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Abstract
This article describes an approach applying computational intelligence methods for the problem of forecasting solar

photovoltaic power generation at country level. Precise forecast of power generation plays a vital role in designing a

dependable photovoltaic power generation system. The computed predictions enable the implementation of efficient

planning, management, and distribution strategies for the generated power, ultimately enhancing the performance and

efficiency of the system. The study analyzes and compares artificial neural network approaches for a specific case

study using real solar photovoltaic power generation data from Uruguay in the period 2018 to 2022. Several artificial

neural network architectures are evaluated for forecasting. The main results indicate that the approach applying a com-

bination of Encoder-Decoder and Long Short Term Memory artificial neural networks is the most effective method for

the addressed forecasting problem. The approach yielded promising results, with an average mean error value of 0.09,

improving over the other artificial neural network architectures. Even better results were obtained for sunny days.

The generated forecasts hold significant value for its application in planning and scheduling processes, aiming to enhance

the overall quality of service of the electricity grid.
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Introduction
In the crucial fight against climate change, renewable energy
sources such as wind and solar power have gained significant
importance due to their contribution to reducing greenhouse
gas emissions. However, the integration of renewable
energy sources into the electricity grid faces challenges due
to their variability, intermittency, and low predictability
(Halamay and Brekken, 2010). To overcome these chal-
lenges, precise and reliable predictions of renewable energy
generation are crucial. These predictions play a vital role in
enabling effective integration into smart grid operations, opti-
mizing energy management, and ensuring the stability and
reliability of the electric grid (Worighi et al., 2019).

In the last twenty years, there have been notable
advancements in the development of forecasting models
for renewable energy generation. These models utilize
various data sources, such as historical energy production
data, weather forecasts, and other relevant useful informa-
tion. Computational intelligence models play a crucial
role for the accurate prediction of the output of renewable
energy sources (Zhang et al., 2022b). The main benefits

of precise predictions of renewable energy generation are
substantial, including enhanced grid reliability, decreased
energy costs, and improved integration of renewable
energy. Specifically, accurate prediction of power output
is crucial in the design of reliable photovoltaic power gen-
eration systems. This capability facilitates effective plan-
ning, management, and distribution of generated power,
ensuring optimal performance and efficiency of the
system (Dashti and Rouhandeh, 2023; Dudek et al., 2023;
Wang et al., 2022).

This article focuses on the utilization of computational
intelligence models, specifically Artificial Neural
Networks (ANN), for predicting solar photovoltaic power
generation. A specific real case study is addressed, to
predict solar photovoltaic power generation in Uruguay,
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using real data.. The research is part of a collaboration
between Universidad de la República, Uruguay and the
National electricity company (Administración Nacional de
Usinas y Trasmisiones Eléctricas, UTE) to explore the
application of computational intelligence models and their
integration into complex optimization and operational
tools for the smart grid. The study incorporates various
data sources, using actual data spanning the period from
2018 to 2022.

The addressed subject is very important for Uruguay.
According to the Latin American Energy Organization
(www.olade.org, September 2023), Uruguay has achieved
remarkable advancements in its electricity grid transition
towards renewable energy sources. Renewable electricity
generation in the country is over 85% of the energy mix,
making Uruguay the sixth-ranked nation globally in terms
of renewable energy share. The use of effective forecasting
tools for renewable energy generation enables the develop-
ment and optimization of operational strategies, ensuring
reliable and high-quality service within the framework of
smart grid principles (Aguiar and Pérez, 2023).

Several ANN architectures are studied in the analysis,
including Convolutional Neural Networks (CNN), Long
Short Term Memory (LSTM), a combination of CNN and
LSTM (CNN+LSTM), convolutional LSTM (ConvLSTM),
and an hybrid combining Encoder–Decoder and LSTM
(ED-LSTM). The different models are evaluated considering
their accuracy to solve the problem. The experimental assess-
ment of the computational intelligence techniques demon-
strates its effectiveness in forecasting. The primary findings
reveal that the hybrid ED-LSTM approach computed an
average Root Mean Square Error (RMSE) metric of 0.09,
competitive with results from the related literature and improv-
ing over the other artificial neural network architectures
studied. The generated forecasts serve as valuable inputs for
stochastic optimization models, enhancing the planning and
scheduling processes and ultimately improving the quality
of service that the electricity grid provides to citizens.

This article extends our previous conference article
“Forecasting solar photovoltaic power generation: a real-
world case study in Uruguay” (Sergio Nesmachnow and
Risso, 2023), presented at VI Iberoamerican Congress on
Smart Cities (ICSC-CITIES). New scientific contents
include: i) an, in-depth description of the addressed problem
and review of related works, ii) the study of five ANN archi-
tectures, following standard and hybrid approaches iii) an
exhaustive experimental evaluation of each studied ANN
architecture; and iv) the comparison of approaches and the
determination of a new best ANNmodel for solar photovoltaic
power generation forecasting, significantly improving the
accuracy over the previous published approach.

The structure of the article is as follows. Next section
provides an overview of the renewable energy generation
forecasting problem, including a review of relevant litera-
ture. Special attention is given to the case study conducted

in Uruguay. Then, the next section outlines the proposed
approach and provides in-depth details of the implemented
ANN models. The following section reports the experimental
evaluation of the proposed approach for solar photovoltaic
power generation forecasting. The obtained results are
reported and discussed. The last section presents the research
conclusions and outlines potential areas for future work.

Forecasting solar photovoltaic generation
This section describes the main characteristics of the fore-
casting problem at hand and reviews pertinent research
works that are relevant to the studied topic.

Problem description
The forecasting of electricity generation is a crucial
problem within the novel smart grid paradigm (Alsirhani
et al., 2023; Kaur et al., 2022). Accurate forecasting
allows reducing the impact of variability on important chal-
lenges associated with common strategies applied in smart
grids (e.g., demand-side management and load shedding). A
key challenge in current data-driven smart grid systems lies
in efficiently managing forecasting while minimizing predic-
tion errors, taking into account the inherent uncertainty of
renewable energy sources. This is essential for overcoming
obstacles and ensuring effective operation of the grid.

The focal point of the proposed study involves forecast-
ing the time series data of solar photovoltaic power gener-
ation in Uruguay. The prediction is to be accomplished by
utilizing actual data provided by the state-owned national
electricity utility, UTE.

In Uruguay, UTE has been at the forefront of renewable
energy forecasting efforts. UTE uses a combination of
weather forecasting models, historical energy production
data, and machine learning algorithms to predict renewable
energy generation with high accuracy. The benefits of the fore-
casting efforts by UTE are numerous, including improved grid
reliability, reduced energy costs, and increased renewable
energy integration. In summary, accurate forecasting of
renewable energy generation is essential for Uruguay to con-
tinue its transition towards a more sustainable and reliable
energy system. The efforts of the country in this area, led by
UTE, serve as a model for other countries seeking to integrate
renewable energy sources into their electricity grids.

In the considered real-life problem, it is essential to calculate
precise forecasts for each hour within a three-day horizon (72
hours) to guarantee a proper and accurate scheduling and allo-
cation of available electricity generation resources to meet the
demand. The forecasts are crucial for making informed deci-
sions in the power system, regarding the optimal utilization of
resources. The related scheduling and control problem concerns
the operation of power plants, including determining the appro-
priate power output for each plant and dispatching the generated
electricity to meet the load demands. This problem plays a vital
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role in ensuring the reliable and efficient functioning of the
power system. By minimizing costs, enhancing grid reliability,
and facilitating the integration of renewable energy sources, the
scheduling and control problem contributes to the overall opti-
mization of the power system.

Based on the selected forecasting horizon, the problem is
classified as a long-term forecast, as defined by Ahmed
et al. (2020). Some researchers have explored long-term
forecasting over periods ranging from one month to one
year, to capture seasonal variations and specific climate or
generation patterns, but the common categorization typically
considers forecasts beyond a 24-hour horizon as long-term
(Ren et al., 2015). This kind of forecasting problem poses a
greater level of difficulty compared to other forecasting pro-
blems for photovoltaic power generation, which has been
often addressed successfully in previous studies.

The multi-hour forecasting problem presents greater com-
plexity compared to short-term (up to six hours) and medium-
term (six hours to a day) forecasting problems. As the forecast-
ing horizon extends, the prediction error tends to increase. In
other words, the accuracy of the forecast diminishes as the
time horizon extends, making it more challenging to accur-
ately predict electricity demand or other relevant factors for
later hours within the forecast period.

In turn, the addressed problem is a multi-hour forecasting
problem. In this case, the forecasting tool is required to
predict a sequence of multiple values for the time series of
solar photovoltaic power generation in Uruguay. The available
data for making these predictions includes past observations of
solar photovoltaic power generation collected by the
Supervisory Control And Data Acquisition (SCADA)
system of UTE, as well as estimations provided by the
global service provider Meteologica (www.meteologica.
com/, December 2023) based in Spain. These estimations
are computed using numerical weather prediction models.

Multi-hour forecasting presents greater complexity com-
pared to forecasting problems with shorter horizons, e.g.,
short-term (commonly, from one to six hours) and medium-
term (from six to twenty-four hours). As the forecasting
horizon extends, the prediction error tends to increase. It
means that the accuracy of the forecast diminishes as the
time horizon extends, making it more challenging to accur-
ately predict electricity demand or other relevant factors for
later hours within the considered forecast period.

Related work
Numerous academic articles have delved into the addressed
subject, highlighting the significance of renewable energy
forecasting in the realm of energy management, especially
under the smart grid paradigm. Accurate predictive tools for
renewable power help utilities to better manage energy
portfolios and reduce the cost of energy generation.

In the context of solar photovoltaic power forecasting, a
recent publication by Iheanetu (2022) has examined various

methodologies, including ANNs, metaheuristics, fuzzy
logic, and hybrid models applied to solve the problem.
The review studied different approaches, the use of data
analytic techniques, and summarized the main metrics to
evaluate the prediction quality of software-based
approaches. The majority of the studies reviewed in the
publication primarily concentrated on short-term solar
power forecasting. According to the review by Iheanetu
(2022), the methods studied in this article fall into the cat-
egories of indirect forecasting (i.e., including external infor-
mation such as weather in the model), medium/long-term
horizon forecasting, and regional forecasting (i.e., at
country level).

Ding et al. (2011) applied ANN and a similarity method
to predict the power output of a photovoltaic system for the
following day. The similar day selection method considered
forecasted information to take into account different weather
conditions. The evaluation was performed for a 15kW array
photovoltaic system located in Oregon, USA. Publicly avail-
able historical and forecasted weather data were considered
in the study. A minimum value of the forecasting error
(Mean Absolute Percentage Error, MAPE) of 10.1% was
obtained for sunny days and the error increased significantly
(a minimum of 18.9%) on rainy days. Zhu et al. (2015)
applied a combination of ANN and wavelet decomposition
for the prediction of solar power generated by photovoltaic
plants. The proposed model used a solar irradiance model
and meteorological variables. The hybrid method works as
follows. First, the wavelet decomposition technique is
applied to decompose the output power of the photovoltaic
plant to separated useful information from noise. Then, one
ANNs is applied to build a model for each of the components
of the output power. Last, the ANN outputs are reconstructed
to get the predicted output power for the plant. The method
was evaluated for a single case study. The hybrid model
was able to improve over baseline results computed using
only the ANN. RMSE values ranged from 7.2% (for clear
days) to 16-19% (cloudy and rainy days), improving 2%
and 3% over the baseline results.

El hendouzi et al. (2020) applied different ANN models
for very short-term solar power forecasting for small photo-
voltaic installations.(2 KWp, 3KWp, and 60KWp) in
Morocco. The computed RMSE values for a set of small
case studies were in the range of 8%–11%, when applying
a nonlinear autoregressive ANN with exogenous inputs.

Zhang et al. (2018) studied ANN models, namely a
multilayer perceptron (MLP), a CNN, and a LSTM, for pre-
dicting the short-term power generation of a single photo-
voltaic panel, under clear, partially cloudy, and overcast
conditions. The comparative analysis for a single case
study in Kyoto, Japan, showed that MLP improved 7%
the RMSE metric over a standard persistence method.
The CNN improved 12% and the LSTM improved 21%
over the baseline. Partially cloudy days were the most dif-
ficult to forecast, yielding RMSE values between 203.5W–
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321.8W, RMSE reduced to 76.5W–183.9W for overcast
days and to 15.3W–36.8W for clear days.

Some studies have highlighted the importance of renewable
energy forecasting in Uruguay, especially considering that the
country has gained worldwide recognition for its significant
achievements in the utilization of renewable energy sources.
The application of computational intelligence methods for fore-
casting solar power generation is recent. Specific analysis have
been performed for case studies in Uruguay and nearby regions.

Theocharides et al. (2019) applied ANNs for forecasting
photovoltaic generation up to one hour ahead with a granularity
of ten minutes, considering different input data for a single
photovoltaic power plant. Themodelswere trained and validated
using data from a period of two years for a 50MW photovoltaic
power plant in Salto, Uruguay. The best results were obtained by
a method using AC power, elevation, and azimuth angles, with
normalized RMSE between 7.6% (for 10 minutes ahead fore-
casting) and 14.2% (for 60 minutes ahead forecasting).

Fraccanabbia et al. (2020) proposed a forecasting model
for photovoltaic power generation, using base and meta
learning techniques methods and the stacked ensemble
approach. The evaluation was performed over a database
collected in a photovoltaic plant in Artigas, Uruguay. The
best results were computed by an hybrid combining
Correlation Matrix and Language Model for MAPE, R2,
and RMSE metrics, but the study only used 431 samples
collected every 10 minutes in a period of three days.

Regarding the application of the forecasting results, our
research group has developed research related to relevant
management and control problems that benefit from an
accurate and reliable predictions of the available solar
photovoltaic power generation. Results are useful to fit
short-term renewable energy bands, to be used in planning
and scheduling by considering the intrinsic randomness of
renewable energy sources (Risso and Guerberoff, 2021).
In Uruguay, knowing in advance the availability of renew-
able energy is crucial to promote its utilization in both resi-
dential customers (Nesmachnow et al., 2021; Chavat et al.,
2022; Porteiro et al., 2023) and large electricity consumers,
such as automated and smart buildings (Nesmachnow et al.,
2021; Porteiro et al., 2021; Rossit et al., 2022), industrial
facilities (Porteiro et al., 2020), and datacenters (Muraña
and Nesmachnow, 2021), among others.

ANN models for solar photovoltaic power
generation forecasting
This section describes the overall strategy applied for forecasting
and the details of the ANN architectures considered in the study.

Overall strategy of the predictive approach
Predictive models based on neural networks were devel-
oped, employing different architectures to capture and

model different characteristics of the input time series.
The overall approach was applied to forecast of solar photo-
voltaic power generation, with specific modifications in the
implementation for each studied model.

The developed predictive approach follows a multi-step
strategy, aligned with the research goals. The multi-step
prediction horizon considered for the approach is 72
hours, which aligns with the defined objectives of the
related planning problem for the smart grid.

The related literature has offered various strategies to
address multi-step ahead forecasting, as discussed by
Alkhayat and Mehmood (2021). The two most commonly
used approaches are recursive and direct forecasting. In
the recursive approach, the first predicted value serves as the
input for the subsequent step, potentially leading to error accu-
mulation. Conversely, the direct approach encompasses two
different implementations: creating separate models for each
forecasting step or constructing a single model capable of
accepting multiple inputs and generating multiple prediction
outputs. The latter approach, which is named as the
sequence-to-sequence method, offers the advantage of
reduced computational time. In the proposed model for pre-
dicting solar photovoltaic power generation using ANN, the
direct approach is employed, utilizing multiple inputs and gen-
erating multiple outputs.

The predictive model adopts a multivariate approach,
incorporating the time series of a configurable number of
past solar photovoltaic power generation observations as
inputs during the learning process. Furthermore, the set of
numerical estimations already available at the step in
which the prediction is to be made is included as a covariate
in the learning process. The input data is carefully pro-
cessed and formatted to align with the expected input
format of each ANN and with the specification of the train-
ing model utilized in the development.

Five ANN architectures were analyzed: LSTM, CNN,
CNN+LSTM, ConvLSTM, and ED-LSTM. These models
were selected as they have been successfully applied for
the prediction of renewable energy generation in related
works (Ding et al., 2011; Iheanetu, 2022; Theocharides
et al., 2019; Zhang et al., 2018).

The ANNs were implemented in Tensorflow, using the
Keras framework (https://keras.io/, December 2023). The
specific features of each studied ANN architectures are pre-
sented in the following subsections.

LSTM architecture
The LSTM architecture was studied considering that it is
suitable and versatile for forecasting time series. The archi-
tecture utilized in this study bears resemblance to those
employed in the literature for similar problems (Ahmed
et al., 2020; Luo et al., 2021; Ren et al., 2015).

A Sequential model is employed in the proposed LSTM,
which is constructed as a straightforward stack of layers.
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Each layer is specifically designed to have a single input
tensor and a single output tensor.

The input layer is structured as a tensor with dimensions
of 1×HOURS×2, where HOURS represents the number of
past observations considered. The first hidden layer is
implemented as an LSTM layer. Various options were
explored in configuration experiments for the dimension
of the LSTM layer, and the most favorable outcomes
were achieved using an LSTM layer comprising 200 cells
(layer dimension 2×800). The tanh activation function is
used in the LSTM layer. Subsequently, an additional
layer is incorporated, which consists of a Dense layer com-
prising 100 densely connected neurons (layer dimension
200×100). Each neuron in the dense layer receives input
from all the neurons in the preceding layer. The ReLU acti-
vation function is used in the Dense layer. Finally, the
output layer is designed as a Dense layer with 72 neurons
(layer dimension 100×72), representing the forecasted
solar photovoltaic power for each of the 72 hours within
the forecasting horizon.

Table 1 describes the architecture of the developed
LSTM neural network, in the format reported by the func-
tion model.summary() of Keras.

Figure 1 presents the architecture of the proposed LSTM
neural network model. The proposed model has 54424
parameters, all of them trainable.

CNN architecture
The CNN architecture was studied considering its suitabil-
ity for time series forecasting, due to their ability to capture
local patterns and extract meaningful features from sequen-
tial data (Wibawa et al., 2022). The convolutional filters
scan and detect local patterns in the input data, e.g., recur-
ring patterns and variations within the time series. CNNs are
inherently translation invariant and can recognize patterns
regardless of their location within the input data. The hierarch-
ical layer structure provide different levels of abstraction,
allowing a CNNs to learn complex representations by combin-
ing low-level features into higher-level representations.
Finally, CNNs are highly scalable and can handle large data-
sets efficiently, to model multivariate time series.

The abilities of CNN are useful for time series forecast-
ing, as they allow capturing temporal dependencies and var-
iations in the data, for both short-term and long-term scale.
CNNs are also able to identify similar patterns occurring at

different time steps, which is useful for predicting future
values.

The input layer has dimension 1×HOURS×13, being
HOURS the number of past observations considered. The
first hidden layer is a one-dimensional convolutional
layer. A MaxPooling1D layer is applied to reduce the
spatial dimensionality of the data while retaining the most
important features. Then, a Flatten layer is applied to
reshape the data, suitable for passing to the subsequent
fully connected layer. Then, two dense layers are included,
the last being the output layer representing the forecasted
solar photovoltaic power for each of the 72 hours within
the forecasting horizon.

Table 2 describes the architecture of the developed CNN
neural network in the format of model.summary() of Keras.
Figure 2 graphically presents the architecture. The proposed
model has 4684 parameters, all of them trainable.

CNN+LSTM architecture
This hybrid model combines characteristics of CNN and
LSTM architectures. Relevant characteristics of the
hybrid model include hierarchical feature extraction, the
capability of handling multivariate time series, dimension-
ality reduction, scalability and generalization.

Overall, combining CNNs and LSTMs in time series fore-
casting leverages the strengths of both architectures, enabling
the model to capture spatial dependencies, temporal depend-
encies, and multivariate interactions, thereby enhancing the
accuracy and effectiveness of the forecasting task.

A variant of the CNN architecture is used first. After the
input layer, two one-dimensional convolutional layers are
included. Then, the MaxPooling1D layer is applied, followed
by a Flatten layer. Then, a RepeatVector layer is used to rep-
licate the sequence across new dimensions, to feed the LSTM
layer. After that, two TimeDistributed wrappers are used to
apply Dense layers to every time step of a sequence independ-
ently. TimeDistributed guarantees that the Dense layer oper-
ates on each step of the sequence individually, rather than
treating the sequence as a single entity. The final
TimeDistributed layer produces an output for each time
step, resulting in a sequence of predicted outputs.

Table 3 describes the architecture of the developed CNN
+LSTM neural network in the format of model.summary()
of Keras. Figure 3 graphically presents the architecture. The
proposed model has 707913 parameters, all of them trainable.

ED-LSTM architecture
The Encoder-Decoder LSTM model has been specifically
developed for forecasting variable length output sequences,
and applied for diverse forecasting problems (de Paulo
et al., 2023; Zhang et al., 2022a,c).

The ED-LSTM model was designed for sequence-
to-sequence modeling, for ANN taking a sequence of input

Table 1. Definition of the LSTM neural network.

Layer (type) Output Shape # parameters

lstm (LSTM) (None, 200) 41200

dense (Dense) (None, 100) 5050

dense_1 (Dense) (None, 100) 2550

dense_2 (Dense) (None, 72) 3672
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data and generating a corresponding sequence of predictions.
The encoder examines the input sequence, transforms it into a
fixed-length vector, which captures the most relevant features
for understanding of the sequence. This feature extraction
mechanism enables the model to capture important patterns
and trends in the time series data. Usually, the encoder is
implemented as a standard LSTM model, but alternative
encoder models (Stacked, Bidirectional, CNN) have also
been employed. The fixed-length output from the encoder is
replicated, with each repetition corresponding to a specific
time step in the desired output sequence. This replicated
sequence is then fed into an LSTM decoder model. The
model is responsible for generating an output value for each
time step in the output sequence, which can subsequently be
interpreted by a single output model. The LSTM layers are
effective in capturing long-term dependencies in time series
data. The ED-LSTM ANN is capable of handling variable-
length input and output sequences. This flexibility is beneficial
in time series forecasting since the length of the input
sequence (the historical data window) and the output sequence
(the future predictions) can vary depending on the specific
forecasting task.

Table 4 describes the architecture of the developed
ED-LSTM ANN in the format of model.summary() of
Keras. Figure 4 graphically presents the architecture. The
model has 512 201 parameters, all of them trainable.

ConvLSTM architecture
The ConvLSTM architecture is an extension of the CNN
+LSTM approach in which the convolutions for reading
the input sequence data are applied within the LSTM for
each time step (Shi et al., 2015).

In contrast to the LSTMmodel, which directly processes
the input data to calculate the internal state and state

transitions, and unlike the CNN-LSTM model that inter-
prets the output of CNN models, the ConvLSTM model
integrates the convolutions into the LSTM units, enabling
seamless integration and end-to-end training.

The ConvLSTM network is like CNN+LSTM, but two-
dimensional convolutions are applied. The ConvLSTM2D
class of the Keras library implements the ConvLSTM
model for 2D data. It is similar to LSTM layers, but the
input and the applied recurrent transformations are both
convolutional. For its use in one-dimensional multivariate
time series forecasting, the input data must be transformed
into the expected shape of ConvLSTM2D: a tensor with the
structure [samples, timesteps, rows, cols, channels]). Each
time step of data is represented as an image with dimen-
sions (rows× columns) containing data points. The model
is able to capture both spatial and temporal dependencies
simultaneously, leveraging the power of convolutions to
capture spatial patterns within each input data block while
using the memory cells and recurrent connections of
LSTM to capture temporal dependencies across block.

Table 5 describes the architecture of the developed
ConvLSTM neural network, in the format of the model.-
summary() function of Keras. Figure 5 graphically presents
the architecture. The model has 752 393 parameters, all of
them trainable.

Approaches for training and validation of the
proposed ANNs
For the training of the proposed ANN models, a sliding
window scheme is applied. Applying the sliding window
technique expands the dimension of the training dataset.
This augmentation scheme becomes necessary because
the conventional approach of splitting the input dataset
into 80% for training and 20% for validation would result
in a small dataset consisting of disjoint 24-hour training
blocks. By implementing the sliding window scheme, it
becomes possible to significantly increase the number of
training blocks from the original blocks present in the
input data.

The criterion used in the optimization applied to train the
neural network is the minimization of the RMSE in each
period to be predicted. The RMSE is used as the loss func-
tion of the neural network since it provides a robust

Figure 1. Architecture of the applied LSTM neural network model.

Table 2. Definition of the CNN neural network.

Layer (type) Output Shape # parameters

conv1d (Conv1D) (None, 22, 16) 640

maxpool (MaxPooling1D) (None, 11, 16) 0

flatten (Flatten) (None, 176) 0

dense (Dense) (None, 20) 3540

dense_1 (Dense) (None, 24) 504
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estimator of the prediction quality in the training dataset
and is preferable to an absolute metric, such as Mean
Absolute Error (MAE), since that RMSE penalizes forecast
errors more heavily.

To assess the performance of the ANN-based predictors,
a walk-forward procedure (Kohzadi et al., 1996) is
employed. This procedure assumes that the data for the pre-
vious predicted period is available for making predictions
in the subsequent period. The evaluation procedure
allows for the specification of the number of previous
observations to be used in the prediction, serving as a par-
ameter in the evaluation process. During the evaluation of
errors in the validation dataset, both the global RMSE
value and the single RMSE value for each predicted hour
are calculated. This approach aims to determine the
quality of predictions as the time horizon extends. By

evaluating the RMSE at each hour, a more detailed under-
standing of the prediction performance across different time
periods is achieved.

For training, the Adam optimizer (an implementation of
the Stochastic Gradient Descent algorithm), was used. The
process followed a batch training scheme, where a batch
size of 24 training blocks was propagated through the
neural network. This approach enables more efficient train-
ing by processing multiple training blocks simultaneously.

For the forecasting approaches applying LSTM, the
input data must be preprocessed before training to align
with the expected structure of the LSTM network.
Similarly, the validation dataset needs to be prepared for
evaluating the trained model. A LSTM network receives
a three-component tensor as input: [samples, timesteps, fea-
tures]. A sample represents a vector of previous observa-
tions, and the timestep denotes the number of
observations to predict (72 values in this case). The features
vector includes data related to additional features (covari-
ates) considered during training. To adapt the data to the
LSTM input format, the available data tensor is resized
and expanded. The applied transformation takes a list of
previous observations (history) and the number of time
steps considered to define those previous observations
(n_input) and returns the data in the format expected by

Table 3. Definition of the CNN+LSTM Neural Network.

Layer (type) Output Shape # parameters

conv1d (Conv1D) (None, 22, 16) 2560

conv1d (Conv1D) (None, 22, 16) 12352

maxpool (MaxPooling1D) (None, 11, 16) 0

flatten (Flatten) (None, 176) 0

RepVector (RepeatVector) (None, 200) 0

lstm (LSTM) (None, 200) 672800

TimeDist1 (TimeDistributed) (None, 100) 20100

TimeDist2 (Dense) (None, 100) 101

Figure 2. Architecture of the applied CNN neural network model.

Figure 3. Architecture of the applied CNN+LSTM neural network model.

Table 4. Definition of the ED-LSTM neural network.

Layer (type) Output Shape # parameters

lstm1 (LSTM) (None, 200) 171200

RepVector (RepeatVector) (None, 200) 0

lstm2 (LSTM) (None, 24, 200) 171200

TimeDist1 (TimeDistributed) (None, 24 100) 20100

TimeDist2 (Dense) (None, 24 1) 101
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the LSTM neural network after employing the sliding
window technique.

The input data, initially of dimensions #training×72×1,
undergoes transformation into a tensor with dimensions
(#training×72)×72×1, where #training represents the
number of observations considered in the training dataset.

Experimental evaluation: Training and
forecasting results
This section describes the experimental evaluation of the
proposed ANN models for the solar photovoltaic power
generation forecasting problem.

Development and execution platform
The studied ANN-based forecasting models were imple-
mented in Python, using the Tensorflow and Keras libraries.
The computations were performed on the high-performance
computing infrastructure of the National Supercomputing
Center (Cluster-UY) (Nesmachnow and Iturriaga, 2019).

To train the proposed ANNs, the parallel implementa-
tion offered by Tensorflow was employed, utilizing Tesla
P100 graphics processing units with 12GB RAM. These
GPUs were accessible on Cluster-UY nodes, HPE DL380
Gen10 servers with Intel Xeon-Gold 6138 processors at
2.00GHz.

Data sources
Two main sources of data were applied in the research:
solar photovoltaic power generation data and estimations.

Solar photovoltaic power generation data. The Supervisory
Control And Data Acquisition (SCADA) of UTE collects
information from solar photovoltaic power generation in
the country. In Uruguay, the solar photovoltaic power gen-
eration constitutes 14% of the total non-controllable renew-
able power generation capacity, amounting to 242MW
(average in 2018–2022). Data measurements are collected
at hourly intervals.

The historical data used encompasses the complete
dataset of solar photovoltaic power generation from
January 1st, 2018, to August 28th, 2022. The dataset
includes various fields, including TimeStamp, Date, Hour,
Delivered Power [MWh], Curtails [MWh], Total Power
[MWh], Equivalent Plant [MW], and Plant Load Factor,
among others. The Total Power field represents the poten-
tial solar photovoltaic power generation capacity of the
installed infrastructure. It may exceed the actual power
required to meet electricity demand. Delivered Power cor-
responds to the actual power that enters the distribution
network after planning and dispatching, which involves
reducing the generation from sources when it surpasses
the demand. The difference between Total Power and
Delivered Power at each timestamp is referred to as
Curtail. Equivalent Plant, signifies the total installed cap-
acity for solar photovoltaic power generation. Plant Load
Factor is a normalized value derived from the Total
Power field, considering the total installed capacity.

The data utilized in this study was extracted from the raw
SCADA logs. However, prior to analysis, a significant data
cleansing process was undertaken to address missing or erro-
neous values. This involved imputing, completing, and cor-
recting the data with the assistance of additional information
obtained from the National Administration of the Electricity
Market (ADME). Figure 6 displays a subset of the training
dataset, showcasing the records after the cleansing and prepro-
cessing steps have been applied.

Samples of the historical data for solar photovoltaic
power generation (specifically, the Plant Load Factor
values) obtained from UTE are showcased in Figure 7.

Numerical estimations. An additional data source consists
of estimations offered by Meteologica, a prominent global
service provider based in Spain. These estimations are com-
puted using numerical weather prediction models and can
be accessed through their website at www.meteologica.
com/ (December 2023).

Figure 4. Architecture of the applied ED-LSTM neural network model.

Table 5. Definition of the ConvLSTM neural network.

Layer (type) Output Shape

#

parameters

conv1 (ConvLSTM2D) (None, 1, 10,

64)

59392

flatten (Flatten) (None, 640) 0

RepVector (RepeatVector) (None, 24 640) 0

lstm (LSTM) (None, 24, 200) 672800

TimeDist1 (TimeDistributed) (None, 24, 100) 20100

TimeDist2 (TimeDistributed) (None, 24, 1) 101
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The numerical estimations are considered as a covariant
in the multivariate forecasting approach. During the learn-
ing process, the set of estimations available at the time of
making predictions (three days ahead) are fed to the corre-
sponding ANN as a covariate.

Experimental results: Training stage
The training procedure of the studied ANN utilized the nor-
malized values of the Plant Load Factor field, which range
between 0 and 1. This normalization helps prevent training
issues that may arise from extremely high values. By train-
ing with the Plant Load Factor values, the need for an input
normalization layer in the studied ANNs was eliminated.
Additionally, this approach enhances the adaptability of
the developed predictors to potential changes in the total
energy output from the solar farms in the future.

By using the sliding window scheme over the provided
solar photovoltaic power generation data, a total of 40 752
training blocks were obtained from the original 566 blocks
in the input file. The training process consisted of 100
epochs, although notable results in terms of RMSE for
each predicted period were achieved by all the studied
ANNs after just 50 epochs. These results indicate a high
level of accuracy in the predictions made on the validation
set. The training process took about 10 minutes to execute
on a standard server in Cluster-UY, equipped with a Tesla
P100 GPU.

Table 6 reports the MAE values computed in training
experiments for the studied ANN-based forecasting
models.

The evaluation on the training set resulted in accurate
results, with median MAE values ranging from 0.052
(worst, CNN) to 0.016 (best, ED-LSTM). ED-LSTM was
the best method overall, with an accuracy (MAE) from
0.010 (for the first predicted peak of generation, at hour

12) to 0.116 (for the last predicted peak of generation, at
hour 60).

Figure 8 illustrates two representative graphs showcas-
ing the progression of the loss function (RMSE) during
the training experiments conducted on the solar generation
dataset using the CNN and the ED-LSTM neural network
approaches. The graphics show the faster training of
ED-LSTM, confirming that the approach including an
Encoder-Decoder module is able to better capture the
main features of the input data.

Experimental results: Validation stage
The validation stage was performed over the last year of
solar photovoltaic power generation, which was not used
in training, to avoid bias. Four main aspects were evalu-
ated: (i) the forecasting capabilities of the proposed
ANN-based models when not using the numerical esti-
mations as covariate; (ii) the improvement in accuracy
when using the numerical estimations as covariate; (iii)
the forecasting accuracy for different weather conditions
(sunny, partly cloudy, and cloudy days); and (iv) the
forecasting accuracy when considering a 24-hours
period, as needed to build scenarios for stochastic opti-
mization methods for planning and scheduling of the
smart grid.

Forecasting without using numerical estimations as covariate.
Table 7 reports the MAE values computed in validation
experiments for the studied ANN-based forecasting models
when not using the numerical estimations as covariate.

Results in Table 7 show that the proposed models
demonstrated a reasonable capability of capturing the
intrinsic variation of the time series of solar photovoltaic
power generation. The ED-LSTM computed the best

Figure 5. Architecture of the applied ConvLSTM neural network model.

Figure 6. Sample records of the solar photovoltaic power generation dataset.
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results, with a median MAE value of 0.142, improving
0.062 over the results computed by the CNN and 0.056
over the standard LSTM model. However, large MAE

values were obtained for the third peak of generation
(hour 60), over 0.21 for all ANN architectures. These
results are not accurate enough for the main goal of the

Figure 7. Samples of solar photovoltaic power generation data from UTE (Plant Load Factor values).
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research and for the practical application of the studied
models in smart grid planning and scheduling.

Forecasting using numerical estimations as covariate. Table 8
reports the MAE values computed in validation experi-
ments for the studied ANN-based forecasting models
when including the numerical estimations as covariate.

Results in Table 8 demonstrates that when including
the numerical estimations as covariate, the evaluation
on the validation set yielded accurate forecasting
results. MAE results ranged from median values of
0.165 (for the worst model, CNN) to 0.09 (for the best
model, ED-LSTM). As obtained in the training dataset,
ED-LSTM was the best method overall, with an accuracy
(MAE) from 0.049 (for the first predicted peak of gener-
ation, at hour 12) to 0.164 (for the last predicted peak of
generation, at hour 60).

Significant improvements were achieved by including
the numerical estimations. In median, the improvements
were from 0.039 (19.1%) for the CNN to 0.052 (36.6%)
for the ED-LSTM model. The improvement were more
notorious for predictions in hour 12, up to 0.055
(52.9%) for ED-LSTM than for hours 36 and 60, for
which improvements between 0.045 (14.4%) and 0.047
(27.8%) were obtained. These results demonstrate the
usefulness of using the numerical estimations as covari-
ate in the forecasting process.

The computed results are in line with those published
in the related literature for similar forecasting problems.
The MAE value of 0.164 obtained using the ED-LSTM
model is a very good overall result for a forecasting of
60 hours in the future. In turn, the median MAE of
0.090 denotes a high accuracy in the prediction for a
series that often has a highly variability.

To provide an objective evaluation of the obtained
results, an analysis was conducted on the disparities
between the actual values of solar generation and the pre-
dictions made by the applied ANN forecasting models.
Table 9 presents the differences between the median
values of the predictions and the actual values for each
hour in the validation experiments for ED-LSTM, the
best model among the studied.

Values reported in Table 9 show that the real forecasting
error was below 0.09 in all cases. The worst error value was
0.0863 for hour 38. The model was significantly robust,
since the forecasting errors did not increase significantly
when predicting three days in the future.

Figure 9 presents the boxplots that summarize the infor-
mation of the distributions of results (difference between
the real value of solar photovoltaic generation and the fore-
casted value) in the validation experiments using the
LSTM-based predictor. Each boxplot summarizes the infor-
mation from the 381 predictions made, one for each hour in
the validation experiments.

In turn, Figure 10 presents the boxplots reporting the dis-
tribution of the difference between real and forecasted
values of solar photovoltaic generation in the validation
experiments using the ED-LSTM-based predictor, for the
72 hours in the forecasting horizon.

The comparison of the boxplot results reported in
Figures 9 and 10 clearly demonstrate the usefulness of
including an encoder-decoder approach iin the LSTM
model to better capture the main features of the input
data. The dispersion values, evaluated by the interquartile
range (i.e., the boxplot heights) significantly decrease
from 0.2–0.3 to less that 0.1 in most cases.

Figure 10 also shows that the distribution of
solar photovoltaic generation data has a large number of
outliers, mainly due to unpredictable phenomena, such as
unexpected cloudiness or surreptitious weather changes,
which makes the problem at hand very hard to solve.

The boxplots in Figure 11 present a detailed view of the
discrepancies between the real and predicted solar photo-
voltaic power generation for the first 24 hours of a sunny
day in Summer, characterized for high generation values.
The high prediction accuracy is better observed in the box-
plots corresponding to the hours with the highest generation
values (from 11:00 to 15:00 hours).

Figure 12 presents a comparison of the real (blue values)
versus predicted (orange values) solar photovoltaic gener-
ation data using the forecasting approaches that apply
CNN, LSTM, ConvLSTM, and ED-LSTM.

Table 6. MAE values computed in training experiments for the

studied ANN models.

model

MAE

median hour 12 hour 36 hour 60

CNN 0.052 0.042 0.127 0.182

LSTM 0.027 0.020 0.098 0.168

CNN+LSTM 0.024 0.015 0.692 0.146

ConvLSTM 0.022 0.014 0.059 0.138

ED-LSTM 0.016 0.010 0.041 0.116

Table 7. MAE values computed in validation experiments for the

studied ANN models, without using the numerical estimations as

covariate.

model

MAE

median hour 12 hour 36 hour 60

CNN 0.204 0.149 0.273 0.366

LSTM 0.198 0.134 0.268 0.312

CNN+LSTM 0.177 0.127 0.248 0.267

ConvLSTM 0.162 0.118 0.204 0.236

ED-LSTM 0.142 0.104 0.169 0.217
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The comparison of results presented in Figure 12 indicate
that both the ConvLSTM and ED-LSTM approaches were
able to compute accurate time series of solar photovoltaic
power generation. The predicted values were significantly

closer to the real values than the ones computed by the standard
CNN and the LSTMapproaches. The figures also show that, in
general, the studied ANN-based forecasting models tend to
underestimate the real solar photovoltaic power generation.

Table 8. MAE values computed in validation experiments for the studied ANN models.

model

MAE

median hour 12 hour 36 hour 60

CNN 0.165 0.095 0.227 0.312

LSTM 0.149 0.072 0.212 0.267

CNN+LSTM 0.128 0.067 0.197 0.218

ConvLSTM 0.119 0.059 0.157 0.180

ED-LSTM 0.090 0.049 0.122 0.164

Table 9. Median of the differences between the prediction and the real value of solar generation (∼ΔS) for each hour in the validation

experiments, using the ED-LSTM forecasting model.

H ∼ΔS H ∼ΔS H ∼ΔS H ∼ΔS H ∼ΔS H ∼ΔS

1 0.0063 2 0.0072 3 0.0085 4 −0.0069 5 −0.0052 6 0.0010

7 −0.0109 8 −0.0083 9 0.0040 10 0.0118 11 0.0056 12 0.0050

13 0.0152 14 0.0114 15 −0.0033 16 0.0057 17 −0.0035 18 0.0018

19 −0.0015 20 −0.0015 21 −0.0062 22 0.0075 23 0.0013 24 0.0098

25 0.0044 26 0.0032 27 0.0001 28 −0.0045 29 0.0040 30 0.0016

31 0.0079 32 0.0280 33 0.0319 34 0.0311 35 0.0398 36 0.0376

37 0.0655 38 0.0863 39 0.0701 40 0.0715 41 0.0174 42 0.0011

43 −0.0062 44 −0.0010 45 −0.0030 46 0.0021 47 −0.0026 48 0.0009

49 0.0081 50 0.0116 51 0.0085 52 0.0021 53 0.0029 54 −0.0038

55 0.0039 56 0.0272 57 0.0525 58 0.0480 59 0.0683 60 0.0855

61 0.0732 62 0.0624 63 0.0716 64 0.0565 65 0.0239 66 0.0038

67 −0.0030 68 −0.0020 69 −0.0025 70 0.0068 71 0.0029 72 0.0047

Figure 8. Evolution of the values of the loss function (RMSE) during the training of two representative neural network approaches

over the solar generation dataset.
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Figure 10. Boxplots summarizing the information of the distributions of the differences between the real value and the prediction of

the ED-LSTM neural network for each hour, in the validation experiments for the photovoltaic solar power generation dataset.

Figure 9. Boxplots summarizing the information of the distributions of the differences between the real value and the prediction of

the LSTM neural network for each hour, in the validation experiments for the photovoltaic solar power generation dataset.

Figure 11. Boxplots describing the information of the distributions of the differences between the real value and the prediction of the

ED-LSTM neural network for a sunny day. Values are reported for each hour considered in the validation experiments for the

photovoltaic solar power generation dataset.
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Forecasting accuracy for different weather conditions.
Table 10 reports the MAE values computed in validation
experiments for the studied ANN-based forecasting
models using the numerical estimations as covariate, for
days with different weather conditions: sunny, partly
cloudy, and cloudy days.

Results in Table 10 indicate that the studied ANN
models were able to generate significant better predictions
on sunny days, corresponding to larger solar photovoltaic
power generation values. Even the less accurate model

among the studied (CNN) improved 41.2% the predictions
with respect to the median. The ED-LSTMmodel improved
53.3%, and the overage improvement for sunny days was
48.1%. Regarding partly cloudy days, the CNN down-
grades 10.3% with respect to the median, whereas
ED-LSTM model improved 3.3%. The overall result was
a negligible degradation of 1.6%. Finally, cloudy days
were the most difficult to forecast, with degradation
values between 41.2% (CNN) and 55.6% (ED-LSTM)
with respect to the median, with an average degradation

Figure 12. Computed forecasts (orange curve) and actual values (blue curve) in the validation experiments for the solar photovoltaic

power generation dataset, using CNN, LSTM, ConvLSTM, and ED-LSTM approaches.

14 Renewable Energies 2(1)



of 49.6%. Overall, LSTM and CNN+LSTM computed
medium-quality results, between those computed by the
CNN model (worst) and ConvLSTM and ED-LSTM, the
best models among the studied.

Sample predictions. Figure 13 presents two selected
instances of solar generation predictions generated by
employing the ED-LSTM neural network. In turn,
Figure 14 illustrate two selected instances of solar gener-
ation predictions generated by employing the ED-LSTM
neural network. Figures show that the ED-LSTM model
is able to better modeling the dynamics of the time series,
significantly reducing the errors of the standard LSTM
model, e.g., in the central and right zones of the forecasting
interval in Figure 13. The ED-LSTM model takes advan-
tage of the encoder-decoder mechanism to properly adapt
the output even for unexpected reductions or increase in
the solar photovoltaic generation values. Results demon-
strate the exceptional predictive performance of the
hybrid ED-LSTM neural network approach, effectively
capturing the temporal patterns of the time series data
while exhibiting minimal disparities from the actual solar
generation values.

Forecasting accuracy within a 24-hours period. A direct prac-
tical application of the forecasted results is for the gener-
ation of scenarios in a model of short-term renewable
energy bands. These scenarios are useful in stochastic opti-
mization models to assist in planning and scheduling, con-
sidering the inherent unpredictability of renewable energy
sources (Risso and Guerberoff, 2021).

In the context of an energy band model, predictions for
solar generation were provided in blocks of size 72 (for the
next 72 hours in the future), but made and updated every 24
hours. The ED-LSTM model, the best performing among
the ANN-based approaches studied, was evaluated to that
end. The errors of the predictions made every 24 hours fol-
lowed the trend of the previously reported general errors for
ED-LSTM, with mean values of MAE in the order of 0.10
in the validation dataset and 0.017 in the training set.

The obtained results are accurate to provide an stochastic
optimization methods reasonable accurate values to design
possible operations scenarios, to be adjusted properly using
exact and heuristic planning and scheduling strategies.

Overall discussion. The overall analysis of the experimental
evaluation results allows concluding that the proposed
ANN approaches are suitable for solving the solar photo-
voltaic power generation in the considered case study.

The most simple ANN architectures (CNN and pure
LSTM) yielded rather high error values. However, when
using more sophisticated models that take advantage of
the main features of different ANN architectures in a syner-
gistic fashion, results were very promising for a realistic
case study. ED-LSTM computed the best results, suggest-
ing that the incorporation of an Encoder-Decoder helps
the LSTM model to properly identify the main features
and patterns in the input data. Results under 0.10 for the
MAE metric indicate that the studied methods are accurate
and reliable. The overall outcomes are aligned with results
of recent proposals in the related literature.

In addition, results also demonstrated that including the
predictions obtained using numerical estimations as covari-
ate in the learning process were useful to improve the pre-
cision accuracy. This fact encourages the research group to
further expand the applied model by considering relevant
additional information to be included as covariant in the
proposed multivariate approach.

The computed error values are low enough to guarantee
the applicability of the forecasting methods and results in
the planning of the smart electricity grid.

Conclusions and future work
This article presented a study of computational intelligence
methods, namely ANN approaches, for the problem of fore-
casting country-level solar photovoltaic power generation.
The considered case study involved the real time series of
solar photovoltaic power generation in Uruguay in the
period from 2018 to 2022. Specific techniques were
applied for data preprocessing and data augmentation for
training, and several ANN architectures were evaluated
for forecasting.

Five different ANN-based forecasting approaches were
studied, considering CNN, LSTM, CNN+LSTM,
ConvLSTM, and ED-LSTM architectures. The main
results of the study indicates that the ED-LSTM approach
computed the best result, significantly outperforming the
other studied models. The training model including numer-
ical estimations as covariate allowed to improve the MAE
results of all models by 5% in average. The statistical ana-
lysis confirmed that the computed result are robust,
acknowledged by the small boxplots that evaluate the distri-
butions of the differences between predicted and the real
solar photovoltaic power generation values. Results also

Table 10. Median mae values computed in validation

experiments for the studied ANN models for days with different

weather conditions.

model

median MAE

overall sunny partly cloudy cloudy

CNN 0.165 0.097 0.182 0.247

LSTM 0.149 0.075 0.160 0.225

CNN+LSTM 0.128 0.066 0.123 0.193

ConvLSTM 0.119 0.062 0.116 0.168

ED-LSTM 0.090 0.042 0.087 0.140
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Figure 13. Examples of forecasts (orange curve) and actual values (blue curve) in the validation experiments for the photovoltaic

solar power generation dataset, using the LSTM approach.

Figure 14. Example (1) of forecasts (orange curve) and actual values (blue curve) in the validation experiments for the photovoltaic

solar power generation dataset, using the ED-LSTM approach.

16 Renewable Energies 2(1)



showed that the forecasting accuracy depends on the
weather conditions, significantly downgrading for cloudy
days.

Overall, the ED-LSTM approach was able to compute
encouraging prediction outcomes, showcasing an average
MAE value of 0.09, outperforming the performance of
the other ANN architectures. Particularly impressive
results (average MAE of 0.042) were achieved for sunny
days. The generated forecasts hold substantial importance
for their potential implementation in planning and schedul-
ing procedures, with the ultimate goal of enhancing the
overall service quality of the electricity grid.

The main lines for future work are related to analyze
other ANN architectures and sophisticated mechanisms to
improve the prediction accuracy both in the medium/long-
term and in those days with low values of solar photovoltaic
power generation, where the studied ANN-based predictors
computed low quality results. Another promising line for
future work is studying the applicability of the best
models for creating scenarios in stochastic models of short-
term and medium-term renewable power generation bands,
to develop powerful data-driven methods to help decision
making and operation (planning and scheduling) of the
electric grid.
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