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Solar radiation data play an important role in solar energy research. However, in regions where the meteorological stations
providing these data are unavailable, strong mapping and estimation models are needed. For this reason, we have developed a
model based on artificial neural network (ANN) with a multilayer perceptron (MLP) technique to estimate the monthly average
global solar irradiation of the Souss-Massa area (located in the southwest of Morocco). In this study, we have used a large
database provided by NASA geosatellite database during the period from 1996 to 2005. After testing several models, we
concluded that the best model has 25 nodes in the hidden layer and results in a minimum root mean square error (RMSE) equal
to 0.234. Furthermore, almost a perfect correlation coefficient R = 0 988 was found between measured and estimated values.
This developed model was used to map the monthly solar energy potential of the Souss-Massa area during a year as estimated
by the ANN and designed with the Kriging interpolation technique. By comparing the annual average solar irradiation between
three selected sites in Souss-Massa, as estimated by our model, and six European locations where large solar PV plants are
deployed, it is apparent that the Souss-Massa area is blessed with higher solar potential.

1. Introduction

The solar radiation is the most abundant source of energy,
with the earth receiving a heat flow ranging from 1.2 to
1.4 kW/m2 [1], and it is a key factor impacting climate change
[2, 3]. The growing concern and interest in energy conserva-
tion and environmental protection are driving the world
towards a new era characterized by the energetic transition
from almost total dependence on the fossil fuels to greater
use of alternative renewable sources of energy [4]. Energy is
indispensable to the economic and social development of
humankind and is essential to ameliorate the quality of life.
Morocco is the only North African country with no natural
oil resources, about 93% to 97% of the energy demand is pro-
vided by imports [5, 6]. Morocco opted for changing its
energy policy by adopting a green energy strategy focused on
solar energy technologies especially in the country’s southern

areas [7] blessed with up to 3000 hours of the sunshine per
year, which is equivalent to more than 6.5 kWh/m2/day of
irradiation [7]. To meet its energy needs, the solar energy
represents a promising and abundant source of clean energy,
which is expected to strongly contribute to the country’s
energetic mix. For a better energy collection and a higher effi-
ciency of the solar collectors, the conception of many solar
conversion systems, either solar or photovoltaic cells, requires
the knowledge of solar radiation availability on horizontal and
inclined planes [8–10]. Also, mapping solar radiation of an
area is indispensable to evaluate the spatial variability of solar
radiation and to examine the solar energy potential, which is
important for engineers and researchers using solar energy
systems [11]. Several relationships have been studied between
solar radiation and several variables (e.g., temperature, precip-
itation, humidity, sunshine duration, cloud cover, elevation,
latitude, and longitude) [12]. Currently, the models used for
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the estimation of solar irradiation are based on statistical
approaches which include conventional models such as
regressionmethods, extrapolation, and time series, in addition
to many methods based on artificial intelligence. It is worth
noting that some of these models present serious limitations
when it comes to nonlinear problems [13]. On the other hand,
neural networks are considered to be themost advanced tech-
nique for solving these nonlinear problems by providing
further precision and better estimation [14, 15]. Also, ANN
modeling techniques provide a better solution for the estima-
tion of solar radiation compared to other mathematical
models, for instance, multiple regression [16], and present a
high efficiency and rapidity of calculations. ANNs havewidely
accepted modeling and estimating tools used for providing an
alternativeway to solve complexandundefinedproblems [17],
where the relationships between the variables of the systemare
difficult to represent by simple mathematical formulas.

Many individual studies have been performed for
modeling solar irradiation in various locations (e.g., Spain
[18], Thailand [19], Turkey [20], Malaysia [21], Italy [22],
Nigeria [23], and China [24]). A study performed by
Ouammi et al. estimated the global solar irradiation in dif-
ferent regions in Morocco [25]. This study showed that
the Souss-Massa area is considered among the sunniest
regions throughout the year.

In this study, we have developed ANNmodels that can be
used to estimate global solar irradiation for any given loca-
tion in the Souss-Massa area. These models were obtained
by using geographical and meteorological data as input to
the ANNs. This study area is near Ouarzazate City (see
Figure 1) where the largest solar complex, one of the largest
CSP plants in the world, is being built [26].

The aim of this study is twofold. The first is to develop
feed-forward, back-propagation, multilayer perceptron
(MLP) neural networks to estimate the monthly average
daily global solar irradiation on horizontal surfaces. This
was achieved by using the data of 175 locations distributed
over the Souss-Massa area for 10 years (1996–2005). The
best model selected used seven meteorological and geo-
graphical parameters as inputs for the ANN model (e.g.,
latitude, longitude, elevation, month of the year, sunshine
duration, relative humidity, and mean temperature). The
second is to explore the adequacy and reliability of using
ANN models under different climatic conditions (desert,
mountain, and coastal conditions) in the Souss-Massa
area, as well as to investigate the ability of this technique
to provide accurate results when modeling the nonlinear
relationship between solar radiation and the geographical
and meteorological parameters. The model developed is able
to estimate the monthly mean solar irradiation for any given
locations in Souss-Massa, where solar irradiation measure-
ments are unavailable. The values of solar irradiation esti-
mated by using the ANNs were presented in the form of
monthly maps.

This paper is organized as follows: Materials and
Methods describes the study area and introduces the data
used in this research. Also, the ANN applied models are
presented. The procedure used to select the model, the
neural network architecture, and the selection inputs are

explained in details in the same section. Results and
Discussion explains the network optimization used in this
study and presents the results of the estimations which are
presented as monthly maps for the period from January to
December. Also, a comparison between the selected towns
showing different solar irradiation values is performed.
Finally, conclusions are given on the ability of the model
to give accurate estimations under different climatic
conditions and across the different months in the studied
area. The last paragraph is devoted to the comparison
between the annual average solar irradiation of three
selected sites in Souss-Massa, as estimated by our model,
and six European locations where large solar PV plants
are deployed.

2. Materials and Methods

This section introduces the study area, the data used for
developing the model, and the general framework of ANN
models. Also, the methodology followed for selecting, train-
ing, and testing the optimal model is explained.

2.1. Description of the Study Area. The Souss-Massa area,
which is one of the twelve regions of Morocco, is located
in the geographic coordinates 28°–31°N and 6°–10°W
(Figure 1). This area is bordered to the west by the Atlantic
Ocean, to the north by the Marrakech-Safi region, to the east
by the Draa-Tafilalet area, to the southeast by Algeria, and
to the southwest by the region of Guelmim-Oued Noun.
The Souss River runs across the northern part of the region,
which is in the valley between the Anti-Atlas and the High
Atlas. Its capital is Agadir, which is located at the mouth
of the Souss River [27]. The climate of the region is
generally dry. It is influenced by both the Ocean and the
Sahara. Regarding the precipitations, they are irregular in
space and in time. The prevailing winds are either coming
from the east or from the west. East and west winds are
impacted by the desert and the freshness of the Ocean,
respectively [28].

2.2. Description of ANNModels. Artificial neural network is a
branch of artificial intelligence family (AI), which belongs to
the group of computational algorithms called connectionist
models [29]. ANN models were inspired by the functioning
of real biological neurons such as the brain’s behavior while
processing information [30]. ANNs generalize the mathe-
matical models of neural biology and the human cognition
[31]. These models are known for their capability to learn
from experience by making generalizations based on the
previously seen information. A black-box representation of
the system enables these models to perform a nonlinear
mapping between multidimensional input space and
multidimensional output space without any knowledge of
the relationship between the input and output space [32].
This modeling tool is considered to be efficient and
consumes less time during the modeling of complex sys-
tems compared to other mathematical models such as
regression methods [17, 33]. Moreover, ANNs have been
designed and developed by many researches from several
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scientific fields in order to solve the complex problem facing
various disciplines such as pattern recognition, optimiza-
tion, classification, prediction, vision, identification, and
control systems [34]. The use of ANNs in recent years
was extended to many complex engineering problems.
The basic idea of neural networks is to utilize a single
unit, a neuron, which is able to perform some basic calcu-
lations and then to connect a number of these units in the
form of a network capable of solving more complex prob-
lems. The type and complexity of the application needed
determine the structure of ANNs, the network size, and
the learning mechanism employed. The neurons, also
called nodes, form multiple connections and include gen-
erally five basic elements: inputs, weights and biases, a
transfer function, a summing junction, and outputs. The
neurons are organized in several layers formed by inputs,
hidden layers, and an output layer.

The interconnection weights are important parameters of
these models (see Figure 2). They are the components that
are responsible for building the solving model based on the
information provided to the network. The fundamental
learning principle of this technique is to find a suitable
algorithm to parameterize all the weights according to a
specific goal to be fulfilled [35]. Once the adjustment of
the weights is performed through different algorithms,
the network weights are updated iteratively until the net-
work provides the target outputs based on a given set of
inputs. The network can be trained by supervised learning
(i.e., when the inputs and the desired targets are exposed
to the network) or unsupervised learning (i.e., when the
network is left free without expected targets). The super-
vised training rule used by the back-propagation (BP)
technique which consists back-propagating to the outputs

through the ANN and updating the weights until the
mean square error (MSE), which is the difference between
network’s targets and outputs, becomes minimal [36, 37].

2.3. Description of the Used Data. The studied region has 175
sites (towns) in total. In our work, we operated by first
designing the ANN best model by using a selection of
24 site representatives of the different climates of the region
in order to obtain a robust design. Then, the designed ANN
is used in estimating the solar irradiation in the remaining
151 sites.
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Figure 2: MLP, feed-forward neural network.
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Figure 1: The Souss-Massa area study region.
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The geographical and meteorological data of 175 sites
used in this study were obtained from Google Maps such as
latitude, longitude, and elevation, and the average monthly
meteorological parameters (mean temperature, mean sun-
shine duration, mean relative humidity, and solar irradiation)
were taken from NASA geosatellite database for 10 years
(1996–2005). Also, the monthly periods of the year are
included in the analysis. According to methodology given
by NASA [38], the solar irradiation and other meteorolog-
ical data estimated by satellite are compared and calibrated
with the ground stations located around the world [39].
Moreover, solar radiation is compared with data from
the Baseline Surface Radiation Network (BSRN) [40]; thus,
they can be considered as measurements. Furthermore,
there are many studies that used these solar irradiation
data as measurement values [15, 23, 41]. These data were
used in our study because they are the only publicly available
data covering a long period in the studied region. Therefore,
eight geographical and meteorological parameters identified
above were involved in this study. In the designing of

the ANN models, we have used the data of 24 sites in
the Souss-Massa area for training and testing our models
developed; see Figure 3. For each of these 24 locations,
we have collected eight parameters which include, as
mentioned earlier, the solar irradiation that we want to
estimate. In the following sections, we will represent in
details the procedures followed to design, select, train, and
test the models.

2.4. Design of ANNModels. ANNmodels are defined by their
architecture, learning, or training algorithm and their
activation function. In this study, we adopted ANNs follow-
ing a multilayer perceptron (MLP) feed forward back-
propagation (BP). Different architectures were constructed
using the Matlab Neural Networks Toolbox version 8.1.0
[42]. The designed networks are comprised of three layers:
the input layer, hidden layer, and the output layer; connec-
tion weights and biases; activation function; and summation
node (a visual scheme is shown in Figure 2). The choice of
appropriate sets of input parameters is essential in ANN
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modeling [43, 44]. If pertinent inputs are excluded, the model
will not be able to identify accurately the desired input-
output relationship. Generally, a set of candidate input
parameters is found through a priori knowledge of the
system to be modeled. Hence, the choice of inputs for the
network was based on several criteria. For example, to
account for the geographical location of the sites, the param-
eters of latitude and longitude are introduced. The use of the
elevation parameter is selected to account for mountainous
and flat zones. Concerning the choice of temperature and
relative humidity, they are closely related to solar radiation
[45, 46]. Finally, since our study aims at estimating
monthly global solar irradiation, it is necessary to include
the parameters of the month of the year and sunshine
duration as inputs.

In order to design the best suitable configuration to our
problem, that is, to select the appropriate set of input
variables corresponding to a single output that we want to
estimate, different configurations of the inputs are developed
as shown in Table 1. To perform this selection, different
networks with a single layer were used by combining the
variables of latitude, longitude, elevation, month of the year,
sunshine hours, mean temperature, and mean relative
humidity. Moreover, the number of nodes in the hidden layer
was varied from 1 to 40. Concerning the datasets input/tar-
get, they were randomly divided into three subsets: training,
validation, and testing datasets. The training set represents
seven-tenths (70%, i.e., 2016 data points) of the dataset used
for updating network parameter weights and biases, whereas
three-tenths (30%, i.e., 864 data points) of the entire dataset
was used for validation and testing. Each configuration form-
ing the network was tested 10 times by trying randomly var-
ious weights and biases. Then, the performance of each
network with different configurations is assessed based on
the root mean square error (RMSE) and the correlation coef-
ficient (R value) between the estimated and measurement
values; see Section 2.5.

The purpose of this procedure is to determine the
network with the best ability to accurately estimate the solar
irradiation intensity.

The used activation function ψ in the hidden layer is
defined by the sigmoid function ψ = 1/1 + e −x with x
being the corresponding input. Regarding the output
layer, we have used a linear function φ as an activation
function [47].

The final output function, Ĝs, which represents the
monthly average global solar irradiation estimated, is defined
as follows:

Ĝs X = φ 〠
H

i=1
Hi ·W2 i + b2 , 1

where

Hi X = ψ 〠
N

j=1
Xj ·W1 i, j + b1 i 2

Here, X is the input parameter and Hi is the response of
the ith hidden neuron. W1 i, j and W2 i are the weight
between ith hidden layer neuron and jth input and the weight
between the output neuron and ith hidden layer neuron,
respectively.

Concerning the bias terms, b1 i refers to the bias value
applied to the ith hidden layer neuron, while b2 refers to
the bias value applied to the output layer neuron.

In order to ensure the best generalization capabilities to
enhance the ANN models and avoid overfitting, we have
used the early stopping method [37, 42], which is a method
for stopping the training phase when overfitting starts during
supervised training. This technique is automatically supplied
for all supervised network creation function including the
back-propagation network. Early stopping is generally used
because it is easy to understand and implement and is con-
sidered to be, in many cases, better than regularization
methods [48]. The data are divided into three subsets: the
first subset is the training set, the second is the validation
set, while the remaining subset is used for testing [49].
Levenberg-Marquardt (implemented as Trainlm in
MATLAB software), which is a network training algorithm,
is used in this work according to the Levenberg-Marquardt
(LM) optimization technique [50, 51]. The LM supervised
algorithm combines the positive features of Gauss-Newton
algorithm (GN) and gradient descendent (GD) to build a
hybrid optimization technique, which is adequate for many
real applications. More interestingly, LM algorithm is known
for its fast convergence [52].

2.5. Selection of the Optimal ANNModel. The selection of the
model with the best performance is validated by using the fol-
lowing statistical scores [53]: MSE (mean square error), MAE

Table 1: Error values and the correlation coefficient of different ANN configuration models.

Configurations Number of neurons in hidden layer MAE RMSE/rRMSE R

Lat, Long, Al, Mn 34 0.248 0.314 (5.46%) 0.974

Lat, Long, Al, Mn, Sh 34 0.249 0.312 (5.43%) 0.975

Lat, Long, Al, Mn, Sh, T 27 0.227 0.286 (4.97%) 0.979

Lat, Long, Al, Mn, Sh, H 33 0.204 0.262 (4.56%) 0.983

Lat, Long, Al, Mn, T 32 0.233 0.294 (5.11%) 0.978

Lat, Long, Al, Mn, H 34 0.217 0.274 (4.77%) 0.980

Lat, Long, Al, Mn, Sh, T, H 25 0.184 0.234 (4.07%) 0.988
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(mean absolute error), RMSE (root mean square error),
rRMSE (relative root mean square error), and the correlation
coefficient (R) between estimated and measured values of
monthly average daily global solar irradiation for both train-
ing and testing datasets. The formulas for these selection
criterions are expressed as follows:

MSE = 1
n
〠
n

s=1
Gs − Ĝs

2,

MAE = 1
n
〠
n

s=1
Gs − Ĝs ,

RMSE = 〠
n

s=1

Gs − Ĝs
2

n
,

rRMSE in% = RMSE × 100
G

,

R =
〠n

s=1 Gs −G Ĝs − Ĝ

〠
n

s=1
Gs −G

2 〠
n

s=1
Ĝs − Ĝ

2
,

3

where Ĝs is the estimated global solar irradiation andGs is the
measured global solar irradiation. G refers to the average

measured global solar irradiation, while Ĝ is the average
estimated global solar irradiation. Here, n is the number of
input/output sample.

After testing several configurations, we selected the
model with the minimum error between the actual and esti-
mated values and with the best correlation coefficient.

Table 1 shows the different configurations tested in order
to select the model with the optimum estimation capability.

As we can observe from this table, the best model has seven
(N = 7) input variables (latitude (Lat), longitude (Long),
elevation (Al), month of the year (Mn), sunshine duration
(Sh), mean temperature (T), and relative humidity (H)) and
includes twenty-five nodes (H = 25) in its hidden layer. This
configuration results in a 4.07% relative root mean square
error. Figure 4 displays the correlation coefficient (R) of
this model showing R = 0 988 for testing and R = 0 987
for training.

2.6. Training and Testing of the Model. The training phase is
the most important step to build efficient ANNs. Hence, it is
necessary to perform it carefully and wisely. Four stages are
usually essential during the training process: the collection
of the training data, the design of the network, the training
of the network, and the simulation. After a sufficient training
period, which can take a considerable capacity of the com-
puter’s memory and time, the trained network acquires the
ability to figure out the nonlinear relationships between input
and output parameters. Therefore, the model is able to easily
estimate the output data when new input data, unseen by the
network and not used in the training phase, are fed to the sys-
tem. It is important to train various networks in order to
make sure that the network is working with the maximum
possible generalization capability. As mentioned earlier, each
network will be trained by different initial weights and biases.
Also, prior to the training phase, the network inputs and
targets were normalized in the range [−1, 1].

In the previous section, we have shown the followed test
procedure to select the most suitable model based on the
minimum error. For further analysis, we added another test
to the optimal network model, which is the set that contains
7 input variables and 25 nodes in the hidden layer. In the cur-
rent work, two tests were used. The first test was randomly
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carried out by the ANNmodel using 15% of the data of the 24
locations. The second test, which is the manual test, uses the
data which are neither seen by the network nor used in the
training phase. In order to perform this manual test, that is,
to make sure that the network developed is able to estimate
monthly global solar irradiation in different prevailing cli-
mate in the area, we have randomly selected some locations
of the region. Table 2 shows the geographical data of the loca-
tions selected to test the network before starting the step’s
estimation. The selected sites are characterized by different
climates (mountainous, coastal, and desert zones) and are
located in the north, south, east, and west. The input dataset
for these eight selected locations is unseen by the network
during the training phase. Figure 5 shows the geographical
positions of the different locations used in the manual test.

After performing the tests on the ANN model developed
by using inputs from different locations representing various
climatic conditions, we estimated solar irradiation for the
period 1996–2005. Then, we compared the obtained results
with the actual values.

Figure 6 illustrates the variation of monthly average solar
irradiation for ten years (1996–2005).

Figure 6 shows the difference between the measured and
estimated monthly mean global solar irradiation in eight
locations. By observing these differences, it is clear that our
model is able to estimate solar irradiation for most of the test
areas with a relatively good accuracy, except for some towns
where we noticed a fairly low margin of errors between the
measured and estimated values, especially for mountainous
zones for instance: Tafraoute and Issen. The relative mean
square error was estimated to be around 2.77% for the whole
dataset used for testing.

3. Results and Discussion

This section presents the estimation of monthly solar irradi-
ation based on the ANNs. Also, the obtained solar irradiation
results of the Souss-Massa area are mapped.

3.1. ANN Estimations. According to the results reported in
Table 1, where the optimization of the network is illustrated,

the ANN with a single hidden layer and twenty-five nodes
trained by the LM algorithm provides the best performance
compared to other suggested networks. As stated before,
the R values of 0.987 and 0.988 were obtained for training
and testing datasets, respectively.

In order to select the best model, the testing session is
performed by using the same 24 sites. These tests have been
randomly performed by the network. In order to produce
the monthly average solar irradiation maps of the Souss-
Massa area with the maximum possible accuracy, the manual
test with the dataset which is not used in the training was per-
formed in different locations representing different climates
of the region (Figure 5). To estimate the solar intensity, we
used the geographic and meteorological parameters as input
for the optimal ANN model, that is, the latitude, longitude,
elevation, months of the year, mean temperature, mean sun-
shine duration, and relative humidity. By training ANN with
24 locations, we have estimated the solar potential of about
151 sites of the entire region. Finally, the estimated monthly
average solar irradiation is presented using twelve maps, each
one illustrating a month of the year, from January to Decem-
ber (see Figures 7–18). These maps were generated by using
the geographical information system (GIS) software Arc
Map with the integrated Kriging interpolation analysis. This
interpolation technique estimates values for cells into a raster
from a limited number of sampling points. It can be used to
estimate unknown values for any geographic point data [54].

3.2. Monthly Solar Irradiation Maps in the Souss-Massa
Area. Mapping solar energy potential is necessary for
designing solar power systems and essential for selecting
suitable sites for deploying solar technologies. Table 3 dis-
plays the maximum potential values of monthly mean daily
global solar irradiation, as well as the minimum and stan-
dard deviation (std) values obtained in the Souss-Massa
region. Here, the monthly mean daily solar irradiation varies
between 2.04 kWh/m2/day as a minimum and 7.92 kWh/m2/
day as a maximum, respectively, in December and May.
Furthermore, this table confirms, as it is widely known by
Moroccan stakeholders and decision makers, that the most
interesting sites for deployment of solar power plants are
the regions located in some inland regions and in the
southern-eastern territories.

The solar maps of the studied region during an entire
year were obtained using a color gradient from low to high
intensity to show the energy potential in different locations.

Figures 7–10 display the solar irradiation maps of the
Souss-Massa area during the months of November,
December, January, and February, respectively, as estimated
by the ANN technique. The solar irradiation value varies
between 3.63 kWh/m2/day and 4.17 kWh/m2/day in Novem-
ber, 2.83 kWh/m2/day and 3.52 kWh/m2/day in December,
3.29 kWh/m2/day and 4.04 kWh/m2/day in January, and
between4.37 kWh/m2/dayand5.02 kWh/m2/day inFebruary.
These months show the lowest irradiation intensity through-
out the year because the winter solstice has already started.
Thefigures above exhibit a similar behavior. It can be seen that
some inland areas including the center and south-eastern
territories show a higher solar irradiation than other sites,

Table 2: The geographical data of the locations selected to test the
network under different climatic conditions.

Towns
Latitude
(°N)

Longitude
(°W)

Altitude
(m)

Climate
types

Aglou 29.804 9.834 2 Coastal

Biogra 30.220 9.372 130 Dry

Amskroud 30.529 9.331 280
Dry,

semiarid

Tiout 30.384 8.697 460 Semiarid

Akka
Ighan

29.992 7.532 788
Desert
climate

Tafraoute 29.718 8.976 999
Mountain,

dry

Tailouine 30.532 7.925 1027 Mountain

Issen 30.682 9.152 1138 Mountain
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making them suitable locations for solar technologies requir-
inghigh solar irradiation.These locations canbeadvantageous
to build an efficient peak power control during these months.
Moreover, such ahigh irradiation is crucial to cover the energy
demand supply.

Figures 11 and 12 illustrate the solar irradiation maps
as obtained by the ANN method in March and April,
respectively, in the Souss-Massa area. The estimated values
of solar irradiation range between 5.28 and 6.08 kWh/m2/
day in March versus 5.83 and 7.19 kWh/m2/day in April.
The analysis of these figures shows that solar irradiation
starts to increase in the Atlantic coasts, especially in Aga-
dir territory and in the center of the region. The southern-
eastern locations receive a substantial amount of solar
potential whereas the locations enclosed by the Atlas Moun-
tain and a portion of the Western Atlantic costs (Tiznit
territory) always display a similar behavior, which consists
of receiving a low amount of solar energy compared to the
other locations.

Figures 13 and 14 show the solar irradiation maps
obtained by using the ANN technique in the Souss-Massa
area during May and June. Here, the highest solar intensity
reached is between 7.92 and 7.87 kWh/m2/day, while the
lowest intensity is between 5.50 and 5.18 kWh/m2/day in
May and June, respectively. From May onwards, it can be
seen from these figures that the solar potential reaches a max-
imum in Southeast and some other places. By observing the
results obtained during June, we can notice that the moun-
tains located in the Northern region receive a considerable
amount of solar irradiation compared to other months of
the year. As usual, the towns that are located on the Atlantic
coast (west of the area) receive less solar irradiation relative
to other locations in the area.

Figures 15 and 16 display solar potential maps obtained
by the ANN technique in July and August, respectively. The
solar potential starts to increase and reaches its maximum
in the Atlas Mountains, as well as at some inland locations
of the region. In this case, the same distribution of solar
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Figure 5: The geographical locations used in the test under different climatic conditions.
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Figure 6: Comparison of the monthly mean global solar irradiation between measured and estimated values for eight locations used in the
test under different climatic conditions during the period 1996–2005.
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Figure 7: Solar energy potential map of the Souss-Massa area for the month of November as estimated by the ANN and designed with the
Kriging interpolation technique.
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Figure 8: Solar energy potential map of the Souss-Massa area for the month of December as estimated by the ANN and designed with the
Kriging interpolation technique.
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Figure 9: Solar energy potential map of the Souss-Massa area for the month of January as estimated by the ANN and designed with the
Kriging interpolation technique.
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Figure 10: Solar energy potential map of the Souss-Massa area for the month of February as estimated by the ANN and designed with the
Kriging interpolation technique.
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Figure 11: Solar energy potential map of the Souss-Massa area for the month of March as estimated by the ANN and designed with the
Kriging interpolation technique.
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Figure 12: Solar energy potential map of the Souss-Massa area for the month of April as estimated by the ANN and designed with the Kriging
interpolation technique.
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Figure 13: Solar energy potential map of the Souss-Massa area for the month of May as estimated by the ANN and designed with the Kriging
interpolation technique.
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Figure 14: Solar energy potential map of the Souss-Massa area for the month of June as estimated by the ANN and designed with the Kriging
interpolation technique.
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Figure 15: Solar energy potential map of the Souss-Massa area for the month of July as estimated by the ANN and designed with the Kriging
interpolation technique.
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Figure 16: Solar energy potential map of the Souss-Massa area for the month of August as estimated by the ANN and designed with the
Kriging interpolation technique.
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potential for both July and August is obtained in most of the
southern and eastern locations, in addition to some towns of
the Atlantic coasts and the center of the area. For example,
the estimated solar irradiation varies between 4.80 and
7.58 kWh/m2/day in July versus 4.35 and 6.94 kWh/m2/day
in August.

Figures 17 and 18 show the solar irradiation maps of the
Souss-Massa area during September and October. The
estimated intensity of solar irradiation ranges between 4.32
and 6.15 kWh/m2/day in September versus 4.38 and
5.04 kWh/m2/day in October. Also, it is clear that the most
promising locations during September are the inland loca-
tions especially in the center of the area, in addition to south-
ern locations and some territories of the Atlantic coast such
as Agadir. Concerning October, the solar irradiation inten-
sity starts to decrease in most locations, especially in places
enclosed by the Atlas Mountains and the Atlantic coast
(Tiznit). The southeast region, on the other hand, receives
the maximum solar potential. Thus, it is considered to be a
promising location.

By using the estimations of the best ANN model found
based on the methodology presented in this paper, the solar
energy potential of various locations in the Souss-Massa area
is obtained, which is considered to be valuable information
for the deployment of solar energy plants.

3.3. Comparison of Solar Potential between the Souss-Massa
Area and Other Zones in Europe. This section provides a
simple comparison of the solar potential between the
Souss-Massa area and some selected sites in Europe. These
selected European sites present high solar potential and are
considered to be among the largest photovoltaic power plants
in the world [55]. Table 4 illustrates the locations of photo-
voltaic solar plants deployed in Germany and Spain and their
corresponding nominal capacity.

To perform this comparison, we have collected the
monthly average global solar irradiation data for each city
where the stations are installed. The data of the six
selected European stations are obtained from Photovoltaic
Geographical Information System (PVGIS) [56] (see
Table 5), while the data of three cities (Agadir, Tata, and
Taroudant), which are among the sunniest locations in the
Souss-Massa area during the entire year, are provided by
our previous analysis.

According to the values presented in Table 5, the
monthly average global solar irradiation intensity of the
three sites located in Germany ranges between 0.55 kWh/
m2/day as minimum in December and 5.64 kWh/m2/day as
maximum in June. In Spain, the lowest intensity is
around 1.89 kWh/m2/day, while the highest is around
7.74 kWh/m2/day in December and July, respectively.
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Figure 17: Solar energy potential map of the Souss-Massa area for the month of September as estimated by the ANN and designed with the
Kriging interpolation technique.
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Regarding the Souss-Massa area, the minimum inten-
sity is 3.33 kWh/m2/day obtained in December versus
7.57 kWh/m2/day as the maximum obtained in May.
Furthermore, by comparing the annual average solar

irradiation, it is apparent that Souss-Massa area study sites
are more promising than the other European sites. There-
fore, the south of Morocco in general and the Souss-Massa
area in particular are blessed with an enormous solar
potential for the deployment of solar PV projects and
present an attractive option for potential investors.

4. Conclusion

Solar power systems represent an attractive option for clean
energy production in the developing countries. Morocco
has an enormous solar energy potential, especially in its
southern regions. This study deals with the development of
a model based on theMLP neural network technique to study
the nonlinear function between the solar radiation and the
geographical and meteorological parameters of the Souss-
Massa region.

In this paper, we demonstrated the ability of ANN to
accurately estimate the solar irradiation. Although the
physical models based on satellite observations [57] pro-
vide accurate estimates of irradiation, they require testing
and validation using data from ground meteorological sta-
tions [58]. This study proposes a method suitable for esti-
mating the solar irradiation in zones where data from
ground meteorological stations are unavailable as it is the

Table 3: Mean, minimum, maximum, and standard deviation of
monthly mean daily global solar irradiation in the Souss-Massa area.

Month
Solar irradiation potential (kWh/m2/day)

Mean Min Max Std

January 3.72 2.65 4.19 0.23

February 4.72 3.77 5.25 0.21

March 5.76 4.84 6.23 0.25

April 6.76 5.51 7.29 0.32

May 7.36 5.55 7.92 0.45

June 7.25 5.08 7.87 0.56

July 6.98 4.93 7.77 0.58

August 6.40 4.50 7.14 0.53

September 5.78 4.27 6.27 0.38

October 4.71 3.85 5.32 0.22

November 3.95 3.02 4.63 0.21

December 3.24 2.04 3.79 0.23
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Figure 18: Solar energy potential map of the Souss-Massa area for the month of October as estimated by the ANN and designed with the
Kriging interpolation technique.
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case in many African regions. In our work, we designed
the ANN best model by using a selection of 24 site represen-
tatives of the different climates of the region. Then, the
designed ANN is used in estimating the solar irradiation in
the remaining 151 sites.

Generally, the results showed a good agreement between
the measured and the estimated values. The analysis of solar
maps, where irradiation is displayed using a color gradient
from low to high intensity, showed that the southern-
eastern and some inland sites seem more promising than
other locations during most of the months; thus, they are
more appropriate for solar technology. Also, these locations
have an important solar potential during the year. Concern-
ing the behavior of our model in mountainous locations,
unstable results were obtained. This particular case reveals
that the model was not fully able to estimate the solar irradi-
ation because of a sudden change of temperature in some
mountainous places.

Our developed model is highly valuable in providing
the necessary irradiation data for designing and evaluating
the performance of solar systems and can be exploited by
engineers and researchers to inform renewable energy
investors and decision makers about the appropriate plan-
ning and design of new solar plants. Also, this model is
capable of generating valuable information about the solar
potential in locations where there is a shortage of mea-
surements, which will facilitate the selection task of high
solar energy potential and the comparison between the
best suitable sites.

To further advance this investigation, future research
should focus on improving the procedure for selecting prom-
ising sites for the deployment of various solar energy technol-
ogies. Also, developing optimal ANN configurations which
include the economic and environmental criteria in the selec-
tion task will be highly valuable.

Nomenclature

Gs: Measured global solar irradiation (kWh/m2/day)
Ĝs: Estimated global solar irradiation (kWh/m2/day)
G: Meanmeasured global solar irradiation (kWh/m2/day)
R: Correlation coefficient
H: Number of hidden neurons
N: Number of input variables (neurons)
φ: Linear activation function at the output layer
W1(i,j): Weight between ith hidden layer neuron and jth

input
W2(i): Weight between the output neuron and ith hidden

layer neuron
X: Input parameter
Xj: jth element of the input parameter
Hi: Response of the ith hidden neuron
b2: Bias value applied to the output layer neuron
b1(i): Bias value applied to the ith hidden layer neuron.

Acronyms

ANNs: Artificial neural networks

Table 4: Some of the largest photovoltaic power plants in Germany and Spain.

Country Germany Spain
City Strasskirchen Köthen Leipzig Olmedilla Puertollano Arnedo

Nominal power (MWp) 54 45 40 60 47.5 34

Table 5: The monthly global solar irradiation comparison between the studied area and other European sites located in Germany and Spain.

Monthly global solar irradiation in kWh/m2/day
Country Germany Spain Souss-Massa region
City Strasskirchen Köthen Leipzig Olmedilla Puertollano Arnedo Agadir Tata Taroudant

January 0.79 0.64 0.67 2.14 2.23 1.85 3.75 4.02 3.74

February 1.54 1.31 1.32 3.18 3.33 2.65 4.8 4.98 4.73

March 3.09 2.69 2.69 4.65 4.73 4.15 5.96 5.98 5.64

April 4.58 4.26 4.26 5.51 5.57 4.92 6.93 7.03 6.78

May 5.25 5.18 5.18 6.64 6.67 5.8 7.56 7.69 7.46

June 5.7 5.65 5.59 7.64 7.74 6.75 7.27 7.64 7.54

July 5.4 5.22 5.24 7.98 8.06 7.18 7.04 7.22 7.4

August 4.6 4.37 4.41 6.85 7.04 6.17 6.49 6.59 6.78

September 3.3 3.17 3.14 5.28 5.26 4.78 5.94 6 6.01

October 2.0 1.9 1.89 3.81 3.9 3.24 4.78 4.99 4.71

November 1 0.83 0.84 2.45 2.58 2 4.05 4.21 3.9

December 0.6 0.53 0.54 1.96 2.06 1.65 3.27 3.57 3.15

Year 3.18 2.99 2.99 4.85 4.94 4.27 5.65 5.83 5.65
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MLP: Multilayer perceptrons
LM: Levenberg-Marquardt
BP: Back propagation
MSE: Mean square error
MAE: Absolute mean error
RMSE: Root mean square error
rRMSE: Relative root mean square error.

Subscript

i: Neuron number of the hidden layer
j: Neuron number in the output layer.
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