the largest directional distribution in eastward and
to a lesser extent in northeastward and southeastward
winds. These results indicate significant variations in the
directional distribution of wind power across the Gulf of
Oman and necessitate the optimum design of wind turbines and farms to achieve the best efficiency. Generally
speaking, such a large variation in wind direction is not
desirable for wind power extraction although the wind
farms can be designed to reach the highest rate of energy
production.
Evaluating the impact of climate change on not only
the magnitude of wind power but also its directional distribution is required for achieving the sustainable development of wind farms. The directional distribution of
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Figure 7. Directional distribution of mean wind power in the selected sites (P1–P5) for the historical period.

mean wind power in the selected sites (P1–P5) for the
future period is illustrated in Figure 8. Analogous to the
historical period (Figure 7), wind direction varies substantially in the five study sites for the future period.
Comparison of Figures 7 and 8 shows that the main
direction and magnitude of wind power under the future
climate scenario will remain the same as those of the
historical period. However, minor changes are seen in
the direction and magnitude of wind power at some
study sites. For example, the frequency and magnitude
of southern winds are augmented under the future climate condition in P1. Overall, the directional analysis of
wind power under the future climate scenario illustrates
the sustainability of wind power in the Gulf of Oman.
3.3. Seasonal variability of wind power
Assessing the seasonal variability of wind power is
required to fulfill the demand–supply gap (Park &
Baldick, 2020). The consumption of electricity increases

in the Gulf of Oman region during summer mainly due
to the air temperature rise. Table 3 presents the seasonal
wind power estimates in the P1–P5 sites for the historical and future periods. As can be seen, there is a high
seasonal variability of wind power in the five sites. The
largest and lowest wind power values occur in summer
(with the highest electricity demand) and fall, respectively. For the historical period, the seasonal wind power
retrievals in the P1, P2, P3, P4, and P5 sites change respectively by 70.2%, 44.7%, 69.9%, 50.4%, and 53.0% during
the four seasons. Corresponding values for the future
period are 70.9%, 55.8%, 69.6%, 55.1%, and 56.5%. At
all the points, the spring wind power (the second row in
Table 3) is expected to increase in the future period. P4
and P5 (in the vicinity of India) have the highest potential
for wind power production in all seasons, which is consistent with our findings in Figures 6 and 7. In contrast,
P2 (close to Iran) has the lowest potential.
The seasonal wind power retrievals at the P1–P5 sites
are shown in Figure 9. In P1, the lowest and highest wind
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Figure 8. Directional distribution of mean wind power in the ﬁve selected sites (P1–P5) for the future period.
Table 3. Seasonal wind power (W/m2 ) estimates in the ﬁve sites
(P1–P5) for the historical and future periods.
Site
Season

Period

P1

P2

P3

P4

P5

Winter

Historical
Future
Historical
Future
Historical
Future
Historical
Future

677.05
587.16
270.45
301.76
906.26
1038.92
440.24
520.15

86.14
78.90
118.81
129.22
147.41
146.16
81.47
178.80

180.21
192.74
316.54
335.54
598.40
634.75
268.87
259.46

729.21
732.11
734.59
759.01
1452.28
1448.77
720.39
649.79

784.31
775.23
720.11
738.66
1533.15
1526.89
727.31
664.62

Spring
Summer
Fall

power estimates occur in spring and summer, respectively (Figure 9a). Under the RCP8.5 climate change scenario, the wind power increases by 10.4%, 12.8%, and
15.4% in spring, summer, and fall, respectively. On the
contrary, the mean wind power decreases in winter by
15.3%. Overall, the RCP8.5 climate change scenario does
not significantly change wind power in P1.
Wind power reaches its lowest value in P2. In all seasons except fall, wind power retrievals for the future
period are roughly equal to those of the historical period.

The future wind power increases remarkably in fall. The
highest and lowest wind power estimates in P2 are seen in
summer and winter, which are different from the seasons
with extremum wind power values in P1. These results
show the seasonal variability of wind power across the
Gulf of Oman.
The wind power estimates have a large seasonal variation in P3. It increases from winter to summer significantly and reduces in fall. P4 and P5 are located close to
each other in offshore areas of India and have almost an
identical seasonal distribution of wind power. Both sites
have the highest and lowest mean wind power values in
summer and fall.
For all the sites, the highest wind power potential in
summer is promising as the demand for energy is often
the largest in this season (Kamranzad et al., 2016). Thus,
luckily, the temporal distribution of wind power is in
line with the energy demand. The projected values of
wind power in different seasons remain almost identical
to their historical values, indicating the minor impact of
climate change on wind energy resources across the Gulf
of Oman.
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Figure 9. Seasonal wind power estimates at P1–P5 for the historical and future periods.

4. Conclusions
Wind power is recognized as a source of renewable
energy. Regional climate studies are required to assess
the potential of wind power in any region because of
its high spatial and temporal variability. The impact of
climate change on wind power should also be evaluated to reach a sustainable development of wind farms.
In this study, the spatio-temporal variability of wind
power potential in the Gulf of Oman and the impact
of climate change on it are assessed. Near-surface (at
the height of 10 m) wind speed data in the Gulf of

Oman are obtained from the MENA-CORDEX (Middle East and North Africa-COordinated Regional Downscaling Experiment) regional climate model. The nearsurface wind speed data are used to evaluate the historical
(1981–2000) and future (2081–2100) (under the RCP8.5
climate change scenario) variability of wind power in the
Gulf of Oman. The MENA-CORDEX wind speed data
are validated against those of ERA5. The wave height and
period data from the ERA5 reanalysis product are used
to compute the sea surface roughness length, which is
utilized to convert near-surface wind speed data to the
turbine hub-height.
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The historical (1981–2000) and future (2081–2100)
mean wind power estimates over the Gulf of Oman
are compared. Their difference ranges from −5% to
+5% over the study domain, indicating the insignificant
impact of climate change on the wind power potential.
The findings indicate that lower latitude regions within
the Gulf of Oman have a higher potential for wind power
than the ones with higher latitudes. Generally, the wind
power potential increases by moving from the west to the
east of the Oman Gulf. The spatial distribution of wind
power in both the historical and future periods demonstrates that the southwest of the gulf (in the vicinity of
Oman) has the highest potential for wind power extraction. The wind power may vary from 300 W/m2 in the
northwestern of the Gulf of Oman to 1400 W/m2 in the
southwest.
Moreover, the seasonal and directional distributions of
wind power estimations are studied in detail at five pointscale sites across the Gulf of Oman. The wind power estimates in the selected sites show high seasonal and directional variabilities. Wind power is relatively high at the
sites close to Oman and India, while the site nearby Iran
has a relatively low potential for the wind power production. The directional distribution of wind power changes
significantly in the five study sites for both the historical and future periods. Hence, wind farms should be
designed for the optimum arrangements of wind turbines
to generate power from winds in different directions. In
the five study sites, the mean wind power estimates in the
historical and future periods have a similar directional
distribution, implying that the impact of climate change
on the wind direction is insignificant. High seasonal variability of wind power is observed in the study sites. Summer has the highest energy potential in all the sites. In
the sites close to India and Oman, the historical and
future mean wind power estimations exceed 1000 W/m2 ,
indicating a high potential for energy extraction.
The high historical and future mean wind power values over most of the Gulf of Oman, the maximum wind
power estimates in summer (when the energy demand is
at its peak), and finally, the insignificant impact of climate
change on wind power demonstrates its high potential
and sustainability for the development of wind energy
facilities in the study domain.
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