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Abstract: In recent years significant progress has been made in the field of renewable energy,
with photovoltaics standing out in particular. This is partly because the users usually try to use
clean energy to protect the planet, as well as seeking energy independence and saving money.
However, one of the main disadvantages of implementing photovoltaic systems is knowing how
much energy will be generated and how to manage it. For this reason, multiple models have
been created that are capable of making accurate predictions. This article uses historical data
from a simulated installation with PVGIS located at the epef, based on which some of the most
prominent methods for making these predictions are presented and analysed, specifically LSTM,
XGBoost and hybrid models. These predict the power generated at two stages with acceptable
accuracy, enabling the user to improve energy planning. Finally, a comparison will be made,
concluding with a brief recommendation on which one to use depending on the context.

1 Introduction

Today, energy production is a key factor in developing countries. In the last century, fossil
fuels such as oil and coal were used to produce energy, but in recent years many interna-
tional organisations have been trying to promote long-term sustainable energy sources such
as wind, solar and hydroelectric power. The main reasons for this are the reduction of green-
house gases and the availability of an “unlimited” energy source compared to non-renewable
sources (Rusilowati et al., 2024),

In Spain, for the first time in the country’s history, non-renewable energy production sur-
passed traditional sources in 2023. One of the main drivers of this trend was and continues to
be photovoltaic solar energy, as production has increased by 300% since 2020 (transmission sys-
tem operator, 2025). This is because Spain has a large number of hours of sunshine per year
(2800 hours / year (Gil et al., 2015)) compared to other European countries. Other reasons
include national funding programmes which contribute to the economic factor by reducing in-
stallation costs, such as a grant scheme created by the Ministry for Ecological Transition and
Demographic Challenge (MITECO) (Royal Decree 477/2021,2021) , or European programmes,
such as NextGenerationEU (Sanahuja Perales, 2022), and, finally, the advantage that each user
can disconnect from the electricity grid thanks to self-consumption with their own installation.

However, there are also some significant disadvantages, such as efficiency, since only 25%
of sunlight is converted into electricity, and the depreciation cost. But the main problem is
the irregularity of production, since the user cannot know how much energy will be converted
in a few hours. To address this challenge, several predictive models are created to estimate
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power production, allowing user to manage it properly (store it, use it, etc.). Many articles deal
with similar topics, but they use a single model without comparison ((Campos et al., 2024) or
(Park et al., 2021)) or the data extraction is from their own installation (Nithya et al., 2024).
This article has some distinctive features, as it compares several methods to see which one best
predicts the energy generated in 1-2 hours in an educational building based on PVGIS data.

The structure of this document is as follows: after this introduction, the Materials and Meth-
ods section is presented. Next, the Development section describes the steps followed to develop
the forecasting models. Finally, the obtained results are presented, and the conclusions and fu-
ture work are discussed.

2 Materials

The dataset was obtained from Photovoltaic Geographical Information System (PVGIS), which
“provides information on solar radiation and photovoltaic system performance for any location
in the world, except the North and South Poles” (European Union, 2025). This tool provides
a large amount of detailed information on various aspects, most notably the power generated.
In fact, the main objective of this wwebsite is to assess the viability of a solar photovoltaic sys-
tem in a specific location and to show the potential of photovoltaic energy throughout Europe
(éﬁri etal., 2005). The program registered data from Polytechnic Engineering School of Ferrol,
(University of La Corufia), located in Galicia, Spain (Latitude 43.482° N. Longitude -8.223° W).
This location was selected because it was where the MestreTIC contract practices were carried
out, as well as being in an academic environment capable of providing the ideal context for
research and learning. The solar panels are made of crystalline silicon and fixed to the roof
with a 35 © inclination to optimize radiation capture. The installation has 1 kWp of power with
a system loss percentage of 14%. The dataset contained information registered from January
2017 to December 2020.

Once the above configuration has been selected, the CSV is downloaded with the data, which
is composed of the power obtained with the photovoltaic panels in one hour (W), the total wind
speed at 10 metres from the ground (m/s), air temperature at 2 metres (degrees Celsius), height
of the sun (degrees), the global irradiance on the panel (W/m2), the date and time at which
these data were taken. The model will work with a volume of 35064 data for each covariate.

3 Methods

Now the available models for time series forecasting (TSF) will be explained below.

LSTM

Long short-term memory is a special type of recurrent neural network (RNN) designed to
learn long-term dependencies in sequences. It is widely used for TSF because it is based on a
structure with “gates” (input, forget, and output) that allow different sequences to be processed
and information to be retained or discarded at each time step (Smagulova and James, 2019).

XGBoost

eXtreme Gradient Boosting (XGBoost) is a model consisting of a set of sequentially trained
decision trees. This definition is similar to a standard random forest, but there are quite notable
differences between the two methods.

1. Random Forest — Bagging. This consists of creating several unrelated (independent)
decision trees, trained with a random sample with replacement (bootstrap) (Altman
and Krzywinski, 2017).
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2. XGBRegressor — Boosting. This technique means that instead of creating trees with
random weights, they are created sequentially and each tree attempts to correct the er-
rors of the previous one. This is achieved thanks to the gradient (derived from the loss
function) that indicates the direction and magnitude of the error. It also has optimisation
techniques such as EarlyStopping, which makes it more efficient (Chen and Guestrin,
2016).

Hybrid. CNN-LSTM-AM

The proposed state-of-the-art hybrid architecture consists of three main layers, each with a
specific function. The CNN layer is responsible for learning repetitive patterns or sudden
changes within small time windows, so that if a small sudden change occurs that LSTM
networks cannot detect, this layer is able to identify it and adapt predictions to these variations.
The LSTM layer, described in detail in section 3, is designed to learn long-term dependencies
within the sequence. Finally, the attention mechanism allows the model to focus on the most
relevant parts of the sequence when making predictions (Vaswani et al., 2017).

Together, this forms an architecture capable of capturing both the global behaviour of the se-
ries and local details, as well as identifying which parts of the input sequence are most relevant
to the prediction.

4 Development

This section will explain the steps that were followed to ensure the correct processing of data

and the forecasting models. This is presented in the figure 1.
Workflow diagram
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Figure 1: Flowchart of the project.

4.1 Data collection and treatment

Initially, data is obtained from PVGIS and the date variable is processed to adapt it to a more
easily interpretable format. After that, the date is readapted to a more suitable format, so a
series of operations are performed in Excel to convert it from this format “20200613:0210” to
this other “2020-06-13 02:01”.

4.2 Data analysis

The first step in the Python environment is to obtain the relationship between all the variables
and thus obtain a little more information about the data set used. To do this, a correlation
matrix was created.
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Figure 2: Correlation matrix of the variables in the dataset

As can be seen in the figure 2, there is a strong relationship between power, radiation, and
the height of the sun. This information is used as evidence to verify whether the data set is
correct, since if there is no correlation, it means data is erroneous.

Next, a fast Fourier transform (FFT) is calculated to extract the most relevant frequencies of
the variable to be predicted [ (Lucarini et al., 2021) ].

The highest frequency peak has a approximate value of 24 hours ((mzillw = 23.9995).

The second highest frequency is equivalent to 12 hours Q).OS%W = 12.000005).

Finally, the third peak has a value of 8766 hours, which is equivalent to 1 year
(ooooTaor Toasesss = 1.0000001).

With these results, it was decided to work with data from the 24 hours prior to the desired
prediction. This means that the model will have 192 input data points (24 - 8 = 192) to obtain
a power prediction 2 hours in advance.

4.3 Data splitting

The next step is to divide the dataset into three groups. The largest group is the training set,
as it is necessary for adjusting the model’s weight. The rest of the dataset is divided into a
validation set, which is used to maximise the model’s performance in the training phase, and a
test set, which is used to check the quality of the model with unseen data.

The percentages for each group of data sets are: 80% training, 10% validation and 10% test

4.4 Data Standardisation and dimensioning

Once the dataset has been split, StandardScaler is used to scale the training set. Since there are
8 variables, 8 scalers are needed. Next, we save all the scalers and use them with the other 2
groups. This is done to try to replicate a real-world scenario, since if a new maximum is reached
in any variable, the scaler will not be updated instantly.

4.5 Networks configuration

Every model have his own configuration, so these cannot be compared with each oth-
ers.Therefore, three tables are created to show the configuration of each model.

Neurons in the LSTM layer 60 Max depth 5
Optimizer Adam Colsample 0.7
Epoch EarlyStopping=10 (200 max) N* of estimators | EarlyStopping=20 (700 max)
Dropout 0.2 Subsample 0.7
Learning Rate 1x 1077 Learning Rate 1x10~7
Model input data Scaled by SandartScaler Model input data Scaled by SandartScaler

Table 1: LSTM model configuration Table 2: XGBoost model configuration
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Neurons in the CNN layers [128,64,32]
Neurons in the LSTM layers [200,100,50,40,20]
Optimizer Adam
Epochs EarlyStopping=10 (1000 max)
Dropout 0.3
Model input data Scaled by SandartScaler
Table 3: Hybrid model configuration
5 Results
With the settings established above, the results obtained are as follows.
Model Errors (Scaled) Errors (Watts)
Train_Loss(MSE) | Val Loss(MSE) | Train_Mae | Val MAE | RMSE_t+1 | RMSE_t+2
LSTM 0.1140 0.1150 0.1816 0.1679 73.12 83.23
XGBoost 0.0903 0.1191 0.1378 0.1666 70.65 87.50
Hybrid 0.1205 0.1189 0.1793 0.1744 74.55 85.40

Table 4: Performance indexes for different models

Looking at these results, it appears that the hybrid model, among the three options, per-
formed worst under these conditions. To verify this, a test was performed on the Figure 3.

XGBoost
MAE=114.32

LST™
MAE=40.32

Hybrid
MAE=42.31

LSTM XGBoost
MAE=38.82 MAE=35.27

Figure 3: MAE for each model in relation to the type of day

Here we can see the current value (green line) and the prediction made one (blue line) or
two (orange line) steps earlier. Below each graph we can see the model used to obtain that
prediction and the MAE of this data set (48 h) without scaling. This is used to see if the quality
of the forecast between models changes depending on the day.

In this case if the day is cloudy or rainy in summer, hybrid and LSTM models are able to recall
similar days from other years and have a very small error compared to the XGBoost model, as
the latter works with trees, so it only recalls the most common days, such as sunny days in
summer. This statement is clearer in the following figure, as these days are more typical, so
XGBoost is more accurate than the other models.

On the other side, if explainability is sought and black boxes are to be avoided, the graphs
shown on Figure (4) shows us the feature importance of each model.
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Figure 4: Covariates and timestamp importance of each model

The order of the top three most important covariates may change, but there are always two
identical in the top three positions, Power and global irradiance. It can also be observed that in
the first three positions of each model there is a fixed time effect covariate: in LSTM, the time
(Top 1); in XGBoost, solar radiation H_sun (Top 2); and in the hybrid model, the month (Top
3).

6 Conclusions and Future Works

Once the results are displayed, some conclusions can be drawn. First, there is no clearly better
model, as it depends on the type of day, so one option would be to create groups of days and
try to predict what type will have. This information could be used to select the right model
for each day. Another statement is that the complex model is not always the best; sometimes it
results in overfitting or does not fit the data, such as the hybrid model in this case.

In terms of overall results, we can see that the main prediction problems occur on changing
days, as we can see in Figure 3. To resolve this, some future work is proposed:

1. Consider data available at a higher frequency: A practical way to reduce these errors
would be to collect meteorological and energy data at intervals of one to ten minutes.
This higher resolution would smooth out sudden variations in actual energy values and,
consequently, improve the accuracy of predictions.

2. Test Large Time Series Models (LTSM): Conduct tests with a large model specialised
in energy prediction or one that works with internal climate data.
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