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Abstract: In this article, forecast models based on a hybrid architecture that combines recurrent
neural networks and shallow neural networks are presented. Two types of models were developed
to make predictions. The first type consisted of six models that used records of exported active
energy and meteorological variables as inputs. The second type consisted of eight models that used
meteorological variables. Different metrics were applied to assess the performance of these models.
The best model of each type was selected. Finally, a comparison of the performance between the
selected models of both types was presented. The models were validated using real data provided by
a solar plant, achieving acceptable levels of accuracy. The selected model of the first type had a root
mean square error (RMSE) of 0.19, a mean square error (MSE) of 0.03, a mean absolute error (MAE) of
0.09, a correlation coefficient of 0.96, and a determination coefficient of 0.93. The other selected model
of the second type showed lower accuracy in the metrics: RMSE = 0.24, MSE = 0.06, MAE = 0.10,
correlation coefficient = 0.95, and determination coefficient = 0.90. Both models demonstrated good
performance and acceptable accuracy in forecasting the weekly photovoltaic energy generation of the
solar plant.

Keywords: shallow neural networks; recurrent neural networks; predictive hybrid model; photovoltaic
energy; photovoltaic energy prediction

1. Introduction

Photovoltaic energy has experienced remarkable growth worldwide due to increasing
energy demand and the imperative to reduce greenhouse gas emissions. In both the
industrial and residential sectors, this renewable energy source meets the needs of large
consumers and promotes decentralized electricity production in homes, thereby reducing
reliance on non-renewable sources and fostering a sustainable energy model. Photovoltaic
energy generation stands out for its capacity to mitigate CO2 emissions, positioning it as
an effective and expanding solution in the fight against climate change and the transition
towards a cleaner and more sustainable energy future [1,2].

The proliferation of photovoltaics has brought forth a range of challenges that ne-
cessitate attention and innovative solutions. One pertinent issue is associated with the
intermittent and volatile nature of energy generation in photovoltaic systems, which is
directly influenced by weather conditions such as solar radiation, cloud cover, and seasonal
variations. The availability and intensity of sun radiation significantly impact photovoltaic
energy generation. Although solar panels convert sun radiation into electrical energy
during the day, this generation can fluctuate considerably due to climatic changes [3].

This volatility can lead to imbalances in the photovoltaic system, and they impact
the stability of the integrated electrical grid. In large-scale solar plants, particularly those
connected to the power grid, these unforeseen fluctuations can cause significant swings
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in power generation, resulting in power quality issues and supply disruptions [4]. Apart
from the technical and system stability challenges, the volatility of photovoltaic generation
also carries economic implications. Large solar plants typically operate based on long-term
power supply contracts, and any unanticipated variation in generation can lead to contract
violations and substantial financial losses [5].

To tackle this issue, several solutions have been developed. One of these solutions
involves the utilization of short-term forecast models. These models enable the monitoring
and forecast of photovoltaic energy generation based on weather conditions and other
pertinent factors. By employing machine learning techniques, these models provide more
precise forecasts, thereby aiding in the optimization of solar plant operations and mitigat-
ing the adverse effects of generation volatility. The pursuit of technological solutions is
pivotal in alleviating the negative impacts associated with such volatility, ensuring the
efficient integration of photovoltaic energy into the power grid and fostering the sustainable
development of this significant renewable energy source [6].

Solar plants regularly measure and record the daily exported active energy (EAE)
generated by their photovoltaic panels. These plants typically have weather stations that
capture important climatic variables. By combining these data, solar plants can monitor
their production and examine the relationship between the generated EAE and local
weather conditions. However, meteorological variables inherently exhibit volatility and
uncertainty, which means that unexpected fluctuations in these parameters can lead to
variations in the power output of photovoltaic systems.

Despite the research efforts made in recent years to develop innovative models that
can predict meteorological variables relevant to photovoltaic generation, an essential step
is often overlooked: the exploratory analysis of the data before its utilization. This analysis
provides a comprehensive understanding of the data’s characteristics and patterns, yielding
valuable insights to enhance forecast models and attain more accurate and dependable results.

Accurate forecasting of photovoltaic power generation is essential for ensuring efficient
operation of solar plants. Enhancing the precision of short-term forecasts has significant
benefits, including supporting the quality of operational schedules, providing guidance
for photovoltaic maintenance, and enabling effective response to emergency situations.
Typically, the data sources used for such forecasts include weather records, numerical
weather forecasts, and historical records of EAE generated by the solar plant [6].

In recent literature, comparative studies have been conducted on recurrent neural
networks (RNN) with various structural configurations, input hyperparameters, and pre-
diction horizons [7]. Additionally, there are research efforts focused on generating forecast
models for photovoltaic energy, which can be broadly categorized into three groups:

• Machine learning techniques: use artificial neural networks (ANN), RNN, support
vector machines (SVM), and genetic algorithm (GA) techniques.

• Statistical techniques: includes forecast models based on statistical techniques such as
regression analysis, Bayesian networks, time series analysis, autoregressive integrated
moving average (ARIMA), and autoregressive moving average (ARMA) models.

• Hybrid approaches: hybrid models combine elements of statistical methods, machine
learning techniques, and physical models.

While many studies in the field of photovoltaic energy forecasting primarily utilize
machine learning techniques, particularly RNNs, due to their effectiveness in processing
time series data, it is worth highlighting the significance of initiatives that explore the de-
velopment and utilization of hybrid models for predicting photovoltaic energy production.

In terms of model validation techniques, the majority of reviewed works tend to focus
on a single metric, such as the root mean square error (RMSE). There are other important
metrics that are often considered secondary. These metrics include mean square error
(MSE), mean absolute error (MAE), mean absolute percentage error (MAPE), and Pearson’s
correlation coefficient. Additionally, these studies typically do not utilize large volumes of
data for training and validating their models [7–9].
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Extreme weather conditions pose a challenge for accurate photovoltaic energy fore-
casts, as they can result in intermittent and unpredictable volatility in photovoltaic systems.
While RNN models are effective for forecasting time-series data, they may encounter difficul-
ties when confronted with abrupt long-term climate changes. These changes can cause the
gradient to vanish during the training process of an RNN, leading to suboptimal forecasts.

In such situations, it is crucial to carefully consider the limitations and potential
drawbacks of RNN models. Alternative approaches or modifications to the traditional
RNN architecture, such as long short-term memory (LSTM) or gated recurrent unit (GRU)
models, may offer better performance and more robust forecasts in the face of extreme
weather events and long-term climate changes [9,10].

In this article, the focus is on the development of forecast models for the generation
of photovoltaic energy. It uses a base architecture described in a previous research work,
referred to as [11]. This hybrid architecture combines RNN and ANN components in two
hidden layers:

• The first layer contains neurons with LSTM or GRU recurrent units.
• The second layer is composed of shallow neurons with a multilayer perceptron

(MLP) structure.

Although this hybrid RNN–ANN architecture had already been used in the afore-
mentioned work, it only generated forecast models with a single input variable. However,
in this paper, multiple input variables are utilized in the models, and different hyperpa-
rameter configurations are explored. The input variables consist of historical EAE records
and measurements of weather variables, including solar radiation, temperature, and wind
speed, taken throughout one year. The hyperparameters are associated with the inter-
nal components of the model, including the activation function and the loss function,
among others.

Two types of models are configured. First, six models are developed that receive the
EAE records along with the weather variables as input. Second, eight models are created
that only use weather variables as input. Both types of models achieve good accuracy
in forecasting photovoltaic energy generation. The models with the best performance
indicators of each type are selected by analyzing five metrics: RMSE, MSE, MAE, correlation
coefficient, and determination coefficient. This process is accomplished through controlled
experiments and the optimization of various hyperparameter configurations. Finally, the
two models with the best performance of each type are compared. The results show that
the models using the EAE records along with the weather variables as input exhibit better
performance in most of the metrics.

The contributions of the results of this work are as follows:

• By using multiple variables as input in the generated models, the validation of the
efficient performance of the RNN–ANN hybrid architecture allows us to project the
improvement of the forecast models. This is because we can incorporate new variables
related to internal factors of the photovoltaic panels and other physical features in
subsequent works.

• The implementation, configuration, and generation of a wide variety of photovoltaic
energy forecast models through the RNN–ANN hybrid architecture.

• The general implementation of models based on the RNN–ANN hybrid architecture
stands out for its simplicity, flexibility, and applicability in various contexts, such as
wind energy forecasting or others, provided that the data sets are prepared as input
sequences for time series.

In relation to the primary studies reviewed in the related works section, this work
distinguishes itself through the following contributions:

• It provides a hybrid approach for generating forecast models, utilizing both univariable
and multivariable inputs. This approach can be further discussed to improve its
performance or combined with other RNN structures.
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• It evaluates the performance of forecast models using five metrics. This allows for an
analysis of the models’ performances from different perspectives, thereby strengthen-
ing the evaluation stage.

The article is structured as follows: the “Related Works” section provides a literature
review of the past five years, focusing on studies directly related to this work. This review
allows us to corroborate the innovation of the work carried out and the use of appropriate
techniques and metrics. The “Materials and Methods” section describes the data source,
the methodology used, the preliminary analysis of the data, as well as its preparation
and transformation. Additionally, the tool built and used to automate the entire process
of design and generation of predictive models is explained. The “RNN–ANN Models”
section presents the model design, hyperparameter configuration, and metrics used for
their assessment. Subsequently, the “Analysis of Experimental Results” section provides a
discussion of the results obtained through the selected models and performs a comparative
analysis. Finally, the article ends by stating the respective conclusions obtained from the
work carried out, as well as projections for future work. Table 1 below presents the list of
abbreviations used in this work.

Table 1. Abbreviation list.

Abbreviation Meaning Abbreviation Meaning

ANN Artificial neural network CO2 Carbon dioxide
RNN Recurrent neural network EAE Active energy exported
CNN Convolutional neural network SVM Support vector machine
LSTM Long short-term memory GA Genetic algorithm
GRU Gated recurrent units IRRAD Radiation
MLP Multi-layer perceptron TEMP Temperature

BiLSTM Bidirectional long short-term memory WS1 Wind speed
RMSE Root mean square error WANG Wind angle
MSE Mean square error KWh Kilowatt hour
MAE Mean absolute error ◦C Degree Celsius

MAPE Mean absolute percentage error W/m2 Watt per square meter
ARMA Autoregressive moving average MW Megawatts
ARIMA Autoregressive integrated moving average CSV Comma-separated values

SARIMA Seasonal autoregressive integrated moving average API Application programming interface

2. Related Works

The worldwide growth in the use of photovoltaic energy has driven the development
of various research initiatives aimed at obtaining high-precision models to forecast its
generation. Due to this, the present research work begins with a bibliographical review
of related works in this field in recent years to confirm which methodologies as well as
techniques are at the forefront of research.

Yesilbudak et al. [3] provided a bibliographic review of a methodology for the data
mining process for the forecast of electricity generation in solar plants. They presented
a general data analysis process. As a result, they returned a table that lists different
investigations that are referenced and points out the data that they use as input, as well as
the model used for the prediction. Many of the works analyzed use ANN techniques.

The work of Maciel et al. [12], evaluates the forecast accuracy of the global horizontal
irradiance, which is often used in short-term forecasts of solar radiation. The study uses
ANN models with different construction structures and input weather variables to forecast
photovoltaic energy production across three short-term forecast horizons using a single
database. The analyses were conducted in a controlled experimental environment. The
results indicate that ANNs using the global horizontal irradiance input variable provide
higher accuracy (approximately 10%), while their absence increases error variability. No
significant differences (p > 0.05) were identified in the forecast error models trained with
different input data sets. Furthermore, forecast errors were similar for the same ANN
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model across different forecast horizons. The 30 and 60-neuron models with one hidden
layer demonstrated similar or higher accuracy compared to those with two hidden layers.

In [13], a study is described that uses a time-frequency analysis based on short wave-
forms of data combined with an RNN to forecast sun irradiation in the next 10 min. This
validation allows the amount of photovoltaic energy that is generated to be estimated. The
validation results indicate that this forecast model has a deviation of less than 4% in 90.60%
of the sample days analyzed. The MSE of the final model improved accuracy by 37.52%
compared to the persistence reference model.

Carrera et al. [14] proposed the use of RNNs to forecast photovoltaic energy generation.
They designed two types of RNNs: one using weather forecast data, and one using recent
weather observations. Then, they combined both networks into PVHybNet, a hybrid
network. The final model was successful in predicting photovoltaic energy generation at
the Yeongam Solar Plant in South Korea, with an r2 value of 92.7%. These results support
the effectiveness of the combined network, which uses weather observations and forecasts.
It also outperformed other machine learning models.

In the article of Rosato et al. [15], a new deep learning approach was proposed for
the predictive analysis of energy-related time series trends, particularly those relevant to
photovoltaic systems. The objective was to capture the trend of the time series; that is, if
the series increases, decreases, or remains stable, instead of predicting the future numerical
values. The modeling system is based on a RNN of a LSTM structure, which are capable of
extracting information in samples located very far from the current one. This new approach
has been tested in a real-world case study, showing good robustness and accuracy.

The work described in [16] uses an LSTM-based approach for short-term forecasts
of global horizontal irradiance. Previous ANN and SVR results have demonstrated that
they are inaccurate on cloudy days. To improve the accuracy on these days, the k-means
clustering technique was used during data processing to classify the data into two cate-
gories: cloudy and mixed. RNN models were compared to assess different approaches, and
an interregional study was conducted to assess their generalizability. The results showed
that the r2 coefficient of LSTM on cloudy and mixed days exceeded 0.9, while RNN only
reached 0.70 and 0.79 in Atlanta and Hawaii, respectively. In the daily forecasts, all r2

values on cloudy days were approximately 0.85. It was concluded that LSTM significantly
improved accuracy compared to the other models.

The article by Hui et al. [17] proposed a hybrid learning method for weekly photo-
voltaic energy forecasting, utilizing weather forecast records and historical production
data. The proposed algorithm combined bi-cubic interpolation and bi-directional LSTM
(BiLSTM) to increase the temporal resolution of weather forecast data from three hours
to one hour and improve forecast accuracy. Furthermore, a weekly photovoltaic energy
classification strategy based on meteorological processes was established to capture the
coupling relationships between weather elements, continuous climate changes, and weekly
photovoltaic energy. The authors developed a scenario forecast method based on a closed
recurrent unit GRU and a convolutional neural network (CNN) to generate weekly photo-
voltaic energy scenarios. The evaluation indices were presented to comprehensively assess
the quality of the generated scenarios. Finally, the proposed method was validated using
photovoltaic energy power records, observations, and meteorological forecasts collected
from five solar plants in Northeast Asia to demonstrate its effectiveness and correctness.

In the study conducted by Xu et al. [18], the current state of research on renewable en-
ergy generation and predictive technology for wind and photovoltaic energy was described.
The authors proposed a short-term forecast model for multivariable wind energy using
the LSTM sequential structure with an optimized hidden layer topology. They evaluated
physical models, statistical learning methods, and machine learning approaches based on
historical data for wind and photovoltaic energy production forecasting. They examined
the impact of cloud map identification on photovoltaic generation and focused on the
impact of renewable energy generation systems on electrical grid operation and its causes.
The article provided a summary of the classification of wind and photovoltaic power
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generation systems, as well as the advantages and disadvantages of photovoltaic systems
and wind power forecasting methods based on various typologies and analysis methods.

In the article by Nkambule et al. [19], the authors introduced nine maximum power
point tracking techniques for photovoltaic systems. These techniques were used to maintain
the photovoltaic element array at its maximum power point and extract the maximum
power available from the arrays. The authors evaluated and tested these techniques under
different climatic conditions using the simulation software MATLAB SIMULINK. The
tested machine learning algorithms included a decision tree, multivariate linear regression,
Gaussian process regression, k-weighted nearest neighbors, linear discriminant analysis,
packed tree, Naive Bayes classifier, support vector machine (SVM), and RNN. The ex-
perimental results showed that the k-weighted nearest neighbors technique performed
significantly better compared to the other machine learning algorithms.

One interesting study related to the analyzed topic is presented in [20], which proposed
an improved deep learning model based on the decomposition of small wavelet data for
the prediction of solar irradiance the next day. The model uses CNN and LSTM and
was established separately for four general types of climates (sunny, cloudy, rainy, and
heavy rainy) due to the high dependence of sun radiation on weather conditions. For
certain weather types, the raw solar irradiance sequence is decomposed into sub-sequences
using discrete wavelet transformation. Each sub-sequence is then fed of a local CNN-
based feature extractor to learn its abstract representation automatically. As the extracted
features were also time-series data, they were individually input into LSTM to build the sub-
sequence forecasting model. The final results of solar irradiance forecast for each weather
type were obtained through the reconstruction of the small wavelet data of these forecast
sub-sequences. The proposed method was compared with traditional deep learning models
and demonstrated an improved predictive accuracy.

The article by Alkandari and Ahmand [21] describes the task of forecasting photo-
voltaic energy generation from weather variables such as solar radiation, temperature,
precipitation, wind speed, and direction. The authors analyzed different techniques to de-
termine the most suitable for photovoltaic energy forecasting. They proposed an approach
that combined different techniques based on RNN models and statistical models based on
their experimental results.

In [22], a data analysis process was developed to evaluate the performance of a pre-
dictive model generated using a database containing information on historical data of the
energy produced. They highlighted the importance of performing good data preprocessing
through various tasks in the initial stage of the work. They showed forecasts at different
time horizons using ANN implementations, which have been used to solve similar prob-
lems in the past. First, they evaluated the interaction between anomaly detection techniques
and predictive model accuracy. Second, after applying three performance metrics, they
determined which one was the best for this particular application.

The research by Harrou et al. [23] proposed a model based on RNN with LSTM
structure for the short-term prediction of photovoltaic energy production. The model was
evaluated using records of power generation in 24-h segments, using data from a solar
plant. The authors described the model used and highlighted its good performance during
the training stage. In further development, they indicated their intention to incorporate
weather variables into the model to further improve the model results.

The work of De et al. [24] proposed photovoltaic energy forecast models using RNNs
with LSTM units. Limited datasets of one month were used with a frequency of 15 min. The
goal was to achieve accurate forecasts with the LSTM framework. The results showed high
precision, even with limited data, and in a reasonable amount of time. The hyperparameters
were optimized, and variables such as temperature, panel temperature, stored energy,
radiation, and output power were used.

In the work of Chen et al. [25], the authors analyzed the effects of various meteoro-
logical factors on the generation of photovoltaic energy and their impact during different
periods. They proposed a simple radiation classification method based on the characteris-
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tics of the radiation records, which helps in selecting similar time periods. They employed
the time series characteristic of photovoltaic energy production records to reconstruct the
training dataset in a given period, which included output power and weather data. They
presented the development of an RNN model with neurons in a LSTM structure, which
was applied to data from two photovoltaic systems. The forecast results of this model stood
out when they were compared to four other models.

The work of Sharadga et al. [26] evaluated various RNN models for forecasting
photovoltaic energy output power using time series. Statistical techniques such as ARMA,
ARIMA, and SARIMA were compared with RNN models and their variants, such as LSTM,
BiLSTM, recurrent layer, direct RNN, MLP, and c-mean fuzzy clustering. The impact of the
time horizon on the forecasts was analyzed, and hourly forecasts were made using data
from a photovoltaic power station in China with a total of 3640 operating hours.

The study by Rajagukguk et al. [27] analyzed deep learning models for predicting
solar radiation and photovoltaics in a time series. They compared four models: RNN,
LSTM, GRU, and CNN–LSTM, considering accuracy, input data, forecast horizon, station
type, weather, and training time. The results showed that each model had strengths and
limitations under different conditions. LSTM stood out, with the best performance in terms
of RMSE. The CNN–LSTM hybrid model outperformed the independent models, although
it required more training time. Deep learning models are better suited to predict solar
radiation and photovoltaics than conventional machine learning models. It is recommended
to use the relative RMSE as a proxy metric to compare accuracy between models.

In the study provided by ref. [28], a methodology based on spectral irradiances
and GA was presented to analyze the performance of photovoltaic modules. It was
observed that the power conversion efficiency of these modules can vary, even under the
same solar radiation. A case study was carried out in Malaysia, where twelve types of
commercial photovoltaic modules were selected to simulate their conversion efficiencies
and annual energy yields. This methodology provides detailed information on local spectral
radiations and photovoltaic energy specifications, allowing for accurate analysis of module
performance.

The work cited in [29] presents a methodology to calculate the energy conversion
efficiency in organic photovoltaic cells by means of indoor measurements. A solar simulator
and the measured local solar spectrum were used, considering optical and electrical factors.
As a case study, random data of local solar spectra was collected throughout the year in
Malaysia from 8:00 a.m. to 5:00 p.m. or 6:00 p.m. This analysis provides guidance for
selecting the proper organic materials in solar cells and optimizing their performance at
specific locations.

The study conducted by Jaber et al. [30] presented a forecast model based on a gener-
alized regression ANN to compare the performance of six photovoltaic modules. Using
variables such as cell temperature, irradiance, fill factor, peak power, short circuit cur-
rent, open circuit voltage, and the product of the last two variables, 37,144 records from
247 module curves were collected under various climatic conditions in Malaysia. The
results obtained showed a high precision in the prediction of the performance of the
photovoltaic modules.

In the work of Diouf et al. [31], the impact of the operating temperature on the
performance of photovoltaic modules was analyzed. A temperature forecast model was
developed using ambient temperature and solar irradiance data obtained in a tropical
region. The proposed approach captured the temperatures of the photovoltaic modules in
different weather conditions, and they were compared with the experimentally measured
values. The results showed that the proposed models outperformed those developed by
other authors in terms of accuracy, which was evaluated using the MSE metric.

Bevilacqua et al. [32] investigated the effect of sun radiation on the temperature of
photovoltaic panels. They proposed a one-dimensional finite-difference thermal model to
calculate the temperature distribution within the panel and predict electricity production
under various climatic conditions. The results revealed that, although the temperature
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could be predicted with high accuracy, the accuracy in predicting the power output varied.
The model was validated using one year of experimental data at the University of Calabria,
demonstrating excellent agreement between power predictions and actual measurements.

In the work of Zhang et al. [33], the influence of factors on photovoltaic energy forecast-
ing was analyzed using ANN surface and small wave models. The effects of atmospheric
temperature, relative humidity, and wind speed on polysilicon and amorphous silicon
cells were examined. The experimental results revealed that atmospheric temperature had
the highest correlation with output power in polysilicon cells, followed by wind speed
and relative humidity. For amorphous silicon cells, relative humidity showed the highest
correlation, followed by atmospheric temperature and wind speed.

He et al. [34] presented a forecast model for photovoltaic energy generation that uses
a BiLSTM structure in an RNN. They selected the weather factors that affected energy
generation using the Pearson correlation coefficient. Then, the design and implementation
of the proposed model were detailed and evaluated using real data collected from a solar
plant in China. The experimental results confirmed that the model had the low forecast
error and highest accuracy of fit than the other tested models, such as SVR, decision tree,
random forest, and LSTM.

Chen and Chang [35] proposed a method to forecast photovoltaic energy based on an
RNN with a LSTM structure. They used Pearson’s correlation coefficients to analyze the
influence of external conditions on the variation of photovoltaic energy and eliminate irrel-
evant characteristics. The results of the case study showed that sun radiation, temperature,
and humidity played a decisive role in this variation. Compared with conventional ANN
algorithms, such as a radial basis ANN function and time series, the proposed method
demonstrated superior performance in terms of accuracy.

In the work of Konstantinou et al. [36], an RNN model was evaluated to forecast
photovoltaic energy generation 1.5 h in advance. Using the historical production records
of a solar plant in Cyprus as input, the model was defined and trained. Performance
evaluation was performed using graphical tools, calculating the RMSE metric, and applying
cross-validation. The results showed that the proposed model made accurate predictions
with a low RMSE value, and cross-validation confirmed its robustness by significantly
reducing the average of the obtained RMSE values.

Nicolai et al. [37] presented three hybrid models that combine physical elements with
ANNs to improve forecast accuracy. The first model uses a combination of ANNs and a five-
parameter physical model. The second model uses a matching procedure with historical
data and an evolutionary algorithm called social network optimization. The third model
uses clear sky radiation as input. These models were compared with physical approaches
and a simple forecast based on ANNs. The results demonstrated the effectiveness of these
hybrid models in obtaining accurate forecasts.

In their classic article, Hochreiter and Schmidhuber [38] addressed the challenge
of storing long-term information in RNNs and proposed a solution called LSTM. They
noted that traditional recursive backpropagation presents difficulties due to the lack of
adequate error flow. Therefore, LSTM was introduced, which utilizes special units and
multiplicative gates to maintain a constant flow of error and control its access. They claimed
that LSTM is computationally efficient and capable of learning to overcome significant time
delays. Experiments using artificial data demonstrated that LSTM outperformed other
RNN algorithms, exhibiting better performance and faster learning.

Schuster and Paliwal [39] presented the BiRNN, an extension of regular RNNs that
overcomes limitations by training in both positive and negative time directions. They
demonstrated its superior performance in regression and classification experiments using
data and artificial phonemes from TIMIT. Furthermore, they proposed a modified two-
way structure to estimate the conditional posterior probability of complete sequences
without making any explicit assumptions. The results were supported by experiments
using real data.
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Learning with RNNs in long sequences presents significant challenges. Article [40] in-
troduced the Dilated-RNN connection structure, which addresses the challenges of complex
dependencies, vanishing or exploding gradients, and efficient parallelization. The Dilated-
RNN utilizes dilated recurrent hop connections and can be combined with different RNN
cells. Furthermore, it reduces the required parameters and improves training efficiency
without compromising performance on tasks with long-term dependencies. A suitable
memory capacity measure for RNNs with long hop connections was presented. The advan-
tages of Dilated-RNNs were rigorously demonstrated, and the code is publicly available.

In [41], a quantum model was proposed that introduces a truly quantum version
of classical neurons, enabling the formation of feed-forward quantum neural networks
capable of universal quantum computing. The article described an efficient training method
for these networks using fidelity as a cost function, providing both classical and quantum
implementations. This method allows for fast optimization with minimal memory require-
ments, as the number of required qubits scales only with the network’s width, facilitating
the optimization of deep networks. Additionally, the study demonstrated the remarkable
generalization behavior and impressive resilience to noisy training data exhibited by the
proposed model when applied to the quantum task of learning an unknown unit.

Zhou et al. [42] highlighted that advantageous quantum computing and communica-
tion schemes have been proposed. However, the practical implementation of these schemes
remains challenging due to the complexity of preparing quantum states. To address this,
the authors introduced a quantum coupon collector protocol that utilizes coherent states
and simple optical elements. Experimental demonstrations using realistic equipment
showed a notable reduction in the number of samples required to learn a specific set,
surpassing classical methods. Additionally, the study explored the potential of the protocol
by constructing a quantum game that also exceeded classical limitations. These findings
highlight the advantages of quantum mechanics in the realms of machine learning and
communication complexity.

The work described in [43] introduced a novel approach for developing neural net-
works based on quantum computing devices. The proposed quantum neural network
model leverages individual qubit operations and measurements in real-world quantum sys-
tems affected by decoherence. This approach effectively addresses the challenges associated
with physical implementation by utilizing naturally occurring decoherence. Additionally,
the model employs classically controlled operations to mitigate the exponential growth
of the state space, resulting in reduced memory requirements and efficient optimization.
Benchmark tests demonstrated the model’s impressive nonlinear classification capabili-
ties and robustness to noise. Moreover, the model extends the applicability of quantum
computing and provides potential advancements in the field of quantum neural computers.

Finally, the objective of the study of Dairi et al. [44] was to develop accurate forecast
models for photovoltaic energy production. The Variational AutoEncoder (VAE) model
was used because of its performance in time series modeling and its flexibility in nonlinear
approximations. Data from two photovoltaic plants were used to evaluate the performance
of deep learning models. The results showed that the VAE outperformed other deep
learning methods and benchmark machine learning models. Additionally, the performance
of eight deep learning models, including RNN, LSTM, BiLSTM, GRU, CNN–LSTM, stacked
autoencoders, VAE, and restricted Boltzmann machine, as well as two common machine
learning models, logistic regression and support vector regression, were compared.

Based on the reviewed works, it is worth noting that RNNs are primarily used in the
context of forecast models for photovoltaic energy production in solar plants. Within RNNs,
the most used are those with a LSTM structure, followed by those based on a GRU structure.
The works analyzed can be classified into three groups according to the techniques used:

• Machine learning: this order highlights the use of RNNs, ANNs, SVMs, and GAs.
• Statistical approach: this includes linear regressions, time series analysis, Bayesian

networks, ARIMA, and ARMA.
• Hybrid approaches: these combine the two previous techniques with physical models.
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Regarding the testing of these models, it is common for these works to focus on a
single performance metric, such as RMSE. However, other metrics, such as MSE, MAE,
MAPE, and the Pearson correlation coefficient, are often overlooked. The model assessment
stage can be improved by employing a combination of metrics to measure performance.
Additionally, some works do not utilize large amounts of data for training and validation
purposes. This highlights the need for more studies with larger datasets to ensure the
accuracy and generalizability of the proposed models.

In this bibliographical review, another significant aspect stands out: the influence of
various factors on the generation of photovoltaic energy [24,28–33,37]. These factors can be
categorized into two groups:

• External factors are related to the weather, which include the intensity of solar radi-
ation, ambient temperature, and relative humidity. These factors directly affect the
generation of photovoltaic energy.

• Internal factors are components of photovoltaic modules, such as the material of the
panels and their components, including silicon and organic cells, and the influence
their performance. Sun radiation also has an impact on these factors and can cause a
temperature increase in the layers of the panels. Therefore, it is important to consider
the quality of the components when analyzing the production of photovoltaic energy.

Furthermore, recent works have focused on advancements in quantum machine learn-
ing and quantum computing. These developments have given rise to new approaches
for learning using RNNs in long sequences, training quantum neural networks, and ex-
ploring quantum communication and computing. These advancements underscore the
potential of quantum mechanics in surpassing the limitations of classical approaches in
these fields [41–43].

The main innovation of this study compared to the analyzed works is its utilization of
the RNN–ANN hybrid architecture designed and described in the previous work described
in [11]. This architecture serves as the foundation for generating forecast models of photo-
voltaic energy production. It consists of two layers: the first layer utilizes LSTM or GRU
recurrent units, while the second layer consists of surface neurons with an MLP structure.
This approach is tested with consistent input and internal configurations for predicting PV
power production.

In the previous work [11], the hybridization of this RNN–ANN architecture was
introduced to improve the models’ convergence. The results of the tests demonstrate that
using solely layers with recurrent neurons does not yield superior performance when
compared to incorporating an additional layer of shallow neurons. Although primary
studies in the literature have reviewed explored hybrid models, they have not specifically
combined RNN layers with ANN layers, as is done in this study [14,17,18,24,27,37].

Other important factors that differentiate this work from others are related to the
large volume of data used, spanning a full year of EAE production records and weather
variable measurements for the same period. Additionally, different models were generated
by considering both the EAE and weather variables as inputs, as well as using only weather
variables. The work examines several RNN–ANN hyperparameter configurations and
assesses their performance using five performance metrics.

3. Materials and Methods
3.1. Data Origin

Based on the previous research described in [11], this study generated forecast models
using records of EAE production combined with meteorological variables obtained from
meteorological stations installed inside a solar plant. The meteorological variables included
sun radiation (IRRAD), temperature (TEMP), wind speed (WS), wind angle (WANG), and
a timeline (date and time).

The data used in this work were provided by Solar Brothers SPA, the owner of the
Valle Solar Oeste photovoltaic plant. This dataset consists of more than one hundred
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thousand records of photovoltaic energy production, together with weather information
corresponding to a period of one year.

The solar plant is located in the Atacama region of Chile and occupies an area of
30.2 hectares. It is part of a project that includes three other photovoltaic plants: Malaquita,
Cachiyuyo, and Valle Solar Este. It has a generating capacity of 11.5 megawatts (MW). The
photovoltaic modules used are composed of 325-watt polycrystalline silicon and equipped
with horizontal single-axis solar trackers.

3.2. Work Methodology

The objective of this work was to develop models that can forecast the generation of
photovoltaic energy with a high level of accuracy using historical production records and
climatic measurements collected during one year. Figure 1 illustrates the general work
method used to achieve this objective.
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As shown in Figure 1, the data for this study came from two sources: one providing
EAE production records and the other providing weather variables collected from weather
stations installed inside the solar plant. To achieve the study’s objective, several operations
were performed on the data, such as integration, exploration, cleansing, filling, and trans-
formation. In addition, it was necessary to prepare an adequate data representation for
handling time series with RNN techniques.

Subsequently, forecast models were generated using the RNN–ANN hybrid archi-
tecture designed and explained in [11]. These models were created using various hyper-
parameter configurations and trained, validated, and evaluated using five performance
metrics. The models with the highest performance and accuracy were selected based on
the evaluation metrics. A comparative analysis of the models was then carried out, and the
results were interpreted.

3.3. Preliminary Analysis and Data Preparation

The dataset was stored in separate CSV files, with each file containing information
for a single month of measurement. As a result, the frequency of the records varied. EAE
measurements were taken hourly, while weather variables were measured every 5 min.

The daily production of EAE was recorded in kilowatt-hours (kWh). Weather variables
such as compensated irradiation in watts per square meter (W/m2), ambient temperature
in degrees Celsius (◦C), wind speed in kilometers per hour (km/h), and wind angle in
degrees (◦) were also available. These data are presented together with a timeline that
includes date and time.

To integrate data from both sources, an exploratory analysis was first carried out. It
was observed that the values of the weather variables did not vary substantially within one
hour. Therefore, the average value of each weather variable for each hour was established
by aligning it with the same hourly frequency of the data in the EAE variable.
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The date and time information were combined into a single column. However, a
challenge arose regarding the range of values for sun radiation due to the presence of
negative readings in some pyranometers when there was no solar radiation. Instead of
registering zero, the pyranometers registered a negative value. To address this issue, the
negative readings of sun radiation were replaced by zeros. The dataset also contained
missing data in various segments, particularly in weather variables. To address this, various
data filling techniques were applied depending on the characteristics of the variables.

Figure 2 depicts a sample of weather variable records spanning one week. The
temperature and sun radiation exhibited comparable behavior, showing a strong link.
Wind speed and angle, on the other hand, followed a chaotic and unpredictable pattern.
As a result, missing values for certain variables were handled differently. In particular,
missing values for wind speed and angle were filled with the preceding value, because the
curves of these variables indicated local patterns, and each value was strongly related to
the previous one.
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In the case of variable temperature and sun radiation, methods for filling in time series
from different authors have been reviewed [45–48]. However, for this work, it was decided
to use the technique described in [49] due to its simplicity of application and because it
does not affect the performance of forecast models. This method involves completing the
missing data based on the average. Each missing value was replaced by the average of
the values of the seven days before or after, corresponding to the same time of day. For
example, if the temperature value for 14 June at 10:25 a.m. was absent, the average of the
temperature values at 10:25 a.m. of the seven days before was calculated, from 7 to 13 June.
The value resulting from this calculation was used to replace the missing data. This method
respects the local and daily trends of the variables. It was valid and could be carried out, as
the missing data segments did not exceed 288 records. These methods were selected for
their speed of execution and satisfactory results for relatively small missing segments.

On the other hand, the electrical variable EAE does not have missing values. However,
it does present negative outliers in some records, which are not meaningful in this type
of data. It is presumed that this anomaly can be attributed to the measuring instrument
used. To solve this problem, the negative values are replaced with their absolute values,
considering that the magnitude at the affected points aligns with the expected values.

Extreme values are identified in the EAE variable, and an analysis is carried out to
establish a threshold limit within its range of values. Taking into account that the maximum
power registered in the solar plant is approximately 9 MW, a threshold of 10 MW is defined.
Because these cases are uncommon, values greater than 10 MW are replaced by the first
value belonging to the 99th percentile of all records for this variable.
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Additionally, as shown in Figure 3, the monthly generation of EAE by the solar plant
during the observation period was examined. It can be seen that the months with the
highest photovoltaic energy output, which run from October to March, must correlate to
the spring and summer seasons in this location. In the autumn and winter seasons, the
months of decreasing outputs were from April to September. This was primarily due to the
sun radiation behavior at these sites, which is closely related to the EAE produced.
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As mentioned above, the raw data was separated into different files per month. There-
fore, a data integration task was initially performed by processing each file. Pre-processing
tasks were performed for each variable. Once completed, the processed data were inte-
grated into a single table containing all records for the work period, ordered chronologically.

3.4. Data Transformation

Once the previous data preparation has been completed, ad-hoc transformations must
be carried out for appropriate use by the RNN technique. These transformations should be
based on the characteristics of the technique and the model to be obtained. Both the inputs
and the structure of the model must be prepared, and the dataset should be divided before
moving on to the modeling process.

For this particular work, it was necessary to transform the data into a supervised
structure, as RNN models require training that is defined by input and output labels.
Furthermore, the research data was accompanied by a timestamp, and the research objec-
tivewas to make time-based predictions.

Therefore, it was decided to define the inputs of the model as time series, which means
that each input is composed of a sequence of n records. The models were trained, taking
into account that for an output dt, there is an input that covers several records from dt−1 to
dt−n. The data were transformed based on the size of the input and output streams. This
process was performed iteratively. As a result, the data were restructured into input and
output pairs, as shown in Figure 4.

It is common for such transformations to undergo multiple changes during the data
analysis process, typically due to modifications to the model or during the evaluation stage.
These changes often involve adjusting the sizes of the input and output sequences.

Finally, it is necessary to apply normalization to the data so that they can be re-
scaled and managed within the same range, which minimizes the effect of variation or
noise. One of the most commonly used types of normalization is the minimum–maximum
normalization, which involves transforming each data point according to the following
equation:

x′ =
x− xmin

xmax − xmin
(1)

This process is carried out independently for each variable, as they each have their
own range and scale. Once the model results are obtained, they must be inverted or
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denormalized to obtain the values in the original scale. For this work, standardization is
used, since it yields better results.
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3.5. Model Generation Tool

A computational tool was developed to automate the entire process, starting from data
extraction and cleansing, to data preparation and transformation, as well as the generation
of forecasting models with their corresponding graphs, model training and validation, and
performance evaluation using various metrics. This tool provides a general framework for
carrying out time series forecasting tasks and can be adapted to different scenarios and
data sources.

For the development of this tool, the Python programming language was used in
conjunction with the TensorFlow framework. The latter offers a comprehensive set of open-
source libraries and resources to facilitate machine learning development. Additionally, the
Keras API was used, which is one of the main components of TensorFlow and covers each
step of the machine learning workflow.

As an input, the tool requires two files: one with the training and validation dataset
and another with the configured hyperparameters. For each execution, the tool generates
two output files. The first file contains the generated model and its graphs of loss, forecast,
and dispersion function curves, comparing the forecast data with the actual data on the
weekly production of EAE. The second file contains the results obtained for each of the
metrics applied to the model.

This method of building the computational tool provides flexibility and generalization
of the inputs. For example, it allows for the reconfiguration of hyperparameters to obtain a
different model, changing the data set, or both inputs simultaneously.

4. RNN–ANN Models

This work is based on a hybrid RNN–ANN architecture that was designed in the pre-
vious section of this study and thoroughly described in [11]. The RNN–ANN architecture
is made up of two hidden layers: the first uses recurrent neurons with LSTM or GRU units,
and the second layer is composed of shallow neurons organized in an MLP structure. The
significance of this architecture lies in its pre-existing and tested structure for generating
forecast models of photovoltaic energy production using a single input variable. However,
in this implementation, it has been configured to accommodate multiple variables as input
for the models.

The contributions of this work build upon the previous part of this research by fo-
cusing on the validation of the RNN–ANN hybrid architecture through the generation
of models that incorporate multiple input variables, as well as the exploration of various
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hyperparameter configurations. The variables used as inputs for the models included
historical EAE records, as well as available weather variables such as sun radiation, tem-
perature, and wind speed. These data corresponded to records collected throughout one
year. In addition, the hyperparameters of the internal components of the model, such as
the activation function and the loss function, were also fitted.

Different controlled experiments are conducted to obtain the models with the best
performance, evaluated using a combination of appropriate metrics. Two types of models
are generated for this purpose:

1. Models with EAE records and weather variable measurements as input variables,
accompanied by a timeline;

2. Models that solely use weather variables as input variables, accompanied by a timeline.

To improve the performance of a model, it is important to configure several hyperpa-
rameters based on its features. For example, the number of neurons in the hidden layers
can vary depending on whether the model has a single input variable or multiple input
variables. Similarly, the number of batches and the activation function may need to be
adjusted based on the number and type of input variables.

4.1. Models with EAE and Weather Variable Inputs

When configuring models, all necessary hyperparameters are considered, including
the size of the input and output sequences, the division of the data set for training and
validation, the type and number of recurring neurons in the hidden layers, and the batch
size, activation functions, loss function, learning rate, optimizer, and performance metrics.
Table 2 presents the hyperparameters used in the preliminary or test models. This aids in
the identification and selection of optimal values for the final model configuration in this
study. These adjustments were made through a series of experiments.

Table 2. Configuration of the models with all the variables.

Hyperparameters Configuration

Number of recurrent neurons 100
Activation function Relu

Loss function Huber
Optimizer Adam

Input sequence size 72
Dataset split 80% training, 20% testing

It is important to highlight that in the preliminary tests of the models using the entire
provided dataset, undesired overtraining phenomena were observed when a training
process of 100 epochs was defined. Therefore, after several tests, the number of epochs was
set to 20, as the models were able to stabilize with this number.

Considering the exploratory analysis of the meteorological variables described in
Section 3.3 and depicted in Figure 2, the decision was made to exclude the wind angle
variable (WANG) from the models. This is attributed to its chaotic behavior and the absence
of a direct relationship with the sun radiation and temperature variables. Thus, for model
generation, only the following variables will be utilized: EAE, IRRAD, TEMP, WS, and
Timestamp (date and time).

Starting from this base model, new experiments were carried out using different
configurations for each hyperparameter until the results were within a good level of
forecasting and acceptable ranges in the evaluation metrics were achieved. Based on
the results obtained for each hyperparameter, models with the best performance were
pre-selected, as shown in Table 3. Regarding the hyperparameter number of inputs, two
types of models were selected: those with three input variables (EAE, IRRAD, and TEMP),
and those with four input variables (EAE, IRRAD, TEMP, and WS), which were always
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accompanied by a timestamp. For all these models, 20 recurrent neurons and a dataset split
of 90% for training and 10% for testing were used.

Table 3. Pre-selected models.

Models Activation
Function

Loss
Function Optimizer Input

Sequence Size
Number of

Inputs

Model 1 Relu MSE RMSprop 72 3
Model 2 Relu LogCosh RMSprop 72 3
Model 3 LeakyReLU MSE RMSprop 72 3
Model 4 LeakyReLU MSE RMSprop 24 3
Model 5 LeakyReLU MSE RMSprop 24 4
Model 6 LeakyReLU MSE Adam 24 4

The results of the metrics for these models are presented in Table 4, where the best
performance is compared to the other previously tested models.

Table 4. Metric results of preselected models.

Models Correlation
Coefficient

Determination
Coefficient MSE MAE RMSE

Model 1 0.962988 0.927196 0.045359 0.107983 0.212976
Model 2 0.963756 0.927210 0.043488 0.103623 0.208519
Model 3 0.962180 0.924341 0.040797 0.094496 0.201982
Model 4 0.965271 0.931373 0.039147 0.090114 0.197855
Model 5 0.964508 0.930250 0.040490 0.092352 0.201220
Model 6 0.960609 0.921630 0.043614 0.100860 0.208840

Figures 5 and 6 graphically present the results obtained from running the six prese-
lected models with the indicated hyperparameter configurations. Models 1 and 4 stand
out for their level of forecasting accuracy, closely resembling the actual curve of the EAE
production data. However, Model 4 achieved the best results in all metrics. It exhibited
the highest correlation coefficient (0.965271) and determination (0.931373), as well as the
lowest errors (MSE = 0.039147, MAE = 0.090114, RMSE = 0.197855). This allowed us to
deduce that the RNN–ANN hybrid architecture, with a smaller input sequence, achieves
better performance in the models it generates.
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In general, a reliable approximation to the actual production of EAE was noted, with
the main failures occurring on very isolated days with irregular weather phenomena.
Furthermore, it was observed that Model 6, despite not yielding the best metrics results,
was the most stable and presented fewer disturbances during hours of absent sun due to
the Adam optimizer used to implement this model.
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The loss function of these models is shown in Figure 7, where an appropriate behavior
can be observed for each model, as their training and testing curves converge in most cases,
despite the small number of epochs used in training. Model 2 stands out due to its use of
a different loss function, and the models that received an input sequence of 72 elements
tended to undergo slight changes during the training process.
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4.2. Models with Only Weather Input Variables

For this type of model, experiments were also conducted to analyze which input
variables were most appropriate. A base configuration was established to generate these
models, with the main difference being the size of the input sequence. One set had a size of
72 elements, and the other had a size of 24 elements. A combination of input variables was
also used. Table 5 presents the configuration of the hyperparameters for the base model.

Tables 6 and 7 show the results of the metrics achieved by the models with input
sequence sizes of 72 and 24 elements, respectively, for different combinations of weather
variables. In both cases, it was confirmed that the best combination of input variables was
sun radiation and temperature, which achieved the best results in performance metrics
such as the correlation coefficient and determination coefficient.
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Table 5. Model setup with only weather variables.

Hyperparameters Configuration

Number of recurrent neurons 20
Activation function Relu

Loss function LogCosh
Optimizer RMSprop

Input sequence size 72/24
Data set split 90% training, 10% testing

Table 6. Results with a sequence size of 72 in the input.

Inputs Correlation
Coefficient

Determination
Coefficient MSE MAE RMSE

IRRAD, TEMP, WS 0.945908 0.888276 0.064001 0.114441 0.252984
IRRAD, TEMP 0.952505 0.906126 0.063654 0.121831 0.252297

IRRAD, WS 0.941199 0.868623 0.070948 0.127403 0.266360
TEMP, WS 0.893265 0.795375 0.129587 0.188416 0.359982

Table 7. Results with a sequence size of 24 in the input.

Inputs Correlation
Coefficient

Determination
Coefficient MSE MAE RMSE

IRRAD, TEMP, WS 0.950260 0.901154 0.061535 0.110532 0.248053
IRRAD, TEMP 0.951835 0.904166 0.060122 0.108557 0.245197

IRRAD, WS 0.940340 0.882897 0.065238 0.115602 0.255417
TEMP, WS 0.900719 0.806981 0.129571 0.186893 0.359959

Figures 8 and 9 display the daily forecasts obtained by these models for input sequence
sizes of 72 and 24 elements, respectively. These graphs confirm that the combination of
radiation and temperature variables provided a higher level of forecast accuracy.
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5. Results and Discussion

It was possible to develop models to accurately forecast the weekly production of
photovoltaic energy based on historical records of EAE and meteorological measurements,
both accompanied by a timeline. The different related works analyzed in Section 2 were
used as a reference. Specifically, the studies carried out in [25,26] were discussed due to
their relevance to this research.

The main achievement of this work was to validate the RNN–ANN architecture for
generating forecast models with multiple input variables. These models demonstrated
high accuracy in forecasting photovoltaic energy generation using EAE production records
and weather measurements collected over the course of a year.

There are hyperparameters that must be properly configured for the RNN–ANN
forecast model. Many preliminary experiments were carried out from a base model with
the goal of determining the appropriate hyperparameter configurations to generate the
final forecast models. The experimental part of the work focused on generating two types
of models based on the input variables.

The first type of model utilized the EAE variable, along with the IRRAD, TEMP, and
WS weather variables. It used 20 recurrent neurons and divided the dataset into 90% for
training and 10% for validation. The configurations are shown in Table 3. Six models of
this type were obtained, which yielded good results in the evaluation metrics applied, as
shown in Table 4.

For the second type of model, only weather variables were used, and eight models
were obtained with different combinations of these variables, differentiated only by the
input sequence size. The hyperparameters used for these models included 20 recurrent
neurons and a 90% training and 10% validation data set split, which are shown in Tables 5–7.

The models of the second type yielded lower values in their metrics compared to the
models of the first type, which can be observed by comparing Tables 4, 6 and 7. This result
was expected, as the absence of the EAE variable as input made the model more prone
to issuing output distortions. However, the obtained models could forecast photovoltaic
energy generation in solar plants using conventional weather forecasts.

Table 8 shows the metrics results for the models with the best performance in each
type. Model 4 excelled in all metrics for the first type, while the model that forecasted from
the combination of solar radiation and temperature variables obtained the best results for
the second type.



Energies 2023, 16, 5093 20 of 25

Table 8. Selected models for each type.

Selected Models Correlation
Coefficient

Determination
Coefficient MSE MAE RMSE

Model 4 (of Table 4) 0.965271 0.931373 0.039147 0.090114 0.197855
Model with IRRAD

and TEMP (of Table 7) 0.951835 0.904166 0.060122 0.108557 0.245197

Although both models were able to forecast the weekly production of photovoltaic
energy, they presented small errors and differences in some observed intervals. However,
when comparing the results with those obtained in the works most closely related to this
research (Che et al. [25] and Sharadga et al. [26]), it was found that Model 4 improved an
average of 60% in the RMSE metric shared by both works, while the model of the second
type improved in the RMSE metric by 45%. These results can still be improved upon by
increasing the volume of data and extending the forecast period.

Figures 10 and 11 illustrate select results of the chosen models, as indicated in Table 8.
In each figure, Graph (a) displays the weekly forecast for the months of May and June, while
Graph (b) presents a scatterplot comparing the predicted values to the actual values of the
solar plant’s weekly EAE production. In the scatterplots, the red line represents the linear
trend of EAE production in both the actual and forecasted data. The blue dots represent
the spread of the forecasted data relative to their corresponding real EAE production data.
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When Figures 10a and 11a are compared, it is clear that both models are capable of
accurately estimating weekly photovoltaic energy production while maintaining a behavior
similar to the real data curve. However, the model that combines the EAE and weather
variables (model 4 in Table 4) showed higher precision and a better fit to the real data curve
across the entire observed time.

Similar patterns can be observed in the scatter diagrams of Figures 10b and 11b.
Although both models showed a clear correlation between the forecast and real data, Model
4 excelled with the EAE and meteorological variables as input, as it had less data dispersion
points with regard to the real values. This was quantitatively confirmed by the correlation
coefficients (0.965271) and determination (0.931373) shown in Table 8 compared to the
same metrics obtained by the model that only used meteorological variables (correlation
coefficient: 0.951835, determination: 0.904166). In addition, Model 4 surpassed the model
of the second type in the other metrics by approximately 35% in the MSE, 10% in the MAE,
and 20% in the RMSE.

To complement this analysis, Figure 12 presents a visual representation of the forecast
errors of Model 4, which was selected as the best model in this study. The boxplot shows
the distribution of errors for the training and test sets using the MSE metric. These errors
are acceptable and support the reliability of the quantitative analysis performed. In this
graph, the circles that appear represent outliers. The red line represents the third quartile,
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which means that 75% of the error values are less than or equal to the value at the top of
the box.
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Overall, it can be concluded that for weekly analysis, the models that incorporated
the EAE variable provided better forecast results compared to the models that only used
meteorological variables as inputs. This suggests that the EAE variable is a relevant factor
to consider when predicting the production of photovoltaic energy.

6. Conclusions

The forecast models are useful for solar plants and their operators, allowing efficient
planning to balance the generation and consumption of photovoltaic energy. Improving the
accuracy of these models is essential to obtain more reliable estimates of energy production,
which can be integrated into existing electrical systems. In this study, it was possible to
confirm and validate the previously described RNN–ANN hybrid architecture described
in [11]. This approach generates forecast models of the weekly production of photovoltaic
energy in a solar plant with a high degree of accuracy using multiple input variables. Two
types of models were developed: one that uses EAE records and climate variables, and
another that uses only climate variables. Both types of models achieved good accuracy
in forecasting weekly energy production. Model 4 of the first type obtained the best
results across all of the applied metrics (RMSE = 0.19, MSE = 0.03, MAE = 0.09, correlation
coefficient = 0.96, and determination coefficient = 0.93). Although the selected model
of the second type presented a lower precision in some metrics (RMSE = 0.24, MSE =
0.06, MAE = 0.10, correlation coefficient = 0.95, and determination coefficient = 0.90), it
still showed a positive performance for making predictions. Compared with results of
works directly related to this research ([25,26]), Model 4 showed improvements of 60%
in the RMSE metric shared by both works, while the model of the second type exceeded
an average of 45%. This work also stands out for the use of a large dataset (more than
100,000 records) for model training and validation, which contributed to its good level
of precision. In addition, a computational tool was developed for the implementation
of the models and experiments, which stands out for its simplicity and flexibility in the
generation of different forecast models. Due to the generality of this tool, it can be applied
to other contexts such as wind energy forecasting or others, adjusting the input data and
hyperparameters according to the transformations described in Section 3.4.

As a future work, the architecture, performance, and accuracy of the models can
be improved. This can be done by generating new models with different configurations
and RNN structures using various combinations of hyperparameters. The data set for
training and validation can also be increased by incorporating additional records. Another
interesting line of research would be to integrate physical aspects, such as the internal
composition of the photovoltaic modules or the temperature generated by sun radiation in
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these components. Finally, the application of this approach to other sources of renewable
energy can be explored.
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