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Abstract

:

Forecasting photovoltaic electricity generation is one of the key components to reducing the impacts of solar power natural variability, nurturing the penetration of renewable energy sources. Machine learning is a well-known method that relies on the principle that systems can learn from previously measured data, detecting patterns which are then used to predict future values of a target variable. These algorithms have been used successfully to predict incident solar irradiation, but the results depend on the specificities of the studied location due to the natural variability of the meteorological parameters. This paper presents an extensive comparison of the three ML algorithms most used worldwide for forecasting solar radiation, Support Vector Machine (SVM), Artificial Neural Network (ANN), and Extreme Learning Machine (ELM), aiming at the best prediction of daily solar irradiance in a São Paulo context. The largest dataset in Brazil for meteorological parameters, containing measurements from 1933 to 2014, was used to train and compare the results of the algorithms. The results showed good approximation between measured and predicted global solar radiation for the three algorithms; however, for São Paulo, the SVM produced a lower Root-Mean-Square Error (RMSE), and ELM, a faster training rate. Using all 10 meteorological parameters available for the site was the best approach for the three algorithms at this location.
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1. Introduction


The power sector is experiencing a very favorable moment for innovation and incorporation of new technologies. Motivated by environmental concerns, such as greenhouse gas (GHG) emissions, discharges of local pollutants, and water consumption (economic aspects), industrial policy, and technological development, the sector seeks for alternatives to fossil fuels to meet its increasing demand for electricity [1].



According to the International Renewable Energy Agency (IRENA), between 2009 and 2018, 413 GW of wind energy and 463 GW of solar energy were installed throughout the world. Both sources represent more than 72% of the additional renewable capacity installed worldwide in the last 10 years [2]. Brazil faces the same scenario. Government expansion plans and internationally signed commitments point to a prosperous future for these nondispatchable sources of electricity generation. According to Brazil’s commitment to fight climate change, by the end of 2030, the country is expected to generate 105 TWh by onshore wind farms and 35 TWh in centralized and distributed solar plants [3]. In the Brazilian Ten-Year Energy Expansion Plan 2027 (PDE2027), the Energy Research Company (EPE) expects the installation of 17.4 GW of photovoltaic solar energy and 34 GW of onshore wind energy [4] in the coming years.



In this context, the photovoltaic solar source plays a relevant role due to its accelerated expansion capacity by decentralized residential and commercial panels. This perspective integrates many generation and consumption agents in the electrical system, in different locations, affected by adverse meteorological events and with an extremely variable character, feeding the sector with extensive data for decision-making [5].



From the perspective of the operation of the electrical system, the ability to predict the behavior of these thousands of new agents frequently entering the system is essential, whether it be for purposes of planning, control, or adequacy of operating logics [6]. New solutions are therefore required in every electricity mix aiming at the intensive connection of photovoltaic generation systems intelligently to the grids, reducing the impacts of natural variability in the solar resource. These solutions must be fast and sufficiently integrated to contemplate the interaction of multiple system agents, a factor multiplied exponentially by the expansion of distributed generation [7].



Machine learning (ML) algorithms attempt to predict incident solar radiation and bring intelligence to the management of energy resources using historical series of locally measured meteorological parameters as input data. Studies show the existing correlation between radiation and other meteorological variables for decision-making in the electricity sector [8].



The literature presents ML algorithms in a variety of applications to minimize the impacts of solar variability. Studies range from solar trackers, which seek to direct the panels in an intelligent way, to the maximum of solar radiation incident on the site, to storage solutions [9,10,11].



Increasing the predictability of electricity generation is an interesting alternative, as it brings more information to energy planning and reduces the total generation costs to meet the demand. ML algorithms have helped to make more accurate and earlier predictions in planning [12,13,14].



Based on the Systematic Literature Review (SLR) methodology proposed by [15], a SLR was conducted by Viscondi et al. [16] to understand the ML algorithms most used worldwide to predict solar radiation based on different modeling approaches. As a result, Support Vector Machine (SVM), Artificial Neural Networks (ANN), and Extreme Learning Machines (ELM) are the most frequently used algorithms, and datasets most of the time rely on meteorological parameters as features to predict solar radiation [16].



For instance, in [17], the authors presented an application of Support Vector Machine (SVM) to predict daily and mean monthly global solar radiation in an arid climate. Measured local temperatures were the parameters used to train multiple models and predict solar radiation daily. Models showed an increased performance by introducing calculated sunshine duration and extraterrestrial solar radiation. In the best models, the statistical tests show that the Normalized Root-Mean-Square Error (NRMSE) ranges from 13.163% to 13.305% and the Pearson correlation coefficient (R) varies from 0.894 to 0.896 (p < 0.001). Predicting solar radiation monthly requires fewer parameters to train the best predicting models. Considering only minimum local temperature and calculated extraterrestrial solar radiation inputs, the best models achieved a NRMSE of 7.442% and R close to 0.986 (p < 0.001).



Multiple research papers propose the use of Artificial Neural Networks (ANN) algorithms to predict solar radiation and power as it is consistently a great prediction algorithm [18,19,20]. The authors in [21] predicted hourly solar irradiance by comparing the performance of the Similarity Method (SIM), SVM, and ANN-based models. The models were trained considering the previous hours of the predicting day and the days having the same number of sunshine hours in the dataset. ANN presented the lowest NRMSE among the models implemented.



The authors in [22] selected Extreme Learning Machines (ELM) as the ML algorithm for solar photovoltaic power predictions. ELM is a neural network-based learning algorithm consisting of a single hidden layer feedforward network, which has earned increasing interest recently considering its simplicity, fast-pace computational processing, and generalization capability [23]. The paper concludes that due to the characteristics cited previously, ELM provides a slightly more accurate 24-hour-ahead solar power prediction when compared to ANN models. Monthly, from January to September, the Root-Mean-Square Error (RMSE) for solar power predictions ranges from 1.42 to 30.74 for ANN models while for the same months, ELM RMSE ranges from 0.99 to 29.39.



Even though the algorithm plays a significant role in the prediction performance, the location in which the study is conducted is considerably important to fine tune the models. Since models are mainly trained by meteorological parameters, the environmental particularities of the location are very important, suggesting a local analysis of the best suited algorithm.



Several papers also propose comparing the performance of different ML models to predict solar radiation on a specific site, understanding the best suitable model for each location. The authors in [24] compared the performance of six different ML algorithms in the context of the United States of America (USA): Distributed Random Forest (DRF), Extremely Randomized Trees (XRT), stacked ensemble build, Gradient Boosting Machine (GBM), and Deep Learning and Generalized Linear Model (GLM). DRF presented the fewest errors (MAE and RMSE) on a first test and was therefore implemented to predict solar radiation in 12 different locations in the USA. The algorithm presented a different performance in each location, emphasizing the need to choose the locally best and most suitable algorithm [24].



This work proposes an extensive comparison of the three ML algorithms most used worldwide for forecasting solar radiation based on meteorological parameters measured in situ in a case study scenario for São Paulo, Brazil. The São Paulo metropolitan area is the most populous region in Brazil and a strong candidate to a fast deployment of distributed solar panels due to its economic prosperity. In this specific location, there is no known record in the literature on solar radiation forecasting using ML algorithms; therefore, one of the objectives of this paper is to evaluate the algorithm with the highest accuracy for the location.



As a complementary objective, it is important to validate the capacity of a dataset to meet the needs of statistically representing the characteristics of the location, enabling good forecasting results. A dataset from the meteorological station at the University of São Paulo (USP) was used, consisting of 10 meteorological parameters measured from 1962 to 2014. The SVM, ANN, and ELM algorithms were trained, comparing their efficiency to predict solar radiation locally.



This paper is organized as follows: a brief explanation of ML algorithms and the theory of SVM, ANN, and ELM are presented in Section 2. Site, database description, and methodology to implement the algorithms are reported in Section 3. Section 4 presents the results and a discussion on the predictions. Finally, Section 5 provides the conclusions and future perspectives of the work.




2. Machine Learning Algorithms


ML is a field of artificial intelligence studies responsible for understanding how to teach machines to handle data more efficiently [25]. As the volume of data in the world grows exponentially [26], the demand for ML applications and improvements increases, being capable of changing any industry or organization’s work [25].



The main target of ML is to learn from data, presenting solutions that can be applied to prediction, classification, regression, and clustering problems, for instance. The learning approach presented by the algorithm separates the field of machine learning into different categories. For example, algorithms that rely on a training phase whereby inputs and outputs are clearly related to its application are called supervised learning algorithms. Self-learning algorithms, in which the model is completely autonomous to learn from data, are called unsupervised learning algorithms [25].



As stated by the Introduction section herein, an extensive comparison of the three ML algorithms most used worldwide for forecasting solar radiation is proposed: SVM, ANN, and ELM, using a supervised learning approach. The technical aspects and working principles behind the algorithms are briefly presented as follows.



2.1. Support Vector Machines (SVM)


SVM is an algorithm initially proposed in 1992 and has been widely used [27]. SVM is a supervised computational algorithm capable of learning from examples and then classifying new samples supplied to the model. This algorithm maximizes a mathematical function for a given sample of data. The algorithm seeks to classify datasets by mapping them in a space of multidimensional characteristics using a kernel function [28].



There are four key concepts in SVM: (i) separation hyperplane, (ii) maximum margin hyperplane, (iii) soft margin, and (iv) kernel function [29].



The algorithm targets the problem of classifying two distinct groups of data. If this problem occurs in a single dimension, a point can separate the dataset into two distinct classifications—blue and green. In the case of two dimensions, a line separates the data, and, in a three-dimensional space, a plane separates the classes. The general term for dividing the surface into a space of high dimensions (over three dimensions) is a hyperplane, called a separation hyperplane [30] in this case.



Based on the Theory of Statistical Learning (TSL), the SVM algorithm selects hyperplanes that maximize the algorithm ability/probability to predict a correct classification of examples not yet tried. This maximization occurs by selecting the maximum margin hyperplane [26]. The distance that separates that hyperplane from the smallest expression vector (vector between the hyperplane and a data point) is defined as the margin of a hyperplane. SVM chooses the hyperplane with the largest possible margin, justifying the best performance of the algorithm.



In actual data examples, it is difficult to separate the data into two groups due to a certain error on the part of the classifier. This error is called soft margin, allowing observations from a group of data to exceed the margin of the separation hyperplanes without affecting the result [30].



It is difficult to imagine that, in the dimensions that data naturally coexist, it is possible to find linear functions that separate them satisfactorily. The role of the kernel function, which seeks to add dimensions to the dataset, becomes essential, making it possible to separate the data into sets by means of plans. In essence, the kernel function is a mathematical adjustment that allows for a two-dimensional classification in a dataset that is initially one dimensional. Thus, in general, the kernel function projects data from a smaller space to a larger space, in which the data are linearly separable [30].




2.2. Artificial Neural Networks (ANN)


ANN algorithms are highly inspired by the sophisticated functioning of human brains, in which information is processed in parallel by billions of interconnected neurons. Neural networks have been applied to several contexts, such as problems with image identification [31], predictability of financial services [32], and even for pattern recognition in DNA [33]. This versatility enables neural networks to solve classification, clustering, or prediction (regression) problems [34].



An ANN is composed of a layer of input neurons, one or more layers of intermediate neurons (hidden layers), and a layer of output neurons [34]. Figure 1 illustrates the integration between layers in an ANN model.



Neurons are interconnected and connections are represented by lines that integrate different layers of the model. Each connection is associated with a number, called a “weight” of the model. The model output (   h i   ) from each neuron (i) in the hidden layer can be represented by Equation (1):


   h i  = σ   (     ∑   j = 1  N   V  i j    x j  +  T i  h i d     )  



(1)




where:




	
σ is the activation function which, besides adding nonlinearity components to the neural network, follows the value assumed by the neuron so that the neural network is not paralyzed by divergent neurons;



	
N is the number of input neurons;



	
Vij corresponds to the model weights;



	
xj are the inputs of the input neurons;



	
   T i  h i d     is the definition of cut lines for hidden neurons.








One of the most essential elements for implementing a neural network is its training. For this, a sample of input data is separated by the model, which already knows the expected output data. The objective of the training stage is to adjust the weights of the connections between neurons so that an error function is minimized. This error function is usually the sum of the squares of the differences between the outputs obtained and the outputs already known at the beginning of the training [35]. It is common, at the beginning of a project involving ANN, to evaluate different architectures and to select the one that best applies to the problem considered [35].




2.3. Extreme Learning Machines (ELM)


ELM, frequently called single hidden layer feedforward neural network (SLFN), is a learning algorithm for neural networks with a single hidden layer of nodes, feedforward, random choice of hidden node parameters, and computational calculation of the output weights. This algorithm has been widely studied recently due to its capacity for fast learning, good generalization, and high capacity for approximation/classification [36].



The parameters for the hidden layer of nodes in ELM architectures are defined at random and do not need to be adjusted during the training steps. That is, the hidden node layer of the structure can be defined prior to training or acquisition of samples for training [32].



To illustrate the architecture of an ELM, it is possible to use the same image that details an ANN (Figure 1), but only a hidden layer is defined. Figure 2 shows the architecture of an ELM considering the case of k = 1.



Several papers have already demonstrated, in theory, how ELM tends to present better and faster generalization performances when compared to ANN and SVM [37,38]. The authors in [39] showed that a SLFN with a hidden layer of randomly generated neurons and properly adjusted output weights preserves the universal generalization ability of neural networks, even if the parameters of the hidden layers are not updated. In addition, these neural networks set the weights for the architecture much faster [39].





3. Site, Dataset, and Algorithm Preparation


3.1. Site


The city of São Paulo was chosen as the study site for the case study. With 12 million inhabitants, São Paulo is the most populous city in Brazil and presents one of the top 20 highest Gross Domestic Products (GDP) in the world [40]. Therefore, this is possibly one of the most likely regions in the country for fast development of solar photovoltaic distributed systems.



Brazil presents an average annual horizontal radiation of 1800 kWh/m2 across its territory, offering a prosperous scenario for solar photovoltaic electricity generation countrywide [41]. Even though the highest radiation is concentrated in the northeast region of the country—an annual average of 2200 kWh/m2—most of the installed capacity of solar panels is already deployed in the southeast region of the country due to its larger population density and high GDP per capita and consequent greater energy consumption. This region presents an annual average of 1600 kWh/m2 [42].




3.2. Dataset


For developing this study, a dataset from the Institute of Astronomy, Geophysics and Atmospheric Sciences of the University of São Paulo (IAG-USP) was used. This dataset contains a historical series of meteorological parameters measured in the city of São Paulo, at the geographical coordinates 23°39′ S/46°37′ W.



This dataset was chosen due to its easy access within the University of São Paulo and its capacity for scientific contribution through data analysis in a Brazilian context of machine learning model application. This is also the largest meteorological dataset in Brazil, monitoring meteorological parameters since 1933.



The data were received in the format of 20 text files (comma-separated values), which were split into 1 file for data description and 19 files containing the records for each meteorological parameter individually. Each file for the meteorological parameters presents two columns of data records—the date and time of the measurement acquisition and the measure itself.



The dataset contains measurements for a few parameters, such as hourly precipitation since its implementation in 1933. Since the parameters present different acquisition frequencies and time spans, a shorter version of the dataset was prepared for modeling.



This final version contains 19,359 daily observations registered from 1962 to 2014 containing ten meteorological parameters (Table 1):



As a complementary measurement, a last column was added to the dataset that includes the classification of season of the year for each day in the data range, as the target variable for the modeling results, irradiation, is widely dependent on it.



Each meteorological parameter dataset was then cleaned for data points in which there was clearly a measurement problem (e.g., impossible temperature values) or a data maintenance issue (e.g., unusual text in a numeric variable). Both data quality issues were addressed by replacing the daily value of that meteorological parameter with the seven-day moving average value for the seven previous days to the data point.



The dataset summary of each of the variables is presented in Table 2.




3.3. Algorithm Implementation


3.3.1. Correlation Analysis


Data ingestion was processed in RStudio, utilizing R language and its libraries for an initial descriptive statistical analysis and further steps, such as model implementation and results evaluation.



Spearman correlation analysis was conducted to understand linear and nonlinear relationships between the meteorological parameters of the dataset and the target variable: irradiation. Figure 3 presents a Spearman correlation matrix heat map considering the variables of the study.



As highlighted, the strongest positive correlation comes from the maximum daily temperature (0.67) and the season of the year (0.36). The strongest negative correlation comes from humidity (−0.64) and number of b-classified clouds (−0.44). Both results are expected since irradiation at a ground level is intrinsically related to ground temperature and the season of the year (higher close to summer). Humidity level and clouds are also expected to act as physical barriers to solar irradiation, reducing the measurements at ground level, where the solar panels would be installed. The correlation between irradiation and each meteorological parameter are used as a premise of feature selection to train the models in the next section.




3.3.2. Algorithm Implementation and Training


All three algorithms, SVM, ANN, and ELM, were implemented in RStudio employing “e1071”, “neuralnet”, and “ELMR” libraries, respectively. A Microsoft Windows 10 operating laptop was used, equipped with an Intel Core i7-8565U CPU @ 1.80 GHz, 16gb of DDR-4 RAM, 256 SSD, and GeForce GTX1650 4Gb GDDR5 Graphics card.



Data preparation was conducted prior to the implementation of each algorithm. First, data were randomly reordered. Then, data columns were normalized aiming to change the meteorological parameter measurements to a common scale, without distorting differences in the ranges of values. Finally, the newly shuffled and normalized dataset was split into training and test datasets based on the quantity of observations: 15,000 to train the models (77.5%) and the 4358 left were allocated to test the algorithm forecasting accuracy (22.5%).



Each forecasting model was composed of the combination of meteorological parameters and the algorithm utilized to predict the irradiation values (SVM, ANN, ELM). Thus, to assess and to compare the performance of each model, three metrics were used: Mean Absolute Error (MAE), Root-Mean-Square Error (RMSE) and Pearson correlation between the actual in situ measured irradiation and the irradiation forecasted by the model. The time spent to train each model was also evaluated, as a metric of model implementation in a real-world application of solar radiation forecasting to support decision-making.



MAE and RMSE are frequently used as metrics to evaluate prediction accuracy for continuous variables [5]. MAE is the average of all the errors in a set of predictions. This average is calculated based on the difference between each predicted value and the actual value observed in the test dataset, considering only the module of the number. MAE is defined by Equation (2):


  MAE =  1 n    ∑   j = 1  n   |     y i  −   y ^  j     |   



(2)




where:




	
n is the number of predicted and observed values;



	
yi = observed value;



	
    y ^  j   = predicted value.








RMSE also measures the average magnitude of the error in a sample. However, as the errors are squared before they are averaged, RMSE increases the weight of large errors in the comparison. RMSE is defined by Equation (3):


  RMSE =    1 n    ∑   j = 1  n     |     y i  −   y ^  j     |   2     



(3)




where:




	
n is the number of predicted and observed values;



	
yi = observed value;



	
    y ^  j   = predicted value.








As a machine learning regression problem, ANN and ELM algorithms were first fine-tuned by optimizing the model parameters. For the ANN, the number of hidden layers and the neuron composition was tweaked. For the ELM, as a single layered neural net, the number of neurons and the activation function were selected to best fit this forecasting problem. Next, the models were confronted to evaluate the impact of the combination and number of meteorological parameters selected to train the model. Comparison metrics were then calculated, evaluating the performance of each model.






4. Results and Discussion


4.1. Modeling Approach


As the criterion for defining a reasonable combination and number of training parameters, a Spearman correlation rank between irradiation and other meteorological variables was created, as represented in Figure 4.



Four different variable groups were defined based on the top positive and negative Spearman correlated parameters, as presented in Table 3. The general approach was to group sequences of the variables with the highest positive and negative Spearman correlation between irradiation and meteorological parameters, comparing the performance of the irradiation prediction among the groups and number of variables.




4.2. Modeling Results


After defining the groups of parameters and fine-tuning the models, SVM was the first algorithm trained and tested. Table 4 summarizes and compares the results for all the SVM models.



First, an increasing accuracy of the forecasting directly proportional to the number of meteorological parameters used to train the model is clearly noticed. SVM_4 is the model that best predicts the target irradiation variable, presenting a MAE of 2.05 W/m2 or 12.7% of the average irradiation value in the time series—16.19 W/m2. As the number of parameters increases, there is almost no relative incremental training time for the models.



Multiple setups of ANN were tested and the best parameters for the proposed forecasting problem were hyperbolical tangent as the activation function, 5 neurons in the first hidden layer, 2 hidden layers, and 0.5 as the threshold. Increasing the number of neurons, hidden layers, and reducing the threshold causes practically no impact on the forecasting results at a very high computational cost. A reduction in the threshold from 0.5 to 0.1, for example, reduced the MAE from 3.13 to 3.09, taking 55 times the training time. Table 5 summarizes and compares the results for the selected ANN model and the groups of meteorological parameters.



ANN presented a similar training rate when compared to SVM, at an average of 28 s to complete. The behavior related to the number of meteorological parameters is also very similar to SVM, presenting reduced errors as they increase in the model. The Pearson correlation and MAE/RMSE are slightly lower when compared to each parameter group. The MAE for ANN_4, the best ANN predicting model, is 13.8% of the average irradiation value in the time series.



As developed for the ANN setup, the best regression ELM to the problem was configured considering the sine function as the activation function: size 50 of the first block to be processed, size 50 of each chunk to be processed at each step, and 100 neurons at the hidden layer. Table 6 summarizes and compares the results for all the ELM models.



The learning rate of the ELM algorithm is impressive; it can reduce the average training time by 94.3% compared to SVM and 93.8% compared to ANN training rates. Note that as the number of variables used to train the model increases, the learning time is reduced, as the accuracy of the model grows. Thus, ELM presents consistent accuracy when trained with all the available meteorological parameters at almost no processing cost. The MAE for ELM_4 is 14.5% of the average irradiation value in the time series.



All the algorithms introduced their best forecasting performance when all the meteorological parameters were added to the models, showing that they all contribute to the prediction accuracy. As shown in Figure 5, the prediction results for SVM, ANN, and ELM are close when trained with the same group of meteorological parameters.





5. Conclusions and Future Work


All the algorithms used presented good results when trained with all the meteorological parameters; however, when exploring their performance in an actual case study for the city of São Paulo, Brazil, SVM produced the lowest RMSE and ELM the fastest training rate.



Even though the performance of SVM, ANN, and ELM were similar, SVM presents the best results with no considerable increase in training time. For solar electricity generating capacity planning purposes, the algorithms most frequently used in the literature presented a similar performance when trained with data for the city of São Paulo.



The literature also suggests that ELM is expected to play a significant role on solar forecasting due to its fast-training ability and ease of implementation. The results presented herein for the city of São Paulo show ELM can reduce the average training time by 94.3% compared to SVM, and 93.8% compared to ANN training rates. However, the RMSE rises to 3.3% and 11.1% when compared to ANN and SVM, respectively.



As the number of training parameters increases, so do the accuracy of the models. The best predicting models for all three algorithms are trained with all the data available for the site, there being 10 available meteorological parameters responsible for the improvement in results.



It can also be concluded that the extensive dataset from the University of São Paulo played a good role in providing data for training a ML forecasting model. Therefore, for local and regional deployment of solar photovoltaic generating facilities, this public dataset can play a significant role in reducing the uncertainties of solar resource natural variability.



Future Research Directions


As the number of meteorological parameters plays a significant role in the forecasting accuracy, there is an opportunity to further evaluate the impact of adding other parameters to the models as they become available by the meteorological measuring station.



In Brazil, the energy planning exercise is conducted at a national level, considering local specificities, such as resource availability, electricity demand, and social/environmental impact. Therefore, there is similarly an opportunity to assess the performance of the same models in other sites for the country to integrate the forecasting exercise and to maximize the performance of the models.



Finally, quality of data is also a major concern when these models are trained and operated for decision-making. There is an opportunity for considering the impact of data quality on the performance of the models. Further steps of this work contemplate understanding data quality dimensions, such as completeness, uniqueness, validity, accuracy, consistency, and timeliness, besides their relationship with forecasting solar radiation for solar photovoltaic electricity generation.
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Figure 1. General architecture of a neural network. 
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Figure 2. General architecture of an extreme learning machine. 
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Figure 3. Heat m ap: Spearman correlation matrix. 
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Figure 4. Spearman correlation between irradiation and meteorological parameters. 
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Figure 5. Predicted irradiation versus real measured irradiation when all the meteorological parameters were applied to the models. SVM (upper right), ANN (upper left) and ELM (lower center). 
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Table 1. Dataset description.
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	Parameter
	Dataset Name
	Unit





	Solar irradiation
	irradiation
	MJ/m2



	Maximum daily temperature
	temp_max
	°C



	Minimum daily temperature
	temp_min
	°C



	Daily maximum wind speeds
	wind_daily
	m/s



	Relative humidity
	humidity
	%



	Daily precipitation
	prec
	mm



	Atmospheric pressure
	pressure
	atm



	Cloud quantity—low altitude
	clouds_qtb
	-



	Cloud quantity—medium altitude
	clouds_qtm
	-



	Cloud quantity—high altitude
	clouds_qta
	-
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Table 2. Dataset summary.
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	Measurement
	Unit
	Minimum Record
	1st Quantile
	Median
	Mean
	3rd Quantile
	Maximum Record





	irradiation
	MJ/m2
	0
	11.93
	15.99
	16.19
	20.49
	35.56



	temp_max
	°C
	8.60
	22.00
	25.50
	25.08
	28.40
	37.20



	temp_min
	°C
	−1.10
	12.60
	15.20
	14.95
	17.80
	23.20



	wind_daily
	m/s
	0
	5
	6
	6.41
	8
	28



	humidity
	%
	33.87
	76.41
	82.15
	81.06
	87.12
	99.25



	prec
	mm
	0
	0
	0.1
	4.1
	2.4
	146



	pressure
	Atm
	893.6
	923.4
	925.7
	925.8
	928.2
	939.6



	clouds_qtb
	-
	0
	2.22
	4.61
	4.82
	7.39
	10.00



	clouds_qtm
	-
	0
	0
	0.44
	1.32
	1.94
	9.89



	clouds_qta
	-
	0
	0
	0.11
	0.076
	1.00
	9.94
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Table 3. Meteorological parameter grouping.
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	Parameter Group Number
	Criteria (Figure 4)
	Parameters Selected for Model Training





	1
	Top 1—highest and lowest Spearman correlation
	Temp_max + Humidity



	2
	Top 1 and 2—highest and lowest Spearman correlation
	Temp_max + Humidity + Season + Clouds_qtb



	3
	Top 1, 2, and 3—highest and lowest Spearman correlation
	Temp_max + Humidity + Season + Clouds_qtb + clouds_qta + prec



	4
	All parameters
	Temp_max + Humidity + Season + Clouds_qtb + clouds_qta + prec + tem_min + pressure + wind_daily + clouds_qtm
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Table 4. SVM forecasting results.
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Support Vector Machines (SVM)




	
Model

	
Parameter Group

	
MAE [MJ/m2]

	
RMSE [MJ/m2]

	
Pearson Correlation

	
Training Time [s]






	
SVM_1

	
1

	
3.08

	
4.15

	
0.76

	
29.15




	
SVM_2

	
2

	
2.54

	
3.43

	
0.84

	
28.99




	
SVM_3

	
3

	
2.41

	
3.24

	
0.86

	
28.66




	
SVM_4

	
4

	
2.05

	
2.78

	
0.89

	
35.10
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Table 5. ANN forecasting results for 5 neurons in the first hidden layer, 2 hidden layers, and 0.5 threshold.
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Artificial Neural Network (ANN)




	
Model

	
Parameter Group

	
MAE [MJ/m2]

	
RMSE [MJ/m2]

	
Pearson Correlation

	
Training Time [s]






	
ANN_1

	
1

	
3.13

	
4.12

	
0.76

	
16.6




	
ANN_2

	
2

	
2.70

	
0.36

	
0.83

	
25.9




	
ANN_3

	
3

	
2.67

	
3.48

	
0.83

	
39.6




	
ANN_4

	
4

	
2.24

	
2.99

	
0.88

	
29.4











[image: Table] 





Table 6. ELM forecasting results considering the sine function as the activation function: size 50 of the first block to be processed, size 50 of each chunk to be processed at each step, and 100 neurons at the hidden layer.
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Extreme Learning Machine (ELM)




	
Model

	
Parameter Group

	
MAE [MJ/m2]

	
RMSE [MJ/m2]

	
Pearson Correlation

	
Training Time [s]






	
ELM_1

	
1

	
3.31

	
4.30

	
0.73

	
3.27




	
ELM_2

	
2

	
2.84

	
3.73

	
0.80

	
1.35




	
ELM_3

	
3

	
2.77

	
3.63

	
0.82

	
1.19




	
ELM_4

	
4

	
2.35

	
3.09

	
0.87

	
1.15
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