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Revised: planning, grid integration, energy storage and reliable electricity supply. The solar
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precipitation, seasonality and others which are location dependent. Therefore, it is
Keywords: important to understand the interaction between these variables and the generation
Machine learning; Solar- from solar sources to enable more context-specific forecasting to be developed.
energy forecasting; PV There has been a recent surge of interest in machine learning (ML), given its data-
power prediction; Weather driven, nonlinear, and time-dependent architectures, able to uncover complex
variables; Environmental relationships in meteorological and historical energy information (Alcafiz et al.
data;; Explainable artificial ~ 2023; Gaboitaolelwe et al. 2023). At the same time, the advancements of ML-based
intelligence Renewable- solar forecasting have raised concerns on the quality of the data, contextual

energy management dependence, complexity, interpretability and transferability of the models to different

climatic and geographical conditions.This research study explores the current
literature on the application of ML techniques to forecast solar-energy production
based on weather and environmental information. The study is designed in an
interpretivist, exploratory and qualitative research genre, using a documentary
research approach that integrates peer-reviewed scholarly literature, technical
publications and authoritative evidence related to the solar forecasting with ML. The
study does not involve a new computational experiment, but rather uses a qualitative
document analysis and thematic analysis to uncover patterns, conceptual
relationships, methodological issues, and practical implications in the current
research literature. The synthesis identifies five related observations. Weather and
environmental variables are fundamental predictors since they directly affect solar
resource availability and PV output, with variations in atmospheric conditions.
Second, ML methods, such as traditional ML, ANNs, and deep-learning methods,
have significant potential to identify nonlinear and complex patterns that are hard to
capture using conventional methods (Alcafiz et al., 2023; Tian et al., 2023). Third,
the usefulness of the predictions is critically dependent on the quality of the data, the
temporal resolution, the geographical context, climate characteristics and
environmental variability. Fourth, the greater the complexity of the model, the more
important it becomes to be interpretable and explainable, especially when their
forecasts feed operational and energy-management decisions. Recent studies also
highlight the need for data-driven learning to enhance contextual robustness and
generalization (de Oliveira Santos et al., 2024). Last but not least, it is important to
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recognize that ML-based forecasting is not a standalone solution, but a decision
support tool that can be integrated into renewable-energy planning.The study finds
that, to be effective, solar-energy prediction must be more than just choosing
complex algorithms. It needs variables that are environmentally relevant, reliable
and context sensitive data, clear analytical processes and careful consideration of
climatic and geographical variables. Therefore, future research should focus on
approaches that are explainable, hybrid, physics-informed, and uncertainty-aware
and can provide reliable and responsible management of renewable energies.

INTRODUCTION

Solar energy has gained a prominent role in the global journey towards sustainable and low-carbon energy systems. Solar PVs
have developed tremendously quickly because it can produce electricity without burning fossil fuels directly from the abundant
solar resources. The share of solar energy is growing important in the context of the countries' efforts to reduce GHG emissions, to
make their energy supply more secure and diversified. But unlike traditional generation methods which are often able to be
dispatched upon demand, solar generation is intrinsically linked with the changing environmental and atmospheric conditions. The
variability poses an important forecasting problem as electricity systems continuously have to match supply and demand. This
makes the understanding and forecasting of solar-energy production fluctuations crucial for renewable-energy planning, grid
integration, energy storage, and the operation of sustainable energy systems (International Energy Agency [IEA], 2024;
International Renewable Energy Agency [IRENA], 2024).

The variability of the solar resource and environment has a strong link to variability in solar generation. Temperature, cloud
conditions, humidity, wind, precipitation and atmospheric properties are all significant factors affecting solar irradiance, which
affect the amount of solar radiation hitting the PV surface, and the efficiency of solar radiation being converted to electricity
generation. These factors are not mutually independent. For instance, changing the irradiance can result from cloud movements
and temperature can affect PV conversion efficiency. The environment, moisture, precipitation and aerosols, may also affect
further the availability and quality of solar radiation. In addition, geographies vary in the way solar is generated, as the
geographical location, seasonality, local climate and time trends differ. This does not only refer to the electricity generation,
however, but also to the environmental context in which the electricity is produced, so it is important to take a wider
environmental perspective (Inman et al., 2013; Yang et al., 2020).

These traditional forecasting techniques have proved beneficial to the understanding of renewable-energy variability but can be
problematic if the link between environment and solar generation is highly nonlinear, non-stationary and context dependent.
Conventional statistical methods are usually based on assumptions about the structure of the relationships in the historical
observations. Physical forecasting techniques, however, can be used to model atmospheric processes and solar processes, and
require detailed environmental information and considerable computing or modelling resources. This has inspired researchers to
seek solutions based on information, which are able to learn complex relationships from the past historical and meteorological
data. In this context, machine learning (ML) is becoming more and more popular as a tool for forecasting solar energy, since it can
identify complex relationships between multiple variables without priorly establishing a relationship (Voyant et al., 2017; Alcafiiz
etal., 2023).

All algorithms (regression, decision trees, random forests, support vector machines, artificial neural network, gradient boosting,
etc.) and any other more advanced deep learning architectures fall under the umbrella of machine-learning methods. The growing
popularity of the applications in solar forecasting is an evidence of the understanding that solar generation is a complex interaction
of temporal, meteorological, geographical and environmental factors. The use of a mixture of predictors can be captured by a
combination of predictors and/or by patterns that are hard to model using simpler forecasting approaches, which can be done
through ML-based approaches. This possibility has been further extended by deep-learning methods which allow to extract
complex temporal and spatial representations from large and heterogeneous datasets. In recent years, a general trend in
forecasting, moving away from traditional forecasting methods to ML and deep learning, and even hybrid approaches, has been
described with a focus on meeting the complexity of renewable-energy systems (REs) (Alcafiiz et al., 2023; Gaboitaolelwe et al.,
2023).

However, the progress has not yet been reflected in providing reliable and representative solar-energy forecasts. One of the many
issues is data quality. Machine-learning systems are dependent on the data that they are presented with, so missing observation,
inconsistent measurements, too coarse a time scale, sensor errors, or underrepresentation of environmental conditions can affect
the usefulness of the predictions that can be obtained from them. Therefor, the range of weather and environmental variables to
choose from is not only a technical consideration, but also crucial to understanding the link between the atmosphere and solar
generation. The explanatory importance of irradiance, temperature, humidity, cloud cover, wind speed, precipitation, air pressure,
historical generation patterns, seasonality and geographical characteristics could vary in different climates. Therefore, the transfer
of the effectiveness of an ML approach trained from one environment to another is not guaranteed (Tian et al., 2023).

The challenge of generalizability and transferability is also associated. Solar generation patterns are dependent upon latitude,
climate, cloudiness, atmospheric conditions, seasonal changes, PV technology and local environmental conditions. Patterns
learned by models in one geographical or climatic context may thus be difficult to apply to other contexts. This is particularly
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important for locations where there is limited quality or long-term PV generation or meteorological data is available. In such a
context, a sophisticated algorithm might look good, but be difficult to operationalise because of a lack of or non-uniform
environmental information required for reliable learning and validation. Therefore, the literature suggests that solar forecasting is
not an algorithmic battle between different ML methods or approaches, but rather a problem that needs to be solved in a context-
specific manner (Gaboitaolelwe et al., 2023; de Oliveira Santos et al., 2024).

A new challenge is interpretability/explainability. There are numerous sophisticated ML models that can model very complex
relationships, and the complex decision making process within these models may not be easily discerned by practitioners. This
poses an important conflict between the sophistication of the predictions and their believability in energy systems. Operators of
the grid, renewable energy planners, policy makers and system managers need to forecast to inform generation scheduling,
storage, grid balancing and investments decisions. However a prediction that is not interpretable may not be of practical use,
especially if environmental conditions shift outside of the range of the data used to make the prediction. This has made
explainable artificial intelligence (XAI) more and more pertinent as it aims to render more transparent and comprehensible
complex computational prediction while maintaining the advantages of powerful learning techniques.

However, the literature includes a lot of empirical content directed towards algorithmic performance comparison and towards the
development of new models. This study has contributed to the understanding of the technical aspects, but less work has been
devoted to conceptual links between environmental variables and different ML methods, data quality, climatic variability,
explainability and deployment of energy systems in the real world. Therefore the present study tries to fill this gap from the
qualitative documentary point of view. It will instead review the type of weather and environmental information envisioned by
ML-based solar forecasting, and the effects on its usefulness, based on the existing scholarly and authoritative literature. This is
important because this is not about discovering new predictive success, but about developing an understanding of what is already
known in the field in an interpretive manner.

Thus, the approaches taken to research in this study are interpretivist, exploratory and qualitative. It applies published studies,
technical publications, energy reports and other authoritative documents, as sources of knowledge to be critically interpreted and
thematically synthesized. The documentary study is organised under five related themes: weather and environmental variables as
primary drivers; modelling complex patterns in solar generation using ML techniques; data quality, data variability, data
contextual dependence; explainability, transparency and trust; practical applications in renewable-energy planning and sustainable
management. The study not only pinpoints used algorithms and the "why" and "how" of the significance of environmental
information, but also the influence of contextual factors on the forecast that is possible according to ML, as well as the challenges
of responsible use of algorithms.

This study's research problem is not that there are no ML techniques that can be used for solar forecasting, but rather that there is a
lack of understanding of the interplay between different environmental conditions, data characteristics, model complexity,
interpretability, and geographical context that would enable us to understand how these can affect the usefulness of ML-based
solar forecasting. The goal of this study is to critically review the current evidence on the use of weather and environmental data
for solar-energy prediction when employing ML techniques and point to the key conceptual and practical issues.

What are the advantages and disadvantages of using ML to predict solar energy?(3) What are the weather and environment
parameters that play a role in the prediction of solar energy? (3) What do recent studies reveal regarding the accuracy of pattern
representation using ML in the context of complex and context-dependent pattern of solar generation? (3) What are the effects of
data quality, environmental variability, seasonality and geographical context on the use and transferability of ML-based
forecasting? It is emphasized that interpretability, explainability, and transparency are crucial to fostering trust in solar prediction
using ML and for planning renewable energy and sustainable energy management.

The study is thus conceptual/interpretive in nature. It connects and contrasts various types of documentary evidence, and maps
technical dimensions of ML forecasting to questions of data reliability, contextual adaptation, explainability and variability of the
energy system and its decisions. The study implies that the usefulness of the ML-based solar forecasting is not based on the
complexity of the algorithm. Instead, the environmental relevance of data, modelling in a context, transparency of the
interpretation and an awareness of uncertainty are needed to be able to make something of it. This can provide a research and
practical perspective of ML as a tool that can be used as a decision support aid or mechanism along with physical knowledge and
professional judgment in increasingly complex and variable renewable-energy systems.

LITERATURE REVIEW
Solar energy is a clean, renewable, and abundant resource

Solar power has been an integral part of the global shift towards renewable and low-carbon energy sources for electricity
production. While the PV generation expansion brings numerous environmental and energy security advantages, solar generation
is weather sensitive, posing a unique forecasting challenge. Power generation from solar cannot be independently controlled like
conventional power generation. Electricity generation may vary significantly over time due to changes in irradiance, cloud
motion, temperature, atmospheric conditions, and seasonal changes. Therefore, accurate forecasting becomes crucial for
maintaining electricity supply and demand balance, coordinating renewable-energy storage, managing grid operations, and
planning for future renewable-energy capacity (International Energy Agency [IEA], 2024, International Renewable Energy
Agency [IRENA], 2024).
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The literature indicates that predicting solar generation is especially difficult because the underlying process is affected by
multiple variables, not a single one, that are not necessarily easy to predict. Although traditional statistical and physical
forecasting methods are not as effective as these newer techniques, the demand for representations of historical or atmospheric
relationships that are interpretable remains. Statistical methods, however, can have difficulty with high levels of non-linearity in
the relationship, and physical methods rely on detailed information about the environment and complex modelling assumptions.
These constraints have led to the growing interest in data-driven machine-learning (ML) techniques that can learn relationships
based on previous generation and meteorological data (Voyant et al., 2017; Alcafiiz et al., 2023).

Noticeably, current studies have not indicated that ML can replace traditional forecasting. In contrast, the literature increasingly
describes forecasting as a methodological continuum, where different methods, such as statistical, physical, ML, deep-learning
and hybrid methods may deal with different aspects of solar variability. Qualitative examination is of particular relevance here,
since different algorithms do not necessarily perform best on a universal basis, but rather how they perform under the
environmental variability of solar generation.

Weather and Environmental Determinants of Solar Generation

Many solar forecasting methods rely on the weather and environmental data. Naturally, solar irradiance is one of the most
important predictors as output from a PV system is directly linked to incoming solar radiation. However, irradiance exists beyond
the vacuum of its own world. The efficiency of PV-system can be affected by temperature, and the radiation can change quickly
with clouds. Other relevant contextual information that may be obtained from humidity, precipitation, atmospheric pressure, wind
velocity and atmospheric composition can also be found. The temporal and geographical distribution of solar energy production is
also affected by historical generation, seasonality, geographic location, and the local climatic characteristics.

The recent forecasting literature has begun to take on board the need to understand the meaning of environmental variables in the
context in which they are applied. The relationship between a weather variable and PV output can vary depending on the climatic
regime. Likewise, the dynamics of clouds could be more relevant for short-term forecasting while seasonal and geographical
patterns could be more relevant for long-term forecasting. This context dependency raises the question whether a universal list of
predictors would also be applicable to all solar-energy systems (Tian et al., 2023).

The literature then suggests a view of forecasting as wider than just the technical inputs of environmental data but as a way of
representing the physical context of energy generation. The same point can also be made about the lack of attention that is
sometimes paid to whether chosen environmental variables are a good representation of the atmosphere in the chosen area.
Therefore, more complex models do not necessarily lead to improved prediction — sometimes more meaningful representation of
the environment and careful consideration of the geographical and climatic context is necessary.

Solar Prediction with Machine-Learning Approaches

Given nonlinear relationships that could be hard to model using conventional statistical assumptions, machine learning has gained
significant interest in the research community for solar-energy generation. Relatively simple regression models are available for
modelling the relationships between environmental predictors and generation. Non-linear interactions are possible in decision
trees and random forests, and they are relatively easy to interpret. Non-linear prediction can be achieved using SVM-based kernel
learning and more complex relationship between meteorological and historical variables can be represented using ANNS.

Recent research has been more focused on ensemble learning, gradient boosting, and deep-learning techniques. The methods are
appealing, because they can handle complex relationships and in some cases time and dependency in large sets. Given the time-
series nature of solar generation, deep-learning architectures, especially those based on recurrent networks and other sequence-
oriented methods, have emerged as key players in forecasting. The research on solar forecasting continues to evolve toward ML
and deep-learning techniques, and hybrid models that are hybrids of several modelling techniques (Alcafiiz et al., 2023;
Gaboitaolelwe et al., 2023).

But, there are also warnings against seeing the sophistication of the algorithms as a sign of practical superiority. More complex
models may need larger amounts of high quality data, more computational resources and more complex validation procedures.
They can also be hard to understand. In cases where transparency is key, for computational efficiency, or where data is not amply
available, simpler methods can be desirable. So, there is a recurring tension between modelling complexity, predictive power,
interpretability, and feasibility between the literature.

Hybrids of these are especially relevant: they try to combine complementary strengths. Hybrid methods and physics-informed
methods aim to bring information about the physical behavior of solar-energy systems into computation models, instead of using
physical knowledge or data-driven learning exclusively. This is a trend that shows how the field of solar forecasting has evolved
over the years with more and more understanding that it is an inherently physical problem, and therefore data-driven approaches
can help, but not at the expense of losing domain knowledge.

The learning objectives for this unit are to study data quality, feature selection, temporal and spatial variability

In the literature, data quality is one of the most critical underlying aspects of solar prediction using ML that are often overlooked.
Machine-learning systems learn from the information available; therefore missing observations, measurement errors,
inconsistencies in the data, inappropriate temporal resolution, and insufficient past coverage can affect the quality and reliability
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of learned relationships. Good quality environmental information is especially relevant at high speed changing atmospheric
conditions.

Interpretation is necessary in the context of the feature selection. The more variables you add, the better a forecasting framework
won't necessarily be. Variables should be meaningful and represent relevant physical or environmental processes, and should have
a meaningful relationship with solar generation. Irradiance, temperature, cloud characteristics, humidity, wind, precipitation, and
past generation may also be useful but their relative importance can differ from place to place, season to season and day to day.

This places an extra challenge into the mix because of the temporal and spatial variation. The output of solar generation fluctuates
during the day and from one season to another, and the weather system is different in various geographical locations. A climate or
geographic model may thus not be easily translatable to another climate or geography. This generalizability issue is especially
critical in regions that have various solar-resource characteristics, environmental conditions, or data infrastructures. Recent studies
have shown that model transferability cannot be taken for granted, just because an algorithm has proven successful in another
context (Gaboitaolelwe et al., 2023; Tian et al., 2023).

This literature also reveals a methodologically missing link. A considerable number of studies focus on comparisons within given
data sets and environments and make it hard to assess whether the findings for a specific ML method would also apply if the
environment were different. A qualitative synthesis can be helpful here as it can help combine these disparate findings and
consider the conditions in the context that impact the usefulness of the model, not as performance independent from place and
context.

Explainability, Sustainability, Practical Deployment and Future Directions

Complication of the ML-based solar forecasting has led to the growing interest in explainability and transparency. Forecasting is
only useful if it yields an output for renewable-energy planners and system operators, but if it does yield an output it is also useful
to the stakeholders if they understand the environmental and operational factors associated with that output. Explainable Al can
therefore help foster trust by making predictions and their relationships with the predictors more understandable. This is
particularly significant for use in scenarios where models are used in an operational setting with decisions regarding grid
balancing, storage, maintenance, and/or energy management relying on forecasting information.

However, the practical situation in which the ML systems are deployed must also be taken into consideration for sustainability.
The feasibility of implementing advanced forecasting methods outside of research settings can depend on the computational
needs, data infrastructure, maintenance requirements, transferability, and accessibility. In certain areas of the planet, such as those
undergoing development and climate change, having access to reliable and historical PV data could prove to be a more basic
problem than which algorithm to choose.

Increasingly, the literature suggests a path of explainable, hybrid, physics-informed and uncertainty-aware approaches as
promising directions. These methods recognize that there is inherent uncertainty in solar forecasting due to the environment and
that no computational model is applicable in every case. Instead, forecasting should be a blend of data-driven learning, physical
understanding, and decision support transparency, as described by de Oliveira Santos et al. (2024).

In summary, a clear shift from traditional forecasting to increasingly advanced ML, deep-learning, and hybrid approaches is
evident in the literature. However, there are some critical gaps yet to be filled. The existing research is mostly technically oriented,
geographically biased and is rather model development/performance comparison oriented. Less focus has been placed on weaving
together the various aspects of the weather variables, environmental uncertainty, data quality, geographical context, model
interpretability, and practical deployment as a composite problem. To fill this gap, the current qualitative study uses an
interpretivist documentary analysis of the scholarly and authoritative evidences. Rather than test a specific algorithm, it
summarizes common trends in the literature to discuss how environmental conditions affect the utility of ML-based solar
prediction and why the usefulness of a model varies from context to context and how responsible deployment and interpretability
are crucial to the sustainable management of renewable energy. This is an approach that gives more context to solar forecasting
through a lens of machine learning as a decision-support tool that is part of a larger environmental and energy system and not just
an algorithm.,

RESEARCH METHODOLOGY
Research Design and Philosophical Orientation

The current study uses qualitative, interpretivist and exploratory research design to explore the existing scholarship on the
machine-learning-based prediction of solar-energy generation using weather and environmental information. The study is
explicitly of a documentary type and not of an experimental one. It doesn't train and test a new machine-learning model, gather
numerical prediction data, perform statistical analysis, or test the accuracy of algorithms. Rather, it decodes and combines
information from authoritative and scholarly documents. An interpretivist approach is suitable when the study aims to gain an
understanding of how researchers perceive the relationship between the environmental conditions, machine-learning techniques,
data quality, prediction uncertainty, explainability, and renewable-energy applications. Qualitative research is especially well
suited for the goal of developing contextual and interpretive understanding, not establishing statistical relationships, (Creswell &
Poth, 2018).
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Documentary Data Sources

The documentary evidence includes peer-reviewed journal articles, systematic and scholarly reviews, authoritative renewable-
energy reports, technical publications, policy documents and other institutional sources. Literature review focusing on solar-
energy forecasting, PV generation, meteorological and environmental predictors, machine learning, deep learning, hybrid
approaches, explainable Al, data quality, and renewable-energy planning. Recent literature (since 2020) is emphasized given the
quick evolution of the forecasting challenges in the fields of renewable energy and ML. Important conceptual and/or
methodological foundations are retained in seminal publications.

The documentary method enables evidence from various kinds of sources to be taken together; it also acknowledges that the
purpose and form of authority of different kinds of sources, such as academic articles, technical reports, and institutional
publications, may differ. The analysis does not treat all documents as being on equal footing, but takes into account their
relevance, scholarly credibility, transparency in methodology and contribution to the research questions.

The selection process and its criteria

Documents are chosen by purposive selection, which involves identifying sources that are intentionally selected due to their
substantive information that fits with the research goals. Preference is placed on papers that directly address or critically discuss
ML-based solar forecasting, as well as weather or environmental variables. In the context of solar energy, the temperature, relative
humidity, cloud cover, wind speed, precipitation, and atmosphere are taken into account, along with seasonality, geographical
variation and historical environmental patterns.

The inclusion criteria include: (a) scholarly or authoritative publications relevant to solar-energy generation forecasting, or
forecasting of solar-energy generation; (b) studies that mention or discuss ML, deep learning, statistical, physical or hybrid
forecasting approaches; (c) literature pertaining to meteorological or environmental predictors; (d) publications that discuss data
quality, generalizability, interpretability, uncertainty or practical implementation; and (e) recent literature (supplemented with
seminal literature when necessary). Documents which are not relevant to solar forecasting, are not significant enough to the
research questions, or do not significantly contribute to understanding the environmental prediction factors are filtered out.
Sources that have no known source or the source is not verifiable with the bibliographic data are also excluded.

Document Analysis Procedure

The analysis adopts the same sequence as in the structured qualitative document analysis. Firstly, the information from the
selected literature is read many times to familiarise yourself with the evidence and to establish patterns in the concepts. A few
passages are then analysed with respect to the research questions. Special attention is paid to similarities, differences, conflicting
findings, methodological issues and conditions of the studies throughout the literature.

The analysis makes the distinction between direct evidence that was reported by previous researchers, and interpretations that
were developed by the present study. For instance, if the currently available research suggests a variable such as irradiance or
cloudiness to be an important predictor, it is taken into account along with other variables that are discussed, including
temperature, humidity, wind, precipitation, seasonality and geographical characteristics. Likewise, statements about the
applicability of specific ML methods are understood with reference to the datasets, context and timing of the data, forecasting
goals and procedure conditions reported in the original study.

Thematic Analysis and Coding

The principles of Braun and Clarke's (2006) thematic analysis are used to analyse the documentary evidence thematically. The
process is one of familiarization with the documents, initial coding, pattern finding, theme review, theme articulation, and final
synthesis of the documents' meaning. Much of the coding is conceptual and descriptive, and emphasizes the ideas that are
repeated, including those of environmental predictors, nonlinear relationships, data quality, contextual variability, model
generalizability, interpretability, uncertainty, and practical deployment.

Codes are iteratively compared to form larger overarching analytical themes related to concepts. Thematic structure aims to reflect
the complexity of the solar forecasting science by not considering algorithms and environmental variables as individual technical
challenges. This method is appropriate for the exploratory nature of the study since the qualitative nature of the data allows for
important patterns and relationships to emerge, rather than being developed on a priori quantitative assumptions.

Students will develop analytical rigour and credibility

To enhance credibility, transparency and analytical depth several strategies are employed. First, relevant and credible sources are
used based on explicit relevance and credibility criteria. Second, interpretations are constantly cross-checked between multiple
documents and not isolated to a single document. Third, the distinction between the interpretation of the source reported evidence
and the researcher's interpretive synthesis is clearly drawn. Fourth, contradictory or divergent findings are given attention rather
than selective attention to evidence supporting a pre-determined conclusion. Analytical links that are made explicit from
documents to codes and themes also improve transparency and dependability (Nowell et al., 2017).

Ethical Considerations
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The study does not include human participants, interviews, questionnaires or private personal information as it is based solely on
publicly available scholarly and institutional documents. However, it is still possible to conduct ethical research. Sources are
appropriately and accurately cited; ideas are paraphrased and cited correctly; conclusions are not attributed to authors that are not
documented in their publications. Care is taken to avoid fabricated references, unsupported claims, or invented findings. The study
also addresses the issue of intellectual-property rights and academic integrity, offering proper APA 7th edition citations in the
entire document.

In general, this approach allows a systematic and interpreted study of the existing knowledge on the ML-based prediction of solar
energy. The study combines evidence of the environmental determinants, machine learning methodologies, data quality,
contextual variability, explainability and practical applications to create the qualitative understanding of how forecasting
technologies can help in renewables planning, and acknowledge their environmental and methodological limitations.

Research Methodology

. . . . . No model training, experiments,
Machine-learning-based prediction of solar-energy generation statistical testing or new forecasts

A qualitative, interpretivist and exploratory documentary study

RESEARCH ORIENTATION

Interpretive understanding over numerical measurement

The study interprets how existing scholarship connects environmental conditions, ML techniques, data quality,
uncertainty, explainability and renewable-energy applications

° DOCUMENTARY SOURCES o URPOSIVE SELECTION o DOCUMENT AALYSIS o THEMATIC CODING

What is studied? Which documents? How is evidence read? How are patterns formed? How is quality protected?

Peer-reviewed articles, Sources are selected for Documents are read Braun and Clarke's (2006) Credibility comes from

systematic reviews, relevance, credibility and repeatedly to build sequence: familiarisation, credible sources, cross-

renewable-energy reports, verifiability. familiarity. Similarities, initial coding, pattern checking, transparent

technical publications, differences, conflicting finding, theme review, evidence-to-code links and

policy documents and Priority topics: ML and findings and methodological theme articulation and attention to

institutional sources. deep leaming, weather and issues are compared. final synthesis. contradictions.
environmental predictors,

Recent literature since data quality, uncertainty, Reported evidence is Codes cover predictors, Ethics include accurate

2020 is emphasised, while interpretability, separated from the present nonlinearity, data quality, citation, correct

seminal work is retained generalisability and study’s interpretive contextual variability, paraphrasing, no fabricated

when conceptually or practical implementation. synthesis explainability, uncertainty references or unsupported

methodologically necessary. and deployment. claims, APA 7 and academic

integrity.

FINAL RESEARCH OUTPUT

A context-sensitive synthesis of solar forecasting scholarship

The methodology brings together environmental determinants, ML approaches, data quality, contextual variability,
explainability and practical renewable-energy applications.

Findings and Discussion

After conducting the literature review, a documentary analysis process identified five themes related to the prediction of solar
energy generation using machine learning (ML) and weather and environmental data, which are interconnected. The ability to
make useful forecasts is not a purely technical issue; the synthesis indicates that the match between meteorological conditions,
algorithmic capabilities, data quality and context variability, as well as the interpretability and applicability of forecasts to the
practical requirements of the energy systems is important for making useful forecasts. The results thus indicate that ML is not just
a computational forecasting tool, but a data-based approach to managing renewable energy in general.

Theme 1 is the core predictors of weather and environmental variables

Weather and environmental data are key to understanding solar-energy variability — one of the most consistent findings in the
literature. The natural variations in solar irradiance are naturally related to atmospheric and environmental conditions, and other
parameters like temperature, humidity, cloud cover, wind speed, atmospheric pressure, and the history of weather information are
also indicative of variations in the photovoltaic (PV) output. The observations of meteorological variables are one of the main
sources of information needed for solar-radiation prediction as repeatedly shown in the reviews of solar-radiation prediction (El-
Hendawy et al., 2021). A more recent study also shows that some variables, such as ambient temperature, pressure and humidity,
were also used with solar variables in the deep learning forecasting studies. (ScienceDirect)

Qualitative synthesis suggests, however, that these variables are not to be viewed as equally influential in each context. They rely
on the local atmospheric processes, geographical properties, seasonality and the forecasting period. Cloud motion is another
dynamic that can cause rapid changes in the amount of radiation reaching the ground, and is not well covered by the standard
weather observations. Therefore, it is crucial to combine solar sky images, satellite data, a weather station, and other sensors to
capture the changes of clouds, which can be seen from the recent research on computer vision-based solar forecasting (Huang et
al., 2023). (ScienceDirect)
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This suggests that for a good solar prediction, information about the context must be taken into account, rather than fixed variables
which are generic to all contexts. As such, it is recommended from the literature that the quality and relevance of the
meteorological inputs can be as significant as that of the sophistication of the ML algorithm itself.

Theme 2;The Solar-Generation Pattern Catching via Machine Learning pattern is explored

The second theme is the ability of ML to learn non-linear and context dependent relationships between the environment and solar
generation. When the dependency of weather conditions and PV outputs changes over time, seasons, space or atmosphere, the
traditional forecasting methods may be questioned. ML approaches can be an alternative since they can learn complex patterns
from multi-dimensional datasets without having to prescribe all the relationships beforehand.

The literature review suggests that there is a shift of interest towards neural networks, ensemble learning, recurrent networks,
convolutional methods, and hybrid models. Some deep-learning research also references LSTM and CNN architectures, which are
able to represent temporal dependencies and spatial or visual information, respectively (Huang et al., 2025). Concurrently, there is
no evidence in the literature that the more complex the model is, the more useful it will be. A new recent review has highlighted
the trend towards hybrid learning models, where physical knowledge is combined with data-based learning. According to the
authors, these models can be applied without violating the principles of solar energy known, and they can model the nonlinear
behaviors. (ScienceDirect)

But from the current interpretative point of view, the main benefit of ML is not just the higher predictive accuracy. Its bigger
contribution is its ability to accommodate not easily representable relationships. The greater complexity of the models introduces
new challenges including computational complexity, model interpretability, model transferability and a need for rich data sets.
Based on the results found, algorithm selection should not only be influenced by the algorithms' technical aspects but also by the
context-based forecasting and practical considerations.

Themes 3: Data Quality, Variability and Contextual Dependence

A third, and particularly important, theme is that the quality and context-relevance of the data available for prediction by ML
methods is important. It is found that the following issues are important ones discussed in reviewed literature, which are
frequently occurring: missing observations, error in measurement, varying sampling rates, limitations of sensor, noisy weather
data, and variations in data sources. The researchers make use of both surface observations and satellite data and numerical-
weather or reanalysis datasets in this review of the in-depth solar radiation forecast worldwide and each of these datasets has its
merits and demerits (EI-Hendawy et al., 2021). (ScienceDirect)

The synthesis also suggests that a successful model in one geographical or climatic area cannot be extrapolated to other areas.
Solar generation is dependent on the solar conditions, which vary by latitude, cloud regimes, atmospheric conditions, terrain,
seasonality, and other local environmental characteristics. This is a huge issue of contextuality. The forecasting relationship
acquired from another area might need modification before being applied to an alternate area.

The latest reviews also identify the persistence of the issues in the data quality and generalization and the geographical variability
of the solar forecasting research. This is a particular point of interest in regions where the meteorological data is not freely
available for use and in developing areas where long-term observations of high-resolution meteorological data may be limited.
The qualitative interpretation is thus that ML is not data neutral; that is, the reliability of intelligent prediction is intimately bound
up with the representativeness, continuity and contextual appropriateness of the data used.

This theme aims to develop understanding of explainability, transparency and trust in ML-based solar prediction.The theme's goal
is to develop understanding of explainability, transparency and trust in ML-based solar prediction.

Theme 4 the growing importance of explainability

A very complicated ML system may give an accurate prediction, but provide little information about why a given prediction was
made. It creates problems for energy planners and technical users who must determine whether there is any mismatch between the
results of the model and physical expectations.

Recent research on interpretable ML emphasizes the importance of not relying on black-box ML models, as they may reduce the
trustworthiness of users and make it difficult to explain the meteorological processes behind the prediction ( Yang et al., 2024).
Solar PV forecasting using Explainable Al (SHAP, feature-importance, attention visualization and others used for explanation) is
an example of a new field of study that's gaining in importance and is specifically devoted to systematic analysis for the purpose
of EAI. Note that that review also points out current problems with explanation stability, correlated variables, computational cost,
and explanations actually reflecting model reasoning. (ScienceDirect)

For this, the explainability is called more than a technical addition in the current synthesis. A need for a meaningful human
interaction with forecasting using ML. If planners and operators can articulate what aspects of the environment they believe
impact on a prediction, they might be more able to think about the unusual cases that can be output from their algorithms and to
consider the algorithms as a complement to the professional knowledge. The literature then suggests moving away from the
question of whether a model is a good predictor to the question of whether the model is a model that is understandable, physically
plausible and operationally trustworthy.

Theme 5: Practical Integration for Renewable-Energy Planning and Sustainable Management
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Finally, the fifth theme demonstrates the link of solar forecasting to planning and management of renewable energy. The forecast
information can be utilized for decision making regarding grid operation, energy balancing, storage, demand management, PV
system operation and other renewable energy planning. As VRE becomes an increasing share of electricity systems, reviews
emphasize the need for accurate forecasts in solar power. (IEEE Xplore)

But literature indicates that technical forecasting ability does not necessarily lead to real value added. The models to deploy need
to be computationally tractable, sensitive to local conditions, transparent to a certain extent, and compatible with existing energy-
management models. The relevance of hybrid approaches is especially highlighted as they aim to integrate the flexibility of ML
with the incorporation of physical knowledge, which can enhance generalization and interpretability (Santos et al., 2024).

(ScienceDirect)

This is particularly important in the context of developing countries. The significant complexity of the forecasting systems can be
difficult to implement due to the few infrastructure facilities for monitoring and reporting, the lack of a coherent data set, climatic
diversity, and insufficient computing power. The interpretive synthesis thus lends itself to a context sensitive thinking in
technological uptake: sometimes simpler, easier-to-understand and locally adapted models will be more useful than sophisticated
systems that need extensive data and computational facilities,Machine learning is a socio-technical process which can't be
separated from its social and technical aspects. The basis is weather and environmental variables, the ability of ML to find
complex relationships, the data quality and geographical context which makes it reliable, the ability to explain the results to gain
trust and the ability to integrate it into a usable application that creates operational value. The literature thus suggests the future of
successful solar forecasting will not only be about how sophisticated the algorithms are, but also about how environmental data is
of good quality, how the algorithms are contextually smart, how physical knowledge is involved, how transparent they are, and
how they are related to the practical energy-management needs.

Table: Synthesis of Findings on Machine-Learning-Based Solar Energy Forecasting

Key Variables, Challenges and Practical
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) fundamental for pressure and historical |[location, climate, - . .
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The findings show that ML-based solar forecasting is a socio-technical process rather than a purely

Overall computational task. Successful forecasting depends on the interaction between relevant weather and

Synthesis environmental data, appropriate ML algorithms, high-quality and context-specific datasets, explainable

predictions and practical integration with renewable-energy management. Therefore, future progress should
focus not only on improving algorithmic accuracy but also on physical consistency, transparency, local
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|[adaptability, operational usefulness and sustainable implementation.

CONCLUSION

The dependency of solar energy production and the weather and environment conditions variability is complex and needs a
machine learning (ML) approach in understanding and predicting production of solar energy. The current qualitative documentary
analysis shows that solar forecast should not be considered as an algorithm selection problem. Rather, in order to make reliable
predictions, it is necessary for solar irradiance, temperature, humidity, cloudiness, wind, seasonal variability, environmental
variability, data quality, contextual adaptation, and model interpretability to interact. The literature reviewed showed that ML
offers promising applications for forecasting renewable energy, which are however dependent significantly on the quality and
relevance of the information that models are based on.

Weather and environmental parameters are used as the foundation for prediction of solar generation with one of the main findings.
Also, irradiance has direct impact on the availability of sunlight, whereas temperature, humidity, clouds, wind and other
atmospheric conditions have impact on PV output variation, and so are more important. Not all such relationships are the same
from place to place and time to time. Environmental and climatic context and the sensitivity of relationships to context should thus
be taken into account in forecasting systems, and it is important to be aware that the relationships that are derived in one location
may not be applicable in another. The study thus adds an interpretive account that solar forecasting is a process that is
environment- and technology-dependent.

The analysis also reveals that ML can be particularly beneficial due to the nonlinearity, dynamics and non-predictability of the
relationships in the solar generation process. Some ML models can also handle time series and multiple environmental factors and
may allow for more flexible forecasting than the models based on prescriptive model assumptions. But this synthesis does not lend
itself to the notion that more complex algorithms are better. As well as the sophistication of the model, data availability, the
demand for computation, transparency, transferability and usefulness on the field need to be considered. In theory it helps to
understand ML not only as a technological approach, but as a part of complex interaction between computational intelligence and
knowledge of the environment, and systems using renewable energy.

The results also act as a demonstration of how data quality is a prerequisite for reliable forecasting. Missing observations,
inconsistencies in measurements and temporal changes, as well as limitations in the sensors and geographically uneven
observations, could limit the use of the ML based predictions. There is also a considerable amount of contextual variation due to
climate, terrain, seasonality and the local weather patterns. Hence, it is important to note that models created under one climate
regime cannot be expected to be applicable under another. This is particularly important in regions where the long-term and high
resolution environmental data and technology are scarce. It is hence, important that it is applied responsibly, adapted to the
context and validated.

One of the others that's very relevant is interpretability and trust. The relationships that are discovered by advanced ML models
can be helpful for the task, but they can offer limited explanations for its prediction. Explainable Al can be used to identify
environmental impacts on models' output, and can make prediction systems more understandable by the technical user and
decision maker. Transparency is particularly paramount when disseminating information to support energy supply, storage, grid
stability and investments in renewables operations. Explainability is therefore not an extra technical feature, but an integral
component of solar forecasting which should be considered as it is part of responsible solar forecasting practice.

The study could impact renewable energy planners, operators, solar system managers, policy makers and researcher. Planning the
integration of renewable energy, energy storage, grid balancing and sustainable resource management can be achieved with the
help of forecasting systems. However, in practice, conditions in local data and institutional capacity should be considered.
However, even the most advanced model might not be the most appropriate model if it cannot be maintained, interpreted and/or
localised.

This study also faces some limitations in qualitative approach of documenting the design. It is not a test of the use of the ML
algorithms, nor does it create new forecasting data but rather synthesizes and interprets the literature and institutional works. The
results are not empirical comparisons of predictive performance, rather they are conceptual and interpretive. Expand this
knowledge via explainable Al, hybrid and physics-informed models, multimodal environmental data, transfer learning,
uncertainty-aware forecasting and systematic validation in various climatic and geographical regions. Special attention must also
be paid to the contexts of developing countries where there is a lack of data.

In conclusion, while ML has great promise in solar energy forecasting and in energy management, its potential is limited to its
responsible use in conjunction with environmental knowledge and practical skills. Machine learning is not meant to be a substitute
for domain knowledge, professional judgement or responsible decision making in an energy system.
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