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Abstract 

The knowledge of irradiation in a geographical area is very 

important for multiple areas for the development of the area. 

Current calculation systems are based on statistical models of 

measurements of ground stations, or by external radiation 

calculations by satellite models. In this paper we show another 

method of calculation, based on the estimation of the incident 

radiation in a geographical area, through the production of 

electric energy generated by known photovoltaic solar 

installations. With the data of several years of three 

installations with equal inclination, model of solar panels, and 

in the same geographical area, the island of Fuerteventura, in 

the Canary Islands (Spain), we perform monthly irradiation 

calculations based on the total production of each month. 

With the calculated irradiation data, we performed a statistical 

study of them, using the ARIMA model with the SPSS 

Statistics software and we also carried out the study using a 

Fourier series decomposition model. With the two models, we 

made a comparison by measuring the forecast errors with the 

indicators of the root-mean-square error (RMSE) the mean 

absolute percentage error (MAPE) and its regression 

coefficient R2. We verify the validity of the method shown for 

both statistical models of irradiation prediction and verify that 

the best results are obtained for the Fourier decomposition 

model. 

Keywords: solar energy, irradiation, ARIMA, Fourier. 

 

INTRODUCTION 

The calculations of the global irradiation on the terrestrial 

surface become indispensable for multiple human activities, 

being the current one that more boom is taking, the one based 

on the applications of solar photovoltaic generation, for which 

the knowledge of the radiation is essential. The studies are 

multiple to be able to calculate the function that can represent 

the radiation in a geographical place. From the first 

expressions of regression treated by Angström in 1924 [1] that 

relates the average daily solar radiation per day for clear days 

and the radiation for a given place by the average of the 

fraction of the hours of measured solar brightness and the 

theoretical duration of the day, which later they were modified 

by multiple investigators which are summarized in the work 

of Bakirci [2], where the different models of this type, are 

shown and which covers the study of the 60 different models 

based on the Angström original. The most widespread 

calculation systems are the statistics by measuring the 

irradiation in different areas, which have been generated Atlas 

of radiation for specific geographical areas [3,4,5]. Through 

statistical calculations, different irradiation studies have been 

carried out in the Canary Islands [6], for the main irradiation 

databases in Turkey [7], Tibet [8], India [9] and many other 

countries [10,11], the validity of their calculations has been 

verified. The realization of these studies has the problem of 

the high cost of measuring equipment and the large amount of 

data needed to be able to make forecasts and estimates with a 

certain validity, which according to the studies of Festa and 

Ratto [12] should be a minimum of 25 years for the case of 

hourly calculations, this is the reason why these studies 

become very complicated in many geographical areas. 

The meteorological factors, like temperature and rainfall must 

also be considered in the estimates of solar radiation [13,14]. 

On the way through the atmosphere, solar radiation interacts 

with atmospheric constituents such as molecules, ozone, water 

vapor, aerosols, and cloud particles, which attenuate solar 

radiation by absorption or dispersion [15]. The distribution of 

cloud particles and aerosols can be difficult to predict with a 

high degree of accuracy, and cloud particles especially can 

reflect a large fraction of incoming solar radiation. Different 

approaches have been used to predict the radiation of the solar 

surface, depending on the time scale of the prognosis. Used 

cloud motion vectors derived from consecutive satellite 
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imagery to forecast very short-range solar radiation (30 

minutes to 2 hours). At forecast intervals of more than 6 

hours, numerical weather prediction models (NWP) have been 

found to be superior to other alternatives. Apparently, the 

complete coherent system of equations describing the 

evolution of the atmosphere is necessary for these longer 

forecast ranges [16,17]. 

Estimates of global irradiation estimation, considering direct 

and diffuse irradiation [18,19,20] and the other methods 

discussed, become very complicated to have data from all the 

locations that are necessary, due to their associated expenses 

and the amount of data needed. Complexity of the commented 

systems, requires a simple and efficient model that can be 

adapted to multiple geographical areas, and taking into 

account that currently photovoltaic solar installations have a 

large expansion in many geographical areas, taking into 

account the monthly generation of the same in a space of 

several years we can calculate a real approximation of the 

irradiation of the area, and whose model of easy development 

can be applied to any geographical area that have data of the 

production of the photovoltaic installation and the type of 

solar modules installed. 

 

METHODOLOGY 

To calculate the irradiation, it is necessary to know the angle 

of incidence of sunlight, due to its movement of translation 

around the sun of the Earth and the decline of the axis of 

rotation, produces a difference in the incidence of solar 

radiation with respect to the reference latitude, and for the 

calculations of this angle we use the well-known Cooper 

equation [21], which gives the value of the approximate 

decline of the reference point at solar noon of the day 

considered 

𝜹(𝒏) = 𝟐𝟑, 𝟒𝟓 ∗ 𝒔𝒆𝒏 [𝟑𝟔𝟎 ∗ (
𝟐𝟖𝟒 + 𝒏

𝟑𝟔𝟓
)] 

"n" is the chosen day counting from January 1 to the day in 

question.  

We can also use calculation tables to estimate the values 

according to the latitude and angle of the collectors or 

calculating the values of the three components of direct, 

diffuse and albedo radiation must be found, with several 

methods for obtaining and estimating them [22,23,24]. There 

are multiple irradiation databases [25,26,27,28], for convert 

the values irradiation at 10º to 0º  for our model of 

approximation, we obtain the calculation factor “k” that 

passes the irradiation of the 10º of the study stations to 0º , for 

what we use the global irradiance values of the European 

PVGIS - Helioclim data [29,30], as starting data to 10º and 0º,  

where the multiplying factor of the irradiance value is 

obtained for flat surfaces, and will give us the approximate 

result for the inclined surfaces [31], 

𝑮(𝜷) = 𝒌 ∗ 𝑮(𝟎º) 

Where "k" is the multiplying factor for the irradiation of 

surface inclined to flat surface 0º is the latitude of the place, 

and "G (0°)" is the irradiance value for flat surfaces at 0°. 

To obtain the calculations for generation, we collected the 

data from 3 photovoltaic generation facilities, which was 

provided by the management of the establishments. The 

sample period varies from a minimum of 3 years to a 

maximum of 5 years. Table 1 summarises the characteristics 

of the facilities studied. The names of the establishments have 

been codified for data protection. 

 

Table 1: List of researched facilities and their main features. 

Name Latitude Longitude Mark 

Peak 

power 

W 

Tilt 

angle 

FEM 28º25´53"  13º52´28"  SolarWorld 88.000 10º 

INP 28º31´26"  13º50´18"  SolarWorld 441.600 10º 

HIE 28º31´32"  13º50´25"  SolarWorld 552.000 10º 

 

Monthly irradiation calculation 

To calculate the irradiation of the installations, we start with 

the monthly electric generation of the generating station, it is 

necessary to consider the electricity generated monthly, the 

peak power of the generator and the total losses, which are 

included in a total efficiency index known as "Performance 

ratio" (PR) [32]. With the following function we calculate the 

global monthly irradiation that affects the installation. 

𝑮(𝜷, 𝝁) =
𝑬𝒓𝒆𝒅

𝑷𝑹 ∗ 𝑷𝒑𝒑

 

"G (β, μ)" is the mean irradiance according to declination and 

a given azimuth, "PR" is the global loss index that 

encompasses all losses of the system, and "Ppp" is the 

maximum power of photovoltaic generators. The calculation 

of the PR is made considering all the losses of the generating 

system, which are given by the function: 

𝑷𝑹 = (𝟏 − (𝑳𝑻 + 𝑳𝑫 + 𝑳𝑹 + 𝑳𝒑)) ∗ 𝑳𝑬 ∗ 𝑳𝑰𝒏 ∗ 𝑳𝑽 

Where, “LT” are the losses by temperature that we calculate 

them by the method of Otherworld [33], "LD" are the losses by 

dispersion of parameters, “LR” are losses by angular and 

spectral reflectance , "LP" are losses due to dust on the 

modules, "LE" are losses in electrical wiring,  “LIN” are losses 

due to the efficiency of the inverter, what we used the 

European efficiency value of the inverter [34] given by the 

manufacturer and "LV" are other losses that were not 

previously considered. Table 2 shows the data of the 

calculation parameters for the coefficients of the different 

losses. 
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Table 2: List of coefficients of the different losses. 

Name Description Value 

LT Temperature losses Calculate 

LD Lost by dispersion 3,00% 

LP Lost dust and dirt 2,00% 

LR Lost reflectance 3,00% 

Lin European Investor Efficiency 96% 

LE AC and DC circuit efficiency 97% 

LV Efficiency due to other losses 95% 

 

Arima 

The ARIMA methodology aims to extract the regularities 

observed in the past behaviour of the variable, and if the 

structural conditions that make up the series remain constant, 

predict its behaviour in the future. This model is known as 

Box - Jenkins for being its creators [35,36]. It is widely used 

for economic series analysis, as well as in hydrology, 

medicine, and meteorology, although the field in which the 

ARIMA methodology finds its main role for prediction 

purposes is with short-term prediction and in series with a 

seasonal component. The theory of stochastic processes, the 

ARIMA processes, provides a general methodology for the 

analysis of a single variable in the series that shows a clear 

dependence between present and past values. 

The generic name ARIMA derives from its three components: 

Self-regressive (AR), Integrated (I), of Mobile Averages 

(MA). The ARIMA model presents an explicit equation that 

allows us to describe an observation from the series as a linear 

function of previous data and errors due to chance, which may 

also include a cyclical or seasonal component which describes 

each of the components that can be part of the model, as well 

as the notation usually used to describe them, which will be 

used in this study.  The general function [37,38] represented 

by the ARIMA model (p,d,q) is as follows: 

 

∅(𝜷)(𝟏 − 𝜷)𝒅𝑿𝒕 = 𝒄 + 𝜽(𝜷)𝜺𝒕 

 

where “Xt” is the study variable, “c” a constant and “εt” is the 

error or residue term, which follows a normal distribution of 

zero mean and constant variance. The term (1-β)d is applied to 

the original series to make it stationary, and “d” corresponds 

to the order of part I of the ARIMA model. Ø(β) and θ(β ) are 

polynomials of order p and q that depend on the delay 

operator “B”. 

We have used to calculate the mathematical software of IBM 

SPSS Statistics [39], calculating the different factors through 

the expert model and through the Box-Jenxisn methodology 

of three steps that is extended to 6 by later studies [40] to be 

able to estimate the corresponding parameters of the model. 1 

Data collection of the series, 2 Analysis of the stationarity and 

possible transformation of the series, 3 Identification of the 

model, 4 Estimation of model coefficients, 5 Validation and 

selection of the model and 6 Prediction. 

 

Fourier 

The Fourier transform is the mathematical procedure to 

analyze periodic functions through the decomposition of said 

function in an infinite sum of much simpler sinusoidal 

functions, with combination of sines and cosines with whole 

frequencies [41,42]. The function initially defined at time f(t) 

is the transform to the domain of the frequency F(w). This 

new function F(w) is called the Fourier Transform [43], or 

Fourier Series, when the function is Periodic. Fourier 

determined that it was possible to express a function as the 

sum of Sines and Cosines signal of different frequencies and 

amplitudes until the original function was determined. This 

procedure was initially implemented for periodic functions, 

but can be extended to non-periodic. Fourier showed that 

virtually any periodic function can be represented as a sum of 

sines and cosines by assigning each a weighting coefficient. 

The harmonic analysis is a type of analysis of any function, 

continuous within a range, can be represented by an infinite 

series of sine and cosine functions. This series is called the 

Fourier series, and the method of finding Fourier analysis 

functions. If there is only a finite number of points in the 

interval to be analysed, a finite number of sines and cosines 

will be able to account for all observations. This technique is 

adequate for investigating the harmonics of an identifiable 

frequency under the assumption that the time series is 

genuinely periodic. Each harmonic can (but need not) have a 

different physical meaning. Recall that if f (x) is infinitely 

differentiable at x = a, then the Taylor series [44,45] of “f” is 

defined as: 

 

𝒆𝒙 = 𝟏 + 𝒙 +  
𝒙

𝟐

𝟐
+   

𝒙

𝟔

𝟑
+

𝒙

𝟐𝟒

𝟒

      

 

we have a "representation" of the function “f”. We know from 

experience that representations of the Taylor series are useful 

in many ways. In the same way, there are other types of 

representations which are very useful. In this work we are 

concerned, specifically, with the representation of the periodic 

function by trigonometric series of the form: 

 

𝒀𝒕 =
𝒂𝟎

𝟐
−  ∑   𝑨𝒏

𝒌−𝟏
𝑲=𝟏 𝐜𝐨𝐬 (

𝟐 𝝅𝒕

𝑻
 ) –  𝑩𝒏𝒔𝒆𝒏 ( 

𝟐 𝝅𝒕

𝑻
 )      
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Harmonic analysis means the computation of the coefficients 

“An” and “Bn”. Now, with the coefficients computed 

according to equation is called the Fourier series of “f”; the 

coefficients A0, A1, …. , An, and B0, B1, …. , Bn are called the 

Fourier coefficients off, and the individual terms are generally 

referred to as harmonic. Since the data are typically taken at 

integer times tj = t0, t1, tN-1, a discrete version of the Fourier 

transform must be considered. The easiest case to treat, and 

the only one we will consider, is the case of equal time 

samples N, Tj = jΔt     j = 0,1,2, .. N – 1. 

Here Δt is the time between two neighbouring data points in 

the time series and fs = 1/Δt is the sampling frequency - the 

number of samples taken per second.  The discrete-time 

Fourier transform (DTFT) for a data set of discrete time of 

finite length’s (0), X (Δt), X (2Δt), ........., X ((N-1) Δt). 

Analogous to the series, the Fourier transform decomposes the 

signal into sines and cosines of different frequencies and 

amplitudes. Fourier showed that virtually any periodic 

function can be represented as a sum of sines and cosines by 

assigning each a weighting coefficient. 

 

Methods 

The method used to compare the real data and calculate the 

characteristic feature of irradiation according to the electrical 

energy generated by the photovoltaic generating stations is: 

1. Initially the data of electric power generation of the 

different production plants of the study plants supplied by 

the facilities' managers were obtained. 

2.  We calculate the irradiance value of the generating plants, 

according to the monthly generation obtained. The 

calculated irradiation values are for the inclination of the 

solar panels of 10º. 

3.  We convert the irradiance value of the inclined surface 

from 10º to flat surface according to the calculated factor 

"k" of the solar DB, for all the stations. 

4. With the monthly irradiation data, we calculate the 

characteristic function of the forecast with the ARIMA 

method and by the Fourier series decomposition 

5.  We compare the data obtained and compare it with the real 

values of the stations to check which system is best 

adjusted considering the term of RMSE, MAPE and R2. 

Figure 1 shows the flow diagram of the research carried out 

to obtain the actual irradiation data of the installations and 

their comparison with the data of the different photovoltaic 

generating stations. 

 Collection of data on 

photovoltaic generation in 

kWh / month

Calculate equivalent 

irradiation of the stations and 

the monthly average thereof

Calculation of 

characteristic 

function by means of 

Fourier 

decomposition

Calculation of 

characteristic 

function through the 

ARIMA system

Conclusions

Compare the predicted 

production with the real one 

of the photovoltaic 

generators

 

Figure 1: Research Flow Diagram. 

 

ANALYSIS DATA 

We take the values of the energy data produced from the 

different generating photovoltaic stations, with all the monthly 

production values of 3 and 5 years according to the generating 

station. With the obtained values, the transformation is carried 

out to calculate the irradiation of the different years and 

stations, filtering the values due to the failure of the 

measurements or the maintenance of the facilities. With the 

step coefficients "k" obtained from the PVGIS - Helioclim 

irradiation DB, the irradiation values for the inclined surface 

of the photovoltaic solar panels are calculated from 10 ° to the 

flat surface of 0 °. These values are shown in the following 

Figure 2, which shows the irradiation calculated by months 

for flat surfaces of 0º.  
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Figure 2: Solar irradiation calculated for 0º. 

 

The monthly irradiation data depend on the solar height 

calculated for each geographical area and the average daily 

hours of insolation, that in the following Figure 3 we can 

observe the distribution of the irradiation according to the 

hours of insolation and verify how it has a linear tendency 

with a high correlation index R2 of the irradiation with respect 

to the hours of insolation as expected. 

 

 

 

Figure 3: Distribution of the irradiation according to 

insolation 

 

RESULTS 

With the data obtained from monthly irradiation, we carried 

out the forecast calculations for the ARIMA model according 

to the Box-Jenkins methodology using the IBM SPSS 

Statistics v.23 mathematical modeling software. The modeling 

is done in two different ways, first the calculations are made 

through the SPSS expert modeling module, showing in Table 

3 the results obtained according to the models suggested by 

the software for each station. The calculations have also been 

made following the steps for the calculation of coefficients 

according to the Box-Jenkins procedure, with which another 

type of ARIMA modeling (p, d, q) was obtained, giving us an 

ARIMA model (2,0,1), which is an ARMA model (2.1), 

checking the results in Table 4. With the obtained data, the 

comparison is made using the regression index R2 of Karl 

Pearson [46] to justify their greater or lesser correlation [47] 

We compared the accuracy of the different regressions 

calculated by calculating the RMSE [48,49] and by MAPE 

[50] which is an indicator of the prognosis that measures the 

size of the error (absolute) in percentage terms, which gives us 

a relative measure of the error. The functions used are as 

follows: 

    𝑹𝑴𝑺𝑬 = ⌊
𝟏

𝒕
∑(𝒖𝒑 − 𝒖𝒐)𝟐

𝒕

𝒊=𝟏

⌋

𝟏
𝟐⁄

  

𝑴𝑨𝑷𝑬 =
𝟏𝟎𝟎

𝒕
∑ |

𝑮𝒓 − 𝑮𝒇

𝑮𝒓

|

𝒕

𝒊=𝟏

 

Where "t" is the number of observations, "u" is the residuals 

of the estimates, the subscript "p" being the predicted residue 

and "or" the observed residue, "Gr" is the calculated real 

irradiation and "Gf" is the estimated irradiation according to 

the forecast model analysed. 
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Table 3: Models and forecasts for expert mode of SPSS 

SPSS expert modeling - ARIMA 

Station 

Model 

ARIMA 

(p,d,q) 

R2 RMSE MAPE 

FEM (3,1,0) 0,846 672,3 10,68% 

HIR (0,2,0) 0,755 858,0 13,89% 

INP (1,1,0) 0,642 1.030,3 17,37% 

 

Table 4: Models and forecasts for the Box-Jenkins procedure 

Box-Jenkins system modeling - ARIMA 

Station 

Model 

ARIMA 

(p,d,q) 

R2 RMSE MAPE 

FEM (2,0,1) 0,918 501,2 7,24% 

HIR (2,0,1) 0,889 600,8 9,13% 

INP (2,0,1) 0,816 761,8 11,65% 

It is verified with the obtained results, with the model 

calculated by the Box-Jenkins procedure gives better results 

than by the expert module of the SPSS Statistics, with very 

high adjustment characteristic values in the three indicators of 

prediction R2, RMSE and MAPE. Figure 4 shows the results 

for the calculations for the autocorrelation function (ACF) and 

partial autocorrelation (PACF) plots of the differenced series, 

we can tentatively identify the numbers of AR and MA terms 

that are needed. The plots vary within the 95% CI bounds. 

 

Figure 4: ACF and PACF of the residual error for the AR (2) 

and MA (1) models. 

With the predicted values, we can observe in the following 

Figure 5 the comparison of the irradiation of the three stations 

studied according to the years that we have data, with respect 

to the forecasts we calculate using the ARIMA model and real 

values calculated according to the monthly generated 

electricity production. We can observe the few differences 

that are between the real and forecasted values. 

 

Figure 5: Real irradiation curve and predicted by ARIMA 

model 

 

The characteristic function of the ARIMA model (2,0,1) 

calculated for the irradiation of one of the example 

photovoltaic stations, FEM, would be the following: 

Y t = 5.755,98 + 1,17Yt-1 - 0.979Yt-2 + 0.995Ɛt-1 

The prediction calculations according to the Fourier 

decomposition have given us very good values, with some 

indicators for the three photovoltaic stations far superior to the 

ARIMA model, being very close to a perfect correlation of 

predicted values with respect to the real ones. In the following 

Table 5 the values of the different calculated indicators are 

shown. 

 

Table 5: Models and forecasts for the Fourier decomposition 

FOURIER 

Station R2 RMSE MAPE 

FEM 0,988 263,8 4,00% 

HIR 0,980 338,6 5,75% 

INP 0,953 505,2 8,09% 
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The Fourier decomposition that we have done has been until 

the 6th harmonic, being the real function for an adjustment to 

the perfect formed by the harmonic infinities. Figure 6 shows 

the decomposition of a sum of simple, sinusoidal functions 

whose periodic frequency. The component of the Fourier 

series whose frequency coincides with the fundamental (n=1) 

is called the fundamental component:  

a1 cos(wot) + b2 sin(wot). 

We can see how the adjustment of this function is superior to 

that of ARIMA, with a value for this station represented by R2 

= 0.998, and how the forecast data is almost the same as the 

real calculated. 

The characteristic function that the irradiation represents will 

is composed by the harmonic components, so the harmonic of 

order n or nth would be that whose frequency is n times the 

fundamental. The values of a0/2 represent the average value 

of the function f (t) over a period and are called the 

continuous component. The sample function for the FEM 

station is shown below: 

𝐘𝐭 = 𝟓. 𝟕𝟒𝟖, 𝟏𝟕 −  𝟖. 𝟎𝟗𝟕, 𝟏𝟐 𝐜𝐨𝐬 (
𝟐 𝛑𝐭

𝐓
 ) 

− 𝟗. 𝟓𝟒𝟓, 𝟓𝟗 𝐬𝐞𝐧  ( 
𝟐 𝛑𝐭

𝐓
 ) + 𝟖𝟑𝟔, 𝟖𝟔 𝐜𝐨𝐬 ( 

𝟒  𝛑𝐭

𝐓
 ) - 

 𝟖. 𝟒𝟑𝟐, 𝟎𝟔 𝐬𝐞𝐧  ( 
𝟒 𝛑𝐭

𝐓
  ) +𝟓. 𝟐𝟐𝟗, 𝟐𝟗 𝐜𝐨𝐬 ( 

𝟔 𝛑𝐭

𝐓
 )

− 𝟒. 𝟎𝟕𝟓, 𝟔𝟒 𝐬𝐞𝐧( 
𝟔 𝛑𝐭

𝐓
 )+ 𝟒. 𝟒𝟕𝟓, 𝟒𝟕 𝐜𝐨𝐬( 

𝟖 𝛑𝐭

𝐓
  )+

 𝟖𝟑𝟕, 𝟑𝟕 𝐬𝐞𝐧  ( 
𝟖 𝛑𝐭

𝐓
 ) + 𝟏. 𝟐𝟔𝟔, 𝟑𝟖 𝐜𝐨𝐬 ( 

𝟏𝟎𝛑𝐭

𝐓
  ) 

+𝟐. 𝟐𝟓𝟏, 𝟖𝟎 𝐬𝐞𝐧  (
𝟏𝟎 𝛑𝐭

𝐓
 )− 𝟑𝟎𝟐, 𝟐𝟏 𝐜𝐨𝐬 ( 

𝟏𝟐𝛑𝐭

𝐓
  ) 

+𝟖𝟓𝟐, 𝟒𝟏 𝐬𝐞𝐧  (
𝟏𝟐 𝛑𝐭

𝐓
 ) 

The following Figure 7 shows the comparison of the two 

ARIMA and FOURIER non-linear models according to the 

R2 and MAPE indicators, verifying how in all cases the 

Fourier model gives better results.  

 

 

Figure 7: Comparison of ARIMA and FOURIER non-linear 

models according to the R2 and MAPE indicators. 

 

DISCUSSIONS AND CONCLUSIONS 

The calculation model of forecasts that we have developed for 

solar irradiation estimation, considering the generation of 

electric energy by photovoltaic solar panels (PV) is applicable 

to multiple destinations, provided that we have sufficient 

monthly data of several years and the characteristics of the 

PV. With the ARIMA model or the Fourier decomposition 

model, we obtained very good estimations and forecasts of 

irradiation, with R2 values higher than 0.81 in all cases. We 

have also verified that using the mathematical software SPSS 

Statistics it is better to enhance the calculation by the Box-

Jenkins procedure than by integrated expert modeling. The 
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Figure 6: Fourier decomposition and characteristic harmonics together with real irradiation curve and  

prediction for FEM station. 
 

 

 

-10,000

-8,000

-6,000

-4,000

-2,000

0

2,000

4,000

6,000

8,000

10,000

k
W

h
/m

2
m

o
th

Fourier decomposition FEM station

Real Fourier Fundamental harmonic 2(wt) Fundamental harmonic 2(wt)j

2nd harmonic 4(wt) 2nd harmonic 4(wt)j 3rd harmonic 6(wt) 3rd harmonic 6(wt)j

4th harmonic 8(wt) 4th harmonic 8(wt)j 5th harmonic 10(wt) 5th harmonic 10(wt)j



International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 24 (2017) pp. 15438-154446 

© Research India Publications.  http://www.ripublication.com 

15445 

most recommendable model is the Fourier decomposition, 

with which we get better forecast indicators and a correlation 

index R2 in all cases greater than 0.95. 
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