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Abstract. The transition to renewable energy sources has generated 
increased interest in accurate forecasting methods for green hydrogen pro-
duction. This work aims to predict green hydrogen production from solar 
energy generation using machine and deep learning models. The proposed 
approach includes data preprocessing from different sites, implementing 
AI-driven techniques, running hyperparameter optimization, and extrap-
olating these parameters for training with real data from other sites. In 
addition, the Time Delay Embedding technique is applied to capture the 
temporal dependencies of the data for supervised learning. The methods 
Random Forest, Support Vector Regression, Extreme Gradient Boosting, 
and Long Short-Term Memory are trained and properly tuned. The results 
demonstrate that Extreme Gradient Boosting model achieves the high-
est accuracy, with all models adapting well to data from the distinct sta-
tions analyzed. The extrapolation of optimized hyperparameters proved 
efficient, reducing computational costs without compromising accuracy. 
In conclusion, the proposed approach is robust and viable for predicting 
the production of green hydrogen at different locations, making it a scal-
able solution for supporting clean energy planning. 

Keywords: Green Hydrogen · Photovoltaic Generation · Machine 
Learning · Time Series Forecasting 

1 Introduction 

The urgent need for global decarbonization to limit temperature rise to 1.5 . ◦C, 
as highlighted in the 2023 UN Climate Change Conference (COP23) report [ 25], 
has intensified the focus on renewable energy, including the green hydrogen pro-
duction [ 2]. Green hydrogen, produced via electrolysis powered by renewable 
sources, is emerging as a key player in reducing carbon emissions across various 
industries, from replacing fossil fuels to serving as a critical feedstock in ammo-
nia production and metal refining [ 13]. Furthermore, it can act as an energy 
storage medium, mitigating fluctuations in renewable power generation. 

One of the primary challenges in green hydrogen production is the stochastic 
nature of renewable energy sources, such as wind [ 20] and  solar power  [  22], which 
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essentially depend on environmental variables like airspeed and solar irradiance. 
As a result, developing predictive models for these variables, particularly Global 
Horizontal Irradiance (GHI), has become a prominent research focus in solar-
driven hydrogen production. 

To tackle this challenge, statistical modeling and time series analysis tech-
niques, such as Auto-Regressive Integrated Moving Average (ARIMA), coupled 
with machine learning approaches like Support Vector Machines (SVM) and 
Deep Neural Networks (DNN), have proven effective in accurately predicting 
renewable energy generation variables, including GHI [ 13, 22]. These methods 
have demonstrated strong predictive performance over different forecasting hori-
zons, ranging from short-term (10 min) to daily predictions. Therefore, enhancing 
the accuracy of solar generation forecast is crucial for improving the efficiency 
and scalability of green hydrogen generation. 

To further explore the potential of these techniques for clean hydrogen pro-
duction, this paper implements, fine-tunes and compares different machine learn-
ing models for solar irradiance forecasting across distinct locations. The pre-
dicted solar radiation values are taken as input to estimate the potential hydro-
gen production capacity in these locations, utilizing publicly available mete-
orological data. In addition, this study investigates whether hyperparameters 
optimized in one location can be effectively extended to others, ensuring scala-
bility and model reusability. Our empirical evaluation assesses the adaptability 
of the proposed methodology and the consistency of model performance across 
multiple locations. The central research question is whether these models can 
effectively support hydrogen production planning in diverse geographic regions 
using only publicly available meteorological data. The main challenge lies in 
handling the stochastic and site-specific nature of solar irradiance, which affects 
both predictive accuracy and model generalizability. 

This paper is structured as follows: Sect. 2 presents a review of the litera-
ture on solar irradiance forecasting, green hydrogen production, and relevant 
machine learning methodologies. Section 3 details our methodology, including 
data sources, modeling techniques, and evaluation metrics. Section 4 discusses 
the obtained results, while Sect. 5 concludes the study with key findings and 
future research directions. 

2 Related Work 

This section provides an in-depth review of the specialized literature on pre-
diction methods for green hydrogen production, focusing on the application of 
machine learning and statistical algorithms to forecast sustainable hydrogen gen-
eration, solar irradiation, photovoltaic energy generation, and their interrelation-
ships. The growing importance of this field is reflected in the increasing number of 
publications since 2019. However, the limited availability of reliable, operational 
historical data, due to the fact that only about 15% of green hydrogen-related 
projects identified by the International Energy Agency (IEA) are operational 
with most being pilot or demonstration projects [ 15], poses significant challenges 
in using hydrogen production as a direct target variable for prediction models.
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Given the aforementioned issue, recent research has prioritized forecasting 
variables that serve as inputs into physical models of hydrogen production, such 
as solar irradiation and photovoltaic generation. In fact, the generation of renew-
able hydrogen from solar or wind energy is intrinsically dependent on the energy 
produced by photovoltaic panels, which, in turn, are influenced by stochastic 
quantities like GHI and wind speed [ 12, 20, 22]. 

When it comes to predicting solar irradiation for hydrogen-based applica-
tions, conventional approaches can be classified as follows [ 11]: (i) persistence 
models, which rely on the assumption that irradiation values remain constant 
over short periods; (ii) physical models, such as those based on Numerical 
Weather Prediction (NWP), grounded in physical principles and differential 
equations; (iii) statistical models, including methods like ARIMA and SARIMA; 
and (iv) AI-based models, which employ machine learning and DNN architec-
tures. Notice that other taxonomies are also commonly adopted in the specialized 
literature, particularly those that classify forecasting methods according to the 
time horizon they are designed to address [ 1]. 

Comparative analyses, such as the one conducted by Allal et al. [ 3], have 
assessed the performance of various machine learning models for GHI forecast-
ing, highlighting the superior accuracy of the Multilayer Perceptron (MLP) and 
the Random Forest (RF) algorithms. In a similar vein, Belmahdi et al. [ 5] evalu-
ated several models, including MLP, ARIMA, and RF, for short-term prediction 
tasks, and found that the RF method outperformed others across diverse climatic 
and seasonal scenarios. In parallel, recent efforts in the field of eXplainable Arti-
ficial Intelligence (XAI) have focused on understanding the influence of input 
features within machine learning models. A representative example is the study 
by Sevas et al. [ 23], which integrates LightGBM and SHAP-driven analyzes into 
interactive platforms designed for solar irradiation forecasting. 

In the context of green hydrogen production forecasting, Cheng et al. [ 10] 
and Haider et al. [ 13] applied machine learning models, specifically SVM and 
Prophet, to predict solar irradiation, a critical factor in hydrogen yield estima-
tion. While Cheng et al. found SVM to be more effective, Haider et al. reported 
better performance with Prophet, highlighting how model suitability can vary 
across datasets and distinct contexts. 

DNNs have also started to play a significant role in creating predictive mod-
els for green hydrogen production. For example, Alhussan et al. [ 2] proposed  
the use of Recurrent Neural Networks (RNN) with metaheuristic optimization 
techniques to forecast solar radiation in a location in Hawaii, with the goal of 
producing green hydrogen for the following season. Nikulins et al. [ 19] evalu-
ated the effectiveness of Convolutional Neural Network (CNN) architectures for 
short-term wind speed forecasting, which serves as input for green hydrogen pro-
duction. Sareen et al. [ 22] developed an algorithm based on Bidirectional Long 
Short-Term Memory (BiDLSTM) to forecast global horizontal irradiance and 
create an atlas of green hydrogen potential in India. 

In contrast to most studies that take solar irradiation or wind speed data, 
some works have explored the use of real photovoltaic production data to train



38 M. Vasconcelos Albuquerque and W. Casaca

machine learning models. For example, Asiedu et al. [ 4] tested various data-
driven models, including Linear Regression (LR), Ridge and Lasso Regression, 
DNN, RF, AdaBoost and Extreme Gradient Boosting (XGBoost), observing 
that DNN stood out in short-term predictions, while XGBoost and RF were 
more effective in longer time horizons. Buonanno et al. [ 8] combined historical 
photovoltaic production data with predictive data from NWP models, concluding 
that linear models were the most effective in their approach. 

3 Methodology 

This section presents the methodology implemented in this study, covering data 
collection, physical modeling of hydrogen production from solar energy, machine 
and deep learning approaches for the forecasting task, and evaluation metrics. 
Figure 1 illustrates the methodology adopted, which is partially based on the 
CRISP-DM framework [ 27]. Section 3.1 describes the data collection and pre-
processing steps, detailing the meteorological datasets used. Section 3.2 focuses 
on the physical modeling of hydrogen production based on solar energy con-
version and electrolysis, while Sect. 3.3 explores the machine and deep learn-
ing techniques used in our investigation. Section 3.4 describes the Time Delay 
Embedding technique, which is applied to adapt supervised learning methods 
for time series forecasting, and Sect. 3.5 presents the model evaluation metrics. 

Fig. 1. Flowchart of the proposed methodology.
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3.1 Data Collection and Pre-processing 

The meteorological data used in this study were obtained from the Meteoro-
logical Database provided by the Brazilian Institute of Meteorology (INMET) 
portal, which gathers data across various locations in Brazil. These data are 
available as historical datasets, separated by weather station, covering hundreds 
of stations throughout the country. The data are recorded at an hourly reso-
lution, enabling a detailed analysis of meteorological conditions over the study 
period. This level of granularity is essential for capturing daily and seasonal 
variations in input variables, which are crucial for accurately modeling green 
hydrogen production. 

Initially, data were collected from 16 automatic weather stations located in 
the state of Ceará, Brazil, covering a period of over nine years, from Septem-
ber 1, 2015, to August 31, 2024. The dataset comprised 20 key meteorological 
variables relevant to solar energy modeling and hydrogen production. To ensure 
data consistency, preprocessing steps were applied before selecting the stations, 
including filtering erroneous measurements and correcting inconsistent or unre-
alistic values. The percentage of missing data was then analyzed, leading to the 
selection of four stations based on data quality and geographic distribution. This 
selection aimed to capture the diverse meteorological patterns present across the 
entire study area. As shown in Fig. 2, the selected stations are well distributed 
throughout the examined area, with some located inland and one near the coast, 
providing a comprehensive representation of varying climatic conditions. 

Fig. 2. Map of selected meteorological stations within the state of Ceará, Brazil. 

After selecting the most representative weather stations, the data were refined 
through specific preprocessing steps, including handling missing and inconsistent 
values, detecting and treating outliers, and discarding irrelevant features, follow-
ing a procedure similar to that of [ 17]. More specifically, the data preprocessing
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involved several steps to ensure quality, consistency, and integrity for analysis. 
Erroneous values were filtered using predefined physical and meteorological con-
straints. Missing data for highly correlated variables were imputed using linear 
regression, while missing precipitation and nighttime global radiation data were 
set to zero. Maximum and minimum values of relevant variables over a 1-hour 
period were used to impute the target variable, such as estimating average tem-
perature from hourly temperature extremes. Features weakly correlated with 
the target variable, Global Radiation, were discarded, ensuring only the most 
relevant variables were retained, as shown in Table 1. 

Table 1. Meteorological variables and their database identifiers. 

Variable Identifier (in Portuguese) 
Total Precipitation precipitacao_total_horario 

Atmospheric pressure at the site pressao_atmosferica_nivel_estacao_horaria 
Air Temperature temperatura_ar_bulbo_seco_horaria 

Relative Humidity umidade_relativa_ar_horaria 

Wind Direction vento_direcao_horaria 

Maximum Wind Gust vento_rajada_maxima 

Wind Speed vento_velocidade_horaria 

Global Radiation radiacao_global 

Outlier detection was also performed for each variable using the well-known 
IQR method, rejecting data points outside the 1.5 . × IQR range, with the thresh-
old adjusted if more than 1% of data was rejected. No outliers were detected 
for global radiation. Missing data were imputed based on gap duration: seasonal 
averages for gaps over 24 h, interpolation for gaps under 6 h, and variable-specific 
methods for intermediate gaps. This preprocessing ensured data readiness for 
model development, with key variables like pressure, temperature, humidity, 
wind speed, and global radiation used in further analysis. 

3.2 Hydrogen Production Modeling 

In our approach, a solar-powered electrolysis system is taken so that the elec-
tricity generated by the photovoltaic plant is used to operate the electrolysis 
process and produce green hydrogen. This system consists of two modules: the 
energy generation module and the electrolysis module. 

Photovoltaic Generation. In the energy generation module, the photovoltaic 
(PV) system converts global radiation (GHI) into electricity, with the captured 
radiation transformed into DC electricity based on system efficiency and opera-
tional conditions to power the water electrolysis system. Predicted GHI values 
are employed to estimate solar energy generation.
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The energy produced by the photovoltaic system can be defined as [ 21]: 

.EPV = GHI · ηPV · ηPC , (1) 

where .GHI corresponds to the predicted Global Horizontal Irradiance, . ηPV

represents the efficiency of the photovoltaic module, and .ηPC corresponds to the 
efficiency of the power conditioning system (PC). For the latter, a reasonable 
value of 85% was adopted, as reported in the specialized literature [ 7], although 
this parameter can reach values of up to 97%. 

The so-called BiHiKu7 CS7N-670MB-AG photovoltaic module from Cana-
dian Solar [ 9] was selected for this study. This module operates with power out-
puts of up to 670 W, excluding the bifacial gain of the system. Table 2 presents 
technical information about the selected module. 

Table 2. Technical and performance parameters of selected photovoltaic module [ 9]. 

Specification Value 
Model Canadian Solar BiHiKu7 CS7N-670MB-AG 
Warranty 12 years 
Electrical Characteristics 
Maximum Nominal Power (.Pmax) 670 Wp 
Optimal Operating Voltage (.Vmp) 38.7 V 
Optimal Operating Current (.Imp) 17.32 A 
Open-Circuit Voltage (.Voc) 45.8 V 
Open-Circuit Current (.Ioc) 18.55 A 
Module Efficiency (.ηPV ) 21.6% 
Power Degradation (first year) . <2% 
Nominal Operating Temperature (.NMOT ). 41± 3◦C

Physical Characteristics 
Cell Type Monocrystalline 
Cell Arrangement 132 [2 x (11.× 6)] 
Dimensions 2384.× 1303 x 33 mm 
Weight 37.8 kg 
Glass 2 mm Tempered Glass 
Frame Anodized Aluminum Alloy 

Electrolysis System. In the electrolysis module, electrical energy from the 
photovoltaic system is used to split water molecules into hydrogen and oxygen in 
an electrolyzer. The hydrogen produced is proportional to the electricity supplied 
and the system’s efficiency, with the model considering electrical variables and 
the electrolysis system’s technical properties, as described by [ 6]: 

.ηele =
HHVH2 · ṅH2

PDC
. (2)



42 M. Vasconcelos Albuquerque and W. Casaca

Rewriting in terms of the amount of hydrogen produced in .kg/km2, the  
following expression is derived: 

.MH2 =
EPV · ηele

HHVH2

, (3) 

where .ηele denotes the efficiency of the electrolytic cell, serving as an indicator of 
the effectiveness of the materials and design used. .HHVH2 refers to the Higher 
Heating Value of hydrogen gas, which is 285.83 kJ/mol. .MH2 represents the 
estimated hydrogen production in .kg/km2, while .PDC and .EPV correspond to 
the DC power supplied by the photovoltaic system and the energy obtained from 
Equation (1), respectively, expressed in the same units as global radiation. 

The efficiency .ηele can be derived from operational parameters, following [ 10]: 

.ηele =
NH2,out · LHVηH2

EPV + QPEM

(
1 − T0

TX

)
+ Qm

(
1 − T0

Ts

) , (4) 

where .NH2 corresponds to the hydrogen output flow, and .LHVηH2
is the Lower 

Heating Value (LHV) of .H2. .QPEM refers to the thermal energy supplied to the 
electrolyzer, while .Qm denotes the thermal energy supplied to heat the working 
fluid of the heat exchanger at the end of the process. .T0 represents the ambient 
temperature of the system’s heat source, and .Ts is the external temperature of 
this process. Finally, .Tx accounts for the external heat source temperature. 

The specific electrical energy consumption for producing one normal cubic 
meter of hydrogen under nominal operation is typically provided by electrolyzer 
manufacturers in various forms of efficiency. In our approach, the Elyzer P-300 
model of the Siemens Energy [ 24] was selected. Table 3 presents the technical 
specifications of the chosen electrolysis system. 

Table 3. Technical and Performance Parameters of the Electrolysis System. 

Specification Value 
Model Elyzer P-300 
Electrolysis Type Atmospheric PEM 
Stack Design Optimized for 80 kW 
Power Demand 17.5 MW 
Hydrogen Production per Hour 335 kg 
Outlet Pressure 100 mbar 
Plant Efficiency (. ε) . >75.5%

Minimum Load At least 40% 
Demineralized Water Consumption.<10 L/kg of hydrogen 
Hydrogen Quality Up to 99.999% 
Startup Time .<1 min
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Through the described modeling and manufacturer parameters, global radia-
tion is transformed from the target variable to an intermediate variable, shifting 
the focus to hydrogen production as the primary variable, allowing direct pre-
diction of hydrogen output from meteorological inputs. 

3.3 Machine Learning and Deep Learning Models 
As previously mentioned, this research employs supervised Machine Learning 
techniques, including traditional models, Ensemble Learning, and Deep Learn-
ing, to predict global radiation. Our methodology consists of two main stages: 
first, a traditional Machine Learning model, two Ensemble Learning models, 
and one Deep Learning model based on RNNs are trained, with hyperparam-
eter optimization performed via Random Search strategy. For traditional and 
Ensemble Learning models, the Time Delay Embedding technique is applied to 
generate features that represent the lags of the original variables. Once optimal 
hyperparameters are computed, they are generalized to train models for other 
sites, ensuring consistency and comparability. Finally, these forecasts are then 
used to estimate hydrogen production, as detailed in Sect. 3.2. 

Support Vector Regression. Support Vector Machines (SVM) are generaliza-
tions of models known as maximal margin classifiers [ 16], which employ kernels to 
find a hyperplane that best separates training data into different classes. These 
models can be extended to regression problems, becoming known as Support 
Vector Regression (SVR) [ 26]. Their fundamental principle consists of fitting a 
function that minimizes the prediction error while keeping the predicted values 
within an acceptable error margin. 

The SVR algorithm takes a loss function that allows for error tolerance, 
where predictions within a predefined range, . ε, are considered acceptable. Kernels 
enable the algorithm to operate in high-dimensional spaces by calculating the 
inner product of the data, projecting it into higher dimensions to capture com-
plex relationships. This approach allows the regression function to be adjusted 
so that most points fall within the tolerable range without overfitting. 

Random Forest. The Random Forest (RF) is an ensemble machine learning 
algorithm in which several independent (or decorrelated) decision trees are built, 
trained on a random sample with replacement, or bootstrap, of the training 
data. These trees are then combined to generate a prediction of interest, such as 
predicting a value in a time series prediction problem [ 16]. 

In this method, at each split point of the decision tree, .m predictors are 
randomly selected from the total of . p available predictors, and the best among 
them is used to perform the split. This process is repeated independently for 
each tree in the random forest. 

By randomly selecting these .m predictors, the influence of any single predic-
tor that dominates the algorithm is reduced, thus lowering the variance. At the 
end of the process, an average of the outputs from the generated regressor trees 
is used to predict the final value.



44 M. Vasconcelos Albuquerque and W. Casaca

Extreme Gradient Boosting. In contrast to a random forest, gradient-
boosting algorithms model and arrange decision trees in series, with each subse-
quent tree in the series seeking to correct the errors made by the previous tree. 
Usually, these individual trees have a very small size (weak learners), which 
optimizes the algorithm’s performance. 

The eXtreme Gradient Boosting (XGBoost) is an optimized implementation 
of gradient boosting method that includes regularization to control decision tree 
complexity, a second-order approximation for the loss function (instead of linear 
approximation), predictor sampling in the internal nodes (similar to random 
forests), and advanced numerical methods for optimized scalability [ 18]. These 
enhancements make XGBoost a popular choice in machine learning competitions 
and industry applications due to its accuracy and scalability. 

Long Short-Term Memory Networks. Long Short-Term Memory (LSTM) 
networks are a special recurrent neural network architecture, addressing the long-
term dependency issue of traditional RNNs. LSTMs are crucial for sequential 
data prediction, introduced by [ 14]. 

An LSTM cell (Fig. 3) includes: .ct−1 (input), .xt (vector input) and .Ht (output 
to both network output and the next hidden layer). 

Fig. 3. Visual representation of an LSTM network [ 18]. 

.Ht and .ct represent short and long-term memory, respectively. Three gates 
control the LSTM: Output Gate (. Ot), Input Gate (. It), and Forget Gate (. Ft) 
[ 18]. These gates are calculated as follows: 

.Ot = σ(XtWxo +Ht−1Who + bo) (5)
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.It = σ(XtWxi +Ht−1Whi + bi) (6) 

.Ft = σ(XtWxf +Ht−1Whf + bf ) (7) 

The memory cell is updated according to the following equation: 

.ct = Ft � ct−1 + It � c̃t , (8) 

while the hidden state is computed as: 

.Ht = Ot � tanh(ct) . (9) 

With this structure, the LSTM can carefully control the input, output, and 
removal of information, enabling more efficient learning and long-term memory 
retention. 

3.4 Time Delay Embedding 

Time Delay Embedding is a method that reconstructs a time series by using 
previous values of the target variable and its predictors. By capturing temporal 
relationships within the data, this approach enriches the feature space with time-
dependent patterns, enabling machine learning models to achieve more accurate 
predictions. 

For example, given a target variable . y and two predictors .x1 and . x2, the  
original dataset can be written as follows: 

. 

t yt x1,t x2,t

1 y1 x1,1 x2,1

2 y2 x1,2 x2,2

3 y3 x1,3 x2,3

4 y4 x1,4 x2,4

5 y5 x1,5 x2,5

By applying Time Delay Embedding with lags of 1 and 2, the resulting trans-
formed matrix for predicting .yt+1 becomes: 

. 

t yt yt−1 yt−2 x1,t x1,t−1 x2,t x2,t−1 yt+1

3 y3 y2 y1 x1,3 x1,2 x2,3 x2,2 y4
4 y4 y3 y2 x1,4 x1,3 x2,4 x2,3 y5

In this structure, .yt+1 is the target value to be predicted, while the features 
include current and lagged values of the target (.yt, yt−1, yt−2) and predictors 
(.x1,t, x1,t−1, x2,t, x2,t−1). 

3.5 Evaluation Metrics 

The performance of the predictive models was assessed using the following evalu-
ation metrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), 
and the R-squared coefficient (.R2).
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Mean Absolute Error (MAE). It measures the average of the absolute errors 
between the model’s predictions and the actual values. MAE is calculated using 
the following equation: 

.MAE =
1
n

n∑
i=1

|yi − ŷi| , (10) 

where . yi is the actual value, . ŷi is the predicted value, and . n represents the total 
number of observations. 

Root Mean Square Error (RMSE). Provides a measure of mean squared 
errors, placing higher penalties on larger errors. The equation for calculating 
RMSE is: 

.RMSE =

√√√√ 1
n

n∑
i=1

(yi − ŷi)2 . (11) 

R-squared Coefficient (.R2). It is an evaluation metric that verifies how well 
a model explains the variability of the observed data. Its formula is given by: 

.R2 = 1 −
∑

(yi − ŷi)
2

∑
(yi − ȳ)2

, (12) 

where . ȳ is the mean of the observed values. .R2 values range from 0 to 1, with 
higher values indicating better explanatory power. 

4 Experimental Design, Results and Discussion 

First, an Exploratory Data Analysis (EDA) was performed to examine statistical 
patterns of the variables, including their correlations, as shown in Fig. 4. Next,  
the variables were normalized using Min-Max scaling, and the dataset was split 
into 70% training and 30% testing. The Time Delay Embedding technique was 
then applied to both traditional machine learning and ensemble learning models, 
as described in Sect. 3.4. 

After applying the Time Delay Embedding technique, a feature selection 
step was performed based on feature importance scores obtained from training 
a Random Forest model on the training data. An optimal set of 40 features 
was selected, as adding more did not significantly enhance accuracy relative to 
computational cost. The most important features selected were the following: 

– radiacao_global at lags: t-0, t-1, t-2, t-3, t-4, t-5, t-6, t-7, 
t-8, t-11, t-12, t-17, t-18, t-19, t-20, t-21, t-22, t-23, t-24 

– umidade_relativa_ar_horaria at lags: t-0, t-19 
– temperatura_ar_bulbo_seco_horaria at lags: t-0, t-1, t-19 
– vento_direcao_horaria at lags: t-0, t-1, t-2, t-3, t-4, t-5, t-6, 

t-17, t-18, t-19, t-20, t-21, t-22, t-23, t-24 
– vento_rajada_maxima at lag: t-0
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Fig. 4. Correlation matrix after preprocessing for Sobral station. 

4.1 Hyperparameters Optimization 

In order to optimize the hyperparameters of each model, the Random Search 
strategy was employed via RandomizedSearchCV from scikit-learn for the 
Sobral site, taking computational efficiency into account. This method per-
forms more efficiently than Grid Search strategy by randomly sampling com-
binations from a defined hyperparameter space. The evaluation metric used was 
neg_mean_absolute_error, suitable for regression. Cross-validation was per-
formed with TimeSeriesSplit to preserve the temporal order of data, using 
five splits for most models and three folds for the LSTM model. The Random 
Search included 50 iterations for most models and 20 for the LSTM. Table 4 lists 
the hyperparameters tested for each model, along with the optimal values for 
the Sobral site, computed by the Random Search method. 

4.2 Comparative Performance 

Table 5 summarizes the evaluation metrics of the best forecast models, assessed 
on the test dataset. This comparison highlights the performance of each model 
after hyperparameter optimization, providing insight into their relative effective-
ness at the Sobral site – our first study location.
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Table 4. Hyperparameter optimization results for different models at Sobral site. 

Hyperparameter Tested Values Best Value Found 
RF 
n_estimators 100, 200, 500, 1000 1000 
max_depth None, 10, 50, 100 100 
min_samples_split 2, 5, 10, 15 2 
min_samples_leaf 1, 5, 10, 20 1 
max_features sqrt, log2 sqrt 

XGBoost 
n_estimators 100, 200, 300, 400, 500 100 
learning_rate 0.01, 0.05, 0.1, 0.2 0.1 
max_depth 3, 5, 7, 10 7 
subsample 0.6, 0.7, 0.8, 0.9 0.9 
colsample_bytree 0.6, 0.7, 0.8, 0.9 0.7 
gamma 0, 1, 2, 3 0 
min_child_weight 1, 3, 5, 7 7 
reg_alpha 0, 0.1, 0.5, 1, 5 0 
reg_lambda 0.1, 0.5, 1, 2, 5 0.1 
SVR 
C 0.1, 1, 10, 100, 1000 10 
epsilon 0.001, 0.01, 0.1, 0.5, 1.0 0.001 
kernel poly, rbf, sigmoid rbf 
gamma scale, auto auto 
LSTM 
neurons 32, 64, 128, 256, 512 32 
layers 1, 2 2 
dropout 0.1, 0.2, 0.3, 0.5 0.2 
batch_size 16, 32, 64 32 
learning_rate .10−4, .10−3, .10−2

. 10−3

epochs 50, 100, 200 50 

The comparative performance of the models, as shown in Table 5, reveals key 
differences in their predictive capabilities. Among the machine learning models, 
XGBoost outperformed the others with the lowest MAE (0.065) and RMSE 
(0.129), while achieving a .R2 of 0.946, indicating strong predictive accuracy. In 
contrast, the LSTM model, despite providing a reasonable .R2 of 0.919, exhibited 
higher error metrics (MAE of 0.086 and RMSE of 0.158), suggesting it was less 
effective at the Sobral site compared to the tree-based models.
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Table 5. Performance metrics for different models at Sobral site. 

Metric Value 
RF 
Mean Absolute Error 0,067 mol/m. 

2

Root Mean Squared Error 0,132 mol/m. 
2

.R2 0,944 
XGBoost 
Mean Absolute Error 0,065 mol/m. 

2

Root Mean Squared Error 0,129 mol/m. 
2

.R2 0,946 
SVR 
Mean Absolute Error 0,067 mol/m. 

2

Root Mean Squared Error 0,132 mol/m. 
2

.R2 0,944 
LSTM 
Mean Absolute Error 0,086 mol/m. 

2

Root Mean Squared Error 0,158 mol/m. 
2

.R2 0,919 

Next, the four ML-based models were trained using data from three other 
sites: Jaguaruana, Jaguaribe and Tauá, with hyperparameters previously opti-
mized for the Sobral site using the Random Search method. This approach aimed 
to assess the feasibility of reusing hyperparameter optimization without the need 
for exhaustive retraining at each new location. 

Performance evaluation, using MAE, RMSE and .R2, revealed that XGBoost 
outperformed the other models across all evaluation metrics, demonstrating its 
superior capability in time series prediction tasks. In contrast, although the 
LSTM model achieved a reasonable .R2 of 0.919, its higher error metrics sug-
gest that it was less efficient than expected at the Sobral site. We acknowledge 
that further architectural improvements could enhance its performance in future 
iterations. Following closely behind, RF ranked second, showcasing strong per-
formance, while the SVRl ranked third. These findings are visually represented 
in Fig. 5, highlighting the robustness of the models across different sites. 

The evaluation metrics presented only slight differences across sites, which 
highlights the reliability of the preprocessing method and how well the optimized 
hyperparameters from Sobral worked at other locations. The current approach 
proves to be a practical solution for predicting green hydrogen production at 
nearby sites, saving both time and computational resources by avoiding the 
need to search for new hyperparameters.
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Fig. 5. Evaluation metrics across stations and predictive models.
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5 Conclusion and Future Direction 

This study introduced a comprehensive, data-driven approach to forecasting 
green hydrogen production from solar energy, by utilizing machine and deep 
learning models and hyperparameter optimization techniques. Our approach was 
applied to data from four different sites, including Sobral, and it was shown that 
transferring the optimized hyperparameters from Sobral to the other sites effec-
tively reduced computational costs while preserving strong model performance. 
All implemented models delivered reliable and consistent results, with XGBoost 
outperforming the others in terms of MAE, RMSE and .R2. 

In conclusion, our methodology provides an effective and accurate compu-
tational framework for predicting green hydrogen production from solar energy, 
showcasing the potential of machine learning in optimizing renewable energy 
generation. The results also pave the way for future advancements that could 
improve the applicability and scalability of this technology in real-world settings. 

For future work, a key direction is to refine the LSTM model by explor-
ing architectural adjustments and conducting additional configuration tests. 
Another important step is to expand the analysis to a broader range of geo-
graphical locations with varying climatic conditions, in order to evaluate the 
model’s generalizability and ensure its effectiveness across different regions. 
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