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Abstract: In this work, three new convolutional neural network models—spatio-temporal convo-
lutional neural network versions 1 and 2 (ST_CNN_v1 and ST_CNN_v2), and the spatio-temporal
dilated convolutional neural network (ST_Dilated_CNN)—are proposed for solar forecasting and
processing global horizontal irradiance (GHI) data enriched with meteorological and astronomical
variables. A comparative analysis of the proposed models with two traditional benchmark models
shows that the proposed ST_Dilated_CNN model outperforms the rest in capturing long-range
dependencies, achieving a mean absolute error of 31.12 W/ m?2, a mean squared error of 54.07 W/ m2,
and a forecast skill of 37.21%. The statistical analysis carried out on the test set suggested highly
significant differences in performance (p-values lower than 0.001 for all metrics in all the considered
scenarios), with the model with the lowest variability in performance being ST_CNN_v2. The statis-
tical tests applied confirmed the robustness and reliability of the proposed models under different
conditions. In addition, this work highlights the significant influence of astronomical variables on
prediction performance. The study also highlights the intricate relationship between the proposed
models and meteorological and astronomical input characteristics, providing important insights into
the field of solar prediction and reaffirming the need for further research into variability factors that
affect the performance of models.

Keywords: solar forecast; dilated CNN; spatio-temporal; deep learning

1. Introduction

The increasing demand for sustainable energy sources has led to a significant growth
in the use of solar energy. In particular, the Spanish government, as set out in the National
Integrated Energy and Climate Plan 2021-2030 (PNIEC), anticipates electricity generation
with a total installed capacity of 157 GW by the year 2030, of which 37 GW is expected
to come from solar PV [1]. For this reason, it is considered important to develop reliable
predictive models for solar radiation [2]. One of the most important factors influencing
the quality of solar forecasts is solar variability [3]. This variability is mainly a spatio-
temporal phenomenon and, in recent years, researchers in this field have introduced
the use of machine learning methods due to their capacity for processing large amounts
of data. Machine learning methods have the capability of modelling this phenomenon
more accurately [4], and have been extended to solar forecasting, showing significant
improvements over traditional statistical methods [5].

In the deep learning field of machine learning, convolutional neural networks (CNNs)
have exhibited remarkable capabilities in learning intricate patterns from spatially and
temporally complex datasets, such as satellite and sky images [6,7] or graphs [8]. Among the
various architectural modifications introduced to enhance the performance of CNNs [9-13],
dilated convolutions [14] have emerged as a novel architectural refinement. They have
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been used with univariate time series [15] for video-based crowd estimation [16], for speech
emotion recognition [17], and for dense prediction [18], among other tasks.

Dilated convolutions enable networks to achieve wide receptive fields with minimal
layers, maintaining input fields throughout the network while also ensuring computational
efficiency [19]. Mishra et al. [15] used stacked dilated convolutional layers for load forecast
with univariate time series and showed that the model surpassed other state-of-the-art
models by capturing the local trends and seasonality. Chen et al. [20] used dilated convolu-
tional layers to extract hidden time characteristics as part of a more complex multivariate
time-series forecast model. The model was applied to traffic and engine datasets and
obtained better performances than other baselines. In the same way, Liang et al. [21] used a
stack of dilated convolutional layers with different values of dilation to capture temporal
dependencies and to make predictions for the base time series. The convolutional layers
were part of a more complex model that also presented an attention scheme. The model
was used for the ultra-short-term spatio-temporal forecasting of renewable resources (wind
speed and solar generation). Fan et al. [22] used a genetic-based attention network for
photovoltaic power forecasting and utilized dilated convolution as the non-linear compo-
nent to simplify the network structure and learn the spatial and temporal dependencies
between historical weather data. The authors employed two dilated convolutional layers
that concatenated with a Hadamard product used as an input for a more complex model.

In [23], the authors review the most widely used deep learning methods for solar
radiation prediction. Recurrent networks are highlighted and, in particular, long short-term
memory (LSTM), gated recurrent unit (GRU), and CNN networks combined with other
networks or methods are mentioned. On the other hand, in [24], the authors concentrate
the study on vision methods of deep learning for solar forecasting. CNNs stand out with
their hybridization with other networks to improve results. All of these models offer major
advantages due to their ability to work with sequential data, such as time series. They are
able to learn complex patterns from the data more easily. They can handle large volumes
of data. They are able to process data from different sources. Although they have some
disadvantages, these models are often referred to as a ‘black box” because it is often not
clear which factors are used to predict the outcome; nonetheless, on-going research seeks
to better explain this. Training time for the models is costly because of the time involved,
but the increasingly high accuracy achieved by them makes their use widespread in the
field of solar radiation forecast.

This study shows the benefits of using advanced artificial neural networks for solar
forecasting (ST_Dilated_CNN considerably outperformed conventional methodologies)
and highlights the appropriateness of applying a spatio-temporal approach to GHI data
(considering the multidimensional influences of meteorological and astronomical variables).
Dilated CNN5s can preserve the resolution and dimensionality of the data at the output
layer while providing a larger receptive field, are more computationally efficient, and
have less memory consumption. This is because of the dilation of the layers rather than
pooling of the layers, so the order of the data is preserved. For example, the structure of
the convolution helps to preserve the order of the data in 1D dilated causal convolutions
where the prediction of the output depends on previous inputs.

The main contributions of this work are as follows:

e  The proposed network ST_Dilated_CNN succeeds in capturing representations of the
complex spatio-temporal patterns present in solar data.

e  The proposed architecture ST_CNN_v2 is able to simulate the dilated range, with the
difference between the two models being less than one percentage point.

e  The proposed models outperform the benchmark models, with a difference of up to
three percentage points in forecast skill.

The paper continues with the Section 2, where the dataset used as well as the selection
of the stations are described. Section 3 presents the proposed methods, while Section 4
presents the training methodology applied. The results and the associated discussion and
analysis can be found in Section 5. The article ends with the Section 6.
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2. Data

CyL-GHI—a global horizontal irradiance dataset from the region Castile and Leon in
Spain—was used for the development of this study. CyL-GHI [25] is public, distributed
under a CC-BY-SA-NC (“Creative Commons Attribution-ShareAlike-NonCommercial”)
license, and can be downloaded from the Zenodo repository [26]. The data are pro-
vided in three csv (comma-separated value) files (“CyL_GHI_ast.csv”, “CyL_meteo.csv”,
and “CyL_geo.csv”). The CyL-GHI dataset contains records from 1 January 2002 to
31 December 2019, with a time granularity of 30 min, from 37 stations located in Castile
and Leon (Figure 1).
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Figure 1. CyL-GHI dataset: global horizontal irradiance dataset from the region Castile and Leon
in Spain. Source: “Figure 4. Distribution of the 37 stations selected for the CyL-GHI dataset after
the exploratory data analysis process.” by Benavides et al. [25], licensed under Creative Commons
Attribution 4.0 License.

The CyL_GHI_ast.csv file contains data on global horizontal irradiance, solar elevation
angle, upper atmospheric radiation, and the azimuthal angle of the sun. The CyL_meteo.csv
file contains meteorological data on the variables of air temperature, humidity, wind speed,
wind direction, and precipitation. The CyL_geo.csv file contains the geographical latitude,
longitude, and altitude data of the 37 stations, as well as the station codes and names. The
data are for all stations for the period considered.

Seven stations (BU04, LE05, P03, P07, SG01, SO01, and ZA02) were evaluated to com-
pare two conditions regarding the position of neighbors. Some stations were surrounded
by neighbors, following the traditional approach, while others had no neighbors in ei-
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ther direction. All stations had the same number of neighbors and were located within

50 to 100 km of the target station.

Other studies that have used data from this region have focused on stations that are
surrounded by neighboring stations. Eschenbach et al. [27] used station VAO1 to compare
the impact of the spatial dispersion of neighboring stations on forecast skill by comparing
stations from two pyranometer networks with different spatial coverage. Gutierrez-Corea
et al. [28] used the data from station VAO8 and and its eight nearest neighbors using as
a discriminant the database capacity to limit the number of neighbors. In both studies,
it was ensured that the stations studied had neighboring stations in all directions. This
is an optimal way of choosing stations because it is guaranteed that no matter where the
clouds originate from, they will always have information from a neighbor in that direction.
The selection of stations in this study aims to ensure that the models are prepared for a
non-ideal case where they may not have information from neighbors in all directions.

3. Proposed Methods Based on Convolutional Neural Networks

Solar irradiance prediction is important for many applications, ranging from gen-
eration planning to grid management. In this context, we will make use of CNNs for
spatio-temporal forecasting. Because CNNs are known for their ability to capture local
patterns and learn hierarchical representations of data, these networks have shown their
ability to predict time series and resolve complex spatial patterns [29,30]. By using these
networks to predict solar radiation, we can exploit their talents to analyze how factors such
as location, terrain distribution, and climate influence solar radiation prediction. CNNs
have been evaluated for sequential data, and it has been shown that they can be equal or
superior to recurrent networks, which are currently the most widely used for this type

of data [31].

From a mathematical point of view, a convolution is an operation that transforms
two functions into a third. This happens because each convolutional layer typically reduces
the spatial dimensions (height and width) of the input. To avoid this reduction, the size
of the convolutional kernel can be adjusted by applying techniques such as padding and

stride adjustments.

One technique for expanding the kernel is dilated convolution, which includes “holes

”

between consecutive elements (as shown in Figure 2). The mentioned figure is an example
of the structure of dilation layers; in the case of the presented model, the numbers of dilation
layers are one, two, four, and eight. A dilated-based approach is introduced in [14] in the
form a proposed context module comprising seven layers, applying 3 x 3 convolutions
with varying dilation factors: 1, 1, 2, 4, 8, 16, and 1. Each layer conducts 3 x 3 x C

convolutions followed by truncation and a final layer of 1 x 1 x C convolutions.
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Figure 2. A stack of dilated convolutional layers for dilations 1, 2, 4, and 8. Note: Dilation controls
the distance between the neighboring elements that a neuron in the convolutional layer can see in its

receptive field.
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Another technique applied is padding, which consists of padding the output with
zero values (to restore lost pixels). Causal padding is a special type of padding that
works with conv1D layers and is used in sequence-to-sequence [32] models and time-series
prediction: the stride is increased so that the output fields overlap less and there is less
spatial dimension. This type of padding adds elements to the beginning of the data, which
helps the prediction of the first elements in the time steps [33].

From this analysis, two models that fix the filter and increase the stride to increase the
receptive field are produced in the form of spatio-temporal convolutional neural network
version 1 and version 2 (described in Sections 3.1 and 3.2). Then, a method that enlarges
the receptive field by stacking layers with different dilation factors is produced, named the
spatio-temporal dilated convolutional neural network (in Section 3.3). All methods use
ReLU (one of the more popular activation layers that increases the non-linear properties of
the model and the entire network without affecting the reception field of the convolutional
layer). The proposed artificial neural networks are described in Sections 3.1-3.3.

3.1. Spatio-Temporal Convolutional Neural Network Version 1 (ST_CNN_v1)

The first proposed model, called spatio-temporal convolutional neural network version
1 (ST-CNN-v1), is implemented using the Keras deep learning library [34]. The model
architecture is defined in Figure 3.

ST-CNN-v1 consists of a one-dimensional convolutional layer with 64 filters, a kernel
size of two, and stride of one. Next, a max-pooling layer was added for feature extraction,
with a pooling size and stride of two. Afterwards, a flattened layer can be found, and its
output is passed through a densely connected layer with a rectified linear unit (ReLU) [35]
activation function. The final layer features a single unit modelling the predicted solar
radiation value. The Adam [36] optimizer is used for minimizing the mean absolute error
(MAE—measuring the average absolute difference between the predicted values and the
actual values) loss function.

Dense_2

kernel (200x1)
units = 1

Figure 3. Description of the architecture of the ST_CNN_v1 model.

kernel (1472x200)
Units = 200

Activation

Flatten

pool_size =2

strides = 2

activation =relu

3.2. Spatio-Temporal Convolutional Neural Network Version 2 (ST_CNN_v2)

The second proposed model, named spatio-temporal convolutional neural network
version 2 (ST_CNN_v2), uses learning structures specific to CNNs and can capture long-
range dependencies within the input time series through configurations of filters and layer
strides. The model architecture is defined in Figure 4.

ConvlD_2 ConviD_3

Dense_1
kernel (2x646x64) kernel (2x646x64) Kernel (384x200) Dense_2
filters = 64 filters = 64 Flatten kernel (200x1)
kernel_size = 2 kernel_size =2 et e

padding = causal padding = causal

activation =relu

strides = 2 strides = 4

Figure 4. Description of the architecture of the ST_CNN_v2 model.
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ST_CNN_v?2 features multiple one-dimensional convolutional layers with a distinct
stride size. All convolutional layers use a kernel size of two and the ReLU activation
function, starting with the first one. Subsequent layers introduce causal padding and
increasing stride to capture the different time scales of the input time series. The output
of the flattened layer is then passed through two densely connected layers with ReLU
activation, with the last one featuring a single unit to predict solar radiation. MAE is chosen
again as the loss function and the Adam optimizer is used for training.

3.3. Spatio-Temporal Dilated Convolutional Neural Network (ST_Dilated_CNN)

The third proposed model, the spatio-temporal dilated convolutional neural network
(ST_Dilated_CNN), employs a layer with more dilation factors than that proposed by [14].
The number is increased to 32 and finished with two dense layers. Moreover, it works with
a kernel of two.

The model features the architecture shown in Figure 5. It starts with the input layer.
Six one-dimensional convolutional layers with different expansion factors follow it. The
dilation factors range from 1 to 32. This set of dilated layers allows the model to capture
time dependencies on more than one scale of input data (time series). The model continues
with a one-dimensional convolutional layer with 64 filters, followed by a flattening layer
and two densely connected layers with the ReLU activation function. The last dense layer
produces a single output, which represents the solar radiation to be predicted. MAE and
Adam were used as the loss function and optimizer for model training.
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filters =32

Input_layer kernel_size =2
padding = causal

strides =1

|

kernel (2x646x64)
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——
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>

kernel (2x646x64)
dilation_rate = 8
filters =32
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strides = 1

>
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kernel_size =2
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>

kernel (2x646x64)
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kernel_size = 2
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strides =1

activation =relu activation =relu activation = relu activation = relu activation =relu activation = relu

Activation

Dense_1 ConvlD_7

ernel (200x1)

units =1 Activation

kernel (3072x200) kernel (1x32x64)

Units = 200 Flatten filters = 64

kernel_size =1

activation = relu strides =1

Figure 5. Description of the architecture of the ST_Dilated_CNN model.

4. Training Methodology

In this work, the predictive ability of deep learning models, which are known for their
ability to extract spatio-temporal information from data, was evaluated. The experiments
were divided into three scenarios based on the input characteristics of the models. Scenario 1
included only irradiance from the target and neighboring stations, Scenario 2 included
astronomical data (solar elevation angle and azimuth angle) in addition to the irradiance
used in Scenario 1, and the third scenario added meteorological variables (temperature,
humidity, wind speed, wind direction, and precipitation for each station) in addition to the
variables used in Scenario 2.

Considering that the temporal resolution of the data is half an hour, 48 lags represent-
ing 24 h in the past are used for each of the variables in order to predict the next instant
of time, which in this case would be the next half hour (30 min). The data are prepared
using the sliding window method and then flattened to enter to the model. This selection
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of features ensures that the models have as much information about their environment as
possible. Because low solar incidence angles tend to affect the quality of the measurements,
only measurements for solar elevation angles greater than 5° were considered.

The methodology used is shown in Figure 6. Specific features tailored to each station’s
particular scenario were chosen. The data for each fold of the dataset were then scaled
and reshaped to prepare it for model training and fitting. Once the data were prepared,
the model was trained and fitted. Error metrics were then calculated to assess model
performance for each station. Finally, the results of these error metrics were combined to
obtain an overall picture of the model performance for all selected stations.

hog * W I I ‘

Scenario 1 I W (N — ; I
s ! i :
1
e e e e e e Scaled data 1 I
I b I I L i
" o = = | I
I o Paib . | c = I
L - ’H‘ he) I () 1 I
I wy " | " < Reshape data 1
i) 2 G 1 |
I ] I % 2 I
v e = o I I
I I Gl 5 1
. W . . ?
| Scenario 2 I | £ 0 Train and fit H I
) I (model) i I
B ' I
I 1
1
T - —— 1 I
I I
- I
I . L Aggregate
Error metrics for station i I EETCE
I results

Figure 6. Diagram illustrating the training methodology applied.

The predictive model is defined as f(-), which aims to predict a target variable y
based on a set of input variables X. The target variable y represents the spatio-temporal
phenomenon of solar irradiance.

4.1. Scenario 1

In Scenario 1, the predictive model considers the irradiance of the nearest neighbors
of the target station as an exogenous variable (Figure 6). Mathematically, this can be
represented with Equation (1).

fi (y) = f(Ilagsr Ineighbors) (1)

Here, Ij,¢s represents the irradiance values of the target station and Lieignbors the
irradiances values of the nearest neighbors.

4.2. Scenario 2

In Scenario 2, the predictive model includes not only the irradiance of the neighbors,
but also the astronomical variables of both the neighbors and the target station (Figure 6).
This can be represented as depicted in Equation (2).

f(y) = f(Ilugsz Lneighbors Atarget, Aneighbors) 2)

Here, Atarger represents the astronomical variables of the target station and A,;ignpors
represents the astronomical variables of the neighbors.
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4.3. Scenario 3

In Scenario 3, the predictive model extends Scenario 2 by including the meteorological
variables of both the neighbors and the target station (Figure 6).

f3 (y) = f (Ilugsr Ineighhorsz Atargetr Aneighborsr Mtarget/ Mneighhors) (3)

Here, Miarget represents the meteorological variables of the target station and Meighpors
represents the meteorological variables of the neighboring stations.

In Equations (1)—(3), f(-), represents the predictive model, which could be a deep
learning model or any other machine learning algorithm, I represents irradiance values,
A represents astronomical variables, and M represents meteorological variables. Finally,
the “neighbors” and “target” subscripts denote variables associated with the neighboring
stations and the target station, respectively.

4.4. Baseline Models

Linear regression (LR) and Random Forest (RF) [37] models are frequently used as
baseline models in solar forecast tasks [38—43].

Linear regression seeks to establish a linear relationship between the input variables
and the output variable by employing a linear function to predict the values of the target
variable based on the input characteristics; its interpretation is easily comprehensible.

Random Forest is an ensemble model that combines multiple decision trees to make
predictions. Each tree is trained on a random sample of features and examples from the
dataset. To make the prediction, the average of the tree predictions is calculated. Random
Forest has proved its resilience against overfitting and its ability to effectively manage
linear data and categorical features. In this study, these models serve as a benchmark for
evaluating the performance of the models proposed in Section 3.

Parameter Estimation

The dataset was split into two portions: training and testing. CyL-GHI data from the
first 18 years were used for training, while the data from the final year were used for testing.

To identify the best parameters for the models, a 5-fold cross-validation was carried
out. In the cross-validation, multiple iterations were performed, and the training set was
divided into training and validation folds using the “TimeSeriesSplit” [44] method (which
ensures that the time series maintain their time index when the cut is performed). During
the preprocessing, the data were normalized between 0 and 1 using min—-max normalization,
which was then applied to both the training and validation sets.

The training consisted of several training operations for each model, with each iteration
featuring a different combination of specified hyperparameters. The process considers
several hyperparameters, such as the number of nodes (values of 10, 25, 50, 100), epochs
(values of 20, 50, 100, 200), and batch size (values of 32, 64, 128, 256).

4.5. Statistical Analysis of the Performance of the Models

To further evaluate the proposed models, a data subsampling method was applied to
allow the study of the consistency and variability of the models. This technique evaluates
the performance of algorithms in the case of unseen or independent datasets. In the
performance prediction of the models considered, models were only updated with new
data, and previously trained data were not considered. By using the subsampling method,
distortions in the dependency structure of a time series caused by the block bootstrap can
be avoided [45]. This selected approach is useful for detecting patterns and ensuring that
the model has not been overfitted to a specific section of the data. In this study, it was
implemented by splitting the entire time series (in this particular case, using a separate
year as a test set) into multiple segments, and each segment was used to validate the
models independently.
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Furthermore, to determine the statistical significance of the results obtained, the
analysis of variance (ANOVA) test was applied to the metrics to compute the associated
F-statistics and p-values. These statistical tools will ensure that the results obtained are
not due to chance. A low p-value (lower than the significance threshold of 0.05) suggests
that there are significant differences in the observed results that are unlikely to be due to
chance, which reinforces confidence in the validity of the model, whilst a high value of
the F-statistic indicates that the model provides a significant improvement in prediction
compared to a model with no predictor variables. A p-value lower than 0.001 is considered
highly statistically significant.

5. Results and Discussion

In this section, the effects of the three scenarios on the performance of the trained
models are analyzed. We start by listing the metrics used, and then the experiments are
detailed and separated by scenarios. In addition, a comparison between the scenarios

is made.

Three performance metrics were used to assess the accuracy of the regression models,

namely the mean absolute error (MAE), AE =

(RMSE), RMSE = 4/ %Z?:l (yi — y‘i)z; and the forecast skill score (FS), FS = 1 — zuror

n

; the root mean squared error

RMSE model .

All metrics were calculated using the actual value y; and the predicted value ;.

5.1. Scenario 1

persistence

The results of the three proposed models (ST_CNN_v1, ST_CNN_v2, and ST_Dilated_CNN)
for the various meteorological stations in Scenario 1 and comparisons with the baseline
models are presented in Table 1 (by means of the FS, MAE, and RMSE metrics achieved by

the trained models).

Table 1. Results of the baseline and proposed models for Scenario 1 and the selected stations.

Model Linear Regression Random Forest ST_CNN_v1 ST_CNN_v2 ST_Dilated_CNN

Metric FS MAE  RMSE FS MAE  RMSE FS MAE  RMSE FS MAE  RMSE ES MAE  RMSE
Station (%) (W/m?)  (W/m?) (%) (W/m?)  (W/m?) (%) (Wm?)  (W/m?) (%) (Wm?)  (W/m?) (%) (W/m?)  (W/m?)

BU04 26.17 42.33 68.76 26.02 41.12 68.90 26.43 39.76 68.52 28.28 37.72 66.79 28.71 40.54 66.39

LEO05 34.37 34.90 56.51 35.63 33.25 55.43 34.16 3243 56.69 35.97 32.27 55.13 36.30 33.44 54.85

P03 25.54 43.38 69.78 24.89 42.03 70.39 25.90 39.98 69.45 26.83 41.45 68.58 26.97 41.63 68.44

P07 31.89 43.71 69.44 30.01 4283 71736  30.10 42.38 71.27 30.99 41.01 70.36 3231 40.93 69.02

SG01 27.05 40.67 70.03 25.28 44.07 71.73 27.36 39.62 69.74 28.49 38.48 68.65 28.74 38.89 68.42

5001 26.51 40.66 61.68 23.65 4113 64.08 19.93 41.00 67.21 26.97 38.47 61.30 28.65 38.35 59.89

ZA02 34.70 38.56 57.90 34.87 38.50 57.74 36.11 34.56 56.65 37.23 34.48 55.66 37.22 34.08 55.67

Note: Entries in bold represent the best results.

When analyzed in detail, the metrics reveal that the proposed ST_Dilated_CNN model
obtains higher values for the FS percentages systematically, indicating its ability to better
capture the variance within the dataset. The high performance of this model is especially
noticeable at stations ZA02 and LE05, where it outperforms other models by a difference of
one to two percentage points.

The ST_CNN_v2 model has the lowest mean absolute error (MAE) values for most
stations, suggesting that its predictions are closer to the observed data. As an illustra-
tion of its high performance, the MAE of ST_CNN_v2 for station LEO5 is significantly
lower than that of the linear regression model. The ST_CNN_v2 model outperforms the
ST_Dilated_CNN model in terms of accuracy in forecasting both mean and extreme values,
despite the latter’s general superiority in capturing the variability of the data. For instance,
ST_Dilated_CNN outperforms both ST_CNN_v1 and ST_CNN_v2 at station BU04 with
an FS of 28.71%, an MAE of 40.54 W/m?2, and an RMSE of 66.39 W/m?2. Similar trends are
shown at the LE05, P03, P07, SG01, SO01, and ZAQ2 stations, where the prediction accuracy

of ST_Dilated_CNN is consistently high.
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In the context of the table provided, the linear regression and Random Forest models
serve as benchmark comparisons to evaluate the performance of more complex models,
such as those proposed in this work (ST_CNN_v1, ST_CNN_v2, and ST_Dilated_CNN).
The linear regression model, often used as a starting point in predictive analysis, shows
moderate performance in all seasons. However, the ST_CNN_v2 model consistently
outperforms it. In general, the Random Forest model achieves higher FS percentages and
lower RMSE values, suggesting greater efficiency in handling variance and outliers. The
ST_CNN_v1 model has mixed results; in stations like P03, BU04, ZA02, it outperforms the
baseline models, but it obtains the worst results for station SO01.

Despite this, the ST_CNN_v2 and ST_Dilated_CNN models demonstrate higher FS.
When analyzed especially in terms of absolute error, this highlights the advantages of
employing advanced deep learning techniques for this type of solar data analysis.

Figure 7 presents a plot of the FS values achieved by the trained models for each of
the stations studied. The models are shown in the following order: LR, RE, ST_CNN_v1,
ST_CNN_v2, ST_Dilated_CNN.

LEOS P03 P07 SGO1 SO01
Stations
mEm |R =mm RF  EEE ST CNN_vl mmm ST_CNN_v2 == ST Dilated_CNN

Figure 7. Comparative FS performance of three distinct models—ST_CNN_v1, ST_CNN_v2, and
ST_Dilated_CNN-—across various meteorological stations in Scenario 1.

It is shown that, for station ZA02, the ST_CNN_v1 model improves on the baseline
models, although it has a discrete result compared to those obtained by the other two deep
learning models. This model presents less homogeneous results since, for stations SG01,
P03, and BU04, it improves on the baselines, while for stations P05 and SO01, it delivers
worse results. The ST_Dilated_CNN and ST_CNN_v2 models present the highest FS value
for stations ZA02 and LEO5. Although the ST_CNN_v2 model can equal this at station
ZA02, the same does not occur for the rest of the stations, where the ST_Dilated_ CNN
model outperforms the rest of the models.

For stations LEO5 and ZA02, the RF model outperforms the LR model, with the
opposite being observed for the rest of the stations. ST_CNN_v2 is also capable of outper-
forming the rest of the baseline results, although the performance is always below that of
the ST_Dilated_CNN model, except for the abovementioned case (ZA02 station), where it
equals it.

5.2. Scenario 2

Table 2 summarizes the FS, MAE, and RMSE metrics of the two baseline models and
the three proposed models supplemented with astronomical input variables. The analysis
is performed for several meteorological stations to better understand the nuanced impacts
on the accuracy of solar radiation forecasting.
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Table 2. Results of the baseline and proposed models for the selected stations in Scenario 2.
Model Linear Regression Random Forest ST_CNN_vl ST_CNN_v2 ST_Dilated_CNN
Metric FS MAE RMSE FS MAE RMSE FS MAE RMSE FS MAE RMSE FS  MAE RMSE
Station (%) (W/m?)  (W/m?) (%) (W/m?)  (W/m?) (%) (Wm?) (W/m?) (%) (Wm?)  (W/m?) (%) (W/m?) (W/m?)
BU0O4 26.89 41.83 69.69 26.49 40.72 68.46 26.74 38.75 68.23 28.93 38.16 66.19 29.28 38.53 65.86
LEO05 34.72 34.50 66.01 35.96 33.00 55.14 33.85 32.78 56.96 36.53 31.03 54.66 37.21 31.12 54.07
P03 2637 4233 7151 2485 4217 7043 2605 4040 6931 2747 4106 6797 2739 4081  68.05
P07 32.41 43.67 69.78 30.61 42.64 70.75 31.57 40.81 69.77 32.93 40.21 68.38 32.93 43.99 68.38
SGO1 2719 4360 7297 2521 4451 7181 2666 4005 7041 2879 3866 6837 2886 3957  68.30
5001 26.97 40.81 66.79 24.02 40.84 63.78 18.03 41.18 68.81 27.27 38.15 61.05 28.32 40.46 60.17
ZA02 35.01 38.52 68.53 34.87 38.46 57.76 35.65 35.14 57.06 37.72 34.09 55.22 36.96 34.57 55.90

Note: Entries in bold represent the best results.

In contrast to Scenario 1, where the ST_Dilated_CNN model achieves the best results
for all stations over the rest of the models, in Scenario 2, the greatest FS percentages have
values between 27.39 and 37.21 (except for stations P03 and ZA02, where the ST_CNN_v2
model delivers a better FS with 27.47 and 37.72, respectively). The LR and RF models
achieve higher RMSE values than the proposed models. Although the FS, MAE, and
RMSE values obtained by the ST_CNN_v1 model demonstrate an imbalanced perfor-
mance, the ST_CNN_v2 and ST_Dilated_CNN models stand out for delivering the best
metrics. Nonetheless, the ST_Dilated_CNN model appears to be capable of capturing
data variability.

Each station presents unique conditions that test the limits of the models. For example,
station LEO5 shows the strengths of the ST_CNN_v2 model with the lowest MAE values,
indicating its strong predictive accuracy. The two baseline models have a similar behavior,
with a difference in some cases of one percentage point. Meanwhile, the ST_CNN_v1 model
has a difference of six in terms of FS for the SO01 station, which shows that the shallow
depth of the network prevents it from capturing patterns that are more complex.

Figure 8 shows how the ST_CNN_v2 and the ST_Dilated_CNN models stand out with
a better forecast skill than the rest of the models for all seasons. These models show a more
stable behavior, unlike the baselines that seem to have behaviors linked to the data of each
station. The RF model for stations BU04, P03, P07, SG01, and SO01 improves on the other
baseline model, while the LR model improves on the other baseline model for station LE05.
The ST_CNN_v1 model only improves the two baseline models for the ZA02 station. In
the P03 and P07 stations, it outperforms LR, but not the RF model.

LEO5 PO3 PO7 SG01 S001
Stations
mEm LR wew RF mEm ST CNN_vl mmm ST_CNN_v2 mmm ST Dilated_CNN

Figure 8. Comparative FS performance of three distinct models proposed—ST_CNN_v1, ST_CNN_v2,
and ST_Dilated_CNN—and baseline models across various meteorological stations in Scenario 2.
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In this scenario, it can be observed that the ST_CNN_v2 model improves the FS
results of the ST_Dilated_ CNN model for station ZA02, while the ST_Dilated_CNN model
outperforms it for the rest of the stations. In Figure 8, it can also be appreciated that stations
LEO5 and ZAO02 are the stations with the highest FS for all models, with a difference of up
to 5 points with respect to the rest of the stations. Stations BU04, P03, P07, and SG01 have
similar results, with the ST_CNN_v2 and the ST_Dilated_CNN models always exceeding
the baseline. The atypical case is station SO01, with the lowest FS values for all models.

5.3. Scenario 3

This section explores the results related to Scenario 3, which are shown in Table 3.
The table shows the FS, MAE, and RMSE metrics for the two baseline models and the
three proposed models.

Table 3. Results of the baseline and proposed models for the selected stations in Scenario 3.

Model Linear Regression Random Forest ST_CNN_v1 ST_CNN_v2 ST_Dilated_CNN

Metric FS MAE RMSE FS MAE RMSE FS MAE RMSE FS MAE RMSE FS MAE RMSE
Station (%) (W/m?) (W/m?) (%) (W/m?) (W/m?) (%) (W/m?) (W/m?) (%) (W/m?2) (W/m?) (%) (W/m?) (W/m?)

BU04 25.59 43.76 69.30 26.26 40.90 68.67 24.99 43.00 69.86 28.50 38.95 66.58 28.90 39.10 66.21

LEO05 33.97 35.93 56.86 36.00 32.96 55.11 34.27 34.11 56.60 36.56 30.92 54.63 36.62 31.93 54.57

P03 25.51 43.65 69.81 24.77 42.27 70.51 24.96 41.24 70.33 27.26 39.62 68.17 27.18 40.71 68.25

P07 30.26 46.76 71.10 30.51 42.71 70.85 31.24 43.49 70.11 32.03 41.89 69.30 33.22 4247 68.09

SGO01 26.64 44.74 70.43 25.22 44.53 71.79 27.69 41.89 69.43 28.78 39.74 68.38 28.97 38.65 68.19

SO01 25.67 42.76 62.39 23.27 41.25 64.41 19.34 45.02 67.70 27.72 38.11 60.67 27.70 39.77 60.69

ZA02 35.77 38.74 56.96 35.92 37.80 56.82 35.19 37.69 57.46 38.91 33.19 54.16 38.83 34.76 54.24

Note: Entries in bold represent the best results.

With these results, we can analyze how adding extra weather details affects the
performance of the ST_CNN_v1, ST_CNN_v2, and ST_Dilated_CNN models in predicting
GHI at different weather stations.

It can also be observed that the LR and RF models have similar results in model
forecast skill for stations ZA02 and P07. However, for stations LEO5 and B04, RF shows
higher values, while LR improves on RF for stations P03, SG01, and SO01. These results
show that these models are more closely tied to the variability present at each of the stations
evaluated. Nevertheless, it can be concluded that both models have similar predictive
capacity for this study.

The ST_CNN_v1 model improves the FS of the LR model at stations LE05, P07,
and SGO01, and the RF model at stations P03, P07, and SG0O1. The ST_CNN_v2 and
ST_Dilated_CNN models improve on the FS of all baseline models for all seasons. The
ST_Dilated_CNN model improves on the ST_CNN_v1 and ST_CNN_v2 models for almost
all stations, except for P03 and SO01, on which the ST_CNN_v2 model outperforms the
others with an FS of 27.76 and 27.72, respectively.

It should be noted that CNN-based models generally perform better than LR and RF
models, although there may be changes depending on the specific station. In particular,
the ST_CNN_v2 and ST_Dilated_CNN models show their ability to learn the variability
present by improving the FS for all stations.

Figure 9 shows the FS of the models for all the stations studied, and evidences the
ability of the ST_CNN_v1, ST_CNN_v2, and ST_Dilated_CNN models to improve the
quality of the forecast for all stations, with a significant difference with respect to the
baseline models.

In Figure 9, it can be observed that at stations such as ZA02 and LEO5, the FS values are
generally higher, which could indicate that their weather conditions are more predictable
and therefore the models are able to better fit the data measured at the site. At the same
time, there are stations such as BU04, P03, and SO01 that generally show lower FS values.
These changes may indicate that these sites are subject to greater climatic variability and
therefore it may be necessary to better adapt the model parameters to achieve a better result.
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Figure 9. Comparative FS performance of three distinct models—ST_CNN_v1, ST_CNN_v2, and
ST_Dilated_CNN—and baseline models across various meteorological stations in Scenario 3.

The LR, RE, and ST_CNN_v1 models show variable behavior dependent on particular
stations. The LR model for stations LE05 and BU04 improves on the RF and ST_CNN_v1
models, while RF improves on the LR and ST_CNN_v1 models for stations P03 and SO01.
The ST_CNN_v1 model improves on the baselines for stations PO07 and SGO01.

In this scenario, the ST_Dilated_CNN model improves the FS of the ST_CNN_v2
model for stations BU04, LE05, P07, and SGO01, while the ST_CNN_v2 model improves it
for the rest of the stations, although the margin of improvement is below one percentage
point. Both models improve the FS compared to all other models.

5.4. Comparison between Scenarios

Comparing the results of the three scenarios (each applying a different approach to
data input) provides a better understanding of the impact of including variables in the
solar forecast. The three scenarios involve the use of different input features: the first
scenario exploits only the global horizontal irradiance of the target station and its close
neighbors with 48 lags; the second scenario introduces astronomical variables in addition
to the initial features; and the third scenario additionally incorporates astronomical and
meteorological variables.

In Scenario 1, the modelling of global horizontal irradiance only is simple and com-
putationally more efficient, since it focuses only on historical irradiance data, but there
is a limitation of potentially missing certain spatio-temporal nuances and astronomical
patterns that contribute to solar irradiance dynamics.

In Scenario 2, when astronomical variables are added, the predictive capability of the
models is improved, as demonstrated by higher FS values and lower MAE and RMSE values
at several stations. Stations such as SO01, P07, and SGO01 benefit notably from the addition
of astronomical variables, showing improved accuracy and better model performance.

In Scenario 3, when the modelling combines astronomical and meteorological variables,
further improvements in the performance of the models can be found, resulting in reduced
MAE and RMSE values, particularly at stations P07 and SOO01.

Upon closer examination of the results in the results tables for the three scenarios, it can
be observed that the incorporation of astronomical variables produces noticeable impacts
on the prediction of solar radiation at different meteorological stations. In particular, the
ST_Dilated_CNN model shows better performance in FS, MAE, and RMSE in a systematic
way when compared to the ST_CNN_v1 and ST_CNN_v2 models, with different degrees
of improvement observed at different stations.
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The station that shows a distinct behavior is station SO01, which does not clearly benefit
from the inclusion of the astronomical and meteorological variables. The ST_Dilated_CNN
model obtains the best FS results (28.32%) for Scenario 1 and reduced MAE and RMSE
values, which underlines its ability to capture the solar radiation dynamics at this location.

The P07 and SGO01 stations also experience notable benefits from the integration of
astronomical variables, as evidenced by consistently elevated FS values and decreased
MAE and RMSE metrics. The ST_Dilated_CNN'’s performance surpasses its counterparts,
accentuating its proficiency in leveraging astronomical features for improved predictions.

Stations with marginal benefit are BU04, LE05, P03, and ZA02; while still benefiting
from the inclusion of astronomical variables, these stations exhibit more modest improve-
ments. ST_Dilated_CNN consistently outperforms ST_CNN_v1 and ST_CNN_v2, but
the differences in FS, MAE, and RMSE are less pronounced compared to the aforemen-
tioned stations.

When analyzing the ST_Dilated_CNN model for the three scenarios, it is found that the
FS values of Scenarios 2 and 3 improve with respect to Scenario 1, with differences of one
to two percentage points (Appendices A and B can be consulted for a visual representation
of the delta FS values). The ST_CNN_v2 model is the only one that benefits in all stations
for all scenarios. The ST_Dilated_CNN model, although it also benefits for stations SO01
and ZAO02, shows different behavior in Scenario 2, and for station SO01 in Scenario 3. It
is estimated that this different behavior is due to the fact that these two stations have
the most spatially distant neighbors of all the stations studied, as can be seen in Figure 1.
Therefore, the input of data from neighbors can create noise, reducing the network’s ability
to extract valid information. On the other hand, ST_CNN_v1 frequently appears as the
worst model in terms of highest MAE and RMSE. This suggests that, for the scenarios
evaluated, ST_CNN_v1 may not be as effective compared to the other models evaluated.
By comparing Scenarios 2 and 3, it can be found that, for four of the seven stations studied,
higher results are achieved in Scenario 2, indicating a significant influence of astronomical
variables in the prediction of the proposed models.

5.5. On the Variability of Model Performance when Grouped by the Considered Scenarios

The results of the evaluation using the subsampling method proposed in Section 4.5
are presented here. Tables 4-6 show the means and standard deviations of the metrics
obtained for each of the stations, across all scenarios and models. In Scenario 1 (Table 4),
the ST_CNN_v2 model performs consistently better for most stations, showing low MAE
and RMSE values and high R2 score values. The ST_CNN_v1 model generally performs
slightly worse, with higher MAE and RMSE values and lower R2 score values compared to
the other models. Although the ST_Dilated_CNN model differs between 0.01 and 0.04 in
mean R2 scores with respect to ST_CNN_v2, it maintains a consistent performance.

Table 4. Mean and standard deviation values of the performance metrics obtained in Scenario 1.

MAE RMSE R2 Score
Station Model
Mean Std. Deviation Mean Std. Deviation Mean Std. Deviation

ST_CNN_vl1 73.95 11.69 106.98 19.43 0.8 0.03
BU0O4 ST_CNN_v2 41.03 7.42 66.54 13.19 0.92 0.02

ST_Dilated_CNN  62.11 8.9 82.07 14.82 0.88 0.02

ST_CNN_v1 62.68 1.87 89.1 2.38 0.87 0.04
LEO5 ST_CNN_v2 38.26 1.52 60.65 4.0 0.94 0.01

ST_Dilated_CNN  48.42 6.65 65.58 7.7 0.93 0

ST_CNN_vl1 61.96 7.37 93.68 14.24 0.86 0.02
P03 ST_CNN_v2 47.6 5.75 71.46 10.15 0.92 0.01

ST_Dilated_CNN  74.54 8.77 95.01 13.83 0.85 0.01
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Table 4. Cont.

MAE RMSE R2 Score
Station Model
Mean Std. Deviation Mean Std. Deviation Mean Std. Deviation
ST_CNN_v1 80.77 11.52 109.86 17.75 0.77 0.02
P07 ST_CNN_v2 55.31 10.83 80.5 18.29 0.88 0.02
ST _Dilated_CNN  62.95 14.72 88.86 20.95 0.85 0.03
ST_CNN_v1 66.99 9.43 98.06 15.55 0.86 0.02
SGO01 ST_CNN_v2 49.12 7.7 73.68 12.32 0.92 0.01
ST _Dilated_CNN  56.24 6.61 76.46 11.19 0.91 0.01
ST_CNN_v1 128.94 17.55 168.98 26.34 0.53 0.13
SO01 ST_CNN_v2 104.02 18.54 138.56 22.69 0.69 0.07
ST _Dilated_CNN  66.79 4.58 82.3 7.57 0.89 0.01
ST_CNN_v1 64.78 1.76 89.41 4.46 0.88 0.02
ZA02 ST_CNN_v2 45.58 4.31 61.60 7.09 0.94 0
ST _Dilated_CNN  49.57 7.53 68.71 11.08 0.93 0.01
In Scenario 2 (Table 5), the response of the models remains the same, with ST_CNN_V2
and ST_Dilated_CNN having the best metrics. For example, at station BU04, ST_CNN_v2
has an MAE of 50.28 + 7.04, an RMSE of 75.91 + 11.97, and an R2 score of 0.90 + 0.02, out-
performing ST_CNN_v1 and ST_Dilated_CNN on all metrics. These results are consistent
with those presented in Section 5.2.
Table 5. Mean and standard deviation values of the performance metrics obtained in Scenario 2.
. MAE RMSE R2 Score
Station Model
Mean Std. Deviation Mean Std. Deviation Mean Std. Deviation
ST_CNN_v1 82.8 6.61 111.09 14.38 0.78 0.04
BU04 ST_CNN_v2 50.28 7.04 75.91 11.97 0.9 0.02
ST_Dilated_CNN  69.98 7.3 87.57 9.8 0.86 0.02
ST_CNN_v1 60.06 2.78 87.39 1.65 0.87 0.05
LEO5 ST_CNN_v2 44.22 1.95 68.4 3.12 0.92 0.02
ST_Dilated_CNN  49.63 6.98 67.85 7.88 0.93 0
ST_CNN_v1 58.49 7.07 89.56 13.16 0.87 0.02
P03 ST_CNN_v2 46.71 7.24 72.12 12.06 0.92 0.01
ST_Dilated_CNN 73.1 11.05 93.03 14.39 0.86 0.01
ST_CNN_v1 83.86 11.25 113.29 15.07 0.76 0.03
P07 ST_CNN_v2 60.02 13.27 86.8 20.44 0.86 0.02
ST_Dilated_CNN  86.33 17.37 115.91 25.94 0.75 0.04
ST_CNN_v1 75.44 5.68 104.37 13.34 0.84 0.02
SGO01 ST_CNN_v2 48.14 5.02 73.57 9.46 0.92 0.01
ST_Dilated_CNN  72.44 12.53 96.35 18.53 0.86 0.02
ST_CNN_v1 115.87 19.15 154.87 28.11 0.6 0.16
SO01 ST_CNN_v2 88.24 25.99 134.97 42 0.69 0.16
ST_Dilated_CNN  56.39 9.33 77.56 10.91 0.9 0.01
ST_CNN_v1 89.93 3.17 115.49 4.42 0.81 0.04
ZA02 ST_CNN_v2 71.25 3.32 93.49 8.60 0.86 0.01
ST_Dilated_CNN  58.47 6.42 74.22 8.81 0.92 0.03

For Scenario 3, as shown in Table 6, the ST_CNN_v2 model stands out as the best in
most of the stations evaluated. For stations such as LE05 and P03, ST_CNN_v2 consistently
exhibits the lowest MAE and RMSE, as well as the highest R2 score compared to the other
models, indicating a better fit and predictive performance. In contrast, ST_CNN_v1 tends
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to show the worst performance at several stations, such as P07 and SO01, where it has the
highest MAE and RMSE values, and the lowest R2 score values.

Table 6. Mean and standard deviation values of the performance metrics obtained in Scenario 3.

] MAE RMSE R2 Score
Station Model
Mean Std. Deviation Mean Std. Deviation Mean Std. Deviation

ST_CNN_v1 77.39 8.82 111.99 18.56 0.78 0.02
BU04 ST_CNN_v2 53.07 5.82 78.64 11.76 0.89 0.02
ST_Dilated_CNN  47.48 8.51 71.25 13.49 091 0.02
ST_CNN_v1 63.5 1.82 88.03 1.88 0.87 0.04
LEO5 ST_CNN_v2 42.86 2.21 67.09 3.47 0.93 0.02
ST_Dilated_CNN  54.12 9.14 74.06 10.72 091 0.0
ST_CNN_v1 66.63 5.4 97.15 12.37 0.85 0.02
P03 ST_CNN_v2 44.37 7.08 67.69 10.5 0.93 0.01
ST_Dilated_CNN  61.15 11.22 82.74 14.37 0.89 0.01
ST_CNN_v1 88.54 8.41 115.57 11.88 0.74 0.05
P07 ST_CNN_v2 52.87 12.87 83.17 22.72 0.87 0.03
ST_Dilated_CNN  56.63 12.2 82.03 18.16 0.87 0.02
ST_CNN_v1 71.42 8.92 100.68 15.63 0.85 0.01
5G01 ST_CNN_v2 47.51 7.01 74.9 12.6 0.92 0.01
ST_Dilated_CNN  63.62 7.97 83.89 13.08 0.9 0.01
ST_CNN_v1 119.83 20.57 162.58 32.13 0.57 0.15
SO01 ST_CNN_v2 133.11 15.09 165.49 12.85 0.54 0.14
ST_Dilated_CNN  89.27 9.33 117.33 13.61 0.78 0.01
ST_CNN_v1 65.55 3.78 88.21 3.07 0.89 0.03
ZA02 ST_CNN_v2 54.52 2.39 73.37 4.07 0.92 0.01
ST_Dilated_CNN  44.53 4.44 64.14 6.55 0.94 0.01

In summary, these new experiments have shown that the ST CNN_v2 and ST_Dilated_ CNN

models are consistent models, with the ST_CNN_v2 model being the best of the two,

although the difference between them is not significant. As for the variability in the stations,

the SO01 station is the one with the greatest variability, which is attributed to the fact that

its neighbors are the furthest away, so the weight of the information they provide should

be less. It is recommended to carry out more experimental repetitions to further validate

these findings. The performance results analyzed in this section are also illustrated in the

form of boxplots in Figure 10.
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Figure 10. Boxplots of the performance metrics achieved by the proposed models when grouped by
the scenarios considered in terms of (a) MAE, (b) RMSE, and (c) R2 score values computed.
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5.6. On the Statistical Validation of the Models

The evaluation results of the three scenarios using the MAE, RMSE, and R2 score
metrics, accompanied by their respective F-statistic and p-value values, are shown in Table 7.
In Scenario 1, it is observed that the F-statistic for MAE is 11.43 with a p-value of 3.23 x 1075,
indicating a significant difference in the mean absolute errors between the models evaluated.
Similarly, for RMSE and R2 score, the F-statistic values are 14.50 and 14.13 with p-values
of 2.75 x 107% and 3.67 x 107, respectively, suggesting that the differences in the mean
square errors and coefficients of determination between the models are highly significant.

Table 7. F-statistics and p-values computed by applying the ANOVA test to the considered perfor-
mance metrics, grouped by scenario.

Scenario Performance Metric F-Statistic p-Value
MAE 11.43 3.23 x 107°
Scenario 1 RMSE 14.50 2.75 x 10~
R2 score 14.13 3.67 x 107°
MAE 13.18 7.81 x 1076
Scenario 2 RMSE 9.02 0.0002
R2 score 8.15 0.0005
MAE 7.03 0.0014
Scenario 3 RMSE 8.87 0.0003
R2 score 7.42 0.0010

In Scenario 2, the results show an F-statistic of 13.18 for MAE. The values for RMSE
and R2 score are 9.02 and 8.15, with p-values less than 0.05 for all. These results indicate
significant differences in the error metrics and explanatory power of the models evaluated.

Finally, in Scenario 3, the F-statistic values for MAE, RMSE, and R2 score are 7.03,
8.87, and 7.42, with p-values also below 0.05. Although these values are lower compared
to the first two scenarios, they are still statistically significant, implying that the observed
differences in the error metrics and the coefficients of determination between the models
are not attributable to chance.

In summary, the F-statistic values and p-values in all scenarios and for all metrics
indicate that the observed differences between the models are highly statistically significant.
This suggests that the evaluated models perform significantly differently in terms of MAE,
RMSE, and R2 score, which is crucial for selecting the most appropriate model for each
specific scenario. The p-value also indicates that the improvements in the performance
achieved by the proposed models are highly statistically significant.

6. Conclusions

In this study, three new deep learning architectures that are applicable to the field of solar
forecast have been presented, namely the spatio-temporal dilated convolutional neural net-
work (ST_Dilated_CNN) and spatio-temporal convolutional neural network versions 1 and 2
(ST_CNN_v1 and ST_CNN_v2). These artificial neural networks were evaluated against
three scenarios with different sets of input features, including irradiance data, astronomical
variables, and a combination of astronomical and meteorological features.

For each of the scenarios evaluated, the proposed networks were proven to be superior
to the baseline models, outperforming them by up to 3 percentage points in some cases. A
dataset available to the scientific community was used for the study. It was a dataset from
the Spanish region of Castile and Leon that has records from 37 meteorological stations. It
has a temporal resolution of 30 min and covers a region of up to 1000 km?.

The results show that the best combinations of input characteristics for the models
included astronomical variables. Scenarios 2 and 3 benefited the most when assessing the
forecast skill of the models, achieving significantly better FS values than Scenario 1, where
only irradiance data were modelled.
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The p-values computed with the ANOVA test were highly statistically significant
(lower than 0.001) for all metrics and all the evaluated scenarios, suggesting that there was
a significant difference in performance. This reinforces the validity of the improvements in
performance achieved by the proposed models, and suggests that the models evaluated
performed significantly differently in terms of MAE, RMSE, and R2 score.

In terms of future work, the evaluation of the models with public datasets from other
regions is proposed to study if changes in location (and, therefore, atmospheric conditions)
affect the prediction quality of the models. Additionally, variables of physical models,
such as atmospheric visibility, 200 hpa geopotential, cloud liquid condensation (CLC),
and cloud ice condensation (CIC), could also be added to the training and evaluation of
the proposed models. Subsequent works could also explore the application of feature
selection algorithms to reduce the dimensionality of the input and ultimately minimize the
computational cost of training the models. Another line of research may be associated with
finding the distance at which neighbor data are no longer correlated, and therefore create
noise instead of providing relevant information.
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Appendix A

A FS: Scenario 2 vs. Scenario 1
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Figure A1. Impact on forecast skill: A comparison between Scenario 2 and Scenario 1.
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Appendix B

A FS: Scenario 3 vs. Scenario 1
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Figure A2. Impact on forecast skill: A comparison between Scenario 3 and Scenario 1.
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