
                                                                                     International Journal of Thales Engineering Sciences (JTHES)     
                                                                                                                                                               ISSN (print): 2149-5173 

 

 

7 | P a g e  

www.thalespublisher.com 

 
 
 

Estimation of Global Solar Radiation by Using Machine Learning 
Methods 

 

Mehmet Bolat 

Engineering Faculty/Siirt University 

Mehmet Şahin 

Engineering Faculty/Siirt University 

 

 ABSTRACT 

In this study, global solar radiation (GSR) was estimated based on 53 locations by using ELM, SVR, 

KNN, LR and NU-SVR methods. Methods were trained with a two-year data set and accuracy of the 

mentioned methods was tested with a one-year data set. The data set of each year was consisting of 12 

months. Whereas the values of month, altitude, latitude, longitude, vapour pressure deficit and land surface 

temperature were used as input for developing models, GSR was obtained as output. Values of vapour 

pressure deficit and land surface temperature were taken from radiometry of NOAA-AVHRR satellite. 

Estimated solar radiation data were compared with actual data that were obtained from meteorological 

stations. According to statistical results, most successful method was NU-SVR method. The RMSE and 

MBE values of NU-SVR method were found to be 1,4972 MJ/m2 and 0,2652 MJ/m2, respectively. R value 

was 0,9728. Furthermore, worst prediction method was LR. For other methods, RMSE values were 

changing between 1,7746 MJ/m2 and 2,4546 MJ/m2. It can be seen from the statistical results that ELM, 

SVR, k-NN and NU-SVR methods can be used for estimation of GSR.  

 

Keywords: Global Solar Radiation, NU-SVR 

 

1 INTRODUCTION 

 The world has abundant solar energy resources. So that we need essentially to search sources of 

energy. Nowadays, climate change is increasing effects on human life. It shows us; why we must work 

more and more about this. One of them is GSR that is measured by a pyranometer but its installation is a 

very costly, takes long time and unusual way, especially in the developing countries. As mentioned, 

meteorological data based on many various factor and for each point, it cannot be measure easily. Cause of 

all these reason, it is modeled by some methods and it is estimated by this models. Estimation of daily GSR 

by the sunshine based models (Linear, Quadratic and Cubic) has been made and compared. The comparison 

results showed that the cubic model is equivalent to the quadratic model and the most constructive statistical 

results are given by the quadratic model [1]. Clearness index-beam transmittance numerical correlation was 

proposed using measured ambient temperature and relative humidity data to estimate hourly solar radiation 

[2]. Many researchers developed the correlations to predict the mean monthly diffuse solar radiation. 

However, most of these are based on regression analyses which are limited in accuracy and the number of 

parameters they can handle effectively [3,4]. The major drawback of the linear regression models is that 

they will underachieve when used to model nonlinear systems. The time series models like moving average, 

exponential smoothing and decomposition models are proposed for short term prediction of solar irradiance. 

http://www.thalespublisher.com/
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Many statistical and machine learning techniques have been used to forecast solar irradiance, 

including Autoregressive Moving Average (ARMA), Autoregressive Integrated Moving Average 

(ARIMA), Coupled Autoregressive and Dynamical System (CARDS), Artificial Neural Network (ANN), 

k-Nearest Neighbor (kNN), and Support Vector Regression (SVR), Extreme Learning Machines (ELM), 

linear regression (LR) [5]. In this study, the satellite based models and methods which are developed by 

combining a current statistical model with data obtained from satellite data is used. We profit by satellites. 

Because satellites; in very large areas, with short intervals, is able to scan in different phases of 

electromagnetic spectrum [6]. We used ELM, SVR, k-NN, LR and NU-SVR as estimating methods. The 

values of month, altitude, latitude, longitude, vapour pressure deficit and land surface temperature were 

used as input for developing models, GSR was taken as output. Land surface temperature and vapour 

pressure deficit have been estimated as monthly average by using NOAA-AVHRR satellite data in the 

thermal range. Generally, land surface temperature has been retrieved from two thermal infrared bands 

(channels 4 and 5 of AVHRR of NOAA) located at 11 µm and 12 µm by using split-window equations. 

The split-window algorithms are belonged to the difference in the brightness temperatures of thermal 

infrared bands. Furthermore, land surface temperature depends on the magnitude of the difference between 

the two grounds emissivity in the bands[8,7].  

 

2 METHODOLOGY AND DATA SOURCES 

In this study, GSR was predicted for 53 locations by using ELM, SVR, KNN, LR and NU-SVR 

methods. Methods were trained with a two-year data set and accuracy of the mentioned methods was tested 

with a one-year data set. The data set of each year was consisting of 12 months. Whereas the values of 

month, altitude, latitude, longitude, vapour pressure deficit and land surface temperature were used as input 

for developing models, GSR was obtained as output. Values of vapour pressure deficit and land surface 

temperature were taken from radiometry of NOAA-AVHRR satellite. Estimated solar radiation data were 

compared with actual data that were obtained from meteorological stations. 

ELM has a very valuable methods of modeling tools, many of them with a proven track record in 

applications. We may consider here Support Vector Regression, one of the workhorses in nonlinear 

modeling, and, alternatively, we shall also work with two versions of SVR which depends only on a subset 

of the training data and NU-SVR, which was later developed where the epsilon penalty parameter was 

replaced by an alternative parameter, nu [0,1], which applies a slightly different penalty .In pattern 

recognition, the k-NN is a non-parametric method used for classification and regression. [9].LR measures 

the relationship between the categorical dependent variable and one or more independent variables by 

estimating probabilities using a logistic function, which is the cumulative logistic distribution. 

 

2.1 Support Vector Regression  

The main purpose of the SVR algorithm in time series forecasting [10] is to find a function that for 

each vector  𝑥⃗⃗ ∈ 𝑅𝑛 representing a time series within a dataset with N training time series sequences 

approximates its value (𝑖 ≥ 0 ≤ 𝑁) as closely as possible. The result give us fundamentals for forecasting. 

When the input data are amenable to linear regression, SVR is defined by the equation (1); 

 

𝑦𝑖 = 𝑥𝑖⃗⃗  ⃗ ∙ �⃗⃗� + 𝑏                                                                       (1) 

 �⃗⃗�  is the weight vector, i.e., a linear combination of training patterns that supports the regression 

function. 

 𝑥𝑖⃗⃗  ⃗ is the input vector, e.g., the 𝐾𝑇∗time series training sample. 

 𝑦𝑖 is the value for the input vector, e.g., the following  𝐾𝑇∗ values to be predicted. 

 𝑏 is the bias, i.e. 
𝑏

‖�⃗⃗� ‖
 is the perpendicular distance from the origin of the vector space to the 

hyperplane that separates the data points in the vector space. 

http://www.thalespublisher.com/
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 The objective of regression is to estimate the weight vector  �⃗⃗�  with the smallest possible length so 

as to avoid overfitting. To ease the regression task, a given margin of deviation 𝜀 is allowed with no penalty, 

and a given margin of deviation 𝜀 is allowed with increasing penalty. The minimal length of the weight 

vector  𝑤 ⃗⃗⃗⃗  is obtained by minimizing the loss function subject in equation (2) to the constraint in equation 

(3) or equation (4), for 𝜉, 𝜉∗
𝑖
≥ 0. The solution is given by constructing a Lagrange function from the loss 

function and the associated constraints, as shown in equation (5) where 𝑎𝑖 and 𝑎∗
𝑖 are Lagrange multipliers 

[11]. The training vectors giving nonzero Lagrange multipliers are called support vectors and are used to 

construct the regression function. If the input data are not amenable to linear regression, then the vector 

data are mapped into a higher dimensional features space using a kernel function UΦ, such as the 

polynomial kernel: Φ(�⃗⃗� ) ∙ Φ(𝑥𝑖⃗⃗  ⃗) = (1 + 𝑥𝑖⃗⃗  ⃗ ∙ �⃗⃗� )3. 

 

1

2
‖�⃗⃗� ‖2 + 𝐶 ∑ (𝜉

𝑛

𝑖=1
+ 𝜉∗

𝑖
)                                                                 (2) 

yi − (x⃗ ∙ w⃗⃗⃗ + b) ≤ ε + ξ
i
                                                              (3) 

 yi − (x⃗ ∙ w⃗⃗⃗ + b) ≥ ε + ξ
∗
i
                                                               (4) 

𝑦𝑖 = ∑ (𝑎𝑖 − 𝑎∗
𝑖

𝑛

𝑖=1
) (𝑥𝑖⃗⃗  ⃗ ∙ �⃗⃗� ) + 𝑏, for 0≤ i ≤ 𝑛                                    (5) 

 

2.2 Extreme Learning Machine 

The Extreme Learning Machine (ELM) is based on single hidden layer feed-forward network (SLFN) 

as Figure 1. Huang was the first to introduce the extreme learning machine algorithm. It is a new approach 

for feed forward networks that has a remarkable speed for mapping the relationship between input(s) and 

output(s). ELM creates a hidden layer without needing iterative steps and also computes the output weights 

analytically. There are no iterations in ELM, which makes ELM faster than the back propagation technique. 

However, there are some drawbacks of the ELM. The first issue is the neurons in the hidden layer have to 

be computed by using a trial-and-error procedure. The hidden layer needs more neurons because ELM 

generates random values chosen for the weighting matrix [12,13]. 

 

 

Figure 1: Extreme leaning machine process tree. 

 

http://www.thalespublisher.com/
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2.2.1    The ELM Algorithm 

Suppose that we have training samples (𝑥
𝑖
, 𝑡𝑖) where 𝑥𝑖 = [𝑥𝑖2,𝑥𝑖2 … . ,𝑥𝑖𝑛]T ∈ 𝑅𝑐and and 𝑡𝑖 =

[𝑡𝑖2, 𝑡𝑖2 … . , 𝑡𝑖𝑛]T ∈ 𝑅𝑚. From these samples, an ELM model is trained with k hidden neurons and an 

activation function𝑔(𝑥). When ELM approximate training samples with zero error, we will obtain 

∑ ‖𝑦𝑗 − 𝑡𝑗‖
𝑘

𝑗=1
= 0. In other words, 𝑤𝑖 , 𝑏𝑖  𝑎𝑛𝑑 𝑥𝑖 such that [14]: 

∑ 𝛽𝑖𝑔(𝑤𝑖, 𝑏𝑖 , 𝑥𝑗)
𝑘

𝑖=1
= 𝑡𝑖                                                  (6) 

 The 𝑤𝑖 is the input weight connected between input and hidden layers, 𝑏𝑖 is the bias of the hidden 

layer, and is 𝑥𝑖 the input sample. The equation (6) can be written as [14].   

𝛨𝛽 = 𝛵                                                                                        (7) 

Where 

Η = [
𝑔(𝑤1, 𝑏1, 𝑥1) ⋯ 𝑔(𝑤𝑘, 𝑏𝑘 , 𝑥1)

⋮ ⋱ ⋮
𝑔(𝑤1, 𝑏1, 𝑥𝑁) ⋯ 𝑔(𝑤𝑘, 𝑏𝑘, 𝑥𝑁)

]

Nxk

                                        (8) 

𝛽 = [

𝛽1

.

.
𝛽𝑘

]                                                                          (9) 

Τ = [

Τ1

.

.
Τ𝑘

]                                                                                  (10) 

Η: is the hidden layer output  

𝛽: is the output weight  

Τ: is the target  

𝛽 = Η+Τ 

Η: is the Moore-Penrose generalized (pseudo-inverse) inverse. The orthogonal project method is used to 

calculate the Moore-Penrose generalized inverse of the matrix [14]. 

 The ELM design involves four steps:  

 

 1. Dividing the data onto three subsets (training set, testing set, predicting set).  

 2. Generating the weight values randomly (w).  

 3. Computing the hidden layer output matrix (Η).  

 4. Computing the output weight (𝛽 ). 

 

2.3 Linear Regression 

Regression analysis is a statistical technique for investigating and modeling the relationship between 

variables as equation [15]. In fact, the regression analysis is the most widely used statistical technique. The 

simple linear regression model used is a model with a single independent variable x that has a relationship 

with a response variable y that is a straight line. This simple linear regression model is given by; 

y = β0 + x1. β1 + ε                                                                            (11) 

http://www.thalespublisher.com/
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Where the intercept  𝛽0 and the slope 𝛽1 are unknown constant and 𝜀 is a random error. The errors 

are assumed to have mean zero and unknown variance 𝜎2. The parameters 𝛽0 and 𝛽1 are unknown and 

must be estimated using sample data. The simple linear regression equation is also called the least squares 

regression equation. It tells the criterion used to select the best fitting line, namely the sum of the squares 

of the residuals should be least. That is, the least squares regression equation is the line for which the sum 

of squared residuals ∑ (𝑦𝑖 − 𝑦�̂�)
2n

𝑖=1
 is a minimum. 

 

2.4 k-Nearest Neighbours 

The k-nearest neighbors [16, 17] is a method for classifying objects based on closest training 

examples in the feature space. k-NN is a type of instance-based learning, or lazy learning where the function 

is only approximated locally and all computation is deferred until classification. It can also be used for 

regression. Unlike previous models, this tool does not use a learning base. The method consists in looking 

into the history of the series for the case the most resembling to the present case. By considering a series of 

observations 𝑋𝑡, to determine the next term 𝑋𝑡+1, we must find among anterior information, which 

minimize the quantity defined on equation.(12) (d is the quadratic error). 

r0 = argmin(d(Xt, Xt−r) + d(Xt−1, Xt−r−1) + … . . d(Xt−k, Xt−r−k)                      (12) 

 In this study we have chosen a k equal to 10. After this argument of the minimum search, the 

prediction can be written as equation (13): 

Xt+1 = Xt+r0+1                                                                                   (13) 

 

2.5 Nu-support Vector Regression 

 This is a most commonly used versions of SWM. The original SVM formulations for Regression 

(SVR) used parameters C [0, inf) and epsilon [0, inf) to apply a penalty to the optimization for points which 

were not correctly predicted. An alternative version of both SVM regression was later developed where the 

epsilon penalty parameter was replaced by an alternative parameter, nu [0,1], which applies a slightly 

different penalty. The main motivation for the nu versions of SVM is that it has a more meaningful 

interpretation. This is because nu represents an upper bound on the fraction of training samples which are 

errors (badly predicted) and a lower bound on the fraction of samples which are support vectors. Some 

users feel nu is more intuitive to use than C or epsilon. Epsilon or nu are just different versions of the 

penalty parameter. [18]     

 The user must provide parameters (or parameter ranges) for SVM regression as: 

 'epsilon-SVR': 

epsilon,C, (using linear kernel), or 

epsilon,C, gamma (using radial basis function kernel), 

 'nu-SVR': 

nu, C, (using linear kernel), or 

nu, C, gamma (using radial basis function kernel). 

 

2.5.1   Svm Parameters 

Cost: Cost [0 ->inf] represents the penalty associated with errors larger than   epsilon. Increasing cost 

value causes closer fitting to the calibration/training data. Gamma: Kernel gamma parameter controls the 

shape of the separating hyperplane. Increasing gamma usually increases number of support vectors.  

Epsilon: In training the regression function there is no penalty associated with points which are predicted 

http://www.thalespublisher.com/
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within distance epsilon from the actual value. Decreasing epsilon forces closer fitting to the 

calibration/training data. Nu: Nu (0 -> 1] indicates a lower bound on the number of support vectors to use, 

given as a fraction of total calibration samples, and an upper bound on the fraction of training samples 

which are errors (poorly predicted). 

 

3 EVALUATION OF THE ESTIMATION RESULTS 

The choice of the relevant criteria allowing performance evaluation of the estimation methods is an 

important issue. Various statistical parameters can be used to measure the strength of the statistical 

relationship between the estimated values and the reference values. I assume that vi, (i = 1, n) is the set of 

n reference values and ei, (i = 1, n) is the set of the estimates. v̅ and e̅ are mean of reference and estimates 

values respectively. The bias, R, RMSE and MBE can be calculated by using standard deviations of 

reference (σv) and estimate (σe) values, mean of reference and estimates values, estimated values and the 

reference values. The bias which is the difference between the mean estimate e̅ and the mean reference 

value v̅. The statistical criteria formula of the linear correlation coefficient R is the following, 

1

( ) ( )

n

i i

i

v e

v v e e

r
n 



 





                                                                   (14) 

Where R measures the proximity between estimate and reference. It is not sensitive to a bias [20]. 

The formula of the RMSE is; 

1

2 2

1

1
( )

n

i i

i

R M S E e v
n 

 
  
  


                                                                                                          (15) 

In statistics, RMSE is a frequently used measure of the differences between values predicted by a 

model or an estimator and the values actually observed from the thing  being modeled or estimated [19]. 

MBE is; 

MBE  
1

1
n

i i

i

e v
n 

 
                                                                                                          (16)

 

When you compared actual value with the estimating result Mean Bias Error (MBE) is expected least 

value [21].  Ideal MBE is expected to approach zero. MBE can be negative or positive value. This is not 

important. MBE value is calculated with equation (16). 

 

4 CONCLUSION 

In this study, 2000, 2001 and 2002 years, GSR was estimated by using NOAA/AVHRR monthly 

mean land surface temperature and vapour pressure deficit. In addition to land surface temperature and 

vapor pressure deficit data, values of month, altitude, latitude, longitude were used to calculate GSR. In this 

estimating, GSR was estimated by depending on mentioned input parameters. Also ELM, SVR, KNN, LR 

and NU-SVR methods were used to train network. While input data of 2000 and 2001 year,  were used to 

train network, data of 2002 year is used to test training network. Number is 53 for both intended training 

location and testing location. The obtained estimating results that depend on location, are evaluated with 

actual values statistically. As shown table 1. 

http://www.thalespublisher.com/
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Table 1 Comparison of methods statistically. 

METOT MBE(MJ/m2) RMSE(MJ/m2) R 

ELM -0,2640 1,7746 0,9612 

SVR -0,0043 1,9599 0,9515 

k-NN 0,1450 2,4546 0,9250 

LR 0,1588 5,2533 0,7243 

Nu-SVR -0,2652 1,4972 0,9728 

  

When table 1 is examined, The highest correlation coefficient value have been found 0,9728. This 

result have been obtained by using Nu-SVR method. The lowest correlation coefficient value have been 

found 0,7243. The obtained  result have been got by using LR method. On the other hand, MBE values of 

other methods is calculated. The lowest MBE value have been found 0,0043 MJ/m2. The obtained  result 

have been got by using SVR method. The highest MBE value have been calculated 0,2652 MJ/m2. This 

result have been obtained by using Nu-SVR method. RMSE value also was calculated, which is important 

to compare statistically. According to the results, lowest RMSE value is 1,4972 MJ/m2, which have been 

obtained by using Nu-SVR method. So, It proved that this is the most successful method to estimate GSR. 

, The highest RMSE value have been got by using LR method with 5,2533 MJ/m2 and also it proved that, 

this is the least successful method to estimate GSR. Other methods RMSE values are varying between 

1,7746 MJ/m2 and 2,4546 MJ/m2. These results shows that, ELM, SVR, k-NN methods are enough for 

calculation. 

Correlation coefficient (R) of locations, MBE, RMSE have been calculated by using the best method 

Nu-SVR. 

 

 

Table 2 Statistical results of locations. 

LOKASYON MBE(MJ/m2) RMSE(MJ/m2) R 

Amasya -0,2008 1,2280 0,9812 

Antakya 0,3185 0,6428 0,9946 

Antalya -2,0519 2,3409 0,9852 

Balıkesir -0,4160 1,4705 0,9713 

Bingol 1,1040 1,9876 0,9772 

Bitlis -1,6446 1,9315 0,9875 

Bursa 0,1060 1,2798 0,9749 

Diyarbakır -0,1068 1,0857 0,9877 

Denizli -0,7700 1,4644 0,9737 

Edirne -1,8345 2,1111 0,9887 

Gaziantep -0,2504 0,8017 0,9914 

Gümüshane -1,1129 1,5437 0,9883 

Hakkarı 0,3520 1,6268 0,9727 

Igdır -0,4361 1,3683 0,9753 

İstanbul -0,1089 1,0919 0,9865 

İzmir -1,0915 1,8261 0,9800 

http://www.thalespublisher.com/
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Konya -0,5819 1,5929 0,9720 

Malatya 0,0596 0,8032 0,9921 

Mersin -0,4025 0,9471 0,9928 

Mus -0,5218 1,2138 0,9902 

Nigde -0,5780 1,2077 0,9868 

Ordu 0,2149 1,2800 0,9761 

Rize 0,4234 1,2807 0,9698 

Siirt -1,0340 1,5446 0,9818 

Silifke -0,0187 0,6101 0,9941 

Sinop 1,7321 2,9830 0,9470 

Sanlıurfa -0,0859 1,5290 0,9738 

Yalova -0,2657 1,0187 0,9902 

Yozgat -0,2994 1,3885 0,9737 

Zonguldak 0,2709 1,1093 0,9897 

Adana -0,5986 0,9866 0,9895 

Adıyaman 0,0070 0,5777 0,9945 

Agrı -0,4485 1,3172 0,9751 

Aksaray 0,1322 1,1816 0,9833 

Aksehir -0,3475 1,7290 0,9607 

Ankara -0,3934 1,0495 0,9881 

Artvin -0,2011 1,3190 0,9737 

Aydın -1,4823 2,1600 0,9716 

Batman 2,0765 2,8554 0,9890 

Bilecik -0,5977 1,2318 0,9827 

Birecik -0,0764 0,6547 0,9949 

Burdur -0,5421 1,4751 0,9781 

Canakkale -1,1734 1,6766 0,9829 

Corum 0,0200 1,1022 0,9831 

Elazığ -0,4757 1,0445 0,9913 

Erzincan 0,0946 0,8903 0,9896 

Isparta 1,7653 3,1973 0,8993 

Kahramanmaras 0,0370 0,8804 0,9917 

Karaman -0,0706 1,2628 0,9824 

Karatas -1,1071 1,2870 0,9908 

Kars -0,3083 0,5266 0,9962 

Kastamonu -0,3836 1,4785 0,9526 

Kayseri -0,7520 1,3260 0,9863 

 

When table 2 is examined, The highest correlation coefficient value have been found 0,9962. This 

result have been obtained from Kars location. The lowest correlation coefficient value have been calculated 

0,8993. This result have been obtained from Isparta location. The lowest MBE value have been 

calculated0,007 MJ/m2. This result have been obtained from Adiyaman location. The highest MBE value 

is 2,0765 MJ/m2which have been obtained from Batman location. The highest RMSE value have been 

http://www.thalespublisher.com/
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obtained 3,1973 MJ/m2.This result have been obtained from Isparta location. So the worst result have been 

obtained from Isparta location by using Nu-SVR method. The lowest RMSE value have been calculated as 

0,5266 MJ/m2. The related value is belong to Kars location. So that, the best result have been obtained Kars 

location. 

 

 

Figure 2 : GSR variation of Kars location monthly. 

 

Figure 2 shows 2002 year GSR variation of Kars location monthly. When we examine the variation, 

we can observed that estimated value and actual value is very close to each other. The first, fifth, ninth, 

tenth month's value are more compatible. It has been observed. We cannot say the same for the third and 

sixth month. 

As a result, estimating was practiced by using 53 many locations. ELM, SVR, KNN, LR and NU-

SVR methods were used to estimate GSR. Month, altitude, latitude, longitude, vapour pressure deficit and 

land surface temperature were used to train networks of methods, as input parameters. These obtained 

results have been evaluated statistically. The best result have been obtained by using Nu-SVR method. On 

the other hand, the worst result have been obtained by using LR method. Also the other methods gave 

compatible results. If researcher study estimating of GSR we may offer them to use ELM, SVR, KNN, and 

NU-SVR methods.  
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