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Abstract: In this paper, a hybrid intelligent system technique, named 

adaptive neuro-fuzzy inference system (ANFIS) has been used to 

estimate global solar radiation models under all sky condition. fifteen 

ANFIS based models were developed based on astronomical and 

meteorological parameters, namely, average air temperature (Tavg), 

relative humidity (RH), declination (DE), hour angle (HA) and 

extraterrestrial solar irradiation (H0), during one year at four 

meteorological stations across different climatic regions of Algeria 

were considered. Models efficiency were evaluated using statistical 

tests, including mean bias error (MBE), root mean squared error 

(RMSE), mean absolute percentage error (MAPE), and coefficient of 

determination (R2). The results showed that, the model 2 in the first 

scenario with input temperature average, relative humidity, hour 

angle and using the function gbellmf MFs offered the best 

combination for predicting global solar radiation compared to other 

models in all stations. This model can be used for heating, cooling 

and designing solar energy systems in arid and semi-arid climatic 

region when data are available. 
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I. Introduction  

 

Due to population and economic growth, the global 

demand for energy is growing rapidly, particularly in 

emerging market economies [1]. Exploitation of 

large-scale fusil fuels has endangered the 

environment by creating a series of serious problems 

such as climate change and air pollution. Hence, the 

use of renewable and sustainable sources of energy 

such as solar energy as a clean and free source, 

environmentally preferable has been adapted as an 

efficient way of reducing the above-mentioned 

hazardous threats [2-4]. Recognition of solar 

radiation is a prerequisite for design and optimization 

of solar energy systems inside a building, such as the 

applications of solar energy, agricultural modeling 

and illumination system, but it is not possible in 

many locations around the world and is generally 

predicted by readily available climate variables [5-8]. 

The national energy executed a large investment of 

the Algeria country plan for the utilization of 

renewable energy, which is expected to ensure 40% 

of energy needs by 2030 [9,10]. Due to its 

considerable cost, maintenance and calibration 

requirements, the majority of current stations in 

Algeria are not installed with solar radiation 

measuring instruments [11,12]. Solar researchers 

developed several empirical models for estimating 

solar radiation using different meteorological, 

astronomical and mathematical parameters as inputs, 

maximum and minimum air temperature, sunshine 

duration and relative humidity [13-18]. Ashrae 

(1985), [18] proposed the early model for estimating 

global, direct and diffuse solar radiation using zenith 

angle. During the previous years, various artificial 

intelligence algorithms have been used in many 

renewable energy applications for predicting the solar 

radiation, such as fuzzy logic (FL), artificial neural 
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networks (ANN), genetic algorithm (GA), and 

adaptive neuro-fuzzy inference system (ANFIS). 

Artificial neural networks (ANN) have been used by 

many authors to predict global solar radiation from 

meteorological data [19-25].  Rehman and Mohandas 

(2008) constructed three models of artificial neural 

networks in Saudi Arabia using different type’s 

inputs as relative humidity, air temperature, day of 

the year and time day of the year, Benatiallah et al. 

(2020), [21] developed nine ANN models to predict 

global hourly solar radiation in Adrar city (Algeria), 

using some parameters of geographical and 

meteorological data input. Kumar et al. (2015), [26] 

developed a number of ANNs models to forecast 

global solar radiation. In this study, the ANN models 

had better results than the others techniques. In 

Tamilnadu (India), Sumithira et al. (2012), [27] 

carried out a comparative analysis between ANFIS 

and other soft computing techniques model to 

estimate global solar radiation. They found that the 

ANFIS model performed better compared to other 

literature models. Olatomiwa et al. (2015), [28] 

evaluated the performances of deferent models 

including ANFIS models for estimation of global 

solar radiation in an area of Nigeria. In the paper of 

Kaushika et al. (2014), [19] used artificial 

intelligence models to forecast direct, diffuse and 

global solar radiations through clear sky conditions. 

Parameters such as mean hourly duration of sunshine, 

relative humidity and total rainfall data are used in 

Indian region. AI (Artificial intelligence) technique 

has been used by Yingni (2008), [29] to estimate 

solar radiation. Climate data used were collected 

from 9 china stations with different climatic 

conditions. Mohammadi et al. (2016), [25] applied 

the adaptive neuro-fuzzy inference system (ANFIS) 

to predict solar radiation in Kerman of Iran using 

different parameters of sunshine hour, extraterrestrial 

solar radiation and most influential parameters. In 

general the work focused on artificial intelligence for 

predicted solar radiation has shown higher 

performance than the empirical models. 

In this paper, the artificial intelligence soft computing 

techniques named adaptive neuro-fuzzy inference 

system (ANFIS) is used to estimate global solar 

radiation. Depending on astronomical and 

meteorological, data set including extraterrestrial 

radiation, declination, hour angle, average air 

temperature and relative humidity have been used as 

input data to estimate solar radiation value using 

ANFIS method. To determine most suitable input 

values that contribute to the estimation, fifteen 

models that include combination of different inputs 

have been obtained for each method. The mentioned 

data were collected from four sites in Algeria with 

different climate conditions (Adrar, Khenchela, El-

Bayadh and El-Goléa) in the period of one-year. 

 

II. Materials and methods 

II.1. Study areas and data collection 

The data used in this study is actual solar irradiance 

and meteorological parameters recorded at four 

measurments stations in different climatic regions of 

Algeria. The studied region covered is from 27° to 

35°N and from 0°W to 7°E. The insolation time over 

theses region of the national territory exceeds 2000 

hours annually and may reach a maximum of 3900 

hours in the southern region. The daily obtained solar 

energy on a horizontal surface is 5 kWh/m2 over the 

major part of the national territory (Fig. 1) or about 

1700 kWh/m2/year for the North and 2263 

kWh/m2/year for the South of the country [30]. 

According to first station, the measurements of global 

radiation were carried out in the Research Unit in 

Renewable Energy in Saharan Medium situated in the 

state of Adrar which consisted of SOLYS 2 system 

Kipp & Zonen CMP21 Pyranometer. The stations of 

El- Goléa, Khenchela and El-Bayadh measurements 

were performed using Kipp & Zonen CMP 6 

Pyranometer through the Shariket Kahraba wa Taket 

Moutadjadida (SKTM). The characteristics of 

equipment used are listed in Table 2. Whose 

measurement quality has been checked in the present 

study by simple quality control procedures in order to 

improve the obtained results either data initially 

lacking or removed via quality checks [31-33]. The 

physical limit of test processes were applied to the 

global solar irradiance (W/m2) using the horizontal 

surface values of extraterrestrial irradiance. 

According to the outcomes of quality controls, the 

omission data represent no more than 1% at each 

station except for Adrar station the missing 

measurements represent around 3% of database.  

 

 
 

Figure1.Annual map of global horizontal solar radia

tion in Algeria 

 

The data solar irradiation measurements recorded 

from January to December 2016. The dataset consists 

of averaged 10 minutes interval value. 
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Table1.Geographical details of the measuring sites s

elected 

 
Station Site Longitude Latitude Altitude 

(m) 

Station 1 Adrar 0° 28’ W 27° 88’ N 269 

Station 2 Khenchela 7° 08′ E 35° 25′ N 1121 

Station 3 El-Bayadh 1° 01′ E 33° 41′ N 1304 

Station 4 El-Goléa 2° 87’ E  30° 58’ N 380 

Table 2. Characteristics of solar instruments 

Sensor Kipp & Zonen CMP21 Kipp & Zonen CMP 6 

Maximum operational irradiance 4000 W/m2 2000 W/m2 

Spectral range 270 to 3000 nm 285 to 2800 nm 

Sensitivity 7 to 14 µV/W/m2 5–20 µV/W/m2 

Directional response <10 W/m2 <20 Wm−2 

Non-stability 

(Change/year) 

<0.5% 0.5% 

Temperature 

response 

<1% (−20° to +50°) 4% (0° to +100°) 

Response time <5 s 18 s 

Non-linearity <0.2 % 0.5% 

Operating and 

storage temperature 

range 

−40° to +80° −40° to +80° 

 

II.2.ANFIS based model to estimate global solar 

energy 

The Adaptive neuro fuzzy inference system (ANFIS) 

is a hybrid artificial intelligence technique composed 

of artificial neural network and fuzzy logic. This 

technique is a flexible method that allows users to 

add prior knowledge into a neural network as a rule 

and has the ability to capture the non linear structure 

of a process and very fast convergence. This uses the 

least squares method combined with the gradient 

descent method to adjust the system parameters. This 

method is based on the use (Fig. 2) of multilayer 

networks [34]. 

 

 
 
Figure 2. Basic structure of ANFIS 

 

The fuzzy inference method has two x and y inputs, 

and one z output 

The basic rule contains two fuzzy "if-then" rules of 

the Takagi Sugeno type: 

 
 • Rule 1.   If x is A1 and y is B1, then f1 = p1x + q1y + r1     (1) 

• Rule 2. If x is A2 and y is B2, then f2 = p2x + q2y + r2                        

                                                                                            (2) 

where x and y are the crisp inputs to node i, Ai and Bi 

are the fuzzy sets in the antecedent, fi is the output 

within the fuzzy region specified by the fuzzy rule; 

and pi, qi and ri are the design parameters that are 

determined during the training process [20]. 

ANFIS has an architecture composed of five layers as 

shown in Fig. 2, and the 

following describes the structure [35]: 

 

Layer 1. (Fuzzy layer):  

• Ol,i is the output of the ith node of the layer l. 

• Every node i (indicated by a square) in this layer is 

an adaptive node with a node function 

    O1,i = μAi(x)        for   i = 1, 2, or                        (3) 

    O1,i = μBi−2(x)      for i = 3, 4                   (4) 

 

• x (or y) is the input node i and Ai (or Bi−2) is a 

linguistic label associated with this node 

• Therefore O1,i is the membership grade of a fuzzy 

set (A1,A2,B1,B2). 

Typical membership function (MF's). The MF's can 

take any form of function (Gaussian, triangle, 

trapezoidal, etc); such that the generalized functions 

of these forms are indicate in Table 3. 

 

Table 3. Different basic MF's used in the study 
Membership 

functionf MFs 
                                   Equation 

Triangular MF μAi(x) = max (min (
x−a

b−a
,
c−x

c−b
) , 0)                  (5) 

 
Trapezoidal MF μAi(x) = max (min (

𝑥−𝑎

𝑏−𝑎
, 1,

𝑑−𝑥

𝑑−𝑐
) , 0)             (6) 

 
Gaussian MF 

μAi(x) = exp (–
(𝑥−𝑐)2

22
)                                    (7) 

 
Bell-Shaped MF  μAi(x) =  

1

1+|
𝑥−𝑐

𝑎
|
2𝑏                                            (8) 

 
Pi-shaped MF 

μAi(x ; a,b,c,d) = 

{
 
 
 
 
 

 
 
 
 
 

0,             𝑥 ≤ 𝑎

2 (
𝑥−𝑎

𝑏−𝑎
)
2
 , 𝑎 ≤ 𝑥 ≤

𝑎+𝑏

2

1 − 2 (
𝑥−𝑎

𝑏−𝑎
)
2
,
𝑎+𝑏

2
≤ 𝑥 ≤ 𝑏

1,           𝑏 ≤ 𝑥 ≤ 𝑐

1 − 2 (
𝑥−𝑐

𝑑−𝑐
)
2
, 𝑐 ≤ 𝑥 ≤

𝑐+𝑑

2

2 (
𝑥−𝑑

𝑑−𝑐
)
2
,    

𝑐+𝑑

2
≤ 𝑥 ≤ 𝑑

0,           𝑥 ≥ 𝑑

      (9)                             

 

a, b, c, d is the parameter set, those parameters are referred 
to as premise parameters which changes the shapes of the 

MFs with maximum 1 and minimum 0. 
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Layer 2. (Product layer):  
• Every node in this layer is a circle node labeled 

Prod denoted with Π  

• The output is the product of all the incoming 

signals. 

• O2,i = wi = μAi(x) . μBi(y), for  i = 1, 2                  (10) 

• Each node represents the fire strength of the rule 

• Any other T-norm operator that perform the AND 

operator can be used. 

 

 

Layer 3. (Normalized layer):  
• Every node in this layer is a fixed node labeled 

Norm represented with N in Fig. 2. 

• The ith node calculates the ratio of the ith rulet’s 

firing strenght to the sum of all rulet’s firing 

strengths. 

 

• O3,i = 𝑤𝑖̅̅ ̅ =  
w1

𝑤1+𝑤2
,  i = 1, 2                                  (11) 

• Outputs are called normalized firing strengths. 

 

Layer 4. (De-fuzzy layer):  
• Every node i in this layer is an adaptive node with a 

node function: 

 

O4,i = 𝑤𝑖̅̅ ̅ fi = 𝑤𝑖̅̅ ̅ (pix + qiy + ri), for i=1, 2.             (12) 

 

•  𝑤𝑖̅̅ ̅ is the normalized firing strenght from layer 3, 

and {pi, qi, ri} is the parameter set of this node. 

• These parameters are referred to as consequent 

parameters. 

 

Layer 5. (Total output layer):  
• The single node in this layer is a fixed node denoted 

with , which computes the overall output as the 

summation of all incoming signals: 

 

•Estimated overall output = O5,1 = ∑ 𝑤̅𝑖 .𝑖 𝑓𝑖  = 
∑  𝑤𝑖𝑓𝑖𝑖

∑ 𝑤𝑖𝑖 
   

                                                                               (13) 

II.3. Hybrid Learning Algorithm 

The ANFIS use a hybrid learning algorithm to 

calculate the premise and consequent parameters. The 

algorithm uses the least-square method in the forward 

pass to define the consequent parameters on layer 4. 

The errors are propagated backwards in the backward 

pass, and the premise parameters are modified by 

gradient descent (show Table 4). Usually, this error 

calculation is defined by the sum of the square 

difference between measured and estimated values 

and is minimized to a desired value. 

Table 4. The ANFIS hybrid learning algorithm 

contains two passes 

 Forward Pass Backward Pass 

Premise 

Parameters 

Fixed Gradient Descent 

 

Consequent 

Parameters 

Least-squares 
estimator 

Fixed 

Signals Node outputs Error signals 

 

 
The final global output f in Fig. 2 can be represented 

as linear combinations of the corresponding 

parameters and rewritten as follows: 

 

f = (𝑤1̅̅̅̅ . x) p1 + (𝑤1̅̅̅̅ . y) q1y + (𝑤1̅̅̅̅ ) r1 + (𝑤2̅̅̅̅ .  x) p2 + 

(𝑤2̅̅̅̅ . y) q2y + (𝑤2̅̅̅̅  ) r2                                              (14) 

 

where x and y are the input parameters, w1, w2 are the 

normalized firing strengths and p1, q1, r1, p2, q2, r2 are 

the parameters set. 

For this ANFIS technique we developed computer 

programs using a script file written in the MATLAB 

software® V. 2014b in the four locations; Adrar, 

Khenchela, El-Bayadh and El-Goléa.  

We worked with the meteorological and astronomical 

parameters (see Table 5) to predicted the global solar 

radiation (H)) output and as input: average 

Temperature (Tavg), Relative Humidity (RH), and 

calculates the parameters: hourly declination (), 

Hour Angle (HA), extraterrestrial radiation (H0) [36], 

according to the equations (15-17) respectively: 

 

𝛿 = 23.45 sin
360

365
(j + 284)                                          (15) 

H0 =
24

𝜋
  g0  (cos(θ) cos(𝛿) sin(𝑤) + sin(θ) sin(𝛿)

𝜋

180
𝑤)     (16)  

HA= 15.*(TSV-12)                            (17) 

With j number days of the year (from 1 to 365), and TSV is 

True Solar Time. 

 

Table 5. The input parameters used in the calculation  

 
Parameters Abbreviation Unit Category 

Average Temperature Tavg °C Meteorological 

Relative Humidity RH % 

Declination DE Degree 

(°) 

Astronomical 

Hour Angle  HA Degree 

(°) Extraterrestrial solar  

irradiation 

H0 Wh/m2 

 

For this analysis three scenarios through 15 models 

were evaluated by taking into account the inputs Tavg, 

RH, HA, Declination and H0 with five membership 

functions trapmf, gbellmf, pimf, trimf, gaussmf: (1) 

Tavg, RH and HA were used for model 1 to model 5; 

(2) Tavg, RH and Declination were used for model 6 

to model 10; (3) Tavg, RH and H0 were used for model 

11 to model 15. To determine its influence on the 

models, the Tavg, RH measured parameters, and one 

of the five MFs were included for all models and 

scenarios. Table 6 

describes the structured parameters for the training of

 the ANFIS models. 

To avoid the risk of overfitting, all data in the  

experimental dataset were standardized to the range 

from zero to one. Furthermore, to ensure the 

representativeness of the dataset, the database was 

randomly divided into two subsets, using 80 percent 
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for training, and the remaining 20 percent for 

validating the model.  

The training data set is being used to train all models 

and the validation data set was used to test the perfor

mance of the trained models. 

 

Table 6. Different models used for ANFIS training   

Models Input parameters membership functions 

Tavg RH HA DE H0 trapmf gbellmf pimf trimf gaussmf 

Model 1 X X X   X     

Model 2 X X X    X    

Model 3 X X X     X   

Model 4 X X X      X  

Model 5 X X X       X 

Model 6 X X  X  X     

Model 7 X X  X   X    

Model 8 X X  X    X   

Model 9 X X  X     X  

Model 10 X X  X      X 

Model 11 X X   X X     

Model 12 X X   X  X    

Model 13 X X   X   X   

Model 14 X X   X    X  

Model 15 X X   X     X 

II.4 Model Statistical Evaluation  

The performance of the considered ANFIS models 

was evaluated using tests commonly used in 

evaluation scores [37], such as Root Mean Square 

Error (RMSE), Mean Bias Error (MBE), Mean 

Absolute Percentage Error (MAPE), and coefficient 

of determination )R2(. 

These statistical tests are specified by the following 

equations (18–21). 

                    RMSE = √
1

n
 ∑(Gc

i − Gm
i )

2
                       (18)                                                   

                    MBE =
1

n
 ∑(Gc

i − Gm
i )                         (19)                                                                                                       

                    MAPE =
100

n
 ∑ |

(Gc
i−Gm

i )

Gm
i |                           (20)                                                                                               

                    R2 =
∑(Gc

i−Cc ,avg)(Gm
i −Cm ,avg)

2

∑(Gc
i−Cc ,avg)

2
∑(Gm

i −Cm ,avg)
2
 

             (21)                                                                                              

where   Gi
c :       is the ith estimated value 

             Gi
m :      is the ith measured value  

                   Cm ,avg :  is the average of the estimated values 

                   Cm ,avg  : is the average of the measured values 

             n: is the total number of data points 

 

MBE (W/m2) offers long-term output information for 

the models. The RMSE (W/m2) test gives details 

about model success in the short term. Smaller 

RMSE and MBE values mean a better approximation 

of the models to the calculated values, a zero value is 

ideal. The MAPE is an overall predictability measure 

and is calculated from the absolute differences 

between a series of estimated and measured data. R2 

Takes the values 0 to 1 and suggest a closer matching 

of the model results to patterns in the measured data. 

RMSE and MBE are commonly used basic metrics 

for the performance evaluation of estimation models 

[38]. 

 

III. Results and discussion 

In this study, four meteorological stations located in 

Algeria used the ANFIS computing technique for 

prediction of global solar radiation. For both training 

and testing data sets the statistical output indicators 

for each model are listed in Table 7. This table 

illustrated the Mean Bias Error, Root Mean Square 

Error, and coefficient of determination. Interestingly, 

the best model to use for estimation gives the best 

approximation with the measured data. The results of 

overall average statistical of MAPE, MBE, rMBE, 

RMSE, rRMSE and R for all scenario and models are 

reported in Table 8 and Fig. 3. In general, all models 

used in this study performed well in estimating global 

solar radiation. 

In the first scenario (Table 8 and Fig. 3), when Tavg, 

RH, HA, data are included and gbell membership 

function is used, the model 2 achieved the best 

performance for all models in the testing phase 

according to mean performance statistics (R2=0.9965, 

RMSE=19.37 Wh/m2/day and MBE=0.0001 

Wh/m2/day), followed by Model 5 (R2=0.9951, 

RMSE=22.85 Wh/m2/day and MBE=0.0003 
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Wh/m2/day). In the second scenario, the model 7 with 

inputs of Tavg, RH, declination and by using 

membership function gbell performed the best for all 

models according to overall mean errors (R2=0.9159, 

RMSE=90.70 Wh/m2/day and MBE=0.0017 

Wh/m2/day), followed by model 10 (R2=0.9091, 

RMSE=93.88 Wh/m2/day and MBE= -0.0002 

Wh/m2/day). 

Table 7. Statistical scores of RMSE, MBE and R2 for each model during training and testing phases on four 

locations 
Station/Model Training data Testing data 

R2  RMSE 

(Wh/m2) 

MBE  

(Wh/m2) 

R2 RMSE  

(Wh/m2) 

MBE  

(Wh/m2) 

Adrar  

Model 1 0.9851 38.9842 0.0001 0.9892 33.0604 0.0004 

Model 2 0.9950 22.5211 0.0002 0.9975 15.8690 -0.0003 

Model 3 0.9876 35.5483 -0.0008 0.9894 32.8179 0.0001 

Model 4 0.9878 35.3041 0.0001 0.9937 25.4115 -0.0001 

Model 5 0.9933 26.1569 -0.0003 0.9951 22.4398 0.0007 

Model 6 0.9453 73.8880 0.0007 0.9508 70.0449 0.0005 

Model 7 0.9597 63.6466 0.0008 0.9603 63.0181 0.0001 

Model 8 0.9452 73.9374 -0.0005 0.9494 70.9519 -0.0001 

Model 9 0.9637 60.4633 0.0003 0.9664 58.0782 0.0002 

Model 10 0.9568 65.8171 -0.0004 0.9593 63.8340 0.0002 

Model 11 0.9805 44.3624 -0.0005 0.9838 40.5810 0.0003 

Model 12 0.9903 31.3631 0.0029 0.9910 30.2311 0.0003 

Model 13 0.9789 46.2062 -0.0004 0.9837 40.7018 0.0003 

Model 14 0.9878 35.1415 -0.0001 0.9866 36.9925 0.0002 

Model 15 0.9887 33.8348 -0.0026 0.9920 28.5124 -0.0006 

Khenchela  

Model 1 0.9856 30.3884 0.0001 0.9871 28.8648 0.0001 

Model 2 0.9984 10.3138 0.0001 0.9989 8.3051 0.0001 

Model 3 0.9845 31.5963 -0.0002 0.9861 29.9283 0.0001 

Model 4 0.9953 17.4179 0.0001 0.9956 16.8058 -0.0001 

Model 5 0.9978 12.0518 0.0002 0.9989 8.5506 0.0001 

Model 6 0.7992 108.2341 0.0001 0.8102 105.4488 0.0002 

Model 7 0.8428 96.9284 0.0001 0.8857 83.5651 0.0005 

Model 8 0.8091 105.8184 -0.0003 0.8170 103.7520 -0.0001 

Model 9 0.8462 95.8799 -0.0002 0.8556 93.2113 0.0004 

Model 10 0.8365 98.6874 0.0011 0.8754 87.0131 -0.0006 

Model 11 0.9856 30.3787 0.0004 0.9847 31.3931 0.0013 

Model 12 0.9934 20.6894 -0.0169 0.9937 20.0951 0.1447 

Model 13 0.9834 32.6035 0.0026 0.9831 32.9711 0.0015 

Model 14 0.9917 23.1060 -0.0411 0.9909 24.1873 -0.0131 

Model 15 0.9942 19.3232 -0.0138 0.9948 18.2821 -0.0115 

El-Bayadh  

Model 1 0.9657 88.1176 0.0002 0.9632 91.0124 -0.0001 

Model 2 0.9855 57.7235 0.0008 0.9909 45.5983 0.0004 

Model 3 0.9602 94.8031 0.0001 0.9608 93.9021 0.0001 

Model 4 0.9730 78.3101 -0.0001 0.9769 72.3844 0.0001 

Model 5 0.9807 66.4606 0.0005 0.9885 51.1420 0.0001 

Model 6 0.8138 197.3054 0.0002 0.8063 200.3611 -0.0002 

Model 7 0.8630 171.5867 0.0001 0.8590 173.4809 0.0068 

Model 8 0.8154 196.5716 -0.0015 0.8039 201.4434 0.0017 
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Model 9 0.8026 202.5526 -0.0008 0.8164 195.5964 0.0001 

Model 10 0.8646 170.6505 -0.0007 0.8473 179.9509 0.0005 

Model 11 0.9586 96.6618 0.0007 0.9664 87.1040 0.0007 

Model 12 0.9736 77.4663 0.0181 0.9735 77.5314 -0.0391 

Model 13 0.9552 100.4935 -0.0009 0.9604 94.4143 -0.0015 

Model 14 0.9652 88.8124 -0.0225 0.9685 84.3608 -0.0053 

Model 15 0.9767 72.9590 -0.0627 0.9788 69.3668 0.1495 

El-Goléa  

Model 1 0.9777 31.7336 0.0001 0.9809 29.1840 0.0001 

Model 2 0.9977 10.3094 0.0001 0.9987 7.7254 0.0001 

Model 3 0.9760 32.8710 0.0003 0.9776 31.5333 0.0001 

Model 4 0.9940 16.5774 0.0001 0.9932 17.4896 0.0001 

Model 5 0.9966 12.4347 0.0002 0.9981 9.2832 0.0003 

Model 6 0.9450 49.3588 0.0004 0.9449 49.0868 -0.0004 

Model 7 0.9691 37.2993 -0.0015 0.9586 42.7382 -0.0004 

Model 8 0.9397 51.6153 -0.0001 0.9396 51.3447 -0.0002 

Model 9 0.9548 44.8523 0.0001 0.9407 50.8674 0.0001 

Model 10 0.9655 39.3229 0.0001 0.9545 44.7540 -0.0002 

Model 11 0.9795 30.4079 0.0019 0.9814 28.7743 -0.0008 

Model 12 0.9935 17.1654 -0.0006 0.9960 13.4572 -0.0016 

Model 13 0.9806 29.5767 0.0046 0.9782 31.1240 0.0064 

Model 14 0.9813 29.0933 0.0058 0.9847 26.1675 -0.0002 

Model 15 0.9938 16.8493 -0.0042 0.9952 14.7192 -0.0016 

 
In the third scenario, when Tavg, RH, H0, data are 

included and gaussmf is used, the model 15 achieved 

the best performance for all models in the testing 

phase according to score performance statistics 

(R2=0.9902, RMSE=32.72 Wh/m2/day and 

MBE=0.0340 Wh/m2/day). The model 12 had a 

similar performance to the model 15 (R2=0.9886, 

RMSE=35.32 Wh/m2/day and MBE=0.0261 

Wh/m2/day). From Figure 3, when simulated between 

the estimated and measured data; it is evident that for 

the scenario 1 and 3, the MAPE were less than 6 % 

and 7%, respectively, and for the scenario 2 the 

MAPE ranging from 14-18%. The lowest value of 

MAPE coefficients registered in all scenarios is 

related to the model 2 (MAPE < 3%). Therefore, 

rRMSE did not exceed the percentages of 12, 28 and 

13%, for the scenarios 1, 2 and 3, respectively.  

 

Table 8. Overall average statistical scores of RMSE, MBE and R2 for each model during testing phases  

Overall average Model MBE  

(Wh/m2) 

rMBE 

(%)  

RMSE 

(Wh/m2)  

R2 

 

Scenarios 1 Model 1 0.0002 0.0002 45.5304 0.9801 

Model 2 0.0001 0.0001 19.3745 0.9965 

Model 3 0.0002 0.0002 47.0454 0.9785 

Model 4 0.0002 -0.0002 33.0228 0.9898 

Model 5 0.0003 0.0008 22.8539 0.9951 

Scenarios 2 Model 6 0.0001 0.0001 106.2354 0.8780 

Model 7 0.0017 0.0003 90.7006 0.9159 

Model 8 0.0003 0.0004 106.8730 0.8775 

Model 9 0.0001 0.0004 99.4383 0.8948 

Model 10 -0.0002 -0.0005 93.8880 0.9091 

Scenarios 3 Model 11 0.0004 0.0014 46.9631 0.9791 
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Model 12 0.0261 0.0135 35.3287 0.9886 

Model 13 0.0016 0.0005 49.8028 0.9764 

Model 14 -0.0046 -0.0016 42.9270 0.9827 

Model 15 0.0340 0.0049 32.7201 0.9902 

In all cases, the first scenario models with hour angle 

input have an excellent performance than the second 

and the third scenario models (Table 7, Table 8 and 

Fig. 3).Thus the model 2 in the first scenario, 

according to the statistical indicators, when Tavg, RH, 

and HA, data are included, provided the best 
accuracy than the models of second and third 

scenarios (MAPE =2.04, rRMSE=4.41, 

rMBE=0.0001 and R2=0.9965). Additionally, the role 

of gbell MFs had a positive impact on model output 

when prediction of global solar irradiance of the four 

stations. In general, extraterrestrial solar based 

models (scenario 3) were less accurate compared to 

models that used hour angle (scenario 1). Whereas 

models of scenario 2 that use declination had the 

worst performance (Table 8 and Fig. 3).

 

         
 

Figure 3. MAPE and rRMSE model during testing phases 

During the training and testing process the statistical 

results for the data set are shown in Table 7. The output 

indicators demonstrate the dominance of model 2 in 

scenario 1 over scenario 2 and scenario 3. Fig. 4 also 

shows the scatter plots of estimated daily solar global 

radiation values by the model 2 (best model) for the 

testing phase in the four meteorological stations. It can 

be shown that the data are distributed as a series of 

points closer to the linear (red) perfect fit, indicating the 

relationship between measured and estimated values at 

each station over the study period. Furthermore, the 

results are generally consistent with the studies 

published recently. That mainly concluded that ANFIS 

technique offers a very reliable estimation of the solar 

radiation [39-41]. Also were compared to the proposed 

model with nominated models in literature which are 

relevant to the location of the study [42-44], the results 

obtained based on this model presented in current study 

in satisfactory agreement compared it with the existed 

models in the literature.

. 
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Figure 4. Scatter plot for the ANFIS model between 

measured and estimated values of daily global solar 

radiation during test phase 

 
IV.   Conclusions  

Estimation of solar radiation properly has a vital role 

in the renewable and sustainable energy sector for 

better decision making. In the present study, an 

adaptive neuro-fuzzy inference system (ANFIS) based 

model was applied for global solar 

radiation prediction at four locations in different 

regions of Algeria. Combination of Tavg, RH, DE, HA 

and H0 was used in fifteen ANFIS structures to find 

the parameter that makes the best contribution to the 

prediction model. These structures include five 

membership functions associated with number of 

inputs. The solar irradiance prediction performance of 

ANFIS is investigated using different statistical 

indicators (R2, RMSE, MBE and MAPE). The 

meteorological parameters as the air temperature, 

relative humidity and astronomical variables including 

hour angle, declination and extraterrestrial solar 

irradiation were used as the inputs of ANFIS models. 

The results indicated that the model 2 in the first 

scenario with input temperature average, relative 

humidity, hour angle and using the function gbell 

MFs has a slightly better performance than other 

mentioned models in total. Finally, these results 

show that the presented models are a useful 

alternative method for solar radiation prediction, 

which can play an important role in design and 

installation of solar PV and Thermal Systems, and 

in buildings designation performance and capacity 

of these systems. 
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Nomenclature 

δ      Déclinaison of the sun (°) 

θ      Latitude of station  (°) 

𝑤     Angle of solar height (°) 

H0    Extraterrestrial solar irradiation (W/m2) 

g0     Coefficient of extraterrestrial solar radiation 
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