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Abstract

The output of photovoltaic power generation exhibits significant randomness, volatility,
and intermittency, and its uncertainty will have an impact on the planning assessment,
dispatch decision-making, and real-time operation of the power system. To systemat-
ically understand the development status of modeling methods for the uncertainty of
photovoltaic power generation, this paper conducts a review around the generation of an-
nual scenarios and multi-timescale power prediction of photovoltaic power, and analyzes
the correlations between photovoltaic output, influencing factors, and system applica-
tions from the perspective of statistical relationships and artificial intelligence. For the
annual scale, the focus is on the generation methods of meteorological-driven scenarios for
long-term sequences, including probability statistical methods, deep generation methods,
constraint relations and engineering application evaluation issues; for the day-ahead scale,
the historical power, meteorological variables and numerical weather forecasts are used to
explore feature extraction, probability prediction and robust modeling methods; for the
intraday scale, the signal decomposition, deep learning, regional collaborative modeling
and multi-source perception methods for short-term power fluctuations perception are
summarized. On this basis, further analysis is conducted on subsequent research directions
such as multi-timescale collaborative modeling, multi-source heterogeneous information
fusion, controllable generative modeling, extreme scenario characterization, and engineer-
ing closed-loop verification. This paper can serve as a reference for scenario generation,
power prediction, and power system operation analysis under the condition of a high
proportion of photovoltaic power integration.

Keywords: photovoltaic power generation; statistical relational artificial intelligence;
scenario generation; power forecasting; multi-timescale modeling

1. Introduction
Driven by the low-carbon energy transition and the large-scale development of re-

newable energy, photovoltaic (PV) power generation is gradually evolving from a sup-
plementary power source into an important component of modern power systems. PV
output is jointly affected by solar irradiance, ambient temperature, cloud evolution, weather
processes, PV plant operating conditions, and grid-connected control strategies, exhibiting
both periodic patterns and stochastic disturbances. With the increasing penetration of PV
generation, output deviations no longer only affect the generation schedules of individual
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PV plants but also influence power system planning, dispatch operation, reserve allocation,
energy storage control, electricity market participation, and risk assessment. Therefore, sce-
nario generation and power forecasting for PV uncertainty have become important research
topics in renewable power system analysis and AI-enabled energy engineering [1–3].

From the perspective of timescales, PV uncertainty modeling can be divided into
three interrelated tasks with different emphases: annual scenario generation, day-ahead
power forecasting, and intraday power forecasting. Annual scenario generation focuses on
constructing long-term PV output or PV-related meteorological variable sequences, with
particular attention to seasonal variation, intra-annual periodicity, long-term distribution
characteristics, and the coverage of extreme samples. It mainly supports capacity planning,
energy storage configuration, probabilistic power flow analysis, and operational risk as-
sessment [4–7]. Day-ahead power forecasting aims to predict PV output variations over
the next day or several days, usually relying on historical power data, numerical weather
prediction (NWP), and multiple meteorological features, thereby supporting next-day dis-
patch, reserve scheduling, and electricity market bidding [8]. Intraday power forecasting
emphasizes real-time perception of fluctuations and rolling refinement. It requires the use
of the latest power measurements, local meteorological data, sky images, satellite cloud
images, or multi-site collaborative information to capture rapid power fluctuations caused
by cloud shading, irradiance ramps, and local weather disturbances [9–11]. Although
these three tasks correspond to different application stages, they all essentially require the
characterization of statistical dependencies among meteorological conditions, temporal
structures, spatial correlations, and PV output.

A relatively rich methodological system has been developed for PV scenario genera-
tion and forecasting. Traditional probabilistic and statistical methods, such as distribution
fitting, time-series models, Markov chains, Monte Carlo simulation, Copula functions, and
representative scenario reduction, provide clear model structures and explicit statistical
meanings [12–14]. Machine learning, deep learning, and generative AI methods further
enhance nonlinear mapping, temporal feature extraction, multivariable relationship learn-
ing, and scenario simulation capabilities [4–9]. These developments provide important
methodological foundations, but they also raise new requirements for relational consistency,
physical plausibility, and engineering applicability.

However, several issues in PV scenario generation and forecasting still require further
systematic investigation. First, studies at different timescales are often conducted as inde-
pendent tasks. Annual scenario generation emphasizes sample coverage and long-term
statistical consistency; day-ahead forecasting focuses on trend accuracy and probabilistic
intervals; and intraday forecasting stresses short-term disturbance perception and rolling
updates. As a result, model objectives, input features, and evaluation metrics still lack a
unified interpretation. Second, although some AI models can reduce forecasting errors,
they insufficiently consider the coupling relationships among meteorological variables,
day–night boundaries, seasonal patterns, spatial propagation, and PV power formation
mechanisms, which may lead to results that are difficult to interpret or inconsistent with
engineering constraints. Third, under non-ideal conditions, such as extreme weather,
equipment anomalies, missing measurements, cross-regional transfer, and sample distribu-
tion shifts, model generalization may deteriorate, thereby affecting the reliability of these
models in planning and operational decision-making.

Statistical relational AI provides a unified analytical perspective for addressing the
above issues. In this context, the “statistical” aspect emphasizes the probabilistic characteri-
zation of PV power, meteorological variables, forecasting errors, and extreme fluctuations;
the “relational” aspect focuses on the structured relationships among irradiance, temper-
ature, cloud cover, temporal cycles, spatial locations, equipment states, power output,
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and system operation requirements; and the “AI” aspect provides implementation tools
for feature extraction, nonlinear modeling, probabilistic inference, multi-source fusion,
and generative modeling [1,2]. From this perspective, annual scenario generation, day-
ahead forecasting, and intraday forecasting can be regarded as three parallel components
within the same uncertainty modeling chain. Annual scenario generation forms a set
of long-term possible states; day-ahead forecasting provides future operational trends
and risk boundaries; and intraday forecasting refines short-term fluctuations based on
real-time information. Together, these tasks support the representation, propagation, and
decision-making application of PV output uncertainty.

The coupling of PV generation with agricultural energy systems, fishery production,
and nearshore application scenarios further broadens the application context for statis-
tical relational AI. Existing studies on agricultural energy Internet and fishery weather
simulation have shown that complex energy applications require the joint consideration
of meteorology, scenarios, equipment, regions, and system-level objectives [15,16]. There-
fore, AI-based PV scenario generation and forecasting should not focus solely on fitting
a single power curve but should also emphasize statistical relational representation and
application-oriented validation.

Beyond these methodological and application-related challenges, it is also necessary
to clarify the position of this review in relation to existing review studies. Existing review
papers have discussed solar power scenario generation from the perspectives of weather
classification, temporal horizons, and deep generative models [17]. Comprehensive PV fore-
casting reviews have summarized data acquisition, data preprocessing, forecasting model
development, performance evaluation, uncertainty quantification, and adaptive learning
within data-driven forecasting frameworks [18]. Deep-learning-oriented reviews have
focused on neural architectures and hybrid models for PV power forecasting, including
CNN, RNN, LSTM, Transformer, and related variants [19,20]. Probabilistic solar forecasting
reviews have mainly discussed prediction intervals, uncertainty quantification, calibration,
and the integration of probabilistic forecasts into power-system operation and decision-
making [21,22]. However, these reviews generally emphasize either scenario generation,
forecasting model taxonomy, deep learning architectures, or probabilistic forecast utiliza-
tion. The connections among annual-scale 8760 h scenario construction, day-ahead uncer-
tainty prediction, intraday fluctuation perception, and engineering-oriented validation have
not been sufficiently discussed within a unified relational uncertainty-modeling chain.

Against this background, this paper reviews annual scenario generation, day-ahead
forecasting, and intraday forecasting methods for PV power generation from the per-
spective of statistical relational AI. First, the evolution of PV uncertainty modeling from
traditional probabilistic statistical methods to machine learning, deep learning, and genera-
tive AI is summarized. Second, for annual-scale scenario generation, probabilistic statistical
models, deep generative models, relational modeling, knowledge constraints, and periodic
feature enhancement methods are reviewed. Third, for day-ahead PV power forecast-
ing, feature extraction, probabilistic forecasting, and robust modeling methods driven by
historical power data, meteorological variables, and NWP information are summarized.
Furthermore, for intraday PV power forecasting, signal decomposition, deep learning, re-
gional collaborative modeling, and multi-source perception methods for short-term power
fluctuation awareness are discussed. Finally, future research directions are outlined in
terms of multi-timescale collaborative modeling, multi-source heterogeneous information
fusion, controllable generative modeling, extreme scenario characterization, and engineer-
ing closed-loop validation. This paper aims to provide a reference for scenario generation,
power forecasting, and system operation analysis under high PV penetration.

https://doi.org/10.3390/app16147202

https://doi.org/10.3390/app16147202


Appl. Sci. 2026, 16, 7202 4 of 27

Compared with the above reviews, the novelty of this review lies in its statistical
relational AI perspective and its multi-timescale organization. Instead of treating scenario
generation, day-ahead forecasting, and intraday forecasting as independent research topics,
this review regards them as interconnected components of PV uncertainty modeling. In
this way, the review emphasizes not only model accuracy but also uncertainty distribu-
tions, meteorological–power coupling, temporal periodicity, spatial correlation, physical
constraints, and engineering applicability.

The specific contributions of this review are summarized as follows:
(1) A multi-timescale review framework is established to connect annual PV scenario

generation, day-ahead forecasting, and intraday forecasting.
(2) Existing methods are reorganized from the perspective of statistical relational AI,

with emphasis on uncertainty characterization, variable coupling, temporal and spatial
relationships, and physical consistency.

(3) Traditional probabilistic models, machine learning methods, deep learning mod-
els, and generative AI methods are discussed and compared with attention to statistical
consistency, relational preservation, physical plausibility, and engineering applicability.

(4) Future research directions are discussed from the perspectives of multi-timescale
collaborative modeling, multi-source heterogeneous information fusion, controllable gener-
ative modeling, extreme scenario characterization, and engineering closed-loop validation.

2. Related Work
This review was compiled by searching the IEEE Xplore, Web of Science, and Scopus

databases for publications from January 2015 to July 2026, using combinations of the
keywords “photovoltaic”, “scenario generation”, “power forecasting”, “uncertainty”, “deep
learning”, “generative adversarial network”, “statistical relational”, and “multi-timescale”.
Only peer-reviewed journal articles, peer-reviewed conference papers, and book chapters
focused on AI-based or statistical modeling of PV output uncertainty were included; studies
limited to hardware- or device-level PV research (e.g., cell materials, inverter design)
without an uncertainty-modeling or forecasting component were excluded. After removing
duplicates and screening titles and abstracts for relevance, the resulting studies were
organized according to the three timescales addressed in this review (annual, day-ahead,
and intraday) and further classified by methodological category (probabilistic-statistical,
machine learning, deep learning, and generative AI).

To further clarify the position of this review, existing review studies can be grouped
into several streams. Solar scenario generation reviews mainly summarize stochastic
scenario construction, weather classification, temporal horizons, and deep generative mod-
els [17]. Comprehensive PV forecasting reviews usually organize data acquisition, data
preprocessing, prediction model development, accuracy evaluation, uncertainty quantifica-
tion, and adaptive learning within data-driven forecasting frameworks [18,23,24]. Deep
learning-oriented reviews focus on model architectures, such as CNNs, RNNs, LSTMs,
Transformers, and related hybrid networks, as well as datasets, input variables, forecasting
horizons, and evaluation metrics [19,20]. Probabilistic forecasting reviews mainly discuss
prediction intervals, uncertainty quantification, calibration, and the utilization of proba-
bilistic forecasts in power-system scheduling, operation, and market participation [21,22].

Although these studies provide valuable taxonomies and summaries, they usually
focus on a single research stream. Scenario generation reviews pay more attention to
scenario construction techniques; forecasting reviews mainly focus on prediction accuracy
and model comparison; deep learning reviews are often architecture-oriented; and prob-
abilistic forecasting reviews emphasize uncertainty representation and decision support.
In contrast, this review connects annual scenario generation, day-ahead forecasting, and
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intraday forecasting through the perspective of statistical relational AI. Therefore, it aims
to reveal the common statistical and relational issues behind different timescales, including
probability distributions, meteorological–power coupling, temporal and spatial dependen-
cies, physical constraints, and engineering-oriented evaluation. Table 1 summarizes the
differences between existing review perspectives and the present review.

Table 1. Comparison of existing review perspectives and the present review.

Existing Review Entry Point Core Concern of Existing
Reviews Main Limitation Novelty of This Review

Scenario generation-oriented
reviews [17]

How to generate possible
solar/PV scenarios

Scenario generation is often
discussed separately from

forecasting tasks

Places annual scenarios within a
multi-timescale PV uncertainty

modeling chain

Forecasting-oriented
reviews [18,23,24]

How to improve solar/PV
forecasting accuracy

Annual scenario construction and
uncertainty propagation are less

emphasized

Connects annual scenario generation,
day-ahead forecasting, and intraday

forecasting

Model-architecture-oriented
reviews [19,20]

How CNN, RNN, LSTM,
Transformer, and hybrid models

are used

The discussion is often
model-centered rather than

relationship-centered

Reorganizes AI methods from
statistical relationships, physical

constraints, and relational consistency

Probabilistic-forecasting-
oriented reviews [21,22]

How to quantify forecast
uncertainty using intervals or

distributions

Probabilistic forecasting is not
sufficiently linked with scenario

generation and applications

Connects probabilistic forecasting
with scenario generation, risk-aware

decision-making, and
application-oriented evaluation

In line with the above multi-timescale perspective, original studies on PV power
uncertainty can be further understood from three related aspects: scenario construction,
power forecasting, and engineering applications. Scenario construction focuses on possible
PV output states, power forecasting aims to estimate future output variations, and engi-
neering applications emphasize whether model outputs can support dispatching, planning,
risk assessment, and operational analysis. Traditional studies are mainly based on prob-
abilistic models and statistical inference, using distribution fitting, correlation modeling,
and random sampling to describe the uncertainty of PV power and meteorological vari-
ables [12,13]. These methods are relatively interpretable, but they are often constrained
by strong assumptions when dealing with long sequences, multivariable coupling, and
complex non-stationary fluctuations.

In terms of scenario generation, research has shifted from random sampling toward
joint modeling of temporal structures, variable relationships, and domain knowledge.
Diffusion models, generative adversarial networks, and cross-modal generative models
provide new approaches for renewable energy time-series generation [25,26]. For PV sce-
nario simulation, Fu et al. enhanced the ability of GANs to represent PV temporal dynamics
by introducing Bi-LSTM and style transfer mechanisms [4]. They further integrated meteo-
rological statistical patterns and PV physical conversion processes into generative models,
improving the rationality of year-round weather sequence simulation [5]. In addition,
diffusion Transformers enhance the diversity and time–frequency feature preservation of
generated time series by redesigning the decoder and loss function [6]. Fu et al. also ex-
tracted representative PV scenarios from the perspectives of power, energy, and fluctuation
patterns, providing compact samples for planning calculation and operational evalua-
tion [7]. Moreover, studies on physically constrained WGANs, extreme-weather-labeled
joint wind–PV–load generation, and dynamic temporal correlation modeling indicate that
scenario generation is evolving from distribution fitting toward relationship preservation
and knowledge enhancement [27–29].

For day-ahead forecasting, existing studies mainly focus on PV output trends and
uncertainty boundaries over the next day or several days. Early methods commonly
relied on historical power data, weather forecasts, and shallow learning models for point
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forecasting or error correction [30,31]. With the development of deep learning, CNNs,
LSTMs, GRUs, Transformers, TCNs, and ensemble learning models have been used to
extract meteorological features and capture temporal dependencies [8,11]. The clustering-
ensemble learning method proposed by Fu et al. can adapt to different weather patterns [8].
Multi-scale patch and frequency-domain gated learning improve the capability of capturing
high-resolution power variations [32]. The GEV distribution-enhanced Fourier diffusion
model further improves the representation of tail fluctuations and extreme PV output
variations [33].

For intraday and ultra-short-term forecasting, the main challenge lies in strong fluctua-
tions and rapid variations over short timescales. Cloud movement, local shading, irradiance
ramps, and sensor anomalies can all lead to non-stationary PV output variations. Therefore,
existing studies commonly combine signal decomposition, deep temporal networks, graph-
structured modeling, and multi-source perception information. Sky-image-based methods
can extract cloud distribution and motion information [10,34], while hybrid models com-
bining fuzzy inference and deep learning enhance the modeling capability for complex
nonlinear relationships [35]. In regional collaborative forecasting, Fu et al. proposed a
Fourier graph-based spatiotemporal learning framework combined with corrected NWP,
enabling joint modeling of frequency features and spatial correlations in multi-site ultra-
short-term PV forecasting [9]. Adaptive masked networks further improve robustness
under incomplete data and abrupt variation conditions [36].

Overall, PV scenario generation and power forecasting research is shifting from im-
proving the accuracy of individual models toward the comprehensive characterization of
statistical distributions, temporal structures, spatial correlations, physical constraints, and
engineering requirements. Although annual scenario generation, day-ahead forecasting,
and intraday forecasting correspond to different timescales, they all involve the relational
representation among PV output, meteorological factors, temporal cycles, spatial locations,
and system requirements. Statistical relational AI provides a unified perspective for this
purpose: statistical modeling describes uncertainty, relational modeling explains multi-
factor coupling, and AI methods enable high-dimensional feature learning and complex
pattern generation [1–3]. The studies by Fu et al. on agricultural energy Internet and fishery
weather simulation and forecasting also show that complex energy applications need to
consider the coupling relationships among data, environment, equipment, and application
objectives [15,16].

To enable consistent comparison across the diverse methods reviewed in this paper,
we adopt four categories of evaluation criteria throughout: (i) distributional-fidelity met-
rics, which quantify how closely generated or forecasted PV output matches the statistical
properties of observed data, including mean, variance, quantiles, autocorrelation, and
mode/tail coverage; (ii) relational-consistency metrics, which assess whether physical con-
straints (e.g., zero nighttime output), diurnal/seasonal structure, and spatial correlations
are preserved; (iii) computational-cost indicators, including training/inference time and
data requirements; and (iv) downstream engineering-utility metrics, which evaluate the
impact of generated scenarios or forecasts on power-flow analysis, storage sizing, reserve
estimation, and other system-level applications. These four categories are applied consis-
tently in the comparative tables (Tables 2–4) and in the discussion of evaluation frameworks
in Sections 3.3 and 6.5.

3. Annual-Scale Photovoltaic Power Generation Scenario Generation
Method

PV power generation exhibits significant intermittency and variability. The generation
of 8760 h annual-scale output scenarios serves as the foundation for PV system simulation,
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planning, energy storage configuration, and risk assessment. Figure 1 illustrates the
overall technical framework and engineering application contexts of annual-scale PV
scenario generation.

 

Figure 1. Framework for annual-scale photovoltaic power generation scenario generation and
engineering applications.

Unlike day-ahead short-term scenario generation, annual-scale scenario generation
must simultaneously characterize diurnal cycles, seasonal cycles, and inter-annual climate
variability, while ensuring temporal autocorrelation, inter-site spatial dependencies, and
physical coherence constraints.

3.1. Technical Evolution of Scenario Generation Methods

Based on the core generation techniques, existing methods can be grouped into three
paradigms: stochastic generation via explicit probabilistic modeling, scenario construc-
tion via feature engineering and clustering, and implicit distribution learning via deep
generative models.

3.1.1. Stochastic Scenario Generation Based on Explicit Probabilistic Modeling

These methods follow a two-stage pipeline: first, estimate the probability distribution,
then sample from it. Their main strengths are model transparency and ease of embedding
domain knowledge.

Vector autoregressive (VAR) models were among the earliest applied in this area. A
clear-sky model is used to decompose irradiance into a deterministic astronomical compo-
nent and a stochastic perturbation. Multi-site spatial correlation is then injected through
Cholesky decomposition or a t-copula, and a PV physical model converts the results into
power output scenarios [12]. The VAR(2) framework has been further employed for spa-
tiotemporal modeling of aggregate forecast errors, fitting a spatial correlation function with
a rational function of geographic distance [13].

To overcome the limitations of linear-Gaussian assumptions, copula functions achieve
nonlinear modeling by separating marginal distributions from the dependence structure.
For instance, kernel density estimation together with a copula builds a joint meteorological
distribution, and Markov chain Monte Carlo (MCMC) generates annual sequences. These
sequences are linked with load disaggregation to produce coupled solar-load scenarios [37].
Adaptive diffusion kernel density estimation with AMISE-optimal bandwidth further
improves density estimation accuracy [38]. Nonparametric methods adopt conditional
kernel density estimation (CKDE) to model the multi-scale correlation between daily total
irradiance and hourly output. A Gram–Schmidt orthogonal transformation decomposes
the hourly components under a summation constraint [39]. For extreme scenarios, ERA5
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reanalysis data (30 years, hourly) are fused with grid operational data. An optimization-
based inversion obtains the equivalent installed capacity distribution, and an adequacy
threshold screens extreme cold-wave events. This effectively expands the sample set of
extreme scenarios with long return periods [40].

3.1.2. Scenario Construction Methods Based on Feature Engineering and Clustering

These methods do not directly estimate probability densities. Instead, they select
representative scenarios from historical data through multidimensional similarity measures.
In essence, they compress the 8760 h of a full year into a small set of typical days, while
preserving the statistical representativeness of power levels, energy distribution, and
fluctuation characteristics.

Graph clustering defines edge weights using a four-dimensional similarity measure:
power Euclidean distance, daily energy generation, curve shape trend, and fluctuation
position. Scenario extraction is then formulated as a graph cut optimization problem
and solved via alternating optimization [7]. Shared Weight Graph Clustering (SWGC)
introduces adaptive feature weights and neighborhood density weights to enhance noise
robustness and retain output correlations across multiple stations [41].

In the feature-matching direction, a composite index that fuses geometric correlation
and distance correlation screens similar days. The sampling probability is corrected by
fluctuation intervals, and scenario reduction is completed through ISODATA adaptive
clustering [42]. From the perspective of energy balance, a probabilistic output sequence is
generated by matching features at the annual, monthly, and hourly levels [43]. Mapping
solar-load features with a Gaussian kernel, together with improved ISODATA and NSGA-
III, enables integrated optimization of clustering and energy storage configuration [44].

3.1.3. Implicit Distribution Learning Methods Based on Deep Generative Models

Deep generative models allow neural networks to learn an empirical distribution
directly from historical data. No explicit probabilistic assumptions are required.

Generative adversarial networks (GANs) employ convolutional networks as the gen-
erator and the discriminator. The Wasserstein distance is used to improve training stability.
Conditional GANs realize generation conditioned on weather or season [45]. A transparent
latent space with orthogonal regularization makes the statistical properties of the generated
scenarios controllable [46]. Conditional GANs have been systematically extended to multi-
regional modeling. The discrete wavelet packet transform (DWPT) decomposes power into
low- and high-frequency bands, which are modeled separately [14]. Three-dimensional
spatio-temporal tensors are combined with 3D-CNNs to capture both inter-regional and
inter-time-step correlations [47]. A CNN-CGAN conditioned on forecasts produces multi-
regional scenario sets with more concentrated spatial correlation [48]. StyleGAN2 style
mixing achieves multi-resolution feature control and supports temporal extrapolation [49].

For temporal enhancement, bidirectional LSTM replaces CNN in the generator to
capture long-term dependencies. This is combined with adaptive instance normalization
for style transfer and with sliding window data augmentation [4]. HiLo attention, where the
high-frequency branch captures cloud fluctuations and the low-frequency branch captures
the daily envelope, is embedded into WGAN-GP [50]. A knowledge enhancer explicitly
enforces zero nighttime radiation, and an external physical model ensures consistency,
resulting in MWGAN [5]. For multi-energy extension, WGAN-1D-CNN jointly models
solar, wind, electric, and thermal energy and achieves arbitrary-duration forecasting via
constrained optimization [51].

To overcome the bottleneck of GAN training instability, non-adversarial paths have
been explored. Implicit maximum likelihood estimation (IMLE) replaces the adversarial
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loss with a Euclidean distance [52]. The diffusion Transformer, Weather-DiT, replaces
adversarial training with iterative denoising. In its decoder, a polynomial branch learns the
trend, and a DFT branch learns the periodicity. A joint frequency-probability loss (FP loss)
constrains distributional consistency in both the time domain and the frequency domain [6].

3.2. Relationship Modeling, Knowledge Constraints, and Periodic Feature Enhancement Methods

Annual scenario generation needs to attain resemblance at the distributional level, and
must likewise satisfy physical consistency constraints and spatiotemporal characteristic
requirements. These include the physical relationships among irradiance, temperature,
and PV output; the principle that output is zero at night; the temporal features of daily
and seasonal periodicity; and the spatial correlation characteristics across multiple sta-
tions. The following analysis is conducted from three dimensions: physical constraints
and knowledge embedding, characterization of multi-scale periodic features, and spatial
correlation modeling.

3.2.1. Physical Constraints and Knowledge Embedding

Regarding physical constraints and knowledge embedding, ensuring the physical
plausibility of generated scenarios is a critical requirement that distinguishes PV scenario
generation from generic generative models. Separating deterministic astronomical factors
from stochastic meteorological perturbations ensures the fundamental regularities of solar
irradiance through physical models and implicitly embeds physical constraints into source-
load coupling relationships [12,37,40]. At the engineering physics level, annual production
simulation is driven by the physical mapping between monthly PV efficiency and irradi-
ance [53]; a complete equipment mechanism model chain spanning PV modules, inverters,
and MPPT is established [54]; physical boundaries under extreme operating conditions
are derived from the analytical line voltage drop formula [55]. Among deep generative
models, MWGAN enforces the day-night physical constraint of zero nighttime radiation
on generated data through a statistical probability knowledge enhancer [5]. Weather-DiT
first generates meteorologically consistent weather data and subsequently converts it into
PV output through an external PV physical model, thereby indirectly ensuring the physical
plausibility of the final scenarios [6].

3.2.2. Multi-Scale Periodicity Characterization

Regarding multi-scale periodicity characterization, annual scenarios must simultane-
ously capture characteristics across three temporal scales: diurnal cycles, seasonal cycles,
and inter-annual climate variability. Traditional methods typically handle periodic features
in an explicit manner: diurnal structures are removed to achieve series stationarity, thereby
isolating the diurnal cycle from stochastic components [12]; weather-type classification
explicitly distinguishes diurnal curve shape differences under different weather condi-
tions [37]. Clustering-based methods implicitly preserve seasonal diversity by extracting
representative daily scenarios from full-year data [7,41]. Deep generative models offer
more flexible and diverse approaches to periodic feature characterization: CGANs employ
seasonal or monthly labels as conditional inputs to achieve targeted generation for different
time periods [5,45]; PV output is decomposed into low-frequency components capturing
seasonal variations and high-frequency components capturing intra-day variability [14,50];
Bi-LSTM, with its bidirectional recurrent structure, explicitly models long-range tempo-
ral dependencies, naturally suited to the gradual seasonal variation characteristics of PV
output [4].
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3.2.3. Spatial Correlation Modeling

Regarding spatial correlation modeling, the spatial interdependence of outputs from
multiple PV stations is a factor that cannot be neglected in regional power system plan-
ning and operation. Traditional statistical methods handle spatial dependence through
covariance structures: t-Copula structures inject multi-site spatial correlation, with distance-
weighted interpolation used to estimate model parameters at new locations lacking mea-
surements [12]; spatial correlation coefficients are modeled as rational functions of inter-site
geographic distance, fitted via least squares [13]; Gram–Schmidt orthogonal transformation
preserves inter-station correlation structures during multi-station decomposition [39]. Deep
generative methods, by contrast, learn spatial correlation automatically in a data-driven
manner: multi-channel CNN inputs directly learn the joint distribution of multi-station
PV output [45]; multi-regional data are constructed as three-dimensional spatio-temporal
tensors, with 3D-CNNs jointly capturing both inter-regional and inter-temporal dependen-
cies within a unified architecture [47]; the transparent latent space design of Ctrl-GAN also
offers new possibilities for controllable generation of spatial features [46]; Yuan et al. implic-
itly capture the spatial correlation of heterogeneous energy sources through cross-channel
style mixing mechanisms in multi-energy joint generation [49].

In summary, annual-scale PV scenario generation methods exhibit an evolutionary
trend from explicit statistical modeling to deep implicit learning, and from purely data-
centric methods to knowledge-informed collaborative modeling. Table 2 provides a sys-
tematic comparison of the methods reviewed in this paper along the above dimensions.

Table 2. Comparison of annual-scale photovoltaic scenario generation methods.

Method Category Typical Methods or
Models Physical Consistency Advantages Limitations

Explicit probabilistic
modeling

VAR [12,13]

Separates astronomical
determinacy and random

perturbation via a physical
model

Transparent structure,
strong interpretability

Linear assumption
restricts the capture of

nonlinear dynamics

Copula and
nonparametric

methods [37–39]; extreme
scenario reanalysis [40]

Decouples marginal and
dependence structures via a

copula

Flexible modeling of
nonlinear dependence; can

characterize extreme
interannual variability

Reliance on handcrafted
features; complex
high-dimensional
parameterization

Feature engineering
and clustering

Graph clustering [7,41] Eigenvalue structure reflects
dominant temporal patterns

Multidimensional
similarity surpasses single

distance

Generates only
representative snapshots

ISODATA and
feature-matching
clustering [42–44]

Screens similar days via
composite similarity; adaptive

cluster count preserves
seasonal statistics

Streamlined process;
seamless integration with
downstream optimization

Diversity bounded by
historical data

Deep generative
models

WGAN/CGAN and
variants [14,45–49]

Implicitly learns
spatio-temporal distribution

via adversarial training

End-to-end, model-free;
conditional generation

controllable

Adversarial training
instability;

hyperparameter
sensitivity

Temporal-enhanced and
knowledge-integrated

GANs [4,5,50,51]

Frequency decomposition
separates trend and

fluctuation

Enhanced temporal
modeling; knowledge

injects physical constraints

Data augmentation may
introduce artificial

periodicity

IMLE and diffusion
models [6,52]

DFT explicitly models periodic
frequencies

Stable training; covers full
distribution modes

Slow diffusion sampling;
requires multi-year data

3.3. Generation Quality Evaluation and Engineering Applicability Analysis of Scenarios

The evaluation of annual-scale PV scenario generation should not only focus on the
similarity between generated curves and historical data but also examine their capability
to support power system planning, operational analysis, and risk assessment. For 8760 h
long sequences, generated scenarios need to preserve intra-annual periodicity, intraday
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variations, seasonal transitions, and long-term distributional characteristics, while also
reflecting critical operating conditions such as sustained low-output periods, rapid ramping
events, and extreme weather.

From the perspective of statistical characteristics, commonly used metrics include
the mean, variance, quantiles, probability distributions, annual energy, autocorrelation
characteristics, and typical daily profiles, which can be used to evaluate the ability of a
model to reproduce historical patterns. For deep generative models, sample diversity and
mode coverage should also be considered so as to avoid neglecting low-probability but
high-impact tail scenarios [4–6]. Although sustained cloudy or rainy periods, extremely
low irradiance, and strong ramping events occur infrequently, they have significant impacts
on energy storage configuration, reserve capacity, and operational security, and should
therefore be separately considered in evaluation [27,28].

To directly compare probabilistic-statistical and deep-learning/generative approaches
for annual-scale scenario generation, we further summarize their relative advantages, lim-
itations, and the criteria along which they should be evaluated. Probabilistic-statistical
methods (e.g., VAR, Copula, and clustering-based approaches; Table 1) offer transparent
parametric structures, low data requirements, explicit physical interpretability, and low
computational cost, but rely on distributional or linearity assumptions that limit their ability
to represent nonlinear, high-dimensional temporal dependence and to generate a suffi-
ciently diverse set of extreme or tail scenarios. Deep generative methods (WGAN/CGAN,
diffusion, and IMLE variants; Table 1) can learn complex nonlinear and high-dimensional
joint distributions in a data-driven, end-to-end manner and support conditional, control-
lable generation, but at the cost of larger training-data requirements, higher computational
cost, reduced interpretability, and, for adversarial variants, training instability. We therefore
recommend that an objective comparison combine (i) distributional-fidelity metrics (mean,
variance, quantiles, autocorrelation, and mode/tail coverage), (ii) relational-consistency
metrics (preservation of physical constraints, diurnal/seasonal structure, and spatial corre-
lation), (iii) computational-cost indicators (training/inference time and data requirement),
and (iv) downstream engineering-utility metrics (impact on power-flow analysis, storage
sizing, and reserve estimation).

From the perspective of relational structure, scenario quality also depends on whether
the statistical relationships among irradiance, temperature, power output, temporal cycles,
and spatial locations are preserved. If generated results disrupt variable coupling, day–
night patterns, seasonal variations, or spatial correlations, they may affect subsequent
system analysis even when the marginal distributions of individual variables are close to
those of real data. Therefore, the evaluation framework should consider the consistency of
marginal distributions, joint distributions, temporal dependencies, spatial correlations, and
physical constraints [5,29].

From the perspective of engineering applications, existing studies have applied PV
uncertainty modeling to power simulation, power flow analysis, capacity planning, and
representative scenario extraction, demonstrating its value for system-level analysis [2,3,7].
In future work, a unified and comparable evaluation framework can be further established
to compare the effects of different generation methods on node voltages, line flows, energy
storage capacity, reserve requirements, and operational risks, thereby enabling annual PV
scenario generation to better support planning and operational decision-making under
high PV penetration.

4. Recent Methods for Predicting Photovoltaic Power Generation
Day-ahead photovoltaic (PV) power prediction aims to forecast the power output of

PV systems for the following 24 h, typically at a resolution of 15 to 60 min. Such predictions
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are fundamental for next-day dispatch scheduling, operating reserve planning, energy
storage operation, and electricity market bidding. The predictive accuracy is governed by
the quality of input features, the model’s capacity to characterize nonlinear meteorological–
power relationships, its ability to quantify forecast uncertainty, and its robustness under
complex weather conditions. The general framework of day-ahead PV power prediction is
illustrated in Figure 2.

Figure 2. General framework of day-ahead photovoltaic power prediction.

4.1. Day-Ahead Prediction Task and Feature Representation

The core task of day-ahead PV power prediction is to establish a mapping from multi-
source input features to the power output curve of the next day. The input data typically
encompasses three categories: historical power sequences, meteorological observations,
and numerical weather prediction (NWP) products. NWP forecasts of solar irradiance,
ambient temperature, wind speed, and humidity constitute the dominant drivers, as solar
irradiance alone accounts for the majority of PV output variance [56]. Temporal features
such as hour-of-day, day-of-year, and seasonal indicators are also incorporated to encode
the periodic characteristics of solar geometry [23].

Early feature engineering relied on physical irradiance decomposition models such
as the Perez model to translate NWP outputs into plane-of-array irradiance [57]. With the
advent of deep learning, automatic feature extraction from raw time series has become
prevalent. Convolutional neural networks (CNNs) extract local temporal patterns from
historical power and weather sequences, while long short-term memory (LSTM) networks
capture long-range temporal dependencies [58,59]. Attention mechanisms and Transformer
architectures further improve the ability to selectively focus on the most informative time
steps and input variables [60,61]. Graph neural networks (GNNs) have been applied to
model spatial correlations among distributed PV stations, allowing neighboring plants to
contribute complementary meteorological information [24]. Feature selection methods,
including mutual information criteria and recursive feature elimination, are commonly
applied to prune redundant inputs and mitigate overfitting with limited training data [62].

4.2. Uncertainty Modeling in Day-Ahead Prediction

Point forecasts provide only a single expected power trajectory, which may be insuffi-
cient for risk-aware decision-making in power system operations. Probabilistic prediction
methods produce prediction intervals, full predictive distributions, or scenario ensembles
that explicitly represent the uncertainty of the forecast. Three main paradigms have been
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developed: parametric distribution estimation, non-parametric quantile regression, and
generative scenario sampling.

Parametric approaches model the conditional power output as a member of a pre-
scribed distribution family, such as Beta, Gaussian, or truncated normal, whose parameters
are estimated by the prediction model [63]. Non-parametric quantile regression forest (QRF)
and quantile regression neural networks (QRNN) directly estimate conditional quantiles at
multiple coverage levels without distributional assumptions, enabling the construction of
prediction intervals with controlled reliability [64,65]. Conformal prediction frameworks
have recently been applied to provide finite-sample coverage guarantees for deep-learning-
based PV forecasters [66]. Bayesian deep learning, including Monte Carlo dropout and
deep ensembles, offers a principled way to decompose total predictive uncertainty into
aleatoric and epistemic components [67]. Generative approaches, including variational
autoencoders (VAE) and conditional generative adversarial networks (cGAN), synthesize
multiple plausible power trajectories conditioned on NWP inputs, producing scenario
ensembles that preserve the temporal autocorrelation structure of solar generation [68,69].

4.3. Robust Prediction Under Complex Weather Conditions

Accurate day-ahead prediction becomes particularly challenging under complex
weather conditions such as overcast skies, intermittent cloud cover, rainfall, and extreme
meteorological events. These conditions introduce abrupt and irregular variations in solar
irradiance that are difficult to anticipate from NWP alone, leading to systematic under-
performance of standard regression models. Three main strategies have been developed
to improve robustness: weather-type classification, ensemble and hybrid modeling, and
physics-informed constraints.

Weather-type classification decomposes the prediction problem into a set of weather-
conditioned sub-problems. k-means and fuzzy c-means clustering algorithms group histori-
cal days into clear-sky, partially cloudy, overcast, and rainy regimes; a dedicated prediction
model is then trained for each regime and selected at inference time based on the forecasted
weather type [70]. This divide-and-conquer approach allows each sub-model to special-
ize in a narrower input distribution, reducing overall prediction error on difficult days.
Self-organizing maps (SOMs) and hierarchical clustering have also been applied to derive
data-driven weather taxonomies that better reflect the statistical structure of local solar
resources [71].

Ensemble methods mitigate the sensitivity of individual models to input perturbations
and distribution shifts by aggregating predictions from multiple base learners. Gradient
boosting machines (GBMs), random forests, and bagging ensembles have demonstrated
consistent improvements over single-model approaches in standardized benchmark stud-
ies [72,73]. Hybrid architectures that combine physical clear-sky irradiance models with
data-driven correction layers improve generalization to out-of-distribution meteorological
regimes, since the physical backbone encodes known solar-geometry constraints that are
invariant across locations and seasons [74]. Transfer learning and domain adaptation tech-
niques address the challenge of data scarcity at newly commissioned PV plants, enabling
knowledge transfer from data-rich source sites to data-limited target sites [75]. Under
missing-data scenarios caused by sensor failures or data transmission faults, imputation
methods based on matrix factorization and variational inference restore input completeness
before prediction [76]. Finally, adversarial training has been explored to improve robustness
against worst-case input perturbations, enhancing the reliability of day-ahead forecasts
under extreme weather conditions.
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4.4. Summary and Comparison of Day-Ahead Prediction Methods

The framework of day-ahead PV power prediction is illustrated in Figure 2, and
representative methods are systematically compared in Table 3.

Table 3. Comparison of representative day-ahead photovoltaic power prediction methods.

Method Category Representative Methods Input Features Output Type Key Characteristics

Statistical/Physical Clear-sky model +
empirical correction [57]

Solar geometry, NWP
irradiance Point forecast Physically interpretable; limited

for cloudy days

Machine Learning
SVR, Random Forest,
XGBoost, LightGBM,

GBM [73,74]

Historical power, NWP,
and meteorological

variables
Point forecast Fast training; good generalization

with limited data

Ensemble/Hybrid
Bagging, Boosting,

Physical–ML Hybrid
Models [72,74,75]

Historical power, NWP,
and meteorological

variables

Point/probabilistic
forecast

Combines the strengths of multiple
learners, or of physical and

data-driven models; improves
robustness and generalization

Deep Learning
(Deterministic)

LSTM, CNN-LSTM,
Transformer [58–61]

Historical power, NWP
sequences, temporal

features
Point forecast Strong temporal feature extraction;

handles long sequences

Probabilistic (Quantile) QRNN, QRF, Conformal
Prediction [64–66]

Historical power, NWP,
and temporal features

Prediction
intervals/quantiles

Distribution-free; coverage
guarantees

Probabilistic
(Generative) VAE, cGAN [68,69] NWP forecasts,

historical patterns Scenario ensembles
Preserves temporal

autocorrelation; multi-scenario
output

Bayesian Deep Learning MC Dropout, Deep
Ensemble [67]

Historical power, NWP,
and temporal features

Mean + uncertainty
decomposition

Separates aleatoric and epistemic
uncertainty

Weather-Type
Classification

Clustering + dedicated
sub-models

[70–72]

Weather-type labels,
NWP, historical power

Point/probabilistic
forecast

Specialization per weather regime;
reduced error on difficult days

Hybrid/Physics-
Informed

Physical clear-sky + DL
residual correction [75]

NWP, solar geometry,
historical error Point forecast Robust under distribution shift;

encodes invariant solar constraints

Transfer Learning Domain-adaptive neural
networks [76]

Source and target site
power, NWP Point forecast Handles data scarcity at new PV

plants

5. Review of Intraday Photovoltaic Power Forecasting Methods
Intraday photovoltaic (PV) power forecasting refers to the technique of rolling es-

timation of PV plant output power on a minute-to-hour time scale. Unlike day-ahead
forecasting, which focuses on the overall power generation trend of the next day, intraday
forecasting emphasizes real-time response capability to rapid fluctuations. Its core value
lies in supporting grid dispatch departments in formulating rolling generation plans, opti-
mizing reserve capacity allocation, and enhancing the dispatchability of PV power plants.
Since meteorological factors such as cloud movement and sudden irradiance changes can
cause severe power oscillations within a short time, research methods in this field have
evolved from early statistical modeling to complex architectures including deep learning,
multimodal fusion, and graph structure learning. This section systematically reviews
representative technical routes from a methodological perspective.

5.1. Classical Statistical Learning

Early research primarily focused on mitigating the non-stationary characteristics of
power sequences. Since raw PV data is affected by multiple coupling effects of solar
irradiance periodic changes, ambient temperature fluctuations, and rapid cloud evolution,
direct modeling faces significant challenges. Therefore, researchers typically decompose,
smooth, or analyze errors in the sequence before constructing prediction models.

From a technical perspective, research in this direction presents diverse methodologies.
Some studies perform post-processing corrections based on the statistical characteristics
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of prediction errors, improving the reliability of initial predictions by modeling seasonal
biases or systematic offsets. The advantage of such methods lies in achieving accuracy
improvement without changing the original model structure. In parallel, a variety of
shallow learners—including tree-based ensembles such as Random Forest, XGBoost, and
LightGBM—serve as fundamental benchmarks for intraday PV forecasting [77]. Mean-
while, signal decomposition techniques are widely applied to decompose complex power
sequences into multiple quasi-stationary components, which are modeled separately and
then reconstructed through superposition. Typical methods include frequency-domain
decomposition, empirical mode decomposition, and their improved variants [78,79]. Addi-
tional work employs improved variants for multiscale decomposition and noise suppres-
sion [80]. Furthermore, some studies fit decomposed features or screened meteorological
variables using shallow regression models such as weighted Gaussian process regression
and optimized neural networks [81,82].

Overall, these methods offer advantages, including a clear model structure, low com-
putational cost, and a low implementation threshold, making them valuable in scenarios
with limited data or computational resources. However, their capabilities in capturing
nonlinear interactions, responding to extreme weather, and modeling multiscale temporal
dependencies are often limited, making it difficult to meet the demands of high-precision
intraday forecasting.

5.2. Neural Network-Driven Prediction Frameworks

With the growth of data scale and improvement in computational capabilities, neural
network-based prediction frameworks have gradually become mainstream. Compared with
traditional statistical models, deep learning methods can better characterize the complex
nonlinear mapping between power generation and meteorological factors, demonstrating
stronger adaptability, especially under rapid weather transition scenarios.

Early architectures mainly employed Recurrent Neural Networks (RNNs) and their
variants to capture temporal dependencies, combined with convolution operations to ex-
tract local fluctuation patterns [83,84]. Additional work integrated convolution operations
with attention mechanisms to extract local fluctuation patterns [85]. The core advantage of
such methods lies in fully utilizing recent observation information to achieve rapid rolling
updates of power changes over the next tens of minutes to hours.

Subsequent improvements enhanced model perception sensitivity to critical time
nodes, sensitive variables, and power sudden change points through mechanisms such
as feature engineering optimization, sequence decomposition preprocessing, and hier-
archical pooling [86,87]. Transfer learning strategies address practical issues such as in-
sufficient samples, data distribution drift caused by seasonal changes, and inter-station
characteristic differences by introducing pretraining-finetuning paradigms combined with
high-dimensional feature screening to enhance cross-scenario adaptability [88].

5.3. Self-Attention Mechanisms and New Paradigms for Sequence Modeling

The introduction of attention mechanisms has brought new breakthroughs to intraday
forecasting. The core idea of such methods is to enable the network to automatically focus
on high-contribution input features while weakening interference from non-critical time
steps, thereby improving perception capability for power sudden change points.

In terms of attention architectures, some studies integrated Bidirectional Long Short-
Term Memory (BiLSTM) with attention mechanisms, enabling the model to dynamically
adjust feature weights, with significantly improved ultra-short-term prediction accuracy
after deployment [89]. Additional work designed multi-level attention-weighting strate-
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gies combined with sequence-decomposition preprocessing to further enhance detection
capability for local abnormal fluctuations [90].

Transformer-based sequence modeling methods more effectively capture long-range
temporal dependencies through self-attention mechanisms, achieving unified modeling of
intraday periodic patterns and local abrupt fluctuation behaviors. Representative models
include Informer, Autoformer, TimesNet, FCformer, etc. [91,92]. Some work introduced
temporal decomposition networks to extract periodic and trend components through
autocorrelation mechanisms, combining maximum likelihood estimation with gradient
optimization to output probability distribution parameters. Other studies enhanced model
stability through multi-head attention, layer normalization, and residual connections,
introducing polynomial fitting and error correction in the post-processing stage [93,94].
Overall, the introduction of attention mechanisms and Transformer architectures enables
models to more flexibly address the challenge of coexisting rapid variability and periodicity
in intraday power sequences.

5.4. Spatiotemporal Collaborative Modeling for Distributed Power Stations

Power fluctuations in distributed PV plants within a region exhibit significant spa-
tiotemporal correlation characteristics. When clouds move across a region, power stations
at different geographical locations sequentially experience irradiance changes. This cloud
propagation process manifests as a spatially correlated pattern with a time lag in power
output. If only single-station historical data is used for prediction, early warning infor-
mation from neighboring stations will be lost, making it difficult to fully capture power
dynamic evolution patterns under rapidly changing conditions. Therefore, mining and
utilizing spatiotemporal coupling relationships among power station clusters has become
one of the key approaches to improving intraday prediction performance.

As shown in Figure 3, Graph Neural Network (GNN)-based methods incorporate
regional spatial correlations into the model structure by explicitly constructing topological
connections between power stations [95,96]. In this modeling paradigm, each PV power
station is abstracted as a graph node, edges between nodes represent spatial correlation
strength, and graph convolution operations are used to aggregate neighborhood informa-
tion and model spatial dependencies. By combining graph convolution with temporal
networks, the model can simultaneously capture spatial propagation characteristics and
temporal evolution patterns of power changes.

Figure 3. Spatiotemporal correlation and graph learning in intraday forecasting. Green, red, and blue
curves and nodes correspond to Sites 1, 2, and 3, respectively, while the edges in the spatial graph
schematically represent inter-site spatial correlations.
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In terms of graph structure construction, some studies define inter-station connec-
tions based on geographical distance, meteorological similarity, or power correlation,
thereby refining the modeling of local collaborative changes [97]. Additional work employs
physical-similarity metrics (such as cosine similarity of irradiance attenuation rates) to
construct adjacency matrices, ensuring that stations experiencing similar cloud-induced
fluctuations maintain strong connections regardless of their physical distance. Beyond static
graph structures, dynamic graph modeling methods enable information transfer weights
between nodes to be adjusted in real time according to weather conditions and power
changes [98]. The core idea is that the spatial correlation strength between power stations
under different meteorological conditions is not fixed but evolves dynamically with factors
such as cloud movement and irradiance distribution. By constructing time-varying graph
structures, models can more accurately characterize transient characteristics of fluctuation
propagation. To address common issues in distributed scenarios such as insufficient data
samples and strong heterogeneity in data distribution across stations, strategies including
transfer learning, domain adaptation, and decentralized training are employed to enhance
the cross-station generalization capability of models.

5.5. Perception Enhancement Strategies for Multi-Source Data Fusion

Single-time-series modeling has inherent limitations when dealing with scenarios such
as rapid cloud movement, local occlusion, and sudden weather changes. Therefore, research
paradigms are gradually evolving toward multimodal information fusion, integrating data
types including historical output records, ground meteorological observations, Numerical
Weather Prediction (NWP) products, ground-based cloud images, satellite remote sensing
imagery, and regional cloud system characteristics [99,100].

The core value of multi-source fusion lies in utilizing complementary characteristics
among different data sources to construct a richer fluctuation representation system. Ex-
isting work can be roughly categorized into two technical routes: The first is “regional
meteorological information + multidimensional time series” fusion, focusing on improv-
ing the advanced prediction of power evolution trends over the next tens of minutes to
hours [101]. The second is “visual image + temporal data” fusion, which jointly models
sky images with power and meteorological sequences to strengthen local cloud occlusion
dynamic recognition.

In the field of cloud image fusion, research mainly unfolds from two dimensions: cloud
feature extraction and multimodal coupling. Fundamental work focuses on the effective
representation of cloud features and fluctuation pattern recognition, establishing physical
mapping relationships among cloud-irradiance-power by extracting key cloud image
features and correlating them with power temporal data. Some studies designed cloud
image prediction modules with multiscale spatiotemporal feature enhancement, mining
spatiotemporal evolution patterns from historical cloud image sequences to generate future
cloud image predictions, with a significant reduction in error indicators under clear and
cloudy conditions [102,103]. Additional work further integrated the Vision Transformer
(ViT) with Long Short-Term Memory (LSTM) networks, employing adaptive threshold
algorithms for cloud region segmentation, combining similarity weighting with optical
flow methods to generate pixel-level cloud motion vector fields, significantly reducing Root
Mean Square Error (RMSE) compared with persistence benchmarks [104]. In summary, the
core concepts, representative technologies, and advantages and disadvantages of existing
photovoltaic power forecasting methods are summarized in Table 4.
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Table 4. Comparison of intraday PV power forecasting methods.

Category Method Core Idea Representative
Techniques Advantages Limitations

Statistical Learning

Hybrid and
Ensemble

Combine the strengths
of multiple algorithms

Random Forest,
XGBoost, LightGBM

[77]

Improved accuracy
and robustness via

multi-model synergy

High structural
complexity and
tuning difficulty

Signal
Decomposition

Decompose sequences
into stationary
components

Frequency-domain
decomposition, EMD

[78,79]

Reduces sequence
non-stationarity Error accumulation

Shallow Regression Fit statistical
relationships

Weighted GPR,
Neural Networks

[81,82]

Low computational
cost

Weak nonlinear
modeling capability

Deep Learning

RNN Capture temporal
dependencies

LSTM, GRU, BiLSTM
[83,84]

Strong sequence
modeling capability

Limited long-term
dependency

modeling

CNN Extract local fluctuation
patterns

CNN, Hybrid models
[85]

Effective for local
features

Weak global
modeling capability

Attention Weighting
Focus on

high-contribution input
features

BiLSTM + Attention
[89,90]

Dynamic feature
weight adjustment

Increased
computational

overhead

Transformer Model global temporal
dependencies

Informer,
Autoformer,

TimesNet [91–93]

Strong multi-scale
modeling capability

High training
complexity

Spatiotemporal
Collaborative

GNN
Model spatial

correlations among
power stations

GNN, Graph
Convolution

[89,96,97]

Effectively utilizes
spatial information

Complex graph
structure

construction

Dynamic Graph
Learning

Adjust connection
weights in real time

according to weather
conditions

Time-varying graph
structures [98]

Adapts to dynamic
meteorological

conditions

High model
complexity

Multimodal Fusion

Regional Weather +
Time Series

Fuse NWP with
multidimensional time

series

NWP + Feature
fusion [99–101]

Enhanced advanced
estimation capability

High structural
complexity

Cloud Image + Time
Series

Fuse sky images with
power data

Sky images + ViT +
LSTM [102–104]

Better cloud
perception capability

Image quality
fluctuations impact

performance

Across the three timescales reviewed above, spatiotemporal correlation among dis-
tributed PV stations is captured through different strategies, with different consequences for
forecasting accuracy. At the annual scale, spatial dependence is mainly represented through
static covariance/Copula structures or data-driven multi-channel and tensor representa-
tions, which reproduce long-term joint distributions well but do not track time-varying
regional meteorological fields. At the day-ahead scale, graph neural networks incorporate
neighboring-plant meteorological information to complement single-site NWP, which is
particularly beneficial for stations with incomplete or noisy local measurements. At the
intraday scale, dynamic graph learning and regional cloud-image fusion adjust spatial
connection weights in real time to reflect rapidly moving cloud fields; this is also the
timescale at which regional meteorological coupling has the strongest impact on accu-
racy, because short-term irradiance ramps are often driven by spatially propagating cloud
systems rather than by a single station’s own history. Overall, the benefit of explicit spa-
tial/regional modeling tends to increase as the timescale shortens, while the associated
computational and graph-construction complexity (Table 4) increases correspondingly, in-
dicating an accuracy–complexity trade-off that should guide the choice of spatial modeling
strategy at each timescale.
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6. Future Research Directions
Future research on PV scenario generation and power forecasting will no longer be

limited to improving the accuracy of individual models. Instead, greater attention will
be paid to whether model outputs can provide interpretable, reusable, and transferable
uncertainty information. For power systems with high PV penetration, annual scenar-
ios, day-ahead forecasting, and intraday forecasting correspond to long-term planning,
operational scheduling, and short-term regulation, respectively. However, these tasks
share a common objective: to accurately describe the uncertainty of PV output caused
by variations in meteorological conditions, timescales, and spatial locations. Therefore,
future studies may gradually move from isolated task-oriented modeling toward a unified
uncertainty representation framework, so that generated and forecasted results at different
timescales can remain consistent in terms of statistical meanings, physical constraints, and
engineering applications.

6.1. Multi-Timescale Collaborative Modeling

This fragmentation limits the ability of operators to reconcile outputs across
timescales—for example, a day-ahead trend and an intraday correction may be statis-
tically inconsistent even when each is individually accurate, which undermines their joint
use in dispatch decision-making.

Moving from the theoretical models reviewed above to industrial deployment raises
several practical challenges that are, in our assessment, at least as important as further
gains in accuracy. First, multi-timescale collaborative modeling currently exists mainly as
separate model families with different objectives, input pipelines, and update frequencies;
a deployable pipeline instead requires shared data infrastructure and a mechanism for
propagating and reconciling information (e.g., using updated day-ahead trends to con-
strain intraday corrections) across timescales without producing conflicting outputs for the
operator. Second, integrating heterogeneous data sources (NWP, ground meteorological
stations, sky and satellite imagery, and SCADA/equipment states) in real time requires
handling differences in sampling rate, spatial resolution, latency, and reliability, together
with robust treatment of missing or delayed sources, which is harder to guarantee in a live
operational environment than in an offline benchmark. Third, computational efficiency
and scalability are critical for large-scale, high-PV-penetration systems: deep generative
and graph-based models that perform well on the limited station sets used in the literature
(Tables 2 and 4) may not scale to province- or nation-level networks with thousands of
distributed plants under the latency constraints of intraday dispatch, motivating further
research on lightweight or distilled models, incremental or federated training across sites,
and edge-cloud collaborative inference.

6.2. Multi-Source Heterogeneous Information Fusion

At the data level, PV modeling will increasingly rely on the collaborative use of multi-
source information. Historical power series alone are often insufficient to explain PV output
variations under complex weather conditions. Future studies should further integrate
numerical weather prediction, ground-based meteorological observations, sky images,
satellite cloud images, regional PV plant data, and equipment operating states. Notably, the
key to multi-source fusion is not simply to increase the number of input variables, but to
address the differences among data sources in temporal resolution, spatial scale, physical
meaning, and reliability. This will enable models to identify which information is truly
effective for long-term distribution modeling, day-ahead trend estimation, and intraday
ramp perception.
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6.3. Controllable Generative Modeling

Addressing these limitations requires generative models to incorporate domain knowl-
edge as explicit constraints rather than relying solely on data-driven fitting.

At the model level, generative AI and time-series foundation models will provide
new opportunities for PV uncertainty modeling. Compared with traditional forecasting
models, generative models can produce multiple possible scenarios, making them more
suitable for describing the uncertainty ranges and risk boundaries of PV output. Future
models should further support conditional controllability, for example, generating specific
scenarios according to season, weather type, plant location, installed capacity, or operational
requirements. Meanwhile, model design should more fully incorporate knowledge such
as irradiance patterns, day–night boundaries, power limits, variable coupling, and spatial
correlations, so that generated and forecasted results are not only reasonable in terms of
data distribution, but also consistent with the basic mechanisms of PV power generation.

6.4. Extreme Scenario Characterization

In terms of risk characterization, low-probability and high-impact events will remain a
major focus of future research. Extremely low irradiance, sustained cloudy or rainy periods,
strong cloud shading, and rapid ramping events account for only a small proportion of
historical samples, but they have significant impacts on energy storage capacity, reserve
requirements, voltage security, and operational risks. Future studies can combine extreme
value statistics, risk-aware learning, and conditional generation methods to improve the
ability of models to identify, generate, and forecast tail scenarios. Meanwhile, the evaluation
of extreme scenarios should be extended from distributional similarity to system-level
impacts, with attention to whether such scenarios can reflect the security margins and
regulation pressure in real operation.

Regarding model robustness under abrupt weather changes, the strategies reviewed
in Section 4.3—weather-type-conditioned sub-models, ensemble/hybrid architectures com-
bining a physical clear-sky backbone with data-driven correction, transfer learning for
data-scarce sites, and adversarial training against worst-case perturbations—provide the
current basis for robustness, and extending them with online/rolling model updating and
out-of-distribution detection is a promising direction for maintaining reliability when a
weather regime shifts abruptly within the forecast horizon. Regarding the operational
use of generated extreme scenarios, we suggest that they be integrated into dispatch and
emergency-protection design through three complementary routes: (i) as boundary/stress
scenarios in reserve-capacity and energy-storage sizing studies, so that reserve and storage
margins are dimensioned against low-probability, high-impact PV deficits rather than
only against average variability; (ii) as inputs to probabilistic power-flow and extreme-
scenario security checks, to identify voltage- and line-loading risks before they occur in
real operation; and (iii) as triggers for pre-defined emergency-response and protection-
setting adjustments (e.g., reserve-activation thresholds and curtailment rules) that are
pre-computed offline from the extreme-scenario set and invoked once real-time monitor-
ing or intraday forecasts indicate that operating conditions are approaching a generated
extreme scenario.

6.5. Engineering Closed-Loop Validation

At the application level, PV scenario generation and forecasting results need to be
further embedded into power system analysis workflows. Existing studies have applied
PV uncertainty modeling to power simulation, power flow analysis, capacity planning,
and representative scenario extraction, demonstrating the engineering value of these meth-
ods. The integration of rural energy Internet technologies and AI-driven agri-energy
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management further broadens the application context for PV uncertainty modeling in
agriculture-coupled power systems [105,106]. More importantly, future research should
establish unified and reproducible application-oriented evaluation procedures so that dif-
ferent models can be compared across the same datasets, system models, and metrics.
By linking scenario generation, power forecasting, system simulation, and operational
feedback, PV uncertainty modeling can move beyond algorithm-level performance eval-
uation toward system-level applications for planning, dispatching, and risk-informed
decision-making.

To make the evaluation of both probabilistic forecasts and generated scenarios more
directly aligned with the requirements of the system operator, we recommend a vali-
dation procedure structured into three levels. First, algorithm-level metrics (e.g., pin-
ball/quantile loss, CRPS, and prediction-interval coverage probability for forecasts; dis-
tributional and mode-coverage metrics for generated scenarios, cf. Section 3.3) quantify
statistical accuracy. Second, relational-consistency checks verify that physical constraints,
diurnal/seasonal structure, and spatial correlations are preserved (Sections 3.2 and 3.3),
since operators cannot act on results that violate known physical relationships even when
they are statistically accurate on average. Third, closed-loop engineering verification feeds
the forecasts or scenarios into the actual downstream application—power-flow calculation,
storage/reserve sizing, or dispatch simulation—and evaluates the resulting operational
indicators (voltage/line-loading violations, reserve-shortfall probability, and curtailment
or unserved-energy risk) rather than the forecast error alone. In our view, comparing these
operational indicators across candidate models is the criterion that best matches an opera-
tor’s actual decision needs, and we highlight the establishment of a unified, reproducible
benchmark of this kind as a priority for future work.

7. Conclusions
PV power output is jointly affected by meteorological conditions, temporal cycles,

spatial distributions, and PV plant operating states, exhibiting significant uncertainty,
variability, and multi-timescale characteristics. With the increasing penetration of PV gener-
ation in power systems, scenario generation and power forecasting have become important
technical foundations for planning analysis, dispatch operation, and risk assessment.

From the perspective of statistical relational AI, this paper reviews annual scenario
generation, day-ahead forecasting, and intraday forecasting methods for PV power gener-
ation. Annual scenario generation focuses on long-term distributions, periodic patterns,
variable relationships, and the characterization of extreme samples, providing basic scenar-
ios for planning and risk assessment. Day-ahead forecasting emphasizes output trends and
uncertainty representation driven by historical power data, meteorological variables, and
numerical weather prediction, thereby supporting next-day dispatch and market decision-
making. Intraday forecasting focuses on short-term fluctuation perception, multi-source
information fusion, and regional collaborative modeling, which are important for improv-
ing real-time operational support. Although these three tasks correspond to different
timescales, they all center on the statistical relationships among PV output, meteorological
factors, temporal structures, spatial correlations, and system requirements.

From the perspective of methodological development, existing studies have gradually
expanded from traditional probabilistic statistical models to machine learning, deep learning,
and generative AI methods. Traditional methods provide relatively clear statistical inter-
pretability; machine learning enhances nonlinear relationship modeling, and deep learning
and generative AI further improve the capabilities for complex temporal feature extraction,
multivariable relationship learning, and scenario construction. Meanwhile, the introduction of
knowledge constraints, physical mechanisms, frequency-domain features, graph-structured
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learning, and extreme risk modeling has promoted the transition of PV uncertainty modeling
from data fitting toward relationship preservation and engineering application support.

Overall, substantial progress has been made in scenario generation, power forecasting,
and system-level applications. However, coordination across different timescale tasks
remains insufficient; the characterization of complex weather conditions and extreme
scenarios is still challenging; and multi-source heterogeneous data fusion, cross-regional
generalization, and unified engineering-oriented evaluation frameworks require further
improvement. Statistical relational AI provides a useful framework for the unified un-
derstanding of PV scenario generation and power forecasting by integrating statistical
uncertainty, variable relational structures, AI models, and power system application re-
quirements. This review can provide a reference for scenario generation, power forecasting,
and system uncertainty analysis under high PV penetration.
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