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A B S T R A C T   

In this work we analyze wind speed and solar irradiation data of high spatial and temporal res-olution for an 
extended area of north-western Africa including the Mediterranean Sea. We ex-ploit the ERA5 data bank 
compiled and maintained by the European Centre for Medium Range Weather Forecast (ECMWF). One of the 
new products they provide is horizontal wind speed components at a height of 100 m (modern wind turbines 
have a hub height between 80 and 120 m). We demonstrate that the desert area is an optimal location for wind- 
and solar electricity production for two peculiar aspects. Firstly, the wind speeds at 100 m over the Sahara are al- 
most as large as wind speeds over the open sea. Wind speed differences between the standard 10 m altitude and 
100 m level are considerably larger over the desert area than over the sea. Secondly, there are utilizable anti- 
correlations between local wind speeds at 100 m and surface solar radiations over the Sahara. As far as we 
know, such anti-correlations over our target area are not considered until very recently as an exploitable source 
of combined solar-wind electricity production. We provide a theoretically optimum combination of the two 
resources in a simple model framework. The result is that resource combinations between 60-40% and 70-30% 
wind-solar electricity aggregation (depending on the geographic location) provide and optimally smooth output 
with a minimal loss of total production achieved by either pure wind or pure photo-voltaic generation.   

1. Introduction 

Access to electricity can play a critical role in sustainable develop-
ment in Africa [1–3]. In September 2015, United Nations member states 
adopted a comprehensive global development agenda known as the 
Sustainable Development Goals. The 17 goals cover everything from 
poverty, hunger, health, education, gender equality, water to climate, 
peace and justice, among others [4]. Goal 7 entitled “Ensure access to 
affordable, reliable, sustainable and modern energy for all”, with an 
emphasize on renewable sources. In the past decade, the population 
with access to electricity increased by 1 billion people (reaching ~90% 
of the global population), still around 800 million individuals, mostly 
living in rural areas, lack this fundamental service [4]. There were 
promising improvements at several regions, particularly in Latin 
America and South-Eastern Asia, however the population growth in 
Africa was faster than the increase of access to electricity. The 

development of energy sector, especially the expansion of modern solar 
and wind resources is hindered by several factors in Africa including the 
lack of initial capital, lack of skilled workforce, weak maintenance ser-
vice, poor infrastructure and institutional background, etc. [1,5]. It is a 
particularly unfortunate fact, because the climate over a large part of the 
African continent provides excellent opportunities for installing solar 
and wind electricity facilities, as we will demonstrate also in this study. 

The spatial and temporal variability of climate variables and inter-
mittency of renewable electricity sources have a vast literature, for a 
recent review see Engeland et al. [6]. Somewhat less attention has been 
paid on combined (the other term is hybrid) solar and wind power 
systems, however the interest is continuously increasing [7–11]. 
Complementarity of various renewable resources, such as wind, solar 
and hydropower, has been studied in all continents, Africa is somewhat 
underrepresented [7,11]. Suitable geographic locations where wind and 
solar resources exhibit temporal anti-correlations have been identified 
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in Australia [12], in the north-eastern part of the Arabian Peninsula (on 
a monthly time scale) [13], over the European subcontinent when solar 
and wind power are integrated across Europe [14,15], in Sweden (grid 
integrated) from hourly to yearly timescales [16], in the Iberian 
Peninsula [17,18], Argentina [19], China [20] and a couple of other 
locations (see the literature in the reviews by Jurasz et al. [8], Solomon 
et al. [9] and Weschenfelder et al. [10]. These studies have been intro-
duced simpler and more complicated measures to characterize 
complementarity starting from the temporal correlations on various 
timescales to the more demanding principal component analysis and 
canonical correlation analysis [18]. Note that temporal complemen-
tarity depends on the timescales considered, e.g. it can be present on 
seasonal or annual scales but it is negligible in hourly or daily intervals 
[8,21]. 

In order to estimate wind and solar electricity production potential, 
we analyze ERA5 reanalysis data of high spatial and temporal resolution 
over north-western Africa. Figure S1 in the Supplementary Material il-
lustrates our target area which is centered around Algeria, including the 
Mediterranean Sea. The dominating geographic feature of the region is 
the Sahara, which lacks surface vegetation almost entirely. Low vege-
tation refers to crops and mixed farming, irrigated crops, short grass and 
tall grass in this area (Fig. S1a), while high vegetation (evergreen trees, 
deciduous trees, mixed forest/woodland, and interrupted forest) is 
practically present only along the costs of the Mediterranean See and the 
Atlantic Ocean (Fig. S1b). Data analysis revealed two peculiar features 
over the Sahara. A comparison of wind speeds at 10 m and 100 m alti-
tudes indicates steep vertical wind profiles over the Sahara, where wind 
velocities at larger heights are comparable with wind velocities over 
open sea. This provides an optimal circumstance for on-shore wind 
electricity generation with capacity factors similar to the off-shore fa-
cilities demanding much larger initial capital. 

The second peculiarity is observed by evaluating high temporal 
resolution (1 h) wind and insolation records in the central part of region 
denoted by a blue rectangle in Fig. S1. Namely, the wind at 100 m 
altitude is significantly intensifies during the nighttime periods over 
extended regions. This provides an opportunity to integrate wind and 
solar electricity, where the output is substantially smoother than in the 
case of either only wind or only solar generation. The most suitable area 
(centered at In Salah province) is very far from the densely inhabited 
coastal regions, however as a first step, proper installations can supply 
the local population (In Salah and Tamanrasset provinces, estimated 
total population is around 165 thousands inhabitants). For this reason, 
we do not consider any grid integration issues, we assume distributed 
energy production. 

After submitting our manuscript, a paper appeared by Guezgouz 
et al. [11] on an analysis of solar and wind energy complementarity in 
Algeria. We will discuss the differences between our study and Ref. [11] 
in details in Section 4 (Discussion). 

2. Data and methods 

ERA5 is the fifth generation ECMWF atmospheric reanalysis of the 
global climate [22]. It combines model data with global observations 

into a complete and consistent gridded (0.25○ 
× 0.25○) dataset on 137 

pressure levels spanning the surface of the Earth to 0.01 hPa, from 1979 
onward (regularly updated) with a temporal resolution of 1 h (In a 
preliminary version, ERA5 reanalysis backward extension is available 
from 1950 to 1978, too.) The time variable assigned to all data is in UTC 
(Universal Time Coordinated), fortunately the largest part of our target 
area belongs to the UTC+0 time zone. Table 1 lists the variables we 
evaluated in this study. 

As for the wind component parameters (u10, v10, u100, v100), it is 
important to note that they represent averages over a model grid box 
and the native time step of 1 h. In the absence of measurement data, we 
could not validate the particular reanalysis time series we used, never-
theless in an earlier work [23], a very good agreement was concluded 
between properly averaged and scaled nacelle anemometer records at a 
hub height of 65 m and ERA-Interim u10 and v10 reanalysis parameters. 
Since meteorological observations are usually local to a particular point 
in space and time, differences are present, however they do not affect 
significantly a statistical evaluation [23]. A recent intercomparison of 
five reanalysis data banks and tall tower wind observations concluded 
also that ERA5 surface winds offer the best agreement in correlating and 
reproducing the observed time evolution and variability [24]. Never-
theless a few times per year, the analysed low level winds (both at 10 m 
and 100 m), become unrealistically large in particular locations. For 
example, stored wind speeds at 100 m in the period of January 10, 
2018–November 30, 2018 are larger than 4.6 × 104 ms− 1 therefore it is 
easy to filter out them as extreme outliers. Point errors (specific grid 
point at a given time instance) are corrected by linear interpolation. 

The geographic region of our work shown in Fig. S1 is located over 
north-western Africa. The spatial resolution is 0.25○ 

× 0.25○, which 
means 93 × 101 (lat × long) grid cells. We examined nearly four decades 
with a temporal resolution of 3 h, which was enough to represent diurnal 
variations with a reduced data mass. The four periods were the 
following: January 01, 1981–12/31/1990; January 01, 1991–12/31/ 
2000; January 01, 2001–12/31/2010; and January 01, 2011–09/31/ 
2018. Since we did not observed any observable differences between the 
decades in our particular statistical tests, we mostly present results for 
the last period. The main exception is the full resolution analysis focused 
into the Sahara (blue rectangle in Fig. S1), where 1 h ssrd and s =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
u2 + u2

√
time series are evaluated in the period of January 01, 

2007–09/31/2018 (33 × 33 grid cells, 102983 data points for each). 
The temporal resolutions of 3 h for the whole study area, or 1 h for 

Western Sahara are not fine enough to consider issues in power system 
operation (usually based on steps of 15 min). In this respect, our study is 
a conceptual one based on multi-annual statistical and correlation 
properties of wind and solar resources. 

The parameter ssrd (shortwave solar radiation downward) represents 
the amount of incoming flux of solar radiation on a horizontal unit 
surface. This parameter comprises both direct and diffuse solar radiation 
and cloud effects. Radiation from the Sun is partly reflected back to 
space by clouds and aerosol particles in the atmosphere and some of it is 
absorbed, the rest is incident on the Earth’s surface. To a reasonably 
good approximation, the parameter ssrd is the model equivalent of what 
would be measured by a pyranometer. 

2.1. Spatial correlations of wind fields 

In order to characterize spatial correlations of wind speeds between 
different geographic locations, we determined the Pearson correlation 
coefficient R matrix for each pair of grid points, a matrix of size 9393 ×
9393. The standard definition of R is 

Rsisj =
〈
[
si(t) − si(t)

] [
sj(t) − sj

(
t
) ]

〉t

σsi σsj

(1)  

where the overline indicate mean value, the nominator is a temporal 

Table 1 
ERA5 variables used in this work. ’Id’ refers to the short name of parameters in 
the ERA5 nomenclature. Note that ssrd is an accumulated parameter, mean flux 
(Wm− 2) are obtained by dividing the integration time (3600 s).  

Id long name units 

cvl Low vegetation cover [0–1] 
cvh High vegetation cover [0–1] 
u10 10 m u-component (eastward) of wind ms− 1 

v10 10 m v-component (northward) of wind ms− 1 

u100 100 m u-component (eatsward) of wind ms− 1 

v100 100 m v-component (northward) of wind ms− 1 

ssrd Surface solar radiation downwards (accum.) Jm− 2  
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mean value of the products and σ is the standard deviation. All calcu-
lations were performed in a Python environment (version 3.6) with the 
standard Numpy and Scipy packages, maps were drawn by the Basemap 
module. 

Pearson correlation is the most common metric for the evaluation of 
a linear association between two time series, see. e.g., Table 1A in 
Ref. [8]. Its mathematically rigorous foundation requires memory-less 
Gaussian distributed infinitely long random sequences, none of them 
is fulfilled by environmental parameters. A somewhat more flexible 
metric for an evaluation of arbitrary but monotonous association between 
two time series is provided by the Spearman rank correlation coefficient: 

ρ
(
sisj

)
=

cov
[
r(si)r

(
sj
) ]

σri σrj

, (2) 

which is simply Pearson’s correlation coefficient applied to the ranks 
of the observations. Ranks are obtained by an assignment of ordering 
labels “first” (e.g. largest), “second” (second largest), etc. to a series of 
observations of a particular variable. This metric was used in a couple of 
complementarity studies, see Ref. [8], and most recently in Refs. [11, 
21]. 

2.2. Wind electricity estimate 

The wind turbine power curve shows the relationship between a 
wind turbine output power and hub height wind speed [25]. Note that 
the only purpose of such an operational form is to give a smooth rela-
tionship between input speed values and output power based entirely on 
empirical data; therefore neither the mathematical forms nor the num-
ber of parameters are unique [25]. We adopted the following functional 
form which was proven to provide a reasonable fit for recorded power 
output data [23,26,27]: 

P(s) = a0(s − sci)
α if sci ≤ s ≤ sx

=
a1

1 + exp
[
− (s − a2)

β
] if sx < s < sco

= 0 if s < sci, and s > sco

(3) 

Based on Ref. [27], where factory power curves were rescaled simply 
by the rated power for 6 different turbines and fitted by Eq. (3), the 
following parameters are used in the model calculations. Cut-in wind 
speed Sci = 2.5 ms− 1, crossover speed (crossover to the rated power 
plateau) Sx = 10.0 ms− 1, and cut-out speed Sco = 25.0 ms− 1. The further 
empirical parameters are ao = 0.935, α = 2.14, a1 = 100%, a2 = 9.16 
ms− 1, and β = 1.05 (see Fig. 4 in Ref. [27]). 

The first equation in the piece-wise nonlinear set (3) reflects the 
power law dependence of wind power between the cut-in speed sci and 
crossover speed sx. The well-known theoretical value of the exponent is 
3, the empirical data of factory power curves reflect somewhat lower 
values between 2 and 2.5. The second equation between the crossover 
speed sx and the cut-out value sco describes the regularized regime by 
properly rotating the blades. Here the output quickly converges to the 
nominal peak power resulting in the well known plateau (optimal 
operating range). The form is a simple logistic function shifted to 
converge to the rated power. 

2.3. Combined solar and wind electricity estimate 

As for an estimate of solar power alone, we use the following con-
siderations. The electric output power of a photovoltaic (PV) panel de-
pends linearly on the incoming flux of the solar radiation. It is a trivial 
fact that an optimal positioning of a PV panel is not horizontal away 
from the equator, it should be properly tilted to receive more direct and 
less grazing incidence radiation. Jacobson and Jadhav [28] determined 
globally an optimal tilt angle and insolation gain relative to horizontal 
for all countries of the world. Considering our test area centered in the In 
Salah region, Sahara, at the northern edge (33○N) the optimal tilt angle 

Fig. 1. Geographic distribution of mean wind speed (a) at 10 m, and (b) at 100 
m altitude. Note the different color scales. (c) Temporal mean of instantaneous 
wind speeds ratio s100m/s10m. The evaluated period is from 01/01/2011 to 09/ 
31/1998. 
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of fixed PV panels is around 28–29○, while at the southern edge (25○N) 
the optimum is around 24–26○ (see Fig. 2 in Ref. [28]). Accordingly, the 
gain of short wave radiation flux is a factor between 1.10 and 1.15, see 
Fig. 5b in Ref. [28]. We use this correction factor by estimating PV 
output power as a function of downward solar radiation flux ssrd. Note 
that the optimal tilt angle and azimuth of a PV panel change hour by 
hour following the daily solar cycle and seasonal variation of the 
elevation of the Sun. However, such Sun-tracking mechanisms are 
expensive and demanding steady maintenance, therefore we consider 
the common compromise of fixing the tilt and azimuth (southern di-
rection) which results in the maximal annual mean output [28]. 

Other known small corrections (e.g. the temperature of the PV panel, 
possible cloud shadowing, dust cover etc.) are omitted. Nevertheless, 
dust cover might be a serious issue in the Sahara. Several studies 
concluded that accumulation of dust on the surface of photovoltaic cells 
causes a significant degradation of electricity generation [29–31]. A 
recent experimental study [31] found that a sand cover of 100 gm− 2 

decreases the output power by ~12%, however a weekly dry cleaning 
(brushes and clothes) reduces the power loss to less than 1%. 

The simplest model of an aggregated output of solar and wind 
electricity Ptot as a function of time t consists of a single parameter, the 
resource fraction 0 ≤ c ≤ 1 which is the ratio of wind and solar contri-
bution to a total rated power of 100% (see e.g., Ref. [27]): 

Ptot(t)= c×Pwind(t)+ (1 − c)× 0.1× 1.125 × ssrd(t) (4) 

Here the coefficient 0.1 on the right hand side follows from the 
practice that the rated output power (100%) of a solar panel is deter-
mined at 1000 Wm− 2 perpendicular insolation and at a panel temper-
ature of 25○C, but we neglect temperature effects here. The factor 1.125 
is simply the mean gain of insolation at optimal tilt angles, as discussed 
above. The wind power output Pwind(t) is estimated by transforming the 
wind speed s100(t) with Eq. (3). The two limiting values c = 0 and c = 1 
belong to pure solar and pure wind electricity generation. 

3. Results 

3.1. Mean wind speeds and capacity factors 

Fig. 1 presents the mean wind speeds determined over almost 8 years 
with a resolution of 3 h. Fig. 1b reveals that mean Saharan wind speeds 
at an altitude of 100 m are comparable with the values over open sea 
areas, both over the Mediterranean Sea and the Atlantic Ocean. Fig. 1c 
suggests that the reason is a steeper vertical wind profile over the desert, 
the ratios s100m/s10m are substantially larger (1.5–1.6) than over the open 
sea (1.1–1.2). It is an interesting fact that the highest wind speed ratios 
are obtained close to the coastal areas at the north. This areas strongly 
overlap with the regions covered by low and high vegetation (see 
Fig. S1) resulting in low surface wind speeds (Fig. 1a). Similarly, wind 
speed mean ratios are large over the southern belt of low vegetation 
cover (red coloring in Fig. 1c), nevertheless the dampening at the surface 
at these locations is so strong (blue coloring in Fig. 1a) that even a factor 
2.0–2.2 means low mean values at 100 m (blue-green coloring in 
Fig. 1b). 

The relatively large hub-height mean wind speeds at 100 m over the 
Saharan region suggest that the capacity factors of wind electricity 
generation should be comparable with off-shore wind farms. The ca-
pacity factor is simply the ratio of total realized output and rated output for 
an extended period, usually 1 year. It is given either as a dimensionless 
number between 0 (no electricity output) and 1 (continuous full ca-
pacity output) or as a percentage value between 0 and 100%. We 
adopted the latter notation. Indeed, Fig.2 reveals that capacity factors 
larger than 40–45% are expected particularly over the central region of 
Algeria (roughly In Salah province). Here the wind speeds s100 are 
transformed by Eq. (3) as described above. Minimal capacity factor 
values are obviously located in the middle of the low wind belt in 
Morocco (see also Fig. 1a and b). The value is less then 1% in the region 
of Al Haouz, particularly around 31.25○N (lat), 8.0○W (lon). The prac-
tically windless area is located north-west behind the Atlas Mountains. 
(Notably, Morocco has a much larger off-shore than on-shore wind en-
ergy potential [32].) The situation is similar over the densely populated 
coastal regions in Algeria, unfortunately the low expected capacity 

Fig. 2. Geographic distribution of the mean capacity factor in the period of 01/01/2011–09/31/2018 (percentage values).  
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factors question any reasonable installation of wind turbines. 

3.2. Spatial correlations of wind speeds 

Spatial wind speed correlations can be an essential factor prior to a 
wind farm installation, especially when wind electricity is integrated 
into an extended grid. The quality of an aggregated output can be 
dramatically improved when the output of wind farms located on sites of 
large negative correlations (anti-correlations) are integrated. In order to 

check the potential of such distributed installation, we determined the 
Pearson correlation coefficient R by Eq. (1) between all the 93 × 101 
grid-points, as described in Subsection 2.1. 

The result is the correlation matrix of size 9393 × 9393, which 
permits to determine the correlation map for each geographic location. 
Examples are shown in Fig. 3a and b for two Saharan locations (further 
two examples are in Fig. S2). All maps demonstrate that spatial corre-
lations are very strong over the desert, similarly to open sea surfaces. 
The patterns are rather complex, therefore the usual characterization by 

Fig. 3. Geographic distribution of the Pearson correlation coefficient R between the target location (black symbol) and all the other grid cells. 100 m wind speed 
records are evaluated in the interval 01/01/2011 - 10/31/2018. (a) Target location 31◦N, 4◦E (~120 km north-east from the oasis town El Menia, Algeria); (b) 27◦N, 
2◦E (~14 km south-east from the town In Ghar, Algeria). Note that the color scales are strongly asymmetric. 
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a single correlation length (assuming an exponential decay) is an over-
simplification (see Ref. [33] and references therein). For example, in 
Fig. 3a very strong spatial correlations (R = 1) extend at least ±4○ (±380 
km) in the zonal direction along 31○N latitude, while the meridional 
decay along 4○E longitude is faster (±2○, ±222 km). The pattern of 
strong positive correlations in Fig. 3b is asymmetric in the zonal direc-
tion, nevertheless the characteristic lengths of strong correlations in any 
direction are over 200 km. Strong correlations are expected over the 
Sahara after inspecting the instantaneous or mean wind fields. Fig. S3a 
illustrates a nighttime (at 03:00 UTC), while Fig. S3b a daytime (at 15:00 
UTC) mean flow fields, where vectorial mean of 100 m wind velocities 
are calculated and visualized. Indeed, the flow fields exhibit very large 
coherent structures, particularly over the Sahara. Such wind velocity 
patterns are strongly related to the continental scale westward and 
northward dust transport [34,35]. 

Fig. 3b (and Figs. S2, S3) illustrate an other general feature of spatial 
correlations: for most of the grid-cells, weak anti-correlations appear for 
very large distances. The smallest negative correlation found is around 
R = − 0.25 for a few locations, and in general, places of low wind and 
high wind regions are anti-correlated as in Fig. 3b. By inspecting a large 
number of such correlation maps, we can conclude that the exploitation 
of negative spatial correlations in an aggregated wind electricity pro-
duction is not realistic over this geographic area. 

Note that the consideration of Spearman rank correlation [Eq. (2)] 
leads to the same conclusion, correlation maps are almost identical (see 
Supporting Figs. 2 and 3). 

3.3. Combined wind-solar electricity production 

An obvious renewable resource in desert areas is photovoltaic elec-
tricity generation. We evaluated the possible role of ssrd (surface solar 
radiation downward) in an energy portfolio. The geographic distribu-
tion of long time mean ssrd values is exhibited in Fig. S4, Supporting 
Material. Particularly, we analysed the potential of aggregated wind- 
solar electricity production over the middle of Saharan region in 
Algeria (see Fig. S1), where the expected capacity factors for wind 
electricity generation are the highest (see Fig. S5 for mean wind speeds 
over this area). 

The simple model construction described in Subsection 2.3 is an 
upper limit, losses and other disturbing factors (warming of solar cells, 
dust cover, etc.) are not considered here. The linear combination of the 
two terms given by Eq. (4) means that the total output integrated over a 

longer period is a linear function of the resource fraction c, where the 
slope is determined by the capacity factors of pure wind and pure solar 
generation. When the former is larger, the slope of the line is negative, in 
the opposite case the slope is positive. 

Fig. 4 illustrates a peculiar feature of ssrd and s100 hourly time series 
inside the western Saharan region (blue rectangle in Fig. S1). It is 
apparent that desert wind intensifies quiet often during the night pe-
riods. The examples shown are not cherry picking, this is the general 
tendency in this geographic region, and in every seasons. The numerical 
values of the correlation coefficient R are rather moderate (R > − 0.3), 
however this is the consequence of the very large standard deviation of 
ssrd in the denominator of Eq. (1). Indeed, downward solar radiation 
varies each day between zero and 800–1000 Wm− 2, even in the northern 
edge of the region (33○N) is not less than 600 Wm− 2 in the middle of the 
winter season. 

When the main goal is to maximize renewable electricity production, 
the solution is simple: choose the resource which has the higher total 
capacity factor. The largest part of the Saharan region "solar-domi-
nated", therefore maximum production can be achieved by pure 
photovoltaic generation. The price is the strong oscillation, there is zero 
production during the nights. (Unfortunately, industrial scale renewable 
energy storage is not a option in Africa, because all known technology 
require very large investment capital [36]). 

When the target of optimization is a smoother production, it is worth 
to consider the possible role of nighttime desert winds. One possible 
parameter to characterize the strength of fluctuations for a given time 
series is the coefficient of variation (CV) which is simply the ratio of 
standard deviation and the long-time mean value. We determined sys-
tematically CV as a function of resource fraction c [see Eq. (4)], and 
found that it has a unique minimum value (see Fig. 5a-inset) defining an 
optimal combination ratio copt with the smoothest possible output. 
Fig. 5a illustrates that this optimum is between 0.56 and 0.69 (Pwind 
proportion) depending on the particular location. At the optimal value 
of resource combination copt , the total output is obviously less than the 
maximum, therefore we determined the total capacity factor loss for 
each gridcell, which is the difference [Ptot(copt) − Ptot(cmax)]. [Note again 
that cmax is either 0 or 1 for solar-dominated or wind-dominated loca-
tions, see Eq. (4).] The result is shown in Fig. 5b. The large blue areas 
indicate that the capacity factor loss is only a few percent at the optimal 
resource combination copt for most locations. 

The coefficient of variation CV shown in Fig. 5a-inset has very sub-
stantial drop at several places around copt , nevertheless one can 

Fig. 4. Time series of downward solar radiation flux at the surface (in units of Wm− 2, red) and 100 m wind speed (ms− 1, blue) multiplied by 80 for the sake of 
visualization. 500-500 h are plotted (about 3 weeks). (a) Location 27○N, 0○ (10 km south-east from the town Sali, Algeria), August 2018; (b) 27○N, 2○E (14 km south- 
east from the town In Ghar, Algeria), February 2018. 
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demonstrate the improvement of the combined output power quality in 
more transparent ways. As an example, we determined the ratio of total 
time when the output is less than 10% at copt over the total time when the 
output is less than 10% at cmax, denoted by CFH10% (Capacity Factor 
Hiatus). The geographic distribution of CFH10% is shown in Fig. 5c. The 
blueish areas exhibit a dramatic improvement, the total time of low 
aggregated output at the optimal resource ratio copt is only 30–40% 
relative to the maximal output at cmax. The huge green island in the 
middle of the region unambiguously identifies the wind-dominated lo-
cations (cmax = 1), blue sites are solar-dominated (cmax = 0). The reason 
of the dampened improvement over wind-dominated areas (CFH10% =

60%) is simply the fact that the wind speeds at 100 m almost never drop 
to zero, still the incorporation of solar electricity generation provides a 
much better quality aggregated output. The improvement over solar- 
dominated locations (blue in Fig. 5c) is more pronounced because any 
inclusion of nighttime wind electricity production immediately shortens 
the periods of zero output . 

4. Discussion 

Previous assessments of wind energy potential over Algeria have 
been mostly based on surface measurements of meteorological stations 
or reanalysis wind fields at 10 m standard height and common extrap-
olation methodologies to estimate wind strengths at assumed hub- 
heights of 80–100 m. The list of most relevant studies and their key 
features are the following: Merzouk [37], 10 years, 64 weather stations, 
annual wind map; Djamai and Merzouk [38] wind farm potential at 
around Ardar, 5 years of WAsP data; Stambouli et al. [39], overview of 
Algeria’s whole energy sector, particular emphasize on renewable 
resource potentials; Boudia et al. [40], 5 years, 87 weather stations, 
wind maps at 10 m height; Daaou Nedjari et al. [41], 10 years, 95 
weather stations, probability distributions, wind maps for 10 m and 80 
m (extrapolated); Boudia and Santos [42], 33 years of ERA Interim data, 
validation by 42 ground stations for 2014, probability distributions, 
regional wind resource maps; Ounis and Aries [43], 17 years of ERA 
Interim data, evaluation of various probability distributions; most 
recently Guezgouz et al. [11], solar and wind energy complementarity in 
Algeria for the year 2019 with 1 h temporal resolution, wind data from 
MERRA-2 reanalysis (10 m, extrapolated), insolation data from CAMS 
reanalysis. The wind maps are similar to our Fig. 1a, however maximum 
mean values are shifted somewhat westward, around Adrar (27.87○N, 
0.28○W). The wind maps by Nedjari et al. in Ref. [41] (Fig. 3 for 10 m 
and Fig. 5 for 80 m) and Guezgouz et al. [11] exhibit a good agreement 
with ours, windiest places are centered around In Salah (27.18○N, 
2.48○E). 

All the above listed studies are based on wind fields at the 10 m 
standard height, and extrapolations are used for higher altitudes. 
However, extrapolation of 10 m wind speeds to 100 m by e.g., the usual 
power law approximation may result in erroneous results. A particularly 
spectacular example is presented in Supplementary Fig. 2 by Sterl et al. 
[7]. The mean daily cycle of surface wind (thus the extrapolated speed 
too) exhibits an enhancement during the daylight periods, nevertheless 
ERA5 100 m wind speeds have the very opposite tendency of an 
enhancement during the nights. 

As for the recent resource compatibility study by Guezgouz et al., 
they also use reanalysis data (MERRA-2 and CAMS) of high temporal 
resolution for the year of 2019. The spatial resolution is somewhat lower 
(0.5○ 

× 0.5◦), and 10 m wind speeds are extrapolated by the common 
power law with the exponent of 1/7. There is no energy mix in the study, 
the Spearman correlation coefficient Eq. (2) is used as a complemen-
tarity index. Still, they found similar daily anti-correlations between 
solar and wind resources at around the same locations as we obtained. 

We think that our simple model framework of electricity integration 
scheme by Eq. (4), the characterization of the output quality by the 
coefficient of variation (CV) and by the capacity factor loss at an optimal 

Fig. 5. (a) Geographic distribution of optimal resource fraction copt, where the 
coefficient of variation CV is minimal. The inset illustrates the CV (c) depen-
dence for two sites: 26.5○N, 5.75○E (white star), and 26.25○N, 2.75○E (yellow 
star). (b) Capacity factor loss with the optimal resource fraction copt relative to 
the maximum value. (c) The ratio CFH10%, its explanation is in the text. 
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combination ratio (Fig. 5b) or the capacity factor hiatus (CFH 10%, 
Fig. 5c) provide a quick and transparent methodology to identify suit-
able geographic locations, where installation of combined wind and 
solar electricity systems are promising. 
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