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Abstract: Predicting solar power generation is a complex challenge with multiple issues, such as data
quality and choice of methods, which are crucial to effectively integrate solar power into power grids
and manage photovoltaic plants. This study creates a hybrid methodology to improve the accuracy of
short-term power prediction forecasts using a model called Transformer Bi-LSTM (Bidirectional Long
Short-Term Memory). This model, which combines elements from the transformer architecture and
bidirectional LSTM (Long-Short-Term Memory), is evaluated using two strategies: the first strategy
makes a direct prediction using meteorological data, while the second employs a chain of deep
learning models based on transfer learning, thus simulating the traditional physical chain model.
The proposed approach improves performance and allows you to incorporate physical models to
refine forecasts. The results outperform existing methods on metrics such as mean absolute error,
specifically by around 24%, which could positively impact power grid operation and solar adoption.

Keywords: photovoltaic power prediction; time-series forecasting; transfer learning; deep learning
chain model

1. Introduction

With the increase in the proportion of solar energy in the electrical grid, the challenges
linked to its integration have become more noticeable. The fluctuating nature of solar
energy poses a considerable challenge, as variability in its output can cause problems
such as power surges or grid congestion [1]. These problems are intensified by the lack
of access to high-quality data, particularly those related to relevant climate information,
which is essential to increase the accuracy of photovoltaic generation predictions [2]. The
lack of adequate data restricts the development of new methodologies that could improve
planning and facilitate more efficient integration of solar energy into electrical systems,
helping to mitigate the technical drawbacks derived from its massive expansion [3,4].

Accurate solar energy prediction not only plays a crucial role in enhancing the seamless
integration of solar power systems with the electrical grid, which in turn boosts overall
efficiency, but it also serves as a key enabler for implementing proactive maintenance
strategies. By proactively identifying potential issues before they manifest, these strategies
play a pivotal role in minimizing both operational downtime and the associated repair
expenses. This proactive approach proves exceptionally advantageous in solar farms, where
it not only optimizes operational efficiency but also significantly contributes to prolonging
the lifespan of solar equipment, thereby reducing operational costs and enhancing its
performance in a simultaneous fashion [5,6].

There are mainly three approaches to photovoltaic generation forecasting: physical,
based on theoretical models; statistical, using time-series analysis; and hybrid methods,
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which combine both [7]. Although each approach has its advantages and limitations, there is
still no agreement on which is more accurate [8]. Physical methods, while accurate, require
detailed plant metadata [9]. Statistical methods, although flexible, may lack precision if the
parameters of the photovoltaic plant are not fully understood [10].

One of the principal quantities in the process of converting solar resources into pho-
tovoltaic power is Global Horizontal Irradiance (GHI). This quantity can be measured
using atmospheric instruments installed in meteorological stations located in situ at solar
plants or estimated through climate numerical models. For photovoltaic power modeling,
there are various methods which can be classified into direct methods (or data-driven),
indirect methods (which model the physical process of converting GHI into power), and
hybrid methods, which are a combination of the previous ones. The direct approach con-
siders the output power of a photovoltaic system as a dependent variable, while irradiance
and other meteorological variables serve as the independent variables. In contrast, the
indirect approach explicitly considers the physics of the different conversion steps, which
include solar positioning, separation modeling, transposition modeling, photovoltaic cell
temperature modeling, soiling, shading, mismatch, and degradation, among others [11].

This study proposes a hybrid methodology focused on an intra-hour forecast of
photovoltaic power generation. Initially, public data sources will be evaluated to ensure
the reproducibility of the research. Subsequently, the state of the art related to the selected
dataset will be examined. Based on this review, we propose to use the Transformer Bi-LSTM
model for the forecasting tasks and evaluate using two methodologies: one direct and
the other inspired by the traditional physical model chain, but where each block of the
chain will be replaced by the aforementioned model, leveraging the advantages of transfer
learning. This is defined as the ability to improve the learning of a target predictive function
in a target domain by utilizing knowledge acquired in one or more source domains. These
source domains may have similar or different learning tasks and may share the same or
different feature spaces [12,13].

The main contributions of this work are as follows:

e We develop a hybrid methodology that combines the advantages of the theoretical
rigor of physical models with the advanced capabilities of deep learning to enhance
photovoltaic power forecasting.

* A Transformer Bi-LSTM architecture is developed, together with the transfer learning
methods, to then implement a deep chain of physical models, allowing to outperform
the existing results in the state-of-the-art research, specifically in metrics like MAE, MSE,
RMSE, and R?.

*  Taking into account the common problems of using private datasets, our study makes
effective use of public data. This ensures the reproducibility of this research, facili-
tates the validation, and ensures a more accurate comparison with future research,
supporting the standardization of methodologies in the field.

* A comprehensive comparison between the existing results in the state-of-the-art and
the two most commonly used data-driven methodologies is conducted: the direct and
indirect methods. Our findings reveal that the deep model chain methodology slightly
outperforms the direct method, providing valuable insights that can contribute to
future research in the field.

e This study implements feature engineering techniques, including GHI forecast calibra-
tion, GHI decomposition, and a transposition model. These additions slightly improve
the precision of the forecasting, in comparison with the direct method implemented,
which only uses numerical weather predictions.

*  Our research uniquely tests our top model on new photovoltaic stations, not used in
training, to avoid overfitting. This contrasts with other studies that often only use
data from training stations for testing.

This article is organized as follows: It begins with the introduction, in Section 1. Then,
the methodology and resources used for this research are detailed below in Section 2. The
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results obtained are presented in Section 3. Finally, the discussion of these results is carried
out in Section 4. A general overview of our investigation is offered below in Figure 1.

Data
Calibration

Direct
Method

Irradiance Transformer Intra-hour Power
Data Selecti —4 Feature ce —> i
ata election Engineering Decomposition BI-LSTM Forecasting

Deep Chain
Model
Irradiance

Transposition

Figure 1. General overview of this research.

The diagram illustrates the different stages of the proposed methodology. The green
block represents the Data Selection phase, where relevant meteorological and irradiance
data are collected. The red blocks depict the Feature Engineering process, including Data
Calibration, Irradiance Decomposition, and Irradiance Transposition, where the data is
transformed into actionable features. The yellow block denotes the implementation of
advanced models, such as the Transformer BI-LSTM and Deep Chain Model, which leverage
transfer learning for improved predictive accuracy. Finally, the blue block represents the
Intra-hour Power Forecasting stage, where the processed data is used to generate short-
term power forecasts. Each block of the chain is replaced by the proposed model, taking
advantage of transfer learning.

2. Methodology and Resources

To create effective forecasting algorithms for photovoltaic generation, comprehensive
datasets are needed, containing both climate information and power records. Recently,
several datasets have been released and are frequently used in related research, presented
in Table 1. In this section, the main datasets and their characteristics are highlighted.

Table 1. Summary of datasets related to solar power generation and climatic parameters.

Dataset

Location

Period Frequency Included Data Observations

PVOD [14]

Hebei,
China

NWP, Local
Measurement Data
(LMD) from
photovoltaic power
stations, includes
features such as
irradiance,
temperature, wind
speed, etc.

Data from
10 photovoltaic
systems with metadata

1 July 2018 15 min

13 June 2019

SOLETE [15]

Roskilde,
Denmark

Data such as
temperature, humidity,
pressure, wind speed,
global irradiance,
active power from a
wind turbine and a PV
inverter.

1sand Without NWP forecasts

1:05:60 h

1 June 2018
9 January 2019

Solar and wind power
data from the Chinese
State Grid [16]

China

Solar power
generation, irradiance,
temperature, humidity

1 January 2019 15 min Without NWP forecasts

31 December 2020

Comprehensive dataset
for solar
forecasting [17]

California,

USA

Irradiance, sky images,
forecasts, weather data

Complete and diverse

1 min dataset

2 January 2014
31 December 2016
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2.1. Review of Open Data Sources

The photovoltaic power output dataset (PVOD), created in Hebei, China, spans from
1 July 2018 to 13 June 2019, with 15 min time intervals [8]. This includes Numerical Weather
Predictions (NWPs) data generated by the ARW weather model version 3.9.1, as well
as Local Measurement Data (LMD) from solar stations. The measured variables range
from irradiance to photovoltaic production records, related to 10 solar systems with their
corresponding metadata. The SOLETE ensemble, from Roskilde, Denmark, covers from
1 June 2018 to 1 September 2019, with varied time intervals [18]. It covers the climate and
power variables, but lacks NWP data.

Similarly, the Chinese power grid dataset for the years 2019 and 2020 provides cli-
mate and photovoltaic production information with 15 min resolution but without NWP
forecasts [19]. Finally, a multidisciplinary set from California, USA, available for the
years 2014 to 2016, includes everything from NWP irradiance and forecast to satellite
imagery [17].

2.1.1. Dataset Selection

The choice of the dataset is crucial for developing forecast models of photovoltaic
generation. In this work, we have selected the PVOD ensemble [8] due to multiple reasons,
explained below. First, unlike others like SOLETE [18] and the Chinese [19], PVOD includes
both LMD and NWP, fundamental for hybrid forecasting methodologies. Despite the
acquisition cost of NWP forecasts, their presence increases the applicability and relevance
of our study. Second, the PVOD set provides relevant metadata, offering a contextual
framework for data interpretation, similar to other datasets in this respect. This metadata
is important for models that consider the specificities of solar stations. Third, although
the Californian set [17] is complete, the additional data may limit its applicability for costs.
PVOD focuses on more accessible data, increasing the applicability of models based on
it. Finally, PVOD has a Python toolkit, facilitating data analysis and forecasting method
development. In summary, we have selected PVOD for its practicality, data accessibility
and useful tools, trusting that it will provide a solid foundation for developing robust
photovoltaic forecasting methodologies.

2.1.2. Characterization of the PVOD Dataset

As previously mentioned, this dataset includes records from 10 photovoltaic stations
in Hebei Province, China, with local and NWP meteorological data, all corresponding to
subtropical climate. For a detailed description of the metadata and variables present in the
dataset, see Tables 2 and 3. For more information on the data collection procedure, it is
suggested to consult the original reference [8].

Table 2. Summary of available data and metadata.

File Name Description Units
Metadata Station ID The ID of the stations are numbered from 0 to 9 -
Capacity Installed capacity of the power plant kW
PV Technology Type of photovoltaic panel material -
Panel Size Size of a photovoltaic panel m
Module Information on the photovoltaic panel module -
Information on the solar inverters of
Inverter B

the photovoltaic system
Total number of photovoltaic panels installed

Panel Number for the station !
Array Tilt Tilt angle of the photovoltaic panels degrees
Pyranometer Information on the station’s pyranometers -
Longitude Longitude of the station degrees

Latitude Latitude of the station degrees
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File Name Description Units

Station Date_time Format: Year-Month-Day Hour-Min -

Data NWPgur Global Horizontal Irradiation from NWP W/m?

[0—09] NWPpN1 Direct Normal Irradiation from NWP W/m?
NWPr 10 m dry-bulb temperature from NWP °C
NWPy 10 m relative humidity from NWP %
NWPwpD 10 m wind direction from degrees

NWP, zero north clockwise
NWPws Wind speed from NWP degrees
NWPp Atmospheric pressure from NWP hPa
LMDgur Global Horizontal Irradiation from LMD W/m?2
LMDpyg Diffuse Horizontal Irradiance from LMD W/m?
LMDt Temperature from LMD °C
LMDp Atmospheric pressure from LMD hPa
LMDwp Wind direction from LMD degrees
LMDy Wind speed from LMD m/s
Power Photovoltaic output from the station MW
Table 3. Metadata of the 10 photovoltaic stations present in the selected dataset.

. Capaci Longitude Latitude Elevation Surface Tilt
Station Name [lle]ty [Degrees] [Degrees] [m] [Degrees]
station00 6600 114.951 38.047 51.09 33.0
station01 20,000 117.457 38.183 6.88 33.0
station02 17,000 114.198 38.057 258.95 29.0
station03 20,000 114.114 38.109 344.39 33.0
station04 20,000 114.867 39.515 1196.78 37.0
station05 35,000 114.123 38.235 156.96 33.0
station06 15,000 114.548 36.898 59.54 34.0
station07 20,000 113.641 36.644 714.22 31.0
station08 20,000 113.899 36.707 467.64 33.0
station09 20,000 115.059 38.731 53.22 31.0

2.2. Literature Review

In the field of photovoltaic generation forecasting, multiple methodologies have been
proposed to both increase the predictive accuracy and to approach the inherent variability
in the photovoltaic generated power. Three contemporary studies that have used the
aforementioned dataset are briefly compared here.

The study of [20] uses LSTM networks and an extreme gradient boosting model
(XGBoost) with attention mechanisms to solve problems derived from overfitting. Using
NWP data from the Computational Network Center of the Chinese Academy of Science
and ground sensor measurements, this study focuses on optimizing feature selection using
the Pearson coefficient. The innovation resides in the application of attention mechanisms
that calculate the weight of each characteristic in each instance. However, the lack of
details about the partitioning of data for training and validation is criticized. On the
other hand, since this work focuses on the estimation of the power for a time ¢ using data
corresponding to the same moment ¢, we will not consider their results since they are
solving a different problem from the one considered in this investigation; however, we will
use their methodology as inspiration for this research.

The work of [21] uses physical models to generate features that are used in training the
two SVR models that make up its proposal for power forecasting. Using a dataset similar
to that of the first study, the methodology is based on the fusion of NWP data, climatic
data measured by the sensor, and historical data on photovoltaic production. Performance
metrics are compared with existing models, showing better performance in terms of mean
absolute error (MAE), mean square error (MSE), and root mean square error (RMSE).
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The study of [22] introduces an approach based on Graph Spatio-temporal Neural
Networks with Attention Mechanisms (GSTANN) to consider both the temporal and spatial
correlation of features. Unlike the aforementioned investigations, satellite images are used
together with terrestrial measurements for the power forecast in the subsequent 45 and
60 min. For this last forecast horizon, its results show that its GSTANN model is superior
to the rest of the models tested in their research and, considering the present state of the
art, this is why it will be our reference model: to overcome it. The comparison between the
models from the literature review is presented in Table 4.

Table 4. Table of results found in the literature review for one-hour-ahead forecasts using the
PVOD dataset.

Article Model Metric Station
0 1 2 3 4 5 8
[21] PSC-SVR MAE - 1.29 0.96 - 1.39 - 1.03
RSME - 2.15 1.52 - 2.34 - 1.70
SVR MAE - 1.32 0.98 - 1.41 - 1.04
RSME - 217 1.54 - 2.34 - 1.72
PSC-GBR MAE - 1.31 0.98 - 1.41 - 1.05
RSME - 2.17 1.53 - 2.35 - 1.71
GBR MAE - 1.34 1.00 - 1.42 - 1.06
RSME - 2.19 1.54 - 2.33 - 1.73
PSC-RF MAE - 1.38 1.02 - 1.50 - 1.12
RSME - 2.30 1.61 - 2.47 - 1.82
CRT-SVR MAE - 1.38 1.02 - 1.50 - 1.12
RSME - 2.30 1.61 - 2.47 - 1.82
Persistence MAE - 2.78 1.95 - 3.40 - 2.18
RSME - 3.55 2.49 - 4.21 - 2.80
[22] GSTANN-S MAE 1.40 1.43 1.38 1.99 1.29 1.86 -

RSME 1.88 1.83 1.92 2.53 1.80 237 -
GSTANN MAE 1.36 1.09 1.07 1.36 1.24 1.29 -
RSME 1.89 1.51 1.56 1.85 1.74 191 -

2.3. Proposed Methodology

This study introduces a hybrid strategy to increase the accuracy of the intra-hour
forecast of photovoltaic power generation. The proposal consists of the following ele-
ments: first, the NWPgpy data are post-processed to obtain more accurate GHI forecasts.
Subsequently, a simple physical chain model is attached, which includes the processes of
decomposition, transposition, and conversion from the plane of array irradiance Ipoa to
power but with a deep learning approach as seen in Figure 2.

The upper section represents the traditional physical chain model, where each stage
(calibration, decomposition, and transposition) is performed using statistical techniques
and empirical equations. The lower section presents the proposed deep learning-based
approach, where each stage is replaced by a Transformer BI-LSTM model. The colours
represent: green for the input Global Horizontal Irradiance (GHI), yellow for the steps in
the traditional method, red for the deep learning models in the proposed method, and blue
for the final power forecast.

It should be explicitly noted that in this article, no physical model of a photovoltaic
module is implemented, as only an indirect approach is used, employing a deep learning
model to model the transformation process from Ipoa to photovoltaic power. The latter is
based on [23], where the author comments that the transformation steps between GHI and
Ipoa are where the biggest errors occur. The proposed model inspired by existing research
is used. This sequence of four steps is defined as a deep chain model. Each element of the
chain is trained to replicate the function of each block of the traditional physical model
chain. Later, we use the transfer learning technique, and all the models are concatenated to
make the power forecast.
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GHIInputs —> Calibration Decomposition —>» Transposition Power Forecasting
(Statistics Techniques) (Empirical Equation) (Empirical Equation)
Simple chain of physical models
Calibration / Decomposition Transposition
Deep Learning Deep Learning Deep Learning
GHI Inputs —> > > Power Forecasting
Transformer Transformer Transformer
BI-LSTM BI-LSTM BI-LSTM
Deep Global Model Deep Decomposition Deep Transposition
\ (DGM) Model (DDM) Model (DTM)

Deep chain of physical models

/

Figure 2. Schematic explanation of our model: the standard methodology is represented above the arrow,

and our proposal using the new Transformer Bi-LSTM model is represented below the same arrow.

2.4. Features Engineering

Specific feature engineering is performed for each block in the chain to generate new
features for model training.

2.4.1. Calibration of NWPgg;

Calibration of the NWPp; data is crucial in obtaining more accurate predictions in
solar power generation. The article [9] highlights that the technique should focus on fitting
the magnitude and offset of the NWP data using Equation (1), where f’ is the calibrated
forecast, a and b are constants to find, and f is the original unadjusted forecast:

fr=af+b

This process can be carried out using the MSE or MAE functions, thus improving the
accuracy of global irradiance forecasts. It should be noted that for this process, optimizing
by using RMSE or MSE is indistinct in that both functions already converge to the same
minimum point, but the latter is used since it offers advantages in terms of the number of
calculations to be carried out [24]. From this point forward, we will refer to the optimized
calibration with MAE and MSE as Calibrationy;4r and Calibrationy;sg, respectively. And
the most accurate GHI forecast between the values NWPgyy and its calibration (by MAE
and MSE) will be called Bestgy;.

1)

2.4.2. Physical Decomposition Models

In the physical chain model, the decomposition allows GHI to calculate its direct (DNI)
and diffuse (DHI) components. Our study compares eight different models that estimate
diffuse irradiance (see Table 5); with this component, we calculate it using the GHI closure
equation (see Equation (2)). These models are selected for their relevance in [23]. We
use data from weather stations to evaluate the accuracy of each model under different
weather conditions to improve the DHI intra-hourly predictions in photovoltaic stations
using Bestgyr. The model with the best fit will be referred to as Bestppy:

GHI = DNI - cos(0,enitn) + DHI )
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Table 5. Summary of tested physical decomposition models.
No. Name Reference Predictors Comment
1 Erbs [25] kr
2 Skartveit [26] kr, ©z
3 DISC [27] kr, AM AM is calculated using [28] formula
4 DIRINT [29] ky, ©7, W, Ak The quel is used with thg universe.il bin
for W since the exact value is not available
@z, W, Ak, Paired with the clear sky model Ineichen
/ Zr s T, ’
5  DIRINDEX (301 k. GHIs, DNI and W is treated similarly as for DIRINT
6 BRL [31] kr,®z, ts, K, 9

Paired with the clear sky model Ineichen
7 Engerer [32] kr,©z, ts, AkT s, Kge and used with the 15 min parameteriza-

tion presented in [33]
Used with the parameterization for the

8 Abreu (341 kr temperate climate zone

2.4.3. Physical Transposition Models

Irradiance transposition is key in solar power prediction [23] since it determines the
solar irradiance that falls on the inclined surfaces of the panels or plane of array (POA). Ac-
cording to [35], the model from [36] is efficient for the transposition process, and although
we do not have data to validate its accuracy, it is included due to its high performance
in [21]. By applying the transposition model, we obtain the components defined in
Equation (3) and for this investigation, this set of variables is called Ipoa. By conven-
tion, when these variables are derived from NWP, they are called NWPyp0,. Same for LMD
and ‘Best’. If we use the subscript GTI, we will be referring to I, giopar:

Ipoa,global = Ipou,direct + Ipoa,skydif + Ipoa,grounddif 3)

where we have the following:

*  Ilpoaglobar: Total irradiance on the plane of array.

*  lpoadirect: Direct normal irradiance component incident on the plane of the array.

®  Ipoaskydif: Diffuse irradiance component from the sky incident on the plane of the array.

*  Iyongrounddir: Diffuse irradiance component reflected from the ground incident on the
plane of the array.

As there are no measurements in POA, the values LMDy, will fulfill this function, and
the sets NWPppo, and Bestypo, will be used as characteristics for training the chain model.

2.4.4. Model Architecture

Photovoltaic power prediction represents an intrinsic challenge that requires the
conversion of various sequential variables into power forecasts. Due to the superior perfor-
mance of the Transformer architecture [22], and LSTM [20], elements of this architecture
have been incorporated as the basis for our proposal.

Based on the Transformer encoder from [37], our model simplifies the conventional
structure by removing the positional coding and adding a linear layer with the same number
of neurons as the number of input features. The model was chosen for its simplicity and the
promising preliminary results obtained at the beginning of the research. This adaptation
seeks to maintain computational efficiency without sacrificing performance in photovoltaic
forecasts. In our design, the Transformer block acts as an encoder or feature generator, see
Figure 3.

The yellow block represents the Linear Layer that processes input features. The
purple block corresponds to the Attention mechanism, which focuses on the most relevant
parts of the input sequence. The red blocks denote Layer Normalization (Layer Norm),
stabilising the learning process by normalizing inputs. Finally, the green section represents
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the Feed Forward Network (FFN) with a ReLU activation function, providing non-linear
transformations to the data.

T @)

Attention Layer Norm RELU Layer Norm

\ FFN )
Linear Layer

Figure 3. Diagram of the proposed Transformer encoder.

The output is fed into a bidirectional LSTM connected to an attention layer and a
two-layer feed-forward network, followed by a linear layer of four neurons; the architecture
is represented in Figure 4. The components of the model are colour-coded as follows: The
blue block represents the Bi-LSTM layer, which processes the sequence in both temporal
directions. The purple block represents the attention mechanism, highlighting the most
relevant time steps. The green blocks indicate the feed-forward network with a ReLU
activation, responsible for further transformation of the input data. Finally, the yellow
blocks correspond to the output linear layer with ReLU activation, producing the forecasted
power values.

[t N

Bi-LSTM [ | Attention | RELU CONCAT —>| RELU

\\ FFN /
S o ———

Figure 4. Diagram of the proposed Bi-LSTM decoder, where each (y;) represents the power measure-

Linear Layer

Ye-2 |Yie-1| Yt XMy

ment at (t), and the indices from -3 to 4 indicate measurements taken every 15 min, either before or
after (t). For instance, (y;_3) is the measurement taken 45 min before (t) and (y;4) is the measurement
taken 60 min after (t).

This configuration is especially suitable for forecasting power production in the next
hour and is fully illustrated in Figure 5.

Transformer Bi-LSTM B}
t+1
[ N | Yt+2
L Inputs A{Transformer EncoderH Flatten ]—»[ Bi-LSTM Decoder —
Yi+3
Yt+a

Figure 5. Simplified architecture of the proposed Transformer Bi-LSTM model.
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A crucial element in our proposal is the attention mechanism, which allows us to

discern which parts of the input have the greatest relevance for the forecast. This mechanism
is illustrated in Figure 6.

Q=XW, K=XWg V=XWy

A 4

. QKT
Attention(Q, K, V) = softmax 14
vy

Figure 6. Attention mechanism diagram.

2.4.5. Deep Chain Model

Our approach to deep chain models replaces each block in the physical chain with a

Transformer Bi-LSTM model. Our proposed model works with the flow described by the
following steps:

First, from the inputs of GHI, besides the exogenous variables related primarily to
solar positioning, once NWPgpy data go through a statistical calibration, they pass
through the first instance of the Transformer Bi-LSTM architecture that we call the
Deep GHI Model (DGM). The output from that first instance is a more accurate GHI
forecast value, and it is called GHIpgrecast- At the same time, we use from the inputs of
GHI the LMD version of this quantity, LMDgpy. Thus, a concatenation between the
LMDgcpy data and GHlpgrecast besides the exogenous variables is performed, creating
a new vector that we call Outputy;. These exogenous variables are described in
greater detail in the following paragraphs.

Then, Outputyy;, besides another variable like the exogenous variables -again-, passes
through a decomposition model to obtain, from the GHI quantity, the best DHI values
for forecasting. Now, we occupy a second instance of the Transformer Bi-LSTM model,
which is used to learn the underlying physics of the decomposition process. This
second instance is called the Deep Decomposition Model (DDC). At last, the result of
the use of this second instance of the model is concatenated with the original NWPpyy;
data to form a new vector that we call Outputpy ;. For future convenience, we define
another new vector, called Outputpg-p, as the concatenation between Outputy
and Outputyyy;.

To take into account the tilt angle of the solar panels, both global irradiance and diffuse
irradiance from Outputpg-p have to go through a transposition method. Once the
transposition over those irradiances is complete, the result of this process is the Global
Tilted Irradiance (GTI) calculated by the third instance from the Transformer Bi-LSTM
architecture, which we call the Deep Transposition Model (DTM). Then, those values
are concatenated with the LMDgrr. This new concatenation creates a new vector
called Outputyy.
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e  Finally, using a concatenation between all the previous variables, and again beside
the exogenous variables, and using a direct transformation method through a final
instance from the Transformer Bi-LSTM architecture that we call the Deep Power
Model (DPM), we perform the final power photovoltaic forecasting.

Figure 7 represents the proposed model. The green boxes denote the input models
responsible for processing different irradiance and meteorological variables (GHI, DHI, GTI,
Power). The orange boxes represent the concatenation of the previous hour’s measurements
with the forecasted hour. The red boxes highlight the deep learning models that transform
these inputs into more accurate predictions. The blue dashed lines represent the input-
output framework, guiding the data through the stages and feeding the output from one
model as input to the next.
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Figure 7. Brief overview of our proposed chain model for power photovoltaic forecasting.

Although there are more complex approaches in the literature, our objective is to
evaluate the effectiveness of the proposed architecture in a simplified context. Each model
is trained independently, and specific data from the photovoltaic plant are integrated to
improve forecast accuracy, exploring two methodologies: one direct and the other based on
the proposed chain model.

The quality of the predictive model largely depends on the preparation and selection
of data variables. The PVLIB library is used to extract active hours of solar irradiation,
applying the Solar Position Algorithm (SPA) [38]. Anomalies are detected and corrected
by cubic spline interpolation. We define abnormal data as zero power values when GHI is
greater than 15 W/m?.
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To structure the time series, key parameters are established: window size w = 4
timestamp is initially set somewhat arbitrarily, serving as a starting point to facilitate data
handling. Forecast horizon & = 4 timestamp is chosen to align and compare with the
methodologies used in the referenced papers [21,22]: number of input variables v;, amount
of input metadata m;, and number of previous chain blocks v,. It should be remembered
that each timestamp is equivalent to 15 min, so considering 4 timestamps would correspond
to one hour. These parameters are consolidated into the input vector with length N given
by Equation (4) and illustrated in Figures 8 and 9:

N = wo; + 2hv, + (h + m;) (4)
e |
1 1
: | LMD :
1 1 1 1
1 1
1 Inputs : Metadata 1
1 1 T 1
1 | .
: \ NWP
' . . ;
: : Exogenous
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1
: Output : : Objetive
1
SR— P T
t_6omin = —3 t= t60min = 4

Figure 8. Framework of the data preparation process.

The green boxes represent the various inputs and exogenous variables used in the fore-
casting model, including Local Measurement Data (LMD), Metadata, Numerical Weather
Prediction (NWP), and exogenous factors such as solar position. The blue boxes indicate
the outputs of the model’s prediction results. The timeline marked from t = —60 min to
t = 60 min shows the temporal framework, where data is used for both historical input
and future prediction targets.

LMD Metadata* Output Last Model* NWP Exogenous

Concatenate f

rmm————

_____________________________________________

Figure 9. General order of the inputs for the Transformer Bi-LSTM model. The symbol * represents
data that are not added to every block in the chain.

The selection of variables depends on their significance for forecasting the horizontal
irradiance, the plane of the array, and the generation of photovoltaic power. We have chosen
to incorporate the exogenous variables cos (6 enitn) and sin(6,,imuwn ) across all proposed
models, as they provide a comprehensive description of solar movement throughout the
day. It is crucial to understand that the 8,1, angle denotes the inclination between a point
in the sky and the vertical over a specific location, while the 6,,in,1 angle is the measure
between a point on the horizontal plane and a fixed reference, usually geographic North.
These variables are obtained using the SPA algorithm. Additionally, metadata such as the
inclination angle of the solar panel are included to improve the accuracy of the model.

Table 6 summarizes all these variables, which are tailored according to the specific
segment of the prediction chain.
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Table 6. Summary of variables by model and methodology.

Inputs
Model Methodology
Common Particular
Deep GHI Model Exogenous NWPqy Chain Model
Bestgpr
Exogenous NWP DHI Direct
. NWP DHI Chain Model
Deep Decomposition Model
DGM, Exogenous
NWP DHI Chain Model
Bestpur
BestIpoa
DGM, DDM,
WP
Deep Transposition Model Exogenous, NWPipoa Chain Model
Surface  tilt
angle Bestrpoa
NWPpp0q
Bestipoa
DGM, DDM, NWPp0q .
DTM, Exoge- Chain Model
nous, Surface Bestipoa
tilt angle NWPrp04
Deep Power Model
Bestgpr, Bestpur
BestIlDOa
Exogenous, Direct

Surface  Hlt NWPgH, NWPp, NWPpNg

angle

NWPip0

Stations 0, 1, 2, 3, 4, 5, and 8 are chosen for the formation and evaluation of the blocks
of the model chain, as well as the calibration of the variable NWPgy;. This selection is
based on previous studies to facilitate comparisons with [21,22].

The measurements of each station are sorted chronologically. Three days are assigned
for training, one for validation and one for testing, for each block of five days. This
distribution guarantees a climatic balance in the evaluations and is consistent with previous
studies [22]. The final sizes of the datasets are 55,280, 18,216, and 18,206 for training, testing,
and validation, respectively.

To evaluate the effectiveness of this methodological proposal, a set of metrics com-
monly adopted in research on photovoltaic power generation forecasts is used: these are
specifically MAE, RMSE, and R?. Finally, the implementation is performed on a system
with an Intel i7, 16 GB of RAM and an NVIDIA GTX1660-T1 GPU. Python (v3.10) and Py-
Torch (v2.0) [39] are used as the framework with a batch size of 1000. The Adam optimizer
is adopted with an initial learning rate of 0.01 and a learning rate scheduler that reduces it
by a factor of 0.10 every 80 epochs. After 120 training epochs, satisfactory convergence is
achieved without overfitting. The loss function L1Loss (MAE) is chosen, given its suitability
for predictive tasks. The training takes approximately 10 min.

3. Results

To evaluate the performance of the models, the following metrics are used:
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where (y;) represents the observed values, (§;) are the predicted values by the model,
() is the mean of the observed values, and (1) is the total number of observations. The
MAE measures the average absolute error between the predictions and the actual values.
The MSE calculates the average of the squared differences between the predicted and
observed values, placing more weight on larger errors. The RMSE is the square root of
the MSE, providing a metric in the same units as the original data. The (R?) measures
the proportion of variance in the observed data that is predictable from the independent
variables, providing an indication of the goodness of fit.

3.1. NWP Data Calibration

Initially, the NWPgp; is calibrated to mitigate systematic biases and analyze the
effectiveness of different calibration strategies where MAE and MSE functions are used
to achieve this objective. The calibration is carried out individually for each station, to
take into account local climatic conditions. The training and validation data are used for
calibration, and it is evaluated with the test set. The Minimize function of the Scipy library
is used for optimization with MAE, following the approach of [24] for MSE.

The results, presented in Table 7, suggest that calibration using MAE slightly out-
performs that achieved with MSE in terms of MAE but shows similar performance in
RMSE. It is noticed that stations 4 and 5 exhibited lower performance, suggesting quality
issues in their measurements or forecasts. In general, calibration is most effective when
the raw NWPgp forecasts are of high quality. As a recommendation, it is essential to
identify stations with high and low quality NWPgpy raw forecasts before applying the
general calibration. This allows the evaluation of whether calibration offers a significant
improvement in forecast accuracy.

Table 7. Calibration results of NWPggr. RMSE and MAE are measured in [W/m?].

Metric Predictors Station Mean
0 1 2 3 4 5 8

Calibrationyjag 80 89 105 96 185 128 110 113
MAE Calibrationysg 8 100 110 97 194 127 118 119
NWPGr 81 93 108 102 217 127 114 120

Calibrationpag 124 158 149 134 267 189 155 168
RMSE Calibrationpsg 124 155 148 134 257 188 157 166
NWPgHy 123 162 149 140 310 186 158 175

3.2. Irradiance Decomposition

The results presented in Table 8 indicate that the Skartveit model surpasses the
NWPpyy in accuracy. In the MAE and RMSE metrics, models such as Engerer, DISC
and Dirint are inferior to NWPppgj, so they are discarded from all analysis. The Skartveit
model shows an average MAE of 98 [W/m?] and an R? of 0.41, notably outperforming the
outcomes of NWPpyy;, which only obtained a R? of 0.12.
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Although the Skartveit model does not consistently improve the forecast across all
seasons, on average, it demonstrates significant improvements in the MAE, RMSE, and R2
metrics. Therefore, Skartveit is selected as the Bestpyy for future testing in photovoltaic
power forecasting models.

Table 8. Results of physical decomposition models with NWPpypy reference. RMSE and MAE are
measured in [W/m?2], and R? is unitless.

Metric Model Station Mean
0 1 2 3 4 5 8

MAE Skartveit 107 57 112 107 149 85 67 98
Abreu 115 60 124 108 136 93 62 100
Erbs 112 58 121 108 179 90 62 104
BRL 102 62 99 124 209 81 91 110
Dirindex 129 79 130 103 158 103 67 110
NWPpyr 104 99 125 142 155 110 90 118
Engerer 109 194 102 113 227 155 210 158
DISC 139 182 101 181 183 167 230 169
Dirint 144 182 103 186 187 164 230 171

RMSE Skartveit 167 87 166 145 217 120 97 143
Abreu 185 94 188 159 207 136 92 152
BRL 149 90 139 155 302 118 122 154
Erbs 181 92 182 156 260 131 92 156
Dirindex 203 111 191 156 222 142 103 161
NWPpu1 174 138 198 204 244 157 115 176
DISC 193 235 142 246 249 221 283 224
Dirint 199 237 145 251 252 218 283 226
Engerer 163 287 144 144 326 256 294 231

R? Skartveit 0.31 0.53 0.52 0.45 0.30 0.47 0.28 0.41
BRL 0.39 0.51 0.60 0.45 0.02 0.48 0.29 0.39
DISC 047 0.21 0.63 0.33 0.23 0.37 0.25 0.36
Dirint 0.43 0.21 0.62 0.30 0.23 0.37 0.24 0.34
Abreu 0.17 0.48 0.37 0.35 0.33 0.38 0.23 0.33
Erbs 0.20 0.50 0.41 0.38 0.17 0.42 0.23 0.33
Dirindex 0.11 0.46 0.39 0.37 0.31 0.41 0.18 0.32
Engerer 043 0.10 0.61 0.48 0.29 0.08 0.19 0.31
NWPpy1 0.18 0.03 0.21 0.01 0.16 0.17 0.07 0.12

3.3. GHI Deep Model

The Transformer Bi-LSTM model applied on the GHI block gives encouraging per-
formance results under various conditions. When compared to the base error of NWPgpj,
which has a MAE of 120 [W/m?] and a RMSE of 175 [W/m?], two methods are imple-
mented. In the first method, the variable NWPgpy is employed, and in the second one,
Bestgyy is added. It should be remembered that the variables cos(8enitn) and sin(6azimuth)
are used as the basis for all models. The results are listed in Table 9.

Table 9. Results of deep GHI model block. RMSE and MAE are measured in [W/ m?], and R? is unitless.

Predictors Metric Station Mean
0 1 2 3 4 5 8

NWPgmHr MAE 39 44 54 46 80 59 58 54
RMSE 73 93 98 88 159 114 109 105
R? 0.82 0.89 0.88 0.87 093 0.91 0.86 0.88

NWPgH MAE 39 44 53 45 79 59 57 54

Calibrationpag RMSE 73 94 98 86 158 115 108 105
R? 0.93 0.89 0.87 091 0.82 0.86 0.88 0.88

Reference NWPg MAE 81 93 108 102 217 127 114 120
RMSE 123 162 149 140 310 186 158 175
R? 081 072 071 079 055 066 0.76 0.71
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Both methods achieve an average MAE of 54, an RMSE of 105, and an R? of 0.88.
However, the second method produces better results in a greater number of plants, leading
us to select it for the subsequent steps. These models substantially improve accuracy at all
stations compared to NWPgyy, reducing on average the MAE and RMSE by 55%, 40% and
increasing R? a 24%, respectively.

In addition to the above, it can be seen that the inclusion of calibration has a marginal
impact on the precision of the forecasts but in stations 4 and 5, the model demonstrates its
effectiveness by significantly reducing the MAE and RMSE errors. Although the calibration
provides minimal improvements in MAE and slightly worsens the RMSE, most of the
improvement comes from using the Transformer Bi-LSTM model.

In summary, this model is effective in improving the accuracy of GHI forecasts, espe-
cially at stations with poor initial predictions.

3.4. Irradiance Decomposition Model

Like the GHI model, the Transformer Bi-LSTM model for the decomposition process
shows a positive trend in its performance.The MAE errors of 118 [W/m?], an RMSE of
176 [W/m?], and an R? of 0.12, obtained with NWPpyy are taken as a reference. As a
reminder, three methodologies of two types are tested: the direct one, which does not
use the output of the GHI model, and the indirect one which uses a chain model. Within
the latter, two sets are occupied, where their main difference is the use of the Skartveit
decomposition model.

The results, presented in Table 10, demonstrate that both the direct forecasting method
and the chain model significantly improve the precision in all cases, particularly at stations
0,1, and 2. It is important to note that the error at station 3 is significantly reduced, with
decrements of approximately 80%.

Table 10. Results of Deep Decomposition Model block. RMSE and MAE are measured in [W/ m?2],
and R? is unitless.

Predictors Metric Station Mean
0 1 2 3 4 5 8
NWPpy1 MAE 25 25 44 25 43 35 21 31
RMSE 49 43 85 53 89 56 40 59
R? 0.86 0.87 0.86 0.83 0.93 0.92 0.87 0.88
NWPpur MAE 25 24 45 25 43 34 21 31
Block GHI RMSE 48 43 86 53 88 55 40 59
R? 0.93 0.87 0.82 0.92 0.86 0.88 0.86 0.88
NWPpy1 MAE 25 23 43 24 43 34 21 30
Skartveit RMSE 49 42 81 52 87 54 39 58
Block GHI R? 0.93 0.88 0.85 0.93 0.86 0.88 0.86 0.88
Reference MAE 104 99 125 142 155 110 90 118
NWPpy1 RMSE 174 138 198 204 244 157 115 176
R? 0.18 0.03 0.21 0.01 0.16 0.17 0.07 0.12

The results demonstrate that the Transformer Bi-LSTM model is key to improving
forecast accuracy. Incorporating the GHI block and the Skartveit model as additional
variables shows a marginal but positive impact on the prediction accuracy. Accuracy is
improved at all stations: MAE is reduced to 30 W/ m?Z, RMSE to 58 W/m?, and R? is
increased to 0.88.

3.5. Irradiance Transposition Model

The conversion of GHI a GTI stands out as a crucial element for the accuracy of the
power forecast [21]. This evidence is also supported by the results of Table 11, where the
estimation of power is presented with the variables LMDgpy and LMDgry. This underlines
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the need to implement and optimize this specific phase of the physical chain. Particularly
for this block, the inclination angle of the photovoltaic module is added in all the tests
carried out due to its importance.

Table 11. Training results of Transformer Bi-LSTM for photovoltaic power estimation with GHI
derived from sensors and LMDgrp;. RMSE and MAE are measured in [MW], and R? is unitless.

Predictors Maetric Station Mean
0 1 2 3 4 5 8

LMDgh1 MAE 0.094 0482 0324 039 0717 0.676 0364 0.436
LMDgry RMSE 0.187 0970 0.630 0.729 1447 1274 0.708 0.849
R? 0982 0973 0977 0981 0957 0981 0981 0976

The metrics in Table 12 demonstrate that the chain model trained with the sets Bestypoa
and NWPrpe, improves precision, but there is still room for optimization, especially consid-
ering that irradiance measurements are not available in the plane of the modules.

Table 12. Results of deep transposition model block. RMSE and MAE are measured in [W/m?], and
R? is unitless.

Predictors Metric Station Mean
0 1 2 3 4 5 8

Bestipoa MAE 44 50 59 57 97 63 70 63
RMSE 82 103 106 106 187 122 131 120
R2 0.93 0.90 0.87 0.92 0.83 0.85 0.89 0.88

NWPrp0a MAE 45 50 60 57 9% 64 70 63
RMSE 81 103 107 104 186 126 132 120
R2 0.93 0.90 0.87 0.92 0.83 0.84 0.89 0.88

NWPppoa MAE 45 50 59 55 96 64 68 62

Bes.tlpoa RMSE 82 103 105 102 187 125 129 119
R2 0.93 0.90 0.87 0.92 0.83 0.84 0.89 0.88

3.6. Direct Method

In our approach, the deep power forecasting model using the direct method allows us
to exploit the differences with the indirect method proposed in power forecasting. The data
in Table 11 allow us to estimate an ideal performance that could have the direct or indirect
methodology of having GHI and GTI forecasts with zero error, which further underlines
the importance of these variables.

Table 13 shows that the model trained with the variables Calibrationy;ag and Skartveit
obtain an MAE of 0.896 MW, RMSE of 1.677 MW and R? of 0.908, representing the “optimal
case”. Furthermore, different combinations of variables barely affect the metrics, but
all outperform conventional methods, validating the effectiveness of the direct method.
Contrasting the errors by station shows considerable deviations in stations 4 and 5 as in
the results of the GHI block, which suggests problems with the pyranometer or, failing
that, with the NWP forecasts. Station 0, however, validates the great effectiveness of the
Transformer Bi-LSTM model in improving forecasts.
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Table 13. Results of direct method to power forecast. RMSE and MAE are measured in [MW], and
R? is unitless.

Predictors Metric Station Mean
0 1 2 3 4 5 8
Calibrationyag MAE 0.192 0.849 0676 0709 1311 1755 0.782 0.896
Skartveit RMSE 0363 1.622 1283 1295 2431 3288 1459 1.677
R2 0931 0924 0906 0940 0.877 0.870 0.909 0.908
Bes’qpoa MAE 0.190 0.850 0.671 0.710 1306 1.754 0.780 0.894
RMSE 0363 1.634 1280 1.308 2449 3305 1454 1.685
R2 0931 0922 0906 0939 0875 0.869 0910 0.907

NWPGhrpHeont  MAE 0191 0857 0668 0709 1322 1759 0.789  0.899
RMSE 0360 1638 1267 1291 2447 3327 1471 1.686

R? 0932 0922 0908 0941 0.875 0.867 0.908 0.908
NWPrpoa MAE 0.192 0854 0672 0710 1311 1.738 0.782 0.894
RMSE 0361 1.641 1280 1299 2426 3291 1458 1.679
R? 0932 0922 0906 0940 0.877 0.870 0.909  0.908

3.7. Deep Chain Model

Table 14 shows that the model trained with Bestypoa and NWPpe, slightly outperforms
the best direct method model in all metrics, although without a significant improvement
compared to the direct method. However, this method allows for a modularization of
errors, which is crucial for future improvements. The deep chain model presents a more
integrated strategy for power prediction.

Table 14. Results of deep chain model method to power forecast. RMSE and MAE are measured in
[MW], and R? is unitless.

Predictors Metric Station Mean
0 1 2 3 4 5 8

NWPrpoa MAE 0194 0860 0.671  0.711 1339 1756  0.794 0.904
RMSE 0364 1.659 1277 129 2475 3293 1491 1.694

R? 0.872 0920 0905 0907 0930 0940 0.870 0.906
Bestipoa MAE 019 0862 0670 0717 1312 1732 0.784 0.895
RMSE 0358 1.652 1276 1318 2432 3226 1463 1.675
R? 0877  0.921 0909 0907 0933 0938 0.875 0.908
Bestipoa MAE 0192 0850 0.671 0.711 1318 1712 0.783 0.891
NWPpp0a RMSE 0363 1.610 1272 1317 2433 3233 1457 1.669
R? 0931 0925 0907 0938 0877 0875 0.910 0.909

Figures 10 and 11 show the graphical representation of the best and worst forecasting
results, respectively, using the best model found. The scatter plots in each figure compare
the actual versus predicted power values for different stations using the deep chain model
method. Each plot corresponds to one station, with the x-axis representing the observed
power and the y-axis representing the predicted power. The diagonal line indicates the
ideal 1:1 relationship.

Each row in the figures represents a measurement in one station (or plant), while each
column corresponds to a prediction horizon in 15 min increments, starting from 15 min up
to 60 min. The main diagonal in each plot indicates the line of identity, where the predicted
values perfectly match the observed values.
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Figure 10. Relationship between observed and predicted power output for different stations and
prediction horizons for stations with better results.
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Figure 11. Relationship between observed and predicted power output for different stations and
prediction horizons for stations with worst results.

When compared with previous results, it is evident that the deep chain model benefits
from each stage of the prediction process, although it shows an inherent error, coming from the
first block and propagating through the others, which cannot be eliminated with this strategy.

It is seen that among the results, there is no significant difference between the different
training datasets used, although there is still room for more tests with other variables,
whether they are sensor measurements or calculated variables. Despite the above, this
study represents a considerable advance in improving the accuracy of photovoltaic power
predictions, and given the innovative use of the proposed Transformer Bi-LSTM architec-
ture, it lays a solid foundation for future research in the field.
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4. Discussion

The challenge of predicting solar power generation demands advanced approaches. In
this context, the present study uses modern deep modeling techniques and, through data
adjustments, exhibits promising results according to Table 15, where it can be seen that our
model is superior to the state-of-the-art results in most cases of photovoltaic stations.

Table 15. Comparison of obtained results with those present in the state of the art. RMSE and MAE
are measured in [MW].

Model Metric Station Mean
0 1 2 3 4 5 8

Our best method MAE  0.192 0.850 0.671 0.711 1.318 1.712 0.783 0.891
Bestipos NWPpoa RMSE 0362 1.610 1272 1.317 2433 3.233 1457 1.669

Reference MAE 136 109 107 136 124 129 - 1.24
GSTANN [22] RMSE 189 151 156 185 174 191 - 1.74
Reference MAE - 1.286 0.961 - 1.391 - 1.030 1.167
PSC-SVR [21] RMSE - 2.152 1.521 - 2.337 - 1.699 1927

The errors of stations 4 and 5 have a particular behavior, although in each block they
are the stations that presented the greatest improvements in the forecasts, as well as being
the stations with the lowest performance compared to the other stations. In Section 3.7, a
possible reason for this particularity is already mentioned, but without more detail about
the state and maintenance of the sensors, nothing conclusive can be stated.

In any case, despite these possible errors, we see that the proposed model gives less
priority to these stations to adjust to the rest of the stations. The above could mean that
the model is overfitting to these plants, so we apply the latter on stations not seen in the
training phase, the results of which are shown in Table 16. It is seen that the errors are
by the results of the other stations, demonstrating that the good results of the proposed
module do not correspond to overfitting, but rather derive from a correct generalization.

Table 16. Results of the deep chain model in stations not present during training. RMSE and MAE
are measured in [MW], and R? is unitless.

Metric Station Mean
6 7 9

MAE 0.4774 0.7730 0.3705 0.5403

RMSE 0.8555 1.3770 0.6668 0.9664

R? 0.9070 0.9078 0.9153 0.9100

Our proposed deep chain model outperforms state-of-the-art performance metrics,
especially at stations with less accurate forecasts, highlighting the effectiveness of the
Transformer Bi-LSTM in mitigating prediction errors. However, the deep chain model also
faces a major challenge, the main being susceptible to cumulative errors.

Although the feature engineering process helps by improving the forecasts of the chain
blocks corresponding to GHI and decomposition, this does not have a great impact on the
final intra-hour power forecasting, with the proposed model being mainly responsible for
the good results.

It should be remembered that this methodology has been developed without irradiance
measurements in the array plane, so there is still a large margin for optimization in the
transposition block, although most of the error comes from the NWP forecasts, which
agrees with what is seen in the literature.

In summary, both the deep chain model and the direct approach offer benefits and
limitations, and the selection between them will depend on the particular requirements of
the project and the available resources.
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5. Conclusions

Through this study, we introduced an innovative hybrid methodology for photovoltaic
power generation forecasting using a Transformer Bi-LSTM model; for the calibration block,
it has been demonstrated to be superior in comparison with the traditional calibration,
in terms of forecasting accuracy. Despite the fact that the preprocessing of the data does
not significantly increase the accuracy of the model, the methodology of direct forecasting
offers some equilibrium between precision and efficiency at the time of the development,
although the chain model offers more details in the process of irradiance transformation
into photovoltaic power. In particular, the deep chain model has proven to be superior
compared to conventional prediction methods, achieving a reduction in MAE of 24% MAE
and RMSE 4%, in comparison to the best results of the state of the art. This has allowed
achieving MAE values as low as 0.894 [MW] and RMSE of 1.669 [MW], which represents a
significant improvement over reference models in the literature.

Although the results are promising, it is essential to test the model in real-field sce-
narios to evaluate its accuracy under real conditions. This evaluation would pave the way
for implementing a fault detection system that triggers alerts when model predictions
deviate significantly from actual measured values. This would improve the operation and
maintenance of photovoltaic plants, allowing a significant reduction in operating costs.

For future research, we propose exploring more advanced neural model architectures,
optimizing specific components, and applying our methodology to larger datasets, such
as the California-based dataset mentioned earlier. These improvements will not only
enhance the accuracy of photovoltaic energy forecasts but also offer deeper insights into the
overall field of renewable energy prediction. Moreover, given that our approach integrates
physical models with deep learning, future work could focus on refining this hybrid method.
Potential directions include tuning trainable physical equations within neural networks
and embedding these equations into the loss function, replicating the Physics-Informed
Neural Networks methodology, further advancing the interpretability and performance of
predictive models in photovoltaic energy.
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