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Abstract. This work proposes the verification of the application of the mathematical models Simple Linear Regression, 

Multiple Linear Regression and Artificial Neural Networks (ANNs) in the prediction of the working fluid outlet 

temperature a parabolic solar concentrator (CSP) with tracking system. The concentrator is aided by sensors in the 

measurement of temperature and solar radiation. With the R programming language, it was possible to analyze the 

collected data and perform statistical calculations, where the Artificial Neural Networks model presented 5.23 in the 

Root Mean Square Error (RMSE) and 78.89 % in the R² statistic.  
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1. INTRODUCTION  
 

In Brazil, in recent years, there have been major investments for the energy transition between conventional and 

renewable sources. Among them, the creation of the Solar Park Nova Olinda, in the state of Piauí, whose capacity of 

electric power generation characterizes it with the largest park in Latin America (Vieira, 2018). Despite this, according 

to the National Electric Energy Agency (ANEEL), the country's main source of energy still comes from hydroelectric 

plants (60.7 %). As well as fossil fuels, the most used are natural gas (7.7 %), petroleum (5.8 %) and coal (2.2 %). 

The commercial value of renewable sources, such as solar energy, has been shown in recession, favoring its 

development. While consolidated industries like the declining oil, due to the high volatility of its price. Over the next 

decades, clean sources - biomass, wind, solar - tend to represent a large part of the Brazilian energy matrix (Schaeffer, 

2016). 

In this context, and considering the great solar energy potential of Brazil, the parabolic solar concentrators (CSP) can 

represent a considerable contribution in the use of this type of energy. These concentrators are collectors of solar radiation 

whose operation basically consists of heating a fluid, usually water or thermal oil, which passes inside a tube located in 

the focus of the parabolic trough (Kalogirou, 2009). They have numerous applications of solar energy, ranging from a 

simple domestic water heating for personal use to a broad chain of power generation for industrial processes. 

Given that the Northeast region is the one with the highest rates of direct solar irradiation and that prolonged periods 

of water scarcity are common, CSP technology can also be used for water desalination. However, for this to occur 

effectively, it is necessary for the concentrators to function as efficiently as possible (Pereira, 2017). 

The development of models for testing the temperature of the working fluid can also contribute to the increase of the 

production of these systems, allowing to monitor their efficiency. 

From this, this article aims to verify the Simple Linear Regression, Multiple Linear Regression and Artificial Neural 

Networks (ANNs) methods in the analysis of temperature prediction of working fluid output. Observing the influence of 

variables such as time, solar radiation, working fluid inlet temperatures and parabolic trough tube. The validation of these 

models is done by means of data obtained experimentally from a parabolic solar concentrator with tracking system. 
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2. THEORY ANALYSIS OF THE METHODS USED 

 

The linear regression model can be considered one of the best known and applied. It consists of a dependent variable 

that is related to other independent variables, individually or collectively (Medeiros, 2009). When related to only one 

independent variable, the regression is interpreted as simple. It is represented mathematically according to equation (1): 

 

 Y = β
0
+ β

1
X + ϵ                                                                                                                                                            (1) 

 

Where: Y is the dependent variable to be predicted; X is the independent variable; β0 and β1 are the constants that 

represent the terms of intercept and slope in the linear model; ε the random error term. 

On the other hand, the multiple regression model is understood as the extension of simple regression and is considered 

a better interpretable approach when relating multiple variables. Assuming that there are n variables, it can take the form 

of equation (2): 
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Where: Y is the dependent variable to be predicted; X1, X2 and Xn are the independent variables; β0, β1, β2, and βn the 

constants representing the intercept and slope terms of the model; ε the random error term. 

The neural network model, multilayer perceptron, performs computational simulation based on the behavior of 

neurons of the human brain, simulating the patterns of the brain, in order to produce results from the perceived actions. 

This model is based on learning a set of training data. Among the characteristics of the neural network, the main one is 

the ability to learn by example, it creates the input and output relationship by a learning algorithm (Bocco, 2010). 

Regression models and neural networks are evaluated, as their quality, according to two related quantities: the Root 

Mean Square Error (RMSE) and the R² statistic. The RMSE can be understood as an average estimate of how much the 

forecast deviates from the true regression line. The R² statistic is a measure that quantifies the linear relationship between 

the variable to be predicted and the independent one, being represented by a number that is between 0 to 1. When 

calculating these quantities, it is possible to quantify the influence of each variable analyzed in the system (James, 2013). 

  

3. PROPOSED MATERIALS AND METHODOLOGY  

 

The values used in this research were acquired from a parabolic solar concentrator aided by a tracking system in 

operation in the city of Teresina, in the state of Piauí. It has a structure in carbon steel, and its reflective parabolic plate 

in mirrored stainless steel (thickness 0.8 mm). At the center of the gutter, is a copper tube with a diameter of 5/8".The 

opening of the concentrator is 1800 mm in length and 900 mm in width.Your tracking system is controlled by a 

microcontroller Arduino Mega 2560 R3, coupled with a module of two NORPS-12 LDR (Light Depedent Resistors) light 

sensors. The Fig. 1 shows the image of the concentrator. 

 

 
Figure 1. Solar Parabolic Concentrator. 

 

As for the sensors, five K-type thermocouple sensors were used to monitor the temperature in the outer wall of the 

copper tube and the inlet and outlet temperature of the water used in the system. The first measuring the inlet temperature 

of the water supplying the system. Another three were attached along the tube. By reading these, the average temperature 

along the length of the tube was subsequently calculated. And the last one in the system output measuring the final 

temperature. On the other hand, the acquisition of solar radiation data (W/m²) was performed using a KIMOTM pyrometer 

sensor - model CR 110. The Fig. 2 illustrates a location of these sensors. 
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Figure 2. Location of thermocouple sensors and pyranometer. 

 

The data considered were recorded, monitored and stored by means of a data logger. In his system it was possible to 

characterize the readings of the thermocouples and the pyranometer. The reading was performed at intervals of 10 

seconds. 

As for the statistical analysis, the variables time, temperature and solar radiation were grouped and analyzed with the 

aid of RStudio software on a computer with Windows 10 Operating System. RStudio uses the R language, which is 

applied to statistical and graphical calculations. In it, the RMSE and R² statistics were calculated, as well as the graphical 

plotting of the relationships between the predictors and the temperature to be predicted. 

After data acquisition, so that the Simple Linear Regression, Multiple Linear Regression and Artificial Neural 

Networks (ANNs) methods could be applied, some preliminary procedures were followed. Initially, from the entire data 

set, 60 % of them were applied in the algorithm training process. After that, 40 % remaining was used to be tested. Finally, 

to analyze the accuracy of the models, the RMSE and R² statistics were calculated. The Fig. 3 shows a flowchart 

illustrating this process. 

 

 
Figure 3. The flowchart representing the process. 
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4.  RESULTS 

 

After collecting data and inserting them into the RStudio platform, it was possible to verify the relationship between 

solar radiation and other variables. The mean temperature in the tube was the one that had the greatest influence on the 

forecast of the exit temperature. Table 1 shows the correlation matrix of the variables. 

 

Table 1. Correlation Matrix Between Variables 

 

Variables Hor Hr Min Seg T0 T1 T2 T3 Tm Ts Rds 

Hor 1.0 0.98 0.02 0.05 0.36 0.15 0.28 0.13 0.23 0.42 -0.24 

Hr 0.98 1.0 -0.15 0.05 0.34 0.16 0.28 0.16 0.24 0.41 -0.22 

Min 0.02 -0.16 1.0 -0.01 0.1 -0.02 -0.02 -0.13 -0.07 0.04 -0.05 

Seg 0.05 0.05 -0.01 1.0 0.03 0.02 0.02 0.04 0.03 0.04 0.01 

T0 0.4 0.35 0.05 0.03 1.0 0.31 0.42 0.32 0.42 0.24 -0.01 

T1 0.15 0.16 -0.02 0.02 0.31 1.0 0.87 0.37 0.88 0.64 0.33 

T2 0.28 0.28 -0.02 0.02 0.42 0.87 1.0 0.41 0.91 0.65 0.32 

T3 0.13 0.16 -0.13 0.04 0.32 0.37 0.41 1.0 0.71 0.38 0.28 

Tm 0.23 0.24 -0.07 0.03 0.42 0.88 0.91 0.71 1.0 0.67 0.37 

Ts 0.42 0.41 0.04 0.04 0.24 0.64 0.65 0.38 0.67 1.0 0.26 

Rds -0.23 -0.22 -0.05 0.01 -0.01 0.33 0.32 0.28 0.38 0.26 1.0 

Hor: time; Hr: hours; Min: minutes; Seg: seconds; T0: initial water temperature; T1 temperature of the first thermocouple 

in the tube; T2: temperature of the second thermocouple in the tube; T3: temperature of the third thermocouple in the 

tube; Tm: mean temperature in the tube; Ts: water outlet temperature; Rds: solar radiation. 

 

The results of the modeling process allowed the calculation of the statistical parameters RMSE and R² between the 

observed and estimated values of the exit temperature of the water. Table 2 shows the result of these parameters. 

 

Table 2. Root of the Mean Square Error (RMSE) and R² of the different models 

 

MODEL RMSE R² 

Simple Linear Regression  8.27 0.4451 

Multiple Linear Regression 6.97 0.5361 

Artificial Neural Networks (ANNs) 5.23 0.7889 

 

The Figures 3, 4 and 5 show, respectively, the graphical representation of simple, multiple and neural network linear 

regression. 

 

                     

             

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Model Simple Linear Regression.     Figure 5. Model Multiple Linear Regression. 
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           Figure 6. Model Artificial Neural Network. 

 

 In Fig. 4, it is possible to notice that in the application of the Simple Linear Regression model there is a large data 

dispersion in relation to the adjustment line. This in turn is demonstrated by its high RMSE value, being the largest among 

the other models presented, which characterizes the largest difference between the predicted values in relation to the real 

value. Similarly, in Fig. 5, with the application of the Multiple Linear Regression model, there is still considerable data 

dispersion in relation to the fit line, not as much as the model in Fig. 4, but still considered a high RMSE. 

 The Artificial Neural Networks model, in Fig. 6, was modeled with an input layer of four neurons and a hidden layer 

of 10 neurons, a parameter used by Bocco et al. (2010), who also achieved better results using neural network modeling. 

In this model, the RMSE value was the smallest and consequently the largest R², evidenced by the proximity of the data 

to the adjustment line, which characterizes the higher precision of the predicted values in relation to the real values. 

Therefore, being considered the one that presented the best representativeness for data prediction. 

 

5.   CONCLUSIONS 

 

In this work, an approach was presented on the application of mathematical models for the prediction of the 

temperature of the exit of parabolic solar concentrator fluid. It was possible to notice that the simple and multiple linear 

regression models presented a small difference in the prediction of the results. Despite the small interval between the data 

variation (10 seconds), the model using neural network was more efficient in the prediction. 
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