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Long-Term Global Solar Radiation
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Petru Adrian Cotfas® and Abdelmajid El Bouardi’
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Computers, Transilvania University of Brasov, Brasov, Romania

This article presents different combinations of input parameters based on an intelligent
technique, using neural networks to predict daily global solar radiation (GSR) for twenty-
five Moroccan cities. The collected measured data are available for 365 days and 25
stations around Morocco. Different input parameters are used, such as clearness index Kr,
day number, the length of the day, minimal temperature T,,;,,, maximal temperature Ty,
average temperature T,.emge, difference temperature AT, ratio temperature T-Ratio,
average relative humidity RH, solar radiation at the top outside atmosphere TOA,
average wind speed Ws, altitude, longitude, latitude, and solar declination. A different
combination was employed to predict daily GSR for the considered locations in order to
find the most adequate input parameter that can be used in the prediction procedure.
Several statistical metrics are applied to evaluate the performance of the obtained results,
such as coefficients of determination (R?), mean absolute percentage error (MAPE), root
mean square error (RMSE), normalized root mean square error (NRMSE), mean bias error
(MBE), test statistic (TS), linear regression coefficients (the slope “a” and the constant “b”),
and standard deviation (o). It is found that the usage of input parameters gives highly
accurate results in the artificial neural network (FFNN-BP) model, obtaining the lowest
value of the statistical metrics. The results showed the best input of 25 locations, 12 inputs
for Er-Rachidia, Marrakech, Medilt, Taza, Oujda, Nador, Tetouan, Tanger, Al-Auin, Dakhla,
Settat, and Safi, seven inputs for Fes, Ifrane, Beni-Mellal, and Meknes, six inputs for Agadir
and Rabat, five inputs for Sidi Ifni, Essaouira, Casablanca and Kenitra, four inputs for
Ouarzazate, Lareche, and Al-Hoceima. In terms of accuracy, R? of the selected best inputs
parameters varies between 0.9860% and 0.9920%, the range value of MBE (%) being
from —0.1076% to —0.5931%, the RMSE between 0.1990 and 0.4580%, the range value
of the NRMSE between 0.0355 and 0.8938, and the lowest value MAPE between 0.0019
and 0.0060%. This technique could be used to predict other parameters for locations
where measurement instrumentation is unavailable or costly to obtain.

Keywords: artificial neural networks, solar prediction, daily global solar radiation, input parameters, statistical
metrics
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INTRODUCTION

In the last decade, energy demand has been growing
internationally, with the rise in population growth and
economic development. Thus, it becomes essential for the
fulfillment of economic prosperity (Khan et al., 2016). Lately,
the installed capacity of renewable energy has undergone a
significant increase, reducing dangerous residues or the
emissions of fossil fuel (Sayigh, 2017). All communities call for
energy resources that fulfill essential needs, such as wellness,
heating, eating, room comfort, accessibility, and connectivity and
function as conceptual processes (Owusu and Asumadu-
Sarkodie, 2016). Renewable energy, such as solar energy, wind
energy, thermal energy, and hydroelectric energy, is widely
accepted as the key tool for global sustainable economic
development. Likewise, there seem to be two fundamental
reasons behind the focus on sustainable energy: one is
deforestation and global climate change, and the other is the
possibility that fossil fuels will inevitably dry up and there will be
no more oil, gas, and coal. That could also be said about nuclear
energy since nuclear fuel stocks are not limitless (Kumar and
Kumar, 2017).

Solar photovoltaic technology is gaining importance when it
comes to addressing the issue of energy development for a
number of reasons: the potential to transform solar radiation
directly into power, the low cost, and the decreased pollution (Yu
et al,, 2017). In addition, the growth of the renewable energy
industry thus produces new employment opportunities and
contributes to improvement in air quality. However, the
installation of solar electricity, such as photovoltaic (PV),
concentrated solar power (CSP), or hybrid PV thermal
installations, involves high-quality, decade-long time series of
solar radiation data (Polo et al., 2020; Belmahdi and Bouardi,
2020). The long-term variability of solar radiation plays a major
role in predicting the risk of the potential electricity production of
a solar power plant being surpassed or unachieved and impacts
the financial incentives that the project is expected to achieve. In
this context, the information and behavior of solar radiation are
very important for many sectors, such as agriculture, architect,
design, and technology (Owusu and Asumadu-Sarkodie, 2016;
Kaba et al, 2018). Generally, solar radiation energy has two
components: terrestrial global and extraterrestrial solar energy
(Rahimikhoob, 2010). The terrestrial solar radiation has direct
(Hp) and diffuse (H;) components. The sum of Hb*cos8 and H,
represents the global solar radiation (Hy); 0 is the zenith angle.
The measurement of energy use among houses, the development
of heating ventilation and air-conditioning systems, and the use
of solar energy need appropriate H, data (Zhao et al., 2019; Liu
etal., 2018). In particular, both direct and diffuse components are
required to receive solar radiation on a slanted surface (Muneer
et al., 2007). The best method for collecting data regarding solar
radiation is focused on observations employing adequate
equipment, but the measurements are rather time-consuming,
the costs are high and the weather stations installation and
management are demanding. For example, since 2019, there
have been 17 cities in China where H, and H,, respectively,
have been calculated (Feng et al., 2018) and 20 cities in Morocco
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where the solar radiation and other parameters have been
collected through the project “proper.ma” (Aarich et al., 2018).
In particular, there are challenges regarding long-term
background measurement data, such as station changes and
incomplete observations. However, the estimation and
prediction of global solar radiation play a very important role.
Several models have been developed in the literature to estimate
and predict global solar radiation, which means it is difficult to
choose the most accepted and efficient model for a particular use.
In research areas, various solar radiation models have been
developed for several years and they are categorized into three
major models: empirical or analytical models, machine learning
models, which use computational intelligence techniques, and
satellite remote sensing models, as reported in Yang et al. (2020).
Among all the presented models, all researchers have agreed on
the importance of the results given by the Artificial Neural
Network (ANN) (Kashyap et al., 2015; Al-Dahidi et al., 2019).
The ANN was reported as the most used artificial intelligence
technique for the prediction in several fields (Kashyap et al., 2015;
Jiang, 2009). Celik and Muneer have presented and interpreted
the relationship between solar radiation and other climatic
parameters of the location selected (Celik and Muneer, 2013).
Generally, the ANN is the most used technique for the forecast
or estimation of several things. For example, in Turkey, Sozen
et al. (2004) have used the simple ANN to predict the solar
radiation intensity using various parameters, such as latitude,
longitude, altitude, month’s number, average sunshine duration,
and average temperature. The measurement data were collected
from 17 different weather stations, where measurement data from
11 stations for training algorithm and other six measurement data
are used for testing. In a different review, the same neural
networks were used to predict the solar potential for 12
weather stations from Turkey. The performance of the
results is validated by calculating the value MAPE = 6.78%
and R? = 99.78% (Sozen et al., 2005). Sharifi et al. (2016) have
implemented the feedforward neural network (FFNN) with four
inputs in one hidden layer, one output layer, and
Levenberg-Marquardt as a training algorithm. Using data from
six stations, they have estimated the daily global radiation for two
different countries, Iran (Tabriz and Urmia) and the United States
(Grand Island, North Platte, Lincoln, and Scottsbluff). The used
inputs are the daily mean clearness index (K7), range temperature
(AT), theoretical sunshine duration (N), and extraterrestrial
radiation (R,). The accuracy of the developed model was tested
in terms of the average median absolute error (MAE = 7.4%), root
mean square error (RMSE = 9.8%), and U95 = 27.35%. In Oman,
Al-Alawi and Al-Hinai (1998) have used the FFNN with
backpropagation training algorithm to predict global solar
radiation. Eight input layers were implemented in ANN,
namely, location, month, mean pressure, temperature, vapor
pressure, relative humidity, wind speed, and sunshine duration.
The accuracy of the results was tested by Mean Absolute
Percentage Error percentage (MAPE) with 7.3%. In Morocco,
Bounoua et al. (2021) have used the neural network method, 22
empirical models, and tree-based ensemble methods to estimate
the daily GSR in five studies locations. In terms of accuracy, the
proposed methods were evaluated using R”, NRMSE, and NMAE.
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As a result, the random forest method outperforms the other
techniques with the highest value of R* and lowest value of NRMSE
and NMAE.

In China, Lam et al. (2008) have applied the multi-layer FNN
(MLFENN) to estimate the daily global solar radiation using
measured sunshine duration for 40 cities covering nine major
thermal climatic zones and sub-zones in China. Six input layers
were used: latitude, longitude, altitude, day number, temperature,
and sunshine ratio. The quality of the estimated results was
verified by the calculation of the statistical performance. The
MBE values vary between 16.9% underestimation to 18.6%
overestimation, and RMSE values vary in the range from 9.1
to 20.5%. In another paper, in Zimbabwe, Chiteka and
Enweremadu (2016) have implemented the FFANN to predict
the global horizontal irradiation (GHI) using geographical and
meteorological data for 20 locations. 12 locations were used in the
ANN training algorithm and other data from eight locations were
included in the simulation with seven inputs, namely, altitude,
latitude, longitude, relative humidity, pressure, clearness index,
and average ambient temperature, one hidden layer, and one
input layer. The quality of the predicted results is carried out by
calculating the performance indexes such as coefficient of
determination R>, RMSE, MAE, and MAPE with the following
values 99.894%, 0.223 Kwh/m®, 0.17 Kwh/m® and 2.56%,
respectively.

In Italy, Alsina et al. (2016) have applied the FFNN to forecast
the monthly average daily global solar radiation (MDGSR) for 45
different locations. Different input parameters were taken into
account, such as meteorological and geographical coordinates.
The measurement data from 17 destinations have been used for
training, whereas other collected data have been for testing the
ANN. The most appropriate input parameters are the automatic
relevance determination (ARD) and Bayesian method. The
appropriate architecture of the suggested ANNs contained
seven input parameters, i.e., TOA, duration of day, number of
rainy days, average temperature, latitude, and altitude. The
quality and accuracy of the model were tested and validated
by calculating the MPE, which varied from 1.67 to 4.25%, NRMSE
1.01-1.65%, and MPBE from -0.20 to 0.03%.

In Spain, Hontoria et al. (2005) have implemented MLP to
predict the solar radiation map. This study collected the
measurement data from seven different lections. The aim was
to generate a time series of hourly solar radiation using specific
characteristics, such as temperature and latitude. In other articles
in Egypt, Elminir et al. (2007) have proposed two kinds of ANN
to predict the hourly and daily diffuse solar radiation using the
Multi-Layer Perceptron (MLP) with backpropagation training
algorithm. A different type of parameters is selected for the input
of the ANN, such as hour, day, month, year, hourly global
radiation, and hourly extraterrestrial solar radiation, and the
output was the hourly diffuse radiation. On the other hand,
three different inputs were considered input layers of the neural
network, namely, global solar radiation, extraterrestrial solar
radiation, and sunshine ratio for predicting daily diffuse solar
radiation. The results of the study using the ANN model were
compared with those of the linear regression models and were
used for the models on the hourly and daily scales. In both, the
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ANN results are more accurate in predicting diffuse solar
radiation. In India, Alam et al. (2006) have implemented the
feedforward backpropagation network (FFBPN) to predict the
solar radiation, and the selected inputs were the latitude,
longitude, attitude, months of years, rainfall ration, mean
duration of sunshine per hour, and ratio of relative humidity.
The performance of the predicted results was calculated using the
RMSE = 1.65% and MBE = 2.79%. Mehleri et al. (2010a) have
used the neural network radial basis function (NNRBF) to predict
solar radiation on the inclined surface by applying the optimum
angle for a specific site. The NNRBF used the tilted angle and
orientation as input and fuzzy logic for the training algorithm.
The accuracy of the results was validated by calculating the
coefficient of determining R* = 99.99%. In another study, the
same researchers have used the RBFNN to predict the solar
radiation on inclined surfaces and total solar irradiance on a
horizontal surface. The extraterrestrial radiation, solar zenith
angle, and solar incidence angle on a tilted plane are
considered input data for Athens, Greece. The performance of
the results is validated by the R* = 96%. On the other hand, three
different ANN models were developed in Ajaccio, France, by
Notton et al. (2012) to predict the hourly solar radiation on an
inclined surface for Mediterranean locations. Different
parameters were chosen as inputs: the declination angle, hour,
zenith angle, hourly extraterrestrial horizontal irradiation, and
hourly global irradiation. The first and second models of ANN
predicted the hourly global solar radiation for two angles 45° and
60° and the third model for angles 45° and 90°. The obtained
results showed that R in the three models is equal to 99.79%,
99.82%, and 99.70%, respectively. Moreover, Celik and Muneer
(2013), in Iskenderun, Turkey, have adopted a model using the
generalized regression neural networks (GRNN) to estimate the
solar radiation on an inclined surface. Three parameters are used
here as input data: global solar irradiation on a horizontal surface,
declination, and hour angles. The accuracy of the results is
validated by R* for evaluated values as 98.7% at 14.9 kwh/m®.

In Algeria, a simplified hybrid model was developed by Gairaa
et al. (2016) using the linear autoregressive moving average
(ARMA) model combined with ANN to predict the daily
global solar irradiation using measurement data from two
locations. The input of the proposed model is the clearness
index, while the output is the daily global solar radiation. The
calculated performance error metrics were MPE = 18.1 and 2.7%
for the first location and MAPE = 7.26 and 1.39% for the second
locations. In another publication in the same country, Mellit et al.
(2005) have combined the ANN with Markov transition matrix
(MTM) to predict daily global solar radiation. The output data
were the daily global solar radiation and the geographical
coordinates, such as latitude, longitude, and altitude, were the
input data of the neural network layer. The performance of the
hybrid ANN-MTM model was calculated to verify the accuracy of
the predicted results and was given as RMSE = 8%, R” varying in
the range of [0.9 0.92] (Belmahdi et al., 2020a).

According to the cited references above, there are various
applications of the ANNs to predict/estimate or forecast global
solar radiation in different locations and angles. Here, we can cite
the predicted solar radiation at the horizontal and tilted surface:
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TABLE 1 | Current parameters adopted in the literature to predict and estimate global solar radiation.

References

Al-Alawi and Al-Hinai (1998); Stzen et al. (2004); Meliit et al. (2005); Sozen et al. (2005); Alam et al. (2006); Lam et al.
(2008); Notton et al. (2012); Khatib et al. (2012); Chiteka and Enweremadu (2016); Siva Krishna Rao et al. (2018)
Al-Alawi and Al-Hinai (1998); S6zen et al. (2004); Sozen et al. (2005); Alam et al. (2006); Lam et al. (2008); Chiteka and

Enweremadu (2016); Gairaa et al. (2016); Siva Krishna Rao et al. (2018)

Parameters
Geographical coordinate  Latitude
Longitude
Altitude
Climatological Pressure
parameters Clearness index

Sunshine duration

Al-Alawi and Al-Hinai (1998); Celik and Muneer (2013); Chiteka and Enweremadu (2016)
Hontoria et al. (2005); Meliit et al. (2005); Elminir et al. (2007); Lam et al. (2008); (Mehleri et al., 2010b); Gairaa et al. (2016)
Al-Alawi and Al-Hinai (1998); Stzen et al. (2004); Sézen et al. (2005); Alam et al. (2006); Lam et al. (2008); Khatib et al.

(2012); Celik and Muneer (2013); Siva Krishna Rao et al. (2018)

Temperature

Sozen et al. (2004); Sézen et al. (2005); Celik and Muneer (2013); Chiteka and Enweremadu (2016); Sharifi et al. (2016)

TAO Mellit et al. (2005); Lam et al. (2008); Sharifi et al. (2016)

The length of the day

Enweremadu (2016)
Atmosphere pressure  Al-Alawi and Al-Hinai, (1998)
Relative humidity

Rao et al. (2018)

TABLE 3 | Climatological and geographical parameters.

Input’s vector Input parameters Unit
X1 Clearness index (K —
Xo Day number —
X3 The length of the day hours
Xq Tm/‘n ‘C
X5 Tmax QC
X6 Tavearge ‘C
X7 Delta-T (AT) ‘C
Xg T-Ratio (Tratio) ‘C
Xg Average humidity (Rn) %
X10 TOA radiation KWh/m?
X171 Average of wind speed (Ws) m/s
X2 Altitude (Alt.) degrees
X13 Longitude (Long.) degrees
X14 Attitude (Att.) M
Xi5 Solar declination (8) degrees
Output parameter Unit
Vi Dalily global solar radiation KWh/m?

different meteorological and geographical coordinates have been
considered by multiple authors, e.g,, latitude, longitude, altitude,
wind speed, clearness index, air temperature, sunshine duration,
top of atmosphere (TOA) radiation, and rainfall. Table 1
illustrates the most often used input parameters in ANNs
categorized into geographic coordinates and climatologic
parameters.

In this context, this research is specifically intended to suggest
an intelligent paradigm for evaluating and identifying the
appropriate input possibilities that can include the highest
potential correlations and simplifications with this proposed
study, relying on the fact that predictions of solar radiation
can be enhanced with ANN models using different input
parameters, e.g., location, weather information, and
neighboring stations, and other input parameters. According
to Yadav and Chandel (2014), the solar radiation predicted by
ANNs is correct compared to that by empirical models.
Moreover, the ANNs have different single layers, FFBP, or
combined with other techniques, and the second is the most

Al-Alawi and Al-Hinai (1998); Hontoria et al. (2005); Khatib et al. (2012); Celik and Muneer (2013); Chiteka and

Alam et al. (2006); Lam et al. (2008); Li et al. (2015); Chiteka and Enweremadu (2016); Sharifi et al. (2016); Siva Krishna

widely used in solar radiation. It has forward relations between
inputs and outputs across various hidden layers. The main
contribution of this study is to investigate and predict daily
global solar radiation based on various combination inputs for
25 cities in Morocco. In fact, relying on the FFNN-BP methods,
the suggested method would promote correlations among all
feasible input configurations in order to select the best input
parameters that can provide better results with the lowest values
of statistical indicator performance, which present a good
approximation with measured data.

METEOROLOGICAL CLIMATE IN
MOROCCO

Morocco has a wonderful opportunity to access sustainable
energy options that will address two of the burning issues in
the country: electricity availability and global warming
challenges. Generally, Morocco has a powerful capacity in
sustainable resources, primarily solar and wind, with the
potential level of generation varying from 20,000 to
25,000 MW (Simelyté et al,, 2020; Belmahdi and El Bouardi,
2020). On a world wide scale, Morocco holds the sixth rank for
solar and the seventh place for wind. The average daily value of
solar radiation intensity in Morocco is close to 5.80 kWh/m?*/day.
Meanwhile, Morocco has many sustainable energy programs
being implemented and one of the biggest solar energy
programs in the world is expected to cost $7.8 billion. This
innovative and practical national effort focuses on creating a
potential of 2,000 MW by 2020. This generation capacity
constitutes 38% of mounted energy by the end of 2008 and
14% of electrical power by 2020.

In this context, it is necessary to analyze and predict the solar
radiation behavior for all considered locations in Morocco. The
solar radiation depends on and is affected by various parameters,
such as altitude and longitude. However, this research aims to
present data for 25 various regions with different climatic
conditions and geographical features prevalent in all parts of
Morocco. The locations are divided to six zones characterized by
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TABLE 2 | Average data of 25 locations and geographical coordinates.

Zone

Z1

72

Z3

74
75
76

Site

Kenitra
Casablanca
Rabat

Safi

Agadir
Essaouira
Settat
Dakhla
El-Aiun

Sidi Ifni
Tanger
Tetouan
Al-Hoceima
Larache
Nador
Oujda

Taza
Meknes
Beni-Mellal
Ifrane

Fes

Medilt
Marrakech
Ouarzazate
Er-Rachidia

TOA (KWh/m?/day)

5,413
5,139
5,453
5,615
5,396
5,501
5,471
5,700
5,737
5,042
5,392
4,909
5,160
5,488
5,001
5,169
5,475
5,371
5,405
5,269
5,129
5,690
5,590
6,214
6,060

GSR (KWh/m?/day)

8,143
8,188
8,130
8,340
8,593
8,446
8,598
9,290
8,936
8,734
7,991
8,009
8,038
8,038
8,040
8,063
8,119
8,143
8,315
8,184
8,137
8,272
8,411
8,489
8,352

Kt

0,658
0,625
0,650
0,668
0,648
0,659
0,651
0,606
0,650
0,620
0,681
0,653
0,660
0,680
0,650
0,686
0,681
0,664
0,670
0,688
0,669
0,718
0,685
0,732
0,729

Tmean(oc)

17,587
18,367
17,475
19,283
19,65
19,979
19,654
20,271
20,7
19,358
17,429
18,671
17,546
18,629
18,046
16,754
17,917
16,946
18,692
14,246
16,7
14,546
20,117
19,729
20,108

Tmax(C)

22,4
21,8
22,2
24,7
25,2
25,4
251
23,3
24,9
21,4
21,8
22,4
21,2
22,4
23,1
23,1
23
22,8
25,6
20,3
23,3
20,7
26,2
26,5
25,9

Tmin(ec)

13,3
15,2
13,3
14,5
14,4
14,8
14,2
17,5
16,8
17,4
13,3
15,5
14,3
14,8
13,3
10,7
13,1
11,8
12,7
9,1

10,6
9,4
14,8
13,3
14,8

AT(C)

8,9
6
8,9
11
11,4
10,4
11,4
57
8,2

8,6
71
7,3
7,6
10,1
12,6
10,4
11,5
13,5
12
12,7
11,2
12,3
12,8
11

Tratio(ec)

1,6573
1,369
1,6364
1,7342
1,7965
1,6567
1,8027
1,3146
1,4835
1,2353
1,5878
1,4233
1.5
1,4844
1,7219
2,0625
1,717
1,9172
1,9648
2,0256
2,1
2,0467
1,8086
1,8721
1,7267

Rn(%)

80,792
80,917
81,333
64,042
67,75
61,5
67,417
74,417
66,833
72,542
73,542
70,083
72,458
74,417
71,792
63,125
61,75
63,625
58,417
50,292
61,708
51,292
50,667
29,292
38,042

Ws(m/s)

2,675
1,913
2,671
2,238
2,988
3,750
2,992
6,829
6,154
2,892
4,708
4,263
2,204
2,475
2,771
3,338
1,454
2,683
1,675
2,783
3,054
2,283
2,333
2,667
2,288

)

12,377
12,435
12,387
12,519
12,632
12,545
12,624
12,771
12,695
12,561
12,338
12,306
12,222
12,351
12,168
12,112

12,23
12,317
12,364
12,297
12,286
12,272
12,453
12,391
12,253

Long(degree)

-6,6
7,667
-6,767
-9,233
-9,567
-9,783

-9,41

-15,867
~13,21
-10,18

-5,9
-5,33
-3,85
-6,13
-2,91

-1,933
-4
-5,533
-6,4
-5,167
-4,983
-4,733
-8,033
-6,9
4.4

Lat(degree)

34,3
33,567
34,05
32,283
30,383
31,517
30,33
23,7
27,16
29,36
35,733
35,58
35,18
35,18
35,15
34,783
34,217
33,883
32,36
33,5
33,933
32,683
31,617
30,933
31,93

Alt(degree)

14
55
75
45
23

8
74
10
64
66
21
10
14
49
16

470
510
549
468
1665
579
1515
466
1140
1045

‘e 18 Ipyewjed
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FIGURE 1 | Climatic zoning of Morocco [adapted from National Agency
for the Development of Renewable Energy and Energy Efficiency (ADEREE)].

the following parameters: the latitude varies from 23,7° to 35,733°
and the longitude varies from -15,867° to —2,91°, whereas the
altitude varies from 8 to 1665 m. Table 2 presents the average
data of the 25 locations and geographical coordinates.

Morocco’s climate is both Mediterranean and Atlantic,
varying from dry to hot season combined with a cool and
rainy season. The influence of the sea modulates temperature
differences, tempers seasons, and raises the humidity of the
environment. Bouhal et al. (2018) and Allouhi et al. (2015)
have presented Morocco in six different zones adopted
according to the Moroccan Agency for Renewable Energies
and Energy Efficiency for concentrated solar power use, as
presented in Figure 1.

ARTIFICIAL NEURAL NETWORKS

The application of the ANN has gained growing interest in recent
years to address several real-world problems. It has been widely
used to address several difficult issues where conventional issue
approaches either struggled or proved to be ineffective or
unsuccessful (Kamruzzaman et al., 2006). ANN is widely used
in various fields, such as solar energy, wind (Tagliaferri et al.,
2015), electricity (Khwaja et al.,, 2020), mechanics (Sterjovski
et al., 2005), astrophysics (George and Huerta, 2018), partial
differential equations (ShekariBeidokhti and Malek, 2009),
polymers (Amirian et al, 2018; Kaplan, 2018) or in
optimization, control, modeling, and solar radiation
forecasting (Belmahdi et al., 2020Db).

The neural network structure schematically mimics a human
brain network, containing thousands of neurons that are
specifically linked to each other. Throughout the biological

Global Solar Radiation Prediction

context, the neuron receives a variety of inputs from other
inputs and integrates them in some direction. Every other
neuron is responsible for performing basic computation only.
Meanwhile, the effects of the procedure are usually nonlinear, and
the output is the final product. In either scenario, the
configuration of an artificial neuron is easier than a biological
neuron (Pacheco-Vega et al., 2001; Kamruzzaman et al., 2006). In
addition, the complex architecture of the biological neural
networks translates the area of the ANN. Feedforward ANNs
(FE-ANNSs) are formed through recurring ANNs and repeated
ANNS, like feedback loops (Yalgin et al., 2020). The FNNs are
those ANNs with only single-way interactions between their
neurons (Bebis and Georgiopoulos, 1994).

The ANN s are considered in the research area as data-driven
models (Chakraborty et al., 1992; Boland et al., 2001; Durna and
Sahin, 2020) and consist of two layers considered as input and
output: the first is to receive the data, while the second is the
hidden layer displaying the simulated results (Yalcintas and
Alkkurt, 2005). The hidden layer also learns, memorizes, and
creates relationships between output and input data (Moreno
etal, 2011). Generally, the ANN training mechanism is related by
changing the weights of every connection. The connection
between the neural network layer may be investigated by
weighting coefficients (w) and bias (B) for increasing processor
and activation function, such that the network tries to generate
the optimal performance close to the real performance, as
illustrated in Figure 2 (Yilmaz and Ozer, 2009).

Following the initial training phase, performance can be
viewed as network integration and it is important to follow a
backpropagation (BP) appropriate learning algorithm to
minimize the errors during the simulation (Riahi-Madvar

Input Layer

Hidden Layer

Output Layer

\
- —

FIGURE 2 | Structure architecture of an MLP neural network.
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et al., 2011). The main objective of using the BP algorithm
method is to reduce the size of a network error. The BP based
on gradient descent can be calculated by the following equation
(Al-Alawi and Al-Hinai, 1998):

N
e=05) (O -t) ey

k=1

where N represents the number of processors, Oy is the output
result in the K-th processor, and t; denotes the target values.
In the BP algorithm, there are two steps of the training
process: one to reproduce the input signal across the network
and the other to follow the output by adjusting the weights in
the network. Those are the error indicators that are back-
spread to the hidden layer(s) throughout the network
operation. The output layer error is being used as the basis
for correcting the relation weights between both the origin
and the hidden layers (Khare and Nagendra, 2007). The
modification of both the relation weights between the
input and the hidden layers and the corresponding
recalculation of the output values will once more be a
small sensitivity point since the iterative procedure is
carried out before the error decreases. The BP training
algorithm begins by copying and pasting the simulation
data collection to the network, and the simulation data
collection is made up of input and output vectors. Once
certain vectors are dynamically introduced to the neural
network, the following equations are implemented:

Zj=ZWij(Xi+bj), i=1,2..mj=12..h (2
ij

where Z; represents the input to the j-th hidden layer neuron, X; is
the numerical value of the i-th input vector, Wj; is the weight of
the i-th input layer neuron to the j-th hidden layer neuron, n and
h represent the number of the input and hidden layer neurons,
respectively, and b; is the bias value for the j-th hidden layer
neuron.

The function in the output of the hidden layer using the
sigmoid function is determined as follows:

1 .
hj = f(Zj) =177 j=12,..h, (3)

with f representing the transfer function for the hidden layer.

In addition, the performance of the network will not be
equivalent to the target performance during the training
process. Consequently, the output error is measured as the
difference between the output and the desired input of the
network. If the output error does not reach the acceptable
level, the network adjusts the interaction weights according
to the output error significance; instead, the training data
are re-entered to the network and the output of the network
is determined (Battiti, 1992). The training process will
proceed until the network reaches the optimal degree of
tolerance. If the error value is below the tolerance range, the
network should become a “qualified” network (Haykin,
1988). Then, BP algorithm is outlined in the following
seven steps:

Global Solar Radiation Prediction

1) Initialize the network weights.

2) Analyze the first input vector from the training data and
present it to the network.

3) Propagate the input vector across the network to get an
output.

4) Determine the error by calculating the difference between the
output and the input.

5) The error will be propagated back to the network.

6) Change the weights to eliminate the cumulative error.

7) Repeat steps (2) to (7) for the next input vector until those
errors are satisfactorily minimal.

The BP algorithm includes two adaptive variables, a learning
rate 77 and a moment term y, which will improve the training
method by eliminating the local minimum. # identifies the
measure provided along the iterative gradient of descent
learning method, and u is used to encourage the gradient
descent operation because it is trapped to a local minimum.
Figure 3 depicts the FFNN with a backpropagation algorithm
structure.

The definition “feedforward” implies that a neuron association
occurs either from the neurons in the input layer to other neurons
in the hidden layer or from the neurons in the hidden layer to the
neurons in the output layer, and the neurons inside the layer are
not interconnected.

PREDICTION MODEL ARCHITECTURE

The described FENN-BP model is implemented to predict the
daily global solar radiation in 25 different Moroccan cities (El
Mghouchi et al., 2016; El Mghouchi et al., 2019). The FFNN-
BP model operates with the monitoring of the learning
approach and the Levenberg-Marquardt training
algorithm, as illustrated by Al-Alawi and Al-Hinai (1998).
The training step is the most important and essential aspect of
the neural network. The training algorithm is used to adopt
and fix the ANNs by training and changing the weight to find
the accurate output (Sozen et al., 2005). The used structure of
the FFNN-BP model is shown in Figure 4.

The data collected across different locations were
separated into “training dataset” and “validation dataset”
and were rendered taking into account weather conditions.
The FFNN-BP model used 15 input data organized in the
following vector as input parameters:

X =[x xp0000 X15]. (4)

Table 3 presents the vector X input variable of the network.
While the ten neurons are used in one hidden layer, they are
followed by one output layer. At the first step, we used the data
collected from station 1 for 1 year for neural network training,
which offered 365 pairs of input and outputs for training when
the neural network started the training process. It is noticed that
some error function was well-defined until the training process
described in Eq. 1 approaches a minimum value. After this step,
the predicted model was used for testing, where the data from a
similar station are used.
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Some of the 15 input parameters used and computed are as
follows: sun declination &, the length of the day Dy,,gin, TOA, and
K. They are calculated using the given formulas in the literature
by the following equations (Belmahdi et al., 2020b; Rajendran and
Smith, 2016):

where N represents the Julian day, A is the longitude, I, is the solar
constant, h is the solar elevation, and E, is the correction of the
Earth-Sun distance.

In order to test the quality and the performance of the used
FFNN-BP model, we propose to calculate and compare

8 = 23.45sin[0.986 (N + 284)], (5) several errors metrics. These error metrics are widely used
- in the research area to test the validity and accuracy of the
D =24[1 - cos™ [tan (). tan (A)./7]], 6 m Y Y
fength [ . [tan(9) A).f]] © results, like in photovoltaics (Al-Dahidi et al., 2019; Louzazni
a
TOA = J yIOEO sin (h)dt, (7) et al., 2020). In this article, the error metrics are organized
into two categories, as given by Gueymard (2014). The details
- DGSR ®) about the error metrics are mentioned in the following
TOA’ equations:
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1) Indicators of dispersion

Mean bias error (MBE)

K

1
MBE = E Z(Gfarcast,i - GCXP'i)' (9)

i=1

Root mean square error (RMSE)

RMSE =

(Gfarcast,i - Gexp ,i)~ ( 10)

1l
—_

Normalized root mean square error (NRMSE)

1
K1

M=

NRMSE = (Gforcasr,i - Gexp,i)/E Z Gexpli- (1 1)

1 i=1

Mean absolute percentage error (MAPE)

100 &
MAPE = 100
K

Gforcust,i - Gexp K

12
Gexp S ( )

i=1
2. Indicators of overall performance

Coefficient of Determination R’

R=1- Zi:1(Gjorcast,1 Gexp,t) ' (13)

— 2
Zil (Gforcust,i - Gexp ,i)

The linear regression coefficients are as follows:

Y =aG+b, (14)
————— GepGorecas
a= GforecastGexp - 7P7f72f (15)
2exp - Gexp’
b= Gforecust - aéexp) (16)

where K is the total number of observations, G forecast and Geyp are
the forecasted and measured values of daily global solar radiation
(daily GSR), respectively, G “forecast and éexp represent the average
of forecasted and measured values of daily solar radiation.

It should be mentioned that the smaller values of MBE, RMSE,
NRMSE, and MAPE show more accuracy than the predicted values
and an ideal case is zero. All these statistical indicators or error
metrics have the added advantage of indicating whether the
estimated values are statistically significant or not at a particular
confidence level. The error formulations of MBE and RMSE
provide quantitative measures that have the same physical units
as the dependent variable. The NRMSE and R* are dimensionless
and the MAPE provides quantitative measures in percentage.

RESULT ANALYSIS AND DISCUSSION

The feedforward backpropagation was used to predict daily global
solar radiation using the neural network toolbox of MATLAB

Global Solar Radiation Prediction

2012 software. Particularly, other authors have pointed out a
multi-step prediction model: collecting data, creating a network,
configuring the network, modeling, initializing weight and biases,
training the network, and validating and using the network. One
of the most important issues in this article is how the model was
selected to perform a series of solar radiation values transversely.

Firstly, the Quantile-Quantile (Q-Q) graph is used to evaluate
the goodness of fit for the used FFNN-BP model and recognize
the performance models of global solar radiation values. For daily
GSR, the Q-Q graph, presented in Figure 5, shows the
comparison of simulated daily global solar radiation generated
by ANN model. Against the measured data, an overestimation
and an underestimation of solar radiation for 25 locations appear.
Although the graphs of all study places accurately simulated the
global solar radiation, this result indicates that the FFNN-BP
model is accurate to be employed in all study locations of
Morocco.

In the following prediction, all inputs parameters variables are
applied to train and validate the FFNN-BP model. These input
parameters data are divided into three categories, 80% for training,
10% for testing, and 10% for validation, to choose the most suitable
input scenario of the models. It is noted that Rao et al. (Siva
Krishna Rao et al., 2018) and Huang et al. (Huang and Shih, 2003)
have explained the multiple steps phases of the ANN architecture.
We adopt in this article the methodology used in (Huang and Shih,
2003), adopted as the first step (training). It is useful to start with a
minimum number of neurons in the hidden layer of artificial
Intelligent (AI). The number of these neurons will continually
increase and retraining of the Al is continued, until the significant
training of ANN is achieved and a suitable number is selected, as
indicated in Table 4. After several trials, the ten neurons are
considered a hidden layer (Yadav et al., 2014; Mba et al.,, 2016);
the standard criteria for choosing among of ANN models are Mean
Square Error (MSE). Moreover, various experimental parameters
data used in the proposed models are presented in Table 4.

Binomial coefficient or combination can be estimated using
the following mathematical expression:

c=Ycr=%y ™ __ (17)

where C is the number of all combinations and m is the total
number of inputs.

Hence, 32,767 combinations were found. All results should be
compared for selecting the optimum inputs parameters that can
predict the output parameters. After several trials, we found a
total of 125 considered an adequate combination to predict the
daily global solar radiation of all considered study locations in
Morocco. In addition, the ANN process started with the selection
of input combinations. For a good fitting, we train the network
more before predicting the output results. In another study, Silva
et al. (Siva Krishna Rao et al., 2018) have developed six ANNs
using several input data with 32 possible combinations of inputs.
The input parameters are as follows: theoretical sunshine hours
(Sp), sunshine hours (S), extraterrestrial radiation (H,), daily
minimum and maximum of temperature, difference of daily
maximum temperature, and difference of daily minimum
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FIGURE 5 | Q-Q plot of measured and simulated daily global solar radiation generated by FFNN-BP model for 25 Moroccan locations.
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TABLE 4 | ANN models with different input combinations.
Number of inputs
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temperature. The methodology adopted in this study is presented
in Figure 6.

Furthermore, the selected input parameters are tested using
the linear relationship with measured daily global solar radiation
(Table A1). The expression of the linear relationship is given in
the following equation:

MDGSR = bo + bth + szOA + b3Tmax + oo blSRrh- (18)

For a more specific analysis, the Taylor diagram is used as a
comparative method between measured and predicted values.
The following statistical error metrics, correlation coefficient (RY),
root mean square error (RMSE), and standard deviation (o), were

Combination of inputs

Ki

Ki, TOA

Kt, TOA, Trax

K[, TOA, Tmax» Tratio

Kt, TOA, Tmax; Tra[io’ AT

Kb TOA: Tmax: Trarr'o: AT> TAverage

Kt; TOA; Tmax) Trar/o) AT: TAverage; Tmin

KZ’ TOA) Trnax’ Trar/'o’ AT’ TAveraQEv Tmim Long

Kt TOA, Trmax> Tratio» AT, Taverage» Tmin» LONG, Alt

Kl’ TOA) Tmax; Tratio, AT’ TAveragev Tmm, Long,A/t, Lat

Kt, TOA, Tmaxs Tratio» AT, Taverages Tmin, LONg, Alt, Lat, &

Kt TOA, Trmaxs> Tratio» AT, TAveragev Tmin,Alt, Long, Lat, §, D/GNQW
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Kt, TOA, Tmax; Trarr'o; AT, TAveraQEv Tmm)A/tv Long, Lat, 9, D/engrh) Dnumber’ WS, Rh

combined in a polar diagram (two-dimensional). In order to
compare the performance of the most suitable input-output
parameters of all considered locations, all graphs based on the
statistical error metrics are presented in Figure 7. The illustrated
figures present the lowest value of RMSE and standard deviation
(0). The highest value of R” represents the accuracy relationship
between measured and predicted values.

The FFNN-BP model performance is presented with the top
five selected input parameters of all twenty-five cities and is
shown in Table 5.

The FFNN-BP models, based on different input parameters,
have the capability of finding relationships between the
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FIGURE 6 | The proposed methodology adopted.

variation of each input parameter and the variation of the
output parameters. This variation is related to the daily GSR
using the proposed method. All statistical metrics
performance of the five best inputs parameters indicates
that the ANN performs better. Based on R’ results, all five
best inputs of six zones have shown high prediction accuracy.
Best performance in the first zone is obtained by the lowest
value of MBE, RMSE, NRMSE, MAPE, TS, and o, respectively.
It is reported that the twelve input parameters are the most
selected of the following cities: Safi, Settat, Dakhla, and Al-
Auin; however, the inputs D, mper, W, and R, are based on
MBE, RMSE, NMRSE, MAPE, TS and K;, TOA, Tax Tratios
AT, Tayerages Tmin>» Alt, Long, 8, and Dyepgen, which have shown
excellent estimation. Rabat and Agadir present six input
parameters for Kenitra, Casablanca, Essaouira, and Sidi Ifni
and five input parameters were selected as the most suitable.
For the second zone, the selected input parameters are twelve
for Tanger, Tetouan, and Nador, whereas four input
parameters are considered as the best input parameters of
Al-Hoceima and Laareche. For the third zone, twelve
parameters were found for Oujda and Taza as the best
input data. For the other locations, seven parameters are
found as the best inputs. One site in the fourth and five
zones shows that the twelve parameters are the best inputs.
The other zones present two best inputs. For Ouarzazate, there
are four parameters and for Er-Rachidia, there are twelve
parameters. According to the results, it is suitable to obtain
the founded input parameters as basic information for
developing new solar radiation based on different
meteorological data and parameters coordinates.

Figure 8 presents the scattered plot of daily GSR values
predicted by the proposed model of the best-found parameters
(twelve, four to seven inputs) with measured daily GSR values.
The figures show that the lowest values of daily GSR below
demonstrate that the perfect fit was very close to the observed

Global Solar Radiation Prediction

values. The showed values indicate that the FFNN-BP model
shows good interpretation and good practicality for
daily GSR.
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FIGURE 7 | Taylor diagrams of twenty-five study locations in Morocco.
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TABLE 5 | Best five inputs parameters of 25 location in Morocco.

Global Solar Radiation Prediction

Location Best MBE MBE(%) RMSE RMSE(%) NRMSE MAPE TS o o(%) R? A b
input
parameters
Kenitra 03-Inputs -5,6610 -0,2672 16,9567 0,3580 0,0710  0,0022 92,0634 39,8794 0,2540 0,9730 09161 0,1630
05-Inputs -1,4153 -0,2663 11,3676 0,2400 0,0615 0,0019 89,8412 20,8181 0,2370 0,9910 0,9051 0,2100
08-Inputs -28,3050 -0,2720 21,1722 0,4470 0,0716  0,00836 110,4124 30,1291 0,3430 0,9910 0,9011 0,1570
14-Inputs -25,0028 -0,2713 25,8139 0,5450 0,0946  0,0045 119,3137 37,7712 0,4300 0,9900 0,8241 0,0680
15-Inputs -26,4180 -0,2716 18,2355 0,3850 0,0713  0,0063 119,9677 24,7709 0,2820 0,9770 0,9211 0,1890
Casablanca  03-Inputs -11,9980 -0,2662 26,3156 0,2700 0,0473  0,0041 40,1441 34,6014 0,2660 0,9870 0,9151  0,1630
04-Inputs -11,8750 -0,2665 15,2531 0,3220 0,0461 0,0032 82,4748 459631 0,2680 0,9830 0,9111 0,1480
05-Inputs -10,0750 -0,2661 14,8482 0,2209 0,0355 0,0020 35,5846 25,7142 0,2550 0,9900 0,9191 0,1770
11-Inputs -16,4500 -0,2674 20,0354 0,4230 0,0700  0,0033 114,9518 40,6531 0,3180 0,9815 0,8941 0,1640
14-Inputs -12,3000 -0,2664 19,2302 0,4060 0,0719  0,0063 10291556 32,6677 0,3020 0,9850 0,9111 0,1570
Rabat 03-Inputs -18,4500 -0,2786 24,9132 0,3100 0,0963  0,0023 84,7487 22,2150 0,3060 0,9540 0,9101 0,1690
06-Inputs -13,9750 -0,2693 18,9460 0,2900 0,0848 0,0019 27,2725 17,0628 0,2950 0,9901 0,8891 0,1890
07-Inputs -14,6250 -0,2787 19,1355 0,4040 0,0851 0,0029 92,0932 32,3520 0,3000 0,9130 0,9111 0,1380
10-Inputs -16,5750 -0,2781 20,1301 0,4250 0,0854  0,0039 108,6316 34,7245 0,3220 0,9090 0,9241  0,1480
15-Inputs -15,0600 -0,2794 18,7565 0,3960 0,0860  0,0062 102,8658 31,3814 0,2910 0,8550 0,8951 0,1310
Safi 04-Inputs -24,3000 -0,3316 36,2822 0,6896 0,8980  0,0060 95,8265 355540 0,3030 0,9910 0,9041 0,2100
07-Inputs -36,0750 -0,3413 30,7050 0,6220 0,8680  0,0064 71,8319 45,8485 0,5190 0,9730 0,9211 0,1580
10-Inputs -36,4500 -0,3118 23,5471 0,4770 0,8291 0,0042 64,6377 43,7678 0,3730 0,9870 0,9161 0,1930
12-Inputs -26,0750 -0,3051 22,5286 0,4580 0,7782 0,0032 47,7793 41,5384 0,3540 0,9910 0,9121 0,1970
15-Inputs -30,3750 -0,3373 28,5823 0,5790 0,9279  0,0063 83,2165 55,7365 0,4750 0,9810 0,9051 0,2010
Agadir 04-Inputs -18,4500 -0,2790 25,2765 0,4370 0,8478  0,0067 69,7631 33,6974 0,3130 10,9230 0,9091  0,1470
05-Inputs -29,0600 -0,4473 39,7985 0,4550 0,8827  0,0069 109,8439 34,1663 0,3510 0,9600 0,8831 0,1610
06-Inputs -12,1800 -0,1795 16,6866 0,4210 0,8167 0,0055 46,0550 32,2508 0,2970 0,9870 0,8981 0,1330
13-Inputs -17,1344  -0,2581 23,4741 0,4270 0,8284  0,0066 64,7886 50,8115 0,5220 0,9090 0,8901  0,1550
15-Inputs -16,1000 -0,2417 22,0570 0,4820 0,9351 0,0063 60,8773 46,3338 0,4760 0,9440 0,8681 0,1180
Essaouira 03-Inputs -20,8250 -0,3027 30,1963 0,2550 0,4947  0,0083 86,0593 17,6010 0,1500 0,9900 0,9021  0,2390
04-Inputs -20,3000 -0,2947 29,4350 0,2630 05102  0,0034 83,8898 18,6571 0,1590 0,9640 0,9141  0,2500
05-Inputs -14,5250 -0,2071 21,0613 0,2140 0,4152 0,0028 60,0246 14,6754 0,1300 0,9910 10,9101 0,2270
12-Inputs -20,3000 -0,2947 29,4350 0,3570 0,6926  0,0046 83,8898 29,6870 0,2530 0,9910 09171 0,2530
13-Inputs -29,9750 -0,4416 43,4638 0,2860 0,65648  0,00837 97,7934 21,4732 0,1830 0,9890 0,9231 0,2540
Settat 05-Inputs -23,8000 -0,3274 32,1300 0,3470 0,6732  0,0045 72,2925 16,8994 0,2530 0,9900 0,9101 0,3490
09-Inputs -19,8750 -0,2713 26,8313 0,3890 0,7547  0,0051 60,3703 18,0079 0,2385 0,9850 0,9041 0,3570
12-Inputs -14,8765 -0,1999 20,0833 0,3330 0,6460 0,0043 45,1874 16,7949 0,2290 0,9920 0,9141 0,3570
14-Inputs -26,3250 -0,3634 35,5388 0,3848 0,7465 0,0060 79,9622 16,8970 0,2440 0,9840 09171 0,2520
15-Inputs -20,1640 -0,2754 27,2214 0,4264 0,8272  0,0065 61,2482 18,8917 0,2610 0,9770 0,9241 0,2480
Dakhla 03-Inputs -26,8200 -0,3937 30,8430 0,2880 0,56687  0,0087 69,3968 22,6946 0,1840 0,9830 0,9131 0,2330
05-Inputs -36,7280 -0,5440 42,2372 0,3460 0,6712  0,0045 95,0337 28,3963 0,2420 0,9850 0,9181 0,2510
08-Inputs -48,0040 -0,7151 55,2046 0,3650 0,7081 0,0047 113,1694 30,5084 0,2600 0,9860 0,8951 0,2240
12-Inputs -23,6400 -0,3454 27,1860 0,2720 0,5277 0,0035 61,1685 21,9426 0,1800 0,9900 0,9021 0,2250
14-Inputs -34,3640 -0,6082 39,5186 0,2990 0,5801 0,0039 88,9169 23,2005 0,1980 0,9740 0,9221  0,2380
Al-Auin 03-Inputs -28,0920 -0,4130 32,3058 0,3310 0,6421 0,0043 72,6881 26,6362 10,2270 10,9690 0,9071 0,2470
06-Inputs -25,7456  -0,3774 29,6074 0,3320 0,6441 0,0043 66,6167 26,8709 0,2290 0,9900 0,9061 0,2320
07-Inputs -24,0648 -0,3517 27,6630 0,4150 0,8051 0,0054 62,2418 36,4927 0,3110 0,9640 0,9091 0,2420
11-Inputs -20,6184 -0,2996 23,7112 0,3200 0,6208  0,0042 53,3501 25,3454 0,2160 0,9860 0,9091  0,3500
12-Inputs -17,1820 -0,2474 19,7593 0,2880 0,5587 0,0037 44,4584 24,8046 0,1840 0,9910 0,9031 0,2480
Sidi Ifni 05-Inputs -10,0548 -0,1393 13,5740 0,3090 0,5995 0,0040 30,5415 24,0547 0,2050 0,9870 0,9081 0,2380
07-Inputs -18,8728 -0,2731 25,4783 0,3410 0,6615  0,0044 57,3261 27,9269 0,2380 0,9860 0,9141  0,2490
08-Inputs -27,1092  -0,3981 36,5974 0,5010 0,9719  0,0065 82,3442 46,5840 0,3970 0,9840 0,9081 0,2940
12-Inputs -28,9638 -0,4262 39,1011 0,5120 0,9933  0,0067 87,9775 50,2215 0,4280 0,9830 0,9041 0,3480
15-Inputs -29,8092  -0,4390 40,2424 0,4810 0,9331 0,0063 90,5454 44,3545 0,3780 0,9860 0,9171  0,2500
Tanger 03-Inputs -39,8670 -0,6917 39,0697 0,4640 0,9002  0,0060 87,9067 41,0690 0,3500 0,9910 0,9011 0,1510
06-Inputs -33,9150 -0,5013 33,2367 0,4590 0,8905  0,0060 74,7826 42,7690 0,5530 0,9870 0,8601  0,0990
11-Inputs -29,8765 -0,4401 29,2790 0,2360 0,4578  0,0031 65,8777 15,4889 0,1320 0,9860 0,9111  0,1550
12-Inputs -29,7750 -0,4385 29,1795 0,1990 0,3861 0,0026 65,6539 10,3259 0,0880 0,9910 0,9211 0,1900
14-Inputs -39,7280 -0,5895 38,9334 0,2780 0,56393 0,0086 87,6002 20,4172 0,740 0,9760 09171 0,1660
Tetouan 03-Inputs -35,9904 -0,6328 35,2706 0,3630 0,7042  0,0047 79,3588 30,5084 0,2600 0,9901 0,8961 0,2390
08-Inputs -39,7280 -0,5895 38,9334 0,2570 0,4986  0,0083 87,6002 17,9530 0,1530 0,9870 0,9021 0,2260
12-Inputs -27,2592 -0,4003 26,7140 0,3610 0,7003 0,0047 60,1065 14,7364 0,1357 0,9910 10,9151 0,1510
13-Inputs -30,8865 -0,4554 30,2688 0,3560 0,6906  0,0046 68,1047 29,6697 0,2520 0,9902 0,9211  0,1490
15-Inputs -33,95156  -0,5019 33,2725 0,3910 0,75685  0,0051 74,8631 241720 0,2060 0,9850 0,9001 0,1370
Al-Hoceima  04-Inputs -11,2680 -0,1577 22,3106 0,3740 0,7256  0,0049 50,1989 20,8818 0,2700 0,9920 0,9021 0,1490
05-Inputs -11,9517  -0,1681 23,6644 0,4180 0,8109  0,0054 53,2448 36,8448 0,3140 0,9890 09181 0,1620
06-Inputs -14,9195 -0,2131 29,5406 0,4080 0,7915  0,0063 66,4664 27,4576 0,2340 0,9900 0,9151 0,1650
07-Inputs -15,3293 -0,2193 30,3520 0,4040 0,7838  0,0063 68,2920 35,2020 0,3000 0,9900 0,9091 0,1440
(Continued on following page)
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TABLE 5 | (Continued) Best five inputs parameters of 25 location in Morocco.

Location

Larache

Nador

Oujda

Taza

Meknes

Beni-Mellal

Ifrane

Fes

Medilt

Marrakech

Ouarzazate

Er-Rachidia

Best
input

parameters

15-Inputs
03-Inputs
04-Inputs
08-Inputs
10-Inputs
14-Inputs
03-Inputs
05-Inputs
11-Inputs
12-Inputs
15-Inputs
03-Inputs
07-Inputs
12-Inputs
13-Inputs
15-Inputs
03-Inputs
04-Inputs
12-Inputs
13-Inputs
15-Inputs
03-Inputs
04-Inputs
06-Inputs
07-Inputs
11-Inputs
05-Inputs
07-Inputs
08-Inputs
14-Inputs
15-Inputs
04-Inputs
05-Inputs
06-Inputs
07-Inputs
15-Inputs
05-Inputs
07-Inputs
10-Inputs
13-Inputs
15-Inputs
03-Inputs
05-Inputs
06-Inputs
07-Inputs
12-Inputs
07-Inputs
08-Inputs
09-Inputs
12-Inputs
15-Inputs
04-Inputs
06-Inputs
09-Inputs
11-Inputs
15-Inputs
03-Inputs
04-Inputs
06-Inputs
12-Inputs
14-Inputs

MBE

~19,9195
-19,9195
~7,9678
-19,9195
~11,9517
-32,8229
~31,9680
-26,6400
-23,1768
_22,3776
~39,9600
53,2800
47,9520
-23,9760
-29,3040
~39,9600
-38,6280
—42,5707
25,8408
-34,6320
-47,9520
04,7752
-20,7792
~17,0496
-15,9840
31,9680
-26,3949
20,7792
26,1072
35,6976
-49,8168
-23,9760
~15,9840
-18,6480
~13,3200
-23,9760
~13,3200
~9,8568
-21,3120
~18,3816
~15,9840
55,9440
-53,2800
~47,9520
-45,2880
-39,9600
-63,9360
~51,9480
47,9520
-36,2304
53,2800
-13,8528
~15,9840
~21,3120
~23,7096
-30,9024
~14,6520
~12,6806
~15,9840
-20,7792
221112

MBE(%)

-0,2890
-0,2890
-0,1076
-0,2890
-0,1681
-0,4848
-0,4718
-0,3909
-0,3384
-0,3263
-0,5931
-0,7952
-0,7143
-0,3505
-0,4314
-0,5931
-0,5729
-0,6327
-0,3788
-0,5122
-0,7143
-0,3626
-0,3020
-0,2454
-0,2293
-0,4718
-0,3872
-0,3020
-0,3829
-0,5284
-0,7426
-0,3505
-0,2293
-0,2697
-0,1888
-0,3505
-0,1888
-0,1363
-0,3101
-0,2656
-0,2293
-0,8356
-0,7952
-0,7143
-0,6739
-0,5931
-0,9569
-0,7750
-0,7143
-0,5365
-0,7952
-0,1969
-0,2293
-0,3101
-0,3465
-0,4556
-0,2090
-0,1791
-0,2293
-0,3020
-0,3222

RMSE

39,4406
17,5292
10,3390
17,5292
10,5175
28,8842
24,9350
20,7792
18,0779
17,4545
31,1688
29,8368
26,8531
13,4266
16,4102
22,3776
21,6317
23,8396
14,4708
19,3939
26,8531
11,7930
9,8909

8,1156

7,6084

15,2168
12,5640
9,8909

12,4270
16,9921
23,7128
11,4126
7,6084

8,8764

6,3403

11,4126
6,3403

4,6918

10,1445
8,7496

7,6084

26,6293
25,3613
22,8252
21,5571
19,0210
30,4335
24,7272
22,8252
17,2457
25,3613
6,5939

7,6084

10,1445
11,2858
14,7095
6,9744

6,0360

7,6084

9,8909

10,5249

RMSE(%)

0,4420
0,3370
0,2830
0,3120
0,3920
0,3710
0,3720
0,4750
0,3980
0,3460
0,3970
0,3370
0,4290
0,3130
0,3830
0,4490
0,4550
0,3600
0,2900
0,5020
0,4240
0,5320
0,4560
0,4720
0,4190
0,4370
0,3570
0,2450
0,3380
0,3580
0,2850
0,4870
0,3940
0,4570
0,4190
0,4890
0,3840
0,2070
0,3810
0,4200
0,3460
0,5010
0,4940
0,4900
0,5060
0,4607
0,4790
0,3300
0,3780
0,2740
0,4910
0,2780
0,3360
0,6320
0,6740
0,4190
0,3770
0,2980
0,3520
0,3290
0,4180

NRMSE

0,8575
0,6538
0,5490
0,6053
0,7605
0,7197
0,7217
0,9215
0,7721
0,6712
0,7702
0,6538
0,8323
0,6072
0,7430
0,8711
0,8827
0,6984
0,5626
0,9739
0,8226
1,0321
0,8846
0,9157
0,8129
0,8478
0,6926
0,4753
0,6557
0,6945
0,5529
0,9448
0,7644
0,8866
0,8129
0,9487
07,450
0,4016
0,7391
0,8148
0,6712
0,9719
0,9584
0,9506
0,9816
0,8938
0,9293
0,6402
0,7333
0,5316
0,9525
0,5393
0,6518
1,2261
1,3076
0,8129
0,7314
0,5781
0,6829
0,6383
0,8109

MAPE

0,0057
0,0044
0,0037
0,0041
0,0051
0,0048
0,0048
0,0062
0,0052
0,0045
0,0052
0,0044
0,0056
0,0041
0,0050
0,0058
0,0059
0,0047
0,0038
0,0065
0,0055
0,0069
0,0059
0,0061
0,0054
0,0057
0,0046
0,0032
0,0044
0,0047
0,0037
0,0063
0,0051
0,0059
0,0054
0,0064
0,0050
0,0027
0,0050
0,0055
0,0045
0,0065
0,0064
0,0064
0,0066
0,0060
0,0062
0,0043
0,0049
0,0036
0,0064
0,0036
0,0044
0,0082
0,0088
0,0054
0,0049
0,0039
0,0046
0,0043
0,0054

TS

88,7414
56,9698
33,6018
56,9698
34,1819
93,8735
56,1038
46,7532
40,6753
39,2727
70,1298
67,1328
60,4195
30,2098
36,9230
50,3496
48,6713
53,6391
32,5594
43,6363
60,4195
63,0925
52,9163
43,4185
40,7049
81,4007
67,2173
52,9163
66,4846
90,9075
118,8011
61,0573
40,7049
47,4890
33,9207
61,0573
33,9207
25,1013
54,2731
46,8106
40,7049
115,8376
110,3216
99,2894
93,7733
82,7412
132,3859
107,5635
99,2894
75,0187
110,3216
35,2775
40,7049
54,2731
60,3789
78,6961
37,3128
32,2025
40,7049
52,9163
56,3084

(o]

39,7783
27,3402
21,0039
24,4067
33,9113
31,2124
31,4471
43,0638
34,4980
31,2383
34,3806
27,3402
38,2528
26,9881
32,7379
42,3683
48,1243
30,0390
28,4112
46,7013
37,4315
49,7522
29,9957
31,4471
31,0057
39,0742
29,6870
16,5449
27,3402
20,8044
21,2385
44,9412
34,0286
53,2724
30,0211
28,7483
32,9725
12,0860
32,5032
36,8448
28,3963
23,5280
45,8799
56,7926
16,7796
12,6311
43,7678
26,5188
32,1512
19,9478
57,2619
39,8012
45,7829
62,0729
55,5811
36,8448
32,0338
16,5560
17,3663
26,4015
20,2168
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o(%)

0,3390
0,2330
0,1790
0,2080
0,2890
0,2660
0,2680
0,3670
0,2940
0,2420
0,2930
0,2330
0,3260
0,2090
0,2790
0,5450
0,5510
0,2560
0,2160
0,3980
0,3190
0,4240
0,1520
0,2680
0,2550
0,3330
0,2530
0,1410
0,2330
0,2540
0,1810
0,3830
0,2900
0,4540
0,2150
0,2450
0,2810
0,1030
0,2770
0,3140
0,2420
0,4970
0,3910
0,4840
0,1430
0,1020
0,3730
0,2260
0,2740
0,1700
0,4880
0,2174
0,2320
0,5290
0,5710
0,3140
0,2730
0,1078
0,1480
0,2250
0,1140

R2

0,9730
0,9850
0,9920
0,9910
0,9860
0,9900
0,9010
0,9590
0,9230
0,9860
0,9350
0,9870
0,9890
0,9910
0,9870
0,9900
0,9870
0,9900
0,9910
0,9740
0,9900
0,9830
0,9880
0,9860
0,9880
0,9820
0,9820
0,9900
0,9750
0,9880
0,9580
0,9910
0,9870
0,9770
0,9910
0,9900
0,9840
0,9910
0,9730
0,9900
0,9880
0,9900
0,9890
0,9870
0,9770
0,9910
0,9910
0,9860
0,9850
0,9920
0,9830
0,9910
0,9900
0,9860
0,9890
0,9890
0,9440
0,9880
0,9550
0,9910
0,9830

0,9131
0,9131
0,9191
0,9061
0,9161
0,9031
0,9081
0,8581
0,9211
0,9141
0,9261
0,9211
0,9121
0,9171
0,9101
0,9101
0,9021
0,091
0,9101
0,8891
0,041
0,8701
0,211
0,9101
0,9191
0,9051
0,9211
0,9111
0,8971
0,9151
0,9101
0,9071
0,9141
0,9121
0,9131
0,9181
0,9091
0,9101
0,9081
0851
0,9131
0,9031
0,9161
0,8931
0,9241
0,8811
0,8791
0,9111
0,9161
0,9121
0,9191
0,8801
0,9131
0,9121
0,9161
0,9001
0,9121
0,9201
0,9071
0,9111
0,9161

0,1690
0,2450
0,2550
0,2460
0,2690
0,2210
0,1570
0,1770
0,1850
0,1400
0,0830
0,2340
0,2340
0,2500
0,2440
0,2330
0,2210
0,3600
0,2270
0,2290
0,2040
0,1830
0,2530
0,2540
0,2510
0,3600
0,1690
0,3810
0,2310
0,2490
0,2180
0,2240
0,2470
0,3530
0,2390
0,2440
0,2430
0,1920
0,1420
0,1490
0,1620
0,2320
0,2370
0,2130
0,2540
0,3170
0,1270
0,1500
0,1750
0,1690
0,1620
0,1830
0,1600
0,1350
0,1600
0,1310
0,2540
0,2560
0,3680
0,2490
0,2500

The values displayed in bold show the lowest values of the statistical performance indiicators and the highest value of the correlation coefficient RZ among the five best input parameters for
each city studied.
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FIGURE 8 | Scatter plot of daily GSR predicted values by the best six inputs vs. measured values.
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Table 6 presents a brief comparison of multiple studies for
different locations using several meteorological, astronomical,
and geographical data as input parameters between the present
study and others previously cited in the literature in order to
predict the daily global solar radiation. The comparison metric
is based on the coefficient of determination (R?). Therefore,
most of the cited studies for the prediction of daily global solar
radiation used different algorithms have generally presented
close results to another one. According to the statistical
metrics, it can be noted that the highest value of the
coefficient of determination corresponds to the appropriate
models. As we can see from Table 6, it clearly appears that the
current study presents the appropriate model compared to
other studies cited in the literature. The R*> value of the
proposed model is 99.20, which ensures that the proposed
model performs better than other existing methods.

Figure 9 ranks the twenty-five studied locations in terms of
predicted outputs. The best results of the selected input

parameters for Ouarzazate, Al-Hoceima, and Lareche cities
are K, TOA, T,,.» and T,,,;,. The best results of the selected
input parameters for Kenitra, Casablanca, Essaouira, and Sidi
Ifni are K, TOA, T,.ux Tratio» and AT. The K, TOA, T,,.0x Tratios
AT, and Tgyerage are the selected input parameters for Rabat and
Agadir city. The best seven input parameters for the considered
location (Meknes, Beni-Mellal, Ifrane, and Fes) are K, TOA,
Tax Tratioo AT, Taverages and Tyi,. Er-Rachidia, Marrakech,
Midelt, Taza, Oujda, Nador, Tetouan, Tanger, Al-Auin,
Dakhla, and Settat City are the locations considered for
twelve input parameters (K, TOA, Tpax Tratioo AT, Taverages
Alt, Long, Lat, 8, Diength» Dnumber» We and Ry). The analysis
indicator shows that the increase in input numbers improves the
accuracy and adaptability of the ANN model.

In order to compare the agreement between measured daily
average global solar radiation and the predicted one for twenty-
five Moroccan selected locations, the relative difference values are
4.84 and 6.75% for the ANN model and the mean, max, min value
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TABLE.6 | Metrics comparison of current study with the existing literature studies in the prediction of daily global solar radiation.

References Studied Input parameters to R2 (%)
locations ANNs model
Yildiz et al. (2013) Turkey Latitude, longitude, altitude, month, and meteorological land surface temperature 82.37
Rahimikhoob, (2010) Iran Maximum and minimum air temperature and extraterrestrial radiation 88.9
Fadare, (2009) Nigeria Latitude, longitude, altitude, month, mean sunshine duration, mean temperature, and relative humidity 90
Benghanem et al. (2009)  Saudi Arabia humidity, sunshine duration and the day of the year 97.65
Jiang, (2009) China Latitude, altitude, and mean sunshine 97
Marzouq et al. (2018) Morocco Top of the atmosphere, maximum temperature, solar altitude angle, and minimum relative humidity 95.99
Bounoua et al. (2021) Morocco Day of the year, daily mean air temperature, relative humidity, wind speed, wind direction, air vapor pressure,  95.04
extraterrestrial radiation, maximum and minimum air temperature, gradient temperature, root square temperature
gradient, and temperature ratio
Wang et al. (2016) China Air temperature, air pressure, maximum air temperature, extraterrestrial radiation, latitude, longitude, altitude, 90
relative humidity, and water vapor pressure
El Mghouchi et al. (2019)  Morocco Geographical coordinates, sun declination, day length, day number, clearness index, top of atmosphere, average 99
ambient temperature, maximum and minimum temperature, difference temperature, temperature ratio, relative
humidity, and wind speed
B. Belmahdi et al. Morocco Clearness index, day number, day length, minimal temperature, maximal temperature, average temperature, 99.20
difference temperature, ratio temperature, average humidity, top outside atmosphere radiation, average wind
speed, altitude, longitude, latitude, and solar declination
with ten neurons and the log-sigmoid transfer function of the
15 . . T T hidden layer and the output layers are employed for the
i prediction  model.  Geographical and  meteorological
13
: Parameters, such as Kt; TOA: Tmax Tmtim AT) Tavemge) Tmim
11 ] Alt, Long, Lat, &, Diengtis Dyumber W and Ry, , have been used
. P as input variables and daily global solar radiation as outputs
© 1 . . . .
o variables. Each step was increasing the number of inputs to
el 7 . .
L 4] determine the most accurate and suitable parameters. As the
B ] results have shown, all parameters are qualified to demonstrate
L 4] their adaptability and efficiency for the study weather conditions.
3 s The best twelve, seven, six, five, and four input parameters with
o 4 the proposed model in this study can also be preferred to predict
3 daily GSR with high logical accuracy and faster performance
2 analysis. This obtained result is an indication of a good matching
1 between measured and predicted global solar radiation. Following
P P P the same procedures, this technique could be used to predict
& 2o L ¥ N @ QR W D 5@ &1 . .
N A ot S N D VNG S LA NS T other outputs data of different locations where measurement
R Y& TGRSR S = N S . L. . . ..
& Ky < Yo% instrumentation is unavailable or costly to obtain. The statistical
error metrics calculated for each predicted value and the Taylor
FIGURE 9 | Output predicted data and the best selected parameters for diagrams show the good ability of the proposed models in
all Morocean cities. predicting daily solar radiation. This result can be useful for

of the predicted and measured model are 5.493, 5.09, 5.19 and
5.796, 5.39, and 5.49, respectively, as presented in Figure 9,
revealing the high accuracy of the ANN model in simulation.
The selected model also seems well adapted to predict daily global
solar radiation in other study locations successfully.

CONCLUSION

The article presents the FFNN-BP model and its application in
predicting the daily global solar radiation. A feedforward
backpropagation is employed using different metrological and
geographical coordinates. The proposed neural network runs

installing several solar energy capacities, such as photovoltaic
farms or solar collectors.
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APPENDIX 1

Global Solar Radiation Prediction

TABLE A1 | Linear relationship for best input of 25 cities.

Sites Kt TAO Tmax Tvalio AT TAverage Tmin Alt Lat Long s Dlenglh Dnumbev F‘h Ws
Kenitra 6,4645 0,6366 0,0095 0,0475  0,15833 0 0 0 0 0 0 0 0 0 0
Casablanca  5,8901 0,6371 0,0033 0,0165 0,1073 0 0 0 0 0 0 0 0 0 0
Rabat 6,0859 0,6301 0,0076 0,038 0,1267 -3,3404 0 0 0 0 0 0 0 0 0
Safi 4,5053 0,6273 0,0571 0,2855 0,9517 -3,65624 0,007833 -0,0001 32,283 -9,233 -19,98 12,519 0 0 0
Agadir 5,6374 0,6259 0,0518 0,259 0,8633 -3,8515 0 0 0 0 0 0 0 0 0
Essaouira 53102 06303 0,0671 0,3355  1,11833 0 0 0 0 0 0 0 0 0 0
Settat 6,1852 0,6204 0,3123 1,5615 5,205 -3,30156 0,024733 -0,0045 30,33 -9,41 -8,43 12,5624 0 0 0
Dakhla 4,4995 0,6083 -0,021 -0,105 -0,35 -3,8011  -0,03497 -0,0001 23,7 -15,86 -22,08 12,771 0 0 0
El-Aiun 6,3306 0,6337 0,026 0,13 0,4333 -3,8108 0,0256333 -0,0076 27,16 -13,21 -20,79 12,695 0 0 0
Sidi Ifni 5,6209 0,6191 0,02 0,1 0,3333 0 0 0 0 0 0 0 0 0 0
Tanger 6,4603 0,6253 0,3142 1,571 523667  -3,2704 0,023933 -0,0095 35,733 -5,9 -18,98 12,338 0 0 0
Tetouan 6,0741 0,6257 0,3123 1,5615 5,205 -3,2925 0,020233 -0,0032 35,58 -5,33 17,45 12,306 0 0 0
Al-Hoceima  5,6909 0,6273 0,0005 0,0025 0 0 0 0 0 0 0 0 0 0 0
Larache 51046 0,6221 0,0216 0,108 0 0 0 0 0 0 0 0 0 0 0
Nador 6,0865 0,6245 0,0596 0,298 0,9933 -3,6987 0,013133 -0,0024 35,15 -2,91 -16,23 12,168 0 0 0
Oujda 50263 0,6206 0,0554 0,534 2,56387 -4,6523  0,164298 -0,0243 33,75 -1,93 -21,73 11,745 0 0 0
Taza 56167 0,604 0,0364 0,182 0,60667 -3,3615 0,010733 -0,0034 34,217 -4 -10,67 12,23 0 0 0
Meknes 5,763 0,621 0,027 0,135 0,663 -4,9640 0,03975 0 0 0 0 0 0 0 0
Beni-Mellal 6,399 0,6082 0,027 0,135 0,45 -3,5805 0,019333 0 0 0 0 0 0 0 0
Ifrane 4,8583 0,6159 0,013 0,065 0216667 -3,4020 -0,00737 0 0 0 0 0 0 0 0
Fes 6,1079 0,6136 0,3062 1,531 5,103333 -3,0621  0,008933 0 0 0 0 0 0 0 0
Mediilt 3,6645 0,6306 0,2583 1,2915 4,305 -28,313  -0,04077 -0,0634 32,683 -4,733 -15,15 12,272 0 0 0
Marrakech 6,5433 0,6351 0,01056 0,0525 0,175 -3,6024 0,0156533 -0,0934 31,617 -8,033 -24,66 12,453 0 0 0
Ouarzazate 5348 0,6241 0,0436 0,218 0 0 0 0 0 0 0 0 0 0 0
Er-Rachidia  6,3443 0,6233 0,0954 0,477 1,59 -4,1873 -0,004 -0,034 31,93 -4,4 -10,45 12,253 0 0 0
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