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The accelerated transition to renewable energy requires reliable forecasting and optimisation to support stable,
efficient grid operations. In recent years, foundation models, including large language models (LLMs) and time-
series foundation models, have been investigated for renewable energy forecasting tasks that integrate diverse
inputs, such as sensor telemetry, maintenance logs, weather narratives, and geospatial descriptors. This paper
presents a structured review of recent studies published from 2020 to 2025 on the application of language-
focused foundation models and related transformer-based foundations to wind, solar, and load demand fore-
casting. Instead of asserting universal performance advantages, we synthesise evidence showing where studies
report improvements compared with conventional machine learning (ML) baselines, most often in contexts
involving multimodal fusion, longer forecasting horizons, or text-enriched decision support. We also highlight
situations in which the reported benefits are limited or strongly influenced by the dataset and evaluation pro-
tocol. In addition, we examined practical constraints affecting deployment, including integration with Super-
visory Control and Data Acquisition (SCADA) and Internet of Things (IoT) systems, latency, reliability, and
governance. We summarise available interpretability approaches, including Shapley Additive Explanations
(SHAP), attention visualisation, and post hoc explanations, and identify key open challenges such as computa-
tional cost, hallucination risk, and uncertainty quantification in safety-critical forecasting.

1. Introduction

The large-scale integration of renewable energy is essential for
decarbonisation, yet it introduces operational volatility that complicates
power system stability. Wind and solar generation are inherently
intermittent and strongly driven by exogenous meteorological condi-
tions. Consequently, short-term variability and forecast errors can
amplify demand-supply mismatch, increase reserve requirements, and
degrade scheduling and dispatch decisions, ultimately affecting grid
reliability and operating cost [1-3].

Accurate forecasting and optimisation, therefore, remain central to
reliable and efficient grid operation under high renewable penetration.
The spatial heterogeneity of weather patterns, rapid ramps, and regime
shifts in wind speed and solar irradiance can substantially alter
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generation within minutes to hours, forcing frequent updates to unit
commitment, storage control, and demand response policies [4,5].
While classical statistical and ML approaches have delivered strong
performance in many settings, their effectiveness can degrade under
distribution shifts, sparsity of labels for rare events, and limited ability to
exploit heterogeneous data sources beyond numerical time-series. These
limitations are particularly relevant as modern energy systems increas-
ingly produce multimodal data streams, including SCADA telemetry,
maintenance logs, operator notes, incident reports, and weather
narratives.

In this context, language-centric LLMs have emerged as a promising
component within next-generation forecasting workflows. Beyond
modelling numerical sequences, LLMs can ingest and reason over un-
structured or semi-structured information (e.g., textual maintenance
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reports, fault descriptions, curtailment notices, weather bulletins, and
regulatory documents) and can support task orchestration, retrieval, and
explanation through instruction-following and tool use [6-8]. Impor-
tantly, not every transformer-based forecaster should be treated as an
LLM. A growing body of work also studies transformer architectures
trained primarily on numerical time-series (often referred to as
time-series foundation models), which are conceptually distinct from
language-pretrained LLMs even when both use attention mechanisms.
Clarifying these boundaries is necessary for interpreting reported gains
and for identifying when language pretraining specifically contributes
value in renewable energy forecasting [9-11].

Despite rapid progress, the literature remains fragmented across
communities that emphasise (i) conventional ML and deep learning for
time-series prediction, (ii) transformer-based forecasters and time-series
foundation models, and (iii) language-centric approaches that integrate
text, metadata, and decision support. Existing reviews often emphasise
statistical and ML forecasting pipelines without a focused synthesis of
how LLMs are being used (e.g., instruction-based prompting, retrieval
augmentation, finetuning for energy-domain language, and multimodal
fusion with time-series signals). For instance, Saberi et al. [12] review Al
approaches for wind and solar forecasting, but do not provide a taxon-
omy of LLM-specific adaptation strategies or the role of text-augmented
modelling. Lee and Zhao [13] discuss NLP applications in energy sys-
tems, yet they do not consolidate how LLMs interact with forecasting
workflows, evaluation protocols, or deployment constraints in opera-
tional settings. These gaps motivate a structured synthesis that is explicit
about what counts as “LLM-enabled” forecasting and how it differs from
other transformer-based time-series methods.

Fig. 1 summarises a task-specific workflow for using LLM-enabled
components in renewable energy forecasting. Heterogeneous inputs
such as SCADA telemetry, weather forecasts, maintenance logs, operator
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notes, and market signals are first pre-processed and aligned, then fused
through time-series, text, and, where relevant, spatial or image-based
representations. Conventional baselines, time-series foundation
models, LLM-enabled modules, or hybrid decision-fusion strategies may
perform forecasting. The role of LLMs is therefore framed as contextual
reasoning, explanation, and decision-support augmentation rather than
as a universal replacement for numerical forecasting models. Outputs
include point forecasts, uncertainty estimates, alerts, explanations, and
operational recommendations, supported by monitoring of accuracy,
calibration, latency, drift, and robustness [14,15].

Overall, this article analyses prominent LLM-enabled strategies and
forecasting baselines for renewable generation and load demand pre-
diction, with an emphasis on wind, solar, and load forecasting. We
synthesise recent research, identify methodological gaps (e.g., incon-
sistent baselines, limited reporting of compute and latency, and sparse
uncertainty evaluation), and summarise opportunities for building more
reliable and deployable forecasting systems. Accordingly, this paper
addresses the following research question: How can language-centric
modelling and LLM-enabled techniques improve renewable energy
forecasting pipelines, particularly when heterogeneous data sources and
operational constraints are considered?

To position our contribution more precisely relative to prior surveys,
Table 1 compares representative recent review papers across scope, re-
view methodology, and analytical emphasis. Existing studies already
make important contributions to the broader intersection of LLMs and
energy systems, including cross-domain reviews spanning power sys-
tems, buildings, and forecasting, as well as power-systems-focused re-
views covering forecasting, operation, security, and deployment
challenges. Accordingly, we do not claim to be the first review of LLMs
in energy. Rather, this paper provides a more targeted synthesis for
renewable forecasting and optimisation by focusing specifically on
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Table 1
Comparison of this review with representative prior surveys.
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Ref. Primary scope Review method Renewable Explicit LLM  Operational and evaluation cover-age What this review adds beyond it
forecasting vs TSFM
focus separation
[16] Cross-domain LLM review Structured review Partial No Strong coverage of evaluation, Focuses specifically on renewable
covering power systems, finetuning, deployment constraints,  forecasting across wind, solar, and
buildings, and forecasting and reporting considerations load demand, with the LLM versus
TSFM distinction treated as a central
analytical boundary
[17] Electrical power and energy Systematic analysis ~ Partial Not explicit ~ Covers multimodal inputs, fine- Provides a renewable forecasting-
systems, including load tuning, deployment challenges, and  centred synthesis and more clearly
forecasting, diagnosis, question benchmark needs separates language-centric
answering, compliance, and LLM pipelines from generic
analytics transformer forecasting models
[18] Power systems applications, Comprehensive Partial Not explicit ~ Strong discussion of applications, Adds a tighter renewable forecasting
challenges, and future review interpretability, flexibility, and scope and a clearer methodological
directions, including forecasting reliability boundary between LLM-enabled
and optimisation forecasting and non-language
transformer forecasters
[19] Power systems review organised Comprehensive Partial Not explicit ~ Strong coverage of forecasting, Moves from a broad power systems
by application domains and review with explicit operation, security, demand-side framework to a dedicated renewable
strategies, including power domain framework applications, and domain-specific forecasting synthesis across wind,
forecasting framework design solar, and load demand, with stronger
emphasis on PRISMA-informed
screening and forecasting-specific
benchmarking and reporting
[20] Building energy applications, Perspective paper No Not explicit ~ Discusses domain customisation, Extends beyond building energy to
opportunities, challenges, and retrieval-augmented generation, wind, solar, and load forecasting, with
roadmap multimodal integration, and PRISMA-informed review reporting
reliability and forecasting specific benchmarking
discussion
This Language-centric foundation PRISMA informed Yes Yes Benchmarking and reporting Provides a more targeted and
review  models and related structured review guidance, SCADA and IoT forecasting specific synthesis

transformer foundations for
wind, solar, and load demand
forecasting and optimisation

integration, latency, reliability,
interpretability, hallucination risk,
and uncertainty quantification

without claiming to be the first
review in the wider LLM-energy
literature

wind, solar, and load demand applications, by explicitly distinguishing
language-centric LLM pipelines from time-series foundation models and
generic transformer forecasters, and by linking the literature to
forecasting-oriented benchmarking, reporting, SCADA and IoT integra-
tion, latency, reliability, interpretability, hallucination risk, and uncer-
tainty quantification.

This paper presents a structured, taxonomy-driven survey of LLM-
enabled and related foundation-model approaches for renewable en-
ergy forecasting (wind, solar, and load demand). Guided by the gaps
highlighted in Table 1, this review makes the following contributions:

e We propose a clear taxonomy that distinguishes (a) language-centric
LLM wusage (e.g., instruction-following, retrieval-augmented
reasoning over text, and text- time-series fusion) from (b)
transformer-based time-series forecasters and time-series foundation
models, enabling more precise claims and comparisons.

We synthesise and categorise recent studies (2020-2025) across
wind, solar, and load forecasting, highlighting recurring design
patterns (multimodal fusion, spatiotemporal modelling, text-
augmented decision support) and documenting common threats to
validity in evaluation and reporting.

We consolidate practical considerations for operational adoption,
including data interface requirements (e.g., SCADA/IoT streams and
maintenance logs), latency and reliability constraints, monitoring,
and governance issues that influence deployability.

We provide a benchmarking and reporting checklist to support fair,
reproducible comparison against strong forecasting baselines
(including modern transformer forecasters), without asserting uni-
versal performance superiority of LLM-based methods.

The remainder of the paper is organised as follows. Section 2 de-
scribes the survey methodology and screening procedure. Section 3

reviews forecasting model families and clarifies taxonomy boundaries
between LLMs and other foundation models. Section 4 reviews appli-
cations of LLM-enabled and hybrid approaches in wind, solar, and load
demand forecasting. Section 5 discusses the cross-domain roles of LLM-
enabled and hybrid forecasting pipelines in energy forecasting and op-
erations. Section 6 summarises open challenges, including reliability,
uncertainty, interpretability, and deployment constraints. Finally, Sec-
tion 7 concludes the paper and outlines future research directions.

2. Review methodology
This article reports a structured literature review designed to map

and synthesise recent research on language-centric foundation models
and related transformer foundations for renewable energy forecasting

Table 2
Exact query strings used for the database searches.

Source Query string (paste verbatim)

Scopus TITLE-ABS-KEY((“large language model” OR LLM OR “foundation
model” OR “instruction-tuned” OR prompting OR “in-context
learning” OR ICL OR “retrieval-augmented generation” OR RAG)
AND (forecast* OR predict* OR “time series” OR “load forecasting”
OR “load demand” OR wind OR “wind power” OR solar OR
photovoltaic OR PV OR “renewable energy” OR “power generation”
OR “energy forecasting” OR “energy management” OR grid OR
“smart grid” OR SCADA OR IoT OR optimis* OR “decision support"))
AND PUBYEAR > 2019 AND PUBYEAR < 2026

AND (LIMIT-TO (LANGUAGE, “English"))

(“large language model” OR LLM OR “foundation model” OR
“instruction tuned” OR prompting OR “in-context learning” OR ICL
OR “retrieval augmented” OR RAG) AND (wind OR “wind power”
OR solar OR photovoltaic OR PV OR “load forecasting” OR “load
demand” OR “energy forecasting” OR “renewable energy” OR grid
OR SCADA OR IoT OR “energy management” OR optimisation)

Google
Scholar
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and optimisation. We follow key PRISMA-informed reporting elements
to document identification, screening, and inclusion decisions, while
positioning the study as a systematic-style structured review rather than
a full systematic review with comprehensive risk-of-bias scoring and
meta-analysis. This positioning reflects the heterogeneity of datasets,
baselines, and reporting standards across the literature, which limits the
feasibility of pooled effect-size estimation.

2.1. Search strategy and information sources

The literature search was conducted using two primary sources:
Scopus and Google Scholar. Scopus was used as the primary biblio-
graphic database for its structured indexing and export functionality,
while Google Scholar was used as a complementary source to improve
recall and capture influential preprints and technical reports that may
not yet be fully indexed. The search covered publications from 2020 to
2025 and was executed iteratively during manuscript preparation, with
the final query run in mid-2025. For Scopus, Boolean queries were
applied to titles, abstracts, and keywords. A representative Scopus query
is shown in Table 2. For Google Scholar, we used simplified keyword
combinations (due to limited Boolean control) and screened results
using relevance ranking, focusing on highly cited or clearly empirical
studies and applying the same eligibility criteria as used for Scopus.

Renewable and Sustainable Energy Reviews 239 (2026) 117171
2.2. Screening and eligibility

In this section, we specify the eligibility framework used to select the
studies retained for the survey. We first define the inclusion criteria,
covering the publication window and language constraints, the
requirement for explicit LLM involvement, the target renewable energy
forecasting and optimisation contexts (wind, solar/PV, and load de-
mand), and the minimum expectations for methodological contribution
and empirical evaluation (metrics and baseline comparisons where
available). We then outline the exclusion criteria, describing how non-
LLM studies, out-of-scope energy domains, non-scholarly or insuffi-
ciently substantiated sources, duplicates, and inaccessible or non-
English full texts were removed to maintain focus and methodological
consistency.

2.2.1. Inclusion criteria

Studies were included if published between 2020 and 2025, written
in English, and available in full text. Eligible papers explicitly involved
large language models or language-centric foundation models, such as
GPT-family models, LLaMA, or instruction-following variants, in
renewable energy forecasting, prediction, optimisation, or decision
support. The scope required that each study address at least one target
domain: wind power, solar PV generation, or electrical load demand
forecasting and management. We retained studies that reported a clear

a ™\
References from other sources (N =0)
Studies from databases/registers (N = 1864) Citation searching (n = 0)
IEEE (n = 679) Grey literature (n=0)
arXiv (n = 445)
5 MDPI (n = 578)
‘g Scopus (n = 162)
s
=
o
p=l
References removed (N = 685)
N Duplicates identified manually (n = 6)
” Duplicates identified by Covidence (n = 679)
Marked as ineligible by automation tools (n = 0)
‘ |
Y
Studies screened (N = 1179) > Studies excluded (N = 610)
=
i Studies sought for retrieval (N =569) > Studies not retrieved (N = 0)
@
Y
Studies assessed for eligibility (N = 569) > Studies excluded (N = 343)
) Not LLMs related (n = 260)
J Wrong indication (n = 16)
Article retracted (n = 13)
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4 A Wrong study design (n = 51)
Unable to locate full text (n = 12)
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© \ 4
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Stuies islnediniovienl (s eat) Studies awaiting classification (n = 0)
)

Fig. 2. PRISMA style flow diagram for study screening and selection.
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methodological contribution, including model adaptation strategies,
prompt design and in-context learning configurations, fine-tuning pro-
cedures, tool use, multimodal fusion, or integration into operational
forecasting pipelines, and we also included works that offered action-
able insights related to scalability, interpretability, reliability, or
deployment constraints. For empirical studies, eligibility required
evaluation using simulations or real-world datasets and reporting
quantitative performance using metrics such as RMSE, MAE, R-squared,
or MAPE, preferably alongside comparisons against one or more base-
line models. Interdisciplinary hybrid approaches were also included
when LLMs were combined with complementary methods such as
reinforcement learning, physics-informed modelling, or federated
learning, provided that the LLM component played a substantive role in
the forecasting or optimisation workflow.

2.2.2. Exclusion criteria

Studies were excluded when they did not explicitly involve LLMs,
such as papers focused only on classical machine learning, deep learning
(DL), statistical forecasting, or transformer forecasting architectures that
lacked language-centric pretraining or instruction-following capabil-
ities. We also excluded work that was not aligned with renewable energy
or load demand forecasting and optimisation, meaning studies outside
wind power, solar or photovoltaic generation, and load demand con-
texts. Non-scholarly or insufficiently substantiated sources were
removed, including blog posts, brief opinion pieces, and position state-
ments that lacked adequate methodological detail or evaluative evi-
dence. Finally, duplicate records were discarded, and we excluded
papers that were not written in English or whose full text could not be
accessed.

2.3. Screening and selection procedure

The initial database search yielded 1864 records from four data-
bases: IEEE (n = 679), arXiv (n = 445), MDPI (n = 578), and Scopus (n
= 162), with no additional references identified through citation
searching or grey literature. Following duplicate removal — comprising
6 duplicates identified manually and 679 identified via Covidence (total
N = 685) — 1179 records remained and were screened at the title and
abstract level to assess their alignment with the scope of this review,
with particular emphasis on explicit large language model involvement
and relevance to renewable energy forecasting and optimisation. Of
these, 610 were excluded at the screening stage, leaving 569 studies
sought for full-text retrieval, all of which were successfully retrieved (N
= 0 not retrieved). Studies that appeared potentially relevant were then
examined in full text to confirm eligibility based on the inclusion and
exclusion criteria defined in Section 2.2; a further 343 studies were
excluded at this stage due to not being LLMs-related (n = 260), wrong
study design (n = 51), no outcomes noted (n = 17), wrong indication (n
= 16), article retraction (n = 13), or inability to locate the full text (n =
12). The overall filtering workflow and final study set are summarised in
the PRISMA-style flow diagram shown in Fig. 2. In total, 226 studies
satisfied the eligibility criteria and were retained for synthesis and
taxonomy-driven analysis.

Screening was performed in two stages (title/abstract review fol-
lowed by full-text assessment. During this process, each record was
examined for three core aspects: explicit use of large language models or
language-centric foundation models; substantive relevance to renewable
energy forecasting or optimisation; and sufficient methodological and
evaluative detail to support comparative synthesis. Because this is a
PRISMA-informed structured review rather than a full systematic review
and meta-analysis, a formal inter-rater agreement statistic was not
computed; nor was a standardised risk of bias assessment tool applied.
Instead, methodological transparency was strengthened by explicit
reporting of information sources, search strings, eligibility criteria, and
screening decisions, while study quality considerations were addressed
qualitatively during the synthesis stage, particularly regarding dataset

Renewable and Sustainable Energy Reviews 239 (2026) 117171

scope, baseline strength, reporting completeness, and external validity.
2.4. Data extraction and synthesis framework

For each included study, we extracted a consistent set of descriptors
to enable structured comparison across wind, solar, and load
forecasting:

o Task definition: point forecasting, probabilistic forecasting, anomaly
detection, predictive maintenance, or optimisation support.
Forecast horizon and resolution: minutes to hours, days to weeks,
seasonal horizons.

e Model class: language-centric LLM, time series foundation model,
hybrid pipeline (LLM plus spatiotemporal or graph encoder), or
transformer forecaster without language pretraining.

Data modalities: time series, SCADA and IoT telemetry, weather
variables, imagery, text logs and reports, and mixed modality
configurations.

Adaptation method: fine-tuning, parameter-efficient tuning (e.g.,
LoRA), in-context learning, retrieval augmentation, embedding-
based feature extraction.

Evaluation protocol: datasets, baselines, metrics, and whether un-
certainty, calibration, or statistical testing was reported.

Practical considerations: compute/cost indicators when reported,
latency constraints, deployment context, interpretability method,
and reliability considerations.

The synthesis is primarily narrative and tabular, emphasising
evidence-linked claims and recurring design patterns rather than
pooled quantitative meta-analysis.

2.5. Feature engineering basis

To describe how renewable forecasting studies typically represent
temporal structure and weather-driven variability, we summarise com-
mon feature-engineering practices reported in the literature. Frequently
used constructs include time-trend features (e.g., smoothing and
regression-based trend extraction), seasonal components (e.g., STL
decomposition and Fourier-based periodicity proxies), and weath-
er—energy association measures (e.g., correlation and mutual informa-
tion between meteorological variables and outputs). We use these
feature categories as an organising lens when comparing pipelines that
integrate structured telemetry with additional modalities, including
text-derived signals.

3. Background on forecasting models

Accurate forecasting is fundamental to the reliable operation of
renewable-integrated power systems. Fast-changing meteorological
conditions drive wind and solar generation, and load demand reflects
both weather and socio-economic dynamics [21]. Consequently, fore-
casting pipelines must handle heterogeneous inputs (telemetry, nu-
merical weather prediction, exogenous variables) and deliver
predictions at multiple horizons for dispatch, storage scheduling, and
planning. Building on the structured review in the previous section, this
section summarises model families commonly used in renewable fore-
casting and clarifies terminology to avoid conflating (i) language-centric
LLMs, (ii) time-series foundation models, and (iii) transformer fore-
casters that are not language-centric.

3.1. Non-LLM machine learning and time-series forecasting models

Before discussing LLMs, it is necessary to review the broader family
of non-LLM forecasting approaches that have shaped renewable energy
prediction. Renewable energy forecasting relies on heterogeneous in-
puts, including meteorological variables, historical generation records,
numerical weather prediction (NWP) outputs, satellite imagery,
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maintenance logs, and market or operational signals [22]. These
non-LLM approaches provide the methodological foundation for many
current forecasting systems and serve as essential baselines for evalu-
ating the added value of LLM-based frameworks.

3.1.1. Classical ML and deep learning models

Classical machine learning (ML) methods have been widely used in
renewable energy forecasting because they can learn predictive re-
lationships from structured data and support short-term and medium-
term forecasting tasks for solar, wind, and load prediction [23]. Early
and still relevant approaches such as linear regression, support vector
machines (SVMs), random forests, and gradient boosting remain useful
because they are relatively interpretable, computationally manageable,
and often effective when datasets are moderate in size, and feature en-
gineering is strong [24,25]. These methods helped establish data-driven
renewable forecasting by showing that weather variables, historical
production data, and environmental measurements can be mapped to
future energy outputs with reasonable accuracy.

As forecasting tasks became more nonlinear and data-rich, deep
learning models gained attention for their ability to capture complex
temporal and spatial dependencies. Artificial neural networks (ANNs)
can model nonlinear relationships in renewable generation data, while
long short-term memory (LSTM) networks are well-suited to sequential
forecasting because they can capture temporal dependencies across time
steps. Convolutional neural networks (CNNs) are especially useful for
forecasting when the inputs contain spatial structure, such as satellite
imagery, sky images, LiDAR fields, or gridded meteorological maps [26].
Their utility, however, is not restricted to visual inputs. Sequential or
textual information, such as meteorological reports or maintenance re-
cords, can be transformed into numerical matrices via embeddings,
term-frequency-inverse-document-frequency  representations,  or
related feature-mapping procedures, enabling CNNs to extract local
patterns from non-visual data as well. Hybrid methods further combine
complementary modelling strengths, for example, by integrating sta-
tistical decomposition, signal processing, or multiple learning modules
to improve predictive robustness across diverse operating conditions.

Although these models remain important, their limitations have also
become clear. Classical ML methods often depend heavily on feature
engineering and may struggle with highly nonlinear or long-range
temporal dependencies [27]. Deep learning models can improve pre-
dictive accuracy, but they typically require larger datasets, careful
hyperparameter tuning, and substantial computational resources [28].
These limitations motivated the development of more specialised
time-series forecasting architectures designed for long-horizon predic-
tion and more complex temporal dynamics.

3.1.2. Modern transformer and mixer-based time-series forecasters

Renewable energy forecasting has increasingly adopted modern
time-series architectures such as Informer, FEDformer, NSTransformer,
TimesNet, PatchTST, TSMixer, TimeMixer, and TimeXer. These models
are specialised time-series forecasting architectures designed to improve
long-horizon prediction, multiscale temporal pattern extraction,
computational efficiency, or robustness under non-stationary conditions
[29].

Their growing popularity is mainly due to several practical advan-
tages. Informer reduces the computational burden of self-attention for
long sequences, making long-horizon forecasting more tractable. FED-
former introduces frequency-enhanced decomposition that helps cap-
ture seasonal and long-range temporal structure [30]. NSTransformer
explicitly addresses non-stationarity and regime variation, which are
common in renewable generation and demand data [31]. TimesNet and
PatchTST have become strong baselines because they capture
multi-period temporal structure and patch-level sequence information
effectively [32], while TSMixer, TimeMixer, and TimeXer provide effi-
cient alternatives for modelling temporal and cross-variable interactions
in multivariate forecasting tasks [33]. Because of these properties, such
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models are now widely used as competitive baselines in solar, wind, and
load forecasting studies.

Table 3 summarises representative non-LLM forecasting models used
in renewable-energy applications, including classical ML, deep-learning,
hybrid, transformer-based, and mixer-based time-series models. The
table is retained in the main text because these models provide essential
baseline context for evaluating whether LLM-enabled methods add
value beyond established numerical forecasting approaches.

3.2. Taxonomy boundaries between LLMs and related foundation models

Transformer-based forecasting approaches are increasingly dis-
cussed together in renewable-energy research, but they should not be
treated as a single model class. In this review, LLMs refer to language-
centric models, such as GPT-family models, LLaMA, and instruction-
tuned derivatives, that are pretrained primarily on natural-language
corpora and adapted through prompting, in-context learning,
retrieval-augmented generation, or fine-tuning. Their value is most
relevant when forecasting workflows involve textual or contextual in-
formation, such as maintenance logs, operator notes, regulatory docu-
ments, market reports, or weather narratives [52,53].

By contrast, time-series foundation models such as Chronos and
TimesFM are pretrained primarily on numerical temporal sequences
[54]. Although they may use Transformer architectures, they are not
LLMs because their pretraining objectives, input representations, and
transfer =~ mechanisms are time-series-centric = rather  than
language-centric. Graph, spatiotemporal, and multimodal foundation
models should also be treated as adjacent model families unless
language-pretrained or instruction-following components play a sub-
stantive role in the forecasting workflow [14].

Accordingly, this review attributes reported benefits to the appro-
priate model class. Gains from prompting, retrieval over text,
instruction-following, or text-aware fusion are treated as LLM-enabled
contributions. Gains from numerical sequence pretraining, spatiotem-
poral modelling, or graph-based transfer are attributed to time-series,
graph, or hybrid forecasting models rather than to LLMs by default.
Fig. 3 summarises this taxonomy by distinguishing language-centric
LLMs, time-series foundation models, graph/spatiotemporal founda-
tion models, and hybrid multimodal systems.

3.3. Comparative dimensions of forecasting models

To illustrate how LLM-enabled forecasting may interact with oper-
ational energy systems, Fig. 4 presents an implementation-oriented view
of renewable forecasting in SCADA and IoT environments. The blueprint
highlights data ingestion, validation, feature extraction, retrieval, model
serving, decision support, fallback control, and monitoring. It is
included to show that operational forecasting depends not only on
predictive accuracy, but also on latency, auditability, fallback mecha-
nisms, and integration with operator-facing systems.

While both conventional ML models and LLM-enabled approaches
can support renewable energy forecasting, their relative value depends
strongly on task characteristics, data modality, interpretability re-
quirements, and deployment constraints. Rather than assuming that one
model family is universally superior, Fig. 5 conceptually illustrates the
conditions under which each approach is more appropriate, and Table 4
summarises the main trade-offs reported in the reviewed literature. In
general, conventional ML and specialised time-series models remain
strong baselines when the forecasting task is narrowly defined, the
prediction horizon is short to moderate, and the inputs are primarily
structured numerical variables. By contrast, LLM-enabled approaches
become more useful when forecasting must incorporate text-rich, sem-
istructured, or multimodal context, including maintenance logs, meta-
data, retrieval outputs, explanations, and operator-facing decision
support.

Based on this synthesis, the literature reviewed suggests that model



Table 3
Summary of representative non-LLM forecasting models for renewable energy forecasting, including classical ML, deep learning, hybrid models, and recent transformer or mixer-based time-series forecasters.
Ref. Model Type Application in Renewable Advantages Limitations
Energy Forecasting
[34] Linear Regression Predicting solar and wind power generation based on historical data and weather variables. ~ Simple to implement, interpretable results. Limited to linear relationships, sensitive to outliers.
[35] Support Vector Machines Regression and classification tasks for energy demand and generation prediction. Effective for small- to medium-sized datasets ~ Computationally intensive for large datasets.
(SVM) with clear margins.
[36] Random Forest Modelling nonlinear relationships in energy production data. Handles nonlinear relationships and is robust ~ Can become complex and slow with large datasets.
to overfitting.
[37] Artificial Neural Networks Capturing complex patterns in solar, wind, and hydro energy generation. Can model complex and nonlinear Requires large datasets and is prone to overfitting.
(ANN) relationships.
[38] Long Short-Term Memory Time-series forecasting for solar and wind power generation. Captures long-term dependencies in time- High computational cost, requires large datasets.
(LSTM) Networks series data.
[39] Gradient Boosting Enhancing energy forecasting accuracy with boosting techniques. High accuracy through ensemble learning. Prone to overfitting if not properly tuned.
Machines (GBM)
[40] Convolutional Neural Extracting spatial and temporal features from satellite imagery, and from text or timeseries Good at capturing spatial features. High computational requirements.
Networks (CNN) data converted into two-dimensional matrices (e.g., embedded word vectors, spectrograms)
for forecasting.
[41] Hybrid Models (e.g., Combining linear and nonlinear models to improve prediction accuracy for energy output. Combines the strengths of different models Complex implementation and parameter tuning.
ANN + ARIMA) for improved performance.
[42, Informer Long-horizon wind, solar, and load forecasting using efficient attention to reduce complexity ~ Scales to long sequences and performs Sensitive to tuning and preprocessing; not language-
43] for long sequences. strongly in long-horizon forecasting. centric; may degrade under distribution shift.
[30, FEDformer Renewable generation and load forecasting leveraging frequency-domain decomposition for =~ Captures seasonal and frequency patterns Added architectural complexity; requires careful
44] long-term temporal structure. effectively; strong long-horizon performance.  evaluation; not designed for text inputs.
[45] NSTransformer Forecasting under nonstationary renewable and demand patterns by modelling distribution Better handling of non-stationarity and Can be harder to train; improvements may be dataset-
shift and changing temporal statistics. regime changes than vanilla transformers. dependent; not language-centric.
[28, TimesNet Wind, solar, and load forecasting via multi-periodicity modelling and temporal pattern Effective at capturing multiscale temporal Requires careful hyperparameter selection; not
46] extraction across horizons. patterns; strong general-purpose baseline. designed for uncertainty or text integration by
default.
[47, PatchTST Multivariate renewable and demand forecasting using patch-based tokenisation to improve Strong accuracy and efficiency; widely Purely numeric forecaster; interpretability remains
48] learning efficiency and generalisation. adopted in recent benchmarks. limited without post-hoc analysis.
[49] TSMixer High-throughput renewable and load forecasting using temporal and channel mixing as an Fast inference with competitive accuracy and ~ May underperform on complex long-range or
efficient alternative to attention. lower compute cost. spatiotemporal dependencies.
[50] TimeMixer Renewable and demand forecasting with improved temporal feature mixing across scales for =~ Competitive performance with an efficient Newer model with fewer domain-specific validations;
long-horizon stability. architecture. sensitive to protocol and forecast horizon.
[51] TimeXer Transformer-style forecasting is designed for stronger cross-variable interaction modelling in ~ Strong multivariate modelling and Requires careful tuning; not designed for text

multivariate time series.

competitive benchmark performance.

integration; compute can exceed simpler mixer
baselines.
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Fig. 3. Taxonomy of foundation models for renewable energy forecasting.

selection in renewable energy forecasting should be driven by task
characteristics rather than broad assumptions about model superiority.
If the objective is narrowly defined, short-term prediction on structured
numerical data, conventional ML and specialised forecasting architec-
tures may remain the most practical choice. If the objective involves
multimodal fusion, explanation, knowledge retrieval, anomaly inter-
pretation, or interaction with operators through natural language, LLM-
enabled pipelines may offer additional value. Accordingly, a rigorous
comparison between model classes should use matched datasets, clearly
stated forecasting horizons, transparent evaluation metrics, and strong
baseline selection.

Although conventional ML and LLM-enabled approaches differ in
their primary strengths, they should not be viewed as mutually exclusive
alternatives in renewable energy applications. LLM-enabled methods
are mainly used for language-centric and knowledge-intensive tasks,
such as literature mining, information extraction from technical docu-
ments, chatbot-style interfaces for grid interaction, and automated
report or code generation for simulation and optimisation workflows
[69-73]. By contrast, conventional ML remains more established for
structured numerical tasks, including fault detection in photovoltaic and
wind systems, energy demand forecasting from time-series data, and
optimisation of smart-grid operation through supervised and rein-
forcement learning pipelines [74]. Nevertheless, both families have
been applied to pattern recognition, anomaly detection, renewable en-
ergy data analysis, decision support, and modelling of climate-sensitive
system behaviour [8,69,75]. Overall, the literature suggests that their

greatest practical value often emerges in complementary or hybrid
workflows, where ML supports core numerical prediction while
LLM-enabled components contribute contextual interpretation,
reasoning over unstructured information, and operator-facing
explanation.

4. Applications of LLM-enabled and hybrid approaches

In this section, we distinguish direct language-model contributions
from gains produced by broader hybrid forecasting pipelines. Benefits
are attributed specifically to LLMs when they stem from language-
centric capabilities such as prompting, retrieval over textual evidence,
instruction-following, or text-aware multimodal fusion. By contrast,
when performance gains are driven primarily by remote sensing, spatio-
temporal forecasting, computational fluid dynamics, optimisation, or
uncertainty-aware numerical modelling, we refer to these as outcomes
of LLM-enabled hybrid systems or adjacent forecasting model classes
rather than of standalone LLMs.

4.1. Solar energy forecasting

Solar energy forecasting remains one of the most active areas of LLM-
and hybrid-enabled forecasting research, yet the reported evidence
suggests that the contribution of language-centric models is not uniform
across tasks. As summarised in Table 5, some studies use foundation-
model architectures directly for photovoltaic forecasting. In contrast,
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Fig. 5. Task-dependent comparison of traditional ML and LLM-enabled approaches in renewable energy forecasting.

others use multimodal large models for adjacent tasks such as photo-
voltaic panel detection, localisation, or contextual interpretation. This
distinction is important because not all reported gains correspond to
direct forecasting improvement.

For direct solar forecasting, several recent studies reformulate

photovoltaic prediction as a foundation-model or language-model task
and report competitive quantitative performance. For example,
Chronos-based zero-shot solar forecasting outperformed multiple sta-
tistical and neural baselines across 30 min, 1 h, and 2 h horizons,
achieving a 58.97% reduction in 30 min RMSE relative to SeasonalNaive
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Table 4 Table 5
Comparison of traditional ML and LLM-enabled approaches in renewable energy Synthesis of representative studies comparing limitations of conventional ML
forecasting. with the novelty and reported evidence of LLM-enabled or hybrid approaches
Dimension Traditional ML LLM-enabled Review across solar, wind, and load demand forecasting.
and conventional approaches interpretation Domain  Limitation of Main novelty of the ~ Reported within- Ref.
deep learning conventional ML LLM-enabled or study performance
Forecasting Often strong on May provide Reported gains hybrid approach and caveats
performance structured advantages when are context- Solar Conventional ML Proposes the PVAL This study used a [76]
numerical time- forecasting is dependent and and CNN-based framework based detection-oriented
series, especially combined with not universal; fair PV detection on GPT-4o for solar  rather than
when task text, metadata, comparisons methods require panel detection, forecasting-
definition, retrieval, require matched large annotated localisation, and oriented
horizon, and input  explanation, or datasets, datasets, frequent  quantification from  evaluation
variables are well multimodal context  horizons, and retraining, and satellite imagery. protocol. The fine-
specified [27,55] [56] strong baselines. often struggle to The main novelty is  tuned PVAL model
Computational Typically lower Usually higher Operational generalise across the combination of ~ reported a solar
cost training and computational and feasibility diverse rooftop multimodal LLM Fl-score of
inference cost; memory demands, depends on structures, reasoning with task  82.87%, solar
easier to deploy in  especially for fine- latency budgets, geographic decomposition, recall of 99.15%,
constrained tuning or real-time hardware, and regions, and standardised JSON and a weighted
environments [57,  multimodal use maintenance environmental output, five-shot average F1-score
58] [59,60] burden conditions; they prompting, of 94.96%. In the
Data Can perform well Often benefits from  The value of LLMs also misclassify domain-specific Orlando case
requirements with moderately larger corpora, is more plausible visually similar fine-tuning, and a study, the fine-
sized structured domain adaptation,  when additional objects such as confidence-driven tuned version
datasets when and access to text-rich context shadows, parking auto-labelling reported an F1-
feature design is unstructured or is genuinely lots, and flat mechanism for score of 97.52%,
appropriate semi-structured available. surfaces scalable PV compared with
[61-63] inputs [64,65] assessment across 92.42% for the
Interpretability Often easier to Can support Explainability heterogeneous prompted version.
and inspect, validate, natural-language should be regions. The study also
auditability and operationalise ~ explanations, but assessed reported a test
in regulated internal decision separately from cross-entropy loss
environments processes may predictive of 0.12 + 0.02
settings [66] remain difficult to performance. across the
audit [67] evaluated
Deployment Well-suited to Potentially useful Method choice methods. For
suitability stable, narrowly in hybrid should depend on downstream
defined workflows task scope, risk assessment tasks,
forecasting involving tolerance, and location prediction
pipelines [68] forecasting, deployment accuracy was
retrieval, constraints rather reported as
summarisation, than model class 87.38% on the
operator support, alone fine-tuned dataset
and cross-modal and 71.24% on the
reasoning [16] test dataset. The
confidence-based
auto-labelling
[79] on one dataset. Likewise, RF-PVELLM-DBN combined a photovol- policy was
taic large language model, domain knowledge, and dynamic Bayesian estimated to label
network constraints, achieving an MAPE of 1.983%, RMSE of 2.98, and ng;%;;)n:;tiega o
R? = 0.958 using only one month of training data, while also main- with more thang
taining strong weather-specific performance under sunny, rainy, and 95% precision.
cloudy conditions [79]. Other studies also support the potential of Because this
language-model-based architectures under transfer-constrained set- eval”azon focuses
tings. Pegasus-based prompt learning achieved full-sample RMSE/- ;);c;\i/s agliaﬁﬂi
MAE/MSE/R? of 0.2960,/0.1894,/0.0876,/0.9736 and remained robust assessment ’rather
in few-shot and zero-shot scenarios [80], while StairLLM-Net reported than power-output
the best MSE in five of six zero-shot cross-station groups and the best forecasting, these
MAE in four of six groups [81]. results should not
K X X X be interpreted as
At the same time, the solar literature also includes studies whose direct evidence of
main contribution is not forecasting itself but rather multimodal improved
perception or contextual support. For instance, the PVAL framework renewable-energy
based on GPT-40 addressed solar panel detection and quantification forecasting
. . . . .. performance.
from satellite imagery rather than generation forecasting, achieving a Solar Statistical models  Introduces a The study 771

solar F1-score of 82.87%, solar recall of 99.15%, and weighted average
Fl-score of 94.96% [76]. Such results are important for solar asset
mapping and downstream planning, but they should not be interpreted
as direct evidence of improved photovoltaic power forecasting. This
reinforces the need to distinguish between forecasting-oriented evidence
and detection- or assessment-oriented evidence when reviewing LLM
applications in the solar domain.

Overall, the merged evidence suggests that LLM-enabled solar

10

struggle with
nonlinear weather
driven variability,
while
conventional ML
and neural models
require
substantial

Chronos-based
LLM framework for
short-term solar
forecasting by
discretising
continuous time
series into tokens,
enabling zero-shot

evaluated Chronos
on four solar
datasets against
seven statistical
baselines,
DeepAR, and
PatchTST under its
selected

(continued on next page)
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Domain  Limitation of Main novelty of the ~ Reported within- Ref. Domain  Limitation of Main novelty of the =~ Reported within- Ref.
conventional ML LLM-enabled or study performance conventional ML LLM-enabled or study performance
hybrid approach and caveats hybrid approach and caveats
historical data forecasting without  deterministic and choices, and
and are weaker in fine-tuning on the probabilistic baseline
data-scarce target solar evaluation configurations
settings datasets settings. Within used by the
that study authors.
protocol, Chronos Solar Conventional Proposes RF- Reported within- [79]
reported black-box ML PVELLM-DBN, a study forecasting
favourable results models for PV knowledge- evidence was
across several 30 forecasting rely enhanced hybrid based on one year
min, 1 h, and 2h heavily on large, forecasting of 15-min PV data
forecasting high-quality framework for from a zero-carbon
horizons. Example historical zero-carbon residential
reported values datasets, ignore residential building in Tibet.
include RMSE/ domain expert buildings that fine- Under the study's
MAE = 3.119/ knowledge, tunes a DeepSeek- small-sample
1.360 MW for increase R1-based setting, using only
Dataset 1 at the 30 computational photovoltaic LLM one month of
min horizon and cost, and offer with domain training data, RF-
QS/CRPS = limited knowledge, uses a PVELLM-DBN
0.377/0.734 MW interpretability PVQA workflow reported MAPE =
for Dataset 3 at the and adaptability with scenario 1.983%, RMSE =
30 min horizon. under complex engineering and 2.98, and R? =
The study also multi-weather question filtering, 0.958. The authors
reported a 58.97% conditions. encodes expert reported that these
RMSE reduction knowledge into values were
on Dataset 1 at the DBN whitelist and favourable relative
30 min horizon blacklist to the LSTM and
relative to the constraints, and Transformer
Seasonal Naive combines this with baselines included
baseline. These Random-Forest in their
results should be feature selection experimental
interpreted as for weather- protocol. Weather-
study-specific adaptive specific results
evidence rather forecasting were also
than as directly reported: RMSE =
comparable 1.29, MAPE =
benchmark values 0.661%, and R? =
across the wider 0.9946 under
solar-forecasting sunny conditions;
literature. RMSE = 1.66,
Wind Existing Fine-tunes a pre- Within the study's [78] MAPE = 0.877%,
statistical, ML, trained BERT evaluation and R? = 0.991
and standard model for protocol, BERT4ST under rainy
deep-learning spatiotemporal reported conditions; and

methods struggle
with the
nonlinear,
nonstationary,
and changing
spatio-temporal
structure of wind
power data.

wind forecasting
using patch-based
encoding,
redesigned
temporal and
spatial
embeddings, LoRA
adaptation, and
multi-stage
training

favourable MAE/
RMSE values on
the Chuzhou wind-
power dataset
across the tested
horizons: 1.20/
2.19 at 10 min,
3.03/5.58 at 1 h,
and 6.78/11.91 at
4 h. On the
NorthSea dataset,
the reported MAE/
RMSE values were
0.378/0.550,
0.575/0.827, and
0.980/1.395
across the
corresponding
horizons. These
results were
reported to be
lower than those of
the baselines
included in that
study, but they
should be
interpreted within
the specific
datasets, horizons,
preprocessing

11

RMSE = 1.45,
MAPE = 0.741%,
and R? = 0.982
under cloudy
conditions.
Compared with
PVELLM-DBN
within the same
study, RF-
PVELLM-DBN
reportedly
improved R? by
2.86% in sunny
weather, 7.0% in
rainy weather, and
4.9% in cloudy
weather. These
values should be
interpreted within
the study's specific
dataset, weather
grouping, small-
sample setup, and
baseline
configuration
rather than as
general
benchmark
evidence across PV

(continued on next page)
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Table 5 (continued)

Domain  Limitation of Main novelty of the ~ Reported within- Ref. Domain  Limitation of Main novelty of the =~ Reported within- Ref.
conventional ML LLM-enabled or study performance conventional ML LLM-enabled or study performance
hybrid approach and caveats hybrid approach and caveats
forecasting 68.25, 61.18,
studies. 63.70, and 102.03.
Solar Existing PV Uses Pegasus with Within the study's [80] These results
forecasting prompt-learning, evaluation indicate
models are often cosine-similarity protocol, full- favourable zero-
scenario-specific cross-attention, sample results on shot transfer
and lose and DQ-LoRA two- the Sanyo dataset performance
robustness under stage fine-tuning to ~ were reported as within the authors'
diverse, few-shot, cast PV forecasting RMSE/MAE/MSE/ experimental
and zero-shot as a text-generation ~ R? = 0.2960/ design. Still, they
settings. task with stronger 0.1894/0.0876/ should not be
semantic and cross- 0.9736. The interpreted as
modal alignment corresponding directly
fixed Informer comparable
results were benchmark values
reported as beyond the
0.3203/0.1976/ specific PV
0.1026/0.9719. stations, grouping
Under the same strategy, horizons,
study settings, the and baseline
few-shot and zero- settings used in
shot results were that study.
reported as Wind Statistical, Introduces CMLLM, Within the study's [82]
0.4257/0.2789/ physical, and which converts evaluation
0.1812/0.9453 standard deep- SCADA data into protocol, CMLLM
and 0.5523/ learning models text for frozen pre- reported
0.3993/0.3051/ struggle with trained LLM favourable eMAE/
0.9108, nonlinear, non- forecasting and eRMSE values
respectively. These stationary wind adds across the three
results suggest power dynamics a prior-knowledge wind-farm
favourable and often prompt prefix with datasets
performance generalise poorly the dataset and considered by the
within the authors' across sites and statistical authors. For
experimental horizons information Dataset 1, the
setup, but they reported eMAE/
should be eRMSE values
interpreted in the were 0.3246/
context of the 0.4776 at 15 min
specific Sanyo and 1.7121/
dataset, sampling 2.3493 at 12 h. For
conditions, Dataset 2, the
baseline corresponding
configuration, and values were
the few-shot/zero- 0.2394/0.4629
shot evaluation and 1.3641/
design used in that 2.2311, while for
study. Dataset 3 they
Solar Existing PV Introduces The study [81] were 0.3579/
forecasting StairLLM-Net, evaluated the 0.5628 and
models have weak which uses a GPT-2 model across 12 1.6653/2.2791.
zero-shot transfer backbone, patch- PV stations These values were
across stations based embedding, organised into six reported to be
and rely heavily wavelet-enhanced zero-shot lower than those of
on multiscale inputs, train-test settings. the comparison
hyperparameter and a Stair Decoder ~ Within that study models included in
tuning. to support cross- protocol, the that study, but
station zero-shot model reported they should be
PV forecasting the lowest MSE in interpreted within
without finetuning 5 of the 6 groups the specific wind-
and the lowest farm datasets,
MAE in 4 of the 6 forecast horizons,
groups among the metric definitions,
baselines preprocessing
considered. The choices, and
reported MAE baseline
values across the configurations
six groups were used by the
3.800, 3.727, authors.
3.844, 3.655, Wind Existing Introduces Within the study's [83]
3.710, and 4.928, statistical, STELLM, which evaluation
while the physics-based, combines seasonal- protocol, STELLM
corresponding and deep-learning  trend reported lower

MSE values were
67.94, 62.82,

12

models struggle
with non-

decomposition,
spatio-temporal

MAE/RMSE values
than the baselines

(continued on next page)
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Table 5 (continued)

Domain  Limitation of Main novelty of the ~ Reported within- Ref. Domain  Limitation of Main novelty of the =~ Reported within- Ref.
conventional ML LLM-enabled or study performance conventional ML LLM-enabled or study performance
hybrid approach and caveats hybrid approach and caveats
stationary wind prompting, considered by the study reported
series and often autoregressive authors across four RMSE reductions
fail to capture GPT-2 fine-tuning, public wind of 12.03% relative
both long-range and a localised datasets. On to DRNet-BiLSTM
temporal spatial module for DSWEL, the and 13.64%
structure and wind forecasting reported MAE/ relative to X-TCN
spatial turbine RMSE values were at 16 steps, as well
dependencies. 0.7454/0.9610 at as an MAE
Horizon 1 and reduction of up to
2.1041/2.6978 at 13.1% relative to
Horizon 12. On X-TCN at 16 steps,
DSWE2, the 7.355 MW versus
corresponding 8.517 MW. The
values were study also
0.8109/1.1035 reported
and 2.0282/ favourable
2.4734. On NREL, performance up to
they were 1.2685/ 30-step forecasts.
1.7971 and These findings
3.9789/5.0547, should be
while on SDWPF interpreted within
they were 0.2678/ the specific wind-
0.3817 and farm selection,
0.9360/1.2901. zero-shot split,
These results forecast horizon,
indicate seasonal grouping,
favourable and baseline
performance configuration used
within the authors' by the authors
experimental rather than as
setting, but they general
should be benchmark
interpreted in evidence across
relation to the wind-forecasting
specific datasets, studies.
forecast horizons, Wind Existing wind- Proposes Reported within- [85]
metric definitions, power forecasting ~ M2WLLM, a multi- study forecasting
preprocessing methods often modal multi-task evidence was
steps, and baseline rely only on ultrashort-term based on three
configurations structured wind power Chinese provincial
used in that study. numerical data, forecasting datasets evaluated
Wind Conventional Proposes Reported within- [84] underutilise the framework that at15min, 1 h,2h,
statistical models WindPromptCast, a  study forecasting semantic combines tailored and 4 h horizons.
have weak hard-soft hybrid evidence was understanding textual prompts On the Inner
nonlinear prompt-learning based on 14 wind capability of with temporal Mongolia dataset,
learning framework for farms. Within the LLMs, and lack numerical data M2WLLM reported
capability and multi-location authors' task-specific through a Prompt MAE/RMSE values
restrictive multistep wind evaluation cross-modal Embedder, a Data of 3.36/5.24,
distribution power forecasting. protocol, designs for jointly Embedder, a 6.59/9.57, 8.76/
assumptions, Its main novelty is WindPromptCast representing wind ~ Semantic 12.21, and 11.37/
standard ML reformulating wind ~ reported average power output and  Augmenter based 15.26 MW across
methods struggle power forecasting MAE/RMSE/MAX numerical on cross attention the four horizons.
with high- as a language values of 11.670/ weather with pre-trained On the Gansu
dimensional data modeling task 18.827/316.92 prediction inputs word embeddings, dataset, the
and changing through hard MW. Seasonal and LoRA-based corresponding

meteorological
conditions, and
existing DL
models show
limited
generalisation to
unseen wind
farms, inflexible
fixed horizon
prediction, and
weak robustness
to mutation
events in wind
power

prompt generation,
then adapting a
frozen pretrained
LLM using a gated
soft-prompt
adapter and a hard-
soft prompt fusion
mechanism to
enable parameter-
efficient zero-shot
forecasting across
unseen wind farms
and varying
prediction horizons

MAE/RMSE values
were reported as
11.5/18.6 MW in
spring, 11.1/18.3
MW in summer,
10.8/17.9 MW in
autumn, and 13.3/
20.4 MW in
winter. In the zero-
shot setting, the
model was trained
on 2019 data from
wind farms A-D
for a 16-step
horizon and tested
on unseen wind
farms H, I, J, and N
in 2020. Under
this setting, the

13

fine-tuning of a
GPT-2 backbone

values were 6.68/
10.74, 12.10/
19.29, 15.57/
23.56, and 18.13/
26.66 MW. On the
Yunnan dataset,
they were 2.58/
4.64, 4.48/7.40,
5.99/9.27, and
7.87/11.59 MW.
The authors
reported lower
errors than the
baselines included
in their study,
including LSTM,
TCN, Transformer,
Informer,
Autoformer,

(continued on next page)
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Table 5 (continued)

Domain  Limitation of Main novelty of the ~ Reported within- Ref. Domain  Limitation of Main novelty of the =~ Reported within- Ref.
conventional ML LLM-enabled or study performance conventional ML LLM-enabled or study performance
hybrid approach and caveats hybrid approach and caveats
Adaptive-GCN, from scratch spatial adapters for  and four load types
CNN-BiLSTM-Att, remain efficient LLM fine- using the Arizona
and GPT4TS, and computationally tuning State University
also reported demanding dataset. As an
favourable few- example, the
shot performance reported winter
within their results were
experimental MAPE = 1.426,
protocol. These 2.573, 2.302, and
results should be 1.486; RMSE =
interpreted in 403.154, 411.298,
relation to the 100.174, and
specific provincial 644.388 kW; and
datasets, forecast R? = 92.747,
horizons, input 98.844, 96.024,
modalities, and 97.957 for
baseline settings, electricity,
and few-shot cooling, heating,
evaluation design and combined
used by the loads,
authors. respectively. These
Load Statistical and Introduces LFLLM, Reported within- [86] values indicate
standard deep- aLlama 2-7B-based  study results on favourable
learning load multi-voltage load the AEMO dataset performance
forecasters forecasting model were RMSE/MAE/ within the authors'
struggle with using parameter- MAAPE/SMAPE = experimental
nonlinear, noisy, efficient finetuning ~ 253.649/180.062/ setting, but they
and nonstationary  with layer freezing 0.053/0.027. On should be
demand patterns, to adapt a pre- EWELD, the interpreted in
and existing trained LLM toload  reported RMSE/ relation to the
Transformer time series and MAE values were specific dataset,
models remain zero-shot transfer 26.737/18.312, seasonal grouping,
limited for tasks while on REFIT the load categories,
modern short- reported RMSE/ baseline
term load MAE/MAAPE configurations,
forecasting values were and evaluation
409.939/217.022/ protocol used in
0.415. The study that study rather
also reported than as directly
average zero-shot comparable
MAAPE/SMAPE benchmark
values of 0.291/ evidence across
0.303 across load-forecasting
datasets. These studies.
results were Load Existing load Introduces LLMSA, Within the study's [88]
favourable relative forecasters cannot ~ which combines a evaluation
to the baselines effectively use socio-related protocol, LLMSA
considered by the textual socio- adapter and a reported lower
authors, but they demographic socially aware errors than the
should be information. reprogramming baselines
interpreted within layer to fuse socio- considered by the
the study's specific demographic text authors, including
datasets, forecast with load time PatchTST,
horizons, baseline series in an LLM- iTransformer,
configurations, based forecasting TimeLLM,
zero-shot setting, framework PatchTST wSoc,
and evaluation and BERT, on the
protocol rather Irish CER dataset.
than as directly The study reported
comparable up to a 4.96%
benchmark values reduction in MSE.
across load- Example reported
forecasting results include
studies. MSE/MAE/R? =
Load Statistical feature-  Introduces Within the study's [871] 0.4728/0.3779/
selection methods ~ EnergyGPT, a evaluation 0.3527 for the
miss dynamic GPT2-based multi- protocol, over-age-55
temporal energy load EnergyGPT household group
dependencies, forecasting model reported lower and 0.4668/
classic load with global and error than the 0.3728/0.3420 for
forecasters local dynamic baselines unemployed or

generalise poorly,
and Transformer
models trained

feature selection
plus frequency,
temporal, and

considered by the
authors across the
evaluated seasons

retired
households. These
findings suggest

(continued on next page)
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Table 5 (continued)

Domain  Limitation of Main novelty of the ~ Reported within- Ref. Domain  Limitation of Main novelty of the =~ Reported within- Ref.
conventional ML LLM-enabled or study performance conventional ML LLM-enabled or study performance
hybrid approach and caveats hybrid approach and caveats
favourable treat electrical, language model for  scale multi-energy
performance heat, and gas large-scale multi- power distribution
within the authors' loads as energy load network
socio- homogeneous forecasting. Its benchmark.
demographic load- inputs, which main novelty is the ~ Within the
forecasting setup, prevents accurate combination of authors'
but they should be modelling of their  tailored electrical, evaluation
interpreted in distinct physical heat, and gas load protocol,
relation to the evolution experts within a RSynLLM reported
specific Irish CER patterns; they also  routing MoE MAE/RMSE/
dataset, household primarily encoder, MAPE values of
grouping strategy, minimise customised prompt 1.64/2.69/15.29
baseline statistical error instructions for at the 3 h horizon,
configurations, while neglecting Vicuna-7B, marker 1.79/2.83/17.81
and evaluation asymmetric alignment for at the 6 h horizon,
protocol used in decision costs and continuous and 1.85/2.85/
that study. disruptive risks in  prediction, and a 18.06 at the 12 h
Load Conventional Proposes Reported within- [89] downstream risk-aware loss that ~ horizon. The
machine-learning BlackiInter, a study forecasting power combines authors reported
load forecasters memory-efficient evidence was distribution asymmetric error lower MAE and
require black-box tuning based on few-shot network penalisation with RMSE than the
substantial an inductive and zero-shot operation. CVaR to better baselines
historical target adapter for pre- building-level align forecasts with  considered in their
data, transfer- trained LLMs in load-forecasting operational study, including
learning building-level load settings. Under the decision-making GRU, GCN, T-GCN,
approaches forecasting. Its authors' objectives. AGCRN,
depend on main novelty is the  evaluation MegaCRN,
sufficiently combination of an protocol, MPGTN,
similar source- input embedding BlackInter UrbanGPT, and
domain layer, an inductive reportedly STCInterLLM,
load data and can spatial embedding reduced prediction across the reported
suffer from layer, a feature error to 42.88% of horizons. They
negative transfer, extraction layer the best- also reported the
and existing based on dynamic performing lowest MAPE at 3
graph-based mode alternative hand 12 h, and the
spatial models decomposition, method in the few- near-lowest at 6 h,
usually lack and a Mix-Adam shot setting and to within their
inductive optimisation 69.44% in the comparison
capability when method that zero-shot setting. setting. These
the number of updates the The authors also findings suggest
buildings changes adapter using LLM reported lower favourable
between training inference results errors than the performance
and deployment without requiring comparison within the study's
access methods included multi-energy
to the backbone in their study and forecasting setup,
LLM architecture observed that the but they should be
or parameters model remained interpreted in
effective when the relation to the
number of specific PDN
buildings differed benchmark,
between training forecast horizons,
and testing. These load types, risk-
findings suggest aware objective,
favourable baseline
inductive transfer configurations,
performance and evaluation
within the study protocol used by
design, but they the authors.
should be , , , R
interpreted in Note: The numerical values in this table are reported results from the original
relation to the studies. They are not normalised across datasets, forecast horizons, temporal
specific building resolutions, baseline configurations, or evaluation protocols. Accordingly, they
datasets, the few- should be interpreted as study-specific evidence rather than as a unified
shot and zero-shot benchmark of LLM-enabled forecasting performance.
splits, the
comparison
methods, and the applications are most convincing when embedded in hybrid pipelines
evaluation that combine time-series forecasting, weather information, and domain
protocol used by knowledge, especially in small-sample, few-shot, or zero-shot settings.
n ) the authors. However, the review also shows that some reported advantages come
Load Existing multi- Proposes RSynLLM,  Reported within- [90]

energy
forecasting
methods tend to

a risk-aware
routing mixture of-
experts large

study forecasting
evidence was
based on a large-
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from multimodal integration, transfer learning, prompt design, or
knowledge-enhanced hybridisation rather than from language-centric
reasoning alone. Table 5, therefore, presents solar studies at the paper
level, including their main novelty and quantitative evidence, to make
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this distinction explicit.
4.2. Wind energy forecasting

Wind energy forecasting has also seen a growing number of LLM-
enabled and foundation model-based approaches, particularly for
problems involving strong temporal variability, non-stationarity, and
cross-site generalisation. In contrast to earlier narrative summaries that
focused mainly on potential contextual benefits, the revised synthesis in
Table 5 shows that many recent wind studies now report direct fore-
casting evidence with explicit numerical comparisons against strong
deep-learning baselines.

Several representative studies have adapted pre-trained language
models or language-model-inspired architectures to spatio-temporal
wind forecasting, but their reported gains should be interpreted as
study-specific results rather than general evidence of LLM superiority.
BERT4ST fine-tuned a pre-trained BERT model using patch-based
encoding and redesigned temporal and spatial embeddings, reporting
the lowest MAE/RMSE among the models evaluated at the tested hori-
zons on the Chuzhou and NorthSea datasets [78]. CMLLM converted
SCADA data into textual representations and combined a frozen
pre-trained LLM with prior-knowledge prompts, reporting lower
eMAE/eRMSE than the selected comparison models on three wind-farm
datasets [82]. STELLM combined seasonal-trend decomposition,
spatio-temporal prompting, autoregressive GPT-2 fine-tuning, and a
localised spatial module, and reported improved performance relative to
the baselines considered on four public wind datasets [83]. However,
these results do not by themselves establish that LLM-based models are
universally superior to conventional ML or specialised time-series fore-
casters, because the studies differ in datasets, forecast horizons, pre-
processing pipelines, baseline selection, and the extent of
hyperparameter tuning reported for competing methods.

The strongest evidence in this domain comes from studies that
explicitly test generalisation and zero-shot transfer across wind farms.
Wind Prompt Cast reformulated multi-location multi-step wind fore-
casting as a language-modelling problem and used hybrid prompt
learning to adapt a frozen pre-trained LLM. Across 14 wind farms, it
reported average MAE/RMSE/MAX of 11.670/18.827/316.92 MW and
reduced RMSE by 12.03% relative to DRNet-BiLSTM and by 13.64%
relative to X-TCN in a zero-shot setting on unseen farms [84]. Similarly,
M2WLLM combined textual prompts with numerical weather prediction
and temporal data via a cross-modal architecture, achieving consistently
strong results across multiple Chinese provincial datasets and out-
performing LSTM, TCN, Transformer, Informer, AutoFormer,
Adaptive-GCN, CNN-BiLSTM-Att, and GPT4TS [85].

These results indicate that the wind literature has moved beyond
purely conceptual claims about contextual reasoning and now includes
substantial direct forecasting evidence. In most cases, performance im-
provements arise from hybrid architectural choices such as prompt en-
gineering, spatio-temporal adaptation, cross-modal embedding,
parameter-efficient fine-tuning, or the conversion of structured turbine
data into forms that pre-trained models can exploit more effectively.
Table 5 synthesises wind studies in terms of both methodological nov-
elty and quantitative performance, rather than only describing general
capabilities.

4.3. Load demand forecasting

Load demand forecasting is one domain where LLM-enabled
methods have been more frequently evaluated as direct forecasting
components, particularly when demand time series are combined with
contextual, socio-demographic, operational, or heterogeneous infor-
mation sources. As shown in Table 5, recent studies report within-study
improvements for short-term, building-level, and multi-energy load
prediction, suggesting that LLM-enabled approaches may be useful
beyond auxiliary interpretation roles in selected settings. However,
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these findings should be interpreted cautiously because the reported
gains depend on dataset characteristics, forecast horizons, baseline se-
lection, hyperparameter tuning, preprocessing choices, and whether the
language-model component was isolated through ablation experiments.
Therefore, the current evidence supports a context-dependent role for
LLM-enabled load forecasting rather than a general claim of superiority
over conventional ML or specialised time-series baselines.

A first group of studies adapts pre-trained large language models to
structured load-time series using parameter-efficient tuning. LFLLM
used a Llama 2-7B backbone with layer freezing for multi-voltage short-
term load forecasting and reported lower errors than the selected com-
parison models on several datasets, including AEMO, EWELD, and
REFIT, while also reporting favourable average zero-shot MAAPE/
SMAPE across datasets [86]. EnergyGPT likewise used a GPT-2-based
architecture with global and local dynamic feature selection and mul-
tiple lightweight adapters, reporting lower errors than the baselines
considered across seasons and four load types in the Arizona State
University dataset [87]. However, these results should be interpreted as
within-study findings rather than definitive evidence that LLM-based
models are generally superior to conventional ML or specialised
time-series forecasting baselines. The strength of the evidence depends
on the competitiveness of the selected baselines, the transparency of
hyperparameter tuning, the consistency of data preprocessing, and
whether equivalent training and evaluation budgets were applied across
models.

A second group of studies shows that LLM-enabled frameworks may
be particularly valuable when non-traditional contextual or heteroge-
neous inputs are incorporated. LLMSA fused socio-demographic text
with load-time series via a socio-related adapter and a socially aware
reprogramming layer, outperforming PatchTST, iTransformer,
TimeLLM, PatchTST wSoc, and BERT on the Irish CER dataset, achieving
up to 4.96% reduction in MSE [88]. BlackInter addressed building-level
few-shot and zero-shot forecasting under changing numbers of buildings
and reported that its prediction error fell to 42.88% of the best alter-
native method in the few-shot setting and 69.44% in the zero-shot
setting [89]. RSynLLM extended the scope further to risk-aware mul-
ti-energy forecasting, achieving the best MAE and RMSE across all re-
ported horizons compared with GRU, GCN, T-GCN, AGCRN, MegaCRN,
MPGTN, UrbanGPT, and STCInterLLM, while also incorporating asym-
metric decision risk via a CVaR-aware objective [90].

Overall, the reviewed studies suggest that load demand forecasting is
a promising empirical setting for LLM-enabled methods, particularly in
short-term, building-level, multi-energy, few-shot, and zero-shot fore-
casting contexts. However, the current evidence should be interpreted as
within-study performance reporting rather than definitive proof that
LLM-enabled models are generally superior to conventional ML or spe-
cialised time-series forecasting baselines. Reported improvements
appear to depend on multiple factors, including architectural adapta-
tion, parameter-efficient fine-tuning, contextual or heterogeneous data
fusion, baseline selection, hyperparameter-tuning transparency, and the
availability of comparable training and evaluation budgets. Therefore,
the most defensible interpretation is that LLM-enabled methods may
serve as useful components within hybrid load-forecasting pipelines
when numerical demand series are complemented by broader contex-
tual information, while conventional ML, statistical models, and speci-
alised time-series architectures remain essential and potentially
competitive baselines.

4.4. Cross-cutting issues in forecasting models

Beyond individual domains, cross-cutting issues such as forecast
horizons, robustness, and interpretability shape the broader adoption of
LLM-enabled and related forecasting approaches. While solar, wind, and
load demand forecasting highlight domain-specific benefits of LLMs,
several cross-cutting challenges and opportunities apply across all
renewable energy applications. These issues transcend individual
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domains and influence the broader effectiveness of forecasting models in
practice. Specifically, three dimensions forecast horizon suitability,
robustness under varying weather conditions, and interpretability are
critical for evaluating the reliability, scalability, and trustworthiness of
LLM-based systems. Addressing these dimensions helps assess when
LLM-enabled approaches may offer advantages over conventional ML,
and when those advantages remain limited or context-dependent.
Because cross-cutting challenges are conceptually distinct yet equally
critical, we structure this section into sub-subsections. This ensures each
issue is treated with sufficient depth while maintaining clarity.

4.4.1. Forecast horizon suitability of selected models

Forecast horizon is a key practical consideration when selecting a
model for renewable energy prediction. Short-term forecasts, spanning
minutes to hours ahead, are essential for real-time grid operations and
dispatch optimisation, whereas medium-term forecasts, spanning days
to weeks, and long-term forecasts, spanning months to years, support
maintenance scheduling, market planning, and investment decisions
[91,92].

Traditional machine learning models such as Random Forests and
Gradient Boosting Machines often perform well for short-to medium-
term forecasting when the inputs are structured, and temporal de-
pendencies are relatively limited. However, their performance
commonly degrades over longer horizons because they are less effective
at modelling complex temporal dynamics and long-range dependence
[93]. Recurrent sequence models such as Long Short-Term Memory
(LSTM) networks are better suited to capturing temporal structure and
can therefore remain competitive for medium-term forecasting,
although their effectiveness depends strongly on data quality and
sequence length [94].

Transformer-based forecasters and time-series foundation models
(TSFMs), by contrast, are designed to capture long-range temporal
dependence more effectively and are often better suited to multi-horizon
forecasting, including medium- and long-term settings, albeit with
higher computational cost [29,95]. Language-centric LLMs should be
distinguished from these numerical forecasting models. Their role is
most relevant when forecasting also depends on textual or contextual
information, such as maintenance logs, policy updates, market signals,
or operator reports, in which case they are better suited to LLM-enabled
hybrid pipelines rather than treated as generic substitutes for time-series
forecasters. CNNs, particularly when applied to spatially rich inputs
such as satellite imagery or two-dimensional representations of
time-series data, are effective for short-term and event-driven fore-
casting. Still, they usually require hybridisation with temporal models
for extended forecasting horizons [96].

A detailed summary of the relative suitability of selected model
classes for different forecasting horizons is provided in Supplementary
Table S1. To maintain taxonomy clarity, transformer forecasters and
time-series foundation models are separated from language-centric LLM-
enabled hybrid workflows.

4.4.2. Model generalisation and robustness under varying weather
conditions

An essential aspect of forecasting model evaluation is the ability to
generalise beyond the conditions represented in the training data.
Generalisation refers to whether a model maintains acceptable predic-
tive performance under unseen or poorly represented environmental
conditions, including storms, sustained cloud cover, abrupt wind-speed
shifts, and temperature anomalies. Traditional ML algorithms, such as
Random Forest and Gradient Boosting, can perform well under moder-
ately varying conditions, but their performance often degrades when
rare or extreme events are not adequately represented in the training set.
Deep learning models such as LSTM and CNN architectures generally
adapt better to complex nonlinear weather patterns, though they may
still be prone to overfitting when the training data lacks sufficient
variability.
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Transformer-based forecasters and time-series foundation models
(TSFMs) have shown strong potential for improved generalisation
because they can capture long-range temporal dependencies and, in
some cases, benefit from large-scale pretraining on diverse numerical
sequences. Their robustness under unusual weather conditions, how-
ever, still depends on the breadth, quality, and representativeness of the
data used during pretraining and adaptation. Language-centric LLMs
should be distinguished from these numerical forecasting models. In
forecasting workflows, LLMs are more appropriately used within hybrid
pipelines that incorporate textual or contextual information such as
meteorological reports, operational logs, or policy-related signals,
where they may support reasoning, retrieval, and decision-oriented
interpretation rather than acting as standalone weather forecasters.
Hybrid approaches that combine data-driven models with physics-based
simulations can further improve robustness by embedding physical
constraints that remain valid under extreme conditions. A detailed
comparison of the relative generalisation capabilities of the reviewed
model classes and their suitability under varying or extreme weather
conditions is provided in Supplementary Table S2.

4.4.3. Interpretability of reviewed models

In renewable energy forecasting, interpretability is essential for
building stakeholder trust, supporting operational decision-making, and
satisfying regulatory expectations. Forecast outputs must therefore be
translated into explanations that practitioners can understand and act
upon. Although general explainable artificial intelligence (XAI) tech-
niques such as LIME and SHAP can be applied across multiple model
families, the most suitable interpretability method depends on the un-
derlying model architecture and the type of reasoning it performs.

A detailed mapping of representative interpretability techniques for
the forecasting model classes discussed in this review is provided in
Supplementary Table S3. To maintain taxonomy clarity, conventional
tree-based models, recurrent neural networks, convolutional models,
transformer forecasters or time-series foundation models (TSFMs), LLM-
enabled hybrid workflows, and hybrid physics-informed approaches are
treated as distinct categories. The table maps each model class to suit-
able XAI methods and highlights the type of insight each pairing can
provide, including feature attribution, temporal relevance, spatial sa-
liency, token- or embedding-level attention, and adherence to physical
constraints. These explanations can help practitioners understand model
behaviour, identify the drivers of forecast outcomes, and assess the
reliability and trustworthiness of predictions in renewable energy
applications.

These cross-cutting interpretability issues also illustrate both the
potential and the limitations of current forecasting approaches. To
better understand the broader functions that may explain reported im-
provements across solar, wind, and load demand applications, the next
section examines the cross-domain roles of LLM-enabled and hybrid
forecasting pipelines in renewable energy systems.

5. Cross-domain capabilities of LLM-enabled and hybrid
forecasting pipelines in renewable energy

Building on the domain-specific evidence discussed above, this sec-
tion synthesises the cross-domain roles of LLM-enabled and hybrid
forecasting pipelines in renewable energy systems. Rather than treating
all transformer-based forecasting capabilities as intrinsic to LLMs, we
distinguish language-centric contributions from those of specialised
numerical, spatiotemporal, graph-based, and uncertainty-aware fore-
casting models. Across wind, solar, and load-demand applications, LLMs
mainly contribute through text interpretation, retrieval over unstruc-
tured evidence, contextual reasoning, explanation generation, and
operator-facing decision support. At the same time, dedicated fore-
casting components typically handle the primary numerical forecasting
task. Accordingly, this section focuses on recurring cross-domain func-
tions, including multimodal data integration, predictive maintenance
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Fig. 6. LLM-enabled multimodal data integration pipeline for renewable energy forecasting (Reproduced from Refs. [84,100]).

support, scenario-based decision
enhancement.

analysis, and data-quality

5.1. Multimodal data integration in LLM-enabled and hybrid pipelines

A key role of LLM-enabled forecasting pipelines is to integrate
structured energy data with unstructured contextual information.
Renewable energy forecasting increasingly draws on heterogeneous
sources, including SCADA telemetry, turbine and inverter measure-
ments, irradiance and weather records, maintenance logs, market
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documents, and operator notes [97,98]. In these settings,
language-centric LLMs are most useful for retrieving, interpreting, and
summarising textual or semi-structured evidence. At the same time,
specialised numerical, vision, or spatiotemporal models usually remain
responsible for processing physical measurements and generating
forecasts.

In wind, solar, and load-demand applications, multimodal pipelines
can combine time-series data with weather narratives, maintenance
records, remote-sensing products, socio-economic indicators, and mar-
ket or policy signals [8,99]. The main benefit, therefore, is not that LLMs
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Fig. 7. Architecture of a hybrid Spatiotemporal Graph-LLM framework for energy forecasting [108].

replace conventional forecasting models, but that they can support
context-aware fusion, anomaly interpretation, explanation generation,
and operator-facing decision support. Fig. 6 illustrates this general ar-
chitecture, where modality-specific encoders process numerical, visual,
and textual inputs before a fusion layer supports forecasting, diagnostic
outputs, uncertainty information, and explanation summaries.

5.2. Temporal and spatial pattern learning in hybrid spatiotemporal and
Graph-LLM frameworks

Accurate renewable energy forecasting depends strongly on the
ability to model complex temporal and spatial structure. In practice, this
capability is usually delivered by spatiotemporal forecasting architec-
tures, graph-based encoders, and other specialised sequence models
rather than by language-centric LLMs alone. Transformer-based times-
eries models and graph-aware hybrid systems can capture long-range
temporal dependence, non-linear interactions, and distributed spatial
relationships in renewable energy data [98,101]. Where LLMs are
incorporated, their role is generally to add contextual reasoning,
prompt-based conditioning, textual retrieval, or operator-facing expla-
nation on top of these spatiotemporal representations.

This distinction is important because many renewable energy fore-
casting tasks involve nonstationary, highly variable temporal processes.
Compared with traditional models that rely on fixed time windows or
struggle with temporal drift, spatiotemporal and transformer-based
forecasting models can better represent diurnal cycles, seasonal
weather patterns, regime changes, and delayed cross-variable effects
[102]. In wind forecasting, for example, hybrid spatiotemporal pipelines
may model turbulence, ramp events, and topographic influences across
sites and altitudes [103,104]. In solar forecasting, temporal de-
pendencies may include irradiance variation, lagged temperature ef-
fects, cloud-cover dynamics, and particulate accumulation [105,106]. In
load forecasting, the relevant temporal structure may involve demand
shifts associated with holidays, economic activity, mobility changes, or
other behaviourally mediated events.

Spatial pattern learning is likewise more appropriately attributed to
graph-based and multimodal forecasting architectures than to LLMs
alone. With suitable geospatial encoders and spatial embeddings, hybrid
frameworks can model wind shear across turbine clusters, cloud shadow
propagation over solar farms, and geographically varying demand
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spikes across urban grids [98]. When combined with LLM modules, the
resulting system can leverage these numerical and spatial representa-
tions alongside textual context, policy constraints, and domain in-
structions to support better interpretation and decision-making. Thus,
the overall spatiotemporal capability should be viewed as a property of
the hybrid forecasting framework, with the LLM playing a comple-
mentary role rather than acting as a universal forecaster in isolation.

Recent work on hybrid graph-LLM architectures illustrates this
design principle. As shown in Fig. 7, graph-based encoders can capture
node-level spatial dependencies, such as relationships among turbines,
solar sites, or grid regions. In contrast, recurrent or graph convolutional
layers capture temporal evolution across those nodes. These represen-
tations may then be converted into sequence-like tokens and combined
with textual context, domain knowledge, or task instructions for
downstream reasoning and decision support [107]. This type of fusion
can improve generalisation and contextual interpretation, but the un-
derlying spatial and temporal learning should still be attributed pri-
marily to the spatiotemporal forecasting stack.

5.3. Predictive maintenance and anomaly detection in LLM-enabled
monitoring workflows

Another important cross-domain role of LLM-enabled workflows lies
in predictive maintenance and anomaly detection, particularly when
structured sensor streams must be interpreted together with unstruc-
tured maintenance evidence. In renewable energy systems, unexpected
failures can cause costly downtime, repair expenditure, and lost gener-
ation. Traditional machine-learning approaches often depend on
domain-specific feature engineering and fault-labelled datasets. By
contrast, hybrid monitoring systems that include LLM modules can
improve scalability by combining numerical anomaly detection outputs
with maintenance logs, manuals, event reports, and operator observa-
tions [109].

In wind energy systems, monitoring pipelines may combine SCADA
measurements such as rotor speed, gearbox temperature, and vibration
readings with historical failure reports and technical manuals [110]. In
such settings, the LLM can help interpret textual maintenance evidence,
relate sensor anomalies to past failure descriptions, and support the
generation of maintenance recommendations. Similarly, in solar in-
stallations, hybrid monitoring systems may combine inverter fault logs,
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Fig. 8. Workflow diagram of an LLM-enabled predictive-maintenance methodology.

environmental data, and panel telemetry to detect potential degradation
mechanisms, such as microcracks, shading losses, or soiling [111].
Specialised monitoring models generally produce the forecasting or
anomaly signal itself, while the LLM strengthens contextual explanation
and operational reasoning.

In load demand systems, LLM-enabled monitoring may also help
interpret irregular consumption behaviour related to faulty smart me-
ters, cyber incidents, or unusual behavioural shifts [112]. Because
language-centric models can process both temporal summaries and
textual reports, they are well-suited to supporting root-cause interpre-
tation and  operator-facing  explanation = within = broader
anomaly-detection workflows. This interpretability is particularly
valuable when monitoring systems must be integrated into real-time
decision environments.

Fig. 8 presents an implementation-oriented predictive-maintenance
pipeline for renewable energy systems. The workflow begins with het-
erogeneous data ingestion, including SCADA telemetry, alarm and event
logs, maintenance records, inspection notes, manuals, and operating
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context, followed by parsing, standardisation, and quality control. The
processed information is then organised into complementary knowledge
and storage layers, including a time-series database for operational
history and a vector store with a knowledge graph for manuals, histor-
ical incidents, maintenance procedures, and fault relationships. On top
of this foundation, retrieval and feature-construction modules extract
anomaly windows, residual trends, similar past incidents, and relevant
procedures, which are passed to a hybrid predictive-maintenance engine
that combines baseline fault models with retrieval-augmented large-
language-model reasoning. This design enables evidence-grounded fault
diagnosis, root-cause explanation, maintenance action recommenda-
tions, and confidence-aware decision support. At the same time, human-
in-the-loop validation and safety fallback mechanisms improve robust-
ness for practical deployment.
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Table 6

Cross-domain roles of LLM-enabled and hybrid forecasting pipelines in renewable energy systems.

Fig. 9. LLM-enabled framework for renewable energy scenario simulation and decision optimisation [117].

Capability in the
hybrid pipeline

Cross-domain role

Wind Energy

Solar Energy

Load Demand

Multimodal data
integration

Temporal and spatial
pattern learning

Predictive
maintenance and
anomaly detection

Scenario modelling
and decision
support

Data quality
enhancement

Combines structured sensing, text, market, and
environmental context within a unified workflow

Captures temporal dependence and spatial
variability through spatiotemporal and graph-
based forecasting components, with LLMs adding
contextual reasoning

Combines sensor-based monitoring with textual
evidence for fault interpretation and maintenance
planning

Supports what-if analysis under uncertainty using
forecasting and optimisation outputs, plus
operator-facing interpretation

Improves dataset consistency, completeness, and
interpretability through harmonisation, parsing,
and context-aware preprocessing

SCADA logs, turbine
telemetry, maintenance
records, and weather
narratives

Turbulence patterns, wind
ramps, terrain effects

Rotor or gearbox anomalies,
vibration-based faults, and
maintenance reports

Grid balancing during
storms or ramp events

Harmonises SCADA formats;
flags missing or inconsistent
telemetry

Irradiance records,
atmospheric reports,
maintenance logs, remote-
sensing context

Seasonal irradiance cycles,
lagged temperature effects,
and cloud dynamics

Inverter degradation, shading
or soiling signals, operational
logs

Planning under extreme
weather or policy changes

Cleans noisy irradiance or
sensor logs; supports missing-
data handling

Smart meters, socioeconomic
indicators, market conditions,
policy documents

Diurnal cycles, peak load shifts,
holiday or event-driven demand

Smart-meter anomalies, irregular
usage patterns, and incident
reports

Dynamic pricing strategies and
demand-side management under
shocks

Detects inconsistencies in
consumption data; improves
integration of smart meter and IoT
sources

5.4. Scenario modelling and decision optimisation in LLM-enabled energy
management

LLM-enabled workflows can also support decision-making through
scenario-based analysis, especially when operators need to compare
multiple possible futures under uncertainty about weather, markets,
policies, or infrastructure. Renewable energy systems operate under
highly variable conditions, including climatic variability, grid con-
straints, price fluctuations, and regulatory interventions. In such set-
tings, scenario modelling is usually driven by forecasting, optimisation,
and uncertainty-aware numerical components, while LLM modules help

formulate queries, interpret scenario assumptions, explain outcomes,
and communicate recommendations to operators [113,114].

In wind and solar forecasting, hybrid decision-support systems may
simulate high-impact events such as storms, prolonged overcast periods,
curtailment conditions, or storage constraints. These systems can then
evaluate alternative operational responses, including storage dispatch,
load curtailment, reserve planning, or market participation strategies.
When language-centric models are included, they can help translate
structured inputs and scenario outputs into human-readable recom-
mendations, policy-aware reasoning, and operator-facing summaries,
rather than serving as the sole engine of probabilistic forecasting.
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Table 7

Addressing data quality challenges in renewable energy datasets using LLM-

enabled preprocessing and hybrid data-engineering workflows.

Ref. Challenge LLM-enabled solution Expected impact

[123] Missing values Context-aware support Preserves data continuity
for imputation using and improves training
temporal, spatial, and stability
cross-variable
relationships learned
from multimodal data

[124] Inconsistencies Automatic Reduces preprocessing

across sources harmonisation of errors and improves

variable names, units, dataset integration
and formats through
language-aware
metadata processing

[125] Bias in datasets Bias identification Improves the

through statistical and
semantic inspection of
data distributions, with
support for targeted
augmentation or
rebalancing

representativeness and
reliability of forecasts

[126] Noisy or LLM-based parsing, Improves signal-to-noise
unstructured cleaning, and entity ratio and supports more
inputs extraction from free- reliable downstream

text logs and irregular

forecasting

formats

For load-demand applications, LLM-enabled scenario analysis can
support planning for pricing interventions, weather shocks, changes in
consumer behaviour, or regulatory adjustments [115]. For example, a
hybrid framework may evaluate how a time-of-use tariff affects evening
peaks or how an extreme heatwave alters regional demand profiles.
When combined with forecasting, optimisation, and causal analysis
modules, LLMs can help interpret the implications of these scenarios and
present the results in a form that supports demand-side management and
resilient grid operation [116].

More generally, scenario modelling in renewable energy requires the
simulation of alternative futures under varying weather, operational,
market, and policy conditions. Hybrid pipelines that combine historical
generation data, meteorological inputs, operational logs, and optimisa-
tion constraints can generate multi-variable forecasts under different
assumptions. Within these systems, LLMs are most useful as contextual
reasoning and communication layers that help operators compare al-
ternatives, understand trade-offs, and align forecasting outputs with
real-world operational decisions.

Fig. 9 shows a representative LLM-enabled scenario simulation and
decision optimisation workflow. Meteorological forecasts, historical
generation data, and grid constraints are combined to generate alter-
native solar, wind, and load demand scenarios. The forecasting and
optimisation layers provide the quantitative basis for scenario evalua-
tion, while the LLM supports human-in-the-loop interpretation and
recommendation generation. This design enhances decision-making ef-
ficiency by enabling operators to explore multiple what-if scenarios
without altering physical grid configurations.

Table 6 provides a cross-domain summary of how LLM-enabled and
hybrid forecasting pipelines support renewable energy systems in wind,
solar, and load demand applications. The table highlights the main roles
these pipelines can play, including multimodal data integration, tem-
poral and spatial pattern learning, predictive maintenance and anomaly
detection, scenario modelling and decision support, and data quality
enhancement. It also makes clear that, in most cases, LLMs contribute
mainly through contextual reasoning, text interpretation, and operator
support. At the same time, specialised forecasting components handle
the main numerical and spatiotemporal forecasting tasks.
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5.5. Mitigating data quality issues in renewable energy datasets

A further role of LLM-enabled forecasting pipelines is to support data
quality improvement in real-world renewable energy datasets. These
datasets often contain missing values, inconsistent labels, heterogeneous
metadata, and sampling biases. In such cases, LLM modules can
contribute through natural-language understanding, metadata harmo-
nisation, contextual parsing, and knowledge-guided preprocessing,
while the actual numerical correction or imputation may still rely on
dedicated statistical or forecasting components [69,118].

First, LLM-enabled workflows can assist context-aware imputation
by recognising patterns and relationships across multimodal sources
such as SCADA logs, weather records, and market data. Second, their
language-processing capability can help harmonise metadata, variable
names, and format conventions across diverse datasets, reducing inte-
gration inconsistencies [119-121]. Third, hybrid data-quality pipelines
may use LLM-guided anomaly detection and bias analysis, supported by
historical records and domain ontologies, to identify systematic errors or
under-represented operating regimes that warrant targeted correction or
augmentation [122]. In this sense, the overall framework does not
merely consume existing data but can also support preprocessing steps
that improve dataset reliability before downstream forecasting.

To illustrate these roles, Table 7 summarises common data-quality
challenges in renewable energy datasets, the corresponding LLM-
enabled solutions, and their expected impact on forecasting reliability.
The table is intended to show how language-centric components can
strengthen preprocessing and interpretation within broader data-
engineering pipelines.

6. Challenges, future directions, and implementation guidance
6.1. Technical challenges

This section is organised into separate sub-subsections because the
principal technical barriers, including data quality, interpretability,
computational complexity, and hallucination risk with uncertainty
evaluation, are conceptually distinct and require dedicated treatment.
Presenting them individually helps clarify their specific implications for
the reliable deployment of LLM-enabled renewable energy forecasting
systems while maintaining the clarity and readability of the review.

6.1.1. Data quality

One of the primary challenges in applying LLMs is ensuring high-
quality, unbiased, and representative datasets for their training and
validation. Forecasting for Renewable Energy involves diverse data
sources such as meteorological reports, IoT sensor readings, satellite
images, and grid operational data. Inconsistencies, missing data and
biases in historical records can challenge LLM predictions [127,128]. In
addition, forecasting models may experience uncertainty due to data
gaps caused by sensor malfunctions, weather anomalies, or under-
reported consumption trends.

Moreover, merging heterogeneous data from various sources re-
quires comprehensive data preprocessing to ensure datasets are organ-
ised and cleaned [129]. These take the form of missing values,
anomalies, and differences in data formats, all of which will become
more frequent and complex, and for which there is a goal to improve the
efficiency of ML pipelines [130]. Cross-border energy cooperation,
especially, needs standards to address discrepancies in data collection
across regions.

Additionally, acquiring real-time information and synchronising
data across diverse energy actors (power plants, grid operators, policy-
makers, etc.) introduces logistical hurdles that require secure, scalable
data sharing [131]. Integrating smart contracts and payment channels
would enhance the efficiency and transparency of energy transactions
[132]. In addition, continuous monitoring of data and automated data
quality assessment techniques, such as anomaly detection models and
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more accurate and generalisable LLM-driven forecasting solutions
[135]. Resolving these challenges is crucial for improving the robustness
and accuracy of LLM-based renewable energy forecasting.

6.1.2. Model interpretability and explainability

Interpretability remains a pressing issue, as LLMs often operate as
black boxes, complicating trust and regulatory acceptance, making it
difficult to understand how they arrive at their predictions. Also,
interpretability is essential for trust and decision-making, for energy
grid operators and policymakers [136]. As LLMs employ deep learning
architectures that operate on massive amounts of data through multiple
layers of abstraction, our understanding of them is far more complex and
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nuanced by comparison, perhaps explaining the difficulties involved in
unpacking causal relationships [137].

In response to this, researchers are developing XAI methods specif-
ically tailored for energy forecasting, such as attention mechanisms,
feature attribution techniques, and surrogate models that capture LLM
behaviour in a more interpretable way. Visualisation techniques from
the attention domain (heatmaps, attention scores, etc.) help stake-
holders understand which features used in the prediction process
contribute the most to LLM-based results [138]. To further enhance
interpretability, feature attribution methods such as SHAP and LIME are
being employed to decompose intricate LLM decision-making into more
easily understandable building blocks [139].

Moreover, integrating domain-specific constraints and knowledge
graphs can enhance the transparency of LLM-based forecasting systems
[140]. By embedding physics-based modelling constraints into LLMs,
researchers aim to align Al-driven predictions with established scientific
principles governing energy generation and consumption [141]. Addi-
tionally, knowledge graphs enable LLMs to establish causal relationships
between energy consumption patterns, weather anomalies, and market
fluctuations, thereby improving decision-making accuracy [142].

Enabling energy stakeholders with interpretable outputs (e.g., con-
fidence intervals, uncertainty quantification, natural-language justifi-
cations) will be necessary for real-world adoption and regulatory
compliance in renewable energy governance [143]. Moreover, hybrid Al
strategies that combine LLMs with rule-based approaches and rein-
forcement learning are an active area of research aimed at achieving
better explainability without sacrificing predictive performance [144].
The adoption of LLMs for renewable energy solutions can be improved
by advancing explainability frameworks and interpretability mecha-
nisms to make them more trustworthy tools in the hands of energy
providers, policymakers, and regulatory structures [145].

Fig. 10 provides a multi-layered view of interpretability techniques
applied to LLM-based renewable energy forecasting. The top-left panel
presents an attention pattern heatmap, revealing that the model assigns
stronger attention weights to recent time steps, thereby capturing short-
term temporal dependencies essential for accurate forecasting. The top-
right panel shows SHAP-derived feature importance scores for a load
forecasting scenario, quantifying the influence of variables such as
temperature, solar irradiance, wind speed, and cloud cover on the pre-
dicted outputs. The bottom section synthesises these approaches into a
comprehensive interpretability framework, categorising them as
intrinsic (e.g., attention visualisation, physical constraints) or post-hoc
(e.g., feature attribution, surrogate models). This framework explicitly
links interpretability outputs to the trust and confidence of key energy
stakeholders, including grid operators, energy traders, and policy-
makers, thereby addressing the need for transparent, explainable, and
actionable LLM-driven forecasts in operational decision-making.

Table 8 presents the operational interpretability mechanisms incor-
porated into the proposed LLM-based forecasting framework, along with
their corresponding output formats and practical benefits for energy
sector decision-makers. By linking each mechanism to supporting liter-
ature, the table demonstrates how advanced XAI techniques, such as
natural language justification, scenario-based “what-if” analysis, and
SHAP-based visualisations, are adapted to address the specific trans-
parency needs of grid operators, policymakers, and regulatory bodies.
The inclusion of audit logging and domain-specific constraints ensures
that model explanations are not only comprehensible but also actionable
within the context of renewable energy governance and compliance.

6.1.3. Computational complexity, inference latency, and energy
consumption

Large language models introduce substantial computational, mem-
ory, and energy requirements that can constrain their practical use in
renewable energy forecasting. Compared with conventional machine
learning models and lighter transformer-based forecasters, general-
purpose LLMs typically require high-performance GPUs, larger
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Table 9
Reported strategies and evidence for balancing computational burden, latency,
and interpretability in LLM- and Al-enabled energy forecasting workflows.

Ref. Challenge Concrete Mitigation Operational

evidence strategy effect

[155]  High training Example use of Use smaller Reduces
energy a smaller domain- computational
consumption domain-specific specific load, memory

model, such as models instead demand, and
Llama 3.1 8B of very large carbon footprint
general- while retaining
purpose task relevance
models
LLMs

[156] Extensive Parameter- Fine-tune only Lowers
parameter efficient fine- a small subset adaptation cost
updates during tuning methods of parameters and makes
fine-tuning such as LoRA or customisation

prefix-tuning more feasible
can reduce GPU for utilities with
hours and limited compute
memory usage budgets

by up to 90%

[157] Heavy Distilled student ~ Deploy Preserves much
inference cost models are compressed of the predictive
in real-time reported to student models  utility with
forecasting reduce for inference- lower latency

inference time use and energy
burden and consumption
improve serving

efficiency

relative to

larger teacher

models.

[158] Carbon- Cloud or HPC Use a Aligns model
intensive resources can be  renewable- development
compute selected based powered cloud and deployment
infrastructure on renewable- or HPC with

powered infrastructure sustainability

Or lower carbon objectives and

supply reduces
lifecycle
emissions.

[159] Underutilised Shared Schedule Improves
hardware scheduling and training during ~ resource
during training  off-peak low-demand utilisation and

execution can periods and lowers the
improve share effective energy
accelerator HPC resources cost per
utilisation. experiment

[160]  Explainability Combined Use efficient Demonstrates
overhead in prediction and TreeSHAP that
near-real-time explanation computation, interpretable
forecasting time, including API-based forecasting can

SHAP and LIME,  deployment, remain viable
is and caching or  for near-real-
approximately surrogate time smart
250 ms per deployment energy
instance in a through applications
REST API plus distillation

IoT simulation

setting

[161] Need for LightGBM is Combine Improves trust,
transparent identified as the = accurate situational
forecasting best trade-off tabular awareness, and
without among forecasting decision
sacrificing evaluated ML models with support in
practical models, while posthoc XA renewable-rich
usability SHAP and LIME ~ methods operational

provide global rather than settings
and local relying on

explanations for ~ opaque black-

PV, wind, and box outputs.

electric demand

forecasting
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Table 10
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Concrete evidence on model scale, computational cost, latency, and interpretability-related signals from representative studies.

Ref. Task/domain Concrete model-size or compute Latency/deployment evidence Interpretability-related evidence Use in this review
evidence
[160]  Multi-scale Holt-Winters + XGBoost + XAI Combined prediction and SHAP, LIME, permutation feature Strongest evidence in this review

household energy
forecasting

framework; reports very high
predictive accuracy with R* =
0.9999 and RMSE = 0.00344

explanation time is
approximately 250 ms per
instance using a REST API
integrated with an IoT simulation;
also reports Streamlit dashboard
and Flask deployment.

importance, and partial
dependence plots; LIME stability
analysis is also reported

for combining concrete
explainability with deployment-
oriented latency evidence

[161] PV, wind, and Evaluates multiple ML models, No explicit hardware or SHAP quantifies global and local Strong evidence for practical post-
electric-demand including XGBoost, Random numerical latency reported, but feature contributions; LIME hoc XAI integration in renewable
forecasting Forest, NGBoost, CatBoost, SVR, the framework is positioned for provides case-specific energy forecasting, but weaker on

and KNN, with LightGBM scalable deployment in explanations; the paper includes compute-cost quantification
identified as the best trade-off renewable-rich operational SHAP-based global and local

between accuracy, stability, and settings. interpretation and instance-level

interpretability LIME explanations

[162]  Load, solar, and Reports workstation-level Simulated near-real-time setting SHAP, LIME, and Transformer Useful supporting evidence for
wind multi- compute setup: Intel Core i9 CPU,  with sub-second inference latency  attention heatmaps are explicitly combined XAI, hardware, and
horizon 32 GB RAM, NVIDIA RTX 3090 of approximately 0.12 s per used; SHAP identifies influential latency reporting in hybrid deep-
forecasting with 24 GB VRAM; batch size = sample; interpretability adds only ~ features, LIME provides local learning energy forecasting,

64, learning rate = 0.001, about 0.01 s explanations, and attention maps although deployment is evaluated
dropout = 0.2-0.3 highlight salient time steps and in a controlled simulated
variables environment rather than a full
operational field setting

[163] Load forecasting/ Uses LoRA for parameter-efficient ~ States that LoRA introduces No SHAP or LIME reported Strong evidence for parameter-
privacy-preserving  fine-tuning; updates only low- minimal additional inference efficient adaptation and
smart grids rank matrices while freezing the latency because Wx and (AB)x can qualitative latency mitigation in

base LLM; reports r = 64, a = 64, be computed in parallel; no LLM-based load forecasting
and dropout = 0.1 absolute latency value reported

[164] PV production and  Reports training time per epoch Provides direct training-time Attention mechanism is described Strong evidence for concrete
consumption-load across models: CNN 28 s, LSTM evidence, but not inference as learning sequence dependence computational-cost comparison
forecasting 41 s, GRU 40 s, TCN 41 s, latency and enabling parallel GPU-based and accuracy-cost trade-off

Transformer 33 s, CNN-TCN 44 s, processing, but no post-hoc SHAP analysis
CNN-GRU 43 s, CNN-LSTM 46 s, or attention-visualisation output is
and CT-Transformer 49 s reported

[165]  Park-level Explicitly uses LLAMA-7B for Applied in an intelligent park- No formal XAI method reported Useful evidence for model scale in
integrated energy photovoltaic and wind power management setting, but no an applied energy-management
systems/green prediction in the smart numerical latency value is setting
power forecasting management system reported

[166]  Wind speed Reports optimiser Adam, learning ~ No hardware or explicit latency Provides architectural Useful as evidence of transformer
forecasting rate 0.0002, number of multi- reported interpretability signals through design complexity and attention-

head attention = 2, dropout = temporal attention and interactive  based architectural reasoning
0.3, epochs = 100, batch size = attention across multi-resolution
32, and MRI blocks = 3 subsequence, but not post-hoc XAI

visualisation

[167]  Multiple wind- Reports results averaged over 100  No explicit latency or hardware Multi-head attention is used to Useful as supporting evidence

farm forecasting runs; for 8 h-ahead forecasting, reported capture cross-farm correlations, that transformer parallelism and
Transformer + achieves an MAPE but no SHAP, LIME, or explicit attention can improve forecasting
of 8.4%; the paper states that the attention-map visualisation is quality and efficiency
parallelised input structure shown.
improves model training
efficiency.
Table 11 infrastructure, which may limit adoption by utilities, grid operators, and
able

Integration challenges for deploying LLMs in renewable energy forecasting.

smaller organisations [152,153]. The sustainability dimension is also

Ref. Integration Area

Challenge Description

important because training and serving large models in energy-intensive

data centres can increase the carbon footprint of Al-enabled forecasting

[168] SCADA Systems

[169] IoT and Smart
Devices

[69] Grid
Infrastructure

[170] Policy and
Regulation

Integration with supervisory control and data
acquisition (SCADA) pipelines is impeded by
proprietary protocols, high-frequency streams, and
limited interoperability with modern Al data buses.
Explosive growth of IoT sensors and smart meters
produces large, continuous streams that LLMs must
ingest and infer on securely and in (near) real time.
Legacy grid assets may lack compute, bandwidth, and
standardised interfaces to host or interact with LLM-
based forecasting, creating deployment bottlenecks.
Compliance with evolving market rules, cybersecurity

burdens

models

can
parameter-efficient
hardware-aware deployment. As summarised in Table 12, reported
mitigation strategies include the use of smaller domain-specific models
such as Llama 3.1 8B, parameter-efficient fine-tuning methods that can
reduce GPU hours and memory usage by up to 90%, distilled student
for lower-cost
resource-shared computing infrastructure [155-159].

be reduced
adaptation,

inference,

and

workflows [154]. However, the reviewed literature indicates that these
through
model

model-size  selection,
compression, and

renewable-powered or

baselines, and data governance (privacy/retention/
sovereignty) can lag behind technical capability,

constraining rollout.

memory budgets, and more costly cloud or high-performance computing
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The interpretability side of this trade-off also requires concrete
treatment rather than purely qualitative discussion. In this review,
Fig. 10 already illustrates representative explainability mechanisms,
while Table 11 summarises operator-facing interpretability tools,
including temporal saliency analysis, natural-language justifications,
scenario-based what-if analysis, and audit logging. Recent forecasting
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Table 12
Recommended benchmarking and reporting template for renewable energy
forecasting studies.

Item Recommended reporting fields

Dataset description Sourece, site or region, asset type, date range, sampling
interval, number of assets, missing-data rate, and whether
data are from SCADA, IoT, weather feeds, maintenance logs,
market signals, or mixed modalities [171].

Target variable, forecast horizon, update frequency, point or
probabilistic forecasting, and whether the task includes
anomaly detection or decision support [172].

Forecast task

Data split Train, validation, and test periods; rolling-origin or blocked
split strategy; leakage controls; and whether cross-site or
cross-season generalisation is evaluated [173].

Baselines Persistence model, statistical baseline, conventional ML

model, recent transformer forecaster, and ablation of the
proposed LLM-enabled components [16].

MAE, RMSE, MAPE, R?, calibration error for probabilistic
outputs, and event-specific metrics where ramp or fault events
are relevant [174].

Mean and standard deviation across runs, confidence
intervals, and statistical significance testing where repeated
experiments are feasible [174].

GPU or CPU type, memory, parameter count, training time,

Evaluation metrics

Statistical testing

Compute and

hardware inference batch size, and whether quantisation, pruning, or
distillation is used [175].
Operational End-to-end latency, throughput, model warm-start time,
metrics retrieval time, data freshness, and system availability [173].

Robustness checks Performance under missing data, delayed telemetry, sensor
drift, distribution shift, and unseen weather regimes [173].
Edge, on-premises, cloud, or hybrid deployment; model
serving framework; fallback policy; and human oversight

requirements [16].

Deployment
context

studies provide stronger empirical support for this discussion. For
example, XAl-enabled household energy forecasting frameworks have
reported SHAP, LIME, permutation feature importance, and partial
dependence plots together with deployment-oriented evidence such as
REST API integration and response times of approximately 250 ms per
instance [160]. Similarly, renewable forecasting studies based on
LightGBM have combined SHAP-based global and local explanations
with instance-level LIME analysis for photovoltaic, wind, and
electric-demand prediction [161]. In addition, an interpretable hybrid
deep-learning framework for load, solar, and wind forecasting has re-
ported explicit SHAP, LIME, and attention-heatmap analysis together
with workstation-level hardware details and sub-second inference la-
tency, with only a small interpretability overhead [162]. These studies
demonstrate that explainability in forecasting can be operationalised
through both post-hoc feature-attribution methods and attention-based
visual mechanisms rather than remaining an abstract design goal.

To complement the mitigation-oriented summary in Table 9,
Table 10 consolidates representative evidence on model scale, compu-
tational burden, latency, deployment context, and interpretability sup-
port across selected studies. The resulting pattern is clear. LLM- and
transformer-based forecasting systems can provide richer multimodal
reasoning and more flexible operator support, but they must be carefully
matched to the timing and resource constraints of the deployment
environment. Not every task in a SCADA- or IoT-connected forecasting
pipeline requires continual invocation of a large model. In practice,
lightweight baselines, compressed student models, or efficient gradient-
boosting predictors may be more appropriate for high-frequency pre-
diction loops, while larger language-enabled components may be
reserved for multimodal retrieval, event summarisation, anomaly
explanation, and decision support.

This design principle aligns with the implementation-oriented
deployment blueprint in Section 6.4, which treats latency monitoring,
fallback logic, and selective LLM invocation as first-class operational
requirements. Model pruning, quantisation, distillation, and parameter-
efficient fine-tuning should therefore be viewed not only as sustain-
ability measures, but also as practical enablers for real-time or near-real-

26

Renewable and Sustainable Energy Reviews 239 (2026) 117171

time deployment [152]. Additional efficiency gains may come from
specialised hardware accelerators such as TPUs and energy-efficient Al
chips [176], renewable-powered cloud or HPC infrastructure, and, in the
longer term, federated or decentralised Al pipelines that shift part of the
computational load toward localised energy nodes [177]. Overall, the
reviewed literature suggests that the most viable pathway is not unre-
stricted model scaling, but careful matching of model size, inference
pathway, and interpretability support to the latency, cost, and gover-
nance constraints of the target forecasting workflow.

6.1.4. Hallucination risk and uncertainty evaluation

Reliable deployment of language-centric models in renewable en-
ergy forecasting requires explicit treatment of two closely related issues,
namely hallucination and predictive uncertainty. In this context,
hallucination refers to outputs that appear fluent and plausible but are
not adequately supported by the available numerical evidence, retrieved
documents, or physical operating constraints. Within renewable fore-
casting workflows, hallucinations may appear as fabricated causal ex-
planations for forecast changes, incorrect summarisation of
maintenance logs, invented links between weather events and asset
behaviour, or overconfident recommendations that are inconsistent
with SCADA telemetry or validated baseline models [16]. These failure
modes are especially problematic in operator-facing settings because
natural-language explanations can create a false sense of confidence
even when the underlying forecast or recommendation is unreliable.

Hallucination risk can be reduced, although not eliminated, through
grounding and verification strategies. In LLM-enabled renewable energy
forecasting, retrieval-augmented generation (RAG) should be restricted
to trusted operational sources such as SCADA records, maintenance logs,
validated weather feeds, and documented grid events, with retrieved
evidence filtered by timestamp, asset identifier, and relevance score
before being used in model responses [178,179]. Structured output
constraints, tool-based validation, and schema checking can further
reduce unsupported responses by requiring the model to report specific
variables, units, timestamps, event codes, and uncertainty bands rather
than producing unrestricted free-text explanations. For high-impact
operator-facing recommendations, generated explanations should be
cross-checked against numerical forecasts, physical operating limits,
rule-based safety constraints, and recent telemetry before they are dis-
played or acted upon. Where evidence is incomplete or inconsistent, the
system should abstain, flag low confidence, or fall back to the last
validated forecast or a lightweight baseline model, with human review
required for abnormal, safety-critical, or dispatch-relevant cases [180].
Empirical grounding should also be reported through measurable in-
dicators such as retrieval precision, evidence-support rate,
unsupported-claim rate, physical-constraint violation rate, abstention or
fallback frequency, expert agreement on generated explanations, and
performance under missing or delayed telemetry. These measures make
hallucination mitigation auditable and allow future studies to evaluate
whether LLM-generated explanations and recommendations are genu-
inely supported by operational evidence rather than merely plausible.

Uncertainty quantification is equally important because forecasting
quality in renewable energy systems cannot be adequately assessed
using point-error metrics alone. Wind, solar, and load forecasting are
affected by meteorological variability, sensor noise, missing data,
regime shifts, and site-specific non-stationarity, all of which introduce
both data uncertainty and model uncertainty. Accordingly, studies
should report probabilistic forecasts whenever possible, for example,
through prediction intervals, quantile forecasts, distributional outputs,
or ensemble-based uncertainty estimates [181,182]. Conformal predic-
tion is particularly relevant in this setting because it can provide cali-
brated prediction intervals or sets with finite-sample coverage
guarantees under relatively weak assumptions, making it attractive for
operational forecasting tasks where distribution shift and limited
labelled data are common [74]. Calibration analysis is also necessary to
determine whether predicted confidence levels are consistent with
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observed frequencies rather than merely appearing numerically
plausible.

From an evaluation perspective, future benchmarking should include
both accuracy and reliability criteria. In addition to MAE, RMSE, or
MAPE, studies should report interval coverage, mean interval width,
pinball loss for quantile forecasts, calibration error or reliability dia-
grams, and proper scoring rules such as the continuous ranked proba-
bility score when distributional forecasts are available [26,183]. The
evaluation should also examine whether uncertainty remains
well-calibrated under missing telemetry, delayed data ingestion, sea-
sonal shifts, unseen sites, and rare ramp events. For LLM-enabled fore-
casting systems, these reliability checks should be complemented by
hallucination-oriented evaluation measures, including retrieval preci-
sion, evidence-support rate, unsupported-claim rate, physical-constraint
violation rate, abstention or fallback frequency, and expert agreement
on generated explanations. This is important because an
uncertainty-aware and explanation-generating model is useful only
when both its confidence estimates and its natural-language outputs
remain grounded, calibrated, and informative under the same opera-
tional stressors that degrade forecasting performance.

More broadly, hallucination mitigation and uncertainty evaluation
should be treated as linked requirements for trustworthy deployment
rather than as separate add-ons. A forecast explanation that is not
grounded in verified evidence is unsafe, and a numerically accurate
forecast without calibrated uncertainty may still be misleading for
dispatch, reserve scheduling, or operator intervention. Therefore, reli-
able renewable forecasting pipelines should combine grounded
retrieval, constrained reasoning, explicit uncertainty reporting, fallback
logic, and auditability.

6.2. Integration challenges

Beyond technical barriers, integrating LLMs into existing energy
infrastructure and regulatory frameworks presents additional hurdles.
While technical challenges focus on LLM performance, a separate set of
obstacles arises when embedding these models into real-world energy
systems. However, renewable energy forecasting doesn't operate in
isolation; it has to be aligned with the operational SCADA pipeline, IoT
sensor networks, existing power grids, and evolving regulatory frame-
works. LLMs' success depends not only on their technological sophisti-
cation but also on how well they can be integrated into the energy
sector's existing digital and physical ecosystem. To summarise the key
integration barriers and their implications for LLM deployment in
renewable energy forecasting, Table 11 consolidates the main challenge
areas together.

6.3. Future directions

We structure this section into sub-subsections to highlight each
research agenda item, such as hybrid AI approaches, benchmarks and
datasets, SCADA integration, and responsible Al, as independent di-
rections. This ensures that the breadth of future work is conveyed clearly
without compressing diverse opportunities into a single narrative.

6.3.1. Hybrid Al approaches

Enhanced precision and resilience through the integration of LLMs
and physics-based models [184]. This technique enables LLMs to
leverage basic energy principles and domain-specific constraints, lead-
ing to more robust, physically meaningful predictions. Hybrid Al models
that combine machine learning-based pattern recognition with
physics-driven modelling can improve renewable energy predictions,
particularly in cases of limited training data or rapidly changing envi-
ronmental variables [185]. Moreover, hybrid AI models enable more
comprehensible scenario-based simulations by integrating NWP models,
real-time sensor measurements, and CFD simulations [186]. This com-
bination enhances assessments of wind and solar energy resources,
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optimising energy generation strategies under various meteorological
and grid conditions [187-189].

Furthermore, hybrid AI frameworks can utilise reinforcement
learning to adjust forecasting models based on their past performance,
thereby improving subsequent predictions [190]. These paradigms
enable self-learning for models by analysing and correcting systematic
errors over time through parameter adjustment. Hybrid models are
particularly useful for embedding expert knowledge and decision
frameworks based on well-established rules (thus ensuring from the very
start that Al predictions adhere to established physical and engineering
principles) [191,192]. We believe that such an integration limits the
potential for incorrect predictions, while improving model interpret-
ability and thereby the broader trustworthiness of Al-guided energy
forecasts for decision-makers, such as politicians, energy grid managers,
and investors [193].

In addition, hybrid models enable multi-objective optimisation of
energy efficiency, cost-effectiveness, and sustainability objectives
[194-196]. These are all important applications, such as optimising
energy storage strategies, minimising power losses in transmission net-
works, and improving the economic viability of integrated renewable
energy projects. This synergy between LLMs and physics-based models
represents a new frontier in Al-driven energy forecasting, offering the
potential for high reliability, adaptability, and explainability to support
informed decision-making in renewable energy management.

6.3.2. Explainability and interpretability

Techniques to augment transparency and trust in predictions made
by LLMs for stakeholders of the energy sector using attention visual-
isations, SHAP (Shapley Additive Explanations), or LIME (Local Inter-
pretable Model-Agnostic Explanations) [197,198]. Such methods can
therefore be helpful for interpreting LLM-generated predictions and for
identifying key influencing variables in energy forecasting [199].
Additionally, introducing loss functions that incorporate domain
knowledge of constraints and physics into LLM architectures will ensure
that outputs are consistent with the behaviours of real-world energy
systems, in that forecasts reflect the physical fundamentals of electro-
mechanical energy production and loads [73,200].

Table 13
Example reporting fields for SCADA-connected and context-aware renewable
energy forecasting studies.

Field Type Description
timestamp datetime UTC timestamp for each record after time
synchronisation.
asset id string Unique identifier for turbine, inverter, feeder,
plant, or smart meter.
site id string Plant or region identifier for multi-site forecasting.
target variable float Measured power output, load demand, or other
prediction target.
weather vector Forecast or measured exogenous variables such as
features wind speed, irradiance, temperature, humidity,
and pressure.
operational vector SCADA telemetry such as rotor speed, blade pitch,
_features inverter status, voltage, current, frequency, or
storage state of charge.
quality flag categorical  Indicator for missingness, sensor fault, manual
correction, or out-of-range values.
event code string Alarm, curtailment, outage, or maintenance event
identifier.
event text text Free-text maintenance note, operator comment,
incident summary, or weather bulletin.
retrieval id string Key linking the time-stamped record to retrieved
documents or vector-store entries.
forecast horizon  integer Prediction horizon in minutes or hours.
prediction float Model output for the specified horizon.
uncertainty vector Prediction interval or quantile outputs when
band uncertainty is reported.
model version string Version tag for auditability, rollback, and

reproducibility.
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Additionally, integrating explainability tools such as counterfactual
reasoning, feature attribution, and causal analysis can further enhance
the trustworthiness of LLM-driven forecasts [201,202]. Future research
must strive to design user interfaces that enable grid operators and
decision-makers to explore, analyse, and verify LLM-generated insights
using interactive dashboards, natural language queries, and mechanisms
for in-context feedback. A future challenge in bridging theoretical Al
models and practical decision-making for energy management will be
ensuring that decision-makers can see and act on the predictions
generated by advanced Al models.

6.3.3. Development of energy-specific LLMs

Fine-tuning LLMs specifically for energy data by integrating domain
knowledge, physics-based constraints, and renewable energy system
dynamics [203,204]. This is achieved by incorporating essential ele-
ments, such as weather-dependent variability, grid infrastructure pa-
rameters, and operational limits, into model architectures to enhance
predictive accuracy [205]. Physics-informed neural networks (PINNSs)
can creatively design inputs for predictions that align with the funda-
mental laws governing the respective energy systems [206,207]. Also,
Self-supervised learning techniques, which have gained traction in
recent years, would allow LLMs to be updated in tandem to keep pace
with changes in the energy marketplace, regulation, and renewable
energy technologies without requiring large amounts of labelled data
[13,208]. This potentially improves the model's generalisation and
robustness across different energy modes.

In particular, future work should investigate the application of spe-
cialised LLMs to sector-specific energy areas, such as demand response
management, where LLMs can be used to develop optimised energy
consumption patterns and strategies based on real-time grid conditions
and underlying economics. From a grid operation perspective, LLMs can
be key to identifying faults, cybersecurity threats, and inefficiencies on
the grid before they materialise into catastrophic failure by building an
understanding of anomalies [209,210]. For example, we could use LLMs
to power predictive maintenance of energy assets by analysing sensor
data, historical performance logs, and environmental variables to
schedule equipment servicing in advance, minimising downtime.

By integrating these advanced techniques, energy-specific LLMs can
significantly improve grid resilience, reduce operational costs, and
promote a more sustainable and intelligent energy ecosystem.

6.4. Evidence-informed reporting guidance for SCADA-connected LLM-
enabled forecasting studies

To avoid presenting a speculative deployment architecture, this
subsection reframes the implementation discussion as evidence-
informed reporting guidance derived from recurring themes in the
reviewed literature. Across the reviewed studies, practical deployment
concerns repeatedly include data interfaces, SCADA and IoT integration,
inference latency, serving configuration, fallback logic, monitoring,
auditability, and human oversight [211-213]. However, only a limited
number of studies provide full operational validation in live SCADA
environments. Therefore, the benchmarking template, schema fields,
and serving considerations presented below should be interpreted as
recommended reporting items and synthesis-based deployment consid-
erations rather than as a validated universal SCADA deployment
blueprint.

6.4.1. Benchmarking and reporting template

For fair comparison between conventional ML, transformer fore-
casters, time-series foundation models, and LLM-enabled pipelines,
studies should report the items listed in Table 12. This structure is
intended to reduce ambiguity caused by heterogeneous datasets, hori-
zons, and evaluation protocols.
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6.4.2. Example reporting fields for SCADA and contextual data

Because the reviewed literature reports heterogeneous SCADA, IoT,
weather, and contextual data inputs, future studies would benefit from
clearer and more consistent reporting of the data fields used in fore-
casting pipelines. Table 13, therefore, provides example reporting fields
that can help describe SCADA-connected, context-aware forecasting
studies more transparently. The table is not intended to prescribe a
universal schema, but to summarise the types of structured and un-
structured information that are commonly relevant when linking
renewable-energy forecasting models with operational data streams.

6.4.3. Serving architecture, latency, and deployment considerations
Building on the evidence-informed reporting perspective above, this
subsection summarises serving, storage, fallback, and monitoring con-
siderations that recur across the reviewed literature and should be re-
ported more transparently in future SCADA-connected forecasting
studies. Rather than prescribing a validated deployment architecture,
these considerations can be organised into five reporting dimensions.

1. Ingestion layer: SCADA and [oT streams are collected continuously,
validated for missing values and range violations, and aligned with
lower-frequency meteorological and market data.

2. Feature and retrieval layer: Structured telemetry is written to a
time-series or relational store, while maintenance notes, incident
reports, and policy documents are indexed in a vector or document
store to support retrieval-augmented inference.

3. Model serving layer: Conventional machine learning or
transformer-based forecasters generate the primary numerical fore-
cast, while the LLM module is invoked selectively for multimodal
fusion, anomaly explanation, summarisation, or event-aware
adjustment rather than for every control-cycle decision.

4. Decision and fallback layer: If telemetry is delayed, retrieval fails,
or the LLM response exceeds the latency budget, the system falls back
to the last validated forecast or to a lightweight baseline model.

5. Monitoring layer: The deployment logs model version, input
freshness, inference time, forecast error, drift indicators, and oper-
ator overrides to support auditing and periodic recalibration.

Because latency tolerance is application dependent, no single
threshold is appropriate for all renewable energy systems. Nevertheless,
an illustrative operational envelope for short-horizon forecasting can be
reported as follows: data ingestion and validation within 1-2 s, feature
refresh and retrieval within 1 s, primary model inference within 1-3 s,
and total advisory response time within 5-10 s [214, 215]. These values
should be treated as reporting targets rather than universal
requirements.

Key deployment risks include timestamp misalignment across sour-
ces, packet loss in telemetry streams, schema drift, retrieval of irrelevant
textual context, excessive inference latency during peak load, model
degradation under seasonal shift, and limited auditability of generated
natural-language explanations. Accordingly, production deployment
should include schema validation, queue back-pressure handling,
confidence-based abstention, human review for high-impact recom-
mendations, and scheduled re-evaluation against strong non-LLM
baselines.

Overall, this evidence-informed guidance clarifies that future work
should report not only predictive accuracy, but also data-interface as-
sumptions, latency constraints, model-serving choices, fallback behav-
iour, monitoring procedures, and the extent of operational validation.
This framing avoids treating the proposed fields as a validated archi-
tecture and instead positions them as reporting recommendations
derived from the limitations and recurring deployment concerns iden-
tified in the reviewed literature.
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7. Conclusion

Building on the literature synthesised in this review, LLMs and
related foundation model approaches are emerging as promising tools
for renewable energy forecasting and optimisation across wind, solar,
and load demand applications. Their main potential lies in the ability to
integrate heterogeneous information sources, including historical en-
ergy data, meteorological observations, operational records, and textual
context, thereby supporting forecasting workflows that extend beyond
conventional single-source prediction pipelines. Across the studies
reviewed, some papers report improvements in forecasting quality,
interpretability, or decision support, particularly in multimodal and
hybrid settings. However, these benefits are not universal and remain
strongly dependent on dataset characteristics, model design, evaluation
protocol, and operational context. Accordingly, this review does not
claim that LLM-based methods exhibit superior standardised perfor-
mance to traditional machine learning approaches, because the included
studies differ substantially in datasets, forecasting horizons, baselines,
and evaluation procedures, which limit direct quantitative comparisons.

This review should be understood as a targeted extension of the
existing LLM-energy review literature rather than as a first-of-its-kind
survey. While prior reviews have examined LLM applications across
energy systems, power systems, smart grids, and building energy con-
texts, the present review narrows the focus to renewable energy fore-
casting and optimisation, particularly wind, solar, and load-demand
applications. Its main contribution is therefore the consolidation of this
narrower forecasting-oriented evidence base, with emphasis on dis-
tinguishing language-centric LLM pipelines from time-series foundation
models and general transformer-based forecasters, and on highlighting
methodological and deployment-related issues such as benchmarking
practice, evaluation design, SCADA/IoT integration, uncertainty, and
reliability.

The review further shows that, although progress is encouraging, the
application of LLMs in renewable energy forecasting remains at an early
stage of maturity. Major challenges persist in relation to data quality,
interpretability, computational cost, reproducibility, regulatory
compliance, and robust real-time deployment. In addition, hallucination
risk and uncertainty quantification remain critical but under-addressed
issues. In safety- and reliability-sensitive forecasting settings, fabricated
explanations, unsupported recommendations, or poorly calibrated con-
fidence estimates can undermine trust even when average predictive
accuracy appears favourable. For this reason, future studies should
evaluate not only point prediction performance but also hallucination
resilience, calibration quality, probabilistic reliability, and interval-
based uncertainty behaviour under realistic operating conditions.

Looking ahead, future research should prioritise open and repro-
ducible benchmarks, stronger comparative evaluation against conven-
tional and transformer-based baselines, and clearer reporting of data
regimes, forecast horizons, and evaluation metrics. Greater emphasis is
also needed on grounded and trustworthy deployment practices,
including retrieval validation, structured output constraints, fallback
logic, human oversight, and uncertainty-aware forecasting frameworks
such as probabilistic prediction, calibration analysis, and conformal
prediction. Additional research is warranted on physics-informed and
hybrid artificial intelligence frameworks, transferability across regions
and energy markets, and low-latency integration into streaming opera-
tional environments. Embedding these models into practical forecasting
pipelines, including Supervisory Control and Data Acquisition work-
flows and real-time decision support systems, will be essential for
translating research progress into operational value. With these ad-
vances, LLM-enabled systems may become useful supporting compo-
nents of renewable energy forecasting and management, provided that
their benefits are assessed rigorously, their uncertainty is reported
transparently, and their limitations are managed explicitly.
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