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This study presents a high-resolution spatial and temporal assessment of the solar energy resources over the
Arabian Peninsula (AP) from 38 years (1980–2017) reanalysis data generated using an assimilative Weather Research and Forecasting Solar model. The simulations are performed based on two, two-way nested domains
with 15 km and 5 km resolutions using the European Centre for Medium-Range Weather Forecasts as initial and
boundary conditions and assimilating most of available observations in the region. Simulated solar energy resources, such as the Global Horizontal Irradiance (GHI), Direct Normal Irradiance (DNI), and the Diffusive Horizontal Irradiance (DHI), are first validated with daily observations collected at 46 in-situ radiometer stations over
Saudi Arabia for a period of four years (2013–2016). Observed and modelled data are in good agreement with
high correlation coefficients, index of agreements, and low normalized biases.
The total mean annual GHI (DNI) over the AP ranges from 6000 to 8500 Wh m− 2 (3000 to 6500 Wh m− 2) with
significant seasonal variations. The diffuse fraction (the ratio of the DHI to the GHI) is high (low) over the northern (southern) AP in winter whereas it is high (low) over the central to southern (northern) AP during summer,
indicating a significant modulation of the sky clearness over the region. Clouds over the northern AP in winter
and the aerosol loading due to desert dust over the central and southern AP in summer are the major factors
driving the variability of the DHI. The effects of dust and clouds are more pronounced in the diurnal variability
of the solar radiation parameters. Our analysis of various solar radiation parameters and the aerosol properties
suggest a significant potential for solar energy harvesting in the AP. In particular, the southeastern to northwestern Saudi Arabia are identified as the most suitable areas to exploit solar energy with a minimum cloud coverage
over the region.

1. Introduction

Increasing concerns over the environment pollution resulting from
the conventional energy sources such as fossil fuels has accelerated the
quest for alternative energy resources. To minimize the consequences
of global warming, scientific and industrial communities are extensively working on developing advanced technologies to harvest renew

able energy [1–3]. The International Energy Agency (IEA) reported that
on a global basis, due to the falling costs and rapid expansion of emerging technologies, renewable energy will be the largest source of electricity in the next decade [4]. The report also pointed that the renewable global power capacity will exceed 700 GW (GW) by 2020, and
will account for two-thirds of the net power additions. Most renewable
energy comes either directly or indirectly from the sun; among these,
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Fig. 1. Different statistical indices of mean (MEAN), normalized mean absolute error (NMAE), index of agreement (IOA), and correlation coefficient (CC) computed between the observed
and model produced GHI (top), DNI (middle), and DHI (bottom).

solar energy is considered to be the most promising source of energy,
both in terms of harvesting and reliability [5].
The development of large-scale commercial Photovoltaic (PV) and
Concentrating Solar Power (CSP) establishments over different regions
of the world and their economic benefits have been reported in many
previous studies [e.g.,6–14]. Yang et al. [15] reported that the commercial CSP plant operations are now only available in the United States of
America and Spain, producing about 4079 MW, is more than 80% of the
global capacity in 2016. They also emphasized the plans of South Africa
and Morocco to establish massive CSP plants by 2022 to respectively
produce about 3.3 GW and 2 GW, and the plan of Saudi Arabia to install
a 25 GW mega CSP by 2040 [15].
The rapid economic growth in the Middle East and North Africa
(MENA), in particular in the Arab Gulf countries, has resulted in an
increase in the regional annual Total Primary Energy Supply (TPES)
by 14.9% to 800 million Mtoe (million tons of oil equivalent) in 2010
compared to 2007 [16]. The global electricity demand has been globally increasing by about 3.8% on average whereas the increase is much
larger in the Middle East countries, with 7.8% annual increase during
the 1990–2014 period, meaning that the generation capacity has to be
doubled every decade in this region [4]. The surging interest in renewable energy in the region calls for a better understanding of the spatial
and temporal characteristics of the available solar resources in the region. This study aims to bridge the knowledge gap about the assessment
of solar energy potentials in the Arabian Peninsula using state-of-the-art
numerical models and available observations.
The investments in solar energy were estimated at about 5 billion
USD in the Arabian Peninsula (AP) in 2015 [17], rapidly expanding
in recent years to make the AP region an important market for solar energy harvesting. From 2013 onwards, several major solar PV and
CSP plants were commissioned in the region, mainly in Saudi Arabia,
Kuwait, and the United Arab Emirates [18]. The Kingdom of Saudi Arabia itself generates nearly 7 MW of solar energy [1]. Along with the

global network, the Saudi Renewable Resource Monitoring and Mapping
Solar Measurement Network [19] supports the enhancement of the solar generating capacity in the Kingdom through observation networks
and assessments. However, solar energy production highly depends on
the meteorological conditions that control the solar radiation. A lack of
high-resolution information has so far hindered a detailed assessment of
solar energy characterization over the AP.
To assess solar energy resources, it is necessary to investigate the
role of different solar radiation components at various temporal and
spatial scales [19,20]. Global horizontal irradiance (GHI), direct normal
irradiance (DNI), and diffusive horizontal irradiance (DHI) are considered as the major components needed for solar energy assessments. For
instance, the essential solar resource DNI measured as a 5° field view
across the solar disk on a surface oriented normal to the sun’s position in
the sky is of particular interest for CSP and Concentrating PV (CPV) systems. DHI corresponds to the scattered solar radiation that is generally
lower under clear sky conditions and is an important information for
estimating the Plane-of-Array (POA) irradiance, the automation of data
quality assessments, and design applications. GHI is the geometric sum
of the DNI and DHI components available on a horizontal surface, which
can be used alone, or in conjunction with the DNI, DHI, and albedo (reflected ground irradiance) to estimate the solar radiation on tilted flat
plate collectors. The ratio of the DHI to the GHI is the diffuse fraction at
different time scales that is indicative of increased cloud cover and/or
higher aerosol loading during the averaging period [21], used by stakeholders to select installations based on the clearest sites.
Several studies analyzed the available global atmospheric reanalyses to assess the renewable energy resources over different regions,
e.g., wind and solar energy resource over China [22] and Australian
continent [23] using Modern-Era Retrospective analysis for Research
and Applications (MERRA, [24]) data available at 0.5°horizontal resolution, the solar energy resources over European region using European
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Fig. 2. The time series of mean monthly values (w m− 2) of GHI (left), DNI (middle), and DHI (right) at different locations. The model values are presented in black and orange is for
observed. The data used for this study are January 2013 to December 2016. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)

Center for Medium-Range Weather Forecast (ECMWF) Reanalysis (ERA)
available at 75 km resolution [25–27]. However, the surface irradiance
from the reanalysis generally exhibits a bias compared to the satellite
[28,29]and ground based observations [25,30] and could be only used
for filling the data gaps in observed times series [25], or for gross estimations of solar irradiance under clear-sky conditions [31]. Recently,
Ramirez and Vindel [32] discussed the limitations of freely available
global reanalyses, often available at spatial resolutions ranging between
0.5° × 0.5° and 2.5° × 2.5°, for solar resources assessment. They strongly
suggested using mesoscale models, such as WRF or MM5, to dynamically downscale the global fields to generate high resolution data over
the region of interest. Jahani and Mohammadi [33] discussed the merits and shortcomings of different solar radiation estimation methods, by
grouping them in to three categories: empirical relationships, artificial
intelligence, and dynamical modelling, and also emphasized the importance of high-resolution datasets for accurate assessment of the solar radiation parameters.

High resolution regional models have the capacity to better describe
the clouds associated with mesoscale processes, which have important
impact on the solar irradiance. Recently, Urraca et al. [34] and Frank
et al. [35] investigated the quality of the radiation parameters derived
from the European high-resolution regional reanalysis COSMO-REA6
[36] available at a horizontal resolution of 6 km over a 20 years period and concluded that the high-resolution regional dataset clearly outperforms other global reanalyses. Few other studies also used the WRF
model to simulate high-resolution radiation parameters over different
regions over shorter duration (See for example: Chen et al. [37] for
China; Lara Fanego et al. [38] for Spain; Tiriolo et al. [39] and Avolio et al. [40] for southern Europe; Kim et al. [41] for South Korea.,
etc.). However, all these regional modeling efforts analyzed only GHI
and clearness index, and did not consider the radiation effect from
aerosols in the cloud characteristics. WRF-Solar ([42], see Section 2
for details) was developed to fulfill the specific needs of the solar energy industry, by accounting for the interactions of the aerosols with
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Fig. 3. Climatological (38 years, 1980–2017) means (w m− 2) of model GHI, DNI, DHI and the diffuse fraction (DHI/GHI) computed from the annual means.

Fig. 4. The mean covariance (%) of GHI and DNI for the annual means of model GHI and DNI for the period 1980–2017.

the cloud characteristics that modulate the evolution of the clouds and
radiative properties.
Only few studies assessed solar energy resources over the AP region,
based on the available observed radiation parameters [1,19,43–45].
However, a complete high-resolution characterization of the solar energy resources is still lacking for the region. This work presents the
first attempt to characterize the solar energy potential over the AP
based on a long-term high-resolution assimilated dataset of the region along with available observations. We used the state-of-the-art assimilative Weather Research and Forecasting Solar (WRF-Solar) model
that fully accommodates for the aerosol and cloud effects on the radiation parameters and validated its outputs with the observed radiation parameters. This study uses modeling and observations to fill the

knowledge gap in the characterization of solar energy potential over the
AP in order to support the ongoing efforts for establishing renewable energy capabilities in the region.
The study is conducted through the following three steps:
1. We employed the state-of-the-art assimilative WRF-Solar model at
5 km-horizontal resolution to reconstruct at best the regional solar radiation parameters over the period 1980–2017.
2. The long-term model outputs were then validated against observed
radiation parameters.
3. The validated model outputs were then analyzed to explore the variability of the different solar parameters and clearness indices at different time scales in the AP.
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Fig. 5. Climatological (38 years, 1980–2017) seasonal means (w m− 2) of model GHI, DNI, DHI and the diffuse ratio (DHI/GHI).

Our analysis reveals the suitable regions for planning and designing solar energy harvesting facilities in the AP region. The remainder
of the paper is organized as follows. Section 2 describes the WRF-Solar
model and the observational datasets. Section 3 presents validation of
the model outputs against available observations. The variability of different solar parameters at different time scales in the AP are discussed
in Section 4. A discussion of the role of dust and clouds in the variability
of solar resources is given in Section 5. Finally, Section 6 presents the
summary and conclusions of the study.

rect normal diffusion at every model time step by accounting for the
feedback processes among the aerosols, solar irradiance, and clouds.
The main advantages of using WRF-Solar are [42,50]:
1. The solar-tracking algorithm is included to account for deviations associated with the eccentricity of the Earth’s orbit and obliquity.
2. The GHI, DNI, and DHI components are computed at every time step
using the radiation parameterization [51].
3. Sophisticated parameterizations are implemented to provide the surface irradiance by avoiding the computation of the three-dimensional
heating rates [52].
4. A new parameterization is implemented for the absorption and scattering of the radiation due to aerosols by allowing for high-spatiotemporal variability [20].
5. The augmentation accounts for the interactions of the aerosols with
the cloud characteristics (aerosol indirect effects) that modulate the
evolution of the clouds and radiative properties [53].
6. The feedbacks from the sub-grid scale clouds on the shortwave irradiance is implemented via the shallow cumulus parameterization
[54,55].

2. Data and methodology
2.1. WRF-solar system

The acquisition of accurate solar radiance data is key for generating
complete solar energy resource assessments in a region. However, solar radiation information is always limited due to sparse measurements,
and this is particularly true for the AP region [19]. Modelling is considered as a viable alternative approach to derive spatially reliable homogeneous data over a specific region, particularly when driven by available observations. The integration of ground-based data with high-resolution models has been shown to provide a comprehensive and accurate
characterization (on the order of ±4% for annual GHI and ±7% to 8%
for annual DNI, globally) of the solar resources [46–48].
We employed the Weather Research and Forecast (WRF)-Solar [42]
system, an explicit augmentation of the advanced WRF model [49], developed by the National Centers for Environmental Prediction (NCEP)
exclusively for solar energy applications. This model focuses on the representation of cloud-aerosol-radiation systems that are important for solar energy prediction. The model computes the GHI, DNI, and the di

In this study, the Rapid Radiative Transfer Model for Global circulation models (RRTMG) shortwave scheme [56] was used to compute the
surface irradiance components. The cloud-aerosol feedbacks are represented through the Thompson microphysics [53,57]. The combination
of the RRTMG (both shortwave and longwave) radiation scheme and
the Thompson microphysics scheme [57] incorporates the primary and
secondary aerosol indirect effects [58,59], which then provides the DNI
estimate. The technical details of the WRF-Solar model and its evaluation for the simulation of the GHI, DHI, and DNI using different aerosol
sources are reported in Ruiz-Arias et al. [20,60,61].
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Fig. 6. The mean covariance of GHI and DNI for the different seasonal means of model GHI and DNI for the period 1980–2017. Top panel is for DJF, second panel from top is for MAM,
third panel from top is for JJA and bottom panel is for SON. Left column is for GHI and right column is for DNI.
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Fig. 7. Climatological (38 years, 1980–2017) mean of monthly means (w m− 2) of model GHI.

In our study, the WRF-Solar model was implemented with two,
two-way nested domains with 15 and 5 km horizontal resolutions and
51 vertical levels. This telescopic approach of two or more domains
is the standard method for dynamical downscaling, being important to
avoid dynamical “shocks” that could result from direct downscaling of
the 75 km ECMWF fields to a 5-km grid (e.g., [62–66]. The impact of
domain size, horizontal resolution, and different physical processes on
the downscaled outputs is discussed [67]. This “nesting” approach enables to downscale coarse data in to high-resolution information over a
region of interest with minimum computational requirements. ECMWF
reanalysis Interim (ERA-I) data available at a 0.75° horizontal resolution
[68] was used as initial and boundary conditions. All available satellite
and in-situ observations in the region were assimilated into WRF using
the consecutive re-initialization method as described by Viswanadhapalli et al. [69] and Langodan et al. [70,71] to generate the data over
a 38-year period (1980–2017). The simulations were performed over a
36-h periods, starting at 12:00 UTC each day. The first 12-h period was
neglected as a spin up (time to stabilize the model) and the remaining
24-h data were combined to generate a long-term high-resolution reanalysis for the AP.

2.2. Solar resources observations
King Abdullah City for Atomic and Renewable Energy (K.A.CARE)
deployed a Renewable Resource Monitoring and Mapping (RRMM) Solar Measurement Network to facilitate the assessment of solar resources
over Saudi Arabia. This observations network is established for investigating large-scale deployments of solar energy technologies and to optimize planning and siting of solar energy power plants [19]. Different solar parameters are measured using the rotating shadow band radiometers, with the estimated uncertainties on the observed DNI and
GHI in the range of 7–9% and 6–7%, respectively. Full details of the
instruments, data accuracy, and the maintenance of instruments were
described by Zell et al. [19], who also outlined the future road plan to
increase the observational network for more assessment of the solar radiation parameters and their long-term variability in the Kingdom. More
recently, Alharthi et al. [72] analyzed this dataset for the year 2015,
confirming the quality of the data and the relevance of the RRMM Solar Measurement Network observations for solar resources assessment
over the Kingdom. Several other studies reported that the integration
of such ground-based data with dynamical models may provide an ac
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Fig. 8. Climatological (38 years, 1980–2017) mean of monthly means of (w m− 2) model DNI.

curate characterization of solar resources in the order of ±4% for annual GHI and ±8% for annual DNI [46–48,73].
We used the available measurements of GHI, DHI, and DNI (https://
rratlas.kacare.gov.sa/RRMMDataPortal/en/Order/Download) from 46
observation stations over the four-year period 2013–2016 to validate
the solar parameters estimated from the assimilative WRF-Solar model.
The monthly means of the observed parameters were used to validate
the model outputs.
3. Model validation against the radiometer observations

We computed different statistical skill scores to evaluate the model
simulations against the observations. The correlation coefficient (CC),
index of agreement (IOA), and the normalized mean absolute error
(NMAE) are computed based on the framework of model evaluation by
Murphy and Winkler [74] as follows:

(2)

(3)
(4)
(5)

where fi denotes the model forecast values and oi the observation values.
The IOA is the degree of model prediction error [75] which ranges
from 0 to 1. A value of 1 indicates a perfect match, and 0 indicates no
agreement between model and observations. The NMAE is expressed in
percentages, with smaller values representing better agreement between
observed and modelled values.

(1)
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Fig. 9. The mean monthly covariance (%) of GHI computed from the monthly means of model GHI.

The analysis results show (Fig. 1) that the model overestimates the
GHI and DNI, and underestimates the DHI by about 8–10%. The CC between the modelled and observed DHI and GHI was larger than 0.7 at
all locations. The CC of the DNI is higher than 0.6 over most parts of
Saudi Arabia, except in the southern Red Sea and adjoin regions where
it reaches 0.4. The time series of the GHI, DNI, and DHI from the model
and observations at selected locations representing different regions of
Saudi Arabia (Fig. 2) indicate that the monthly, seasonal, and annual
cycles of the different radiation parameters are well reproduced by the
model.
The NMAE of the GHI is relatively higher than those of DNI and
DHI. In particular, the NMAE of the DNI is about 10–15% in most
of the regions, except for a small region over the southern tip of the
Red Sea where the errors reach about 20%. The NMAE of the DHI
is about 20% over most of region, except over the northern Red Sea
coast where it reaches 23%. For GHI, higher values of NMAE of about
20–25% are observed over the southern Red Sea and western coastal regions of Saudi Arabia compared to other regions where it is less than
15%. The IOA between the model and observed radiation parameters
of the DNI, DHI, and GHI ranges between 0.7 and 0.9 for most of the

stations, except for the southern Red Sea and adjoining regions. The
strong convective activities [76] and increased dust storms [77–79] together with the complex terrain reduced the skill of the model over the
southern region [69]. Overall, however, the comparisons with the observations suggest that the model simulated parameters show a reasonable
accuracy to conduct the solar energy assessment study.
4. Assessment of solar energy parameters and their variability in
the AP
We used the 38 years validated WRF-Solar simulations to assess
the variability of the different radiation parameters in the AP at annual, seasonal, and monthly timescales. The annual means of the DNI,
DHI, GHI, and diffuse fractions are presented in Fig. 3. The spatial
distributions of GHI and DNI show similar patterns, with high values
over the western and southwestern AP and low values over the eastern and northern AP. The mean annual GHI varies between 6000 and
8500 Wh m− 2 and that of DNI between 3000 and 6500 Wh m− 2. DHI
ranged from 500 to 3000 Wh m− 2, with high values over most of the
AP and lower values over the central Red Sea and adjoining coastal re
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Fig. 10. The mean monthly covariance (%) of DNI computed from the monthly means of model DNI.

gions. The regions with high (low) diffuse fractions could be related to
the presence of clouds and/or dust loading [76,78–80].
To understand the extent of the interannual variability of daily mean
radiation due to high aerosol loading and cloud coverage, we computed the coefficient of variation (COV = 100 × STD/MEAN) at every
grid point and presented the results in Fig. 4. The results indicate that
the COV of the annual mean daily DNI is relatively higher than that of
GHI over the entire AP. The COV of the GHI and DNI are relatively high
over the southern AP, mainly due to the orography driven rainfall nature of this region [69,76,80]. The COV is relatively lower in most of the
AP, but higher in the regions with high DHIs, indicating higher variance
over cloudy and aerosol loaded regions.
The clouds associated with the mid-latitude transient systems during winters are mainly located over the northern AP [80], whereas the
southern AP is mostly dominated by the monsoon clouds [76,78–80]
and dust loading [77]. These impose significant seasonal variability on
the solar resources over the region. To assess the seasonal variability
of the DNI, DHI, GHI and diffuse fractions, we computed the seasonal
means and their COVs for each parameter and presented the results in
Figs. 5 and 6. The spatial distribution of mean values of all the ana

lyzed radiation parameters over the central to northern AP suggests high
values in summer and low values in winter. However, the seasonal difference in DNI values is not evident because of their low values in both
seasons compared to DHI and GHI. Being the transition seasons, fall and
spring exhibit intermediate values between the summer and winter GHIs
and DNIs, but their distributions show strong similarity with winter.
The seasonal DHI variations indicate that the maximum varies between 2000 and 4000 Wh m− 2 in the summer and the minimum values between 1200 and 2000 Wh m− 2 in the winter. The maximum values in summer are noticeable over the southern AP and the minimum values in winter are confined to the eastern Red Sea region. The
spring and fall patterns of the DHI closely follow the summer patterns but their magnitudes are nearly half of those in the summer
(∼1500–3000 Wh m− 2). The diffuse fraction is high over the southern
regions in summer and low over the northern regions in winter. The
major factors behind this contrast can be attributed to the regional
cloud coverage in different seasons: (i) the Indian summer monsoon
clouds over the southern AP during summer, (ii) the mid-latitude cloud
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Fig. 11. The mean monthly diffuse coefficient (ration between DHI and GHI) computed from the monthly mean diffuse coefficients.

effect over the northern AP, and (iii) the north-east monsoon effect over
the coastal regions of the south-western AP in winter [69,80].**
The seasonal COVs of GHI and DNI show (Fig. 6) the highest values of about 8% in winter over the eastern and north eastern AP. The
fall distribution is similar to that of the summer, with lower magnitudes
(∼6%) due to the increased frequency of dust storms [81]. In summer,
the COVs of GHI and DNI are minimal over the central to northern AP
and increases to 10% over the southwestern AP regions due to the monsoon flow induced clouds. In spring, the COVs of GHI and DNI are about
8% over the monsoon flow region. Another maximum was also observed
over the central Saudi Arabia, associated with the influence of the Tokar
gap winds in the summer [70].
The monthly means of GHI (Fig. 7) and DNI (Fig. 8) show gradual
increases from January to April, peaking to their maximum values between May and September, and then decreasing to their minimum values starting from December. According to the difference in solar insolation, the location of the maxima migrates between the north and south.
The location of the maximum of the mean DHI (results not shown)
starts shifting from north to south from February to November. A uniform distribution of the DHI is observed over the entire region during

December and January. The monthly values of the DHI are high between April and September and relatively low during the remaining
months. This suggests the effects of clouds over the northern AP in winter (October to March) and the aerosol loading due to desert dust over
the central and southern AP in summer (May to September) [76,77].
The COVs of GHI and DNI displayed in Figs. 9 and 10 clearly show
that the northern AP exhibit higher COV of about 12% in the winter
months between October and March, while the summer shows slightly
lower values over the eastern AP. The COV reached up to 17% south
of 15°N in summer, mainly due to the presence of dust and the Indian
summer monsoon clouds coverage. The diffuse fraction values (Fig. 11)
are significantly higher over the northern AP between November and
February, start decreasing from March to April, before reaching their
minimum in summer (May and August). The transition from low to high
values of the diffuse fraction over the southern and northern AP exhibits
an opposite behavior. The southern AP shows low diffuse fraction values during winter, start increasing from May onwards, and reach their
maximum in July.
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Fig. 12. Climatological monthly means of AOD and Cloud Cover (contours) from MODIS data. Monthly means are computed for the period 2003–2017.

5. Impact of dust and clouds

conditions and the diurnal variations in particular are also important
factors for solar energy installations. To assess the diurnal variations
of the clearness index due to the presence of clouds and dust, we considered three locations representing the northwestern (L1, 27.84696°N;
36.64078°E), southwestern (L2, 18.11161°N; 43.49429°E), and eastern
(L3, 25.76176°N; 48.94594°E) regions of Saudi Arabia. These three locations were identified based on the spatial distribution of the monthly
AOD and cloud coverage.
Figs. 13, 14, and 15 present for each location the boxplot for the
hourly clearness index of each month with the full range of the variations (from minimum to maximum), the first quartile, the median, and
the third quartile. The seasonal differences in the diurnal distribution of
the clearness index are clear at all three locations. L1 shows a consistent uniform clearness index over the entire year with minimum variation, except in winter (November to February) where a higher variability is noticeable in the morning and evening hours. The clearness index
exhibits substantial diurnal variability at L2 in summer (June to September) and high diurnal variability at L3 between October and March.
These results indicate that the L1 location in the northwestern Red Sea
is affected by the mid latitude cloud systems in winter and the L2 location in the southwestern location is affected by the higher AOD and
more cloud coverage. The eastern location L3 shows higher diurnal variations during months with higher AOD and higher cloud coverage (Fig.
12), suggesting that the effects of clouds and dust at the diurnal scale
are overall well represented by the WRF-Solar model.

The availability of solar resources is related to the sun's irradiance
and spectral content. Other external factors related to the geographical
location and local conditions can however have important impact on the
availability of solar energy resources [17]. Among these, dust and cloud
coverage are the major variables that characterize the viability of a solar installation [42,50,82–84]. The presence of dust due to storms over
the AP may therefore have a significant influence on solar energy applications. The dust emissions from these regional storms are generally
triggered by large-scale atmospheric instabilities and high surface winds
[85–88]. The quality of the observed solar parameters may also depend
on the dust deposition and requires regular maintenance of the instruments to ensure quality data measurements [19].
To assess the impact of the dust and cloud fractions on the solar resources over the AP we analyzed the monthly variability of the aerosol
optical depth (AOD) and cloud coverage over the region. The results
show that the maximum values of the AOD (Fig. 12) over the southern AP mainly occur during the summer months. A clear sky with lower
AODs generally prevails over the northern AP, except during summer
when the dust transported by the Shamal winds act as an opaque filter for the solar radiation [77]. In contrast, the southern AP exhibits a
relatively higher AOD in summer due to the aerosol loading and clouds
associated with the Indian summer monsoon [76–79]. The dust over the
northern AP and clouds over the southern AP play an important role
in modulating the higher diffuse fractions. Similarly, in winter months
over the northern AP, the higher diffuse fractions are mainly due to the
clouds that are induced by the mid-latitude weather systems [80].
The spatial distributions of the AOD and cloud coverage indicate
the areas of high clearness index; however, the persistence of these

6. Summary and conclusions
This study assessed the solar energy resources over the AP. We implemented an assimilative WRF-Solar model to generate a long-term
(1980–2017) high-resolution (5 km) dataset of different irradiance
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Fig. 13. Boxplot at L1 (27.84696N; 36.64078E) for the hourly diffuse index of each month for the period 1980–2017. The full range of variation (from minimum to maximum), the first
quartile, the third quartile and the median are presented.

ranged from 6000 to 8500 Wh m− 2, whereas the DNI ranged from
about 3000 to 6500 Wh m− 2.
3. The significant changes in the coefficient of variability of GHI and
DNI between summer and winter indicates a strong seasonal variability in the solar resources over the AP. Moreover, the solar resources
exhibited a strong sensitivity to the regional climate; for instance, the
Indian summer monsoon was a factor in modulating the solar energy
over the southern AP, whereas the northern part was dominated by
the Mediterranean weather systems.
4. Monthly analysis of the DNI, DHI, and GHI showed a gradual increase between January and April, with the maximum occurring between May and September. The location of the maxima of the DNI
and GHI migrated from the southern to the northern AP between
January and September and the location of the maximum of the
mean DHI moved southward between February and November. The
DHI was high from April to September, suggesting the effects of
clouds over the northern AP in winter (October to March) and the
aerosol loading due to desert dust over the central and southern AP
in summer (May to September). The percentage of the coefficient
of variations for GHI and DNI were higher over the northern AP in
winter between October to February and reached up to 17% south

variables, including GHI, DNI, and DHI over the AP region by downscaling ERA-interim global reanalysis data. The model simulations were
validated by comparisons with solar radiation measurements from 46
radiometers distributed over Saudi Arabia. These instruments are deployed and maintained by the Renewable Resource Monitoring and
Mapping (RRMM) Solar Measurement Network to support the assessment of solar resources over the Kingdom of Saudi Arabia.
The main findings of our study are:

1. The statistical scores of the comparison between our model outputs
and observations (correlation coefficient is greater than 0.8 with 95%
significance; the normalized bias is around 10–15%, and the index
of agreement is about 0.7) suggest that the simulated solar parameters are reasonably accurate to conduct the solar energy assessment
study.
2. The annual means of the model simulated irradiances DNI, DHI, GHI,
and diffuse fractions (the ratio of the DHI to GHI) were found to be
high over the western and the southwestern Red Sea regions. The
GHI and DNI also exhibited similar patterns of high values over the
western and southwestern Red Sea and low values over the eastern and the northern AP. The annual mean of the GHI over the AP
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Fig. 14. Boxplot at L2 (18.11161N; 43.49429E) for the hourly diffuse index of each month for the period 1980–2017. The full range of variation (from minimum to maximum), the first
quartile, the third quartile and the median are presented.

of 15°N in summer, due to the transport of dust and the monsoon related clouds. The diffuse fraction was high/low over the northern/
southern AP from November to February.
5. The diurnal variation of clearness index suggests that the northwestern and eastern parts of Saudi Arabia exhibit significant diurnal variability in winter, whereas the southwestern regions show high diurnal variability in summer. Our analysis indicate that the northwestern and eastern regions are affected by the mid latitude weather
systems in winter, while the southwestern region is affected by the
higher AOD and cloud coverage in summer.
6. Our analysis of various solar radiation parameters and the aerosol
properties outlines a general picture of solar energy potential over
the AP, suggesting significant potential to support energy needs
in this region. The northeastern and southwestern AP regions are
respectively significantly affected by the cloud coverage and dust
aerosol loading during winter and summer and are thus not viable
for solar energy exploitation. Though the presence of dust causes a
low diffuse index, the southeastern to northwestern regions of Saudi
Arabia are more suitable for solar energy harvesting.

The generated long-term outputs of the WRF-Solar model describe
reasonably well the varying solar resources conditions over the AP, and
can thus help closing the information gap in the regional solar radiation
resources. In addition, this dataset contains enough information to support the developments of viable solar energy capabilities in the country. The economic assessment of derivable solar power is not considered
in this study and is difficult to evaluate based solely on the results presented here, as it depends on the choice of power plants and optimization of electricity system configuration in the region. The AP, in particular Kingdom of Saudi Arabia under the vision 2030, is one of the rapidly
growing renewable energy markets and this study provides the essential
information for researchers and policy makers for developing efficient
strategies for solar energy harvesting.
This study did not consider the impact of the land disturbance, land
use, and the dust/relative-humidity/air-temperature risk on the solar
energy harvesting in the AP and more work is still needed in this regard to understand the role of these factors in modulating the solar
power in the region. Moreover, forecasts of cloud characteristics are
still an immense concern for the mesoscale models and further improvements in WRF-Solar should be achieved for more accurate DNI
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Fig. 15. Boxplot at L3 (25.76176N; 48.94594E) for the hourly diffuse index of each month for the period 1980–2017. The full range of variation (from minimum to maximum), the first
quartile, the third quartile and the median are presented.

and GHI estimates during cloudy and overcast conditions for real-time
solar applications. These directions will be explored in future studies.
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