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Solar energy is one of the clean and healthy energies. Due to the high cost of required equipment to
convert solar energy into the desired form, the economic facets must be addressed and the equipment
should be installed in areas with higher accessible solar energy. However, due to the complex and timeconsuming process of calculating solar radiation, it seems necessary to develop more simple models with
higher estimation capability. Therefore, the present study investigated the prediction of solar radiation on
the horizon using neural network methods, ANFIS and RSM, in Sarpol-e-Zahab Township, Kermanshah,
Iran. In this respect, the meteorological data of this township were collected. Then, the key parameters
were selected by performing sensitivity analysis, and models were designed and optimized using ANFIS,
ANN, and RSM methods. Moreover, respective correlation coefBcients and mean square errors of each
method were obtained (ANFIS (0.993 and 0.0005), ANN (0.996 and 0.00029), and RSM (0.996 and
0.00027), respectively). Also, the neural network and response surface methodology were superior to the
ANFIS Model in terms of performance, simplicity, and speed. In short, the performance of the response
surface methodology was slightly better than that of the neural network.
Keywords. ANFIS; neural network; neuro-genetics; solar radiation.

1. Introduction
Nowadays, because of the dwindling fossil and
chemical energy resources, their damages to the
environment, and numerous barriers to their
development, the exploitation of renewable energy
resources has caught the attention of many scientists. In the present age, renewable energies are
recognized as major clean and free resources. For
instance, solar energy, as a prime example of clean,
endless, renewable, and free resources, is used in
many societies. The exploitation of solar energy in
any region is dependent on the solar energy data,
including radiation rate and its intake in different

locations during different days of the year, which
plays a key role in the planning and execution of
various projects (Yaghoubi and Sabazevari 1996).
Further, solar radiation (Rs) is one of the most
central parameters in the thermal balance between
the earth’s atmosphere and solar energy.
In general, planning for optimal exploitation of
solar energy requires the estimation of its potential
in different regions of the country. The available
methods for calculating and zoning solar radiation
can be summarized into four general categories: (1)
measurement at meteorological stations, (2) using
physical and computational models (experimental
and semi-experimental), (3) satellite measurements,
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and (4) using the artiBcial intelligence models (Perez
et al. 1997).
One of the best and most reliable methods to
obtain solar information is met by direct measurement of radiation intensity using a pyranometer
(Muselli et al. 1998). However, due to the significance of this parameter, the devices for measuring
the intensity of solar radiation are expensive and
sensitive (needing a lot of care) and should be calibrated regularly. Hence, most meteorological stations are deprived of this device, which is nowadays
a problem for both developing and developed
countries. Another method is to use a series of
empirical and theoretical formulas in which the
amount of solar radiation is estimated using the
data from the meteorological department or factors
such as sun movement and latitude. Thus, it is
critical to identify a relationship to estimate the
intensity of solar radiation using the measured and
available parameters (sunny hours, etc.).
Proper modelling to estimate solar energy in different parts of the country and its proper use play
vital roles in determining the amount of energy
needed by the country, which has encouraged scientists and researchers to propose and apply solar
radiation models (Yaghoubi and Sabazevari 1996).
A large number of meteorological parameters, such
as relative humidity, cloudiness, temperature, sunshine, and so forth, aAect the total solar radiation
reaching the surface of the earth (Bayat and MirlatiB 2009). The results of the study conducted by
Sabziparvar and Shetaee (2007) revealed that the
Angstrom–Prescott Model accurately estimated
solar radiation in the semi-arid climate of Iran.
In another study conducted by Majnoni-Heris
et al. (2009), the daily data of Bajgah in Fars province, Iran, measured in 2003 and 2004, were used
and the coefBcients of the Angstrom–Prescott
Model were calibrated based on sunshine, temperature, and cloudiness. The results of their study
indicated that the radiation intensity was estimated
more accurately by incorporating air temperature
and sunny hours into the Angstrom–Prescott
Model. In a study performed by Rehman (1998),
solar radiation in Saudi Arabia was measured by 16
different models. Also, the obtained results were
compared with those measured by pyrometers,
showing that the Angstrom–Prescott linear model
oAered the best performance. A nonlinear relationship was proposed to estimate solar radiation
by Bristow and Campbell (1984) using the minimum and maximum temperature (Bristow and
Campbell 1984; Abdallah 1994; Chen et al. 2004).
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Besides, for a more accurate estimation of solar
radiation, other parameters, such as relative
humidity, were included in various models.
The permeability coefBcient of atmosphere for
Shiraz, Iran, was calculated by Yaghoubi and
Sabazevari (1996). In a study performed by
Yaghoubi and Sabazevari (1996), some equations
were proposed using the climatic elements and
factors to estimate the radiation in different cities of
Iran. Moreover, the radiographic data of nine synoptic stations, the maximum probability method,
and a hybrid model were utilized by Yaghoubi and
Sabazevari (1996) to select the most appropriate
Angstrom–Prescott Model. In their study, three
Angstrom–Prescott Models were investigated, and
the coefBcients of each model were calculated for
Iran’s climatic conditions using the statistical
relationships of each of the models, the processed
data of nine synoptic stations, and solving the correlation equations. Finally, a hybrid model was
chosen because of the best Bt (Yaghoubi and
Sabazevari 1996). The third method is the satellite
examination of solar radiation using the remote
sensing data from NOAA, INSAT, AVHRR,
HIMAWARI, Meteosat, and GEOS measurements.
This method is suitable for areas lacking meteorological networks (Pons and Ninyerola 2008). The
Bnal approach is attributed to the use of artiBcial
intelligence. In neural network prediction models,
various meteorological parameters, such as air
temperature, sunshine, and relative humidity, are
easily combined to calculate solar radiation (Bojanowski et al. 2013). Sozen et al. (2004) assessed
the capability of neural networks to estimate the
amount of solar radiation and investigated network
architectures to achieve the fewest errors. In a
study performed by Azadeh et al. (2009), some
single or multivariate statistical models were
investigated based on the theory of correlation and
the ability of artiBcial neural networks (ANN) to
estimate daily solar radiation. It was reported that
the ANN were among the three methods with the
least error in estimation. The capability of neural
networks was conBrmed by Metin and Murat
(2008) at four meteorological stations throughout
Iran by assessing the capability of ANN and neurofuzzy adaptive inference system to simulate total
solar radiation. For the estimation of the amount of
solar radiation, Rahman and Mohandes (2008) used
different combinations of relative humidity, air
temperature, and regional day numbers in Saudi
Arabia as the inputs of MLP neural network. They
concluded that MLP could accurately estimate the
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amount of radiation in this region based on
humidity and temperature. Bayat and MirlatiB
(2009) applied ANN and six regression models to
estimate the solar radiation at meteorological stations in Shiraz, Iran, over 1985–1990. In their study,
the statistics from the meteorological station in
Karaj, Iran, with the same climatic conditions as
the meteorological station in Shiraz, Iran, were used
to train different neural networks and calibrate
experimental equations. Then, the experimentalcalibrated equations and trained networks were
evaluated for Shiraz station using different error
statistics. The results demonstrated that the ANN
with input parameters, including extraterrestrial
radiation, actual sunny hours, and maximum sunny
hours, yielded the best results (Bayat and MirlatiB
2009). Moghadamnia et al. (2009) performed the
gamma test to determine the eAective meteorological parameters in solar radiation. Accordingly, the
amount of solar radiation was predicted using the
ANN and the adaptive network-based fuzzy inference system (ANFIS), concluding that the ANN
outperformed the fuzzy model in terms of simulating solar radiation. Azadeh et al. (2009) applied
ANN to estimate the total radiation in six regions of
Iran. Moreover, they set maximum and minimum of
average temperature, average relative humidity,
mean pressure of vapor, total rainfall, average wind
speed, and average sunny hours as input variables,
and compared the obtained results with the results
of the Angstrom–Prescott Model. Azadeh et al.
(2009) concluded that the neural network outdid
the Angstrom–Prescott Model. In another study
conducted by Fadare et al. (2010) to predict the
solar energy potential in Nigeria, factors such as
geographic coordinates (longitude, latitude, and
elevation), month, average temperature, average
sunny hours, and relative humidity were assumed
as the input variables. In this study, the ANN
model could predict the solar energy potential with
a coefBcient of R2 [ 0.83. Behrang et al. (2010)
compared two different techniques of MLP and
RBF in neural networks to estimate the total daily
radiation in Dezful, Iran. Moreover, six different
combinations of inputs, namely daily average temperature, relative humidity, sunny hours, evaporation, wind speed, and days of the year, were
compared in these two methods. Finally, the MLP
method was selected with inputs of days of the year,
daily average temperature, relative humidity,
sunny hours, and wind speed. The results of the
reviewed studies were indicative of the importance

and eAectiveness of these models to meet the
desired purposes. Moreover, the performance of
neural networks has been better than other models.
Despite the growing significance of solar energy, the
need for solar radiation data, high cost of installing
equipment and measurements in different parts of a
region or the entire country, and the probability of
errors in measuring solar radiation, few studies
have been conducted in this respect. Although
many models have been proposed to predict the
amount of solar radiation, the application of the
response surface methodology (RSM) has not been
addressed.
Above all, the present study aims to compare
RSM with neural network and ANFIS model,
which are known as the superior methods for solar
radiation prediction. Furthermore, this study is
intended to design and optimize simple models
with high performance by performing the sensitivity analysis to obtain eAective inputs.
2. Material and methods
Kermanshah Province, Iran, has a solar energy
potential more than 300 sunny days and 3000 hrs
of solar radiation annually, which is more than the
average in Iran. Moreover, the energy of 5 kWh is
produced daily per square meter of the earth’s
surface. Currently, Bve villages in Kermanshah
Province use solar energy to generate electricity.
Among the various cities of Kermanshah Province,
Sarpol-e-Zahab Township has the highest solar
radiation on the horizon. Therefore, the present
study aims to model the solar radiation on the
horizon for this township.
The required data were collected from the
Meteorological Organization of Kermanshah Province to estimate the accessible amount of solar
radiation. In this research, the selected stations
could provide complete data about the sunny hours
in 2004–2013. In this regard, nine important and
applicable parameters aAecting the sun’s radiation
were chosen as the selected parameters (see
table 1). The amount of solar radiation on the
horizon was also calculated by the available
relationships.
2.1 Estimation of the total solar radiation
on the surface of the earth
The Angstrom–Prescott model was the Brst
approach to estimate the amount of solar radiation
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Table 1. The key parameters aAecting the amount of solar radiation on the horizon.
Parameter
number

8
9

Symbol

Minimum monthly average temperature
Maximum monthly average temperature
Monthly average temperature
Difference between the parameter numbers 1 and 2
Water vapor pressure
Relative humidity
The ratio of the day length to maximum possible
day length
Evaporation
Day length

T-AVE-MIN
T-AVE-MAX
T-AVE
TMAX-TMIN
QFE
Rh
n/N

Percentage
Without dimension

VAP
n

Millimeters water column
Hour

on the horizon based on the sunny hours (Angstrom 1924; Prescok 1940).
 
H
n
¼aþb  ;

H0
N

ð1Þ

where H0 stands for the measured radiation outside
the atmosphere, and H denotes the mean of total
daily radiation per month which is calculated as
follows (DuDe and Beckman 1992):


24  3600  GSC
360n
1 þ 0:033 cos
H0 ¼
365
p
h
i
pxs
sin ; sin d ;
 cos ; cos d sin xs þ
180

ð2Þ

where Gsc is the radiation constant outside the
atmosphere whose value was 1373 watts per m2
in the present study. Also, ; is the latitude of
the desired location, and d represents the orientation of sunshine relative to the equator
(23.45° B d B 23.45°), which can be calculated
by the Cooper equation (Cooper 1969). Moreover,
xs denotes the solar clock (°), and its value can be
calculated by equation (4):


284 þ n
d ¼ 23:45 sin 360
;
365

ð3Þ

xs ¼ cos1 ðtan ; tan dÞ;

ð4Þ

where n denotes the maximum monthly-averaged
sunny hours, and N represents the monthly
average of daily sunny hours, calculated as
follows:
2
N ¼  xs :
15

ð5Þ

Unit
Celsius
Celsius
Celsius
Celsius

Since the design of a solar radiation model with all
parameters as input is complex resulting in
unpredictable structures, their optimization is not
possible. Hence, several different inputs are randomly selected to model solar radiation to develop
the best models with high performance and simple
structure through design and optimization processes (Shamshirband et al. 2016). However, in the
present study, the sensitivity analysis was performed to prioritize the eAects of input parameters
on solar radiation, rather than random selection of
input parameters. Figure 1 shows the diagrams of
the sensitivity coefBcients of the parameters. The
most eAective parameters in solar radiation have
the highest sensitivity coefBcients. Thus, four factors were selected as the main parameters of the
studied models, namely evaporation, the ratio of
the day length to maximum possible day length,
relative humidity, and monthly average
temperature.
Figure 2 illustrates the changes in the four
selected parameters based on sensitivity analysis of
solar radiation on the horizon over 120 months
from 2004 to 2013.

Sensitivity Coefficient

1
2
3
4
5
6
7

Title

2.5
2
1.5
1
0.5
0

Figure 1. The sensitivity coefBcient of nine important parameters on the solar radiation on the horizon.

Figure 2. The changes of the four selected parameters based on sensitivity analysis over 120 months in Sarpol-e-Zahab Township (upper-right: relative humidity; upper-left:
average monthly temperature; lower-right: the ratio of the day length to maximum possible day length; lower-left: evaporation).
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2.2 Modelling

2.2.3 Modelling with the help of RSM

2.2.1 Modelling with the help of ANFIS

RSM is a set of mathematical and statistical
techniques used to develop, promote, and optimize
processes in which the intended level is aAected by
many variables, and the goal is to optimize the
intended response.
In the present study, RSM was used with the
help of the Design Expert Software Version 7.0.

The ANFIS is a combination of fuzzy systems and
ANN, which embodies the beneBts of both methods
(Buragohain and Mahanta 2008; Metin and Murat
2008). This system is useful for solving nonlinear
problems in agricultural engineering applications
such as soil, plant, and air systems that are very
complex (Cheng et al. 2002; Arkhipov et al. 2008).
ANFIS is capable of making deductions and creating non-linear relationships between inputs and
outputs using linguistic concepts (Serge 2001).
The Bve most important and eAective factors
optimized in the ANFIS model include the number
of input fuzzy sets, type of input fuzzy sets, type of
output fuzzy sets, optimization method, and number of Epochs. Furthermore, 30% and 70% of the
data were used for testing and training, respectively.

2.2.2 Modelling with the help of ANN
The ANN are used for solving complex problems,
similar to the process inside a human brain. Based
on the results of studies on the mechanism and
structure of the human brain, neural networks
have been used as a new computing technology to
solve complex problems such as pattern recognition, classiBcation, and prediction. In this research,
a network was selected using the multi-layered
Perceptron Model. The Levenberg–Marquardt
algorithm was used to train the network in the
model due to its higher speed and precision and
fewer required input data for training compared to
the standard post-propagation algorithm. After the
completion of training, the designed network
should be able to generalize to the entire set and
data that were not used in network training. In this
regard, the existing data were divided into three
categories, namely training, validation, and testing. After training the network using the training
and validation data, the testing data were
employed to evaluate the network. Moreover, 25%,
70%, and 5% of the data were dedicated to testing,
training, and validation, respectively.

3. Results and discussion
3.1 Modelling with the help of ANFIS
Four selected parameters were used as the inputs of
the ANFIS model based on the sensitivity analysis,
and the model output was the amount of solar
radiation on the horizon. Furthermore, 30% and
70% of the data were used for testing and training,
respectively. The characteristics and performance
of the best ANFIS model for estimating solar
radiation on the horizon are shown in tables 2
and 3, respectively. Figure 3 shows the general
structure of the ANFIS model and the descending
trend of the model errors in each epoch.
3.2 Modelling with the help of ANN
Similarly, four selected parameters were used as
the inputs of the ANN model based on the sensitivity analysis, and the output of the model was the
amount of solar radiation on the horizon. Moreover, 25%, 70%, and 5% of the data were used for
testing, training, and validation, respectively. The
characteristics and performance of the best ANN
model for estimating solar radiation on the horizon
are shown in tables 4 and 5, respectively. The
general structure of the ANN model and the
reducing trend of model errors in each training
procedure are shown in Bgure 4.
3.3 Modelling with the help of RSM
Similarly, four selected parameters were used as
the inputs of the RSM model based on the sensitivity analysis, and the output of the model was the

Table 2. The characteristics of the best ANFIS model for estimating the solar radiation on the horizon.
Number of
inputs
4

Number of input
Fuzzy sets

Type of input
Fuzzy set

Type of output
Fuzzy sets

Optimization
method

Number of
epochs

3

Gaussian

Linear

Hybrid

60
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Figure 3. The general structure of the ANFIS model (right), the trend of reducing the model errors in each epoch (left).

Figure 4. The general structure of the ANN model (right), the trend of reducing the model errors in each training (left).
Table 3. The performance of the best ANFIS model for estimating the solar radiation on the horizon.

Training
Test
Total

Sig.

Correlation
coefBcient

Total squared
error

Mean absolute
error

Mean squared
error

3.94E87
1.28E29
8.5E114

0.995849
0.988715
0.993646

0.02754
0.032902
0.060441

0.012383
0.02544
0.0163

0.000328
0.000914
0.000504

Table 4. The characteristics of the best ANN model for estimating the solar radiation on the horizon.
Number of
inputs
4

General structure
of the model

Type of training function

Transfer functions

291

Levenberg–Marquardt

Tansig–Purelin

Table 5. The performance of the best ANN model for estimating the solar radiation on the horizon.

Training
Test
Total

Number of samples

MSE

MAE

SSE

r

84
30
120

0.000251
0.000398
0.000295

0.010786
0.014188
0.011807

0.021109
0.01434
0.03545

0.996536
0.996103
0.996286
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Figure 5. The correlation coefBcient of training, test and total data for three models (right), the mean values of squared error of
training, test and total data for three models (left).

Figure 6. The graphs of the actual and predicted values of the ANFIS model (the large and small graphs show the training and
test data, respectively).

amount of solar radiation on the horizon.
Moreover, 30% and 70% of the data were used for
testing and training, respectively. The characteristics and performance of the best RSM Model for
estimating the solar radiation on the horizon are
shown in tables 6 and 7, respectively.

Table 6. The characteristics of the best RSM model for estimating the solar radiation on the horizon.
Number of
inputs
4

General
structure of
the model

Number of
sentences in
the model

Cubic

35

3.4 Comparing the three designed models
Three criteria were used to compare the models,
namely correlation coefBcients and mean squared
errors of models, the residual chart of models, and
simplicity and rapidity of the action of models. A
more accurate model can be derived once the correlation coefBcient is higher and the mean squared
error is lower. As shown in Bgure 5, the model
obtained from RSM had a better performance in
this regard. It should be noted that the performance of the neural network model was almost
similar to that of RSM. The eAects of high correlation coefBcient of the model and low sum of
squared errors are well illustrated in one-to-one
graphs. As can be observed in the presented
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Table 7. The performance of the best RSM model for estimating the solar radiation on the horizon.

Training
Test
Total

Number of samples

MSE

MAE

SSE

r

84
30
130

0.000245
0.000342
0.000274

0.010812
0.012521
0.011325

0.020613
0.012315
0.032928

0.997207
0.994451
0.996511

Figure 7. The graphs of the actual and predicted values of the ANN model (the large and small graphs show the training and test
data, respectively).

Figure 8. The graphs of the actual and predicted values of the RSM model (the large and small graphs show the training and test
data, respectively).

graphs, as the regression line approaches the y = x
graph, the performance of the model is enhanced
(see Bgures 6–8).
Compared to the remaining graph of the
obtained models, the model showed better performance at higher Cuctuations around the horizontal
axis or the x-axis and in a lower range of Cuctuations. Therefore, as can be seen in Bgure 9, RSM
oAered a superior performance compared to the

other two models. It is worth noting that the neural
network functioned almost the same as RSM. As
shown in Bgures 3 and 4, the neural network has a
plainer model in terms of simplicity and speed
because it has a hidden layer and two nodes in the
hidden layer, while the ANFIS Model has a complex structure with 81 rules. As shown in table 6,
RSM is a mathematical model (cubic polynomial),
consisting of 35 sentences in proportion to its four
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Figure 9. The residual graphs of the ANFIS and ANN models.

inputs. Although it is not possible to compare the
simplicity of RSM and the neural network with
certainty, both models seem appropriately simple.
4. Conclusion
The present study aimed to investigate the
prediction of solar radiation on the horizon using
neural network, ANFIS, and RSM, in Sarpol-eZahab Township, Kermanshah, Iran. This township has the highest solar radiation in Kermanshah.
Due to the complex and time-consuming process of
calculating solar radiation, it is necessary to provide simpler models with higher estimation capability. In this regard, the meteorological data of the
township were gathered over 10 years. Then, the
key parameters were selected using the sensitivity
analysis, and the models were designed and optimized using the ANFIS, ANN, and RSM methods.
Moreover, the respective correlation coefBcients
and mean square errors of each of these three
methods were as follows, respectively: ANFIS
(0.993 and 0.0005), ANN (0.996 and 0.00029), and
RSM (0.996 and 0.00027). Besides, the neural
network and RSM were superior to the ANFIS
model in terms of performance, simplicity, and
speed. In sum, the performance of RSM was
slightly better than that of the neural network.
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