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Abstract

Large-scale hydro—wind-solar systems require scenario sets that represent cross-resource
dependence without losing station-level and intra-day characteristics. A remaining chal-
lenge is to connect cluster-level joint modeling with station allocation under sum constraints
and hourly reconstruction consistent with daily totals. This study develops an integrated
framework: wind and photovoltaic plants are grouped by output correlation; season-
specific C-vine copulas model daily wind—solar-runoff dependence; a centered log-ratio
transformation and Gaussian R-vine copula allocate cluster totals to stations; and a strat-
ified typical-day library reconstructs hourly profiles. The framework is evaluated using
872 observed days of hourly data from a grid-connected system in Southwest China com-
prising 53 wind plants, 47 photovoltaic plants, and one hydropower-station runoff series;
1000 joint scenarios are generated. Against independent marginal sampling, Spearman
correlation-matrix errors fell from 0.419-0.432 to 0.318-0.395 (8.7-24.2%), and Kendall errors
from 0.306-0.325 to 0.236-0.298 (8.3-22.8%). Compared with historical-share resampling,
station allocations were more diverse but less faithful to historical share distributions; com-
pared with a unified typical-curve library, intra-day autocorrelation errors decreased across
all resource-season cases. The resulting multi-scale scenarios can serve as generation-side
inputs for stochastic scheduling and operational risk analysis.

Keywords: scenario generation; hydro-wind-solar systems; C-vine copula; compositional
data; renewable energy

1. Introduction

The increasing deployment of wind and photovoltaic (PV) generation has made the
coordinated operation of renewable resources an important issue for power systems [1-7].
In hydropower-rich regions, hydro-wind-solar systems can exploit the complementary
characteristics of controllable hydropower and variable wind and PV generation to improve
renewable-energy utilization and operational flexibility [8-14]. Effective coordination
also requires an appropriate representation of resource uncertainty [15]. Wind and PV
outputs vary with meteorological conditions, while runoff exhibits pronounced seasonal
variation; their joint behavior can differ between the flood and dry seasons. Moreover,
stations distributed across a region need not exhibit identical output patterns. A useful
scenario set must therefore describe plausible combinations of resource availability while
retaining station-level variation and relevant within-day characteristics. Such generation-
side information provides a basis for examining alternative operating conditions and
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associated risks in large-scale complementary systems [16-21]. The modeling task is
consequently broader than reproducing the separate distribution of each resource: it also
concerns how uncertain daily quantities and intra-day profiles are represented together.

To characterize the uncertainty described above and support the coordinated opera-
tion of hydro-wind-solar systems, existing research has investigated forecasting, scenario
generation, and operational decision-making [22,23]. Time-series and learning-based
forecasting methods estimate future output or its predictive distribution from available
observations [24-26]. Robust analysis and optimal control studies use uncertainty descrip-
tions to determine operating actions [27], while recent interpretable multi-step wind-power
forecasting research further connects prediction with operational applications [28]. Sce-
nario generation has a related but distinct role: it constructs multiple plausible realizations
through which the joint behavior of uncertain resources can be examined. Forecast accuracy
alone does not establish whether a scenario ensemble reproduces dependence among wind
power, PV generation, and runoff, or whether it retains differences among individual
stations. Likewise, a scheduling or control formulation does not itself specify the statistical
properties of its generation-side inputs. For the application considered here, the required
outputs are joint daily resource quantities and corresponding station-level intra-day profiles.
This defines a scenario-synthesis task that can support subsequent operational analysis
without treating scenario generation itself as a dispatch optimization problem.

To meet these scenario-synthesis requirements, existing studies have explored data-
driven generative methods and explicit statistical dependence models, together with
dimension-reduction strategies for large station collections. Diffusion-based PV scenario
generation [29] and conditional generative modeling of renewable-power output [30] illus-
trate the use of learned distributions to construct scenario ensembles. For geographically
distributed wind resources, Shahirinia et al. [31] investigated dependence modeling with
vine copulas, including the effects of dataset size and copula choice. Tan et al. [32] com-
bined station clustering, a C-vine dependence model, and time-series reconstruction for
high-dimensional wind-PV scenarios. Related work on equivalent representations of mul-
tiple wind farms [33] demonstrates the use of aggregation for system analysis, although
its objective is dynamic interaction assessment rather than statistical scenario synthesis.
For hydro-wind-solar systems, lung et al. [34] developed a copula-based joint generation
framework, Liu et al. [35] combined temporal and spatial dependence modeling to gener-
ate daily multi-resource scenarios, and Feng et al. [36] developed a two-stage generative
approach combining variational autoencoders and generative adversarial networks. These
studies provide important foundations for dimension reduction, dependence modeling,
and coupled resource scenario generation. For large-scale hydro-wind-solar applications, a
further modeling requirement is to connect joint daily resource scenarios with station-level
allocation and intra-day reconstruction through a coherent generation process.

For the present large-scale hydro-wind-solar application, the specific requirement is to
connect cluster-level joint generation with station-level allocation and subsequent intra-day
reconstruction. This differs in emphasis from reconstructing wind—-PV scenarios without
runoff [32], generating daily multi-resource scenarios [35], or developing a two-stage gener-
ative model for hydro-wind—solar scenario synthesis [36]. Clustering makes joint modeling
more tractable, but the resulting cluster totals do not uniquely determine the allocation to
individual stations. Station shares are compositional variables: they must be non-negative
and sum to one within each cluster. Once station-level daily quantities have been obtained,
hourly profiles must be reconstructed in relation to those quantities rather than selected
without regard to daily resource levels. The practical challenge is therefore to link these
representations through explicit allocation and reconstruction rules, while evaluating the
resulting joint, spatial, and temporal characteristics. The distinction addressed here lies in
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this constrained daily-to-hourly workflow and its station-level outputs, rather than in the
general observation that renewable resources exhibit spatiotemporal dependence.

To link these modeling stages within a unified generation process, this study proposes
a multi-scale scenario-generation framework for large-scale hydro-wind-solar systems.
Wind and PV stations are grouped according to their output-correlation patterns, reducing
the dimension of subsequent joint modeling while retaining a structured representation
of regional output dependence. Season-specific C-vine copulas then generate daily joint
scenarios for wind-power clusters, PV clusters, and runoff. For station-level spatial alloca-
tion, a centered log-ratio (CLR) transformation and a Gaussian R-vine copula model the
allocation shares under the cluster sum constraint. A typical daily curve library classified
by season and daily quantity subsequently reconstructs station-level intra-day profiles. The
contribution is the integration of these components into a modular generation process with
explicit links between cluster totals, station allocations, and hourly profiles. Its distinguish-
ing features are the inclusion of runoff in seasonal joint generation, compositional treat-
ment of station shares, and daily-quantity-based reconstruction of intra-day profiles. The
framework is evaluated using observations from a large grid-connected hydro-wind-solar
system in Southwest China, with separate assessments of joint dependence, allocation
characteristics, and temporal reproduction. Figure 1 presents the overall workflow.
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Figure 1. Framework diagram of the proposed scenario generation method.

2. Power Station Clustering Based on Correlations

With the rapid large-scale development of wind and photovoltaic (PV) power stations,
the number of power stations in the same area has increased significantly [1]. If all power
stations are directly modeled in a high-dimensional way, the parameter dimensions of
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the Copula model will increase sharply [35], thereby significantly increasing the model
complexity and the difficulty of parameter estimation. Therefore, this paper first conducts
cluster analysis on the wind and PV power stations within the area, grouping stations with
similar correlations into the same cluster. This reduces the dimensionality of subsequent
joint modeling while effectively preserving the main spatial correlation structure within
the area [37].

This paper uses the Spearman correlation coefficient to measure the degree of correla-
tion between power stations. The Spearman correlation coefficient has good adaptability to
monotonic nonlinear relationships and can accurately describe the synchronous variation
characteristics of renewable energy power output [38].

The Spearman correlation coefficient between the i-th and j-th power stations is defined as:

— g 2 2
pij = 1= 6 (Riy — R;)*/T(T* 1) (1)
t=1

In the formula: R;; represents the output ranking value of power station i at time ¢;
Rj s represents the output ranking value of power station j at time .

Based on the Spearman correlation coefficient described above, an N x N correlation
coefficient matrix C is constructed, where the i-th row represents the correlation between
the i-th power station and all other power stations, and can be regarded as the correlation
feature vector of that station. This vector is used as the input feature for clustering analysis
in this paper.

Due to the high dimensionality of the original features, direct clustering is prone to
redundant information and the curse of dimensionality. Therefore, principal component
analysis (PCA) is performed on the feature matrix to project the original high-dimensional
features into a low-dimensional principal component space, effectively extracting the main
correlation structure in the data. In this paper, the number of principal components that
achieve a cumulative variance contribution rate of 90% is selected as the reduced dimen-
sion. This retains the key correlation information to the greatest extent while significantly
reducing the complexity of the feature space. The retained principal-component scores
are then used as inputs to K-means clustering, which is performed separately for wind
and PV stations. For both wind and PV stations, candidate cluster numbers from K = 2 to
K = 8 were tested. Each K-means fit used 10 initializations and a fixed random seed of 42,
and the final cluster number was selected using the average silhouette coefficient [39]. The
silhouette coefficient comprehensively considers both the compactness within clusters and
the separation between clusters, and is defined as:

b(i) — a(i)

0= Tmaxtaf@, b7 ?

In the formula: a(i) represents the average distance between sample i and samples
of the same cluster; b(i) represents the average distance between sample i and the nearest
neighboring cluster. The silhouette coefficient ranges from —1 to 1, and the closer its value
is to 1, the better the clustering effect. The average silhouette coefficient is calculated for
different cluster numbers K, and the clustering result with the best value is selected as the
final classification scheme.

After clustering, stations with similar output-correlation profiles are grouped together,
providing a structured, lower-dimensional representation for subsequent cluster-level daily
total modeling, station-level spatial disaggregation, and intra-day curve reconstruction.
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3. Clustering-Level Daily Scale Scenario Generation

Multivariate Copula functions have extensive applications in economics, finance,
and risk management. Through multivariate Copula functions, researchers can flexibly
construct models for dependence among high-dimensional random variables without being
restricted by the form of marginal distributions. This paper adopts the high-dimensional
mixed Copula function C-vine conditional decomposition modeling method [40] to fit
and model the correlations of wind power clusters, photovoltaic (PV) clusters, and runoff
sequences within the same region, determine the binary conditional Copula equivalent form
of the high-dimensional Copula joint distribution function composed of multiple energy
sources, and thereby depict the joint probability structure of the hydro-wind-solar system
on a daily scale. Finally, the corresponding joint distribution scenario set is generated using
the inverse transform sampling method [41]. The schematic diagram of the method is
shown in Figure 2.
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Figure 2. Principle diagram of the C-vine Copula method.

3.1. C-Vine Copula Theory

After clustering within the region, there are a total of d = ny, + ns; + 1 objects (11
wind power clusters, n; photovoltaic (PV) clusters, and one runoff sequence). The density
functions of the joint distribution, marginal distributions, and conditional distributions
at the daily scale are all continuous. The random vector composed of these d variables is
X = (X1, Xy, - - -Xy), and the corresponding joint distribution function is F(x1, x2, - - -Xy).
According to Sklar’s theorem, the multivariate joint distribution function can be expressed
in terms of a Copula function and the marginal distribution functions of each variable as:

F(xl,)Q,. . .,xd) = C(Pl(xl), Fz(Xz),. . .,Fd(xd)) (3)
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The corresponding multivariate joint density function can be expressed as:

d

flx1,x2,..,xq) = c(Fi(x1), ..., Fa(xa) [ ] fi(xi) (4)

i=1

In the formula: F;(x;) represents the marginal distribution function of the i-th variable;
C(-) is the d-dimensional Copula function; 1, _4 is the d-dimensional Copula density
function; f;(x;) is the marginal density function of the i-th variable.

The marginal density function of a variable can generally be obtained through para-
metric assumptions or non-parametric methods, while the form of a high-dimensional
Copula function is difficult to determine directly. Gaussian and Student-t Copulas provide
tractable multivariate models, but the Gaussian Copula has no asymptotic tail dependence
and the standard Student-t Copula has symmetric upper- and lower-tail dependence [42].
These restrictions may limit their flexibility when dependence patterns differ across variable
pairs; vine constructions allow different bivariate Copula families to be combined [40].

A multivariate joint Copula probability density function can be constructed as the
product of multiple bivariate conditional Copula probability density functions correspond-
ing to different conditions. A graphical structure called “vine” is introduced to describe the
logical relationships after decomposing random variables. The main vine types include
C-vine, D-vine, and R-vine [40,43]. Among them, the C-vine Copula method is mainly
used to describe the dependence among random variables with a hierarchical structure,
allowing the multivariate joint Copula density function to be decomposed into the product
of several bivariate conditional Copula density functions, where each pair Copula can
adopt a different Copula family.

For cluster-level joint modeling, a C-vine is adopted because its root-centered structure
allows variables with stronger aggregate dependence on the remaining variables to be
placed successively at the center of the decomposition. The root order is determined from
the seasonal Kendall correlations, while the pair-copula family is selected for each edge. A
D-vine instead follows a chain-like structure, and a general R-vine permits a broader range
of tree structures; nested Archimedean copulas represent dependence through generator-
based nesting rather than the pair-copula decomposition used here. Thus, the C-vine
provides an explicit and interpretable dependence ordering for the proposed framework.
The resulting C-vine density can be decomposed as follows:

ﬁﬁ Ci kL. ( (xj|x1r--'/xj71>rF(xj+k‘x1/~-rxjfl)> (5)

:1 k=1

The marginal conditional distribution F(x;|v) can be expressed in terms of the partial
derivatives of the Copula function as follows:

oC;

Fxv) = 2Cin fﬁ (6)

In the formula: ¢ in Equation (5) denotes a conditional pair-Copula density. In Equation (6),
C denotes the corresponding conditional pair-Copula distribution function, and F denotes
a conditional cumulative distribution function; v; is the j-th variable in the vector v; v
represents the sub-vector obtained by removing the j-th variable.

3.2. Determination of the C-Vine Structure

The study area consists of d variables. The daily time series of each variable is regarded
as a random variable X;(i=1, 2, ..., d). To construct the C-vine model that best conforms to
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the actual correlation structure, this paper adopts the sequential search method based on
Kendall’s correlation coefficient. The specific steps are as follows:

Assume that any variable X* among X1, Xy, ..., Xj is the root node of the C-vine tree,
and the remaining variables are reordered as (X, X3, ..., X;). Calculate the Kendall correla-
tion coefficient %, ; between X* and each of the other variables based on historical samples.

Let X4, X», ..., X; serve as candidate root nodes X* in turn, and calculate the total sum

of their correlation strengths:
d—1

S =Y |t

i=1

)

Select the variable that maximizes 5* as the root node of the first layer of the C-vine,
and renumber it as X;. The remaining variables are renumbered as X5, X3, ..., X;.

For the e-th layer (e = 2, 3, ..., d—1), take any variable X* among the current re-
maining variables as the root node of the conditional tree, repeat the above process to
calculate its * and $* with the other variables, and successively determine the variable
order corresponding to each level node.

Through the above steps, the selected C-vine dependency structure can be constructed.
It is worth noting that due to the significant differences in the correlation of wind, solar,
and hydro among different hydrological periods, this paper establishes two indepen-
dent C-vine models, constructing dependency structures for the flood season and the dry
season separately.

3.3. Selection of C-Vine Copula Function Form and Parameter Estimation

After the C-vine structure is determined, the function family of each bivariate condi-
tional Copula needs to be selected, and its parameters estimated, thereby fully determining
the multivariate joint distribution function. The main steps are as follows:

The selection of the Copula function family adopts information criteria to comprehen-
sively evaluate candidate models from the aspects of goodness-of-fit and model complexity.
Common criteria include AIC (Akaike Information Criterion) and BIC (Bayesian Informa-
tion Criterion) [44,45]:

AIC = —2InL + 2k (8)

BIC= —2InL +kInN (9)

In the formula: k represents the number of parameters to be estimated in the Copula
function; L is the maximum likelihood value; N is the effective sample size. AIC places
more emphasis on fitting accuracy, while BIC can effectively prevent overfitting when the
sample size is large. Considering that the scenario generation in this paper requires both
generalization ability and physical rationality, the Copula family with the smallest BIC
is preferred.

The parameters of the C-vine Copula function are determined using the maximum likeli-
hood estimation method. The historical daily scale sample matrix is Q = [q1,42, - . ., qN] Te
RN*4 where N is the sample size. The log maximum likelihood function of the C-vine
Copula is constructed as follows:

N d—1d-j

LO)=Y) ) ), 1n{cj,j+k|1,...,jfl (ﬁ(xj,t|x1:j—l,t)/ﬁ(xj+k,t

t=1j=1 k=1

X1:j—1,t>; 9j,j+k) } (10)

In the formula: @, is the vector composed of all Copula parameters of C-vine; F(-) is
the conditional cumulative distribution function estimated based on marginal distributions.
To enhance the stability of optimization, a layer-by-layer initialization strategy is
adopted to solve the initial parameters: the marginal distributions of each variable are
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fitted using kernel density estimation (KDE), and the original data are transformed into
pseudo-observations u; ; = ﬁi(xi,t). The first-layer bivariate Copula is used to estimate the
parameters for (X1, X;)(j =2, .. ., d); the conditional distribution F(x;|x;) is calculated, and
conditional pseudo-observations are generated, thereby estimating the parameters of the
bivariate Copula at the second layer; this process is repeated, and the parameters of the
Copula at the third to the d—1-th layers are estimated successively.

Using these parameters as initial values, the BFGS algorithm [46] in the quasi-Newton
method is employed to jointly optimize the log-likelihood function and obtain the final
parameter estimates.

3.4. Generation of Daily Total Scenario Sets at the Clustering Level

Based on the U(0,1) distribution, R groups of d-dimensional random samples are
generated. Using the inverse transform sampling method, the corresponding joint scenario
sets at the daily scale for wind—solar-hydro clusters are generated through the constructed
C-vine Copula joint distribution models for flood and dry seasons.

4. Internal Power Allocation Within Clusters

After obtaining the joint scenarios at the cluster-level daily scale, it is necessary to
allocate them reasonably to individual power stations within each cluster. However, the
power output ratios of stations in the same cluster exhibit typical compositional data
characteristics [47,48]: each component is non-negative and strictly sums to 1. A generic
multivariate Copula fitted directly to station shares does not, by itself, enforce their sum-
to-one constraint. A simple strategy would systematically lose the spatial co-fluctuation
structure within the cluster and reduce the physical credibility of the scenarios.

To fundamentally remove the closure constraint and preserve the true relative de-
pendence structure among stations, this paper introduces the centered log-ratio (CLR)
transformation to preprocess the power output ratios of stations within a cluster [47]:

m
z; =clr(p;) =Inp; — Zlnpj, i=12,...,m (11)
=1

]

1
m

In the formula, m represents the number of power stations within a cluster; p; is
the proportion of the i-th power station within the cluster. After the transformation,
the variable satisfies } /" ; z; = 0, and its effective degrees of freedom are only m—1.
Therefore, only the first m—1 dimensions are modeled, and the m-th dimension is recovered
from the zero-sum constraint. The isometric log-ratio (ILR) transformation provides an
orthonormal alternative for compositional data [49], but the present implementation uses
CLR coordinates.

The number of power stations within a cluster is large. The C-vine Copula is prone
to bias and is difficult to fit stably in high-dimensional or non-centralized dependence
scenarios. Therefore, the R-vine structure is used instead, with the tree sequence optimized
automatically via a data-driven approach [50]. To balance high-dimensional stability and
computational efficiency, the Copula family is simplified, retaining only the Gaussian family.
Finally, the sampled m-dimensional vector is transformed back to the proportional form
through the inverse CLR transformation, strictly ensuring that the sum of the allocation
proportions of each power station equals 1, thus achieving station-level spatial power
disaggregation under total conservation.

To maintain a parsimonious allocation structure for large-scale, high-dimensional
systems, station-share vectors are generated separately from cluster daily totals within each
season. This is a modeling approximation, not a claim of strict statistical independence.
Conditional allocation can improve fidelity at certain total levels, but the seasonal specifica-
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tion is retained to use the full seasonal sample without fitting separate high-dimensional
models for each total range. The framework remains compatible with total-conditioned
allocation when required.

5. Intra-Day Curve Reconstruction

To further generate complete time-series scenarios, it is necessary to restore the intra-
day output curves of each power station. Considering that the intra-day fluctuation patterns
of renewable energy vary significantly with resource abundance and scarcity, this paper
constructs a typical intra-day pattern library categorized by “flood/dry season—daily
electricity level”. First, the historical intra-day output curves are normalized by daily total
electricity to extract pure pattern features. Within each season, the historical days of each
station and the runoff series are divided into three quantile-based levels according to their
daily aggregate values. For each level, three representative normalized 24 h curves are
extracted using K-means clustering (K = 3). During scenario generation, based on the
flood/dry season category and electricity level of the obtained daily scale data, a typical
curve is randomly selected from the corresponding library, and linearly scaled according to
the actual daily total electricity to form a complete intra-day station-level output sequence.

6. Scenario Evaluation System

To systematically evaluate the effectiveness of the generated hydro-wind-solar joint
scenario set, this paper constructs an evaluation system covering three dimensions: multi-
energy correlation, spatial correlation, and fidelity of temporal fluctuation characteristics.
These dimensions correspond to the modeling quality of the scenarios in three key aspects:
multi-energy joint dependence, inter-station spatial structure, and intra-day temporal
patterns [51,52].

6.1. Hydro—Wind—Solar Correlation Test

The Spearman correlation coefficient matrix error and Kendall correlation coefficient
matrix error between historical data and the generated scenarios are calculated to evaluate
the correlation of the generated runoff, wind power, and photovoltaic power output
scenarios. The formula is as follows:

d d ) 5

Spearman RMSE = %Z Z ( RzS] scen _ RzS] hist ) (12)
i=1j=1

Kendall RMSE = 1 d @ RK scen RK’ hist 2 13

enda = 7; Z( ij ) (13)

In the formula: d is the total number of objects being evaluated, and R;; represents
the rank correlation coefficient between objects i and j. The above indicators measure the
overall deviation of the system’s joint correlation structure in the form of root mean square
error (RMSE). A smaller value indicates a more accurate reconstruction of the historical
dependency structure by the generated scenarios.

6.2. Intra-Cluster Output Allocation Rationality Test

To evaluate the rationality of the intra-cluster output allocation scheme, this pa-
per constructs an evaluation system from two dimensions: distribution fidelity and
scenario diversity.

Distribution fidelity is evaluated using station shares of cluster-level daily output.
For each station, the Wasserstein distance [53] between its generated and historical share
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distributions is calculated, and the distances are then averaged across stations and clusters
of the same energy type. A smaller value indicates closer agreement between the marginal
station-share distributions.

1K 1”’k
Dy = % /

mk 2 () — F(p)|dp (14)
j=1

In the formula: K represents the number of clusters for the energy type being evaluated;
my represents the number of stations in cluster k; p represents a station’s share of its cluster-
level daily output; Fy,;*(p) and Fk,]-h(p) represent the empirical cumulative distribution
functions of the generated and historical shares of station j in cluster k.

Scenario diversity is quantified by the ratio of the average Euclidean distance among
generated scenarios to the average Euclidean distance among historical scenarios and is
defined as the scenario diversity ratio.

Raiv = 53— ‘ [ ’P —P-H (15)
Ns =)= T 2 Nu(Ne = 1) {5 1T M

In the formula: N}, represents the number of historical data scenarios; Pih is the propor-
tion vector of the i-th historical scenario.

6.3. Intra-Day Curve Reconstruction Fidelity Test

To evaluate the fidelity of the intra-day output curve reconstruction scheme, this paper
constructs an evaluation system from two dimensions: temporal dynamic fidelity and
peak-time error.

Temporal dynamic fidelity is measured by the autocorrelation coefficient error. The
autocorrelation coefficient error is the absolute error of the first-order lag autocorrelation
coefficient between the generated scenarios and the historical data. This indicator reflects
the consistency of the evolution pattern of adjacent hourly output sequences. A smaller
value indicates that the temporal smoothness and fluctuation pattern of the generated
curve are closer to the historical reality. The formula is as follows:

1N

Zpl - 729}

(16)

acf -

In the formula: p? represents the Pearson autocorrelation coefficient of the adjacent-
hour output sequence of the i-th generated scenario; p? represents the corresponding
autocorrelation coefficient of the j-th historical scenario.

The peak-time error (h) is calculated as the absolute difference between the mean
daily peak-hour indices of generated and historical curves. It therefore summarizes the
difference in their central peak timing rather than matching individual days. Peak hour is
inherently cyclic, and circular statistics are relevant when peak times straddle the midnight
boundary [54]; the present arithmetic-mean statistic does not account for that wrap-around.

1 Ns

Zfsfthh

peak = 17)

In the formula: #; represents the time corresponding to the maximum output of the
i-th generated scenario; t;? represents the time corresponding to the maximum output of the
j-th historical scenario.
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7. Case Study Analysis

This paper takes a certain area in Southwest China as the study area and collects
historical output and runoff data from 2023 to 2025 for 47 photovoltaic (PV) power stations,
53 wind power stations, and the head hydropower station of a cascade hydropower station
group in this region. According to local hydrological patterns, the period from June
to October is defined as the flood season, and the remaining months as the dry season.
Based on this, two independent joint scenario generation models are constructed for the
flood season and the dry season, respectively. For renewable-energy bases whose output
is delivered through LCC-HVDC links, interactions between converters and renewable
plants can lead to temporary overvoltage during disturbances [55]. The present case study
focuses on generation-side hydro-wind-solar uncertainty rather than a specific export
corridor or converter transients. Its generated scenarios could provide generation-side
inputs for future analyses that also account for power-transfer constraints and transmission-
system dynamics.

Figure 3 illustrates how joint scenarios represent variations in hydro-wind-solar
resource levels and temporal profiles while accounting for cross-resource dependence.
These scenarios can provide generation-side uncertainty inputs for subsequent scheduling
and risk analyses.
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Figure 3. Potential applications of hydro-wind-solar joint scenarios.

7.1. Clustering Results and Dimensionality Reduction Effect

To reduce the complexity of high-dimensional joint modeling, cluster analysis based
on Spearman correlation is performed on the 47 PV power stations and 53 wind power
stations in the region. The results show that the average pairwise correlation coefficient
among PV power stations is 0.891, while that among wind power stations is 0.636. On
this basis, the performance of different cluster numbers K is evaluated using the silhouette
coefficient. As shown in Figures 4 and 5, the optimal cluster number for PV power stations
is K = 2, and for wind power stations, K = 3.
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Figure 4. Silhouette coefficient corresponding to different cluster numbers K for PV power stations.
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Figure 5. Silhouette coefficient corresponding to different cluster numbers K for wind power stations.

The clustering results show that the two clusters of PV power stations contain 14
and 33 stations, respectively, with intra-cluster average correlation coefficients of 0.836
and 0.915, demonstrating very strong synergistic output characteristics. The wind power
clustering results include three clusters, containing 21, 16, and 16 stations, respectively,
with intra-cluster average correlation coefficients of 0.759, 0.697, and 0.645, respectively.

This section compresses the original 100-dimensional renewable energy system into
5 cluster units, laying a low-dimensional, structured data foundation for subsequent
joint modeling.

For the present case covering 101 objects, the complete workflow for generating 1000
joint scenarios for each season required approximately 70 s on an AMD Ryzen 7 7745HX
processor (TSMC (Taiwan Semiconductor Manufacturing Company), Hsinchu, Taiwan)
with 16 GB RAM. The framework can accommodate additional stations by updating
the clustering, intra-cluster allocation models, and station-specific curve libraries. Its
hierarchical structure retains station-level outputs without placing all station variables in a
single daily joint-dependence model.

7.2. Hydro—Wind—Solar Joint Scene Generation

After clustering the renewable-energy stations and reducing the feature dimensionality,
scenario generation proceeds in three stages. First, season-specific C-vine Copula models
are constructed for the flood and dry seasons to generate cluster-level daily joint scenarios of
hydro-wind-solar systems. Second, the centered log-ratio (CLR) transformation combined
with a Gaussian R-vine Copula is used to allocate the daily total output of each cluster to its
individual stations. Third, complete station-level intra-day output series are reconstructed
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through pattern matching and linear scaling using a typical intra-day curve library classified
by season and daily electricity level. Figures 6—8 present selected representative PV, wind-
power, and runoff curves from the respective flood- and dry-season typical curve libraries.
Finally, a high-dimensional joint scenario set containing 1000 scenarios and covering
101 objects is generated.

Time/h

Figure 6. Typical daily curve database of PV power station during flood and dry season.

20%
& 4
S 10%
= 1 =
%r———7T T 71 T T T T T T T
1 4 7 10 13 16 19 22 24

Time/h

Figure 7. Typical daily curve database of wind power station during flood and dry season.

ratio

1 4 7 10 13 16 19 22 24
Time/h

Figure 8. Typical daily curve database of runoff during flood and dry season.

7.3. Scene Assessment

To comprehensively assess the effectiveness of the proposed scenario generation frame-
work, this paper conducts verification from three aspects: hydro-wind-solar correlation,
station-level spatial allocation structure, and the fidelity of intra-day output patterns.

7.3.1. Hydro-Wind-Solar Correlation Test

To verify the effectiveness of the proposed model (the main model) for daily scale
multi-energy joint dependency modeling, this paper constructs a control scheme (Model
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I): at the cluster-level daily scale generation stage, the C-vine Copula joint modeling
is removed and replaced with independent sampling based on the historical marginal
distributions of each cluster; all other steps are exactly the same as the main scheme. By
comparing the statistical characteristics of the generated scenarios of the two schemes, the
contribution of the proposed model in terms of hydro-wind—solar correlation is tested.
The Spearman correlation coefficient matrix error and Kendall correlation coefficient
matrix error between historical data and generated scenarios are calculated. The results
are shown in Figure 9 and Table 1. During the flood season, the Spearman and Kendall
errors of the main model are 0.395 and 0.298, respectively, which are better than those of
Model I (0.432 and 0.325); during the dry season, the superiority is more significant, with
the two errors decreasing from 0.419 and 0.306 to 0.318 and 0.236, respectively. These lower
errors indicate that the generated daily scenarios retain more of the observed co-variation
among wind power, PV power and runoff than independent sampling. This is relevant
when examining conditions in which the three resources fluctuate together, although the
remaining errors show that their historical dependence is not reproduced exactly.

Flood season Spearman RMSE

= Main model
—— Model I
Dry season Flood season
Kendall RMSE Kendall RMSE
0.1
0.2
0.3
0.4
Dry season Spearman RMSE
Figure 9. Hydro—wind-solar correlation test results.
Table 1. Hydro-wind-solar correlation test results.
Model Spearman RMSE Kendall RMSE
Flood Main model 0.39 0.30
00¢ season Model I 0.43 0.33
Drv season Main model 0.32 0.24
Y Model T 0.42 0.31

To further assess the choice of the daily scale dependence model, the C-vine Copula
was compared with a D-vine Copula and a multivariate Gaussian Copula using the same
six variables—three wind-power clusters, two PV clusters, and runoff—and season-specific
historical data. Each model generated 1000 joint scenarios in each of ten repeated simula-
tions. Table 2 reports the mean Spearman and Kendall correlation errors. This comparison
evaluates dependence reproduction at the cluster-level daily scale, before station-level
allocation and intra-day reconstruction.
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Table 2. Comparison of cluster-level daily dependence models.
Season Copula Model Mean Spearman Error  Mean Kendall Error
Flood C-vine 0.0321 0.0233
Flood D-vine 0.0343 0.0249
Flood Gaussian 0.0352 0.0245
Dry C-vine 0.0372 0.0278
Dry D-vine 0.0341 0.0248
Dry Gaussian 0.0358 0.0247

In the flood season, the C-vine Copula achieves the lowest mean Spearman and
Kendall correlation errors among the three models. In the dry season, its errors are close to
those of the D-vine and Gaussian Copulas, indicating comparable dependence reproduction.
Overall, the C-vine provides competitive correlation fidelity across both seasons, while its
root-centered structure offers an explicit and interpretable dependence ordering for the
proposed framework.

To supplement the correlation assessment, joint low- and high-resource states were
examined using the historical seasonal 10th and 90th percentiles of each resource’s daily
quantity, respectively. Daily wind and PV quantities were aggregated across their respective
clusters, while runoff was considered separately. The same historical thresholds were
applied to the main model and Model I. Joint occurrence frequencies were calculated for the
wind-PV, wind-runoff, and PV-runoff combinations. For each season and resource state,
the absolute differences between generated and historical frequencies were averaged across
the three resource pairs. Table 3 presents the resulting mean absolute frequency errors.

Table 3. Mean absolute errors in joint low- and high-resource occurrence frequencies.

Season Resource State Main Model Model 1
Flood Low 0.690 0.190
Flood High 0.590 3.890

Dry Low 0.340 0.979
Dry High 0.336 1.331

As shown in Table 3, the main model achieves smaller occurrence-frequency errors in
three of the four aggregated comparisons. In the dry season, the errors decrease from 0.979
to 0.340 percentage points for joint low-resource states and from 1.331 to 0.336 percentage
points for joint high-resource states. The flood-season high-resource error also decreases
substantially, from 3.890 to 0.590 percentage points. In contrast, the flood-season low-
resource error increases from 0.190 to 0.690 percentage points. These results indicate closer
reproduction of historical joint scarcity and abundance in most evaluated categories, while
showing that the improvement varies with season and resource level.

7.3.2. Intra-Cluster Output Allocation Rationality Test

To assess the proposed intra-cluster output allocation method (the main model), Model
II is constructed as a historical-share resampling benchmark. For each generated daily
scenario, a complete station-share vector is randomly selected from a historical day in the
same cluster and season and applied to the generated cluster-level daily total. The selected
vector is fixed for that daily allocation, but different scenarios may use different historical
vectors. All other steps remain the same as in the main model. The comparison therefore
examines the effect of generating new share patterns through the proposed method rather
than directly reusing observed patterns.
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The Wasserstein distances and scenario diversity ratios of the two allocation schemes
are reported in Tables 4 and 5 for the flood and dry seasons, respectively. Model I resamples
complete historical station-share vectors, allowing its allocations to retain observed share
patterns; accordingly, it achieves smaller Wasserstein distances in all four comparisons.
The main model generates new allocation patterns but has larger Wasserstein distances,
ranging from 0.032 to 0.047 for wind power and from 0.032 to 0.035 for PV power. These
results indicate a greater difference from the historical marginal share distributions than for
Model II. The Wasserstein distance should therefore be interpreted together with scenario
diversity, rather than described on its own as evidence of superior distribution fidelity.

Table 4. Results of the intra-cluster output allocation rationality test in the flood season.

Energy Type Model Wasserstein Distance  Scenario Diversity Ratio
Wind power Main model 0.047 3.81
P Model II 0.006 1.22
PV Main model 0.035 4.72
Model II 0.004 1.20

Table 5. Results of the intra-cluster output allocation rationality test in the dry season.

Energy Type Model Wasserstein Distance  Scenario Diversity Ratio
Wind power Main model 0.032 4.74
P Model I 0.002 1.24
PV Main model 0.032 4.02
Model 11 0.005 1.24

In the flood season, the main model achieves diversity ratios of 3.81 for wind power
and 4.72 for PV power, compared with 1.22 and 1.20 for Model II. In the dry season, the
corresponding ratios are 4.74 and 4.02 for the main model, whereas Model Il remains at 1.24
for both resources. These results show that the main model produces a wider range of intra-
cluster allocation patterns than Model II. Thus, scenarios with similar cluster-level daily
totals can exhibit station-level contributions beyond the share vectors directly resampled
from historical days. Because the historical diversity ratio is 1 by definition, its higher ratios
indicate greater dispersion rather than necessarily better fidelity. Together with the larger
Wasserstein distances, this represents a trade-off between scenario diversity and agreement
with historical share distributions. Correlation errors and scenario diversity describe
different properties: the former assess cross-resource dependence, whereas the latter
reflects the range of station-level conditions available to downstream analyses. For example,
learning-based DER coordination has been evaluated under multiple load scenarios [56],
illustrating why exposure to varied operating conditions can matter. The diversity ratio
is therefore interpreted together with distribution fidelity, rather than as a measure of
downstream control performance.

7.3.3. Intra-Day Curve Reconstruction Fidelity Test

To verify the effectiveness of the proposed station-level intra-day curve modeling
method (the main model), this paper constructs a control scheme (Model III): a unified
typical intra-day pattern library is used for intra-day curve allocation, while all other steps
are exactly the same as the main scheme. By comparing the statistical characteristics of the
two schemes on the station-level intra-day output curves, the ability of the main scheme to
characterize the intra-day curves of power stations is tested.

Tables 6 and 7 and Figures 10 and 11 present the intra-day time-series reconstruction
results of the two methods in the flood and dry seasons. In terms of autocorrelation
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error, the main model outperforms Model III for all resource types in both seasons. In
the flood season, the first-order autocorrelation errors of wind power, PV power, and
runoff decrease from 0.258, 0.126, and 0.623 to 0.108, 0.079, and 0.115, respectively. In the
dry season, the corresponding errors decrease from 0.256, 0.107, and 0.584 to 0.140, 0.060,
and 0.224. In particular, the main model provides the most pronounced improvement
for runoff, reducing the error by approximately 81.5% and 61.6% in the flood and dry
seasons, respectively. Because first-order autocorrelation describes dependence between
adjacent hours, the lower errors indicate that the generated profiles more closely reproduce
historical hour-to-hour persistence. Longer-lag dependence and the distribution of hourly
changes are assessed separately in Table 8.

Table 6. Results of the intra-day time-series scenario test in the flood season.

Energy Type Model Autocorrelation Error ~ Peak-Time Error (h)
Wind power Main model 0.108 1.885
Model III 0.258 1.047
Main model 0.079 0.591
PV Model ITI 0.126 0.677
Main model 0.115 5.364
Runoff Model III 0.623 5.488

Table 7. Results of the intra-day time-series scenario test in the dry season.

Energy Type Model Autocorrelation Error ~ Peak-Time Error (h)
Wind power Main model 0.140 1.829
Model III 0.256 1.180
Main model 0.060 0.539
PV Model III 0.107 0.664
Main model 0.224 0.539
Runoff Model ITI 0.584 4607

Table 8. Multi-lag autocorrelation errors and hourly ramp distribution distances in the flood and
dry seasons.

Season Energy Type Model Lag1 Lag 2 Lag4 Lag 8 Ramp Distance
Flood Wind power ~ Main model 0.108 0.233 0.266 0.095 3.106
Flood Wind power Model III 0.258 0.079 0.122 0.113 5.376
Flood PV Main model 0.079 0.080 0.026 0.087 1.857
Flood PV Model III 0.126 0.102 0.057 0.122 1.794
Flood Runoff Main model 0.115 0.218 0.279 0.288 123.533
Flood Runoff Model III 0.623 0.448 0.226 0.004 1155.930

Dry Wind power  Main model 0.140 0.248 0.303 0.133 4.195
Dry Wind power Model III 0.256 0.078 0.121 0.129 15.392
Dry PV Main model 0.060 0.059 0.019 0.062 1.463
Dry 1Y% Model III 0.107 0.084 0.030 0.095 2.086
Dry Runoff Main model 0.224 0.303 0.121 0.038 14.706
Dry Runoff Model III 0.584 0.345 0.041 0.087 303.535

To further assess intra-day temporal fidelity, autocorrelation errors at lags of 1, 2, 4
and 8 h and the Wasserstein distances between hourly ramp distributions were calculated
(Table 8). The main model achieves lower autocorrelation errors in 16 of the 24 season—resource—
lag comparisons and lower ramp-distribution distances in five of the six season-resource
comparisons. Although it does not outperform Model III in every individual comparison,
these results support its better overall representation of intra-day temporal behavior.
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Figure 10. Intra-day temporal fidelity evaluation in the flood season.
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Figure 11. Intra-day temporal fidelity evaluation in the dry season.
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In terms of peak-time error, the main model shows a stable advantage in reproducing
PV peak positions. The PV peak-time errors decrease from 0.677 h and 0.664 h to 0.591 h and
0.539 h in the flood and dry seasons, respectively. For runoff, the main model substantially
reduces the dry-season peak-time error from 4.607 h to 0.539 h. In the flood season, the
peak-time errors of the main model and Model III are 5.364 h and 5.488 h, respectively,
indicating comparable performance. For wind power, however, the main model has higher
peak-time errors than Model III in both seasons (1.885 versus 1.047 h in the flood season
and 1.829 versus 1.180 h in the dry season). This indicates a remaining limitation in wind
peak-time reconstruction.

Taken together, these results indicate that the hierarchical curve library generally
improves the representation of within-day persistence and hourly changes, rather than only
reducing a single autocorrelation statistic. Peak-time accuracy is more resource-dependent,
as shown by the different results for PV power, runoff and wind power.

A five-repeat stratified 80/20 holdout check was conducted to examine the sensitivity
of the runoff curve library to the number of typical curves. Increasing K from 2 to 3 reduced
the mean nearest-centroid error on held-out normalized profiles from 0.00666 to 0.00603 in
the flood season and from 0.01080 to 0.01014 in the dry season; K = 4-5 produced smaller
additional improvements. These results support (K = 3) as a parsimonious choice, with no
deterioration in holdout curve coverage observed at the selected value.

8. Conclusions

To address high-dimensional uncertainty scenario generation in large-scale hydro-
wind-solar systems, this study proposes a multi-scale correlation-preserving scenario
synthesis framework based on hierarchical dependency clustering and validates it using a
hydro-wind-solar system in Southwest China. The main conclusions are as follows:

(1) Based on Spearman correlations, this paper clusters wind and PV power stations,
compressing the original 100-dimensional renewable energy system into 5 cluster units.
While effectively preserving the main spatial correlation structure, this significantly reduces
the complexity of subsequent joint modeling, providing a structured, low-dimensional data
foundation for high-dimensional hydro—wind-solar scenario generation.

(2) Season-specific C-vine copulas are used to model the daily joint dependence among
wind-power clusters, PV clusters and runoff. Compared with independent sampling, the
main model reduces the Spearman and Kendall correlation-matrix errors to 0.395 and
0.298 in the flood season, and 0.318 and 0.236 in the dry season, respectively. These
results indicate improved, although not exact, reproduction of the historical cross-resource
dependence structure.

(3) This paper introduces the CLR transformation to handle the closure constraint of
compositional data and combines it with a Gaussian R-vine Copula to achieve intra-cluster
spatial allocation. Compared with historical share-vector resampling, the proposed method
generates more diverse allocation patterns. The larger Wasserstein distances indicate a
trade-off between scenario diversity and agreement with historical share distributions, and
the two indicators are therefore considered jointly when assessing the allocation results.

(4) This paper constructs a typical intra-day curve library categorized by “flood/dry
season—daily electricity level” and restores intra-day station-level time-series scenarios
through curve matching and linear scaling. The results show that the proposed method
yields lower first-order autocorrelation errors for all three resources and lower peak-time
errors for PV and dry-season runoff than the unified typical curve method, while wind
peak-time errors remain higher.

(5) Compared with independent sampling, the proposed framework reduces the sea-
sonal Spearman and Kendall correlation-matrix errors by 8.7-24.2% and 8.3-22.8%, respec-
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tively. Preserving these relationships helps the scenario set represent plausible combinations
of wind power, PV generation, and runoff, which are relevant to downstream scheduling
and risk analysis. Recent typhoon-resilience research considers weather-affected operating
conditions and distributed-resource flexibility [57]; integrating the generated scenarios
with hazard and network models could therefore be explored in future resilience studies.

The proposed framework achieves multi-scale scenario synthesis, progressing from
cluster-level daily joint scenarios to station-level intra-day time-series scenarios. It pro-
vides high-fidelity scenario inputs for stochastic scheduling, operational risk analysis, and
flexible-resource optimization in large-scale hydro-wind-solar systems.

The proposed framework can be applied to other hydro-wind-solar regions when
suitable historical station-output and runoff data are available. The overall modeling proce-
dure remains the same as that presented in this study, while station clustering, seasonal
classification, marginal distributions, vine-copula models, intra-cluster allocation, and the
typical daily curve library should be established using local data. In particular, the flood-
and dry-season definitions should reflect local hydrological conditions. Thus, applying
the framework elsewhere follows the same modeling steps rather than directly reusing the
models and parameters fitted for Southwest China. Its performance should be evaluated
according to the resource and climatic conditions of the target region.
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