N

N

From Trends to Insights: A Text Mining Analysis of Solar
Energy Forecasting (2017-2023)
Mohammed Asloune, Gilles Notton, Cyril Voyant

» To cite this version:

Mohammed Asloune, Gilles Notton, Cyril Voyant. From Trends to Insights: A Text Mining Analysis of Solar
Energy Forecasting (2017-2023). Energies, 2025, 18 (19), pp-5231. {10.3390/en18195231). <hal-05293309)

HAL Id: hal-05293309
https://hal.science/hal-05293309v1

Submitted on 1 Oct 2025

HAL is a multi-disciplinary open access archive L’archive ouverte pluridisciplinaire HAL, est des-
for the deposit and dissemination of scientific re- tinée au dépoét et a la diffusion de documents scien-
search documents, whether they are published or not. tifiques de niveau recherche, publiés ou non, émanant
The documents may come from teaching and research  des établissements d’enseignement et de recherche
institutions in France or abroad, or from public or pri- francais ou étrangers, des laboratoires publics ou
vate research centers. privés.

Distributed under a Creative Commons CC BY 4.0 - Attribution - International License


https://hal.science/hal-05293309v1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

‘ energies

Article

From Trends to Insights: A Text Mining Analysis of Solar
Energy Forecasting (2017-2023)

Mohammed Asloune '?, Gilles Notton »* and Cyril Voyant 2

Academic Editor: Jesus Polo

Received: 3 September 2025
Revised: 27 September 2025
Accepted: 29 September 2025
Published: 1 October 2025

Citation: Asloune, M.; Notton, G.;
Voyant, C. From Trends to Insights:
A Text Mining Analysis of Solar
Energy Forecasting (2017-2023).
Energies 2025, 18, 5231. https://
doi.org/10.3390/en18195231

Copyright: © 2025 by the author.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license
(https://creativecommons.org/license

s/by/4.0/).

1 SPE Laboratory, UMR CNRS 6134, University of Corsica Pasquale Paoli, Route des Sanguinaires,
20000 Ajaccio, France; asloune_ml@univ-corse.fr

2 Mines Paris, PSL University, Centre for Observation, Impacts, Energy (O.L.E.), Sophia-Antipolis,
06904 Antibes, France; cyril.voyant@minesparis.psl.eu

* Correspondence: notton_g@univ-corse.fr

Abstract

This study aims to highlight key figures and organizations in solar energy forecasting re-
search, including the most prominent authors, journals, and countries. It also clarifies
commonly used abbreviations in the field, with a focus on forecasting methods and tech-
niques, the form and type of solar energy forecasting outputs, and the associated error
metrics. Building on previous research that analyzed data up to 2017, the study updates
findings to include information through 2023, incorporating metadata from 500 articles to
identify key figures and organizations, along with 276 full-text articles analyzed for ab-
breviations. The application of text mining offers a concise yet comprehensive overview
of the latest trends and insights in solar energy forecasting. The key findings of this study
are threefold: First, China, followed by the United States of America and India, is the lead-
ing country in solar energy forecasting research, with shifts observed compared to the
pre-2017 period. Second, numerous new abbreviations related to machine learning, par-
ticularly deep learning, have emerged in solar energy forecasting since before 2017, with
Long Short-Term Memory, Convolutional Neural Networks, and Recurrent Neural Net-
works the most prominent. Finally, deterministic error metrics are mentioned nearly 11
times more frequently than probabilistic ones. Furthermore, perspectives on the practices
and approaches of solar energy forecasting companies are also examined.

Keywords: solar energy forecasting; artificial intelligence; time series; numerical weather
prediction; satellite images; text mining

1. Introduction

Accurate solar energy forecasting is crucial for power plant operators and grid man-
agers, particularly as the penetration of intermittent renewable generation in the energy
mix continues to rise [1]. Refs. [2,3] both emphasize the importance of reliable solar energy
forecasting, which can significantly enhance the quality of service and improve energy
planning and distribution. Technological advancements in solar energy, such as im-
proved smart grid technologies, further emphasize the importance of reliable forecasting
for effective solar power utilization.

This study aims to examine the field of solar energy forecasting using text mining
techniques. These methods, outlined by [4], are relevant because of their ability to extract
meaningful patterns and insights from vast quantities of unstructured textual data,
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thereby improving decision-making processes. They facilitate automated text analysis,
uncovering trends, conclusions, and relationships that would otherwise be imperceptible.
They incorporate a range of methods such as information extraction, retrieval, query pro-
cessing, natural language processing, categorization, and clustering, as detailed by [5].

Our research aims to identify key authors, journals, organizations, and countries in-
volved in solar energy forecasting. Additionally, we collect, list, and analyze commonly
used abbreviations in this field. This is not an exhaustive study but rather a focused anal-
ysis of main contributors and terminologies in the field of solar energy forecasting. The
results will be mainly compared to a similar study [6] conducted for the period 2012-2017,
allowing us to analyze trends over our study period of 2017-2023 as inclusive.

In this study, special attention will also be given to companies specializing in solar
energy forecasting. Some of these companies were contacted and their websites visited to
obtain detailed information on their general practices. This complements the information
mentioned in [7] regarding solar energy forecasting by specialist companies.

This work has been designed to be reproducible, as it builds upon and complements
previous studies. To ensure this, a detailed explanation of the methodology used is pro-
vided in the article.

The structure of this paper is organized as follows: Section 2 defines the primary re-
search objectives and the methodological framework employed. Section 3 elaborates on
the findings related to the infrastructure of research publications, covering prominent au-
thors, journals, organizations, and countries. Section 4 analyzes abbreviations and pro-
vides a technical discussion on solar energy forecasting output variables, output formats,
an overview of forecasting methods, and commonly used error metrics. Section 5 exam-
ines the distinction between forecasting, prediction, and estimation of solar energy. Sec-
tion 6 provides an overview of companies and their practices. Finally, the last section con-
cludes the paper with a summary of the main findings.

2. Research Objectives and Methodological Framework

This section discusses the research objectives and the methodology employed to ad-
dress them, particularly in terms of data selection, extraction, and processing. These ob-
jectives are framed in reference to previous studies in the literature, which could benefit
from updating or additional exploration.

2.1. Research Objectives

Establishing a solid foundation for this study is crucial for understanding the pro-
gression and current state of research in solar energy forecasting. Much of the research
points in this study are grounded in the work of ref. [6], which serves as a pivotal bench-
mark for the analysis. The key objectives of this study are as follows:

e Objective 1: ref. [6] identified the leading journals, authors, organizations, and coun-
tries in solar energy forecasting research from 2012 to 2017. The objective aims to
update that analysis by identifying the current leaders in this field from 2017 to 2023,
inclusive, thereby capturing the latest trends and shifts in scholarly influence and
contributions.

e  Objective 2: ref. [6] also listed and elucidated the most commonly used abbreviations
in solar energy forecasting within the 2012 to 2017 period. The aim is to ascertain
whether new abbreviations have emerged since then, reflecting evolving terminolo-
gies and advancements in the field.

e Objective 3: ref. [7] examined select companies specializing in solar energy forecast-
ing. This study aims to expand that analysis to gain a more comprehensive under-
standing of these firms. By engaging with these companies and conducting research
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on them, the goal is to enhance the synergy between the academic community and

the industry, fostering collaborative efforts and practical applications of research

findings.

To address Objective 1, text mining was performed on metadata from 500 articles
published between 2017 and 2023. The specifics of the selection process are outlined in
Section 2.2.

For Objective 2, text mining was conducted on the full texts of a subset of 276 out of
the 500 articles, rather than just the metadata. This subset was selected because the 276
articles are from ScienceDirect, part of the Elsevier group, and the availability of Elsevier’s
Application Programming Interface (API) “(https://dev.elsevier.com/) (accessed on 23
April 2024)” facilitated the easy import of full texts for text mining purposes. Other pub-
lishers do not provide such straightforward access to full texts, making Elsevier's API
particularly advantageous for this research.

To address Objective 3, the same companies specializing in solar energy forecasting
mentioned in [7] were either contacted directly or further researched online. The dataset
selection and processing for text mining are detailed in Section 2.2 and Section 2.3, respec-
tively.

2.2. Dataset Selection for Text Mining

The approach to article selection in this study differed from that of [6], particularly
during the initial stages of literature collection. Recognizing the limitations of Google
Scholar, as emphasized in [8], the methodology was expanded beyond this platform. Au-
thors of [8] highlighted the constraints of Google Scholar’s Boolean query capabilities (us-
ing AND and OR), suggesting its use primarily as a supplementary resource in literature
searches. By incorporating additional databases and employing more comprehensive
search strategies, the aim was to compile a comprehensive and precise collection of rele-
vant literature.

Initially, the term “solar energy forecasting” was searched on Google Scholar for
2017-2023, inclusive, and the first 500 results were analyzed. Five publishers together ac-
counted for over 80% of these results. The remaining publishers each had fewer than 10
results. To be efficient, we focused on the top five publishers listed in order of their fre-
quency: ScienceDirect, IEEE Xplore Digital Library, MDPI, SpringerLink and Wiley
Online Library.

Boolean operator support was confirmed for the selected publishers’ databases in [8],
with the exception of MDPI, which was not examined in that study. To address this, ad-
ditional tests were carried out specifically on the MDPI platform, confirming that Boolean
operators are supported and work accurately in titles, abstracts, full texts, and other sec-
tions.

Subsequently, to select our final dataset for our text mining analysis, we performed
a detailed Boolean search using the criteria: (Photovoltaic OR PV OR solar) AND (fore-
casting OR prediction) AND (energy OR power OR irradiance OR radiation). This search
was carried out in the databases of the selected publishers for the period from 2017 to
2023, inclusive. A system was employed to prioritize publishers based on their frequency
of appearance among the first 500 results on Google Scholar. Only the top five publishers
were retained, and their initial proportions were normalized to represent 100% of the da-
taset. Following this proportional allocation, a total of 500 articles were selected from the
five databases for our final dataset. Table 1 shows the number of articles chosen from each
database.
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Table 1. Article Distribution by Database for the Final Dataset.

Database Name Number of Articles
ScienceDirect 276
IEEE Xplore Digital Library 129
MDPI 42
SpringerLink 30
Wiley Online Library 23
Total 500

This study was intended to focus exclusively on solar forecasting for energy-related
applications. While other uses—such as in agriculture—are possible, none of the 500 se-
lected articles explicitly refer to non-energy domains.

2.3. Dataset Extraction and Processing for Text Mining

In this study, to address Objectives 1 and 2, the text mining process involved two
stages: the first stage focused on metadata, and the second one on the full texts of the
articles. This section will detail both processes in terms of methodology.

2.3.1. Metadata Extraction and Processing

To process the metadata, HTML files for the 500 articles were downloaded. We used
specialized R scripts with the rvest package “(https://rvest.tidyverse.org/; accessed on 26
April 2024)”, a powerful tool for extracting data from HTML files, to automate the extrac-
tion of key information. This included identifying the journals of publication, the authors,
their affiliations, and the countries associated with these affiliations. The scripts targeted
specific HTML nodes to retrieve this data.

Standardizing this raw data was necessary due to the variety of sources, authors’
names, country names, or institutional affiliations could be presented slightly differently
depending on the publisher. To address this, we used Jaccard hierarchical clustering [9],
a method that organizes data into clusters based on their similarity, utilizing the Jaccard
index to determine the degree of similarity between data pairs.
|ANB|
[AUB|’
Where A and B are two sets for comparison. |[A N B| represents the number of elements

The Jaccard Index is calculated using the following formula: J(A, B) =

common to both sets. |[A U B| represents the total number of unique elements in both
sets combined. The Jaccard Index ranges from 0 to 1, where 0 means no similarity, and 1
means complete similarity.

This approach facilitated our manual verification and correction process, allowing us
to standardize the data effectively.

2.3.2. Full-Text Extraction and Processing

As noted in Section 2.1, the full texts of 276 articles, a subset of the 500 articles, were
retrieved using Elsevier’s API, which the research team had access to. This API facilitated
the import of full-text articles from ScienceDirect for text mining purposes
“(https://dev.elsevier.com/; accessed on 23 April 2024)".

Subsequently, the full texts were analyzed using the same algorithm that Yang et al.
[6] applied, which is akin to the approach suggested by [10], to identify all abbreviations.
The algorithm employs a neighborhood search technique that scans the surrounding text
of an abbreviation to find a potential match, identifying both a short form and a long form
for an abbreviation. It then examines the vicinity for matches based on the initial letters
and focuses on the short form located within parentheses ().
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Afterward, only abbreviations that appeared five times or more were considered.
Terms not directly or only marginally related to solar energy forecasting were manually
removed, retaining only abbreviations relevant to solar energy forecasting methods, out-
put types, output formats, and error metrics.

3. Findings from Data Mining: Analysis of Publication Infrastructure

This section presents the results of the metadata analysis carried out according to the
methodology described in Section 2. The aim is to identify the main journals, authors,
affiliations and countries involved in solar energy forecasting research. In addition, these
results are juxtaposed with those of [6] to highlight trends and developments from 2017
to 2023 that are inclusive.

3.1. Prominent Journals

Figure 1 presents the top 20 journals that appear most frequently in our analysis of
500 articles. The six leading journals are Energy Reports (36), IEEE Access (35), Solar Energy
(34), Renewable Energy (25), IEEE Transactions on Sustainable Energy (23), and Energy (23).
Notably, four of these journals are published by Elsevier, including the most frequent one,
while two are published by IEEE, including the second most frequent.

The top two journals in our analysis, Energy Reports and IEEE Access, do not feature
in the top 20 journals listed by [6] in 2017. These journals were created relatively recently,
in 2015 and 2013 respectively, and thus remained too new to be prominent in [6], which
covered the period 2012-2017. However, 11 journals appear in both the 2017 ranking by
[6] and our 2017-2023 analysis. These 11 journals include: Solar Energy, Renewable Energy,
Renewable and Sustainable Energy Reviews, Energy Conversion and Management, Energy, Ap-
plied Energy, IEEE Transactions on Sustainable Energy, Energies, IEEE Transactions on Power
Systems, Electric Power Systems Research, and IEEE Journal of Photovoltaics. Among them,
the oldest is Solar Energy (established in 1957), while the most recent is IEEE Transactions
on Sustainable Energy (launched in 2010), which has gained two positions between the
2012-2017 ranking and our 2017-2023 results. Table 2 presents the previous ranking from
[6] alongside our updated 2017-2023 ranking for these 11 journals, including the magni-
tude of change in ranking position (A Rank). The results show that IEEE Transactions on
Sustainable Energy (+2), Energies (+1), and Electric Power Systems Research (+3) gained posi-
tions, while Renewable and Sustainable Energy Reviews experienced the largest drop (-8).

Figure 1 also includes the impact factors for each journal, based on the most recent
data available as of 14 August 2024. It shows no correlation between the ranking and im-
pact factor. Moreover, Figure 1 highlights the fully open-access journals among those
ranked, with the top two being fully open-access. This ranking emphasizes the journals
that feature the highest number of publications with strong visibility indicators in the field
of solar energy forecasting, without implying the superiority of one journal over another.
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Journal Counts (with * indicating fully open access journals)

Energy Reports * -16

IEEE Access *

Solar Energy
-14
Renewable Energy

IEEE Transactions on Sustainable Energy
Energy

=12
Applied Energy

Energy Conversion and Management Impact Factor

[} - 25 ]
= . &g . 33 &
= IEEE Transactions on Industry Applications _ . =
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8 Renewable and Sustainable Energy Reviews m 3.9 g
= , - 42 =
|IEEE Journal of Photovoltaics - - 4.7 -8
Electric Power Systems Research - = 6.0
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IEEE Transactions on Industrial Informatics - 7.1
- 7.2 -6
IEEE Transactions on Power Systems - - 8.6
IET Renewable Power Generation - = 9.0
. 9.7
Journal of Cleaner Production - mm 99
= = B

Sustainable Energy Technologies and Assessments *

11.7
Applied Soft Computing - 16.3
0 5 10 15 20 25 30 35

Count of Articles

Figure 1. Top 20 Solar Energy Forecasting Journals Ranked by Number of Appearances in the 500

Articles.

Table 2. Comparison between the 2012-2017 ranking by [6] and our updated 2017-2023 ranking of

the 11 common journals, including the magnitude of change in ranking position (A Rank).

Previous Rank-

Journals ing (0[1;; of 20) Li]fgd(a(t)eft I:fa;(l;) A Rank
Solar Energy 1 3 -2
Renewable Energy 2 4 -2
Renewable and Sustainable Energy Reviews 3 11 -8
Energy Conversion and Management 4 8 -4
Energy 5 6 -1
Applied Energy 6 7 -1
IEEE Transactions on Sustainable Energy 7 5 +2
Energies 10 9 +1
IEEE Transactions on Power Systems 15 15 0
Electric Power Systems Research 16 13 +3

3.2. Prominent Authors

Figure 2 shows the top 20 authors most frequently appearing in our analysis, includ-
ing both authors and co-authors. The four leading contributors are Fei Wang (10), Zhao
Zhen (10), Martin Janos Mayer (9), and Dazhi Yang (8). A comparison between the 2017
ranking by [6] and our analysis covering 2017-2023, inclusive, shows that only two au-
thors, Dazhi Yang and Bri-Mathias Hodge, appear on both lists. This difference may be
due to the varying research periods—2012-2017 for [6] and 2017-2023, inclusive, for our
analysis—as well as differences in article selection criteria, as detailed in Section 2.2, which
slightly differ from the approach taken by [6].
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(with * indicating authors and co-authors
present in both the previous ranking and our updated ranking)

Dazhi Yang* §

Jodo P.S. Cataléo|>
Miadreza Shafie-khah s
Yonghang Tai

Fei Wang
Zhao Zhen

Martin Janos Mayer

Xiaogiao Huang
Tao Ding
Guogiang Sun

h index

Zhinong Wei
Haixiang Zang
Manajit Sengupta

Authors and/or Co-authors

Yang Du

Lilin Cheng
Bri-Mathias Hodge*
Kangping Li

Chu Zhang

Zaiqing Chen

Jun Liu

Count of Articles

Figure 2. Top 20 Solar Energy Forecasting Researchers Ranked by Number of Appearances in the
500 Articles.

Figure 2 also presents the h-index for each author, using the most recent data availa-
ble from Scopus (https://www.scopus.com/) accessed on 14 August 2024, indicating no
clear correlation between ranking and h-index.

This ranking does not imply that one author is better than another. Instead, it sug-
gests that the researchers on the list have likely had more publications with good visibility
indicators in solar energy forecasting than others during the 2017-2023 period.

Among the 20 authors and co-authors featured in this ranking, it is noteworthy that
14 are affiliated with institutions in China. Of the remaining six, two are based in the
United States, while the others are distributed across Hungary, Portugal, Finland, and
Australia, with one author in each of these countries. This distribution provides an initial
overview of the geographical representation before the detailed ranking by country and
affiliation is presented in Section 3.3.

3.3. Prominent Affiliations and Countries

Figure 3 presents the analysis results of author affiliations across the 500 articles. Only
affiliations appearing more than three times are shown by name in the plot. The top five
affiliations are: North China Electric Power University (30), National Renewable Energy
Laboratory (14), Tsinghua University (12), Harbin Institute of Technology (11), and Yun-
nan Normal University (11). It is noteworthy that four out of these five affiliations are
located in China, with the exception of the National Renewable Energy Laboratory in the
United States of America.
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Figure 3. Affiliations the Most Frequently Appearing in the 500 Articles.

Figure 4 presents the results of our analysis on the countries of the authors’ affilia-
tions across the 500 articles. These findings align with those in Figure 3 and the observa-

tions made about the authors in Section 3.2
America (131) leading, followed by India

with China (343) and the United States of
107). This marks a shift compared to the find-

4

(

ings of [6] for the 2012-2017 period, where the United States of America held the first

position.



Energies 2025, 18, 5231 9 of 32

v
=
=

\_\_\—‘-__—-’/

Figure 4. Countries Most Frequently Represented in the 500 Articles.

4. Findings from Data Mining: Analysis of Abbreviations and
Technical Discussion

After identifying the research infrastructure in the previous section and comparing
the results from 2017-2023 with data from earlier periods, this section will focus on a more
technical discussion.

First, the output variables in solar energy forecasting will be examined, with partic-
ular attention to the physical nature of the forecast outputs. Next, the format of these out-
puts will be explored, including whether they are deterministic or probabilistic, and the
various types of probabilistic designs at the output stage. Finally, the methods used in
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solar energy forecasting will be overviewed, followed by an overview of the error metrics
commonly used in the literature.
This analysis will rely on text mining results where applicable to identify trends.

4.1. Output Variables in Solar Energy Forecasting

This section explores the variables typically forecasted in the literature for solar en-
ergy forecasting applications. Generally, some studies focus on forecasting solar radiation
[11-14], while others directly forecast the resulting power or energy output [15-19].

In the context of solar radiation forecasting, the literature focuses on forecasting ei-
ther irradiance, i.e., surface power density (W/m?), or irradiation, i.e., surface energy den-
sity (Wh/m? or J/cm?). The abbreviations related to solar radiation forecasting (irradiance
and irradiation), identified through the text mining analysis, are discussed in the follow-
ing part of this section.

GHI stands for Global Horizontal Irradiance or Global Horizontal Irradiation, repre-
senting the total solar radiation received on a horizontal surface [20]. GHI is the sum of
two components: BHI (Beam Horizontal Irradiance or Beam Horizontal Irradiation) and
DHI (Diffuse Horizontal Irradiance or Diffuse Horizontal Irradiation). BHI refers to the
direct solar radiation coming directly from the solar disk and striking a horizontal surface,
while DHI represents the scattered solar radiation that reaches the surface.

DNI stands for Direct Normal Irradiance or Direct Normal Irradiation, which
measures the direct solar radiation received on a surface perpendicular to the sun’s rays.
DNI and BNI (Beam Normal Irradiance or Beam Normal Irradiation) refer to the same
component; using D (Direct) instead of B (Beam) can cause confusion with Diffuse.

Photovoltaic modules are typically tilted to optimize energy production. GTI stands
for Global Tilted Irradiance or Global Tilted Irradiation, which is the transposition of GHI
onto the tilted plane of the photovoltaic modules. POA stands for Plane of Array, a term
commonly used in the literature as an equivalent to GTL

When GHI is the forecasted variable, converting it to photovoltaic system output in-
volves two steps: first, estimating GTI from GHI and its components, then converting GTI
into power or energy. The first step, while challenging, can be addressed using
knowledge-based models [21-23] or trained models [24]. For the second step, power gen-
eration can be modeled using simple methods like Evans’ model [25], or more complex
models that account for inverter and module physics. Simple models are often preferred
since uncertainties in GHI forecasting are generally greater than those in PV modeling
[26].

In the text mining analysis, GHI is notably more frequent compared to other abbre-
viations. This trend is mirrored in the literature, where the majority of solar radiation fore-
casting research predominantly focuses on GHI. However, as discussed in this section, for
photovoltaic applications, it is essential to convert GHI to GTI and then to power or en-
ergy, while for concentrated solar power systems, the BNI component is crucial. There-
fore, focusing solely on GHI is not sufficient from a practical perspective. It is important
to highlight this in this work to remind the research community of the importance of in-
corporating practical considerations into scientific studies.

In [6], the abbreviations POA and GTI were not mentioned. This is not due to trends,
as these are well-established technical concepts in the literature, even prior to 2017. It may
instead be related to the limitations of text mining. Therefore, this section complements
[6] on the output variables in solar energy forecasting.

4.2. Solar Energy Forecasting Output Formats

Before discussing the methods for solar energy forecasting in the next section, it is
important to first understand the differences between deterministic and probabilistic
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forecasting. Deterministic forecasting produces a single, specific outcome per forecast, re-
ferred to as a point forecast [27]. In contrast, probabilistic forecasting provides additional
insights by incorporating the uncertainty associated with the forecast [28]. This type of
forecasting can produce various output formats, and the abbreviations related to these
formats, identified through text mining analysis, are discussed in the following part of
this section.

Probability Distribution Function (PDF) indicates the likelihood of different future
outcomes within a range, providing the relative probability of observing specific values
[29]. Cumulative Distribution Function (CDF) shows the total probability that a value will
be less than or equal to a certain point. Mathematically, the CDF corresponds to the inte-
gral of the PDF. Figure 5 illustrates both the PDF and CDF for a given probabilistic Global
Horizontal Irradiance(W/m?) forecast.

Probability Density Function (PDF)
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Figure 5. Illustration of a PDF and CDF for a Given Probabilistic GHI Forecast (W/m?).

Prediction Interval (PI) is derived from quantiles of the PDF and CDF, defining the
range within which a future observation is expected to fall with a certain level of confi-
dence. For instance, to obtain an 80% confidence PI, the quantiles Q(0.1) and Q(0.9) are
used to set the interval bounds (see Figure 5).

In the literature, all three outputs—PDF [30,31], CDF [32,33], and PI[34,35] —are com-
monly used. The key advantage of having a PDF or CDF is that they provide complete
information, allowing for the derivation of Pl if needed. However, starting with a PI alone,
it is not possible to reconstruct the full PDF or CDF.

In the text mining analysis, based on frequency of occurrence, PDF ranks first, fol-
lowed by CDF, and then PL

Another output format, which does not have a commonly used abbreviation and thus
did not appear in the text mining results, is scenario-based forecasting. In this approach,
different possible future scenarios are generated. This format is commonly associated with
Ensemble Prediction Systems (EPSs) within Numerical Weather Prediction (NWP) mod-
els (see Section 4.3.1 for further details on the functionality of EPS and NWP). A transition
from scenario-based forecasting to CDF can be made. One of the simplest methods
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mentioned in the literature is as follows: suppose we have n scenarios. These scenarios are
first sorted in ascending order, and each is then assigned an equal probability of 1/n,
among other possible approaches [36].

The choice of output format in probabilistic forecasting is crucial as it affects the se-
lection of error metrics (see Section 4.4 for more details).

In [6], the abbreviation PI was not mentioned. This omission is not due to trends, as
PI is a well-established technical concept in the literature, even prior to 2017. Instead, it
may be attributed to the limitations of text mining. Therefore, this section complements
[6] regarding solar energy forecasting output formats.

4.3. Solar Forecasting Methods

This section focuses on the methods used in solar energy forecasting, which are gen-
erally categorized into two main types. The first classification is based on the type of data
source: satellite imageries, sky imageries, numerical weather prediction (NWP) data, or
on-site historical time series data [37-39]. The second classification concerns the data pro-
cessing techniques used to produce forecasts, such as statistical techniques, machine
learning techniques, physical satellite models, empirical methods, or persistence methods
[40]. Additionally, hybridization approaches can be found within both classifications.

4.3.1. Classification Based on Type of Data Sources

It is important to note that the choice of data source is primarily driven by its spatio-
temporal resolution. This section will provide an overview of each type of data source,
emphasizing its spatio-temporal resolution, explaining its general principles, analyzing it
in relation to relevant abbreviations identified through text mining where applicable, and
comparing it with the findings in [6] to identify any trends.

e  Satellite and Sky Imageries:

Techniques based on satellite and sky imagery use images from sky imaging devices
(cameras pointed at the sky) or geostationary meteorological satellites. Cloud movement
can be predicted by calculating motion vectors from consecutive images [41,42]. The fore-
cast can then be carried out using physical or empirical models. Alternatively, it can be
done directly by inputting images into some deep learning models. Details on the physical
satellite models, empirical models, and deep learning methods are presented in Section
4.3.2.

Geostationary meteorological satellites are designed to remain stationary above a
specific point on Earth by matching their movement with the planet’s rotation, achieved
by positioning them at an altitude of 35,786 km [43]. Equipped with a variety of sensors,
including those for visible and infrared light, such satellites typically capture images
every 10 to 15 min.

Solar energy forecasting techniques using satellite imagery are effective up to 6 h [7].
This limitation arises because satellite-based methods primarily rely on cloud motion ad-
vection, which provides reliable information on the displacement of existing cloud fields
over short horizons. Beyond about 5-6 h, atmospheric dynamics such as cloud formation,
dissipation, and changes in wind fields introduce greater uncertainty, reducing the pre-
dictive skill of purely satellite-driven approaches. However, the spatial resolution of these
forecasts is relatively coarse, typically covering areas of several kilometers.

Table 3 features abbreviations linked to families of geostationary meteorological sat-
ellites, identified by our text mining analysis, accompanied by corresponding details for
each. It is worth noting that, for the Himawari family of geostationary meteorological sat-
ellites, the abbreviation HIMAWARI was not found; instead, identification was made



Energies 2025, 18, 5231

13 of 32

through the abbreviation JMA (Japan Meteorological Agency), which is the operator of
this satellite family.

Table 3 is not exhaustive but includes those identified through text mining. The three
families listed provide global coverage across all longitudes, with at least latitudes be-
tween -70° and +70° covered. An exhaustive list, including the history of inactive, opera-
tional, and planned geostationary satellites, along with their respective dates and other
information, can be found at (https://space.oscar.wmo.int/satellites; accessed on 15 June
2024).

Sky imagery consists of cameras directed towards the sky that capture photos at reg-
ular intervals, providing frequent intra-hour updates on cloud conditions [44]. Their main
advantage is the high spatiotemporal resolution they offer for solar forecasting compared
to other techniques. They are particularly effective in predicting solar ramps [45].

The main abbreviations identified for sky imageries are (TSI) for Total Sky Imager
and (ASI) for All Sky Imager or (WSI) for Whole Sky Imager, the latter two referring to
the same system. Both TSI and ASI/WSI systems are commercially available solutions.

Table 3. Abbreviations Related to Geostationary Meteorological Satellite Families with Corresponding
Details.

Geostationary Meteoro-
logical Satellites Fami- Abbrev.
lies

Observation

Frequency Operator

European Organization for the Exploi-
MSG 15min  tation of Meteorological Satellites (EU-
METSAT)

Meteosat Second Genera-
tion

Geostationary Opera-
y P National Oceanic and Atmospheric

tional Env1ro.nmental Sat- GOES 15 min Administration (NOAA), USA
ellite
Himawari - 10 min Japan Meteorological Agency (JMA)

The TSI, developed earlier, captures sky images using a convex mirror for a large
Field of View and does not require calibration [44]. Later, the ASI was introduced as a
more affordable alternative, using a fisheye lens attached to a digital camera to expand
the Field of View. While both devices are relatively expensive, the ASI is generally more
affordable but requires calibration.

Concerning satellite imagery, in [6], the abbreviation HIMAWARI was not identified,
whereas MSG and GOES were. However, in this study, the Himawari family of geosta-
tionary meteorological satellites was recognized through the abbreviation JMA (Japan
Meteorological Agency), which operates the Himawari satellites, rather than through the
expected abbreviation HIMAWARI.

Regarding sky imageries, TSI was identified in [6], but neither WSI nor ASI was iden-
tified. These terms have been in use in the literature since before 2017, so this is not a post-
2017 trend. This could instead be attributed to the limitations of text mining. Conse-
quently, this section complements [6] by addressing more abbreviations related to satellite
and sky imagery in the context of solar energy forecasting.

e  Numerical Weather Predictions:
Numerical Weather Prediction (NWP) models predict the evolution of weather con-
ditions over time. Mesoscale models in NWP focus on atmospheric features in specific

areas like regions, countries, or continents, while global models capture atmospheric pat-
terns on a global scale.
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Using initial conditions from atmospheric measurements or satellite data, these NWP
models solve partial differential equations to generate forecasts. Among the predicted var-
iables, solar radiation, wind speed, and temperature can be found.

Table 4 presents abbreviations related to NWP models, along with corresponding
details for each, using data verified as of 8 September 2024.

Among the models listed in Table 4, the ECMWF Ensemble Prediction System (EPS)
is inherently probabilistic, as it generates probabilistic outputs by running multiple simu-
lations with stochastic perturbations to the initial conditions [46]. This approach enables
the estimation of prediction uncertainty. The WRF model can also be run in ensemble
mode, making it adaptable for probabilistic forecasts.

In addition to the abbreviations listed in Table 4, there was also IFS, which stands for
the Integrated Forecasting System from the European Centre for Medium-Range Weather
Forecasts (ECMWE). IFS includes both the ECMWEF Ensemble Prediction System and the
ECMWEF High-Resolution Forecast System.

NWP models are computationally intensive and are typically run only a few times
per day, making them unsuitable for forecasts on intra-hour time scales. They stand out
for their performance in forecasting horizons ranging from 6 h to up to 2 weeks. Their
spatial resolution generally ranges from a few kilometers to several kilometers.

However, stand-alone NWP models are often not sufficient for accurate forecasts
[47]. This limitation is why many studies focus on post-processing the outputs (see Section
4.3.2 for more details).

In [6], the abbreviations ECMWF EPS and AROME were not extracted, and this is not
likely due to post-2017 trends. These terms have been in use in the literature since before
2017. Instead, this omission could be attributed to the limitations of text mining.

Table 4. Abbreviations Related to Numerical Weather Prediction Models with Corresponding Details.

Forecast Horizon & Spatial Hor-

NWP Models Abbrev. Global or Mesoscale . . Operator
izontal Resolution
Forecast Horizon: 16 days
Global Forecast Spatial Horizontal Resolution: 28 National Centers for Environmental In-
GFS Global km, but decreases to 70 km for i
System . formation (NCEI), USA
forecasts extending from one to
two weeks
Spatial Horizontal Resolution: 10
High-Resolution patial Horizoltal Resotution European Centre for Medium-Range
HRES Global days
Forecast System . . Weather Forecasts (ECMWEF)
Spatial Resolution: 9 km
Forecast Horizon: 15 days
Ensemble Predic- . . . European Centre for Medium-Range
EP lobal tial H tal Resolution: 1
tion System 5 Globa Spatia orlzorlljl esolution: 16 Weather Forecasts (ECMWEF)
North American Mesoscalc:e—Contl- Florecast. Horizon: 3.5 d?ys National Centers for Environmental In-
NAM nental United States Spatial Horizontal Resolution: 12 R
Mesoscale . formation (NCEI), USA
of America km
Application of Re- Mesoscale—France Forecast Horizon: 2 days
search to Opera- AROME and neighboring  Spatial Horizontal Resolution: Météo-France
tions at Mesoscale countries 2.5 km (1.3 km within France)
Mesoscale—Can be
configured to cover Forecast Horizon: Depending on National Center for Atmospheric Re-
Weather Research WRE any specific geo- the configuration search (NCAR) and National Oceanic

and Forecasting

graphic area, ranging Spatial Horizontal Resolution:
from local to regional Depending on the configuration

and Atmospheric Administration
(NOAA), USA
scales.

. On-site Historical Time Series Data:
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Historical on-site time series data comprise solar radiation measurements or PV
power/energy output that form time series used for forecasting. These data are collected
from on-site measurements. A key advantage of using local measurement data is its ex-
tensive temporal coverage, ranging from minutes to several hours, coupled with high spa-
tial resolution, focused on a specific site (point-based). Refer to Section 4.3.2 for details on
the treatment of historical time series data for solar energy forecasting.

One of the key abbreviations identified in this section through text mining is BSRN,
which stands for the Baseline Surface Radiation Network (https://bsrn.awi.de/; accessed
on 10 September 2024). It offers high-quality ground-based radiation measurements with
high temporal resolution at various locations globally. This data has been widely used in
numerous scientific publications, including [48-50].

Similarly, the abbreviation SURFRAD, standing for Surface Radiation Budget
(https://gml.noaa.gov/grad/surfrad/; accessed on 10 September 2024), was also identified
through text mining. SURFRAD is a seven-station radiation monitoring network in the
USA that collects GHI, BHI, and DHI components at 1-min intervals. Its data have been
applied in solar energy forecasting research. However, while BSRN was referenced in [6],
SURFRAD was not.

4.3.2. Classification Based on Data Processing Methods

Following the discussion on data sources, the second classification focuses on the
methods used to process the data to achieve the final forecast. These methods include
physical satellite models, empirical methods, statistical techniques, machine learning
techniques, and persistence methods.

. Physical Satellite Models and Empirical Methods:

This section offers an overview of how satellite data and sky images are utilized by
physical satellite models and empirical methods for solar energy forecasting.

The text mining analysis, related to this section, identified the abbreviation RTM,
which stands for Radiative Transfer Model, and is also noted in [6].

Physical satellite models consist of Radiative Transfer Models (RTMs) that explicitly
simulate the interaction between atmospheric components, such as gases and aerosols,
with solar radiation, typically relying on input data derived from satellite observations
[51]. When combined with cloud movement information predicted from cloud motion
vectors based on consecutive images, these models can forecast solar radiation. Although
physical models are complex and computationally demanding [26], they provide detailed
forecasts.

In contrast, empirical methods use data obtained from satellite and sky images, com-
bined with clear-sky models, empirical relationships and cloud motion data, to forecast
solar radiation. A clear-sky model estimates the amount of solar radiation reaching the
Earth’s surface under a cloud-free atmosphere [52]. The key metric, the clear-sky index
Kc, represents the ratio between actual measured solar radiation and the estimated radia-
tion under clear-sky conditions.

In satellite-based empirical methods, Kc is forecasted from satellite-measured reflec-
tance using empirical relationships, combined with cloud movement data. The Kc index
is then multiplied by the clear-sky radiation value to obtain the solar radiation forecast
[41,53,54].

In a similar process, for sky images, after detecting and identifying clouds and ap-
plying cloud movement data, the Kc index is calculated based on empirical relationships
derived from the image data. This index is also multiplied by the clear-sky radiation value
to generate the forecasted solar radiation [55,56].
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Empirical methods are well-established and frequently used in the literature com-
pared to physical models. However, physical models have significant potential for im-
provement, particularly in refining direct and diffuse components individually [26].

A limitation of cloud movement vectors arises when clouds form or dissipate quickly
within a timeframe shorter than the forecasting horizon.

e  Statistical and Machine Learning Methods:

This section discusses the statistical and machine learning methods used in solar en-
ergy forecasting, providing an overview of trends from 2017 to 2023 and comparing the
results with those in [6], which focus on the period prior to 2017.

All the definitions that follow will be specific to the scope of this study, pertaining to
solar energy forecasting.

Statistical methods use mathematical techniques and models to analyze data, focus-
ing on identifying relationships, trends, and making forecasts based on historical data.

Machine learning involves algorithms that enable computers to learn from data and
enhance their forecasts or decisions over time without explicit programming. Machine
learning offers greater flexibility compared to traditional statistical methods, allowing for
more complex and adaptive models.

Within statistical methods, we can categorize them into two main groups: Traditional
Time Series Methods and Regression. Machine learning methods can be further divided
into standard Machine Learning techniques, Neural Networks, and Deep Learning ap-
proaches.

Time series methods are designed to model and forecast historical time series data,
capturing trends and seasonality over time. Regression techniques, on the other hand,
forecast continuous outcomes based on the relationships between numerical variables.

Neural networks, inspired by the human brain, consist of layers of interconnected
nodes that can process complex patterns, though they are typically limited in depth. Deep
learning, an advanced subset of neural networks characterized by multiple layers, excels
in handling highly complex tasks such as image recognition and sequence analysis.

The text mining analysis highlighted the distribution of categories by the frequency
of abbreviations: Traditional Time Series Methods (9%), Regression (6%), standard Ma-
chine Learning techniques (16%), Neural Networks (20%), and Deep Learning approaches
(49%). It is important to remember that, in our analysis, only abbreviations appearing five
times or more were considered, as mentioned in Section 2.3.2.

The dominance of deep learning, representing nearly half of the methods, reflects a
strong trend towards these approaches.

All the abbreviations found in each category are presented in Figure 6, which sum-
marizes the identified methods, their abbreviation counts, examples of applications in the
literature, and whether they were detected in the text mining analysis conducted by [6],
which focused on the period before 2017. This is compared with our data covering 2017—
2023 to highlight trends.

The top three methods identified in the text mining analysis, based on frequency, are
all Deep Learning techniques: Long Short-Term Memory (LSTM) with 100 occurrences,
Convolutional Neural Network (CNN) with 84, and Recurrent Neural Network (RNN)
with 70.
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Figure 6. Abbreviations Related to Statistical and Machine Learning Methods Identified Through
Text Mining Analysis with Corresponding Details: Full form, frequency of occurrence, example of
application in the literature, and whether extracted or not in ref. [6] (non-extracted abbreviations in
ref. [6] highlighted in yellow).

Newly identified methods, not captured by [6], are found exclusively in the machine
learning category and its subcategories. Notably, 8 out of 10 deep learning methods were
not detected by [6] but identified in our analysis; we highlight the current trend. This
trend, previously observed but not quantified in the literature, is now quantified through
our results. It primarily reflects the advancements in computational capabilities that have
enabled the shift towards more complex and effective deep learning models.

In comparison with Yang et al. [6], which covered the 2012-2017 period, the field was
dominated by traditional time series approaches and shallow neural networks, while re-
gression and standard machine learning techniques played only secondary roles. Deep
learning methods were essentially absent at that time. By contrast, our 2017-2023 analysis
reveals that deep learning has emerged as the leading category, reshaping the hierarchy
of methods. Table 5 summarizes this shift in ranking across the main categories.
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Table 5. Comparative ranking of statistical and machine learning method categories in the periods
2012-2017 [6] and 2017-2023 (this study).

Previous Ranking Updated Ranking

Method Categories (2012-2017) [6] (Out of 5)
Traditional Time Series Methods 1 4
Neural Networks 2 2
Standard Machine Learning Techniques 3 3
Regression 4 5
Deep Learning 5 1

Figure 6 provides references for practical applications in the literature for each
method identified through text mining analysis. Readers can refer to these sources for
detailed information and theoretical context. After quantifying the trend, the remainder
of this section gives an overview of how these methods are applied.

Traditional time series methods, by definition, handle numerical data and are there-
fore suitable for forecasting using historical time series [12,57-59]. Regression techniques
are similarly applicable for forecasting based on numerical data relationships [60-64].
These approaches can also be used in the post-processing of NWP outputs [65,66].

Standard machine learning techniques and Neural Networks identified through text
mining are also adept at handling numerical data and are therefore appropriate for fore-
casting using historical time series [67-77]. These methods can similarly be applied in the
post-processing of NWP outputs [78].

In contrast, deep learning methods identified through text mining can either process
images or exclusively handle numerical data. Convolutional Neural Networks (CNNs),
Generative Adversarial Networks (GANs), Convolutional Long Short-Term Memory
(ConvLSTM), and Deep Convolutional Neural Networks (DCNNs) are capable of pro-
cessing images for forecasting purposes. For example:

e In[79], two CNN models were developed that take sky images as input and forecast
GHI as output. These models are commonly referred to as end-to-end models in the
literature, as they are trained to input an image and output a forecasted radiation
value.

e In [80], a GAN model was introduced that uses solar irradiance maps created from
satellite images, generating a forecast irradiance map from a solar irradiance map at
time t.

e In[81], a ConvLSTM approach was tested using sky images and irradiance history
as inputs to forecast irradiance.

e In[82], a DCNN end-to-end approach was employed to forecast GHI from sky im-
ages.

The other deep learning methods identified typically handle numerical data and are
well-suited for forecasting with historical time series [83-88]. They can also be effectively
applied in the post-processing of NWP outputs [89].

Among the methods identified in the text mining analysis, only Quantile Regression
(QR) is specifically designed for probabilistic forecasting, though all the methods identi-
fied are theoretically adaptable for this purpose.

Hybridization of methods is also an option, allowing for the combination of their
strengths, whether in handling time series or images. See Section 4.3.3 for more details.

. Persistence:

This section discusses Persistence methods, which are frequently used as naive
benchmark tools to assess the performance of forecasting models. Any improvements in
forecasting should be measured against these standard reference techniques [90].
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The simplest form of persistence assumes that the forecasted value at time t + h (the
forecasting horizon) will be the same as the measured value at time t. This is known as
simple persistence in the literature [91].

Text mining identified the following abbreviations related to persistence: SP and
PeEn. SP stands for Smart Persistence, and PeEn stands for Ensemble Persistence.

In Smart Persistence, at time t, to forecast radiation at t + h, the clear sky radiation for
t + h is first calculated (refer to Section 4.3.2 for information on clear sky models). This
clear sky radiation is then multiplied by the clear sky index Kc from time t, and the result-
ing product provides the forecasted radiation for t + h [92].

Ensemble Persistence is applied in probabilistic forecasting, using historical data
from recent days to build probability distribution functions for each time point t [27].

Text mining analysis can sometimes miss important concepts. One such concept is
Climatology Persistence (CLIPER), a term frequently used in recent research. CLIPER
combines climatology, the historical average of the predicted value, and simple persis-
tence, using a convex combination [93-95].

However, CLIPER did not appear in the text mining results, meaning that it showed
up fewer than five times in the analysis. A manual search for “(CLIPER) + solar energy
forecasting” on Google Scholar identified only one article where CLIPER was in paren-
theses; in other cases, it appeared without them. As noted in Section 2.3.2, the text mining
algorithm specifically detects terms in parentheses, which can cause it to overlook im-
portant terms when they are not presented in this format.

It is worth noting that some studies do not compare their models to reference meth-
ods, as highlighted by [96]. SP and PeEn were both present in text mining results of [6].

4.3.3. Hybridization

After presenting the methods according to two classifications—Data Source and Data
Processing—it became evident that each data source has its own advantages and disad-
vantages, primarily related to spatial and temporal horizons for forecasting. Additionally,
the processing methods differ in their nature, and they vary in complexity. For these rea-
sons, hybridization is a viable option, enabling the combination of strengths from various
approaches.

Hybridization can occur between data sources. For instance:

e Ref. [12] combines cloudiness information as an exogenous variable with ground
measurements to enhance forecast performance.

e  Ref. [97] integrates satellite and sky images for improved deterministic and probabil-
istic intra-hour GHI forecasting.

e  Ref. [98] merges same-day NWP forecasts with satellite data for more accurate fore-
casting.

e  Hybridization can also occur between data processing methods. For example:

e  Ref. [17] proposed an approach that combines several deep learning techniques, in-
cluding LSTM and GRU, with a statistical method.

e  Ref. [99] suggested a hybridization of CNN and LSTM.

Since 2020, the literature has introduced several new methodological paradigms that

align with this hybrid perspective:

e  Multi-modal learning, which fuses heterogeneous data types (e.g., images, time se-
ries, and physical features) into a unified model [100].

e  Graph-based learning, which models spatial-temporal relationships as graphs to bet-
ter capture structural dependencies in the data [101].

In quantitative terms, hybridization across data sources remains limited, represent-
ing about 1.4% of the analyzed articles. Hybridization across data processing methods is



Energies 2025, 18, 5231

20 of 32

more prevalent, representing about 10% of the analyzed articles. Within this category,
CNN + LSTM approaches account for approximately 6.2% and other strategies contribute
the remainder. In addition, emerging paradigms contribute further: graph-based learning
accounts for =0.4% of the analyzed articles, while multimodal learning remains less fre-
quent at ~0.2%.

Unlike the period prior to 2017, when [6] did not identify clear tendencies toward
hybridization, these results reveal a growing convergence between multiple data modal-
ities and modeling strategies, reinforcing the increasing relevance of hybrid approaches
in recent years.

Overall, hybridization —whether across data inputs, processing methods, or both—
represents a promising direction for solar energy forecasting, offering enhanced adapta-
bility across forecasting horizons and use-case requirements.

4.4. Error Metrics

After the previous section reviewed methods used in solar energy forecasting, the
focus now shifts to key aspects of the error metrics used to evaluate forecasting perfor-
mance.

Different error metrics are used depending on whether the forecast is deterministic
or probabilistic. Several studies, including [6,102-104], provide analyses and formulas for
these error metrics. Since these formulas are well-established and readily accessible, they
are not repeated here. Readers interested in the formulas can refer to the cited references.
This section will instead highlight trends and provide an overview.

Deterministic error metrics have received considerable attention in the literature and
are often discussed more extensively than probabilistic ones, a trend confirmed by the text
mining analysis.

Table 6 lists the error metric abbreviations captured, their full forms, classification as
probabilistic or deterministic, frequency of occurrence, and examples from the literature.
It reveals that deterministic error metrics are mentioned nearly 11 times more frequently
than probabilistic ones.

According to our text mining analysis, the most widely used error metric in deter-
ministic forecasting is the Root Mean Square Error (RMSE), with 142 occurrences. For
probabilistic error metrics, the Continuous Ranked Probability Score (CRPS) is the most
prominent, with 15 occurrences.

It is worth noting that rRMSE and nRMSE have the same formula, both referring to
normalized versions of RMSE, typically normalized by the mean or by the range between
the maximum and minimum values. Despite representing the same metric, they appear
under two different abbreviations in the literature.

Table 6. Abbreviations Related to Error Metrics Identified Through Text Mining Analysis with Cor-

responding Details.

Example of Application in

Category Error Metrics Abbrev. Count .
Literature
Continuous Ranked Probability Score ~ CRPS 15 [105]
Prediction Inter\./z.il PICP 9 [54]
. Coverage Probability
Probabilistic Fore- .. .
Prediction Interval Normalized Aver-
cast . PINAW 7 [106]
age Width
Brier Score BS 6 [107]
Coverage Width-based Criterion CWC 5 [108]
Deterministic Root Mean Square Error RMSE 142 [109]
Forecast Mean Absolute Error MAE 113 [16]
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Normalized Root Mean Square Error nRMSE 49 [110]
Mean Absolute Percentage Error MAPE 46 [111]
Mean Squared Error MSE 46 [112]

Mean Bias Error MBE 23 [113]
Normalized Mean Absolute Error nMAE 17 [114]
Relative Root Mean Square Error rRMSE 11 [115]
Normalized Mean Bias Error nMBE 6 [116]
Mean Average Deviation MAD 5 [117]
Mean Relative Error MRE 5 [118]

An important consideration is the categorization of probabilistic error metrics and
their connection to Forecasting Output Formats (refer to Section 4.2 for more details on
Solar Energy Forecasting Output Formats). The probabilistic error metrics listed in Table
6 fall into two primary categories:

e  Metrics assessing Prediction Interval (PI) quality: Prediction Interval Normalized
Average Width (PINAW), Prediction Interval Coverage Probability (PICP), and Cov-
erage Width-based Criterion (CWC).

e  Metrics evaluating Cumulative Distribution Function (CDF) quality: Brier Score (BS)
and Continuous Ranked Probability Score (CRPS).

It is noted that no new abbreviations related to this section have emerged compared
to [6].

5. Distinction Between Forecasting, Prediction, and Estimation

This study successfully identified and quantified trends, but it is important to
acknowledge that a text mining approach has its limitations. While analyzing word fre-
quency across selected articles, some confusion can arise, especially when terms are not
consistently or accurately used. The scientific community sometimes employs terms that
are not well-chosen, and definitions can be unclear or confusing.

This paper focuses on solar energy forecasting, specifically forecasting a future value
X(t + h), where h is the time horizon, based on previous values measured at prior time
points. However, confusion sometimes arises when calculating a variable X(t) from other
variables measured at the same time, such as determining horizontal global irradiance,
GHI(t), from meteorological data like wind speed, ambient temperature, and humidity.

In this context, “forecasting” and “prediction” are appropriate for determining a fu-
ture value, while “estimation” is more suitable for calculating the value of a variable from
other variables measured at the same time.

However, are these terms always used with their precise definitions? Not necessarily.
For instance, in [119], the word “forecasting” appears in the title, but the literature review
also covers models that estimate solar radiation based on existing meteorological data. In
[120], “forecasting” is also found in the title and keywords, while the actual topic is using
ANN models to determine solar irradiance from other meteorological data measured sim-
ultaneously. The word “prediction” is similarly used in the text. In [121], “prediction” is
in the title of a paper where hourly solar irradiation for Kuala Lumpur is calculated based
on sunshine hours, day, month, temperature, humidity, and location coordinates.

Thus, the presence of the terms “prediction” or “forecasting” in a paper’s title does
not always indicate that the paper involves forecasting or predicting a future value. These
instances are exceptions, and, with a large volume of articles, the errors caused by such
confusion can be mitigated.
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6. Companies

Until now, this work has focused on the existing scientific literature, primarily driven
by academic researchers. The focus now shifts to providing an overview of companies
operating in solar energy forecasting.

[7] is one of the few, if not the only, articles in the solar energy forecasting literature
that discusses companies in the field. It provides a list of some companies operating in
solar energy forecasting. [7] highlights the need to improve coordination between compa-
nies and end users at the utility level (i.e., grid operators).

In this section, additional insights will be provided, focusing on the same set of com-
panies mentioned in [7], namely Steadysun (https://www.steady-sun.com/; accessed on
30 September 2025), address: 18 Rue du Lac Saint-André, 73370 Le Bourget-du-Lac,
France, Reuniwatt (https://www.reuniwatt.com/; accessed on 30 September 2025), ad-
dress: 14 rue de la Guadeloupe, 97490 Sainte-Clotilde, France,Solcast (https://www.sol-
cast.com/; accessed on 30 September 2025), address: 32 Halloran St, Lilyfield 2040, Sydney,
Australia; PO Box 772, Leichhardt NSW 2040, Australia, Openclimatefix (https://opencli-
matefix.org/; accessed on 30 September 2025), address: 5th Floor, Sustainable Ventures,
County Hall, Belvedere Rd, SE1 7GP, United Kingdom and SolarAnywhere
(https://www.solaranywhere.com/; accessed on 30 September 2025), address: Clean
Power Research, 330 120th Ave NE, STE 200, Bellevue, WA 98005, United States of Amer-
ica.

Beyond these actors, industry surveys such as the IEA PVPS Task 16 report [122]
identify a broader ecosystem of providers offering operational forecasting solutions.
These include both specialized firms and large service providers that integrate solar fore-
casting into broader energy management platforms. In addition to the previously men-
tioned companies, the report cites Meteocontrol (https://www.meteocontrol.com; ac-
cessed on 30 September 2025), address: Prollstr. 28, 86157 Augsburg, Germany, Suntrace
(https://www.suntrace.de; accessed on 30 September 2025), address: Grofie Elbstrafse
145C, 22767 Hamburg, Germany, WattTime (https://www.watttime.org; accessed on 30
September 2025), address: 490 43rd Street, Unit 221, Oakland, CA 94609, United States of
America, Prediktor (https://www.prediktor.com; accessed on 30 September 2025), ad-
dress: P.O. Box 296, N-1601 Fredrikstad, Norway, and GreenPowerMonitor
(https://www.greenpowermonitor.com; accessed on 30 September 2025), address: Gran
Via de les Corts Catalanes 130, 9th Floor, 08038 Barcelona, Spain. The report underlines
those commercial solutions often differentiate themselves not only by forecast accuracy
but also by integration capabilities, delivery formats such as API-based services or cloud
dashboards, and the ability to tailor outputs to utility and market operator requirements.

Some of these companies were contacted directly, whereas information about others
was gathered from their websites. It is important to clarify that Openclimatefix is not a
private company but a non-profit research and development lab that uses an open-source
approach in developing its solutions. The other mentioned are all private companies.

Based on our discussions and research on these companies, it has been observed that
the approach taken by companies typically involves forecasting these solar radiation com-
ponents (GHI, BNI, and DHI) and offering models to convert these forecasts into GTI and
corresponding power or energy output. In contrast, the academic community, as men-
tioned in Section 4.1, primarily focuses on forecasting only GHI in most scientific publica-
tions related to solar radiation forecasting, while transposition studies are typically ad-
dressed separately in dedicated studies.

Another point is that recent prices of bifacial photovoltaic panels have become very
competitive compared to monofacial ones. Today, bifacial photovoltaic technology is seen
as having the potential to replace monofacial panels in the coming years due to its superior
performance and the downward trend in its price [123]. Some of these solar energy
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forecasting companies now offer the option to convert predicted radiation into bifacial
photovoltaic power/energy.

Additionally, some of these companies also provide Typical Meteorological Year
(TMY) data and time series derived from satellite-based solar radiation estimations, which
are crucial during the pre-study phase of solar projects and offer valuable insights. Others
are positioning themselves for real-time monitoring of photovoltaic plants by comparing
expected production with real-time data, enabling the tracking of installation health and
anticipating maintenance needs.

The services provided by these solar energy forecasting companies are focused on
practical applications, and academic researchers are encouraged to adopt a similar ap-
proach in their work. They are invited to take into account engineering aspects and prac-
tical applicability.

Finally, it should be acknowledged that this section does not aim to provide an ex-
haustive survey of all commercial actors worldwide. Instead, it offers exploratory insights
based on a representative set of companies mentioned in [7], complemented with addi-
tional details from industry reports. A more systematic review of commercial providers
would be necessary to fully capture the diversity of market actors and services.

7. Discussion

Between 2017 and 2023, research output was led by China, followed by the United States
and India (Section 3.3). By contrast, during 20122017 [6], the distribution was more US-cen-
tered, with China emerging but not yet dominant and India outside the top three. This shift
reflects the growing role of Asia in solar forecasting research and mirrors the broader global
redistribution of PV deployment and investment.

Over the same period, the modelling landscape is marked by the predominance of deep-
learning architectures (=49%), with standard ML techniques representing =16%, shallow neu-
ral-network families = 20%, traditional time-series frameworks ~ 9%, and regression-based
strategies =~ 6%. In the 2012-2017 period [6], traditional time-series approaches and shallow
neural networks were more prevalent. The reordering observed in 2017-2023 is consistent
with the availability of larger datasets, the expansion of computational capacity, and the dif-
fusion of methods across disciplines. Deep-learning models such as LSTM, CNN, and RNN
appear frequently, suggesting that architectures initially developed in other fields are increas-
ingly applied to solar forecasting tasks.

The results also indicate a measurable evolution toward hybrid modelling strategies.
Across data sources (e.g., satellite data, NWP, sky images, ground-based measurements), ex-
plicit fusion is limited (1.4%) but illustrates the potential benefits of combining complemen-
tary information streams. Before 2017, ref. [6] did not report a systematic trend in this direc-
tion. Across processing paradigms, hybridization is more common (=8.6%), with CNN +
LSTM combinations accounting for =6.2%. In addition, graph-based learning contributes
~0.4% and multimodal learning =0.2%. The rise in these approaches points to a diversification
of modelling strategies, with a progressive move away from isolated paradigms. Compared
to the earlier period, where hybridization was largely absent, the current literature shows the
emergence of a more integrative methodological perspective.

In terms of evaluation, deterministic error measures remain dominant, appearing nearly
an order of magnitude more frequently than probabilistic ones. This imbalance shows that
point forecasts continue to structure most studies, while probabilistic evaluation is less repre-
sented. The emphasis on deterministic metrics aligns with historical practice, but the growing
number of works mentioning interval and distributional measures indicates that the field is
gradually opening to alternative forms of evaluation.

Regarding forecasted variables, the results confirm that GHI continues to dominate,
while GTI and DNI appear less frequently.
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It should be noted that a potential bias may have been introduced in the text-mining pro-
cess. Although the structural analysis of authors, journals, and countries was conducted on a
balanced dataset of 500 articles proportionally selected from Google Scholar results (as de-
tailed in Section 2.2), the full-text abbreviation analysis was restricted to 276 ScienceDirect ar-
ticles due to the accessibility of Elsevier's API (as detailed in Section 2.3). As a result, abbrevi-
ations more frequently occurring in Elsevier journals could have been overrepresented. Nev-
ertheless, this effect is considered minimal, since the vocabulary of abbreviations in the solar
forecasting domain is universally employed across publishers. Moreover, as the main trends
regarding research output, geographic distribution, and methodological categories were de-
rived from the broader 500-article dataset, the overall validity of the findings is not compro-
mised.

Another limitation relates to the standardization of raw metadata. Author names, insti-
tutional affiliations, and country designations were sometimes reported inconsistently across
publishers, which could have introduced distortions in the structural analysis. As explained
in section 2.3.1, this issue was addressed by applying Jaccard hierarchical clustering, followed
by manual verification and correction, to harmonize the entries. While this procedure im-
proved the robustness of the dataset, it highlights that text-mining approaches are sensitive to
data-cleaning steps.

A comparison with company practices indicates that industrial work often emphasizes
integrated and application-driven forecasting pipelines, while academic work continues to fo-
cus on methodological innovation. This divergence reflects different priorities but also points
to opportunities for convergence, especially in areas where research developments could ad-
dress operational challenges.

Finally, it should be acknowledged that the section on companies was exploratory in na-
ture. It provided insights based on a representative set of actors rather than a comprehensive
global survey. A more systematic review of commercial providers would be required to fully
capture the diversity of market actors and services.

8. Conclusions

This study applied text mining to metadata from 500 articles and 276 full texts published
between 2017 and 2023, providing a quantitative overview of recent developments in solar
forecasting research. The analysis identified leading authors, journals, and countries, as well
as trends in forecasting variables, methodological approaches, and error metrics. While the
500-article metadata set, drawn from Google Scholar across multiple publishers, reduces dis-
tortions in rankings, the 276 full texts were sourced exclusively from ScienceDirect due to API
accessibility. This may have introduced a slight bias in the abbreviation analysis, though the
effect is considered negligible given the universality of technical vocabulary in the field.

Compared with the 2012-2017 period [6], several significant changes were observed. Re-
search output is now concentrated in China, the United States, and India, marking a shift in
the global geography of publications. Deep-learning architectures dominate the methodolog-
ical landscape, while hybrid approaches, though still limited, are increasingly visible. By con-
trast, earlier studies emphasized traditional time-series models and shallow neural networks.

For forecasted variables, GHI remains the most prevalent, with GTI and DNI less fre-
quently studied. In terms of evaluation, deterministic error metrics continue to dominate, with
probabilistic measures still underrepresented, although their presence has increased com-
pared to the pre-2017 literature.

Overall, the 2017-2023 period is characterized by the consolidation of deep learning, the
emergence of hybridization strategies, and the persistence of established practices in variables
and metrics. Taken together, these elements illustrate both continuity and transformation
within the field.
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Moreover, text-mining methodologies themselves are not free from limitations. Metadata
standardization was required to correct inconsistencies in author names, institutions, and
country designations, a process addressed using Jaccard clustering and manual verification.
While this strengthened the robustness of the dataset, it highlights the sensitivity of results to
data-cleaning procedures.

Finally, it should be noted that the exploratory overview of companies provided here is
not exhaustive; a more systematic review of commercial actors would be required to fully
capture the diversity of market practices.

Future work extending the analysis to the 2023-2028 period will allow a more detailed
assessment of these trajectories and may reveal further diversification in modelling para-
digms, evaluation practices, and industrial applications.
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Abbreviations

The following abbreviations are used in this manuscript:

ANFIS Adaptive Neuro-Fuzzy Inference System

API Application Programming Interface

ARIMA AutoRegressive Integrated Moving Average
ARMA AutoRegressive Moving Average

AROME Application of Research to Operations at Mesoscale
ASI All Sky Imager

Bi-LSTM Bidirectional Long Short-Term Memory

BHI Beam Horizontal Irradiance

BHI Beam Horizontal Irradiation

BNI Beam Normal Irradiance

BNI Beam Normal Irradiation

BPNN Back Propagation Neural Network

BSRN Baseline Surface Radiation Network

CARDS Coupled AutoRegressive and Dynamical System
CDF Cumulative Distribution Function

CNN Convolutional Neural Network

ConvLSTM Convolutional Long Short-Term Memory

CRPS Continuous Ranked Probability Score

CWC Coverage Width-based Criterion

DCNN Deep Convolutional Neural Network

DBN Deep Belief Network

DHI Diffuse Horizontal Irradiance

DHI Diffuse Horizontal Irradiation

DNI Direct Normal Irradiance

DNI Direct Normal Irradiation

ECMWEF European Centre for Medium-Range Weather Forecasts
ELM Extreme Learning Machine

EPS Ensemble Prediction Systems

EUMETSAT European Organization for the Exploitation of Meteorological Satellites
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FFNN
GANs
GBR
GBDT
GFS
GHI
GHI
GRU
GTI
GTI
HTML
HRES
IEEE
JMA
kNN
LASSO
LSTM
MAD
MAE
MAPE
MARS
MBE
MLR
MLP
MPE
MRE
MSE
NAM
NCAR
NCEI
NOAA
nRMSE
NWP
nMAE
nMBE
PDF

PI
PICP
PINAW
POA
QR
RBFNN
RF
RFR
RMSE
RNN
rRMSE
RTM
SARIMA
SpP
SVM
TCN
™Y
TSI
WREF
WSI
XGBoost

Feedforward Neural Network

Generative Adversarial Networks

Gradient Boosted Regression

Gradient Boosting Decision Tree

Global Forecast System

Global Horizontal Irradiance

Global Horizontal Irradiation

Gated Recurrent Unit

Global Tilted Irradiance

Global Tilted Irradiation

HyperText Markup Language
High-Resolution Forecast System

Institute of Electrical and Electronics Engineers
Japan Meteorological Agency

k Nearest Neighbors

Least Absolute Shrinkage and Selection Operator
Long Short-Term Memory

Mean Average Deviation

Mean Absolute Error

Mean Absolute Percentage Error

Multivariate Adaptive Regression Spline

Mean Bias Error

Multiple Linear Regression

Multi-Layer Perceptron

Mean Percentage Error

Mean Relative Error

Mean Squared Error

North American Mesoscale

National Center for Atmospheric Research
National Centers for Environmental Information
National Oceanic and Atmospheric Administration
Normalized Root Mean Square Error
Numerical Weather Prediction

Normalized Mean Absolute Error

Normalized Mean Bias Error

Probability Distribution Function

Prediction Interval

Prediction Interval Coverage Probability
Prediction Interval Normalized Average Width
Plane of Array

Quantile Regression

Radial Basis Function Neural Network
Random Forest

Random Forest Regression

Root Mean Square Error

Recurrent Neural Network

Relative Root Mean Square Error

Radjiative Transfer Models

Seasonal AutoRegressive Integrated Moving Average
Smart Persistence

Support Vector Machine

Temporal Convolutional Network

Typical Meteorological Year

Total Sky Imager

Weather Research and Forecasting

Whole Sky Imager

Extreme Gradient Boosting
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