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Abstract. This work uses the SONDA network irradiance data to forecast global horizontal and direct normal irradiances 
(GHI and DNI) in very short-term intra-hour for 5 minutes resolution during the period of four years for one solarimetric 
station in the northeast of Brazil, Petrolina/PE. Four different machine learning models were tested, namely Least 
Absolute Shrinkage and Selection Operator (LASSO), k-nearest-neighbors (kNN), extreme gradient boosting (XGBoost) 
and an ensemble combination to form a final forecast (Ensemble with Ridge Regression). Their performance was 
compared with the RMSE and Forecast Skill relative to the persistence model. Results show that the machine learning 
models achieve significant forecast improvements over the reference model. In addition, the Ensemble with Ridge 
Regression and XGBoost models have rarely been used for short-term solar forecasting. This framework can be used to 
select appropriate machine learning approaches for short-term solar power forecasting and the simulation results can 
be used as a baseline for comparison. The four methods presented similar behavior for raw and normalized variables, 
with the RMSE values ranging between 72.85 W/m² and 76.12 W/m² for GHI and values between 104.22 W/m² and 104.66 
W/m² for DNI. It is worth to mention that the Ensemble with Ridge model outperformed all the other methods for GHI, 
obtaining RMSE values between 72.85 W/m² and 74.02 W/m² and for DNI, the XGBoost model outperformed obtaining 
RMSE values between 104.22 W/m² and 104.66 W/m². Regarding the Forecast Skill (FS), the Ensemble with Ridge model 
performs 0.60% better than the XGBoost for GHI, although the XGBoost performs 1.58% better than the Ensemble with 
Ridge model for DNI. Simulation results for FS also showed that the use of the clear-sky index for GHI increased most 
of the model’s performance between 0.70% to 1.15% for GHI, excepted for the LASSO, and between 0.27% and 0.36% 
for DNI with the LASSO and XGBoost, although a decreased between 0.67% and 0.83% was observed for the kNN and 
the Ensemble with Ridge models.  
 
Keywords: Machine learning, global solar irradiance, direct normal irradiance, intra-hour forecasting. 

 
1. INTRODUCTION 

 
Technical and financial risks of expanding solar-energy conversion technologies for electricity production can be 

alleviated through a better comprehension of available solar-resource analysis and forecasting methods applicable to each 
solar-energy conversion technology. Authentic solar-energy forecasting and resource assessment can reduce the risk in 
selecting the project location, designing the appropriate solar-energy conversion technology, and operating new sources 
of solar-power generation integrated into the electricity grid (Kleissl, 2013). 

Dependency on meteorological conditions causes renewable energy resources to be inconsistent. Under this constraint, 
reliable solar irradiance forecast on different time horizons is essential for developing and utilizing solar energy-based 
systems. Short-term and intra-hour solar forecasts are particularly useful for power plant operations, grid balancing, real-
time unit dispatching, automatic generation control (AGC) and trading.  

Solar forecasting is therefore an enabling technology for the integration of ever-increasing levels of solar penetration 
into the grid because it improves the quality of the energy delivered to the grid and reduces the ancillary costs associated 
with weather dependency. The combination of these two factors (better energy quality through information that is capable 
of lowering integration and operational costs) has been the driving motivation for the development of a complex field of 
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research that aims at producing better solar forecasting capabilities for the solar resource at the ground level and for the 
power output from different solar technologies that depend on the variable irradiance at the ground level. Solar, wind and 
load forecasting have become integral parts of the so-called smart grid concept (Inman et al., 2013). 

Continuous solar irradiance data acquisition is an important component of time series analysis as we need to trace 
back several steps in time in order to forecast the solar irradiance at the next time step. During night time, solar irradiance 
is zero, a discontinuity that must be considered when forecasting solar irradiance during the period just after sunrise and 
before sunset. For locals without solar irradiance measurements, data may be inferred from clear sky models and other 
meteorological parameters. Weather patterns and their accompanying clouds are the most significant atmospheric 
phenomena affecting solar irradiance at the earth’s surface (Brinsfield et al., 1984). 

Targeting these two irradiance components is important: DNI is of particular interest to concentrating solar power 
(CSP) plants and installations that track the position of the sun; and both DNI and GHI can be used to estimate the plane-
of-array irradiance on tilted/tracking PV panels. Intra-hour forecasts are relevant for optimal central plant operations and 
is an enabling technology for optimal dispatch of ancillary resources and storage systems. Moreover, mitigation measures 
for large drops in solar irradiance, such as demand response, storage and intra-hour scheduling can only be maximized 
with accurate and reliable intra-our forecast (Inman et al., 2013). 

Solar forecasting techniques can be classified into three main categories: (1) numerical weather prediction (NWP); 
(2) image-based methods; and (3) statistical and machine learning (ML) methods. NWP studies the weather and generates 
forecasts of irradiance among hundreds of other meteorological parameters. NWP-based methods are well accepted for 
6–48 hours-ahead forecasting. Image-based methods, on the other hand, use sky cameras, shadow cameras, or satellite 
images to predict solar irradiance, primarily by tracking and adverting clouds. Whereas sky/shadow cameras are used for 
intra-hour forecasting, satellite-based methods are advantageous for a forecast horizon ranging from 30 min to 6 h. 
Statistical and ML models use historical data to “train” themselves. The trained model then generates forecasts based on 
new values of the input variables. Statistical and ML methods are applicable for a wide range of temporal horizons, but 
mostly appear in hourly forecasting studies (Voyant et al., 2017). 

The main objective of our work is to make a local evaluation with different machine learning models for very-short 
term solar forecasting and analyze the prediction accuracy of each model. We focused on intra-hour global horizontal 
irradiance (GHI) and direct normal irradiance (DNI) forecasts with forecasting time horizons on a timescale of 5 minutes. 

 
2. DATA AND METHODOLOGY 
 
2.1 Data 
   

All the data were obtained from SONDA project (National Data Organization System, www.sonda.ccst.inpe.br). 
Although this project is still in progress linked to the area of research in climate and meteorology, there is an aspect of 
this project aimed at supporting activities in the area of renewable energies. The project aims the development of a 
complete, integrated, high-quality, and reliable data base that addresses the needs of sectors of society involved with 
research, development, planning and investment in the energy sector applications (Martins et al., 2006). 

The forecasting models are trained for solar irradiance measurements (specifically, GHI and DNI) obtained in 
Petrolina, PE, Brazil, 09° 04' 08" S and 40° 19' 11" W, northeast of the country. The raw 1-min data was quality controlled 
to remove physically impossible values, averaged into 5 minutes bins of GHI and DNI directly from the raw data for four 
consecutive years: January 2013 to December 2016, and divided into three data sets: training, validation and testing.  

The first dataset; denoted as training or historical dataset, the radiation itself is used to be predicted using endogenous 
models. The second dataset; denoted as optimization dataset, is used in the optimization algorithm to determine the several 
free parameters (explained below) in the forecasting model. The third dataset; the independent testing set, is used to assess 
the performance of the forecasting model. The three data sets were constructed by grouping disjointed subsets for each 
month, thus ensuring that all data sets are well representative of the irradiance data over the whole period. 

According to Rocha et. al (2021), as a common practice according to the literature, chronologically sequential 70%-
30% separation is usually used to include data from all seasons in the training and testing sets. Therefore, for all the 
applied models in this study, a unique separation of the training set occurred by splitting the four years into the first three 
years for training and the last year for testing.  

Duffie and Beckman (2013) affirms that another common practice in solar energy is work with the clear sky index 𝑘௧ 
instead of the original solar irradiance time series. The clear-sky index is defined as: 

 

𝑘௧(𝑡) =  
ூ(௧)

ூ೎೗ೝ(௧)
            (1) 

 
where I is the solar irradiance, GHI or DNI, and 𝐼௖௟௥ is the clear-sky irradiance computed following the algorithm given 
by Ineichen et al., 2008.  

Comparing with the Coimbra et al., (2018), in this study the models selected used only endogenous inputs for 
generating the forecasts, including the zenith angle as a new auxiliary variable. In other words, the only inputs of the 
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models are the past solar irradiance data, so we obtained continuous and workable time series of GHI and DNI by applying 
the following rules to the data: 

 Remove all of the data for a solar zenith angle inferior or equal to 85° to avoid the side effects of including 
the low accuracy of the solar measurements before sunrise and after sunset. Thus, the time series obtained 
do not contain null night values; 

 The backward average for the clear-sky index time series; 
 The lagged 5-min average values for the 5-min clear-sky index time series; 

 
2.2 Data Pre-processing 

 
According to (Kuhn and Kjell, 2013), transformations of predictor variables may be needed for several reasons. A 

few modeling techniques may have strict requirements, such as the predictors having an ordinary scale. In other 
circumstances, creating a good model can be complex owing specific characteristics of the data (e.g., outliers).  

The most straightforward and common data transformation is to center scale the predictor variables. To center a 
predictor variable, the average predictor value is subtracted from all the values. As a result of centering, the predictor has 
a zero mean. Similarly, to scale the data, each value of the predictor variable is divided by its standard deviation. Scaling 
the data coerce the values to have a common standard deviation of one. These manipulations are generally used to improve 
the numerical stability of some calculations.  

To administer this series of transformations to multiple data sets, the caret packaged used in R, created by Max Kuhn, 
has the ability to transform, center, scale, or impute values, as well as apply the spatial sign transformation and feature 
extraction. For each ML model the pre-processing was tested separately with and without the clear-sky index for GHI 
and DNI for the 5 minutes time horizon.  

For the LASSO method, no predictor pre-processing was available in the library. However, with the XGBoost model, 
the pre-processing with center and scale increased the results for the normalized variables: GHI and DNI with clear-sky 
index, although decreased for the raw variables: GHI and DNI.  

The kNN model was the most benefited with center and scale pre-processing implementations, as with the normalized 
variables the results increase significantly, and the results decreased for the raw variables. Therefore, we recommend 
centering and scaling the predictors for normalized variables prior to building XGBoost and kNN models. 

 
2.3 Methods for producing deterministic point forecasts  

 
The following gives a brief overview about the implemented regression models used to calculate the point forecasts 

for GHI and DNI, and in addition, forecasts are issued every 5 min for solar elevations larger than 5°.  
In the first section, it will be shown the application of Lasso in this regression problem. The second and third section 

discusses how the XGBoost and kNN methods can be applied to solve the proposed regression analysis. Last section 
introduces an Ensemble with Ridge model which combines the forecasting results of the different statistical methods into 
more accurate predictions. 

Overall, it must be emphasized that the focal point of the current work is the methodology used for developing the 
forecasting methods and therefore does not address more general questions such as the applicability of the methods to a 
wide range of solar variability microclimates or the effect of very long (multiple years) training data. 
 
2.3.1 Persistence  
 

The dull and smart persistence model where applied based on the variable and its accuracy is used as the baseline for 
the point forecasts. The persistence model is often used as a reference for determining the forecast skill. It is useful to 
know if a forecast model provides better results than any trivial reference model, which is the persistence model. The 
persistence model considers that the solar radiation at t + 1 is equal to the solar radiation at t. It assumes that the 
atmospheric conditions are stationary. It is also called the naive predictor. 

 
𝐺𝑡 + 1 =  𝐺𝑡             (2) 

 
Its accuracy decreases with the time horizon and is generally not adequate for more than 1 h. An improved version of 

this model is the smart persistence model. To take into account the fact that the apparent position of the sun is not identical 
between t and t + 1, the persistence model is corrected with a clear-sky ratio term and is then called smart persistence.  

 

𝐺𝑡 + 1 =  𝐺𝑡  
ீ೟శభ

೎೗೐ೌೝషೞೖ

ீ೟
೎೗೐ೌೝషೞೖ೤          (3) 
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2.3.2 The Lasso method 
 

Ridge and Lasso regression are some of the simple techniques to reduce model complexity and prevent over-fitting 
which may result from simple linear regression. The lasso is a relatively recent alternative to ridge and not only helps in 
reducing overfitting, but it can help us in feature selection. The cost function for Lasso (least absolute shrinkage and 
selection operator) regression can be written:  

   
∑ ൫𝑦௜ −  𝛽଴ −  ∑ 𝛽௝𝑥௜௝

௣
௝ୀଵ ൯²௡

௜ୀଵ +  𝜆 ∑ ห𝛽௝ห
௣
௝ୀଵ = 𝑅𝑆𝑆 +  𝜆 ∑ |𝛽௝|

௣
௝ୀଵ        (4) 

 
The lasso coefficients, 𝛽መఒ

௅, minimize the quantity and as with ridge regression, the lasso shrinks the coefficient 
estimates towards zero. However, in the case of the lasso, the ℓ1 penalty has the effect of forcing some of the coefficient 
estimates to be exactly equal to zero when the tuning parameter λ is sufficiently large. Hence, much like best subset 
selection, the lasso performs variable selection. As a result, models generated from the lasso are generally much easier to 
interpret than those produced by ridge regression (James et al., 2013). For further understanding on the shrinkage and 
selection procedures of the lasso, we refer the readers to consult Efron et al., 2004. 
 
2.3.3 The kNN method  
 

The kNN model uses the predictors introduced above to forecast GHI and DNI. This model is established on the 
similarity of the predictors at the forecasting issuing time to the predictors computed with the training data set. The kNN 
algorithm starts by computing the Euclidean distance for a new data set (i.e. testing or validation) and the features in the 
training set. This operation yields a distance vector for each feature. These are then combined into a single vector using a 
weighted sum, denoted as Ds, where the subscript s indicates the set of features used in the calculations.  

The algorithm proceeds to extract the k instances in the training data with the lowest distance. To each instance there 
is an associated time stamp {𝜏ଵ, ... ,𝜏ଶ} in the training set. k forecasts are then computed using the GHI or DNI training 
data subsequent to these time stamps:   

 
 𝑓መ𝑖(𝑡 + 𝛥𝑡) = ⟨𝑘𝑡⟩ [೟ ష ೩೟,೟]

 𝑥 ⟨𝐼௖௟௥⟩[௧,௧ ା ௱௧] , i = 1, … , k       (5) 

   
from which the final point forecast is calculated as: 
 

𝐼መ(𝑡 + 𝛥𝑡) =  
∑ ఈ௜௙መ௜ (௧ା௱௧)ೖ

೔సభ

∑ ఈ௜ೖ
೔సభ

                     (6) 

  
where the weights 𝛼 are a function of the distance Ds 
 

𝛼i =  ൫ భషವೞ,೔

೘ೌೣವೞష೘೔೙ವೞ
 ൯

௡
, i = 1, ... , k                      (7)

        
and n is an adjustable positive integer parameter. The algorithm summarized above depends on several parameters: 
 

1. The number of nearest neighbors, k ∈ {1,2, … , max k}, where 
maxk = 150 in this case; 

2. The set of features S, i.e., which features are used in the search 
for the nearest neighbors; 

3. The weights in the weighted sum Ds denoted as ωi; 
4. The exponent n ∈ {1,2, … , 5} for the weights ai in Eq. (7); 

 
The optimal model is determined by minimizing the forecast error for the validation data set:  
 

𝑎𝑟𝑔𝑚𝑖𝑛௞,ௌ,௪,௡ ට
ଵ

௡
∑  (𝐼መ௡

௜ (𝑡𝑖 + 𝛥𝑡, 𝑘, 𝑆, 𝜔, 𝑛) − 𝐼(𝑡𝑖 +  ∆𝑡))²       (8) 

 
Further details about the optimization procedure and the respective optimal kNN models for GHI and DNI can be 

found in Pedro and Coimbra (2018).  
 
2.3.4 The gradient boosting method 
 

According to (Friedman, 2002) and (Hastie et al., 2009), boosting is a general approach that can be applied to many 
statistical learning methods for regression or classification. For regression problems, given a training data set, the goal is 
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to find a function f(x) such that a specified loss function is minimized. Boosting approximates f(x) by an additive 
expansion of the form:  
 

𝑓መ(𝑥) ∑ 𝛽௠
ெ
௠ୀ଴ ℎ(𝑥, 𝜃௠)           (9) 

 
where the functions ℎ(𝑥, 𝜃௠) are simply functions of x parameterized by 𝜃௠. ℎ(𝑥, 𝜃௠) are called “base learners” or “weak 
learners” (Friedman, 2002). The expansion coefficients 𝛽௠ and the parameters 𝜃௠ are fit to the training data in a forward 
“stage wise” manner (i.e. without adjusting the previous expansion coefficients and parameters of the base learners that 
have already been added). Here, we restrict the application of boosting to the context of regression trees (i.e. the base 
learner ℎ(𝑥, 𝜃) is a tree 𝑇(𝜃)). For that purpose, boosting builds an ensemble of trees iteratively in order to optimize a 
loss function 𝜓: the squared loss function 𝜓൫𝑦, 𝑓(𝑥)൯ = (𝑦 − 𝑓(𝑥))², in this case.  
 
2.3.5 The XGBoost method 
 

XGBoost is an algorithm based on sequential ensemble of decision trees, in which weak learners learn together to 
build a strong learner. Equation 10 shows the algorithm for the XGBoost method given by Munawar et al., 2019. Since 
the loss function l(⋅) for calculating residual is hard to optimize, the cost function 𝐿(௧) is introduce as follows (Chen et al., 
2016): 

 
𝐿(௧) =  ∑ 𝑙(𝑦௜ ,௡

௜ୀଵ 𝑦ᇱ
௜

(௧ିଵ)
+ 𝑓௜(𝑥௜) ) +  𝛺(𝑓௧)                     (10) 

 
where 𝑦௜  is the index and t is time. 𝑦௜  is the actual data and 𝑦ᇱ

௜

(௧) is forecasted value. 𝑓௜(𝑥௜)  is the model being updated 
itera-tively. Ω(𝑓௧) is the penalty function. l(⋅) is the loss function. 
  
2.4 Accuracy measures with error metrics 
 

The error metrics used to evaluate the performance of the applied machine learning models are presented in this 
section. 
 
2.4.1. Deterministic error metrics 
 

When the goal is to measure the performance of a model for regression problems where we try to predict a numeric 
value, the residuals are important sources of information. Residuals are computed as the observed value minus the 
predicted value (i.e., 𝑦௜ − 𝑦ො௜).  

Mean Absolute Error (MAE) gives the average magnitude of forecast errors and calculates the mean of the absolute 
differences between the predicted value, 𝑦ො௜ , and the real value, 𝑦௜ , as indicated in the equation below: 

 

𝑀𝐴𝐸 =  
ଵ

௡
 ∑ |𝑦௜ − 𝑦ො௜|

௡
௝ୀଵ                        (11) 

 
The bias or MBE is the average forecast error representing the systematic error of a forecast model to under or over 

forecast. As described below, a postprocessing of model output is useful to significantly reduce the bias. 
 

𝑀𝐵𝐸 =  
ଵ

௡
 ∑ (𝑦௜ − 𝑦ො௜)௡

௝ୀଵ                        (12) 

 
The root mean squared error (RMSE) is commonly used to evaluate models. RMSE is interpreted as how far, on 

average, the residuals are from zero and it emphasizes the larger errors.  
 

𝑅𝑀𝑆𝐸 =  ට
ଵ

ே
 ∑ (𝐼መ௜ − 𝐼௜)²ே

௜ୀଵ                        (13) 

 
with N representing the number of samples of the testing set. A second metric, used to evaluate the improvement relative 
to the baseline model (here the persistence model), is the forecast skill (FS) which is, according to Dazhi Yang (2019), 
the best parameter to compare forecast models at the moment and is given by: 
 

𝑠 = ቀ1 −  
ோெௌா೘

ோெௌாబ
ቁ  𝑥 100[%]                       (14) 

 
where 𝑅𝑀𝑆𝐸଴ is the RMSE for the model described by Eq. (12) and 𝑅𝑀𝑆𝐸௠ is the RMSE for the model m (here the 
Lasso, kNN, XGBoost or Ensemble with Ridge models).  
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3. RESULTS 
 
3.1 Forecasting results 
 

Three different machine learning models were applied to the testing set in order to evaluate their performance in an 
independent data set. The RMSE and the forecast skill for all the models are listed in “Table 1 and 2” for GHI and DNI, 
respectively. For a better visualization of the numerical data, these results are in Figures 3 and 4.  

The results reveal that GHI is much easier to forecast than DNI. The RMSE for 5 minutes forecast horizon ranges 
between 72.85 and 76.12 W/m² for GHI, whereas for DNI the RMSE range at least 69.90% more than, from 104.22 to 
108.33 W/m². The reduction in the RMSE translates into significant forecast skills that range between 19.57% and 
23.02%, and between 24.73% and 27.40% for the GHI and DNI testing set, respectively. 

 
Table 1. RMSE and forecast skills for the GHI forecast for the testing set, including the results using clear-sky index. 

RMSE values are in W/m² and the skill s is in percentage. t+5min is the time horizon for 5 minutes. 
 

 
 

Table 2. RMSE and forecast skills for the DNI forecast for the testing set, including the results using clear-sky index. 
RMSE values are in W/m² and the skill s is in percentage. t+5min is the time horizon for 5 minutes. 

 

 
 

Moreover, as shown by Figs. 3 and 4, a clear improvement is brought by the XGBoost method that includes the clear-
sky index. It was noted that in a recent work (Pedro and Coimbra., 2018), the skill score’s result for gradient boost (GB) 
comparing with the kNN method without images features in a 5-minute horizon had an improvement of 0.4% and 0.8% 
for GHI and DNI normalized variables, respectively. However, in this study, the XGBoost and Ensemble with Ridge 
methods increase the skill score obtained by the kNN algorithm by 1.17% and 1.77%, respectively, for GHI normalized 
variables and by 2.86% and 1.28%, respectively, for DNI normalized variables.  

Figures 3 show that the optimized Ensemble with Ridge and XGBoost models reduce the RMSE with respect to the 
baseline persistence model for comparing with the other models. It is worth to mention that the Ensemble model 
outperformed all the other methods for GHI, obtaining RMSE values between 72.85 W/m² and 74.02 W/m² and for DNI, 
the XGBoost model outperformed obtaining RMSE values between 104.22 W/m² and 104.66 W/m². Regarding the 
Forecast Skill, the Ensemble with Ridge model performs 0.60% better than the XGBoost for GHI, although the XGBoost 
performs 1.58% better than the Ensemble with Ridge model for DNI.  

Simulation results for FS also showed that the use of the clear-sky index for GHI increased most of the model’s 
performance between 0.70% to 1.15% for GHI, excepted for the LASSO, and between 0.27% and 0.36% for DNI with 
the LASSO and XGBoost, although a decreased between 0.67% and 0.83% was observed for the kNN and the Ensemble 
with Ridge models when using the clear sky-index. 
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Figure 3. RMSE for GHI and DNI forecasts (testing set). 
 

 
 

Figure 4. Forecast skill for GHI and DNI forecasts (testing set). 
 

 
3.2 Overview of Machine Learning models results 
  

All the four techniques (LASSO, XGBoost, kNN and Ensemble with Ridge for raw and normalized variables) clearly 
outperform the persistence model. This allegation is reinforced by the RMSE decrease results (around 20%) show in 
Figure 5. Also, the results indicate that, whatever the machine learning technique, the inclusion of clear-sky index does 
not bring a clear improvement for all the models. 

 

 
 

 
Figure 5. (a) RMSE for GHI and DNI forecasts results comparing with the Persistence model.   
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Lasso via hierarchical interactions was applied to select appropriate variables, especially because one of the main 
challenges of building a linear regression model is selecting the independent variables. When working with large datasets, 
it can be easy to end up with an overwhelming number of independent variables after cleaning the data and generating 
dummy variables. With LASSO regularization we can identify the most important independent variables and the results 
for GHI for raw and normalized variables are show in Figure 6 and for DNI normalized variables are show in Figure 7, 
for the case of 5 min ahead forecasting. It’s clearly that the importance of the zenith angle decreases significantly with 
the use of clear-sky index in GHI and DNI.  

 
a)Raw variables GHI      b)Normalized Variables GHI 

                            
 

Figure 6. (a), (b) Importance variable with LASSO for GHI for raw and normalized variables respectively. 
 

a)Raw variables DNI                  b)Normalized Variables DNI 

                               
 

Figure 7. (a), (b) Importance variable with LASSO for DNI for raw and normalized variables respectively. 
 
It can be seen from Figure 6 that the zenith angle account for a high contribution in the model. Through the analysis 

of model feature contribution, the effectiveness of the feature selection is verified, and it is confirmed that different 
algorithms have different emphasis on the raw and normalized variables. 

In order to verify the predicted and measured forecasting for GHI and DNI for the model with the better results, 
XGBoost, in Figure 8 the predicted GHI histograms have a different shape as the scatter plot also indicates that the model 
tends to overestimate when the measure is small and underestimate it when it is larger. Although, we could notice that 
there isn’t a significant difference in the histograms for DNI, but the model tends to underestimate when the measure is 
larger, as shown in Figure 9.  This confirms that the proposed transformation did not statistically distort the response 
variable.  
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a)Raw variables GHI     b)Normalized Variables GHI 

            
 

Figure 8. (a), (b) Scatter plot with XGBoost for GHI for raw and normalized variables respectively. 
 

c)Raw variables DNI               d)Normalized Variables DNI 
 

             
 

Figure 9. (c), (d) Scatter plot with XGBoost for DNI for raw and normalized variables respectively. 
 

3.3 Conclusion 
 

In this study, we implement a comparison of machine learning techniques for deterministic and probabilistic GHI and 
DNI forecasts using the National Environmental Data Organization System (SONDA) irradiance data for Petrolina/PE 
location in Brazil. We carried out a detailed analysis of the forecast performance for the techniques, which are capable of 
achieving relatively large forecasting skills with open sources and very limited investment in instrumentation. The present 
work focuses on the methodology used for developing the forecasting methods and therefore does not address more 
general questions such as the applicability of the methods to a wide range of solar variability microclimates or the effect 
of long-term training data. Nevertheless, the following conclusions can be drawn from this study: 

 The Ensemble with Ridge method resulted in a clear improvement of the skill of the deterministic forecasts 
for GHI forecasting. Standards for this model range between 21.87% and 23.02% for the 5 min, and ranges 
between 25.82% and 26.65% for the DNI forecasting, whereas the corresponding values obtained with the 
XGBoost algorithm ranges between 21.27% and 22.42%, and 27.13% and 27.4%. 

 Conversely, regarding the DNI forecasts, the XGBoost algorithm led to better results than the Ensemble with 
Ridge method especially with an improvement of 0.75%. 

 The use of clear-sky index improves the Forecast Skill between 1.15% and 1.02% for GHI with XGBoost 
and kNN respectively, excepted for LASSO. For the DNI, the use of this index had a positive impact on the 
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Forecast Skill between 0.27% and 0.36% for XGBoost and LASSO respectively, and a negative impact for 
kNN and Ensemble with Ridge models.  

 An increase, of at least 20%, on the RMSE for all the four techniques (LASSO, XGBoost, kNN and Ensemble 
with raw and normalized variables) clearly outperform the persistence model. 

 
In conclusion, we can affirm that the simple Ensemble with Ridge method appears to be a viable technique for 

generating probabilistic forecasts if correctly optimized. Indeed, it has been demonstrated that the XGBoost method is 
efficient of achieve reliable GHI and DNI forecasts. Conversely, while the inclusion of clear-sky index in the models 
improves the forecast skill of GHI forecasts, excepted for LASSO, this inclusion (has unfortunately no expressive impacts 
for DNI forecasts. In this work, all the models were runed using R studio and the caret package. In future work we will 
increase the time horizons until 1 hour ahead in other different locations to see the effect with the 5 macroclimates in 
Brazil. 
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