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Abstract

Quantifying the complex spatial–temporal correlations and generating representative high-
dimensional coupled scenario sets are essential for the robust planning and risk assessment
of large-scale hybrid energy systems (HESs). Although numerous models have been devel-
oped for this purpose, as the number of plants scales up to hundreds, existing approaches
suffer from the curse of dimensionality, often resulting in high computational burden,
posterior collapse, and distributional oversmoothing. To address this gap, this paper pro-
poses a Spatial-Clustering Conditional Variational Auto-Encoder (SC-CVAE) framework,
which employs spatial clustering to decompose the high-dimensional global problem into
tractable subproblems and integrates adaptive deep networks to accurately capture high-
dimensional spatiotemporal complementarity. Case studies on the Yalong River energy
base, featuring massive wind and solar integration, demonstrate that SC-CVAE reduces
global spatial correlation error by 56% compared to the Independent Baseline, while achiev-
ing a 2.4-fold computational speedup over the monolithic Global Baseline. Crucially, by mit-
igating posterior collapse to alleviate oversmoothing effects inherent in high-dimensional
VAEs, the proposed framework improves the capture rate of high-impact extreme events
by 3.4-fold and reduces the Energy Score error by 65%. This high-fidelity reconstruction
of tail characteristics provides a more reliable basis for identifying supply-deficit risks in
basin-wide HESs. The proposed framework enables scalable and high-fidelity generative
modeling, establishing a robust methodology for stochastic optimization and long-term
security assessments in the global transition toward decarbonized power systems.

Keywords: high-dimensional uncertainty; Conditional Variational Auto-Encoder (CVAE);
scenario generation

1. Introduction
In the context of the global energy transition, the deployment of large-scale Hybrid En-

ergy Systems (HESs) incorporating wind and solar has become a primary pathway toward
decarbonized power grids [1–4]. Within this framework, the high-fidelity characterization
of wind and solar resource is the fundamental prerequisite for reliable capacity planning
and system operation. Since renewable outputs exhibit significant stochasticity, scenario
generation technologies have emerged to provide the stochastic diversity required for
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robust optimization [5,6]. These technologies enable system planners to test grid resilience
against various uncertainty realizations, avoiding suboptimal configurations that lead to
energy curtailment or supply deficits [7,8].

Scenario generation initially relied on historical sampling methods [9], such as block
bootstrapping [10] and typical days clustering [11,12]. While these approaches generate
scenarios by re-sampling and reorganizing historical data without requiring explicit prob-
ability assumptions, their diversity is strictly constrained by the historical records. This
lack of extrapolative capability renders them insufficient for robustness design, testing the
system against extreme, low-probability scenarios is essential [13].

To overcome this, researchers shifted toward parametric modeling, beginning with
marginal distribution fitting—such as Weibull distributions and Beta distributions. To repre-
sent spatial–temporal interactions, multivariate methods such as Copula functions [14–19]
were utilized for joint distribution modeling, while MCMC [20] was employed to sam-
ple from complex stochastic processes. While mathematically rigorous, these methods
encounter the “curse of dimensionality” as dimensions expand; parameter estimation
becomes numerically unstable and computationally prohibitive [16,21].

Recently, deep generative models, including Generative Adversarial Networks
(GANs) [6,22–24] and Variational Autoencoders (VAEs) [9,25], as well as hybrid archi-
tectures, such as VAE-DCGAN [26], VAEGAN [27,28] or PG-GAN [29], have offered new
paths for scenario generation. By utilizing neural networks to learn implicit distributions,
these architectures aim to bypass the limitations of explicit probabilistic assumptions. How-
ever, while these models are theoretically capable of high-dimensional modeling, their
practical performance is often highly sensitive to the scale of the input space. As dimensions
increase, maintaining a stable balance between data reconstruction and feature learning
remains a significant open challenge.

This challenge is particularly acute in HESs, where robust system planning relies
heavily on generating scenarios with adequate stochastic diversity. In this physical con-
text, such diversity is not merely random numerical variance; rather, it is defined by the
model’s capacity to accurately reconstruct both the precise probabilities of extreme tail
distributions and the authentic spatial correlation structures between distributed stations.
However, when forced to capture the implicit joint probability distributions of hundreds of
dimensions simultaneously to achieve this required diversity, these generative models are
often plagued by distinct failure modes. While GANs are notoriously susceptible to mode
collapse [30]—a state where the generator produces limited varieties of samples—VAEs
frequently encounter posterior collapse in high-dimensional settings.

From a numerical optimization perspective, the root of posterior collapse in high-
dimensional tasks lies in the numerical imbalance within the objective function. The
reconstruction loss is an aggregate error computed over the entire spatial–temporal grid
(number of stations × time steps), causing its magnitude to physically dominate loss
function. This gradient imbalance incentivizes the model to collapse the latent space to
minimize the Kullback–Leibler (KL) divergence prematurely. Consequently, this results
in over-smoothed scenarios where the decoder, deprived of informative latent variables,
converges to a statistical mean that fails to represent the physical variability and extreme
fluctuations inherent in intermittent energy generation.

If a generative model loses this stochastic diversity, becoming over-smoothed
and spatially decoupled, it fails to capture the complex spatial correlations driven by
large-scale meteorological phenomena, such as cold fronts or high-pressure ridges [31].
Across a river basin, for instance, renewable energy stations often exhibit synchronous
behaviors—manifesting as a simultaneous, basin-wide plunge in wind power output dur-
ing a widespread winter cold front. From a practical engineering perspective, a generated
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scenario set is deemed physically inadequate for robust planning if it exhibits a magnitude-
level degradation in capturing extreme tail events compared to historical baselines, or if
it fails to preserve the physical synchronicity between adjacent sites. Relying on these
smoothed and independent scenarios fosters blind optimism in system planning. Neglect-
ing these spatial linkages inevitably leads to a significant underestimation of aggregate
system volatility, masking potential operational risks, which directly exposes the grid to
severe capacity underestimation and supply shortages [32].

To address the challenges between high-dimensional modeling difficulty and spatial
correlation necessity, this paper proposes a systematic scenario generation framework. The
main contributions are as follows:

1. A Spatial-Clustering Conditional Variational Autoencoder (SC-CVAE) framework is
developed to mitigate the curse of dimensionality while preserving spatial dependen-
cies. This approach employs a physical clustering-guided mechanism—utilizing mete-
orological similarities—to ensure the deep learning architecture aligns with the under-
lying physical correlations of the multisite system. By decomposing high-dimensional
global variables into localized intra-cluster subsets, the framework structurally ad-
dresses the gradient imbalance issue, effectively mitigating posterior collapse and
preserving the stochastic diversity of generated scenarios.

2. An adaptive network architecture is developed to adjust hidden layer dimensions
according to the cluster scale, ensuring modeling consistency across varying input
dimensions. To represent the distinct physical properties of wind and solar power, a
differentiated composite loss function is implemented. Specifically, Mean Squared
Error (MSE) is used for stochastic wind profiles, while Binary Cross-Entropy (BCE) is
applied to solar power to capture its bimodal distribution and diurnal patterns.

3. A dual-benchmark validation framework is established to evaluate the performance
of the proposed method. Comparisons with an “Independent Baseline” verify the
model’s ability to reconstruct complex spatial correlations and synchronous weather
responses. Furthermore, comparisons with a “Global Baseline” demonstrate the
framework’s advantages in reducing computational complexity and capturing tail
characteristics of extreme events.

The remainder of this paper is organized as follows. Section 2 details the proposed
SC-CVAE framework and the construction of benchmark models. Section 3 describes the
case study data and evaluation metrics. Section 4 presents experimental results, validating
the framework’s superiority in spatial reconstruction and computational efficiency. Finally,
Section 5 concludes the paper.

2. Problem Description and Data Organization
2.1. Case Study and Data Sources

This study explores the large-scale wind and solar energy development in the Yalong
River Basin, situated in southwestern China, as a case study, as shown in Figure 1. To
maximize the utilization of clean energy, the basin’s managing company is accelerating
the construction of wind and solar plants to increase the generation of clean energy. Based
on geological surveys, the company has identified 99 potential wind power sites and
55 potential solar power sites. The maximum exploitable potential of wind and solar are
14,000 MW and 15,630 MW respectively. For meteorological inputs, we utilize the ERA5
reanalysis dataset [33] spanning from 1940 to 2022, with a temporal resolution of 1 h. These
meteorological inputs are processed using the feedinlib library [34] to generate site-specific
capacity factor time series.
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Figure 1. Geographically proximate candidate sites of wind and solar stations.

2.2. Data Organization

The training process begins with organizing historical power data into a structured
format that the SC-CVAE can process. To preserve the spatiotemporal correlations within
each cluster, we define a single daily sample as the basic processing unit. For a cluster
containing Nk stations, the long-term historical power sequence is sliced into M indepen-
dent daily samples. Each sample is reshaped into a 2D matrix of shape 24 × Nk, where
rows represent the 24-h time points and columns represent the Nk spatially correlated
stations. This structure ensures the simultaneous capture of intra-day temporal transitions
and inter-station spatial dependencies.

To mathematically represent seasonal information within a unified training framework,
each 24 h power sample is associated with a 12-dimensional one-hot encoding vector y.
In this vector, the index corresponding to the specific month is set to 1, while all other
elements remain 0. The power matrix is flattened and concatenated with this vector to
form a joint input vector of shape (M, 24 × Nk + 12). This conditional vector y serves as
a conditioning signal in the CVAE architecture. During the training process, the one-hot
encoding acts as a guiding signal, allowing the CVAE to learn specific meteorological
distributions and seasonal trends of the entire year simultaneously without the need for
manual data partitioning.

3. Methodology
3.1. Framework Overview

Direct joint modeling of extensive renewable energy stations poses a fundamental
challenge in fitting high-dimensional joint probability distributions. To address this, this
paper proposes a Spatial-Clustering Conditional Variational Auto-Encoder (SC-CVAE)
framework. The core idea is a “divide-and-conquer” strategy that integrates physical
spatial constraints with deep learning generative modeling, effectively re-balance the
gradient signals between reconstruction and regularization. The framework operates in
three stages, as shown in Figure 2:
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Figure 2. Overall architecture of the proposed SC-CVAE framework for high-dimensional joint
distribution modeling. In the spatial maps, the dots represent individual power stations, the plus
signs (+) indicate cluster centers, and the dashed boxes delineate the spatial boundaries for the cluster-
level CVAE models. N denotes the total number of candidate stations in the basin; T represents the
temporal dimension of a single sample (e.g., 24 h); Nk denotes the number of stations dynamically
assigned to the kth specific cluster.

We first use the Fuzzy C-Means algorithm to spatially cluster all candidate stations
into sub-clusters based on geospatial coordinates, decomposing the high-dimensional joint
distribution into manageable local problems (Section 3.2). For each cluster, independent
CVAE models are built to learn and reproduce the implicit joint probability distribution
of all stations within that cluster, encompassing the adaptive architectural design and
variational objectives (Section 3.3), as well as the data structuring, training, and scenario
synthesis procedures (Section 3.4). To comprehensively validate the proposed SC-CVAE
framework, we establish two distinct benchmark models. Benchmark I (Independent
Baseline) is designed to quantify the loss of spatial fidelity when inter-station correlations
are ignored. Benchmark II (Global Baseline) is constructed to demonstrate the superior-
ity of the proposed clustering strategy in overcoming the curse of dimensionality and
oversmoothing inherent in high-dimensional modeling. (Section 3.5). Finally, the quantita-
tive evaluation indicators, specifically the Energy Score (ES) and Frobenius Norm Error,
are introduced to rigorously assess the probabilistic fidelity and spatial coherence of the
generated multi-energy scenarios (Section 3.6).

3.2. Spatial Clustering with Fuzzy C-Means (FCM)

We implement FCM clustering as a dynamic dimensionality reduction strategy. This ap-
proach preserves localized meteorological variability while ensuring computational tractability.

The FCM clustering algorithm [35], which dynamically groups individual stations
into virtual cluster centers based on geospatial coordinates (latitude/longitude). While
micro-topographical features such as elevation and surface roughness significantly impact
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local renewable outputs, they were deliberately excluded from this spatial decomposition
phase. Including such features would generate highly fragmented partitions (e.g., artifi-
cially grouping geographically distant mountain peaks), thereby destroying the continuous
macro-meteorological spatial boundaries necessary for basin-wide modeling. Instead,
the localized impacts of these micro-topographical features are inherently captured and
implicitly reconstructed by the subsequent CVAE model within each contiguous geo-
graphic cluster. Unlike hard clustering methods (e.g., K-means), FCM assigns probabilistic
membership degrees, which better capture overlapping meteorological regimes across
adjacent clusters.

The membership degree un,k, representing the probability of the n-th station belonging
to the k-th cluster, is iteratively updated as:

un,k =
1

∑K
g=1

(
∥pn−ck∥
∥pn−cg∥

) 2
a−1

, n = 1, 2, . . . , N; k = 1, 2, . . . , K. (1)

where pn denotes the feature vector of station n, comprising its latitude/longitude. ck is the
centroid of the k-th cluster. K is the number of clusters, N is the number of total stations,
and a is the fuzziness index (set to 2 in this study). The index g is used to denote alternative
clusters when comparing distances.

The centroid ck for the k-th cluster is updated using the following formula:

ck =
∑N

n=1 ua
n,k pn

∑N
n=1 ua

n,d

, k = 1, 2, . . . , K. (2)

Here, ua
n,k denotes the membership degree raised to the power of the fuzziness index

a, which determines the weight of each station in computing the cluster center. This
calculation adjusts the cluster center based on the weighted (by degree of membership)
average of the data points.

The algorithm minimizes the objective function J(ξ) for the ξ-th iteration, quantifying
the weighted sum of squared distances between stations and cluster centroids:

J(ξ) =
N

∑
n=1

K

∑
k=1

ua
n,k∥pn − ck∥2 (3)

This iterative process continues until the objective function converges. The stopping
criterion is met when the change in J(ξ) between two consecutive iterations falls below a
predefined threshold δ (set to 0.00001 in this study to guarantee numerical stability without
excessive computational overhead):∣∣∣J(ξ+1) − J(ξ)

∣∣∣< δ (4)

To determine the optimal number of clusters, the Xie–Beni index XB [36,37] is em-
ployed, which explicitly penalizes small inter-cluster distances:

XB =
∑N

n=1 ∑K
k=1 ua

n,k∥pn − ck∥2

N × min
k ̸=l

∥∥ck − cq
∥∥2 (5)

When computing the minimum distance, ck and cq refer to the centroids of two differ-
ent clusters. The XB index assesses the clustering quality by balancing the compactness
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within clusters and the separation between clusters. A lower XB index value signifies more
distinct clustering.

3.3. The SC-CVAE Architecture

Following the spatial decomposition, the second stage involves constructing deep
generative models for each station cluster to learn their local joint probability distributions.
This study adopts the Conditional Variational Auto-Encoder (CVAE) as the foundational
architecture [38–40]. Compared to Generative Adversarial Networks (GANs), the CVAE
offers explicit probabilistic modeling and superior training stability. Crucially, it extends the
traditional Variational Auto-Encoder (VAE) [41] by integrating conditional variables—such
as month labels—to guide the generation process, making it highly effective for capturing
the seasonal characteristics inherent in renewable energy data. To ensure that the generative
performance remains consistent across clusters of different scales, the model employs a
structural design that adapts to the specific dimensionality of the input data.

3.3.1. Adaptive Network Architecture

Since the number of stations Nk in each cluster varies significantly after clustering,
using a fixed network structure would lead to a dilemma: underfitting for large clusters
(insufficient capacity to capture complex correlations) and overfitting for small clusters. To
address this, we designed a bounded adaptive architecture where the dimensions of hidden
layers and the latent space are functions of Nk. The original input dimension is defined as
D_original = T × Nk, T = 24, which represents the total length of the flattened 1D feature
vector derived from reshaping the 2D daily spatiotemporal matrix (detailed implementation
is provided in Section 2.2). The specific task of this architecture is to use a 12-dimensional
one-hot encoding vector (representing a specific month) as a condition to generate various
stochastic daily generation patterns, rather than a single representative pattern.

The adaptive network architecture is shown in Figure 3.

Figure 3. Schematic diagram of the adaptive Spatial-Clustering Conditional Variational Auto-Encoder
(SC-CVAE) network architecture. In the dimension notations, 24 represents the hourly time steps in a
single daily temporal grid, and 12 corresponds to the 12-dimensional one-hot encoding vector used
as the specific month condition. Note that [12] and [Nk × 24] indicate the dimensions of the tensors.

Wind power exhibits complex and dynamic spatial correlations driven by stochastic
meteorological fluctuations. Therefore, a deeper and wider network configuration is adopted:

D_inter1 = min(max(D_original × 3.5, 1024), 1536) (6)
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D_inter2 = D_inter1/2 (7)

D_latent = min(max(
D_original

2
, 192), 384) (8)

Solar power is primarily dominated by the deterministic diurnal cycle, resulting
in relatively regular spatial patterns. Thus, the model configuration is adjusted to be
more compact:

D_inter1 = min(max(D_original × 2, 768), 2048) (9)

D_latent = min(max(
D_original

3
, 128), 256) (10)

It should be noted that this bounded adaptive dimensioning strategy, along with
the specific scaling constants and boundary limits in Equations (6)–(10), is not a univer-
sal theoretical approach, but rather a domain-specific engineering heuristic. These fixed
bounds (e.g., 768, 1024, 1536, 2048) were determined through systematic hyperparameter
observation and are intentionally set as multiples of 128 or 256 to optimize GPU memory
alignment and computational efficiency. The model’s statistical fidelity exhibits low sensi-
tivity to minor deviations from these exact integers (e.g., substituting 1024 with 1000 yields
statistically negligible performance differences). However, the framework is highly sen-
sitive to the absence of the bounds themselves. Removing the upper bounds inevitably
triggers GPU Out-of-Memory (OOM) errors for large clusters, while removing the lower
bounds causes severe overfitting for small clusters. Consequently, the adaptivity of the
network dimensions is conditional—remaining dynamically scaled according to Nk within
an optimal operating range, but capped by these empirical bounds to guarantee training
stability and generalizability.

3.3.2. Variational Objective and Composite Loss

To define the training objective for this complex multi-site model, a multi-objective
composite loss function Ltotal is constructed, incorporating reconstruction accuracy, latent
space regularity, and temporal smoothness:

Ltotal = Lrecon + β · LKL + γ · Ltemporal (11)

where Lrecon is the reconstruction loss term, while β and γ serve as hyperparameters that
weigh the importance of the KL divergence regularization and the temporal smoothness
constraint, respectively.

The model utilizes an Encoder–Decoder architecture. The encoder qϕ(z|x, y) maps the
input power data x (the flattened spatiotemporal vector of dimension D_original = 24× Nk,
and the condition vector y (representing the 12-dimensional month labels) into a latent
variable z residing within a Gaussian latent space. To ensure the latent space is continuous
and complete, the LKL term is employed to force the approximate posterior qϕ(z|x, y) to
approximate a standard Gaussian prior N(0, I):

LKL =
D_latent

∑
d=1

1
2

[
σ2

d + µ2
d − log

(
σ2

d

)
− 1
]

(12)

where D_latent is the dimension of the latent space, while µd and σ2
d denote the mean and

variance of the dth latent dimension produced by the encoder, respectively.
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To make the sampling process differentiable for backpropagation, the reparameteriza-
tion trick is applied. Instead of sampling z directly, we sample a noise variable ε from a
standard Gaussian distribution and transform it:

z = µ + ε ⊙ σ, ε ∼ N(0, I) (13)

This allows the gradients to flow through the deterministic parameters µ and σ,
enabling end-to-end optimization of the network.

As for reconstruction Loss Lrecon, we select different loss functions based on their
distinct distributional characteristics and numerical stability requirements in deep learning.
Wind power typically exhibits strong stochasticity and high volatility. When expressed
as a capacity factor, the data points are distributed relatively continuously across the
[0, 1] interval. MSE is based on the assumption of Gaussian noise and is sensitive to
the magnitude of errors. It effectively penalizes large deviations, making it suitable for
capturing the erratic and volatile fluctuations of wind profiles.

LMSE =
1
M

M

∑
m=1

∥xm − x̂m∥2
2 (14)

where M denotes the total number of historical samples, m is the sample index, xm repre-
sents the historical value, and x̂m is the model’s generated value. Note that xm represents
the flattened spatiotemporal vector (dimension T × Nk, T = 24), so the squared Euclidean
norm implicitly sums the error over all time steps and stations.

Solar power, similarly expressed as the capacity factor, is characterized by a distinct
bimodal distribution: a large number of zeros (nighttime) and a bell-shaped curve (daytime).
In neural networks using Sigmoid activations to output [0, 1], MSE often suffers from
vanishing gradients when values are close to the boundaries (0 or 1). BCE, derived from
the Bernoulli likelihood, provides stronger gradients in these boundary regions [42]. This
helps the model to sharply define the “sunrise” and “sunset” transitions and accurately
reconstruct the specific shape of the solar curve, which is more deterministic than wind.

LBCE = − 1
M

M

∑
m=1

D_original

∑
l=1

[xm,llog x̂m,l + (1 − xm,l)log(1 − x̂m,l)] (15)

where D_original = T × Nk is the total dimension of the flattened input features. Specif-
ically, xm,l and x̂m,l denote the lth element of the flattened historical vector xm and the
generated vector x̂m, respectively. The summation over l ensures that the binary cross-
entropy is calculated for every time step and every station.

For the final part, temporal smoothness constraint (Ltemporal). This optional term acts
as a smoothness regularizer for wind power [43], penalizing unrealistic step-like changes
between adjacent hours (t and t − 1).

Ltemporal =
1
M

M

∑
m=1

(
1

T − 1

T

∑
t=2

∥x̂m,t − x̂m,t−1∥2
2

)
(16)

where T represents the total number of time steps in the input sequence, and x̂m,t denotes
the reconstructed power vector across all Nk stations at time step t.

3.4. Training and Generation

While Section 3.3 defines the theoretical architecture of the SC-CVAE, this section pro-
vides the concrete details regarding training parameters, and the final generation pipeline.
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3.4.1. Model Training and Parameter Optimization

The SC-CVAE is trained by optimizing the encoder and decoder networks to minimize
the composite loss function defined in Section 3.3.2. During this phase, the reparameteriza-
tion trick is applied within the latent layer to maintain differentiability: the model samples
noise ε from a standard Gaussian distribution and computes the latent variable.

We employ an Adam optimizer with a learning rate specifically tuned for different
energy types (e.g., 10−4 for wind and 5 × 10−5 for solar). To prevent overfitting and ensure
convergence, the training process incorporates an early stopping mechanism and a learning
rate reduction strategy based on validation loss performance.

3.4.2. Scenario Sampling and Spatial Reconstruction

Following the completion of the training phase, the encoder is discarded, and the
scenario generation task is handled entirely by the decoder model. The process begins with
the sampling of a latent vector z from a standard Gaussian distribution N(0, I), which
serves as a probabilistic representation of the stochastic fluctuations inherent in wind
and solar resources. This noise vector is then combined with a specific 12-dimensional
one-hot month label, which acts as a conditioning signal to guide the decoder toward the
corresponding seasonal distribution. To finalize the output, the reconstructed vector is
reshaped into its original 24 × Nk temporal–spatial format. By repeating this sampling
procedure for each independent cluster, the scenarios for each station of the entire energy
base are obtained.

3.5. Benchmark Models Construction

To rigorously evaluate the performance of the proposed SC-CVAE framework, two bench-
mark models are established, each serving a specific purpose, as summarized in Table 1.

Table 1. Summary of the proposed SC-CVAE and benchmark models for performance evaluation.

Model Configuration Purpose

Benchmark I
(Independent Baseline) Individual CVAE for each station Quantify the loss of spatial fidelity when inter-station

correlations are ignored.
Benchmark II

(Global Baseline)
A single monolithic CVAE for all

stations.
Demonstrate the “curse of dimensionality” and the
“posterior collapse” in high-dimensional modeling.

Proposed SC-CVAE Cluster-based adaptive CVAE Validate the effectiveness of spatial clustering and
adaptive architecture.

3.5.1. Benchmark I: Independent Baseline Model

The Independent Baseline Model is established to quantify the necessity of modeling
spatial correlations by inherently ignoring inter-station dependencies. By treating each
station as an independent entity, this benchmark focuses solely on capturing the unique
temporal dynamics and stochastic volatility of individual sites, deliberately severing the
spatial links that exist in the real-world physical system.

The modeling process is conducted on a station-by-station basis. For any given station,
the basic processing unit is its historical power generation sequence. Similar to the proposed
SC-CVAE, we incorporate a conditional vector (12-dimensional one-hot encoding of the
month) to enable the model to perceive seasonal variations.

In terms of network architecture, we employ a standard CVAE framework tailored
for univariate time-series generation. Since the input dimension for a single station is
significantly lower than that of the joint model, we utilize a lightweight fully connected
network. The Encoder consists of a three-layer fully connected network. It concatenates
the flattened power vector and the condition vector as input, extracting temporal features
through hierarchical dense layers with ReLU activations, finally mapping them to the
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Gaussian parameters of the latent space. The Decoder mirrors the encoder’s topology. It
takes the sampled latent variable z combined with the condition y, and up-samples it back
to the original data dimension through symmetrical dense layers. To prevent overfitting
on single-station datasets, Dropout is applied between hidden layers. To ensure a fair
comparison with the proposed method, the final output layer uses the Sigmoid activation
function to constrain values within [0, 1], and the model is trained using the same composite
loss function structure (Reconstruction Loss + KL Divergence).

This benchmark represents the limit of model performance when spatial information
is completely absent. Comparing the SC-CVAE with this baseline allows us to explicitly
isolate and quantify the gain in generative fidelity attributed to the spatial clustering and
joint modeling strategy.

3.5.2. Benchmark II: Global Baseline Model

To assess the scalability and generative stability of the proposed method, we define a
Global Baseline Model representing the traditional monolithic deep generative approach.

Unlike the divide-and-conquer strategy of SC-CVAE, this model treats the entire multi-
energy system as a single high-dimensional entity. It directly inputs the joint time-series
data of all N stations into one unified CVAE network.

This model adopts the SC-CVAE framework (as detailed in Section 3.3), which the
network depth and width are dynamically scaled according to the global input dimension.
This baseline is specifically used to highlight computational bottlenecks and the “posterior
collapse” phenomenon—a failure mode where the model ignores the stochastic latent
variables and instead outputs overly smooth, average-level scenarios to minimize total re-
construction error. This phenomenon occurs when existing deep generative models attempt
to process massive-scale renewable energy systems without structural decomposition.

3.6. Scenario Evaluation Indicators

To quantitatively evaluate the quality of the generated multi-energy scenarios, en-
suring they possess both high probabilistic fidelity and accurate spatial coherence, this
study employs two complementary metrics: the Energy Score (ES), and the Frobenius
Norm Error (EF).

(1) Energy Score (ES)

The Energy Score is a proper scoring rule for multivariate distributions and is widely
regarded as a standard metric for evaluating probabilistic forecasts [44]. It assesses both the
accuracy (distance to data) and the diversity (variability) of the scenarios generated. For a
historical data vector x ∈ RT×Nk and a set of generated scenario samples X = {x̂1, . . . , x̂S},
the analytical estimator of ES is defined as:

ES =
1
S

S

∑
s=1

∥x̂s − x∥2 −
1

2S2

S

∑
s=1

S

∑
v=1

∥x̂s − x̂v∥2 (17)

where S denotes the total number of generated scenarios, x̂s and x̂v are independent
generated scenario samples drawn from the generative model; x represents the ground-
truth historical data; and ∥ · ∥2 denotes the Euclidean norm.

The first term measures the distance between the generated scenarios and reality,
capturing accuracy, while the second term measures the expected pairwise distance among
the generated scenarios x̂s and x̂v, reflecting diversity. A lower ES indicates a better
distributional fit.
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(2) Frobenius Norm Error (EF)

To directly quantify the global deviation of the generated spatial correlation ma-
trix from the historical one, we use the Frobenius Norm, a fundamental component
in matrix distance measures [45]. This metric serves as a numerical validation for the
correlation heatmaps:

EF =
∥∥Rgen − Rhist

∥∥
F =

√√√√ N

∑
i=1

N

∑
j=1

(
rgen

ij − rhist
ij

)2
(18)

where Rgen and Rhist denote the spatial correlation matrices derived from the generated
scenarios and the historical scenarios, respectively. The terms rgen

ij and rhist
ij represent the

specific Pearson correlation coefficient between station i and station j within the generated
and historical datasets. A lower EF indicates a more precise reproduction of the global
spatial correlation matrix.

4. Results and Discussion
4.1. Spatial Clustering Results

The proposed spatial clustering strategy proved effective in decomposing the high-
dimensional multi-energy system into physically distinct and computationally manageable
sub-regions, thereby establishing a robust foundation for the SC-CVAE framework. Guided
by the Xie–Beni validity index, which balances intra-cluster compactness and inter-cluster
separation, we identified the optimal partition for the Yalong River basin. As shown in
Figure 4a,b, the XB index reached its minimum at 7 clusters for wind power and 6 for solar
power, respectively (an ablation analysis validating this optimal configuration is detailed
in Appendix D). The detailed list of stations assigned to each cluster and their geographical
coordinates are provided in Appendix A.

The resulting clusters exhibit strong geographic coherence and meaningful meteoro-
logical interpretability. As illustrated in the diurnal and seasonal profiles (Figure 4c,d),
the algorithm successfully groups stations with synchronized temporal patterns and simi-
lar output characteristics while maintaining distinct aggregate profiles between different
clusters. Crucially, by decomposing the system based on these underlying meteorological
regimes, the modeling dimensionality is significantly reduced from hundreds of stations to
parallel, low-dimensional sub-problems. This effectively mitigates the curse of dimension-
ality, ensuring the stability and convergence of the subsequent CVAE training.

It is crucial to emphasize that the success of this divide-and-conquer strategy stems
specifically from its geospatial conditioning, rather than mere mathematical dimensionality
reduction. In pure machine learning, arbitrary or random grouping could technically
reduce the input dimension. However, renewable energy generation is governed by contin-
uous meteorological systems. Arbitrary grouping would force the CVAE to learn spurious,
non-physical correlations across distant stations, essentially fitting statistical noise. By em-
ploying FCM-based geospatial clustering, the deep learning architecture is explicitly aligned
with the underlying physical boundaries of macro-meteorological regimes. This physically
informed decomposition guarantees that each sub-CVAE models genuine weather syner-
gies, which is the foundational prerequisite for accurately reconstructing the global spatial
correlation matrix.
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Figure 4. Spatial clustering results for wind (W) and solar (S) stations. (a,b) Optimal configurations
with 7 wind and 6 solar clusters (dots: stations; plus signs: cluster centers). (c,d) Diurnal and seasonal
profiles of representative clusters. Two typical clusters for each energy type (S1, S2 and W1, W2)
are selected for visualization to illustrate intra-cluster patterns while avoiding severe visual clutter.
Each line in (c) and (d) represents the exact capacity factor profile of all individual station within the
respective cluster.

4.2. Evaluation of Statistical Consistency for Generated Time Series

The comparative analysis against historical data confirms that the proposed SC-CVAE
model reproduces the fundamental statistical characteristics and temporal dynamics of the
wind and solar resources. To quantitatively assess the authenticity of the generated data,
this study conducts a comparative analysis between the generated scenarios and the original
data. Specifically, a representative wind station and a solar station are selected from the
study cluster to demonstrate individual site-level fidelity across three dimensions: capacity
factor amplitude statistics (mean and distribution) and temporal correlation (Figure 5).
While the model exhibits strong alignment in most metrics, minor deviations are observed
in the short-term persistence of wind power and extreme high-output events, reflecting the
inherent difficulty in modeling highly stochastic energy sources.
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Figure 5. Validation of multi-dimensional statistical consistency for generated wind and solar power
capacity factor scenarios at the individual site level. The comparisons illustrate the performance
in annual average diurnal trends (a,b), temporal autocorrelation functions (ACF) derived from
continuous time-series segments (c,d), and annual probability density distributions. (e,f) Subplots
(a,c,e) correspond to a representative wind station, while (b,d,f) correspond to a representative
solar station.

First, regarding diurnal patterns, Figure 5a,b illustrate the annual average hourly
capacity factor. The generated data (red lines) achieve a high degree of alignment with the
original data (black lines). These results demonstrate that the model has effectively learned
the distinct average daily variation laws of different energy sources.

Second, regarding internal time dependencies, the Autocorrelation Function (ACF) is
calculated based on a continuous chronological sequence (48 h). As shown in Figure 5d, the
model exhibits high precision for solar power due to the strong physical determinism of
solar irradiance. In contrast, the performance for wind power (Figure 5c), which possesses
stronger stochasticity, shows a slight deviation where generated ACF values are system-
atically lower than the original. This suggests that while the general 24 h periodicity is
retained, the short-term persistence in generated wind scenarios is marginally weaker than
in real data due to its rapid fluctuations and intermittency.

Finally, the probability density distributions (Figure 5e,f) provide critical insight
into the model’s generative behavior at the individual site level. The model maintains
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excellent morphological consistency, with the Root Mean Square Error (RMSE) controlled at
approximately 0.05 for wind and 0.02 for solar. Despite this high overall accuracy, distinct
deviations are observed in specific intervals. For wind power, the generated data exhibits a
slight overestimation in the low-output range (0.1–0.2), contrasting with a underestimation
in the high-output range (0.8–1.0). Similarly, solar power shows a minor probability deficit
in the high-output region.

To further demonstrate the robustness of the SC-CVAE across all sites and avoid
selective bias, we provide the aggregate statistical error distributions for all individ-
ual stations across all clusters in Appendix C. Specifically, we evaluate the model’s
distributional accuracy via the Root Mean Square Error of the Probability Density
Function (PDF RMSE), and its temporal consistency via the Mean Absolute Error of the
Autocorrelation Function (ACF MAE). The consistent performance across the entire basin
confirms the model’s capability in capturing high-dimensional statistical fidelity.

This systemic smoothing effect is primarily attributed to the inherent characteristics of
the VAE objective function. In multi-station modeling, the reconstruction error (MSE/BCE)
often significantly outweighs the KL divergence term, causing the reconstruction loss to
dominate the optimization process. This imbalance frequently triggers “posterior col-
lapse”, leading the model to output conservative, average-level scenarios to minimize
the total error. Consequently, a small fraction of extreme events—whether low or high
intervals—are smoothed out. While this mechanism ensures robustness, it results in a con-
servative evaluation of extremes, an effect that is particularly pronounced in wind power
due to its higher volatility compared to solar.

4.3. Reconstruction of High-Dimensional Spatial Correlations

To quantitatively evaluate the reconstruction of high-dimensional spatial correlations,
we select the power stations within Wind Cluster 4 and PV Cluster 3 as a representative
case study. The evaluation utilizes the Pearson correlation coefficient matrix to measure the
dependencies among these stations. The calculation begins by flattening the 3D scenario
data—consisting of months, scenarios, and hourly time points—into a 2D matrix of shape
containing stations and time. The Pearson coefficient between any two stations is then
computed to form the spatial correlation matrices.

The proposed SC-CVAE framework demonstrates superior performance in reconstruct-
ing high-dimensional spatial correlations compared to Benchmark I (Independent Baseline).
As illustrated in Figure 6, the heatmap generated by the SC-CVAE (Figure 6b) exhibits
high fidelity to the historical data (Figure 6a), accurately maintaining the heterogeneous
dependency patterns of the basin. This accuracy is further validated by the SC-CVAE Diff
map (Figure 6d), which remains predominantly near-zero, confirming that the gap between
the generated scenarios and historical scenarios are minimized across both wind and solar
clusters. The minor intensifications in correlation observed in the SC-CVAE results are
attributed to the model’s generative nature, which effectively captures dominant mete-
orological trends while filtering out the non-systematic local noise that typically dilutes
correlations in raw data. In contrast, Benchmark model I (Independent Baseline, Figure 6c)
illustrates a significant loss of cross-station correlations due to its independent modeling
assumption. Since it ignores spatial synergies, the correlation structures are almost entirely
absent. This is explicitly visualized in the Benchmark I Diff map (Figure 6e), which displays
widespread and substantial deviations from the historical truth.
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Figure 6. Visualization of spatial correlation matrices (Pearson coefficient) for wind and solar power
stations (a) Historical data, showing complex meteorological dependencies; (b) Scenarios generated
by the proposed SC-CVAE, visually preserving the historical correlation structures; (c) Scenarios gen-
erated by Benchmark model I (Independent Baseline), illustrating the loss of cross-station correlations
due to independent modeling assumptions; (d) SC-CVAE Diff, the difference between SC-CVAE and
historical data; (e) Benchmark I Diff, the difference between Benchmark I and historical data.

As summarized in Table 2, the quantitative metrics of Frobenius Norm Error across
different scopes evaluate the deviations between the generated and the historical correlation
matrices and confirm the SC-CVAE’s dominant performance, as evidenced by the lowest
Frobenius Norm Error across all scopes.

Table 2. Quantitative comparison of spatial correlation metrics (Frobenius Norm Error).

Region/Scope Independent
Benchmark

SC-CVAE
(Proposed)

Wind Only 1.518 0.394
Solar Only 0.078 0.075

Global (Wind & Solar) 2.710 1.181

The specific quantitative and physical improvements are analyzed as follows: For wind
stations, the SC-CVAE drastically reduces the Frobenius Norm Error for wind power by 74%
(from 1.518 to 0.394) compared to the Benchmark. High historical correlations in wind are
driven by synchronized fluctuations from real-time weather systems. While the Benchmark
model effectively filters out these shared systems by retaining only the seasonal baseline,
the SC-CVAE’s joint modeling strategy preserves these critical inter-station dependencies.

For solar stations, the SC-CVAE achieves an extremely low error (0.075), comparable
to the Benchmark (0.078). This is because solar power is primarily dominated by strong sea-
sonal and astronomical drivers with high regional synchronicity, which renders the impact
of stochastic weather fluctuations—the primary drivers in other energy sources—relatively
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secondary to these deterministic cycles. The SC-CVAE accurately captures these determin-
istic drivers, ensuring that the inherent high correlation of solar generation is preserved.

Although wind and solar clusters are modeled independently within the SC-CVAE
framework, the results show a significant reduction in global correlation error by 56% (from
2.710 to 1.181) compared to the Benchmark. The superior performance in this metric is
primarily attributed to the high-fidelity reconstruction of type-wise spatial structures. By
accurately capturing the internal variance and regional synchronicity of each energy type,
the SC-CVAE prevents the spurious enhancement of seasonal correlations observed in the
Benchmark, thereby maintaining a more realistic global dependency structure.

4.4. Computational Efficiency and Preservation of Extreme Volatility

The proposed SC-CVAE framework achieves a superior balance between computa-
tional efficiency and generative fidelity, effectively overcoming the curse of dimensionality
through its cluster-based decomposition strategy. To evaluate the model’s capability in
capturing tail risks, we introduced a “High Extreme” indicator, defined as the ratio of
generated samples surpassing the 95th percentile threshold of the historical data. For the
SC-CVAE evaluation, the whole training time is defined as the maximum duration among
parallel clusters—representing the parallel processing bottleneck (the comprehensive train-
ing protocol, including early stopping criteria and hardware configurations, is detailed in
Appendix B). Meanwhile, the Energy Score (ES) and High Extreme indicators are calculated
as the average values across all spatial clusters to represent system-wide performance.
As summarized in Figure 7, the framework significantly outperforms the Global Baseline
(modeling all stations jointly) across all key metrics, including training speed, energy score,
and the capture of extreme events. The specific performance metrics for individual spatial
clusters are detailed in Figure 8.

Figure 7. Comprehensive Performance Comparison: Global Baseline vs. Proposed SC-CVAE.
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Figure 8. Comprehensive performance evaluation of individual spatial clusters across computational
efficiency, probabilistic fidelity, and extreme capture capabilities.

The SC-CVAE achieves a 2.41-fold speedup in training efficiency by leveraging the
parallel processing capability of independent spatial clusters. While the Global Baseline
required 14,702 s (4.08 h) to converge due to high-dimensional complexity, the effective
wall-clock training time for the SC-CVAE is determined only by the bottleneck cluster.
According to Figure 8, Cluster 1 represented this bottleneck with a maximum duration of
6101 s (roughly 41% of the baseline cost), demonstrating superior scalability for large-scale
energy systems. From an engineering perspective, the transition from hours to minutes
is critical. Although capacity planning is a long-term task, robust design and sensitivity
analysis often require thousands of iterative simulations across varying climate scenarios
and configurations. This acceleration proves that the decomposition strategy effectively
counters the curse of dimensionality, ensuring the numerical stability and high-frequency
iteration capability necessary for large-scale energy systems.

Generative quality is significantly enhanced, with the SC-CVAE reducing the ES error
by 65% compared to the monolithic model. The Global Baseline yielded a poor fit with an
ES of 8.44, whereas the SC-CVAE achieved a remarkably lower cluster-averaged ES of 2.93.
This improvement validates the re-balancing of gradient signals. For high-dimensional
input, the reconstruction loss contains the error sum of thousands of elements, creating a
numerical magnitude that dominates the loss function and suppresses the regularization
effect of the KL divergence constraint on the latent space. Experimental data from Figure 8
confirm this: smaller clusters, such as Cluster 4 (5 stations), achieved the best fidelity with
an ES as low as 1.90. Even Cluster 6, which involves complex terrain and a larger number of
stations (21 stations, ES = 3.62), significantly outperformed the Global Baseline. This proves
that reducing the dimension of individual sub-problems prevents the reconstruction loss
from overwhelming the feature learning of latent variables, thereby significantly improving
the fitting precision of the posterior distribution.

Crucially, we examine the model’s ability to reproduce extreme events and volatil-
ity. A common failure in generative modeling is Posterior Collapse, which should not be
viewed merely as a technical instability, but as a fundamental threat to power system risk
assessment and energy security. In this context, the oversmoothing caused by posterior
collapse essentially forces the model to simulate a misleading average state. From an engi-
neering perspective, these over-smoothed scenarios mask the synchronous risks inherent in
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river basins—such as widespread “wind droughts” or simultaneous solar drops—thereby
creating a dangerous underestimation of potential power supply deficits.

This phenomenon is evident in the Global Baseline, where the standard deviation of
the generated scenarios is severely underestimated (0.15 vs. Real 0.23), and only 0.62%
of high-extreme events are captured. In contrast, the SC-CVAE successfully restores the
statistical dynamics of the system. It improves the average high-extreme capture ratio to
2.08% (Figure 7, a 3.35-fold improvement). This overall enhancement is fundamentally
driven by the localized modeling strategy, as evidenced by the performance of individual
clusters in Figure 8. Specifically, smaller clusters such as Cluster 4 (5 stations) achieve the
highest fidelity with an ES as low as 1.90. Even Cluster 6, despite its complex terrain and
larger scale (21 stations, ES = 3.62), significantly outperforms the Global Baseline. From an
analytical perspective, this superior fidelity stems from a more optimal balance between
the reconstruction loss and the KL divergence regularization within lower-dimensional
subspaces. While the high-dimensional Global Baseline falls into the oversmoothing trap
because reconstruction error dominates the gradient, our method prevents this by matching
model capacity to physical dimensionality. This is most evident in Cluster 7 (8 stations),
where the model automatically configures a more compact network depth, achieving an
extreme capture ratio of 3.19%—a level far exceeding the 0.62% of the Global Baseline. These
findings indicate that high-fidelity restoration of tail risks is of paramount engineering
significance for robust renewable energy planning.

5. Conclusions
Addressing the critical challenges of high-dimensional uncertainty and the curse of

dimensionality in large-scale Multi-Energy Complementary Systems, this paper proposes
a Spatial-Clustering Conditional Variational Auto-Encoder (SC-CVAE) Framework. By
explicitly integrating physical spatial constraints into deep generative modeling, the pro-
posed framework achieves a balance between computational tractability and statistical
fidelity. The main conclusions are as follows:

1. The proposed paradigm, integrating spatial clustering with deep generation, breaks
the computational bottleneck inherent in high-dimensional joint modeling. Empirical
evidence demonstrates that by decomposing the state space into manageable physical
clusters, the SC-CVAE achieves a 2.41-fold speedup in training efficiency compared to
the global baseline

2. Unlike independent modeling approaches that sever inter-station dependencies, the
SC-CVAE precisely reproduces the complex spatiotemporal synergistic effects. It
reduces the global spatial correlation error (measured by the Frobenius Norm) by 56%
compared to the independent benchmark, ensuring the generated scenarios reflect
the synchronous risks of the basin.

3. The framework effectively mitigates the posterior collapse and oversmoothing ef-
fects inherent in high-dimensional VAEs. By re-balancing gradient signals through
structural decomposition, it reduces the Energy Score (ES) error by 65% and im-
proves the capture ratio of high-impact extreme events by 3.35-fold compared to
the global baseline.

The SC-CVAE framework exhibits superior scalability for large-scale energy bases.
Since the training complexity of the framework is primarily determined by the “bottleneck
cluster” (the largest individual sub-problem) rather than the total number of stations,
it demonstrates significant potential for application in provincial or even larger power
systems. The current SC-CVAE framework utilizes standard one-hot encoding to represent
seasonal conditions (months). While the extensive historical dataset enables the network
to implicitly capture seasonal continuity, one-hot encoding inherently treats time steps
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as equidistant, thereby neglecting the cyclical nature of meteorological seasons. Future
research will replace this with trigonometric cyclical embeddings (Sine/Cosine encoding)
to explicitly preserve the periodic distance between adjacent periods, further enhancing the
temporal coherence of the generated scenarios. While wind and solar clusters are currently
modeled as independent entities to ensure computational stability in high-dimensional
spaces, this modular structure serves as a critical foundation for multi-energy modeling.
Future work will focus on integrating cross-type coupling mechanisms into the SC-CVAE
architecture. By establishing inter-energy dependency links between the already refined
wind and solar modules, we aim to achieve a comprehensive joint generative paradigm
that captures deep synergies across all energy types.
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Appendix A

Table A1. Summary of Wind Power Clustering Characteristics.

Cluster Number Longitude (◦E) Latitude (◦N) Number of Power
Stations

1 102.44 28.23 21
2 102.33 26.89 13
3 101.38 27.42 16
4 101.54 29.94 5
5 102.01 26.33 15
6 102.2 27.58 21
7 101.48 28.23 8

Table A2. Summary of Solar Power Clustering Characteristics.

Cluster Number Longitude (◦E) Latitude (◦N) Number of Power
Stations

1 101.46 27.58 13
2 101.28 30.08 6
3 99.5 29.05 4
4 101.82 26.61 18
5 102.64 27.16 8
6 102.28 28.27 6
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Appendix B

Table A3. Detailed hyperparameter settings and hardware configurations for model training.

Category Parameter Value/Configuration

Training Protocol Optimizer Adam
(lr = 5 × 10−5 for PV, 1 × 10−4 for Wind)

Batch Size Adaptive: min (32, Days/10 + 1)
Max Epochs 500

Early Stopping Patience: 40 epochs;
Monitor: Validation Loss

LR Scheduler ReduceLROnPlateau
(Factor: 0.5, Patience: 15, Min: 10−6)

KL Weight (β) 0.05

Loss Mode PV: Binary Cross-Entropy (BCE);
Wind: Mean Squared Error (MSE)

Data &
Evaluation Train/Validation Split 70% Training/30% Validation

Scenario
Generation 1200 scenarios per month for ES calculation

Random Seed Fixed at 42 for NumPy and TensorFlow
Hardware GPU NVIDIA GeForce RTX 2080 Super Max-Q (8GB VRAM)

CPU Intel Core i7-10875H @ 2.30 GHz
RAM 32 GB

Note: Days in Batch Size represents the total number of days in the historical training dataset (e.g., total time steps
divided by 24). Furthermore, all headline performance metrics reported in this study are derived from a single
training run utilizing the explicitly fixed random seed 42.

Appendix C
To evaluate the generalizability of the SC-CVAE framework across the entire stations,

we calculated the reconstruction errors for all stations within the identified clusters.

Figure A1. Aggregate statistical error distributions for all wind (7 clusters) and solar (6 clusters)
stations. (a) ACF MAE for Wind clusters; (b) ACF MAE for Solar clusters; (c) PDF RMSE for Wind
clusters; (d) PDF RMSE for Solar clusters. Each gray dot represents an individual station, while the
boxplots illustrate the median, quartiles, and range of errors within each physical cluster.
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Appendix D
It is crucial to emphasize that the generative outcomes of the SC-CVAE framework

remain robust to minor deviations in the choice of cluster number K in the XB index. To
explicitly illustrate this robustness, we evaluated a suboptimal configuration for the solar
stations by artificially reducing the cluster number to K = 5.

As detailed in Table A4, under the optimal K = 6 configuration, the solar framework
achieved an average Energy Score (ES) of 2.45 and an extreme event capture ratio of 2.65%.
When forced into the suboptimal K = 5 configuration, the average ES experienced only a
minor degradation to 2.58, and the extreme event capture ratio decreased slightly to 2.41%.
This graceful degradation—rather than a catastrophic performance collapse—confirms
that the deep generative architecture is robust. Even with slight deviations in spatial
partitioning, the SC-CVAE framework consistently maintains generative fidelity, thereby
guaranteeing the stability and generalizability of the overall conclusions.

Table A4. Robustness of generative performance to the choice of cluster number (Solar power).

Configuration Average Energy Score (ES) High Extreme Capture Ratio

K = 6 2.45 2.65%
K = 5 2.58 2.41%
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