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Abstract

High-quality renewable energy (RE) scenario generation is essential for secure, reliable, and
economic power system operation under high RE penetration. To address the limitations
of existing methods in preserving scenario fidelity, diversity, spatiotemporal dependence,
and engineering consistency, this paper proposes a three-stage framework that combines a
variational autoencoder (VAE) with a conditional latent diffusion model (CLDM), hereafter
referred to as VAE-CLDM, for day-ahead renewable energy scenario generation. First,
multi-source features are constructed by integrating renewable power outputs, meteorolog-
ical variables, temporal lag information, and spatial correlation characteristics among wind
farms and photovoltaic stations. Then, VAE compresses the high-dimensional features
into a compact latent space while retaining key statistical and spatiotemporal information.
Based on this latent representation, a CLDM generates realistic scenarios by progres-
sively denoising random noise under meteorological conditions. A spatiotemporal feature
modeling strategy is incorporated to better represent temporal fluctuations and inter-site
correlations, while a diversity regulation factor is selected on the validation set to balance
scenario fidelity and tail-event coverage. Finally, the generated scenarios are reconstructed
into the physical space and checked using output-bound and ramp-consistency correction
to improve their practical usability. Results on the open dataset released by the Chinese
State Grid Renewable Energy Generation Forecasting Competition show that the pro-
posed framework achieves the lowest root mean square error (RMSE), mean absolute error
(MAE), and maximum mean discrepancy (MMD) among the tested models on the training-
statistics-standardized renewable-power benchmark, with RMSE of 0.3013 ± 0.0022, MAE
of 0.3636 ± 0.0010, and MMD of 0.04269 ± 0.00040. After post-correction, lower- and upper-
bound violations are reduced to 0.00%, and the ramp-violation rate is reduced to 0.08%,
indicating that the proposed VAE-CLDM can provide useful scenario inputs for day-ahead
dispatch and risk assessment in renewable-dominated power systems.

Keywords: renewable energy; scenario generation; variational autoencoder; conditional
latent diffusion model; day-ahead power dispatch; spatiotemporal correlation

1. Introduction
Driven by energy security concerns and carbon neutrality targets, many power sys-

tems are increasingly integrating renewable energy (RE) resources such as wind power
and photovoltaic (PV) generation. This transition is supported by smart grid technologies
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that improve the adaptability of power systems to intermittent renewable generation [1].
However, RE output is inherently random, volatile, and intermittent because it is strongly
affected by meteorological and geographical conditions. These characteristics pose sub-
stantial challenges to secure, stable, and economic power system operation and may limit
further increases in renewable penetration [2]. Accordingly, high-quality RE scenario gener-
ation has become an important basis for power system planning, operation, and dispatch.

Ideally, generated scenarios should represent the statistical characteristics, temporal
evolution, spatiotemporal dependence, and engineering constraints of real-world RE be-
havior under diverse weather conditions and operating regimes. Recent reviews show
that scenario generation methods provide essential inputs for robust optimization, stochas-
tic optimization, and distributionally robust optimization in renewable-rich power sys-
tems [3]. Therefore, generated scenarios should not only approximate historical output
distributions, but also support downstream dispatch and risk assessment tasks under
weather-driven uncertainty.

Despite extensive research on RE scenario generation, three limitations remain promi-
nent in the existing literature:

(1) Insufficient integration of climate and temporal features: Weather-related forecast-
ing and scenario modeling studies have improved the representation of meteorological
variability, but many of them still focus on a specific resource, a single forecasting task,
or a partial temporal feature set, rather than constructing a unified multi-source repre-
sentation for day-ahead multi-site RE scenario generation. Cui et al. [4] developed a
stochastic scenario generation method for wind-power ramp-event forecasting, showing
that rapid wind-power fluctuations can be better represented through scenario-based
modeling. Wen et al. [5] proposed a continuous and distribution-free probabilistic wind-
power forecasting method based on conditional normalizing flows, which highlights the
importance of modeling the conditional distribution of renewable generation under meteo-
rological uncertainty. Dumas et al. [6] further introduced normalizing flows for probabilis-
tic energy forecasting in power systems, demonstrating the potential of deep generative
probabilistic models for uncertainty representation. A conditional recurrent generative
adversarial network (GAN)-based implicit generative model is introduced in [7] to cap-
ture temporal dependencies and cross-correlations among renewable generation and load
variables, but GAN-based training may suffer from instability and does not explicitly ex-
ploit low-dimensional latent diffusion for improving computational efficiency. To improve
the weather-output consistency of wind–solar–load scenarios during high-impact events,
Yi et al. [8] condition a GAN on labeled extreme weather events and meteorological fea-
tures, but the method depends on event labels and does not fully address the joint problem
of latent representation, spatial-correlation preservation, and dispatch-oriented evaluation.
Recent machine-learning studies have also improved renewable forecasting accuracy, such
as the wind-speed forecasting framework integrating a Newton–Raphson-based optimizer
(NRBO), Transformer, extreme gradient boosting (XGBoost), and adaptive denoising, col-
lectively termed NRBO-TXAD, in [9]; however, these forecasting-oriented methods do not
directly solve the problem of generating diverse day-ahead renewable scenarios with spatial
dependence. Therefore, although these studies provide useful meteorological and temporal
modeling tools, they generally do not provide a unified representation that simultaneously
integrates meteorological drivers, temporal lag information, and spatial correlation features
for multi-site renewable scenario generation.

(2) Limited targeted scenario simplification and high computational complexity: Sce-
nario reduction and selection methods can improve computational tractability, but they
mainly compress or select representative samples from existing scenario sets and may lose
high-impact renewable fluctuation patterns if operational relevance and spatiotemporal
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dependence are not explicitly considered. Lee and Baldick [10] developed a generalized
dynamic factor model for load and wind-power scenario generation, which captures tem-
poral dependence and cross-correlation among uncertain variables. Hu et al. [11] proposed
a scenario generation framework based on the knowledge of existing wind power plants,
showing that transferable information from data-rich wind farms can support scenario
construction when historical data are limited. Submodular optimization has also been
used for scenario reduction [12], while distance-based clustering and scenario-selection
methods are commonly adopted to reduce computational burden [13,14]. Recent reviews
further indicate that renewable scenario generation still needs to balance statistical fi-
delity, diversity, temporal dependence, and computational efficiency [3]. Although these
methods improve tractability, representative samples are still constrained by the origi-
nal scenario pool, and rare ramping events or high-impact low-output patterns may be
removed during reduction. Therefore, scenario reduction is complementary to, rather
than a substitute for, a generative model that directly learns compact weather-conditioned
renewable distributions.

(3) Limited accuracy and diagnostic validation of conventional scenario generation
methods: Existing statistical and deep generative models have improved renewable sce-
nario modeling, but many of them still face limitations in simultaneously preserving statis-
tical fidelity, scenario diversity, inter-site dependence, computational efficiency, and post-
reconstruction engineering consistency. Traditional statistical methods, such as wind-speed
scenario generation based on principal components and R-vine copulas [15], can preserve
part of the dependence structure but may be limited in representing nonlinear and mul-
timodal renewable output distributions. GAN-based methods provide a flexible way to
generate renewable scenarios without explicit parametric assumptions; representative
examples include model-free renewable scenario generation [16], conditional style-based
GANs [17], controllable and interpretable GAN-based generation [18], weather-label-driven
generation using a combination weighting method and conditional generative adversarial
network (CWM-CGAN) [19], SolarGAN for multivariate solar-data reconstruction [20],
and cross-modal GANs for renewable scenario generation [21]. These models improve
conditional generation capability, but GAN-based training may still suffer from instability
and mode collapse. Variational autoencoder (VAE) methods and variational autoencoder–
generative adversarial network (VAEGAN) methods provide latent representations for
renewable forecasting and scenario generation [22,23], while conditional joint scenario
generation emphasizes the importance of dependence modeling for day-ahead operational
studies [24]. More recently, diffusion-based generative models have attracted attention
because of their strong capability in modeling complex and non-stationary renewable
fluctuations. Xu et al. [25] proposed a two-stage generative architecture based on temporal
scenario representation and diffusion models, and Li et al. [26] developed a multi-resolution
denoising diffusion probabilistic model (DDPM) to capture the multi-scale volatility of
wind and PV outputs. However, existing diffusion-based methods still mainly focus on
temporal representation or multi-scale fluctuation modeling. The joint incorporation of
meteorological conditions, temporal lag features, and inter-site spatial correlations into a
compact latent generation space remains insufficient, and correlation preservation is often
evaluated through visualization rather than quantitative statistical tests.

In addition to statistical scenario quality, dispatch-oriented applications require gen-
erated scenarios to be useful for operational decision-making. Wu et al. [27] studied
stochastic multi-timescale power system operation with variable wind generation, showing
that renewable uncertainty should be represented across different operational timescales.
Modarresi et al. [28] proposed a scenario-based economic dispatch method with tunable risk
levels for high-renewable power systems, indicating that scenario quality and risk coverage
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can directly influence dispatch decisions. Recent microgrid energy-management studies
also indicate that renewable uncertainty, storage degradation, and multi-objective operating
costs should be considered when evaluating the practical value of uncertainty modeling
methods [29–31]. Therefore, a scenario generation framework that combines multi-source
feature construction, compact latent-space generation, quantitative correlation-preservation
validation, and dispatch-oriented diagnosis remains necessary.

To address these challenges, this paper presents a three-stage framework that in-
tegrates meteorological-temporal feature construction, VAE-based latent dimensionality
reduction, and a conditional latent diffusion model (CLDM) for day-ahead renewable en-
ergy scenario generation; this integrated framework is hereafter referred to as VAE-CLDM.
The framework first constructs a structured 182-dimensional input by combining renewable
power outputs, meteorological variables, temporal lag information, and intra-type spatial
correlation features. The VAE then compresses the high-dimensional input into a compact
latent space, which reduces the learning burden of direct high-dimensional diffusion mod-
eling while retaining key statistical and spatiotemporal information. Based on this latent
representation, the CLDM generates renewable scenarios through meteorology-conditioned
denoising, and the VAE decoder reconstructs the generated latent samples into the original
physical feature space. Finally, engineering consistency checks are applied to improve
practical usability by reducing obvious output-bound and ramping violations.

Compared with standalone GAN-, VAE-, DDPM-, or CLDM-based generators, the pro-
posed VAE-CLDM framework has three main advantages. First, VAE-based latent compres-
sion reduces the learning burden of high-dimensional multi-source data while avoiding
direct diffusion in the original 182-dimensional space. Second, CLDM performs condi-
tional generation in a compact latent space, which improves training stability, scenario
diversity, and denoising efficiency under meteorological conditions. Third, the gener-
ated scenarios are evaluated not only by statistical distance metrics, but also by spatial-
correlation preservation, diversity-factor sensitivity, constraint-consistency diagnosis,
and dispatch-oriented performance, which provides a more comprehensive assessment of
their engineering usefulness.

The main contributions of this work are summarized as follows:

• A multi-source conditional representation for day-ahead RE scenario generation is
developed. Renewable power outputs, meteorological variables, temporal lag features,
and inter-site spatial correlation characteristics are jointly organized into a structured
high-dimensional input. This representation provides richer conditional information
for modeling weather-driven temporal fluctuations and spatial dependence among
multiple wind and PV stations.

• A VAE-CLDM latent scenario generation framework is proposed. Instead of applying
diffusion directly in the original 182-dimensional multi-source feature space, the VAE
first learns a compact latent representation, and the CLDM performs conditional
denoising in this latent space. This design reduces the learning burden of high-
dimensional diffusion modeling and provides a more efficient generation process,
while the latent-space alignment and reconstruction accuracy are further examined to
verify the reliability of decoder-based scenario reconstruction.

• A dispatch-oriented and diagnostic evaluation framework is introduced. In addition
to statistical fidelity metrics, the generated scenarios are evaluated using diversity in-
dicators, correlation-matrix errors, statistical tests for spatial-correlation preservation,
constraint-consistency diagnostics before and after post-correction, and dispatch-
oriented metrics on a distribution network case. Comparative, ablation, sensitivity,
and robustness analyses are conducted to examine whether the generated scenarios

https://doi.org/10.3390/su18157526

https://doi.org/10.3390/su18157526


Sustainability 2026, 18, 7526 5 of 22

are not only statistically similar to historical data, but also useful for operational
decision-making.

The remainder of this paper is organized as follows. Section 2 presents an overview of
the proposed framework. Section 3 describes the multi-source feature construction stage,
the VAE-based latent representation stage, and the CLDM-based latent scenario generation
and decoder-reconstruction stage. Section 4 evaluates the quality of the generated renew-
able energy scenarios and examines their applicability to power system dispatch through
case studies and comparisons with benchmark models. Section 5 concludes the paper.

2. Overview of the Proposed Framework
The overall structure of the proposed VAE-CLDM method is shown in Figure 1.

The framework consists of three sequential stages: multi-source data construction, VAE-
based dimensionality reduction, and CLDM-based scenario generation with reconstruction.
The first stage constructs structured multi-source inputs, the second compresses these
inputs into a compact latent space, and the third generates and reconstructs scenarios for
day-ahead dispatch applications.
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Figure 1. Overall Framework of the Proposed Renewable Energy Scenario Generation Method.

In Stage I (Multi-source Data Preprocessing and Feature Construction), raw data,
including renewable power output, wind speed, solar irradiance, temperature, and tempo-
ral information are processed. Z-score standardization is applied to place heterogeneous
features on a comparable numerical scale, while physical units are restored through inverse
standardization after decoder reconstruction. Stations are divided into wind and photo-
voltaic groups to compute intra-group spatial correlations. Spatial features are unified
to eight dimensions, and four representative temporal lags (1, 6, 12, 24 h) are extracted.
The standardized power, temporal features, spatial features, meteorological variables,
and temporal encodings are concatenated to form a 182-dimensional input vector. Hard
feasibility is mainly examined after decoder reconstruction through output-bound and
ramp-consistency checks.

In Stage II (Latent Space Feature Extraction via VAE), the VAE encoder processes
the 182-dimensional input from Stage I. It compresses high-dimensional features into
a low-dimensional latent space, reducing redundancy while preserving statistical and
spatiotemporal correlations. This step reduces the learning burden of the subsequent
generative model and improves training efficiency.

In Stage III (Conditional Scenario Generation and Dimensionality Restoration), latent
features from Stage II serve as conditional inputs for the CLDM. Guided by key mete-
orological variables, the CLDM generates latent scenarios through adaptive denoising.
The generated latent scenarios are then fed into the pre-trained VAE decoder to reconstruct
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high-dimensional physical-space scenarios. After inverse normalization, raw generated
scenarios are checked and post-corrected for output-bound and ramp consistency before
being used for day-ahead dispatch.

3. Detailed Implementation of the Proposed Three-Stage Framework
This section describes the structure and function of each module in the proposed frame-

work, including the multi-source feature construction module (Stage I), the VAE-based
latent representation module (Stage II), and the CLDM-based latent scenario generation
and decoder reconstruction module (Stage III).

3.1. Stage I: Multi-Source Data Preprocessing and Feature Construction

Stage I performs data standardization, spatiotemporal feature extraction, and
engineering-informed feature construction to build reliable high-dimensional inputs for
subsequent modeling. The implementation steps and key formulas are as follows:

(1) Data Pre-standardization via Z-score Transformation

To place variables with different units on a comparable numerical scale, all contin-
uous inputs are standardized using the Z-score transformation. For any input feature
x (e.g., wind speed at a station or photovoltaic output), the standardized value xstd is
calculated as

xstd =
x − µx

σx
(1)

where µx and σx denote the mean and standard deviation of feature x calculated from the
training set only. The same statistics are then applied to the validation and test sets to avoid
information leakage. This step scales all features to a comparable numerical range while
retaining their correlation structure. Physical units are recovered later through inverse
standardization after decoder reconstruction.

(2) Spatial Correlation Feature Construction

Stations are divided into two groups: wind power stations (denoted as set W) and
photovoltaic power stations (denoted as set P). For each group, an intra-group output
correlation matrix is computed. The original dataset contains six wind farms and eight pho-
tovoltaic stations. After data-quality screening, one photovoltaic station with insufficient
valid records and long-term zero-output behavior is excluded; therefore, the final case study
uses six wind farms and seven photovoltaic stations. The intra-type correlation matrices
of the selected wind and photovoltaic groups have sizes of 6 × 6 and 7 × 7, respectively.
The correlation coefficient ρi,j between station i and station j in the same group is

ρi,j =
Cov(Pi, Pj)

σPi σPj

(2)

where Pi and Pj denote the standardized output sequences of stations i and j, Cov(Pi, Pj) is
their covariance, and σPi and σPj are their standard deviations.

For each station, the corresponding row in the intra-group correlation matrix is ex-
tracted as its spatial correlation feature. To keep a fixed station-level tensor format across
wind and PV resources, the spatial correlation vector of each station is padded to eight
dimensions. Specifically, the wind spatial feature has an initial dimension of six and is
represented as sw = [ρw,1, ρw,2, . . . , ρw,6, 0, 0]T, while the PV spatial feature has an initial
dimension of seven and is represented as sp = [ρp,1, ρp,2, . . . , ρp,7, 0]T. The padded zero
entries are introduced only for dimensional alignment with the original maximum num-
ber of PV sites and are not interpreted as physical correlations. They are excluded from
correlation-preservation evaluation and multicollinearity diagnostics.
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(3) Temporal Lag Feature Construction

To capture the time-dependent dynamics of RE output, temporal lag features are
introduced. For the standardized RE output Pi,std(t) at station i and time t, four lagged
features are extracted: lag-1 h, lag-6 h, lag-12 h, and lag-24 h. For the 15 min resolution
data used in this study, these lags correspond to 4, 24, 48, and 96 time steps, respectively.
In day-ahead generation, these variables are historical observations available before the
target generation horizon, and no actual renewable output from the target day is used.
The temporal feature vector is constructed as

li(t) = [Pi,std(t − ∆1), Pi,std(t − ∆6), Pi,std(t − ∆12), Pi,std(t − ∆24)]
T (3)

where ∆1 = 4, ∆6 = 24, ∆12 = 48, and ∆24 = 96 denote the corresponding numbers of
15 min time steps. This step encodes short-term, intra-day, half-day, and daily variability of
RE output.

(4) Feature Concatenation to Form High-dimensional Input Vector

The standardized power (one dimension), 4-dimensional temporal features, and
8-dimensional spatial features are concatenated into a unified input vector for each station,
yielding a 13-dimensional representation for each renewable energy site:

xi(t) =
[

Pi,std(t), lTi (t), sTi
]T

∈ R13. (4)

For the whole system consisting of 13 grid-connected nodes (6 wind farms and 7
PV stations), the station-level vectors are stacked and concatenated with meteorological
variables and temporal encoding variables to form the final 182-dimensional input vector:

X(t, :) =
[
xT1 (t), xT2 (t), . . . , xT13(t), mT(t), eT(t)

]
∈ R182. (5)

where m(t) ∈ R3 denotes meteorological variables, including wind speed, irradiance,
and temperature, and e(t) ∈ R10 denotes temporal encoding variables such as hour-of-day
and day-of-week. Therefore, the 182 dimensions consist of 13 stations × 13 dimensions
per station (1 standardized power + 4 temporal lag features + 8 spatial features) = 169 di-
mensions, together with three-dimensional meteorological features and 10-dimensional
temporal encoding features.

(5) Engineering Consistency Description for Post-Reconstruction Checking

The 182-dimensional input matrix X provides the structured multi-source represen-
tation that is later compressed by the VAE in Stage II. In the revised framework, Stage I
is not treated as an additional independent latent-learning module; instead, it prepares
standardized power, meteorological, temporal-lag, and spatial-correlation features for
the subsequent VAE encoder. Engineering consistency is mainly evaluated after decoder
reconstruction, where output-bound and ramp-consistency checks are applied to the recon-
structed renewable power outputs.

For clarity, the engineering consistency checks are described as post-reconstruction
diagnostics rather than as complete atmospheric physical laws. The generic violation
function can be written as

gc(Xreal(t)) ≤ 0, c ∈ C, (6)

where C includes output lower-bound, output upper-bound, and ramp-consistency checks.
These checks are used to distinguish raw generated scenarios from post-corrected scenarios
in the experiments. It should be emphasized that gc(·) is not included in the VAE or
CLDM training loss and is not differentiated through the neural network. It is used only
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as a post-reconstruction diagnostic and correction criterion after decoder reconstruction
and inverse standardization. Therefore, hard feasibility is not claimed at the Stage I
feature-construction stage; it is evaluated separately after VAE decoder reconstruction and
inverse standardization.

3.2. Stage II: Latent Space Feature Extraction via VAE

Stage II extracts latent features using a Variational Autoencoder (VAE). The VAE
processes the 182-dimensional standardized multi-source input from Stage I and performs
targeted dimensionality reduction to reduce high-dimensional redundancy and strong inter-
feature coupling while retaining important statistical and correlation structures. The VAE
is not intended to remove physically meaningful renewable fluctuations, such as ramps
and irradiance intermittency; rather, it mitigates redundant feature coupling and isolated
abnormal perturbations. Figure 2 illustrates the encoder–decoder architecture used for
latent-space dimensionality reduction and reconstruction. The VAE encoder is designed
as a lightweight multi-layer perceptron (MLP) to avoid redundant computation, and the
latent variable Z is assumed to follow a standard Gaussian prior to obtain a compact and
structured latent space:

p(Z) = N (0, I) (7)

renewable output

8-dimensional 
spatial features

4-dimensional 
temporal features

Input Layer Encoder 

Input

Output

Hidden
Diffusion 
Model

Latent Space Decoder 

renewable output

8-dimensional 
spatial features

4-dimensional 
temporal features

Output Layer 

μ, σ, Gaussian 
noise ε ~ N(0,I)

Input

Output
Hidden

Figure 2. Basic Architecture of VAE for Dimensionality Reduction and Reconstruction.

Because the true posterior distribution pψ(Z | Xstd), where Xstd denotes the stan-
dardized multi-source input matrix from Stage I, is intractable, the VAE encoder learns
an approximate Gaussian posterior qϕ(Z | Xstd) = N

(
µ, diag(σ2)

)
. Here, µ and σ repre-

sent the mean and standard deviation vectors of the approximate posterior, respectively.
The reparameterization trick is adopted to address the non-differentiability of random
sampling in the latent space, enabling gradient-based training of the encoder:

Z = µ + σ ⊙ ϵ, ϵ ∼ N (0, I) (8)

Here, ⊙ denotes element-wise multiplication, and ϵ is a random noise vector sampled
from the standard Gaussian distribution N (0, I).

The VAE encoder is trained by maximizing the evidence lower bound (ELBO), which
balances the reconstruction term, used to recover key information from the input, and the
Kullback–Leibler (KL) divergence, used to align the approximate posterior with the prior
Gaussian distribution:

LVAE(ϕ, ψ) = Eqϕ(Z|Xstd)

[
log pψ(Xstd | Z)

]
− DKL

(
qϕ(Z | Xstd) ∥ p(Z)

)
(9)

where ϕ and ψ denote the learnable parameters of the encoder and decoder, respectively.
For Gaussian distributions, the KL divergence term has a closed-form expression:

DKL = − 1
2N

N

∑
n=1

K

∑
k=1

(
1 + log σ2

n,k − µ2
n,k − σ2

n,k

)
(10)
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where N is the number of time steps in the input dataset, K ≪ 182 is the latent space dimen-
sion, and µn,k and σn,k are the k-th components of µ and σ for the n-th time step, respectively.
In this study, the latent dimension is set to K = 8, selected from the validation-based sensi-
tivity analysis over K = {8, 16, 32}. This setting provides a compact representation while
maintaining reconstruction accuracy and generation quality.

It should be noted that the VAE decoder is trained using latent variables sampled from
the VAE posterior, whereas the final scenario generation stage decodes CLDM-generated
latent variables. Therefore, latent-space alignment between VAE-encoded samples and
CLDM-generated samples is examined before reconstruction using latent mean differ-
ence, covariance error, and latent maximum mean discrepancy (MMD), as reported in the
simulation section and supplementary diagnostics.

3.3. Stage III: CLDM-Guided Latent Space Low-Dimensional Scenario Generation

Based on the low-dimensional latent variable matrix Z ∈ RN×K output by the VAE
encoder in Stage II, the conditional latent diffusion model (CLDM) learns the distribu-
tion of the reduced-dimensional features and generates latent scenarios. To improve
spatiotemporal correlation modeling and the coverage of extreme scenarios, two strate-
gies are introduced: a spatiotemporal feature modeling strategy embedded in the dif-
fusion network and a diversity regulation factor α (α > 0) for adjusting the noise
sampling process. Figure 3 shows the conditional latent diffusion architecture and its
meteorological-conditioning pathway.

y0 yn-1
…… yn… yN

…
…

q(yn|yn-1)

pθ(yn|yn-1)

times series noise sample

Figure 3. Basic Architecture of Conditional Latent Diffusion Model. The orange, green, purple, and
cyan curves schematically illustrate the time-series states at the initial, intermediate, and terminal
diffusion steps, respectively; the colors are used only for visual distinction.

Specifically, the temporal lag features describe short-term, intra-day, half-day, and daily
renewable-output evolution; the intra-type spatial-correlation descriptors provide station-
level dependence information within the wind and PV groups; and the meteorological
variables guide the reverse denoising process toward weather-consistent latent samples.
This formulation keeps the implemented CLDM consistent with the MLP-based conditional
noise predictor reported in Table 1, while still incorporating the main spatiotemporal
information required for multi-site renewable scenario generation.

The diversity regulation factor is introduced into the noise sampling process as
ϵ′ = αϵ, where ϵ is standard Gaussian noise. The value of α is not treated as an arbi-
trary free parameter. Instead, candidate values α ∈ {0.6, 0.8, 1.0, 1.2, 1.5} are selected on the
validation set by jointly considering MMD, scenario spread, tail-event coverage, correlation
error, and constraint-violation rate. Increasing α expands the noise variation range and im-
proves the coverage of tail-output scenarios, whereas decreasing α narrows the noise range
and improves the fidelity of conventional scenarios. Excessively large values may introduce
unrealistic fluctuations, so the selected α balances statistical fidelity and scenario diversity.
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Table 1. Main architecture and training hyperparameters.

Item Setting

Input dimension 182
Retained renewable sites 13 sites: 6 wind farms and 7 PV stations
Station-level feature dimension 13: 1 power + 4 lag features + 8 spatial features
Meteorological condition dimension 3: wind speed, irradiance, temperature
Temporal encoding dimension 10
Latent dimension K = 8
VAE encoder/decoder hidden layers [128, 64]/[64, 128]
VAE latent prior N (0, I)
CLDM denoising network MLP-based conditional noise predictor
Training diffusion steps Ttrain 1000, linear βt ∈ [10−4, 2 × 10−2]
Reverse-sampling steps Ssample 1000
Optimizer, learning rate, batch size Adam, 1 × 10−3, 128
Training epochs and random seeds 200 epochs, 5 independent seeds
Diversity factor candidates {0.6, 0.8, 1.0, 1.2, 1.5}
Selected diversity factor α = 1.0

Conditioned on core meteorological variables, including wind speed, solar irradiance,
and ambient temperature, the CLDM performs iterative denoising in the latent space to
generate weather-conditioned latent scenario samples Zscene. The pre-trained VAE decoder
then reconstructs these latent scenarios into the original high-dimensional space through
the nonlinear mapping:

Xrec = Decoder(Zscene; ψ) (11)

where ψ denotes the learnable parameters of the decoder, which are jointly optimized with
the encoder during Stage II training to ensure consistent feature mapping between the
latent and original data spaces.

To restore physical values, inverse Z-score standardization is performed on the recon-
structed data:

Xreal = Xrec ⊙ σtrain + µtrain (12)

where µtrain and σtrain are the feature-wise mean and standard-deviation vectors estimated
from the training set, and ⊙ denotes element-wise multiplication with feature-wise broad-
casting across samples. Finally, an engineering post-correction mechanism checks invalid
scenarios, such as negative output and out-of-limit operating parameters. The raw gener-
ated scenarios and the post-corrected scenarios are evaluated separately. Therefore, a zero
or near-zero violation rate after correction should be interpreted as the feasibility of the
corrected outputs rather than as evidence that the raw CLDM samples always satisfy all
operating constraints. The qualified scenarios are then applied to day-ahead dispatch tasks,
completing the process of “latent feature learning-scenario generation-data space recovery”.

In summary, the VAE improves the compactness and discriminability of latent features,
the CLDM learns the weather-conditioned latent distribution through denoising, and the
spatiotemporal feature modeling strategy incorporates temporal lag information, intra-type
spatial-correlation descriptors, and meteorological conditions. The diversity regulation
factor provides flexible control over scenario diversity and tail-output coverage. These
components jointly improve the proposed renewable energy scenario generation framework
and support the generation of correlated and diverse scenarios with improved engineering
consistency after post-correction for power system dispatch.

4. Simulation Results and Discussion
This section presents the experimental settings, raw-data diagnostics, VAE latent-

representation performance, CLDM scenario-generation performance, constraint-consistency
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evaluation, robustness diagnostics, and dispatch-oriented comparison. All experiments
were implemented in Python 3.9 with PyTorch 1.12.0 on a workstation equipped with a
multicore central processing unit (CPU) with 24 logical threads, an artificial intelligence
(AI) processing unit delivering approximately 280 tera floating-point operations per second
(TFLOPS) of theoretical peak performance at 16-bit floating-point precision (FP16), and 64
gigabytes (GB) of system memory.

Table 1 summarizes the main architecture and training hyperparameters used in this
study. The settings include the input dimension, latent dimension, denoising-network
structure, diffusion schedule, optimizer, training epochs, diversity-factor candidates,
and random-seed configuration.

The training diffusion steps Ttrain = 1000 are used as a fixed noise schedule for
reproducibility rather than as a claimed theoretically necessary or globally optimal setting.
The final reported experiments use the corresponding Ssample = 1000 reverse-sampling
configuration to keep the benchmark evaluation consistent with the retained training noise
schedule. Therefore, this setting is treated as an implementation choice rather than as a
theoretical optimum.

4.1. Raw Data Description

The experimental data used in this study are derived from the open dataset released by
the Chinese State Grid Renewable Energy Generation Forecasting Competition. The dataset
was published by Chen and Xu [32] and is publicly available at https://doi.org/10.1
038/s41597-022-01696-6 (accessed on 28 January 2026). The full dataset contains field
measurements from six wind farms and eight photovoltaic (PV) power stations in China
from 2019 to 2020, with a temporal resolution of 15 min. The dataset includes historical
renewable power records and meteorological variables, and therefore provides a realistic
basis for training and validating day-ahead renewable energy scenario generation models.

After data screening and quality control, the case study uses measurements from
13 grid-connected renewable sites, including six wind farms and seven PV stations. One PV
station is excluded because it contains long-term zero-output behavior and insufficient valid
records, which would otherwise distort the PV output distribution and spatial-correlation
structure. Detailed station-screening statistics are reported in Supplementary Table S1.
The core variables include wind speed (0–26.9 m/s), solar irradiance (0–1467 W/m2),
ambient temperature (−24.5–37.6 ◦C), and renewable power output.

Missing values lasting fewer than 10 consecutive time steps are filled by linear in-
terpolation, while samples with a missing rate exceeding 20% are removed to ensure
data integrity.

The effect of short-gap interpolation is quantitatively checked by comparing temporal
statistics before and after interpolation. The lag-1 autocorrelation, lag-4 autocorrelation,
and ramp standard deviation change by only 0.003, 0.003, and 0.002, respectively, indicating
that the interpolation procedure for short missing gaps does not materially distort the
temporal dependence structure. The detailed interpolation diagnostic is provided in
Supplementary Table S2.

To avoid information leakage, all normalization statistics are calculated using the
training set only. Specifically, the mean and standard deviation used in Z-score normal-
ization are estimated from the training set and then applied unchanged to the validation
and test sets. The intra-type spatial correlation matrices used for feature construction are
also computed only from training-set renewable output sequences. The dataset is split in
chronological order rather than randomly, so that the validation and test periods are strictly
later than the training period.
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Figure 4 presents raw data visualizations from a representative wind farm and PV
station. The temporal curves show the fluctuation characteristics of wind and PV generation,
while the marginal distributions illustrate the non-Gaussian and weather-dependent nature
of the renewable variables. These characteristics motivate the use of multi-source feature
construction and generative scenario modeling.

A multicollinearity diagnostic is further conducted on the training-set features after
excluding constant padding columns. The temporal lag features have a maximum variance
inflation factor (VIF) of 8.53 and a condition number of 14.06, while meteorological and
static spatial descriptors show stronger collinearity due to shared regional weather drivers
and repeated station-level descriptors. Therefore, the VAE is not introduced under an
independence assumption for the original 182-dimensional feature space. Instead, it is
used to compress correlated multi-source inputs into a compact latent representation before
CLDM-based generation. The full multicollinearity diagnostic and the temporal/seasonal
split results are reported in Supplementary Tables S3 and S4, respectively.

Figure 4. Raw data visualization of a typical wind farm and PV station. (a) Temporal curves of
wind speed and wind power; (b) temporal curves of solar irradiance and PV power; (c) statistical
distribution of wind speed; (d) statistical distribution of solar irradiance.

4.2. VAE Latent Representation and Correlation-Preservation Diagnostics

The VAE encoder compresses the standardized 182-dimensional multi-source input
matrix into a compact latent representation. The latent dimension is set to K = 8 according
to validation-based sensitivity analysis over K = {8, 16, 32}. Among the tested settings,
K = 8 provides the best overall trade-off among reconstruction accuracy, distributional
similarity, latent-space compactness, and runtime. This setting is therefore adopted in the
subsequent CLDM generation stage. The complete latent-dimension sensitivity table is
provided in Supplementary Table S5.

The adopted temporal lag configuration {1, 6, 12, 24} h is also checked against alterna-
tive lag configurations and a learned temporal embedding. The diagnostic results show that
the adopted lag set performs close to the best explicit lag settings and clearly outperforms
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the no-lag configuration. Although adding a learned temporal embedding slightly reduces
root mean square error (RMSE) and mean absolute error (MAE) in the diagnostic proxy,
the improvement is small, whereas the explicit {1, 6, 12, 24} h lag set remains simpler, more
interpretable, and does not require an additional trainable temporal-embedding module.
The full lag-set diagnostic is reported in Supplementary Table S8.

To examine whether the generated latent samples can be reliably decoded by the
pretrained VAE decoder, latent-space alignment is evaluated between VAE-encoded sam-
ples and CLDM-generated samples. The CLDM-generated latent samples remain close
to the VAE-encoded latent distribution, with a latent mean difference of 0.021, standard
deviation difference of 0.034, latent MMD of 0.1434, and covariance error of 0.058. These
results reduce the risk that the decoder is applied to out-of-distribution latent samples.
The detailed latent-alignment metrics are listed in Supplementary Table S6.

Decoder reconstruction accuracy is evaluated in both normalized and original physical
scales. The normalized RMSE values of wind speed, solar irradiance, ambient tempera-
ture, and renewable power are 0.091, 0.088, 0.076, and 0.104, respectively. These values
correspond approximately to 0.36 m/s, 21.56 W/m2, 0.65 ◦C, and 5.72 MW in the orig-
inal physical scale. Therefore, the decoder can reconstruct the main physical variables
with acceptable accuracy before the generated scenarios are used in subsequent constraint-
consistency and dispatch-oriented evaluations. The complete normalized and original-scale
reconstruction errors are reported in Supplementary Table S7.

Spatial dependence is first examined through real and generated correlation matrices.
Let Rreal and Rgen denote the correlation matrices calculated from the real and generated
renewable output sequences, respectively. The correlation error matrix is defined as:

∆R = Rgen − Rreal. (13)

The padded zero entries introduced only for dimensional alignment are excluded
from all correlation-preservation calculations.

Figure 5 compares the real correlation matrix, generated correlation matrix, and abso-
lute correlation error matrix. The generated scenarios preserve the dominant intra-type
correlation patterns, especially among PV stations, while wind–PV cross-type dependence
remains more difficult to reproduce.

As shown in Table 2, the overall spatial-correlation MAE is 0.049, and the Wilcoxon
test does not show a statistically significant systematic shift at the 0.05 level. The wind–PV
group has a larger error than the intra-type groups, indicating that cross-type dependence
remains more difficult to preserve when intra-type correlation features are used as the main
spatial descriptors.
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Figure 5. Quantitative spatial-correlation preservation analysis. (a) Real correlation matrix; (b) gener-
ated correlation matrix; (c) absolute correlation error matrix.
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Table 2. Statistical evaluation of spatial-correlation preservation.

Group Pairs Corr. MAE Corr. RMSE Pres. Corr. p-Value

Wind–Wind 15 0.041 0.055 0.912 0.184
PV–PV 21 0.028 0.036 0.887 0.238
Wind–PV 42 0.063 0.079 0.742 0.058

Overall 78 0.049 0.064 0.836 0.102

4.3. Performance of CLDM Scenario Generation and Constraint Consistency

The CLDM is trained in the VAE latent space rather than directly in the original
182-dimensional feature space. This design reduces the learning burden of the diffusion
model while preserving the main statistical and spatiotemporal characteristics encoded by
the VAE. Meteorological variables, including wind speed, solar irradiance, and ambient
temperature, are used as explicit conditioning information during reverse denoising.

The diversity regulation factor α is introduced by scaling the reverse-sampling noise
term. Its value is selected on the validation set rather than manually fixed. Candidate values
are evaluated using statistical fidelity, scenario spread, tail-event coverage, correlation-
preservation error, and constraint-violation rate.

Table 3 shows that increasing α improves tail-event coverage but may also increase
statistical errors and constraint violations. Based on the validation results, α = 1.0 is
adopted as the default value because it achieves the lowest MMD and provides a balanced
trade-off among statistical fidelity, tail-event coverage, and constraint consistency.

Table 3. Sensitivity analysis of the diversity regulation factor α on the original renewable-power
scale.

α
RMSE
(MW)

MAE
(MW) MMD Tail-Event Coverage Violation (%)

0.6 37.90 27.86 0.168 58.3 0.12
0.8 36.18 26.52 0.151 71.6 0.18
1.0 35.27 25.95 0.143 82.4 0.26
1.2 35.84 26.21 0.149 91.7 0.43
1.5 38.42 28.11 0.176 96.8 0.91

To clarify the source of constraint consistency, raw generated scenarios and post-
corrected scenarios are evaluated separately. The raw scenarios are checked for negative
output, output exceeding installed capacity, and excessive ramping. The corrected scenarios
are evaluated using the same criteria after output-bound and ramp-consistency correction.

Table 4 shows that the raw generated scenarios still contain a small number of lower-
bound, upper-bound, and ramping violations. After post-correction, output-bound viola-
tions are removed and the ramp-violation rate is reduced to 0.08%. Therefore, the near-zero
violation rate should be interpreted as the feasibility of the post-corrected scenarios rather
than as evidence that the raw CLDM outputs always satisfy all operational constraints.

Table 4. Constraint-violation diagnosis before and after post-correction.

Scenario Lower (%) Upper (%) Ramp (%) Corrected (%) Avg. Corr. (MW)

Raw generated 0.84 0.31 2.17 – –
Post-corrected 0.00 0.00 0.08 2.73 0.86

The sensitivity to imperfect meteorological conditioning is also examined by per-
turbing wind speed, solar irradiance, and ambient temperature inputs by 5–20%. As the
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perturbation level increases from 0% to 20%, RMSE increases from 6.7539 to 7.2915, MAE
increases from 3.2995 to 3.6802, and the constraint-violation rate increases from 0.233419
to 0.244073. These results indicate gradual degradation rather than abrupt failure under
controlled meteorological-condition errors. The MMD and correlation-error indicators
vary only slightly in this diagnostic, so the result is not overstated as strong forecast-error
robustness. Since the open dataset contains historical measurements rather than operational
numerical weather prediction products, this test is interpreted as a controlled forecast-
error proxy rather than real numerical weather prediction (NWP) validation. The detailed
perturbation results are provided in Supplementary Table S9.

To examine whether scenario realism is retained when 15 min scenarios are converted
to hourly intervals, four consecutive 15 min outputs are averaged into hourly scenarios.
The MMD changes from 0.143 to 0.137, and the correlation error changes from 0.128 to 0.132.
These results indicate that the generated scenarios retain comparable distributional similar-
ity and correlation-preservation performance under hourly downsampling. The complete
hourly diagnostic is provided in Supplementary Table S10.

4.4. Comprehensive Performance Comparison

To evaluate the proposed VAE-CLDM framework, two aspects are considered: scenario
generation quality and dispatch-oriented diagnostic applicability. Scenario generation
quality is assessed using distance-based metrics, including RMSE, MAE, and MMD, while
the dispatch-oriented diagnostic is evaluated using network-loss, renewable-absorption,
dispatch-cost, cost-volatility, and voltage-overlimit indicators.

4.4.1. Scenario Generation Performance

The benchmark comparison evaluates whether the proposed VAE-CLDM improves
the statistical quality of generated renewable-power scenarios relative to representative
generative baselines. The compared configurations are defined as follows:

• Standalone VAE: a reconstruction-based baseline that performs dimensionality reduc-
tion and basic scenario reconstruction without the diffusion generation module.

• Wasserstein generative adversarial network (WGAN) and DDPM: representative deep
generative baselines for renewable scenario generation.

• Standalone CLDM: a direct-space conditional diffusion baseline operating in the
original 182-dimensional feature space without VAE-based latent compression or
decoder reconstruction.

• VAE-CLDM: the proposed framework integrating multi-source feature construction,
VAE-based latent dimensionality reduction, CLDM-based conditional scenario genera-
tion, decoder reconstruction, and diversity regulation.

All models are trained under the same chronological dataset split, batch size, number
of training epochs, and hardware environment. To account for initialization and sam-
pling variability, each stochastic configuration is repeated over five independent random
seeds, and Table 5 reports the mean values and standard deviations on the normalized
benchmark scale.

As shown in Table 5, VAE-CLDM achieves the lowest mean RMSE (0.3013 ± 0.0022),
MAE (0.3636± 0.0010), and MMD (0.04269± 0.00040) on the training-statistics-standardized
renewable-power benchmark. These normalized-scale generation-quality results should be
compared within Table 5 and should not be mixed directly with physical-scale sensitivity
results, dispatch diagnostics, or the separate CPU timing-scope diagnostic reported in
Supplementary Table S12.
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Table 5. Multi-seed performance comparison of scenario generation models on the training-statistics-
standardized renewable-power benchmark.

Model RMSE MAE MMD Sampling Time (s/1000)

VAE 0.7942 ± 0.0054 0.6179 ± 0.0070 0.29773 ± 0.00489 0.073 ± 0.0007
CLDM 0.5101 ± 0.0005 0.4795 ± 0.0007 0.04873 ± 0.00042 7.2740 ± 0.1471
DDPM 0.5176 ± 0.0006 0.3897 ± 0.0005 0.08124 ± 0.00043 2.8092 ± 0.1878
WGAN 0.5814 ± 0.0023 0.5366 ± 0.0010 0.09211 ± 0.00216 0.062 ± 0.0007
VAE-CLDM 0.3013 ± 0.0022 0.3636 ± 0.0010 0.04269 ± 0.00040 9.8892 ± 0.6483

For the normalized-scale MMD comparison between VAE-CLDM and standalone
CLDM, a Wilcoxon signed-rank diagnostic is additionally performed using the same five
random seeds. The one-sided test corresponding to the directional hypothesis that VAE-
CLDM reduces MMD gives p = 0.03125, while the two-sided exact test gives p = 0.0625.
Because only five seeds are available, this result is interpreted as diagnostic evidence
rather than a definitive statistical conclusion. The corresponding normalized-scale MMD
summary and Wilcoxon diagnostic are provided in Supplementary Table S13.

The relative improvements are calculated directly from Table 5 and can be summarized
as follows:

• Compared with the standalone VAE model, VAE-CLDM reduces RMSE by 62.1%,
MAE by 41.2%, and MMD by 85.7% on the training-statistics-standardized renewable-
power benchmark.

• Compared with standalone CLDM, VAE-CLDM reduces RMSE by 40.9%, MAE by
24.2%, and MMD by 12.4%. This supports the normalized-scale generation-quality
advantage of VAE-CLDM in the implemented benchmark. However, the sampling
time of VAE-CLDM in this benchmark is larger than that of standalone CLDM, so
quality improvement and sampling cost are discussed as separate aspects rather than
combined into a single superiority claim.

• Compared with WGAN and DDPM, VAE-CLDM improves the normalized-scale
generation-quality metrics, with MMD reduced by 53.6% relative to WGAN and by
47.5% relative to DDPM.

To directly address the contribution of the multi-source feature-construction stage,
a feature-level ablation diagnostic is further conducted using the available feature-
ablation evaluation scale. This diagnostic does not treat Stage I as an independently
trainable physical-constraint-learning module; instead, it isolates the effects of the
constructed temporal-lag features, spatial-correlation descriptors, and meteorological
conditioning pathways.

Table 6 shows that the full VAE-CLDM configuration clearly outperforms the power-
only input baseline and the settings without temporal-lag features or meteorological con-
ditioning. In particular, the MMD increases from 0.0203 ± 0.0025 to 0.0514 ± 0.0092 when
temporal-lag features are removed, and to 0.0276 ± 0.0021 when meteorological condition-
ing is removed. These results indicate that the multi-source feature-construction stage is
useful, especially the temporal-lag features and meteorological conditioning. Removing
the spatial-correlation descriptors also leads to a modest degradation: RMSE increases
from 10.452 ± 0.184 to 10.574 ± 0.162, MAE increases from 6.028 ± 0.067 to 6.124 ± 0.127,
MMD increases from 0.0203 ± 0.0025 to 0.0236 ± 0.0046, and Corr. MAE increases from
0.0617± 0.0051 to 0.0623± 0.0018. Therefore, the spatial-correlation descriptors are retained
as station-level dependence descriptors with a modest but consistent contribution, while
the dominant gains in this ablation come from temporal-lag features and meteorological
conditioning. Overall, this ablation supports the implemented feature-construction de-
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sign while avoiding the unsupported claim that Stage I itself is an independently learned
physical-constraint module.

Table 6. Feature-level ablation diagnostic for the multi-source feature-construction stage.

Configuration RMSE MAE MMD Corr. MAE

Full VAE-CLDM 10.452 ± 0.184 6.028 ± 0.067 0.0203 ± 0.0025 0.0617 ± 0.0051
w/o temporal-lag features 13.250 ± 0.313 7.654 ± 0.219 0.0514 ± 0.0092 0.0786 ± 0.0070
w/o spatial-correlation descriptors 10.574 ± 0.162 6.124 ± 0.127 0.0236 ± 0.0046 0.0623 ± 0.0018
w/o meteorological conditioning 11.031 ± 0.192 6.572 ± 0.075 0.0276 ± 0.0021 0.0700 ± 0.0040
Power-only input 18.763 ± 0.503 12.697 ± 0.310 0.1976 ± 0.0151 0.3154 ± 0.0216

4.4.2. Grid Dispatch Performance Evaluation

To further evaluate the practical value of the scenarios generated by the VAE-CLDM
model, grid dispatch simulations are conducted on the Institute of Electrical and Elec-
tronics Engineers (IEEE) 33-node distribution network. The dispatch study is used as
a diagnostic evaluation rather than a full market-clearing model. The objective min-
imizes the sum of grid-purchase cost, renewable-curtailment cost, network-loss cost,
and reactive-compensation cost over 96 15 min intervals. The constraints include nodal
power balance, voltage limits, line-flow limits, renewable-output bounds, and power-flow
feasibility checks.

The core dispatch parameters are as follows:

• Cost parameters: renewable-energy curtailment cost $0.8/kWh, grid-purchase cost
$1.2/kWh, network-loss cost $1.0/kWh, and reactive-power compensation cost
$0.05/kVArh.

• Time resolution: 15 min intervals, corresponding to 96 time slots for 24 h dispatch.
• Renewable placement: buses 4, 6, 8, 10, 12, 14, 17, 20, 22, 24, 26, 29, and 31 in the IEEE

33-node system.
• Evaluation metrics: average network loss (MW), renewable energy absorption rate

(%), average 24 h dispatch cost ($), cost standard deviation ($), and voltage over-
limit rate (%).

Additional dispatch-model settings, including the power-flow approximation, voltage
limits, renewable placement, load profile, scenario treatment, and cost terms, are summa-
rized in Supplementary Table S14. The absolute dispatch reference cases, including the
perfect-forecast and deterministic/no-scenario baselines, are reported in Supplementary
Table S15.

Figure 6 compares five dispatch metrics across all models. The values are normalized
to the interval 0–1, and lower values indicate better performance. The VAE-CLDM model
achieves normalized values of 0.07–0.13 across all indicators. Specifically, for average
network loss (0.12), average dispatch cost (0.07), cost standard deviation (0.13), and voltage
overlimit rate (0.13), VAE-CLDM performs better than VAE (0.90), WGAN (0.68–0.79),
DDPM (0.41–0.59), and CLDM (0.25–0.40). For renewable energy absorption rate, which
is reciprocally normalized for consistent interpretation, VAE-CLDM obtains the lowest
normalized value (0.09), corresponding to the highest actual absorption rate of 95.4%.
For reference, Supplementary Table S15 reports that the perfect-forecast case reaches 96.4%
absorption, the deterministic/no-scenario case reaches 92.8%, and the VAE-CLDM case
reaches 95.4% under the same diagnostic dispatch setting.
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Figure 6. Comparison of dispatch metrics across benchmark models.

Figure 7 shows the 24 h network-loss curves of different models on a typical day. VAE-
CLDM exhibits the smoothest loss profile, with a fluctuation range close to 0.03–0.031 MW,
whereas the peak network loss of the VAE model approaches 0.039 MW.

Figure 8 compares the 24 h dispatch-cost trajectories of different models on the same
typical day. VAE-CLDM maintains the most stable dispatch-cost curve at approximately
$248 per 15 min interval, with a lower fluctuation amplitude than VAE, WGAN, DDPM,
and CLDM.

Figure 7. Twenty-four-hour network loss comparison on a typical day.

Figure 8. Twenty-four-hour dispatch cost comparison on a typical day.
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The dispatch-oriented diagnostic results indicate that the proposed VAE-CLDM
method can provide useful scenario data for renewable energy grid integration and dis-
patch analysis. These results should be interpreted as application-oriented diagnostic
evidence under the adopted IEEE 33-node setting, rather than as a universal guarantee of
operational superiority.

4.5. Performance Summary

The comprehensive evaluation results indicate that the proposed VAE-CLDM frame-
work improves normalized-scale scenario generation quality, supports engineering con-
sistency after post-correction, and provides useful diagnostic scenario inputs for dispatch-
oriented analysis. The main observations are summarized as follows:

1. Scenario generation quality: The VAE-CLDM model achieves the lowest RMSE,
MAE, and MMD among the tested benchmark models in the training-statistics-
standardized renewable-power benchmark. In particular, the MMD of VAE-CLDM
is 0.04269 ± 0.00040, lower than standalone CLDM (0.04873 ± 0.00042), DDPM
(0.08124± 0.00043), WGAN (0.09211± 0.00216), and standalone VAE (0.29773± 0.00489).
This indicates that the generated scenarios better match the statistical distribution of
real renewable power output in the implemented benchmark.

2. Spatiotemporal representation: The explicit {1, 6, 12, 24} h lag set provides a simple
and interpretable multi-scale temporal representation. The feature-level ablation
further shows that temporal-lag features and meteorological conditioning are the most
important parts of the constructed input. Intra-type spatial-correlation descriptors are
retained for interpretable station-level dependence representation, and the updated
feature-level ablation shows a modest but consistent contribution of these descriptors.
The overall spatial-correlation MAE is 0.049, and the Wilcoxon test does not indicate a
systematic shift at the 0.05 level in Table 2.

3. Constraint consistency: Raw generated scenarios and post-corrected scenarios are
evaluated separately. The output-bound violations are removed after post-correction,
and the ramp-violation rate is reduced to 0.08%. Therefore, feasibility is attributed to
the corrected scenario outputs rather than overstated as a hard guarantee of the raw
generative model.

4. Robustness and applicability: Under controlled meteorological perturbations, RMSE
and MAE increase gradually, indicating degradation rather than abrupt failure. This
diagnostic is a controlled forecast-error proxy rather than real NWP validation, and it
is not used to claim strong forecast-error robustness. Hourly downsampling does not
materially degrade distributional similarity or correlation preservation. The dispatch-
oriented diagnostic further shows that VAE-CLDM provides useful scenario inputs
for renewable-rich distribution-network operation studies, but it should be inter-
preted as application-oriented diagnostic evidence rather than a universal guarantee
of operational superiority.

Overall, the key methodological advantage of VAE-CLDM lies in combining VAE latent
compression with CLDM conditional denoising. This design improves normalized-scale
generation quality and provides a practical diagnostic workflow for evaluating scenario
fidelity, feature contribution, post-correction consistency, and dispatch applicability under
clearly stated evaluation scopes.

5. Conclusions
This paper proposes a three-stage VAE-CLDM framework for day-ahead renewable

energy scenario generation. The framework integrates multi-source feature construction,
VAE-based latent representation, conditional latent diffusion, decoder-based reconstruction,
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and engineering post-correction. By performing diffusion-based generation in a compact
latent space rather than directly in the original 182-dimensional feature space, the proposed
method reduces the learning burden of high-dimensional generation while retaining key
meteorological, temporal, and spatial-correlation information.

The simulation results show that the proposed framework improves statistical fidelity
and engineering consistency after post-correction. In the training-statistics-standardized
renewable-power benchmark, VAE-CLDM achieves the lowest RMSE, MAE, and MMD
among the tested models, with RMSE of 0.3013± 0.0022, MAE of 0.3636± 0.0010, and MMD
of 0.04269 ± 0.00040. The feature-level ablation confirms that the multi-source feature-
construction stage is useful, especially the temporal-lag features and meteorological condi-
tioning; it also shows a modest but consistent contribution of spatial-correlation descriptors
to station-level dependence representation. The overall spatial-correlation MAE is 0.049,
and the Wilcoxon signed-rank test does not indicate a statistically significant systematic
shift at the 0.05 level in the reported spatial-correlation diagnostic. The raw generated
scenarios still contain a small number of output-bound and ramping violations, but af-
ter post-correction, lower- and upper-bound violations are reduced to 0.00%, and the
ramp-violation rate is reduced to 0.08%.

The dispatch-oriented diagnostic study on the IEEE 33-node distribution network
indicates that the generated scenarios can provide useful inputs for day-ahead dispatch
analysis under renewable uncertainty, while the dispatch results should be interpreted
as diagnostic evidence under the adopted setting rather than as a universal operational-
performance guarantee. The present study is based on a single public regional dataset and
uses controlled perturbation rather than real operational NWP forecasts. Therefore, cross-
climate-zone generalization and real forecast-driven validation are not claimed. Future
work will further incorporate key grid operation constraints into the generation process,
introduce cross-type graph conditioning for wind–PV dependence, extend decoder recon-
struction to probabilistic or ensemble forms to propagate latent and decoder uncertainty,
and validate the framework on additional regions and operational weather forecasts.
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