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ABSTRACT: 
The implementation of data processing techniques to forecast solar time-series, namely for 
solar energy applications is part of the currently emerging thoughts that point to the 
development of more appropriate forecasting techniques to determine the evolution of thermal 
loads in buildings and the evolution of the incident radiation available in photovoltaic plants 
and solar heating plants. This article presents a comparative study of various models applied 
to forecast solar radiation. The proposed models are ARMA Auto-Regressive Moving 
Average, Fuzzy and Genetic type. In the different time-series models information on 
extraterrestrial radiation and information on the radiation measured on the previous day at 
the same hour is introduced. The performances of the solar radiation forecasting models were 
evaluated by analysis of the statistical properties of the forecast error. 

Keywords: Genetic algorithm, Modeling, Parameter estimation, Recursive least squares Solar 
Radiation, Time series, Fuzzy Logic  

[1] INTRODUCTION 

The signal acquisition over time constitutes the basis to describe a time-series of an 

observed system and to predict their future behavior. The time series processing has 

applications in forecasting, modeling and processes in various fields of scientific research, for 

example in power systems, medicine, meteorology, among others. There are various methods 

for assisting the task of predicting complex temporal series. 

In order to also solve time-series modeling problems in engineering, it can be used 

classical an soft computing techniques. For instance, the development and implementation of 

fuzzy logic, among other soft Computing techniques, allow efficient resolution of many 

complex issues and less precise information (Zhai and Williams, 2012), such as the modeling of 

stochastic processes, data classification, in decision systems, among other applications 

(Kalogirou, 2009). Since the modeling techniques based on fuzzy logic deals with nonlinear 

problems and realizes forecasts rapidly (Rahoma et al, 2011) is expected that diffuse models 

also allow to obtain, with good approximation, the predictions of the dynamic behavior of the 

solar radiation throughout the day. 
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This article aims to compare and investigate methods to model and compute the 

structures/parameters of the used models with the aim of providing time-series forecasts. In this 

work are implemented and compared the performances of ARMA, Fuzzy and genetic models. 

Implemented methods are compared under the suitability and robustness of the predictions and 

the ease of computer implementation to solve the problem of forecasting solar radiation.  

[2] TIME SERIES  

The concept of the time series is related to a set of observations of a given variable 

made at successive periods of time and over a certain range. In modeling methods used to 

describe and / or predict the time series behavior, it can be assumed that the processes 

underlying the generation of experimental data sequence are deterministic or stochastic, i.e. 

processes controlled by probabilistic laws. Whatever the classification made for time series 

models, a very large number of different models can be considered, with the aim of describing 

the phenomenon behavior or to anticipate its evolution. In practice, it also depends on the 

existence of suitable estimation of the model parameters and the availability of appropriate 

software tools methods. 

 A classical approach to the problem of modeling time series consists in its dissociation 

in some basic components, meaning that it is assumed that a time series can be decomposed 

into four major components [Mendenhall, 1993], namely: 

 Trend Component 

 Seasonal Component  

 Cyclical Component  

 Random Component  

 

The relationship between the various components of the time series can be expressed 

by: 

 ( )   , ( )  ( )  ( )  ( )- (1) 

 

Where T (k) refers to the tendency, S (k) to the seasonal component, C (k) to the cyclic 

component, and E (k) to the random component (or noise). The function f is a combination 

function that usually comes down to the sum or product of the various components. With this 

methodology it is possible to create separate models for each of these components, achieving a 

better understanding of the time series behavior. There are several methods that can be used in 

the modeling and prediction of complex time series. This paper proposes to use and compare 

models based on parametric structures of ARMA type, fuzzy logic models and models based on 

genetic algorithms. 

[2.1] AUTO-REGRESSIVE MOVING AVERAGE MODEL (ARMA) 

Autoregressive processes of moving averages form a class of very useful models to 

describe time series data. The ARMA model of a series y (k) is defined by: 
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(2) 

Where y(k) is the estimated value of the time series in the discrete moment KTS, being 

TS the sampling period, a0…ap, b0…bq and c0 represent the ARMA model parameters or 

coefficients, e(k) is the estimation error and p and q are the order of denominator and 

numerator of the model transfer function. Thus, the ARMA model assumes that the present 

value of the time series y(k) is dependent on past values y(k-1), y(k-2), …, y(k-p). 

There are several methods to calculate the parameters of the ARMA model. The choice 

for one of these methods must take into account both the degree of difficulty to determinate 

the parameters and the processing speed required in the application. 

Among the principal methods to calculate the parameters of the ARMA model, we 

highlight the autocorrelation method (or Yule-Walker method) by the Burg algorithm and, 

assuming the signal e(k) is not correlated with delayed versions of y(k), the least squares 

method. 

[2.2] LEAST SQUARES METHOD  

The least squares method is a statistical method of data processing which gives the 

parameters of a linear function that best approximate the experimental data to the simulated 

data calculated by the model. This method was formulated at the end of the eighteenth century 

by Karl Friedrich Gauss who applied it in the determination of the orbits of planets and 

asteroids. According to Gauss, cited by Aström (1990), the least squares method consists in 

determining the unknown parameters of a mathematical model such that: the quadratic sum of 

the differences between the observed and calculated data, multiplied by factors which 

measure the degree of precision, is minimal. 

There are numerous identification methods of systems available that can be classified 

into two major categories: offline and online methods. The off-line methods are non-

recursive, requiring the prior existence of the data matrix while in the online methods, the 

estimations are provided recursively as the data is being obtained from the process. 

 

[3] METHOD OF LEAST SQUARES – RECURSIVE ESTIMATION  

The off-line estimation methods (not recursive) require the availability of a set of data 

from the solar radiation series. These methods have limitations when the number of data 

samples is quite high, since the inversion of the matrix Φ
T
Φ becomes prohibitive. 

Recursive algorithms arise in order to circumvent this problem. These algorithms use 

the knowledge of the past behavior of the parameters to update, for each new sample added, the 

set of parameters that minimize the sum of squared error (Åström and Wittenmark, 1985). 

These methods offer advantages over non-recursive methods, as with the techniques 

used in recursive identification it is achieved that the computational load associated with the 

inversion of the previous matrix is reduced. Another advantage of these techniques is the 

capability to handle cases where the system parameters are time-variant. 
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The parameter estimation by the recursive algorithms can be done in real time, since the 

estimations obtained in sample (k-1) are used to obtain the parameters in the current instant (k). 

To illustrate this procedure, let’s consider the following ARMA model,  

 ( )     (   )       (   )      ( ) (3) 

The estimation obtained based on observations up to the sampling time k-1 are given by 

(Åström and Wittenmark, 1985): 

 ̂(   )  ,  (   ) (   )-    (   ) (   ) (4) 

When an additional measure is obtained at the k sample, a line is added, with the 

regression vector φ
T
(k) to   regression matrix and an element y(k), the Y data vector, 

 (k)=[
 (   )

  ( )
]       ( )  [

 (   )

 ( )
] 

 

(5) 

where φ
T
(k) = [y (k-1) y (k -2) … y (k-p)] is the data vector regression. 

 

The equation that describes the process in the time k is then: 

[
 (   )

 ( )
]  [

 (   )

  ( )
]  ̂( )  [

 (   )

 ( )
] 

(6) 

As the regression vector for t=KTs, 

 ( )  , (   )   (   )   (    -
  (7) 

 

The vector of parameters estimated by the least squares method, is determined by: 

 ̂( )  ,,
 (   )

  ( )
- [
 (   )

  ( )
]-  ,

 (   )

  ( )
- [
 (   )

 ( )
] 

 

(8) 

 ̂( )  ,  (   ) (   )   ( )  ( )-   ,  (   ) (   )
  ( ) ( ) 

(9) 

Setting the covariance matrix P(k) 

 ( )  (  ( ) ( ))   (∑ ( )  ( ))   (   (   )   ( )  ( ))  
 

   

 
(10) 

and being the vector of the estimated parameters in the sample (k-1) calculated 

according to equation (4), it can be shown (Åström and Wittenmark, 1990) that the parameter 

estimation by the recursive least squares method is summarized by the following set of 

expressions: 

 ̂( )   ̂(   )   ( ), ( )    ( ) ̂(   ) (11) 

 ( )   (   ) ( ),    ( ) (   ) ( )-   (12) 
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 ( )  ,   ( )  ( )- (   ) (13) 

where K(k) is the gain estimator (formed of weight coefficients that indicate how the 

correction and the estimated vector in the previous sample are combined) and P(k) is the 

covariance matrix of the estimated parameters. Through the expression (11) it is realized that 

the estimation at the moment of time corresponding to the sample k is obtained by adding to the 

previous estimation a proportional correction factor to the estimation error: 

 ( )    ( ) ̂(   ) (14) 

If the number of samples is less than the number of parameters to be estimated            

(k<p), the matrix P(k) is not defined (note that it is defined if the matrix  
T
(k). (k) is not 

singular). In order to obtain an initial condition for the matrix P(k), it must be chosen a k= k0 

such that  
T
(k). (k) is not singular. In this way it is possible to use the recursive expressions 

(11to 13) for k> kn  where the initial conditions are given by the expressions: 

 (  )  ( 
 (  ) (  ))

   (15) 

 ̂(  )   (  ) 
 (  ) (  ) (16) 

When using the recursive expressions for every k sample, it can start from the initial 

condition P(0)=P0, where P0 is defined as positive. 

[3.1] RECURSIVE METHODS FOR TIME-VARIANT SYSTEMS  

The recursive least squares algorithm, described in Section 3 applies to systems whose 

process parameters are invariant in time. If this condition is not fulfilled this algorithm can not 

be directly used, as the matrix P(k) and a gain K(k) tends to zero with the progressive increase 

in the number of new observations. 

It is, therefore, becoming essential the existence of methods that endow the estimator 

with characteristics that allow it to follow the variations of the process dynamics, including 

the method of least squares with exponential forgetting factor and the Kalman filter, among 

others. The recursive estimation with forgetting factor ]0;1] gives greater importance to the 

recent observations over past ones (Ljung, 1987), thus providing the ability to the model to 

follow variations of the process parameters. This recursive estimation algorithm can be 

implemented using the following equations: 

 ̂( )   ̂(   )   ( ), ( ) ̂(   )- (17) 

 ( )   (   ) ( ),    ( ) (   ) ( )-   (18) 

 ( )  
 


,   ( )  ( )- (   ) 

(19) 

The implementation of this algorithm should ensure that the covariance matrix P(k) 

does not grow exponentially when there isn’t persistence in the data signals, thereby avoiding 

sudden and meaningless changes in the calculated parameters as soon as the information 

become persistent. 
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The implementation realized for this work uses = 0.99, which is changed to = 1 each 

time the regression vector did not contain persistent information. In this way is avoided the 

forgetfulness of past information and the exponential growth of the matrix P, when the data is 

not persistent. 

[4] FUZZY LOGIC 

The fuzzy theory defines a physical variable as a linguistic variable that can take 

linguistic values, values of a fuzzy set, called attributes. The level of confidence that an element 

is characterized by the attribute, is defined by a membership function (Boata and Gravila, 

2012). The membership function defines how each entry space value is mapped to a degree of 

membership. Normally the membership function of a set A is represented by uA. The current 

value of a variable is called a crisp value (Gopi, 2007). Diffuse values are created by 

identifying some uncertainties on rigid values. 

In fuzzy logic, a certain value can belong partially to a set, which numerically 

represents the membership function which takes values between 0 and 1 (Sen 2008). The higher 

the value of the membership function, the higher is the relation of the variable to the set. A 

fuzzy set A on a universe of discourse U is defined as a set of ordered pairs in the form: 

  {(    
 
   )    } (20) 

where: x is the element, A (x) is called the set of membership function A and U is the 

universe of discourse. The A(x) function maps each of the U elements to one degree or value 

of membership between 0 and 1. The carrier assembly of a fuzzy set A is a subset of points X 

such that AU (x )> 0. A fuzzy set whose support set is a single point of U with A(x)= 1 is 

called unitary diffuse set or Singleton. To define the degree of membership it may be used 

various functions such as triangular, trapezoidal, quadratic, Gaussian, sigmoidal, among many 

others  Kalogirou, 2009; and Gradojević Gençay, 2013 . The triangular shapes, trapezoidal and 

Gaussian, expressed in the image below are the most used functions. 

 

 

 

 

 

Fig. 1. Fuzzy logic – most used functions 

The assignment of membership values to variables can be done by intuition or using 

some algorithms or logical procedures such as, the inference, the neural networks, the ranking 

distribution, the genetic algorithms, etc. (Sen 2008). 
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[4.1] FUZZY INFERENCE SYSTEM  

In a fuzzy system composed by a number of rules it is required the make the 

aggregation of the rules, i.e., to obtain an overall conclusion from the individual conclusions 

of each rule. This aggregation can be performed by the conjunctive system of rules method or 

disjunctive system of rules method (Sivanandam et al., 2007). Grouping by classes 

(clustering) is also a mechanism used in recent times for the rules selection (Pires, 2007). 

The relationship between the input and output spaces is called FAM-Fuzzy Associative 

Memories  Kalogirou and Şencan, 2010 .  part this designation, a fuzzy inference system 

may, by its multidisciplinary characteristics be called as a system based on fuzzy rules (fuzzy-

rule-based system), fuzzy expert system (fuzzy expert system), diffuse type (fuzzy model), 

controller fuzzy logic (fuzzy logic controler) (Jang and Gulley, 1997).  In FAM, the linguistic 

variables and attributes are specified, elaborating the fuzzy rules between different sets 

(Paulescu et al., 2008). The fuzzy logic comprises, thus, four fundamental concepts: fuzzy 

sets, linguistic variables, distribution possibilities and fuzzy rules IF-THEN type (Zhai and 

Williams, 2012). 

The process of information exchange from the inputs to the outputs of a fuzzy model 

runs on three steps: fuzzification, inference and defuzzification. The fuzzification is the 

conversion of the numerical value of each linguistic variable into a membership function of 

existing attributes. The inference process is related to the computation of established rules 

(Boata and Gravila, 2012) and consists on the processing of the input variables by the 

established fuzzy rules, obtaining the consequent output variables (Kalogirou, 2009). 

The fuzzy inference systems are computational structures based on the concepts of 

fuzzy sets theory, fuzzy rules IF ... THEN and fuzzy reasoning (Jang, 1997). These types of 

systems have been applied in various fields such as automatic control, data classification, time 

series forecasting and pattern recognition, among others. The basic structure of a fuzzy 

inference system consists of three conceptual layers: a rule base (which contains a set of fuzzy 

rules); a database (which defines the membership functions used in fuzzy rules); a rational 

mechanism (which develops the inference procedure based on the rules and known facts), 

making it possible to obtain an adequate output. 

[4.2] FUZZY ADAPTIVE NEURO FUZZY INFERENCE SYSTEMS (ANFIS) 

For an efficient implementation of the fuzzy inference system it is necessary to properly 

determine the input space partition and membership functions representing linguistic terms in 

the inference rules. The ANFIS - Adaptive Neural Fuzzy Inference Systems - algorithm is one 

of the most used methods for the training of fuzzy inference systems of Sugeno type. In this 

case, the inference process is implemented as a generalized neural network that is adjusted by 

the combined application of least squares methods and descent gradient (Jang, 1993). 

The strategy used by this training algorithm can be applied to various types of fuzzy 

inference systems to describe a particular set of data input / output. In the case of the solar 

radiation time series, the passed / present values are used to perform the mapping to be 

modeled (forecast model) by the inference system. With this method it is possible to establish 

a non-linear and dynamic model, estimated online, to predict the solar radiation. 
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[5] GENETIC ALGORITHMS  

Genetic algorithms (GA) are an optimization technique used in computer science that 

seeks to find approximate solutions in optimization and in search problems. GAs are a 

particular class of evolutionary algorithms that use a technique inspired on the evolutionary 

biology such as inheritance, natural selection, mutation or recombination of chromosomes, 

typically designated as crossing (Goldberg, 1989), (Michalewicz 1996) (Mitchell, 1998). These 

algorithms begin with a set of solutions, called chromosomes, which constitute a population 

(P). Initially P is generated by a random process, and the P solution, that designates the parents 

used to form new populations by analogous to biological reproduction processes. The evolution 

of new populations is not made only by natural selection; it is required the inheritance of 

genetic material and it is requires the existence of diversity among individuals, meaning there 

should exist individuals with different characteristics in the population. With the development 

of the species, these new attributes are coded in the chromosomes of each element. This 

information changes due to random mutations and in the course of several generations, the 

accumulation of small variations will modify the characteristics of the population increased, on 

average, their aptitude to the surrounding environment. The reproduction of new populations is 

motivated by the expectation that the new generation P is better than the preceding one. 

The algorithm initially creates a set of solutions dispersed by the search space. After the 

distribution of individuals through the solution space, their merit is evaluated. Individuals will 

be selected by aptitude functions in order to generate new populations. Thus, the better the 

performance of new individuals, the greater the probability of entering a new reproduction 

process and come to integrate the set of solutions to the problem. This process is repeated until 

a certain condition or conditions are satisfactory, based on the optimization function. For 

example, by measuring the error between the solution in question and the solution to the 

problem. 

[5.1] ARCHITECTURE OF THE GENETIC MODEL 

It was implemented the Genetic Algorithm (GA) with the architecture illustrated in 

Figure 1 to determine the parameters of the 2 models with the structures considered in the 

previous section. The optimization process is to minimize the RMSE cost function for one 

step ahead. It was used a population of 30 individuals and the stop criteria of the model 

training occurs whenever one of the following conditions verifies: when the number of 

iterations reaches 250 or when the cost function is less than 10
-5

. 

 
Fig. 2. Genetic algorithm architecture models with inputs Rad (k-1) Rad (k-2) and Rad (k-287) – solar 

radiation of the previous day, or Radext (k) – extraterrestrial solar radiation being considered. 
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[6] SIMULATION RESULTS 

The way how a particular model fits the experimental data requires the definition of a 

performance criteria to evaluate the models concerning their prediction performances. 

Regarding to the results of the presented simulations, it will be considered the performance 

criterias: mean square error of the square root (RMSE), standard deviation of error (error), 

average error  ē  and the PDM that is the proportion of the total variation of the signal y(k) that 

is described by the model, calculated according to the expressions: 

 

     √
∑ ( ( )   ̂( ))   
   

  
 

(21) 

     √
 

  
∑( ( )   ) 

  

   

 

(22) 

      ( ( )   ̂( )) (23) 

    [  
∑ ( ( )   ̂( )) 
  
   

∑   ( )
  
   

]       
(24) 

Where  ( )and  ̂( ) represent the measured and simulated output in the sample k and 

Na represents the number of samples. 

The presented simulations in this section allow to compare the performance of ARMA 

models with recursive parameter estimation (eqs 17 to 19) with fuzzy logic models. In both 

models, the solar radiation from the previous day and the extraterrestrial solar radiation were 

incorporated as inputs. The extraterrestrial solar radiation was determined using the equations 

of solar geometry (Astrom, A.,1924). 

[6.1] ARMA MODEL WITH RECURSIVE ESTIMATION OF PARAMETERS 

Table 1 represents the performance obtained with the ARMA model of order 3 (2.1) 

which used the recursive estimation algorithm parameters. The performances are shown for 

prediction horizons (HP) of 1 to 5 samples ahead that correspond to time prediction intervals 

of 5 to 25 minutes. Data used were recorded on 2 typical winter months, January and 

February, using a 5 minute sampling interval. 
 

Table 1 

 

 

 

 

From the results of Table 1 it is realized that, as expected, this model provides the best 

results regarding to the prediction of 5 minutes in the future (1 step ahead). Obviously, the 

HP 1 3 5 

RMSE  0,0079
 

0,0148 0,0195 

Ēerro  -2,910
-4 -6,210

-4
 -9,510

-4
 

PDM 99,4 97,6 95,8 
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estimation error will be degrading as the predictive model is applied to longer prediction 

horizons, as each prediction generated by the model is provided to the model itself to generate 

the following prediction. 

[6.2] ARMA MODELS WITH PREVIOUS DAY INFORMATION AND 

EXTRATERRESTRIAL RADIATION 

This section presents a comparative analysis of the results with the previous model 

(model M1) and other 2 ARMA models. In one of the cases it was introduced in regression 

vector the information of the measured solar radiation at the same hour in the previous day, 

Rad(k-287), to the moment that is being forecasted (model M2). In the other case was it was 

incorporated information of extraterrestrial radiation (Radext) calculated for the same day and 

time of the wanted forecast (M3 model). For the three model the parameters were determined 

using the recursive estimation algorithm presented in section 3.1. Figure 2 shows the 

measured radiation curves and extraterrestrial radiation for 2 days in February. This graph 

allows to observe that, in this particular case, the solar radiation measured for the 1st day 

greatly differs from the one recorded on the 2nd day. Thus, in these cases, the incorporation of 

data from solar radiation in the previous day cannot provide an added value in the prediction 

model. 

 
Fig. 3 - Measures radiation (blue) and calculated based on the extraterrestrial radiation model (red) for 2 

consecutive days in February. 

With regard to the inclusion of the extraterrestrial solar radiation, Radext in the 

prediction model, it is expected to obtain better performance. In fact, the calculation of 

extraterrestrial radiation allows to know precisely the instants of time corresponding to the 

beginning and end of the day, the low frequency behavior of the solar radiation that reaches 

the ground, among other characteristics, that enhances a better prediction capacity.  

Table 2 presents the performances obtained with the ARMA model incorporating the 

previous day's information (M2) and the information of extraterrestrial radiation (M3). 

Table 2 

M
o
d
e

l 
M

2
 

HP 1 3 5 

RMSE  0,0087 0,0149 0,0191 

ē  1,110
-4

  1,910
-4

  2,610
-4

  

PDM(%) 99,3 97,7 96,1 

M
o
d
e

l 
M

3
 

HP 1 3 5 

RMSE  0,0058 0,0133 0,0177 

ē 7,910
-5

  2,410
-4

  3,910
-4

  

PDM(%) 99,7 98,1 96,6 
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In order to make the comparison of performance of 3 prediction models more easy, 

Figure 3 shows the RMSE values obtained for the prediction horizons of 1 to 5 steps ahead (5 

to 25 minutes). As it can be seen, the ARMA model, that uses information from the solar 

radiation that reaches the top of the atmosphere, performs better. 

 

Fig. 4 - Performance (RMSE) obtained with the 3 models considered for forecast horizons of HP = 1.3 and 5 

steps ahead, for ARMA models. 

[6.3] FUZZY LOGIC MODELS  

To implement the model based on fuzzy logic, first step was to perform tests to 

establish the input space partition and membership functions to use. The data vectors used in 

the training process include combinations of 1 to 15 delayed samples, which may or may not 

include the previous day information and extraterrestrial radiation, and the number of 

membership functions (MF-membership functions) considered from 1 to 3. The ANFIS 

algorithm was used to perform the training of the inference diffuse model Sugeno type. Figure 

4 illustrates the evolution of the RMSE performance index calculated for the training and 

validation data for the case that used ANFIS algorithm and the forecast model using 3 

samples (2 samples prior to the instant of prediction and the previous day). This figure to 

suggest that the use of 30 training times is appropriate for determining the fuzzy model. 

 

Figure 5 - Performance of fuzzy models MF = 2, for HP 1 to 5 steps ahead 

Figure 5 illustrates the effect on the performance, RMSE, for HP prediction horizons 

from 1 to 5 steps ahead, where 1 to 3 triangular membership functions (MF1, MF2 and MF3) 

and the prediction model types were considered: 

 
   ( )   {*   (   )    (   )    (     )+ 

 

It is possible to conclude that the use of MF = 2 is suitable for the model development. 
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Figure 6 - Performance of fuzzy models MF 1 to 3 and 1 to 5 HP steps ahead. 

[6.4] FUZZY MODELS WITH PREVIOUS DAY INFORMATION AND 
EXTRATERRESTRIAL RADIATION 

Tables 3 and 4 represent the performances obtained with the fuzzy models calculated 

with ANFIS algorithm. These two models incorporate as inputs the two previous samples of 

the solar radiation, while in Table 3 is also included the radiation from the previous day and in 

table 4 the extraterrestrial radiation. As in ARMA models, the performances are shown for 

prediction horizons (HP) of 1 to 5 samples, that correspond to prediction time intervals of 5 to 

25 minutes. 
Table 3 

 

 

 

 

Table 4 

 

 

 

 

These results show the best suitability of the short and long horizon forecasts (1-5 steps 

ahead) of the model that incorporates in its structure the information of extraterrestrial 

radiation. Compared to ARMA, fuzzy models described herein have better performances 

regarding the RMSE criterion. 

Figure 6 shows the graph of the RMSE performance for the model that incorporates in 

its structure to the previous day's information (model M1) and the model that incorporates the 

extraterrestrial radiation (model M2) to prediction horizons of 1 to 5 steps ahead (5 to 25 

minutes). It can be seen that, as ARMA models, fuzzy models, using the information of solar 

radiation which reaches the top of the atmosphere, have better performance. 
 

 

 

 

 

 

Fig. 7 - Performances (RMSE) obtained with two models considered for HP forecasting horizons = 1.3 and 5 

steps ahead, to diffuse models. 

HP 1 3 5 

RMSE  0,0057
 

0,0115 0,0162 

Ēerror  0,0031 0,0093 0,0106 

PDM 99,7 98,8 97,2 

HP 1 3 5 

RMSE  0,0049
 

0,0102 0,0151 

Ēerror 0,0027 0,0082 0,0102 

PDM 99,8 98,8 97,4 
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[6.5] MODELS BASED ON GENETIC ALGORITHMS WITH PREVIOUS 
DAY'S INFORMATION AND EXTRATERRESTRIAL RADIATION 

Tables 5 and 6 show the performance is obtained with these models. These two models 

incorporate the two previous samples of solar radiation, and in the 1st case is also included 

radiation from the previous day and in the second case the extraterrestrial radiation. 

Table 5 

 

 

 

 

Table 6 

 

 

 

 

The results obtained with this technique show better suitability for short horizon 

forecasts (1 to 3 steps ahead) of the model that incorporates the structure of the extraterrestrial 

radiation information. For longer forecasts (HP = 5) model that uses the previous day's 

information was better in RMSE values. 

As in previous designs, it is illustrated in the graph of Figure 7 the RMSE performance 

for the model which incorporates in its structure to the previous day's information (M1) and 

the model which incorporates the extraterrestrial radiation (model M2) to prediction horizons 

of 1 to 5 steps ahead (5 to 25 minutes). It can be seen that just as in the ARMA and fuzzy 

models cases, the genetic algorithms models that use solar radiation information reaching the 

top of the atmosphere have better performances. 

 
Fig. 8 – Genetic models performances (RMSE) obtained with two models considered for HP = 1, 3 and 5 

forecasting time horizons. 

[7] CONCLUSIONS AND FUTURE WORK PERSPECTIVES  

Various simulations were carried out with auto-regressive moving average models 

ARMA, which allows to conclude that the model that incorporates in its structure the 

information of extraterrestrial solar radiation has the best performance to predict the incident 

solar radiation at ground level. Note that the performance of the recursive algorithm for the 

estimation of model parameters is closely linked to the chosen forgetting factor. So, it were also 

implemented and tested various values for the forgetting factor . The various tests carried out 

HP 1 3 5 

RMSE  0,0060 0,0118 0,0180 

Ēerro  0,0033 0,0098 0,0113 

PDM 99,6 98,7 96,8 

HP 1 3 5 

RMSE  0,0043 0,0099 0,0159 

Ēerro  0,0029 0,0090 0,0109 

PDM 99,8 98,9 97,3 
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showed that the choice of   = 0.99 is the one that permits to estimate models with better 

performance. It should also be noted that, to avoid the estimator windup problem, was 

necessary to implement a mechanism to inhibit forgetting last information whenever there was 

persistent information on the solar radiation data series. This was done by assessing the energy 

contained in the signal. Whenever it had a low value, the forgetting factor was reset to =1. 

Simulations with diffuse and genetic models also showed that the incorporation of 

extraterrestrial radiation in their structures improves their performance. It is also evident 

through the illustrated tables that the fuzzy models have better performance, compared to 

ARMA. Figure 8 shows a comparative graph of performance for the three models presented: 

ARMA (M1), Diffuse (M2) and genetic (M3) using the structure extraterrestrial radiation. 

 
Fig. 9 - Performances (RMSE) obtained with the 3 models considered (ARMA, Fuzzy and GA) for HP = 1, 3 

and 5 forecasting time horizons. 

As can be seen in Figure 8, the M2 and M3 models have better performance compared 

to the M1 model; The M3 model for short-horizon forecasts presents the best results, however 

for long horizons (from 3 steps forward) the decentralized model has better suitability. Thus, it 

is intended as future work, to implement modulation techniques using these two models (M2 

and M3) in parallel. The two models should be identified on-line and facing the performance 

that they had in recent past, will be used with weighing factors in the prediction of future values 

of solar radiation, as illustrated in Figure 9. 

 
Figure 10 – Suggested architecture for determining the predictions using the two best models being estimated 

recursively and in parallel. 

Apart from this work it will be important to try in the near future to incorporate the 

acquisition and processing of images of the sky in order to estimate the attenuation effect on 

extraterrestrial solar radiation caused by clouds and estimate the time evolution of the effects of 

cloud cover. These algorithms should be able to predict the movement of the clouds and their 

influence on the solar radiation that reaches the ground. 
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