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Abstract—The forecasting of solar irradiance is crucial for 

photovoltaic solar energy generation, as production is subject to 

intermittency due to climatic conditions, such as cloud cover, 

wind and, temperature. Based on the Hybrid Prediction Method 

(HPM), this study investigated the influence of a set of all-sky 

image processing features on the HPM’s Artificial Neural 

Network prediction accuracy. Using correlation-based attribute 

selection, three predictive models with different input feature sets 

were evaluated. The results show that, when considering all 

horizons together and paired, the Medium set of 6 features 

achieves prediction accuracy statistically similar to the Complete 

set with 9 features, reducing the computational time (14.4%) and 

model input dimensionality (33.3%). However, when comparing 

individual horizons, the Complete set outperforms the Medium 

set at 5- and 15-minute horizon, while maintain similar accuracy 

at the 1-minute horizon. The Reduced set, with three features, 

consistently underperformed. This study provides news insights 

into the optimization of solar irradiance forecasting using HPM, 

contributing to advances in photovoltaic energy forecasting. 

 

Link to graphical and video abstracts, and to code: 

https://latamt.ieeer9.org/index.php/transactions/article/view/9222 

 
Index Terms— all-sky image, solar irradiance prediction, 

artificial neural network, Hybrid Prediction Method. 

I. INTRODUCTION 

HE growing energy demand has been increasingly met 

by renewable sources like wind and photovoltaics, with 

significant investments in solar energy installations, 

particularly in China, Japan, the United States, Brazil, 

Germany, and India [1], [2]. Photovoltaic solar energy 

adoption has spurred research into methods for predicting 

solar irradiance, the key factor in energy production [3]. The 

primary challenge in solar energy generation is the 

intermittency caused by atmospheric variations, especially 

cloud cover [4], [5]. Since 2017, there has been a surge in 

publications on p photovoltaic energy prediction [5], mainly 

using Machine Learning (ML) and Deep Learning (DL) 

techniques [4], [6], [7], [8], [9]. Advances in computational 

power and DL models have further promoted prediction 

studies using all-sky images [10], [11], [12], [13], [14], [15].  

A research group at the Federal University of Latin 

American Integration (UNILA) has developed scientific 

studies on the short-term Prediction of Solar Photovoltaic 

Energy Generation (PSPEG) [16], [17], [18], [19], [20], [21]. 

Based on this research, the study by [21] proposed and 

evaluated a new hybrid approach to predicting solar 

irradiance, applying Image Processing (IP) [22] and Machine 

Learning techniques [23]. This approach is referred to as 

Hybrid Prediction Method (HPM). The HPM was developed 

from a dataset containing historical all-sky image data (180°), 

meteorological, and solar irradiance information, created with 

controlled quality and samples collected every minute over a 

complete period of 3 years (2014 to 2016) [24].  

Based on the HPM, the aim of this research is to investigate 

the set of features (characteristics) extracted from all-sky 

images, proposed in the HPM, in order to verify the influence 

of different combinations of these features in predicting short-

term solar irradiance (1, 5 and 15 minutes), using the Artificial 

Neural Network (ANN) model [23] adopted in the HPM. The 

hypothesis to be investigated is that an optimized set of these 

features can provide predictions with similar accuracy to the 

use of all features proposed in the HPM, thus reducing 

complexity and computational processing.  

A theoretical literature review on concepts and works 

related to PSPEG, is presented in Section 2. The material and 

methods area described in Section 3. Section 4 presents and 

discusses the experimental results. The conclusion, 

contributions and, limitations are outlined in Section 5.  

II. THEORETICAL BACKGROUND  

The growing demand for clean, so-called renewable energy 

is driving investment in sources such as photovoltaic solar 

energy. However, the intermittency of energy generation, 

caused mainly by variations in cloud cover [25], requires 

accurate methods of predicting solar irradiance [26]. In this 

context, Prediction of Solar Photovoltaic Energy Generation 

(PSPEG) plays a crucial role in optimizing photovoltaic 

system operations. Its enables adjustments in load distribution 

to maintain grid stability, facilitate real-time management 

through the activation of backup resources, promotes early 

trading in the energy market, and allows for more reliably 

battery sizing, thereby enhancing both operational and 

economic performance of photovoltaic systems [27], [28].  
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The accuracy and precision of the methods have progressed 

significantly over the years, driven by the adoption of 

Artificial Intelligence, especially Machine Learning (ML) and 

Deep Learning (DL) [7], [9], [29], [30], [31]. The term 

accuracy refers to the closeness to the real values (deviations 

or bias) that are already known, while precision refers to the 

standard deviation, or variability in the repetition of 

predictions [32]. 

The last decade has witnessed a growing volume of research 

into PSPEG, especially since 2017 [5]. Despite the lack of a 

universal consensus on the classification of these studies, 

some characteristics clearly distinguish them [21], [27]: 

Predicted horizon - refers to the future time period for 

estimating solar energy generation. Shorter time frames are 

keys for real-time operations in photovoltaic systems [28]; 

Source and data type - data for training and testing models 

come from sources like weather stations, irradiance sensors 

and images [27]; Prediction algorithm class - includes 

different types of predictive algorithms, such as statistical, 

physical, Artificial Intelligence-based and hybrid models [27], 

and; Error measures - metrics used to evaluate prediction 

model performance, like the Coefficient of Determination (R²) 

and (normalized) Root Mean Square Error ((n)RMSE). Each 

metric highlights different aspects of accuracy and prediction 

errors [33]. 

Most of the recent PSPEG studies have adopted methods 

that use deep learning [4], [28]. However, a recent study 

proposed and evaluated a new hybrid approach to predicting 

solar irradiance for application in photovoltaic power 

generation. Called the Hybrid Prediction Method (HPM), the 

method proposed in [21] jointly applies Image Processing and 

Machine Learning techniques to make short-term predictions 

of solar irradiance at horizons of 1, 5, 15, 30 and 60 minutes. 
HPM has been evaluated using different performance metrics. 

However, this study adopted the following accuracy metrics: 

the Coefficient of Determination (R²), and Root Mean Square 

Error (RMSE) (equations 1 and 2): 

 𝑅2 = 1 −  
∑ (oi − pi)

2N
i=1

∑ (oi − μ)2N
i=1

 (1) 

 𝑅𝑀𝑆𝐸 = √
1

N
∑(oi − pi)

2

N

i=1

 (2) 

In above measures, N represents the total number of 

predicted points, 𝜇 refers to the mean of the observed 

distribution, 𝑝𝑖  to the ith predicted point and oi represents the 

ith observed point. Comparing the accuracy of models with 

different sample sizes is done by normalizing the features to 

the mean 𝜇 of the observed data, where 𝑛𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸/𝜇 

[26].The Determination Coefficient (R²) measures the quality 

and accuracy of the predictive model’s fit to the original data. 

MBE captures overall positive or negative trends in the errors 

between predicted and actual data; but positive and negative 

errors can offset each other, potentially masking the true error 

magnitude. RMSE is the most widely used metric in the 

PSPEG literature [34], [35], because it is scale-dependent and 

sensitive to large individual errors due to the squaring of 

residuals. 

Fig. 1 shows the data and execution flow of the HPM with 

the two main stages: (i) Explicit Features Image Extraction 

which applies Image Processing (IP) and (ii) Prediction 

Processing which applies Machine Learning (ML).  

 
Fig. 1. Data flow diagram and execution of the Hybrid Prediction Method 

(HPM). Source: Adapted from [21]. 

In the diagram, the all-sky images are pre-processed in the IP 

stage, which extracts a set of features (f1 to f9) regarding the 

characteristics of each image. The features and their respective 

percentage of computing time within the HPM as are follows: 

Clouds Movement (4.0%), Clouds Coverage (5.1%), Clouds 

Around Sun (14.5%), Clear Sky GHI (41.5%), Sun Luminance 

(10.2%), Sun Luminance Adjusted (10.2%), Sun Located 

(9.8%), White Pixel Ratio (4.6%), and Season (0.1%). All 

these features are used as inputs for an Artificial Neural 

Network (ANN) model adopted in the HPM. Therefore, these 

input features (f1 ... f9), shown in Fig. 1, will be evaluated to 

investigate their influence on the prediction of HPM solar 

irradiance, specifically at the 1, 5 and 15-minute horizons. 

III. MATERIALS AND METHODS 

This section presents the experimental methods used to 

analyze the set of features provided in the HPM [21]. The 

methodological procedure, dataset, tools and technologies 

used are detailed. According to [36], this is an applied study 

with the aim of generating new knowledge and optimizing a 

practical method for predicting short-term solar irradiance. 

The problem is approached in a qualitative-quantitative way, 

applying statistical analysis and addressing the cost-benefit of 

using the features in the HPM. The study is exploratory, as it 

provides greater familiarity with the problem, including the 

analysis of examples that stimulate understanding. The 

techniques employed are bibliographical research and 

experimental statistical analysis, with a case study. 

The HPM was developed using a large, standardized, 

quality-controlled dataset containing historical information on 

solar irradiance and all-sky images, among others. Collected 

in the city of Folsom/CA/USA, the data covers the complete 

period of three (3) years (2014-2016) with samples available 

every minute [24]. After the Feature Extraction stage, with the 

Image Processing (IP) techniques shown in Fig. 1, the set of 
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features (f) was computed for days 13 to 15/03/2016, and 

exemplified in Fig. 2, where Folsom GHI (target) is the target 

variable to be predicted. 

 
Fig. 2. Example of HPM image processing features and solar irradiance 

(GHI). Source: [21]. 

HPM uses all the features shown in Fig. 2 as input to make 

predictions, using an ML model based on Artificial Neural 

Networks (ANN) of the MultiLayer Perceptron (MLP) type 

[21]. Except for the year, month, day, hour and minute, there 

is the complete set of nine (9) features used in the training, 

validation and testing.   

Several techniques can be applied to attribute selection in 

regression problems, such as Correlation, Mutual Information, 

Feature Importance and Information Gain [37]. This study 

applied Correlation Selection, using Pearson's Correlation 

Coefficient, which summarizes the degree of relationship 

between two variables [38]. Based on the correlation matrix in 

Fig. 3, ordered by the decreasing absolute value of correlations 

between the features and the Folsom GHI variable, three input 

sets were defined to evaluated their impact on short-term solar 

irradiance prediction accuracy (1, 5 and 15 minutes) using the 

ANN model used in [21]. These sets are categorized as 

Complete, Medium and Reduced, with their corresponding 

processing times expressed as percentages, as detailed in 

Table I. 

 

TABLE I 

DETAILS OF THE THREE INPUT SETS AND PROCESSING TIMES 

Input Set Image Processing Features from HPM 

Overall 

Computing 

Time 

Complete 

9 variables 

Clouds Movement, Clouds Around Sun, 

Sun Luminance Adjusted, Clear Sky GHI, 

Clouds Coverage, Sun Luminance 
Season, Sun Located, White Pixel Ratio 

100% 

Medium 

6 variables 

Clouds Movement, Clouds Around Sun, 

Sun Luminance Adjusted, Clear Sky GHI, 

Clouds Coverage, Sun Luminance 

85.6% 

Reduced 

3 variables 
Clouds Movement, Clouds Around Sun, 
Sun Luminance Adjusted 

28.7% 

 

 
Fig. 3. Pearson correlation matrix of all features.  

 

Based on the principle that the Sun Luminance Adjusted 

feature originates from the Clear Sky GHI and Sun Luminance 

features [21], these two features were replaced with the next 

most correlated features (Clouds Movement and Clouds 

Around Sun) into the Reduced Set. The final composition of 

these sets (Table I) was used to construct, train, validate and 

test the Artificial Neural Network (ANN) predictive model 

from HPM. Thus, the ANN-MLP configuration in this study is 

the same as that adopted in the HPM, and is detailed in the   

Table II. 

TABLE II 

HYPERPARAMETERS OF THE ANN [21] 

Total neurons = 402                                 Hidden layers = 3 

Activation Function = ReLU                   Batch Size = 128 

Neurons in output layer (y) = 1  Learn Rate = 0.001 
Neurons in input layer (x) = 14, 11 or 8 Epochs = 200 

Structure = {x + hidden(s)_layer(s) + y}  

                = {x + 30 + 210 + 150 + 1} 

 

In addition, Table III shows the k-fold cross-validation 

approach [39] adopted for training, validation with 3 partitions 

or k=3 [21]. From the total period of three years of 

information available in the dataset, two years are used to train 

the models and, one full year (33.3% of the dataset) was used 

to test the model. This strategy was adopted to enable the 

model to capture the annual seasonality of solar irradiance 

more effectively.  

TABLE III 

SPLITTING THE TRAINING, VALIDATION AND TEST DATASET  

Partition   2014 2015 2016 

fold-1 Test Train Train 

fold-2 Train Test Train 

fold-3 Train Train Test 

The validation data are 20% (4.8 months) of train partition in each fold.  

Features vs. GHI Pearson 

Sun Luminance Adjusted 0.97 

Clear Sky GHI 0.91 

Sun Luminance 0.84 

Clouds Around Sun -0.79 

Clouds Coverage -0.76 

Clouds Movement -0.70 

Sun Located 0.56 

White Pixel Ratio 0.24 

Season -0.11 
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Based on these definitions, the experimental analysis 

method, shown in Fig. 4, was designed and executed in the 

Google Colab [40], using the Python programming language 

[41] [41]and the TensorFlow, Keras, Numpy, Scikit-Learn 

libraries [42] to build, train, validate and test the ANN models 

(Table II), using the cross-validation approach [43] (Table III).  

Therefore, three predictive models were created for each 

input set (one for each fold), using steps 1 to 8 in Fig. 4. At the 

end of the experiments, the average of the three folds was 

computed for each input set. Next, an analysis and comparison 

of the prediction accuracies between different input sets was 

carried out, using the MSE, RMSE and R² metrics, between 

the ANNs with different input sets: Complete, Medium and 

Reduced. The results and discussion of these comparisons are 

presented in the next section. 

 

IV. RESULTS AND DISCUSSION 

After performing the experimental analysis, the results were 

collected and are summarized for all the sets, horizons and 

folds shown in Table IV, including the average and standard 

deviation (SD) for each combination. 

Although the study focuses on comparing ANNs with 

different input sets, additional results are notable. As shown in 

Fig. 5, the Reduced set models exhibit the highest error 

variability (standard deviation). Across all evaluated horizons 

(1, 5 and 15 minutes), the Reduced set consistently produced 

the largest average prediction error, reinforcing that a greater 

number of input variables enhances prediction accuracy. This 

demonstrates that incorporating more image processing 

features enables the ANN models to better capture 

intermittencies with improved accuracy and precision.  

In general, the RMSE values in the Reduced Set were 

higher than the other sets in all three horizons, as shown in 

Fig. 6-a. This indicates that the set's three input features 

(Clouds Movement, Clear Sky GHI, Sun Luminance Adjusted), 

despite having a correlation of over 70% with the Folsom GHI 

feature, did not provide sufficient support for the HPM ANN 

to capture the variability and maintain the prediction 

performance of the other input sets (Medium and Complete). 

The boxplot diagram (Fig. 6-b) demonstrates the greater 

variability and lower accuracy of the Reduced Set predictions.  

On the other hand, the accuracies of the Medium and 

Complete sets were similar over the three horizons evaluated 

(Fig. 6-a), especially when considering variability (standard 

deviation). Therefore, the Medium Set with six (6) features, 

three less than the Complete Set (reduction of 33.3%), made it 

possible to make predictions with similar accuracy to the use 

of all the 9 features in the Complete Set, adopted in the HPM 

[21]. 

The accuracy of a regression prediction model based on 

Machine Learning is influenced by the dataset used [23]. In 

this study, we clarify that the aim was not to develop an 

optimized model with fine tuning of the ANN's 

hyperparameters [23], but to evaluate the influence of these 

features on the performance accuracy of the HPM model [21]. 

Therefore, the same structure and configuration of the 

MultiLayer Perceptron model adopted in the HPM [21], was 

applied in this study.  

 

 
 

Fig. 4. Experimental method adopted in this study.  

 

The visual similarity of the results (Fig. 6-a) prompted the 

application of a statistical test to validate the overall 

performance comparison of models with different input sets, 

as well as pairwise comparisons at equal prediction horizons. 

The Null Hypothesis (𝐻0) stated that the average prediction 

accuracy (RMSE) between model pairs is statistically equal (α 

= 0.05). The Shapiro-Wilk test [38] confirmed that the data 

follow a normal distribution. Thus, to validate H0, the Nadeau 

and Bengio corrected paired t-test was selected, as it is 

commonly used in Machine Learning model comparisons and 

accounts for the dependence of training data generated by 

cross-validation with 3-folds [43]. The analysis was conducted 

for each input set separately, across individual forecast 

horizons (1, 5 and 15 minutes) and for all horizons combined. 

Considering all the horizons together, the models with 

different input sets were compared. The results indicates no 

significant difference between the Complete and Medium sets 

(Table V). However, the Reduced Set models show a 

statistically significant difference compared to the others (p-

value < 0.05), regardless of the prediction horizon. Thus, the 

overall performance of the Reduced Set is inferior to the other 

models.  
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TABLE IV 

PREDICTION ACCURACY OF HPM-ANN MODELS (3 INPUT SET) 

Input Horizon Fold RMSE nRMSE R2 

Complete Set 
(ANN-C) 

1 

1 74.00 0.054 0.938 

2 75.12 0.059 0.934 

3 74.66 0.051 0.937 

5 

1 74.30 0.054 0.937 

2 73.69 0.058 0.937 

3 76.20 0.052 0.934 

15 

1 85.21 0.062 0.918 

2 79.21 0.063 0.927 

3 84.77 0.058 0.919 

Medium Set 

(ANN-M) 

1 

1 77.28 0.057 0.932 

2 74.48 0.059 0.935 

3 81.26 0.055 0.925 

5 

1 80.26 0.059 0.927 

2 77.99 0.062 0.929 

3 81.18 0.055 0.925 

15 

1 90.89 0.067 0.906 

2 80.25 0.063 0.925 

3 84.73 0.058 0.919 

Reduced Set 
(ANN-R) 

1 

1 88.93 0.065 0.910 

2 88.50 0.070 0.909 

3 91.24 0.062 0.906 

5 

1 93.11 0.068 0.902 

2 90.51 0.071 0.904 

3 96.64 0.066 0.894 

15 

1 112.55 0.082 0.856 

2 93.04 0.073 0.899 

3 101.15 0.069 0.884 

 

  
Fig. 5. Average accuracy overall per evaluated input set. 

A detailed analysis for each prediction horizon shows that 

for the 1- and 5-minutes horizons, all comparisons between 

the Complete, Medium and Reduced sets show significant 

differences, except between Complete and Medium for the 1-

minute horizon. For the 15-minute, significant differences are 

observed between Complete and Medium, and between 

Complete and Reduced, but not between Medium and 

Reduced (Table V). The lack of significant difference between 

Medium and Reduced at 15 minutes may be due to increased 

variability in results with lower input dimensionality, which 

can compromise model stability. These findings align with 

existing literature [43], which emphasizes that a larger number 

of input variable tends to capture relevant patterns more 

effectively, leading to lower prediction errors. However, 

reducing the variables can result in the loss of critical 

information [44].  

 
Fig. 6. Overall prediction accuracy per input set. 

TABLE V 

STATISTICAL COMPARISONS (RMSE) 

All the horizons together 

(overall model’s performance) 
t-statistic p-value 

Signifi-

cance 

Complete vs. Medium -1.914 0.196  

Complete vs. Reduced -6.167 0.025 * 

Medium vs. Reduced -6.218 0.025 * 

Equal horizons 

(pairwise comparisons) 

1 

min. 

Complete vs. Medium -1.472 0.279  

Complete vs. Reduced -16.156 0.004 * 

Medium vs. Reduced -10.153 0.010 * 

5 

min. 

Complete vs. Medium -10.571 0.009 * 

Complete vs. Reduced -17.830 0.003 * 

Medium vs. Reduced -7.259 0.018 * 

15 

min. 

Complete vs. Medium -5.528 0.031 * 

Complete vs. Reduced -6.937 0.020 * 

Medium vs. Reduced -2.475 0.122  

*Denotes the existence of a significant difference (p-value < 0.05). 

In the specific case of the HPM, depending on the 

prediction horizon, the smaller number of input features did 

not influence the prediction accuracy performance. For 

example, it can be inferred that using six (6) features from the 

Medium Set produces similar accuracy to using nine (9) 

features from the Complete Set, depending on the prediction 

horizon. Fig. 7 shows examples of ANN predictions using the 

Complete Set, where it can be seen that the models manage to 

capture the periods of irradiance variability (Folsom GHI), but 

are limited in capturing the variation intensities of solar 

irradiance. This suggests the need for further studies. 

According to the results, this study can contribute to 

improving and optimizing the processing and execution of the 

HPM proposed in [21], since the reduction in the number of 

input variables in the Medium Set (6 features), for 1-minute 

horizon, allows the prediction accuracy to remain similar to 

the use of all the features adopted in the Complete Set (9 

features). This reduction in the number of input attributes 

decreases the complexity of the predictive model and the 

computational pre-processing time of the features by 14.4% 

(Table I). 

It is important to note that the ANN models were not 

subjected to hyperparameter fine-tunning, as the primary focus 

was on evaluating the impact of different input feature sets on 

the prediction accuracy of the HPM model. 
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Fig. 7. Prediction examples with the all-input set (28/06/2015). 

V. CONCLUSION 

This study conducted an original analysis of the all-sky 

image processing features set used as inputs in the recent 

Hybrid Prediction Method (HPM) proposed in [21]. By 

applying correlation-based attribute selection, we defined and 

evaluated three sets of input features (Complete, Medium, and 

Reduced) within the HPM framework using an Artificial 

Neural Network (ANN) model. The results indicate that the 

Reduced Set, with only 3 features, significantly 

underperformed the other input sets. 

The ANN models with the Medium set showed no 

statistically significant difference (p-value < 0.05) in 

predictive accuracy compared to the Complete Set for the 1-

minute horizons. This suggests that a 33.3% reduction in input 

variables, and 14.4% in computing processing time, can 

maintain predictive performance for 1-minute horizon. 

However, the significant difference observed at the 5 and 15-

minute horizon suggests that reducing variables may lead to 

the loss of crucial information [44], increasing prediction error 

and variability.  

These findings are important for the HPM and demonstrate 

that fewer input variables reduce computational requirements 

while maintaining similar predictive performance, making the 

method simpler and interpretable. Further research is required 

to optimize the HPM, including fine-tuning hyperparameters 

and refining image processing techniques. In conclusion, this 

study supports the hypothesis that the Medium set of 6 all-sky 

image processing features can provide solar irradiance 

prediction accuracy statistically similar to the Complete set of 

9 features, depending on the prediction horizon. To support 

scientific reproducibility, the supplementary materials are 

available in: <https://github.com/joylan/id9222ieeela>. 
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