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Abstract: Accurate solar resource forecasting is important because of the inherent variability
associated with solar energy and its significant impact on the cost for energy producers.
The traditional method applied in solar irradiance forecasting involves two main phases,
related to (1) data selection and (2) model selection, training, and evaluation. In this study,
we propose a novel end-to-end methodology for solar irradiance forecasting that starts
with the search for the data and all of the preprocessing operations involved in obtaining a
quality dataset, continuing by imputing missing data with the BERT (Bidirectional Encoder
Representations from Transformers) model, and ending with obtaining and evaluating
the predicted values. This novel methodology is based on three phases; namely, Phase_1,
related to the acquisition and preparation of the data, Phase_2, related to the proposed
imputation with a BERT model, and Phase_3, related to the training and prediction with
new models based on deep learning. These phases of the proposed methodology can be
applied in a disjointed manner, and were used on two public datasets accessible to the
scientific community. Each of the proposed phases proved to be valuable for the workflow,
and the application of the novel method delivered increases in performance of up to
3 percentage points (3%) when compared to the traditional approach.

Keywords: solar forecast method; BERT; deep learning; data imputation

1. Introduction

For solar forecasting, the standard methodology applied for training deep learning
models is generally based on two fundamental phases, (1) data selection (phase where the
solar irradiance information required for training the models is obtained) and (2) model
selection, training, and evaluation (phase where the machine learning models relevant
for the task are selected, trained, and optimized, and where the method for assessing the
performance of the trained models is selected and performed) [1].

The selection of the dataset begins with its collection, and this initial step is heavily
influenced by the available data sources, particularly whether they are public or private [2],
or whether the data will be obtained from a web service, a repository, or will be generated.
It is also important to assess the temporal resolution required (based on the requirements
of the energy production prediction [3]). Finally, the period (e.g., the number of years of the
dataset) and its spatial resolution are also important aspects. This initial step also includes
operations of data analysis and evaluation, where it is determined if there are missing data,
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if there are values outside the established limits, or if the temporal index is complete; some
of these problems can be solved by cleaning the data. In the case of missing data, data
imputation can be performed depending on whether the data loss is significant.

It is also important to note that the two phases of the classical methodology are
highly correlated, as variation in one will influence how the other two are processed. For
example, if a single time series is used, a classical statistical method such as an ARIMA
can be considered as sufficient [4]. However, when multiple time series, satellite images,
or sky images are processed, the model must feature a higher complexity to be capable of
extracting the information from this type of data. In these cases, the use of machine learning
or deep learning models is recommended. Finally, for the evaluation step, it would be
necessary to choose between a deterministic or probabilistic approach, choosing the most
used metrics according to the approach. This methodology becomes more complex when
we analyze each of the steps and the processes to be developed within them (Figure 1).
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Figure 1. Diagram of the extended, standard methodology applied for solar irradiance prediction
using meteorological time series.

Regarding the model selection step, a decision between physical or statistical ones
is generally performed. Within the statistical ones, classical methods (ARIMA, Ridge,
LASSO) or automated learning methods can be selected. Within the automated learning
methods, there are also classical automated learning methods and deep learning methods.
The model selection will also depend on the data, number of variables, size of the dataset,
and data format. After selecting the model, the data must be transformed according to
the input expected by the model—normally, time series forecasting is performed in a
window; that is, given past data in time-steps, a model will predict one or more time-steps
in the future. The size of the time window governs the amount of data considered when
making the prediction. After obtaining the time windows, the data are divided into training
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and test sets (validation sets can also be obtained where a large volume of information is
available). This division should be performed considering that the evaluation data can
never be part of the training. Additionally, due to the seasonality of the data, if possible, it is
recommended to use whole years for the evaluation; if not possible, ensure a representation
of the different climatic seasons. For data normalization, many authors [5-9] use the classic
automated learning methods such as standard scaling to transform the data to have a mean
(1) of 0 and a standard deviation (o) of 1 (generally the values will fall within the [—3, 3]
range, considering a normal distribution), or the min-max scaling to translate the data to
a specified range (usually, [0, 1], particularly useful for model implementations that are
sensitive to the scale of data, such as neural networks), although the recommended method
for solar radiation prediction is to use clearness or clear sky indices [10]. In addition to
normalizing, it is also recommended to eliminate irrelevant information for the model to
improve the quality of the prediction.

The methodology proposed in this work introduces a new imputation model in the
processing of missing data, so the next section is dedicated to further explain this topic.

Imputation in Solar Forecasting

In solar energy forecasting, as in many other fields of study, it is important to have
complete and accurate data for analysis and decision-making processes, and decisions
regarding the imputation of missing data are a common challenge. This challenge becomes
even more relevant in time series analysis, where data continuity and order are critical, time
series being sequences of data that are recorded at regular time intervals and are ordered
according to the time at which they are recorded [11].

The imputation method is an important analysis in time series and involves “filling
in” missing values in the series using the available observed values [12]. In this regard,
imputation of solar power time series [13] is a topic that has been explored with traditional
statistical methods [14,15] and with more modern automated learning methods [16,17].
Demirhan et al. [15] evaluated 36 imputation methods for solar irradiance series with a
dataset collected in Australia; the imputation methods considered were variants of the meth-
ods listed below, namely, (1) interpolation (such as linear, spline, or Stineman), (2) Kalman
filters, (3) persistence, (4) weighted moving average, and (5) random sampling. The authors
designed sixteen experimental scenarios and determined that linear interpolation and
Stineman interpolation—methods that utilize a function passing through a series of points
in the xy plane to estimate slopes—proved to be the most accurate for minute and hourly
series. For daily and weekly series, however, the weighted moving average method yielded
the best results.

De-Paz-Centeno et al. [17] proposed a neural network to impute values for series with
missing values in ranges from 30% to 70% of the total number of values, and recommended
its use for scenarios with 50% missing values. The proposed model was a convolutional
neural network employing an encoder—decoder architecture, tested on both a private
and a public dataset, each comprising two years of samples. This architecture achieved
coefficients of determination between 0.81 and 0.98, significantly outperforming the other
models evaluated.

Given the sequential characteristics of time series data, models originally designed
for Natural Language Processing (NLP), such as transformers, may also be well-suited for
this task. Transformers are based on attentional mechanisms (relating different positions
of the same sequence to compute a representation of it; also known as self-attention),
have proven effective in solving sequential tasks, and have been applied to and have
obtained good results in time series imputation [18,19], while easily handling long-range
dependencies [20].
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Bidirectional Encoder Representations from Transformers (BERT) [21] is a transformer-
based deep learning model that uses bidirectional self-attention by jointly conditioning
the left and right context, being one of the most popular deep learning-based language
models [22]. BERT is pre-trained using two key unsupervised tasks, the Mask Language
Model (MLM) and Next Sentence Prediction (NSP). In MLM, some words in the input
sequence are randomly masked, and the goal is to predict the masked words based solely on
their context. The NSP task, on other hand, focuses on text-pair representations to predict a
sentence from the previous sentence. BERT has also been pre-trained for other knowledge
areas, such as computer vision [23,24], bioinformatics, and computational biology [25-27],
or learning geospatial representations based on a point of interest [28].

In the methodology proposed in this work, the BERT model was applied for irradiance
time series imputation [29] by training it from scratch for the MLM task with irradiance
data. The methodology also makes use of three novel deep learning methods based on
convolutional networks for solar forecasting [30].

The main contributions of this research are summarized as follows:

e An end-to-end methodology based on the BERT model that contains a complete
process (from data gathering to the final forecast) and is applicable for solar forecasting
workflows to improve the quality of the prediction results.

e  To prove its applicability, the proposed methodology is implemented by training three
deep learning models on the CyL-GHI dataset (containing data from Castile and Léon,
Spain), and on a dataset established in the literature (with data from Hawaii, USA).
The application of the method on the mentioned datasets delivered improvements in
performance of up to 3%.

The rest of this paper is organized as follows. Section 2 presents an end-to-end
methodology. To evaluate the robustness of the proposed method, Section 3 details the
application of the methodology on the CyL-GHI dataset (obtained as a result of applying
a part of the proposed methodology), while Section 4 presents the application of the
methodology on a public dataset from Hawaii, USA. This section includes the assessment
of the results with statistical analyses. Section 5 discusses the strengths and limitations of
the proposed methodology Finally, Section 6 presents the conclusions reached.

2. Proposed End-to-End Methodology

In this section, the proposed methodology to improve the solar irradiance prediction
with a time series of meteorological observations enriched with spatiotemporal data is
described. The proposed methodology is presented in Figure 2 and starts with processing
the raw data to obtain the training data. Afterwards, it includes steps related to the model
selection, imputation, and training. The end-to-end method then continues with applying
feature selection methods [30], and also includes two steps related to imputation [29] and
stationarization [10].

2.1. Phase_1: Obtaining the Dataset

The first phase of the proposed methodology is related to the steps to be applied for
obtaining a dataset of high quality, and is based on the method introduced in Ref. [2].

In this process, it is important to first define the source of the data (depending on the
prediction horizon and temporal resolution chosen) and define and how it can be accessed.
After obtaining the data, one can begin analyzing the data for inconsistencies. The series
should be analyzed to ensure that the sequence of dates is correct without gaps, and that
the format of presentation of the dates is as expected (verify time index completeness).
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Figure 2. A proposed end-to-end methodology for solar irradiance prediction based on BERT for data
imputation and deep learning models trained with a time series of spatiotemporal meteorological
information. Notes: (1) The proposed method is represented as a flowchart to be applied from the
initial steps of data collection to the final stages of forecast generation. (2) Sections 2.1-2.3 provide
details regarding the implementation of the three proposed phases of the methodology.

Due to limitations in access to information from quality weather stations, it is important
to complement information with data from repositories or web services that provide
information collected from satellites or generated by mathematical models. These data
sources can complement irradiance data with atmospheric, astronomical, or meteorological
variables that help to better understand the environment in which the prediction is being
made. The challenge with using different data sources is that often the delivery format is
not homogeneous. To enrich the information using data in different formats, Extraction,
Transformation, and Loading (ETL) techniques can be applied to unify all of the information
in a single file or database featuring the same data format.

When working with several meteorological stations, one should evaluate whether the
same features are obtained from all of them. In the case of not obtaining the same ones, one
can discriminate according to the specific objectives, and determine which features have
more weight. It is also important to review for outliers and define how to handle them,
check the format of the data, or apply decomposition into a simpler format when needed,
leading to new features for the dataset (for example, from the date, derive the day of the
year or the year). It is also important to detect missing data and to smooth the data.

The exploratory data analysis should be carried out to identify problems or inconsis-
tencies in the dataset. It can be done by graphically representing the information, or by
using libraries that automatically compute relevant data statistics.
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After data analysis and the related data cleaning that is usually involved, one can
perform quality control following the protocols according to the variables to be evaluated.
In the case of quality control, it is also important to be aware that there are specific controls
depending on what is tested—each variable can even have its own quality control. There-
fore, it is always advisable to review the literature looking for controls already established
and standardized by other authors. In a general perspective, it is recommended to always
attempt to ensure the accuracy, completeness, and consistency of the data.

When the dataset passes quality control, a dataset considered the end result of the cleaning
and quality assessment process is generated. If this generated dataset is complex or presents
loss of data that requires the need for an imputation process, Phase_2 of the methodology will
be applied; Phase_2 of the proposed methodology is explained in the next section.

2.2. Phase_2: Training Data Imputation

A more detailed explanation of the missing data imputation with BERT [29] (Phase_2
of Figure 2, represented with a blue rectangle) is presented as a pseudocode form in
Algorithm 1. As for the notations used in Algorithm 1, E refers to the irradiance values
collected by a meteorological station, Dy,,;;, and Dyt represent the division into training
and test set of each dataset, respetively, df denotes the days with missing values, while
“trained model BERT” reference the new imputation model obtained after using irradiance
values to train a BERT model from scratch.

Algorithm 1: Data Processing and Imputation Procedure (Phase_2)

Input: Dataset D, last test year, imputation model
Output: Dataset with imputed values

1 For each station E in the set of stations do:
2 Filter Dr to retain only values where solar elevation > 5
3 Split Dg into training set Dy, (years < last year) and test set Dy (last year)
4. Remove days from Dy, and Dyes with missing values
5. For each day d € Dy, and Dyt do
6 Convert d into a sequence of values
7 Save the sequence of values of d into a text file
8 End for

9 End for

10.  Tokenize the text files generated in the previous step

11.  Train the imputation model using tokenized Dy,

12.  Evaluate the model using D

13.  Save new imputation model

14.  For each day with missing values d¢€ D do

15. Convert dy into text format

16. Impute missing values in dy using the trained model BERT

17. Convert the imputed series from text back to time series format
18.  End for

19.  Save the dataset with imputed values

The pseudocode of Algorithm 1 specifies that, for each station shown, only values of
irradiance with solar elevation greater than 5° [31] are considered (eliminating nighttime
values and values close to sunrise or sunset).

For preprocessing, the dataset of each station is separated into training and test sets
(leaving the last year for testing), and only days with no missing information should be



Forecasting 2025, 7,5

7 of 21

used. For each day of the dataset, the one-day time series is converted into a sequence of
values. A text file where each row represents the values of one day is created.

Afterwards, the Tokenization operation is performed for the files obtained in the
previous step to convert text data into numerical tokens that can be processes by DL
models. For training BERT, a vocabulary of 1600 tokens (conformed to the values that the
irradiance can reach) was used. A series of special tokens are used, (1) [CLS] to identify
the beginning of the sequence, (2) [MASK] to mask the position of the chain we want to
predict, (3) [UNK] to point out the elements of the sequence that are unknown, (4) [PAD]
to fill sequences that are shorter than those expected by the model, and (5) [SEP] used to
separate two sequences. The configuration of parameters used to obtain the best model
features a batch size of 64, 12 hidden layers, and 12 attentions heads.

For the evaluation of the model, the test period (for example, one year) that was
separated earlier should be used to compute relevant performance metrics such as Mean
Absolute Error (MAE), the Root Mean Squared Error (RMSE), and the forecast skill score
(FS) defined by Equations (1)—(3), respectively.

MAE = Lial (i — 90l (1)

n
1 .
RMSE = \/;Z?_l(]/i ~ ) 2)
RMSEmodel

FS=1— 0
RMSEpersistence

)

The model should perform well in predicting consecutive missing values in a sequence
and be able to replicate the irradiance distribution curve of the day before being used for
missing data imputation.

Once the new imputation model is obtained, the imputation of the series with missing
values is performed by first converting the available series to text format. To obtain the
imputed data, the desired position is masked, and the model is queried (this is done
recursively until all of the unknown values in the string have been obtained). Afterwards,
the text is transformed into the time series format again. As a final step, a new imputed
training dataset is generated, improving the dataset’s completeness.

2.3. Phase_3: Model Training and Evaluation

The final phase of the end-to-end methodology is based on the feature selection
methods proposed in Ref. [30], and also includes the steps related to stationarization [10].

Phase_3 begins with defining the subset of variables to be used as input to the model.
In this process, feature selection methods varying from applying correlation analysis to
determining the feature importance automatically (for example, identifying the features
with the highest impact on the predictions with the feature importance scores of tree-based
models) together with the criteria of experts in the field are employed.

As input to the models, the GHI of the target station and neighboring stations, as well
as the solar elevation and azimuth angles, should be selected, as using information from
neighbors benefits short-term forecasting with data on cloud movements. In this step, it is
important to define the spatial and temporal correlation zone with its close neighbors. A
sliding window structure is used to divide the time series into overlapping segments of
fixed size, giving as output the matrix to be used by the models.

It is also important to remove seasonality and check for stationarity and stationarize
the time series (if necessary). The irradiance should be normalized using the clear sky index
and the data transformed into the structure expected by the models. After defining the
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characteristics, state-of-the-art models should be trained k-fold cross-validation to adjust
the parameters until the ideal configuration is reached.

To assess the performance of the model, k-fold cross-validation can be used. In this
case, the model is trained k times, each time using a different combination of k—1 subsets
for training and the remaining subset for testing. The k-fold cross-validation provides a
robust and unbiased assessment of model performance. The performance metric from all k
iterations should be averaged to provide a single overall evaluation score. This aggregation
ensures that the model is tested on different subsets of data, reducing the risk of overfitting
and providing a more complete understanding of its generalization capabilities.

The final model is trained with the complete training data and evaluated with the
separate test set. For this training, the insight gained from the cross-validation is used to
ensure that the model is fitted to obtain its best performance. By using it on the complete
set, its forecasting skill is maximized. For the final forecast, the obtained value must
be multiplied again by the respective clear sky irradiance, as the goal is to predict the
irradiance value again.

The obtained model can be stored in a format such as H5 for interoperability. To
generate predictions from the trained model, the “predict’ method, which requires the same
preprocessing steps and the same environment as during training, can be applied to ensure
consistency. The result is a model used in production that receives real-time or batch data,
processes it through the trained architecture, and generates predictions, providing practical
information for decision making. An integration of the model with dashboards or APIs
would further enrich the predictions and the experience of end users.

2.4. Experimental Design

The proposed end-to-end method is applied to two datasets in Sections 3 and 4, one
proposed for the authors and obtained as a result of the application of this methodology
(Section 3.1), and one established in the literature (described in Section 4.1); the unification
of all of these procedures and operations improved the quality of the final predictions.

For the implementation of the methodology, Python programming language [32] was
used to define the models with Keras [33] and Tensorflow [34] libraries. The libraries
scikit-learn [35], pandas, NumPy [36], seaborn [37], and matplotlib [38] were also used for
data manipulation and graph generation operations. The experiments were carried out on
a server featuring two NVIDIA RTX3060 GPU cards with 8 and 12 GB of VRAM and an
Intel i7 processor with a 1 TByte SSD disk.

The experiments were performed following the workflow proposed in Figure 2 to
emphasize the two different perspectives of the process, data imputation and model selection.
The three performances metrics used to assess the accuracy of the regression models in the
following sections are the MAE, RMSE, and FS metrics (defined in Equations (1)—(3)).

The deep learning models evaluated are ST_CNN_v1, ST_CNN_v2, and ST_Dilated_
CNN, proposed in Ref. [30]. The average run time per epoch for the ST_CNN_V1 model
for a station is 121 s, for the ST_CNNN_v2 model it is 154 s, and for the ST_Dilated_CNN
model it is 183 s. As the complexity of the model increases, the execution time becomes
longer. Given the model architecture and the size of the dataset, the execution time can be
considered competitive and reflects an efficient implementation.

The next two sections detail the application of the proposed methodology in both cases.

3. Implementation of the Proposed Methodology on the CyL-GHI Dataset

The methodology proposed in Section 2 can be applied in a disjointed manner, depend-
ing on the project. When starting from a published dataset that has already passed a quality
check, Phase_1 is restricted to getting familiar with the dataset. If, in addition, the dataset
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has no missing data, it is passed directly to Phase_3 without the need to use Phase_2. For
example, Phase_1 (represented with a yellow rectangle) and Phase_2 (represented with a
blue rectangle) of Figure 2 show the procedure applied to obtain and impute the missing
data from the CyL-GHI dataset. Phase_3 (represented with the rectangle of desert sand
color in Figure 2) was applied to all stations from CyL-GHI.

The deep learning ST_CNN_v1, ST_CNN_v2, and ST_Dilated_CNN models trained
in this study are convolutional network-based models that were introduced in Ref. [30] for
the spatiotemporal prediction of solar irradiance using exogenous variables.

3.1. Data: CyL-GHI Dataset

The data used for the first implementation of the proposed methodology belong to the
CyL-GHI dataset that was presented in Ref. [2]. In particular, two stations (P03 and SO01,
Fuentes de Nava and Almazan, respectively, from two provinces of the Castile and Le6n
region, Spain) were selected from the subset of stations used in Ref. [30]. Figure 3 shows
the map of stations in the region, highlighting the stations considered in this study.

SIAR stations from Castile and Ledn
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Figure 3. Spatial representation of the stations selected for the experiments, with P03 belonging to
Fuentes de Nava (province of Palencia) and SO01 to belonging to Almazan (province of Soria), within
the Castile and Ledn region (Spain). LEn® identifies stations in the province of Ledn, as well as SAn°
Salamanca, ZAn® Zamora, Pn° Palencia, SGn® Segovia, SOn° Soria and BUn® Burgos.
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3.2. Results

The results achieved from applying the methodology proposed in Figure 2 by the
models proposed in Ref. [30] are compared for two stations in Table 1. Table 1 shows the
results achieved with imputation. Comparing the MAE for all models proves that working
with imputed data decreases the error for all models. The distinction is that for station
5001, the changes are more noticeable than for station P03. In contrast, while the RMSE of
station SO01 improves for all models, station P03 shows no significant improvement.

Table 1. Comparative results between the evaluation of the trained models (ST_CNN_v1,
ST_CNN_v2, and ST_Dilated_CNN) with imputed and non-imputed data.

.. Station
Model Training Data  Performance Metric
P03 S001
FS (%) 26.05 18.03
Not imputed MAE (W/m?) 404 41.18
RMSE (W/m?) 69.31 68.81
ST_CNN_v1
FS (%) 26.53 29.65
Imputed MAE (W/m?) 39.19 32.6
RMSE (W/m?) 68.86 59.05
FS (%) 27.47 27.27
Not imputed MAE (W/m?) 41.06 38.15
RMSE (W/m?) 67.97 61.05
ST_CNN_v2
FS (%) 27.45 30.65
Imputed MAE (W/m?) 38.26 31.1
RMSE (W/m?) 67.99 58.21
FS (%) 27.39 28.32
Not imputed MAE (W/m?) 40.81 40.46
RMSE (W/m?) 68.05 60.17
ST_Dilated_ CNN

FS (%) 27.26 32.42
Imputed MAE (W/m?) 37.83 30.49
RMSE (W/m?) 68.17 56.72

Since the FS is linked to the RMSE error, its behavior in the models is similar to that
found with the RMSE. The RMSE for station SO01 has values with differences of 8 pp.
Station SO01 benefits the most from imputation because it improves its results for all
models. The MAE metric decreases for all models when working with imputed data. This
shows that the imputation phase based on the introduction of a BERT model delivered
increases in performance.
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FS[%]

Figure 4 shows a comparison between the data obtained for stations P03 and SO01
with imputed and non-imputed data. Apart from the ST_Dilated_CNN model for station
P03, all of the FS values are higher when trained on imputed data. The differences are more
marked at station SO01 for all models. The ST_CNN_v2 and ST_Dilated_CNN models are
the models with the best FS values, showing their forecast skill.

PO3 S001

0
ST_CNN_v2 ST _Dilated_CNN ST CNN_vl ST_CNN_v2 ST Dilated CNN

I Not imputed I Imputed E Not imputed s Imputed

Figure 4. Comparison of FS metrics with and without imputed data for models ST_CNN_v1,
ST_CNNL_v2, and ST_Dilated_CNN for stations P03 and SOO01.

These particular stations had the same percentage of missing data [2]. However, it can
be observed that station P03 does not benefit equally from the imputation (Figure 4) when
a more detailed analysis is performed considering the input data. In the case of station
5001, it receives, among others, data from station SO03, which has a higher loss of data,
and which benefits more from the imputation performed in Phase_2. As more data are
available, the results obtained are better at this station. Stations close to P03 have a lower
percentage of information loss, so their imputation leads to lower gains in the final input to
the models.

3.3. Analysis of the BERT Imputation on the CyL-GHI Dataset

In the imputation process of the CyL-GHI dataset, the BERT model was trained
from scratch. The MLM task was employed to impute missing data. Two scenarios were
evaluated: the first, where a single missing value at a specific position in the sequence is
imputed, and a second scenario, where a specific position in the sequence is imputed taking
into account that all other values in the sequence from that position onwards are unknown.

The second scenario is the most interesting because when performing imputation with
a linear interpolation, if from one point the remaining values are not known (i.e., the data
for the remaining points are missing), the interpolation cannot continue beyond the last
known value (Appendices A and B). This new model offers a different solution for these
cases. In this section, when discussing unknown values, this particular case is referred to.
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In the case of figures that have the reserved ‘mask” label, this refers to the position to be
filled, according to the training of the model.

Figure 5 shows the distribution of the RMSE for each of the stations when using known
values. For most stations, the median RMSE remains between 70 and 90, suggesting that
the model performs well overall. However, some stations, such as station BU02, show a
higher variability in the errors, which is reflected in their representation, indicating a less

consistent performance at that station.

110

100
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8

RMSE
S

7

o

6

o

50

40

Figure 5. RMSE distribution for each of the stations, where symbol ¢ represents extreme values.

In addition, some outliers are observed, particularly at stations ZA01 and VAO5,
suggesting that the model had higher prediction errors at certain times. These cases may
indicate the need for further investigation of the particular conditions at these stations. In
summary, the box plot suggests that, although the model predicts well at several stations,
there are some stations with higher variability or outlier errors, which may require more
specific adjustments or approaches.

Figure 6 shows the distribution of the MAE. For most stations, the average MAE is in
a range close to 45, suggesting that the model performs similarly in terms of absolute error.
However, the behavior observed in the RMSE plot is repeated for stations with outliers,
suggesting that in those cases the model had larger errors for some specific points. This
may be due to data conditions at those stations. In summary, the graph indicates that, in
general, the model has a stable performance, but there are stations where the errors tend to
vary more or present punctually high errors.
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Figure 6. MAE distribution for each of the stations, where symbol ¢ represents extreme values.

Figure 7 presents a frequency plot comparing the values of the different data masks,
dividing the results between known and unknown data. Each bar in the graph represents
the frequency of occurrence of the observed values in each mask, allowing an analysis of
how the predictions are distributed according to the amount of information available. The
mask number represents its position within the chain. For each mask, the known data
tend to be concentrated at higher frequencies, indicating that the model is more accurate
when it has access to complete information. In contrast, the unknown data show a higher
dispersion or lower frequencies, indicating that the model has more difficulty predicting
when there is missing information. Although there are notable differences between known
and unknown data, it is important to note that no matter the amount of unknown data,
the model is always able to predict. This demonstrates that the model is robust even with
unknown data.

Figure 8 shows the distribution of the R2 score for the different models and seasons.
The R2 score, which measures the proportion of variability explained by the model, tends
to be concentrated between 0.8 and 0.9 in most cases, indicating good overall performance.
However, some important variations are observed: certain stations and models have lower
R2 scores, even reaching values close to zero, indicating that in these situations the model
is not able to learn the variability of the data. In general, the trend of the distribution is
correct because as the R2 score increases, the MAE decreases. Analyzing the scattered cases,
they are associated with stations where the data to be imputed exceed 60 percent of the
sequence on many days.

Differences in the R2 score distribution between masks on known sequence and
masks with an unknown part of the sequence reveal that models tend to perform more
poorly when information is limited. In summary, although most of the results show
solid performance, there are certain areas where model performance could be improved,
especially in conditions with unknown data.
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Figure 7. Frequency graph comparing the values of the different data masks, dividing the results
between sequences with known and unknown data. In the title is the position of the mask, and if it
is working with unknown data, the word ‘unk’. Each bar in the graph represents the frequency of
occurrence of the observed values in each mask.
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Figure 8. Relationship between R2 score and MAE for all stations with trained BERT.

4. Implementation of Phase_3 of the Proposed Methodology on a Dataset
Established in the Literature from Hawaii, USA

4.1. Data: Hawaii Oahu Solar Measurement Grid

The data used corresponds to the dataset Hawaii Oahu Solar Measurement Grid [39],
in particular, stations dh3 and ap?7. They were selected based on their position within the
grid with respect to the wind direction. Station dh3 benefits openly from the information
of the neighboring stations because it is downwind, while station ap7 does not present
downwind stations, as shown in Figure 9. This dataset is published with a temporal
resolution of 1 s; in this study, it has been resampled to 10 s. The resulting dataset has no
missing information, so in this case, only Phase_3 of the methodology will be applied.

4.2. Results

These results were obtained following Phase_3 of the methodology proposed in
Section 2 (Figure 2). The metrics MAE, RMSE, and FS were used for regression models
to evaluate the trained models. Table 2 shows the result of evaluating the three models
ST_CNN_v1, ST_CNN_v2, and ST_Dilated_CNN on data from stations dh3 and ap7 of the
Hawaii dataset.

Table 2. Results of evaluating models ST_CNN_v1, ST_CNN_v2, and ST_Dilated_CNN at stations
dh3 and ap?7.

Station

ST_CNN_v1 ST_CNN_v2 ST_Dilated_CNN

Metric FS

Station (%)

MAE
(W/m?)

RMSE
(W/m?)

FS
(%)

MAE
(W/m?)

RMSE
(W/m?)

FS
(%)

MAE RMSE
(W/m?)  (W/m?)

dh3
ap7

63.50
48.54

9.51
11.57

30.22
41.34

63.70
50.16

8.87
11.29

30.07
40.29

63.70
49.89

9.26 30.06
11.56 40.25
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Figure 9. Spatial representation within the Oahu Solar Measurement Grid of the stations selected
for the experiments (dh3 and ap7). dhn® identifies stations on the property of the Department of
Hawaiian Homeland and apn® identifies stations on the property of Kalaeloa Airport.

For station dh3, the ST_Dilated_CNN and ST _CNN_v2 models show the best FS
results, with a value of 63.70%. This value has a minimal difference with the result obtained
by the ST_CNN_v1l model. The ST_CNN_v1 model has a difference of £10 pp with
respect to the other two models for the RMSE metric. As for FS, the ST_CNN_v2 and
ST_Dilated_CNN models do not show significant differences for RMSE, unlike the MAE
for station ap7, which has 3 pp above the ST_Dilated_CNN model with respect to the
ST_CNN_v2 model.

The ST_CNN_v2 and ST_Dilated_CNN models have superior performance in all
metrics with respect to the ST_CNN_v1 model. These results indicate that the models have
the same behavior with these data as with the CyL-GHI data.

4.3. On the Variability of Model Performance

The same method of subsampling the data used in Ref. [30] was used to evaluate the
models for this dataset. This method permits studying the consistency and variability of
the models. For more detailed information on the implementation, see Ref. [30]. The mean
and standard deviation of the proposed metrics were calculated on the results obtained
after applying the subsampling method. Table 3 shows the result of this method for each
of the models considering the two stations studied. The MAE is between 18.51 and 28.08,
with a minimum deviation of 4.3 and a maximum of 7.73. The RMSE ranges between 50.75
and 84.49, with a minimum deviation of 9.25 and a maximum of 19.94. The R2 score ranges
between 0.94 and 0.98, with a standard deviation of 0.01.
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Table 3. Mean and standard deviation values of the performance metrics obtained.
MAE RMSE R2 Score
Station Model
Mean Std Mean Std Mean Std
ST_CNN_v1 28.08 7.73 84.49 19.94 0.94 0.02
ap7 ST_CNN_v2 22.87 5.51 70.81 14.39 0.96 0.01
ST_Dilated_CNN 25.1 6.27 69.9 13.98 0.96 0.01
ST_CNN_v1 21.77 5.49 55.5 11.28 0.97 0.01
dh3 ST_CNN_v2 18.51 4.3 50.82 9.26 0.98 0.01
ST_Dilated_CNN 19.76 4.68 50.75 9.25 0.98 0.01

For all of the models, the results obtained for station ap7 show the greatest differences,
maintaining the same behavior as in other studies, which is expected because the amount of
information it can receive from its neighbors is limited. While station dh3 achieves the best
results just the opposite, being surrounded completely by stations as expected, its values
are good for all models. These results establish the robustness of the models regardless of
the dataset used.

5. Discussion

In this section, an analysis of the advantages and disadvantages of using the proposed
methodology is presented.

The main advantage is that having an integrated workflow consisting of data acquisi-
tion, imputation, and prediction together with a description of the steps involved gives
a clear overview and facilitates the training procedure. It should also be noted that the
three proposed phases of the workflow can be applied separately, without depending on a
specific model or step.

Another advantage is that using BERT for the imputation of missing data in solar
irradiance time series can considerably improve the performance, as this transformer can
learn the context, and has the ability to understand complex patterns in data and to generate
training data with higher quality.

Moreover, this model offers a novel solution for the second scenario evaluated in the
imputation, in which a specific position of the sequence is imputed, considering that all of
the other values of the sequence from that position onwards are unknown. This scenario is
the most interesting because when performing the imputation with a linear interpolation,
if from one point the remaining values are unknown, the interpolation cannot continue
beyond the last known value. In addition, the inclusion of DL models enables the ability to
work with large volumes of information (such as the datasets used in this study).

Nonetheless, an important limitation is that the quality of the results achieved by
applying this methodology is dependent on the climatic region for which the data are
available. This problem has been established by other authors [40,41], hence the need for
further evaluation of the methodology with additional data in additional scenarios to study
its performance.

Regarding the dependence on the quality and completeness of the data, there are still
important limitations in the generalizability of results due to dependence on the specific
data used. For this reason, the participants involved should find and use high-quality
data, updated and produced by trustworthy sources that declare the calibration of the
instruments used for collecting data.

Another limitation of this study that can be mentioned is the use of a reduced number
of datasets. It is recommended to explore the effectiveness of the proposed methodology in
different contexts and use more datasets to further validate it.
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6. Conclusions

In this work, a methodology for solar forecasting is presented. The methodology
consists of a workflow that starts with data collection and ends with the forecasting step.
The method is divided into three phases: Phase_1, related to the acquisition and preparation
of the dataset, Phase_2, related to the imputation with a new proposed model, and Phase_3,
related to the prediction with state-of-the-art deep learning models. The methodology has
been applied to two publicly accessible datasets that are different in terms of geographic
location and temporal resolution.

The first implementation of the methodology (on the CyL-GHI dataset) starts with the
data collection step from Phase_1, while the second implementation (on the Hawaii Oahu
Solar Measurement Grid Dataset, often used in the specialized literature as reference) starts
with Phase_3, as it contains no missing data. The analysis of the results achieved proved
the feasibility of the proposed methodology. In this regard, the application of Phase_1
enabled the creation of a new public dataset, CyL-GHIL

The main novelty is that, for Phase_2, a BERT model was trained from scratch for
missing data imputation, which to the best of the authors” knowledge, is the first time a
transformer model is pre-trained for irradiance data. In the case of the CyL-GHI dataset,
this new imputation method for solar radiation based on transformers allowed an increase
in performance of up to 3 percentage points (3%) compared to the traditional method.
However, it must always be considered that in this field of solar prediction, the models are
very closely associated with the data, so it is important to retrain the imputation model
every time the location and data are changed.

The application of Phase_3 is based on selecting the state-of-the-art deep learning models
for the regression task (in this case, based on convolutional neural networks). By separating
the methodology into three phases, the method is flexible, allowing the application of different
steps depending on the task to be carried out and on the available data.

As future work, it is proposed to evaluate the imputation model with new datasets.
Fixed positions of the input string features referring to time and geographic location can
also be introduced to evaluate whether these changes can help with better imputation.
Another line of work could be to analyze the generalization capacity of the model when
trained with data from different geographical locations.
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Appendix A. MAE Distribution for Each of the Stations of the CyL-GHI

Dataset for the Linear Interpolation Model, Where Symbol ¢ Represents
Extreme Values
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