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Abstract—The increasing penetration of wind and solar gen-
eration introduces significant uncertainties for the planning and
operation of power systems. Thus, it is critical to generate
reliable, realistic wind and solar energy scenarios to support
risk assessment and identify potential extreme events. This paper
develops an R-vine copula framework to capture the complex
spatiotemporal dependence among wind and solar plants in large
scale systems. Since the large number of random variables poses
significant challenges for vine construction, a truncation strategy
is proposed to reduce computational complexity while preserving
the dominant dependence structure. The proposed approach is
validated using real data from ISO New England. Comparison
results with the multivariate Gaussian copula show that the
truncated R-vine copula substantially reduces computational
burden and accurately captures tail dependence, making it more
suitable for risk-aware power system applications.

Index Terms—Solar and wind, correlation modeling, scenario
generation, truncation copula, tail dependence, vine copula.

I. INTRODUCTION

NCREASING integration of renewable energy sources into

modern power systems yields significant operational un-
certainties. As a result, conventional deterministic analytical
approaches are no longer adequate in capturing the stochastic
nature introduced by renewable generations [1]. To effectively
assess and mitigate potential operational risks, it is necessary
to generate multiple stochastic scenarios that represent plausi-
ble realizations of renewable power outputs, which constitute
a fundamental prerequisite for the subsequent risk analysis.

When generating such scenarios, it is crucial to recognize
that different generation sites exhibit inherent spatiotemporal
dependencies. In other words, their outputs are not entirely
independent due to shared meteorological conditions and
geographic proximity. Accounting for these dependencies is
essential for ensuring that the generated scenarios remain
realistic and statistically consistent, while avoiding redundant
or physically implausible cases. Copula theory provides a
powerful framework for modeling multivariate dependencies
among random variables [2], [3]. Generally, copulas can be
categorized into two main families. One is elliptical copulas,
such as the Gaussian copula and Student-t copula, and another
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is Archimedean copulas, e.g., the vine copula family. Elliptical
copulas are computationally efficient and easy to implement,
such as the multivariate Gaussian copula, but they are limited
to representing symmetric and linear dependencies, and thus
fail to capture tail-dependent or asymmetric relationships
often observed in data of wind power output. In contrast,
vine copulas offer much greater flexibility, as they can cap-
ture nonlinear, asymmetric, and tail-dependent correlations by
decomposing high-dimensional dependency structures into a
series of pairwise copulas [4].

Vine copulas have been used to model the relationship
between multiple wind/PV power outputs [5]-[7]. Several
studies have used vine copulas to generate renewable energy
scenarios. Ref. [8] utilizes a D-vine copula to generate the cor-
related samples that reflect the dependent structures between
the inputs, such as loads and renewables, for probabilistic
load-margin assessment. Ref. [4] also models the dependence
among wind farms using vine copula and feeds the generated
scenarios into a downstream OPF-based operational program-
ming. A time-varying regular vine mixed copula model is
established in [9] to capture the dynamic correlations. The
work in [10] generates time-coupled wind power scenarios for
wind farms. The work of [10] also compares the performance
of D-vine, C-vine, and Gaussian copulas, and concludes that
a D-vine has turned out to be ideal for modeling the temporal
dependence structure of wind power forecasting errors. Ref.
[11] utilizes a sequential method to model R-vine. Although it
is not necessarily equivalent to a global optimum, it facilitates
reducing the computational burden. To enable efficient fitting
and sampling of large datasets, clustering and principal com-
ponent transformation are introduced, followed by a truncation
to pairwise dependencies in [12].

Although leveraging the flexibility of the vine copula
to model multivariate dependencies has become a common
choice, the approach faces significant computational chal-
lenges when the number of random variables is large. This
means that vine copulas suffer from scalability issues when
dealing with a large number of units or extended forecast hori-
zons. In such cases, the vine copula requires a substantial num-
ber of tree layers, and determining the pairwise connections
(edges) within each layer becomes computationally intensive.
The computational burden and memory requirements grow
exponentially, making full vine modeling impractical for large-
scale systems. In the existing studies, either the dimensionality
of the random variables was not sufficiently large to encounter
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this challenge, or lack of an explicit criterion for determining
the truncation level.

To address these challenges, this paper proposes an R-
vine copula—based scenario generation framework for wind
and solar power. The marginal distributions of individual
units are fitted using forecast percentiles (e.g., P10, P50,
and P90), ensuring that the generated scenarios are consis-
tent with forecast uncertainty levels. Furthermore, to mitigate
the computational burden associated with high-dimensional
dependency modeling, a truncation strategy is developed to
balance between correlation-capturing accuracy and compu-
tational efficiency. The proposed approach is validated using
real historical data from the ISO New England with many
wind and solar generation plants.

II. THE PROPOSED TRUNCATED VINE COPULA FOR
SCENARIOS GENERATION

Copulas capture the dependency structure among multiple
random variables, providing mathematical functions to model
the joint distribution of multivariate variables by separating
the marginal behavior of each variable from its dependence
structure. Suppose there are n random variables z;, o,
...s Tn, and their marginal distributions are F, Fb, ..., F},
respectively. Then, based on the copula theory, the cumulative
joint distribution of all random variables can be expressed as
a function of the univariate marginal distributions with copula

C,ie.,

Fy1,y2, - yn) = C(Fi(v1), Fa(y2), - ... Fulyn)) (D

Vine copulas model the dependence structure among vari-
ables layer by layer through a series of bi-variate copulas
and their conditional relationships. This allows for flexibility
in applying diverse bi-variate copulas, such as the Gumbel
copula, to capture specific features like tail dependence. The
modeling of the R-vine copula and its truncation method are
introduced below.

A. Vine Copula

A vine copula decomposes a multivariate joint distribution
into the product of its marginal distributions and a series of bi-
variate conditional distributions. In this way, the n-dimensional
variable is composed of n — 1 trees, where each tree consists
of an edge set E; that represents bi-variate copulas, and a
node set N;. For the first tree N; = {1,...,n}, and for trees
i =2,..,n and N; = F;_1. Then based on Theorem 4.2 of
[13], the multivariate joint density is:

f(l'1,"' ’mn) = lH fk(xk)‘|
k=1

n—1
lH 11 ceocsin. (Feuip. (e, | De), Feyip, (e, | De))

i=1 ecE;
(2

where f(x1,...,24) denotes the joint probability den-
sity function (PDF) of the n-dimensional random vector
(x1,...,2pn); fi(z;) denotes the marginal PDF of the i-th
random variable z;; e € FE; denotes an edge in the set F;,
which is associated with a bivariate conditional dependence;
e, and e, are two nodes of the edge e, which are called
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conditioned nodes, and these nodes correspond to variables
Te, and x.,; D. denotes the conditioning set associated with
edge e, on which the pair (z.,,z.,) is conditioned; c., c,|p,
is the conditional pair-copula density function describing the
dependence between z., and x., given the conditioning
variables D.; Fi |p, (e, | D.) is the conditional cumulative
distribution function (CDF) of z., given D,, and its value lies
in the interval [0, 1]; F,|p, (7, | Dc) is the conditional CDF
of z., given D.. In summary, in an R-vine, each edge e defines
a pair-copula that characterizes the conditional dependence
between the variables z., and z., given the conditioning set
De, and the corresponding copula density is ¢, ¢,|p,. The
entire R-vine distribution is constructed by combining all these
conditional pair-copulas to form the joint distribution of the
n-dimensional random vector.

Suppose there are N generation units and each has D data
points from historical dataset. The objective is to generate sce-
narios for the upcoming 7-hour forecast horizon. Therefore,
the random vector x is composed of z;(t) for i = 1,..., Ng
and t = 1,...,T, and x € RN¢*T The historical data point
corresponding to each x;(t) is &; ,,,(t) where m = 1,..., D.
Then, the dataset for modeling the R-vine structure is:

Z11(1) 211(T) Ine1(1) Ing,1(T)

Z1,2(1) Z12(T) Tng,2(1) Tng2(T)
x=|" : . .

Fip(l) o Fup(T) o ngp(l) o Fngn(T)

where Z; ,,, (t) denotes the m-th data point of -th unit’s power
output at time ¢; X € RP*(NexT) and in X, each column
corresponds to all observations for a specific unit-timestep
pair, while each row contains all unit—timestep values associ-
ated with a single observation. To be used for R-vine modeling,
this data matrix must first be transformed into the [0, 1] domain
using the empirical probability integral transform. Then, the
R-vine structure is determined by selecting pairs with the
strongest dependence based on the Akaike information cri-
terion (AIC) [14] (eq. (3)), which ranks candidates by their
log-likelihood while incorporating a penalty that favors lower-
parameter families.

AIC(K) = _2l09“k(K) + 2nparameters(K) 3)
where K denotes the K-th layer tree; Mparameters 15 the number
of parameters; and the log-likelihood is computed as the sum
of the logarithmic copula densities evaluated at all observa-

tions:
loglik(\) =

n A (4)
Z Z Z In I:Ceaaeb‘De <Fea|De (Te,), Feg,|De (Ieb)>:|

i=1 l=1e€ckE,

B. Truncation of Vine Copula for Improved Computational
Efficiency

An n-dimensional variable corresponds to a vine copula
with n — 1 layers of trees and in the k-th tree, there are
n — k edges (pair-copulas). The computational cost increases
substantially in high dimensions to construct each tree and
solve parameters for each pair-copula [15]. There, truncation
is needed for high-dimensional vine copulas to release the
computational burden.
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For vine copula truncation, let A denote the truncation level.
The basic idea is to simplify all higher-order trees above
level \ by replacing their pair-copula terms with independence
copulas [16], since in practice the conditional dependencies
among them tend to be very weak. The AIC gain is computed
with different truncation levels to obtain a principled reference
for determining an appropriate truncation depth [16]. The
formulation of AIC gain for a truncation level ) is:

AAIC(N\) = AIC(A+1) — AIC(N) 5

= —2 Aloglik + 2 A7ﬂbparameters ®)

where Aloglik denotes the information reward from increas-

ing one layer, and Anpuameers denotes the penalty from

increasing new parameters. If AAIC()\) < 0, the reward from

adding a layer exceeds the penalty, which indicates that the

added layer improves the model and should be retained. Oth-

erwise, once the AIC gain becomes positive, adding another

layer is not worth it and the vine should be truncated at the
current level A.

In summary, the procedure of determining A is as follows.

o Step 1: Start with A = 1 and fit a truncated R-vine copula;

o Step 2: Increase A by one and compute the AIC gain
AAIC(N).

o Step 3: If AAIC(N\) > 0, truncate the vine at level .
Otherwise if AAIC()\) < 0, return to Step 2.

C. Marginal Distribution Fitting

This section explains how marginal distributions can be
estimated from given quantile values. Suppose we have a set
X that is composed of target quantiles Tp,, Zp,,..., Tp,.»
together with a corresponding set P with percentiles pi, p2,
..., Pm. For example, x1q9 is the quantile of 10%. We aim to
find parameter vector 0 of the marginal distribution such that
its theoretical quantiles match the target quantiles as closely
as possible. Then, the general mathematical formulation of the

objective is:
min J(0) = F~Y(p;0 _33¢2
o ( ) piep%:pie;(( (pi; 0) P ) ©

s.t. 0 c 0o,
where F~1(p;;0) is the inverse CDF; © is the feasible
parameter domain.

Wind power output is generally considered following the
Weibull distribution [17], whose inverse CDF of the Weibull
distribution is given by:

FY(pia,l,s) =1+ s[—1In(1 — p)]/. (7
where a, [, and s are the parameters of the Weibull distribution,
which determine its shape, location, and scale, respectively.
Therefore, to fit a Weibull-based marginal distribution, the

model is: )
min Z (l + s[—In(1 — pi)]l/a _ $p4)
a,l,s )
’ Pi€P,xp, €X 3
st. a>0, s>0

Since solar power output is generally considered to follow
Beta distribution [18], [19], the inverse CDF of the Beta
distribution is denoted as B~1(p;a®,bP), whose domain is
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naturally [0, 1]. Then, the mathematical model for fitting a
Beta-based marginal distribution is:

Z (Bil(pi;aB7bB)_xpz)2
PiEP, Ty, €X )
st. a®>0,08>0
where the parameters o and b? respectively control the shape
of the distribution near 0 and 1, determining its skewness and
concentration. A larger a® causes the distribution to skew
toward 1, whereas a larger bE causes it to skew toward 0.

min
aB ,bB

D. Wind and Solar Power Scenario Generation

As an enhanced coverage of sampling space enables the
generated scenarios to account for a wider spectrum of poten-
tial risks, the Latin Hypercube Sampling (LHS) is adopted as
the initial sampling strategy. It guarantees stratified sampling
in every dimension, leading to a uniform exploration of the
N¢g-dimensional unit hypercube. D, samples are generated
by LHS, denoted as {uj,ua,...,up,}, where each sample
u; is an Ng-dimensional vector.

These uniform samples are then transformed into dependent
samples that follow the joint distribution encoded by the vine
copula through the inverse Rosenblatt transform:

Untln—j.j] = F 7 (Ut g) | spn—j1,5-11 - - targo,0))

(10)
where v is the correlated sample, whose dependence structure
is determined by the R-vine copula; F~!(-,-) denotes the
conditional inverse CDF of the corresponding pair-copula
(conditional inverse CDF); M denotes the R-vine structure
matrix, which determines the variable generation order and
the conditioning sets of each variable, and M|[d — j, j] is the
position of the variable currently being generated in the struc-
ture matrix; the conditioning set ups[n—j—1,j—1], - - - » Ua[0,0] 1S
the set of preceding variables determined by the corresponding
row and column of the structure matrix.

Finally, the samples x; in the physical domain are obtained
by applying the inverse marginal CDFs, which are obtained in
the section II.C, to the copula-domain samples v;, i.e.:

X; = Fzﬁl(Vi)

7

(1)

III. EXPERIMENT RESULTS

The performances of the proposed method are evaluated
using real historical data from ISO New England, which
includes 37 wind units and 62 solar units. The percentiles
provided by the forecasting department consist of P10, P50,
and P90, with a 36-hour forecasting horizon. They are used
to fit the marginal distributions of each unit. The horizon for
scenario generation is also 36-hour.

For comparison, the performance of the proposed method is
evaluated against that of a multivariate Gaussian copula—based
scenario generation approach. Here, a brief introduction to
the principle of scenario generation based on the multivari-
ate Gaussian copula is given. Gaussian copula models the
dependency structure of random variables via multivariate
normal distribution. It shows an advantage when modeling
high dimensional distributions with less computational burden,
but lacks support for capturing tail dependence. Gaussian
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copula can be fully specified by the correlation matrix R €
[—1,1]™*™, and the Gaussian copula with parameter matrix R
can be written as C§(u) = @ (F "(u1),..., F; H(un))
where @R is the joint cumulative distribution function of a
multivariate normal distribution; u; is the cumulative proba-
bility under marginal distribution F;;. With original data matrix
X, Z follows a standard normal distribution and can be
obtained via Z;,(t) = @71 (F;(X;,m(t))) and the correla-
tion structure among different units is preserved. Then, the
correlation matrix can be computed for Z using the Pearson
correlation method.

The LHS samples are then transformed into independent
standard normal samples by applying the inverse cumulative
distribution function of the multivariate standard normal distri-
bution, i.e., z; = F !(u;). Next, correlations among the sam-
ples are introduced through the Cholesky decomposition R,
R = CCT. The correlated Gaussian samples can be obtained
by Z. = C"Z. Finally, with inverse marginal distributions,
samples in the physical domain are obtained.

A. Truncation Selection for Vine Copula

In the ISO New England case, there are 99 units multiplied
by 36 time steps, resulting in 3564 random variables. This
high dimensionality implies that truncation is required for the
vine copula.

First, the truncation-level is selected and illustrated based on
the principle proposed in Section II. The variation of AIC gain
with respect to the truncation level A is shown in Fig. 1. It can
be found that the AIC gain increases rapidly at the beginning
and then starts to level off and changes its sign when A reaches
around 26. As discussed in Section II, an AIC gain below zero
indicates that adding one more tree to the vine model provides
considerable improvement in goodness of fit than the penalty
introduced by the additional parameters. However, once the
AIC gain becomes positive, the benefit of adding a new tree
is no longer sufficient to compensate for the increased model
complexity. Therefore, the truncation level A should be set to
26 according to Fig. 1.

Then, to further examine whether the chosen truncation level
is justified, we computed the Kendall’s 7 values of all pair-
copulas in the full R-vine and analyzed their variations across
tree levels. Kendall’s 7 summarizes the strength of pairwise
dependence implied by each pair-copula. As illustrated in Fig.
2, Kendall’s 7 exhibits a pronounced decay as the tree level
increases. The first 26 trees include a substantial number of
pairs with || > 0.1, reflecting appreciable dependence. In
contrast, nearly all pair-copulas beyond tree 26 exhibit |7
values below 0.1 and tend to be close to 0.05. This indicates
that the corresponding higher-order conditional dependencies
are of negligible magnitude. Since the truncated vine copula
coincides exactly with the full vine copula up to selected
truncation tree level, truncating the vine at level 26 effectively
preserves the essential dependence structure while excluding
only very weak and statistically insignificant pair-copulas.

Compared with the theoretical requirement of 3563 trees
for a full vine copula, a truncation level of 26 results in a
relatively small vine copula. This indicates that the correlations
among many of the 99 units are not strong. This observation
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Fig. 1: AIC gains vary with truncation level.
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Fig. 2: Decay of dependence strength by tree level.

is consistent with the physical fact that these 99 units are
geographically dispersed across different regions of ISO New
England, with some located far apart from each other. In
the next subsection, we will compare the performance of the
truncated vine copula with the Gaussian copula.

B. Comparison of Scenarios Generated by Truncated Vine and
Multivariate Gaussian Copula

This section provides a performance comparison between
vine-copula—based and Gaussian-copula—based scenario gen-
eration. Wind unit 1 and wind unit 2 are two nearby wind
units, which means the two adjacent wind units should ex-
hibit a strong upper tail dependence. Figs. 3 (a) and (b)
present the vine copula—generated and multivariate Gaussian
copula—generated scenario samples, respectively. The upper-
tail dependence coefficient A\y;(q) = P(Uy > ¢ | Uy > q) is
also computed to quantitatively assess tail dependence, where
U; and Us denote the samples of the two units in the copula
space, and ¢ € (0,1) is a high quantile threshold. Here, ¢ is
set to 0.95, 0.97, and 0.99. The values of Ay corresponding
to the two methods are also annotated in Fig. 3.

As shown in the red box of Fig.3 (a), the vine copula
successfully captures this upper tail dependence, with the
generated samples being more concentrated in the high-power
region. And Ay are typically larger than 0.8 and gradually
approach 1 as ¢ increases toward 1. This means when one
unit produces high power, the other tends to generate high
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power simultaneously. In contrast, the Gaussian copula, as
shown in the red box of Fig. 3 (b), produces samples that are
more scattered across the space, and yields relatively small
Ay which further decrease as ¢ increases. This means it does
not adequately reflect the tail-dependent characteristics. This
is because the Gaussian copula assumes linear correlation
and cannot represent joint extreme behavior in the tails. This
observation further confirms that the vine copula offers greater
flexibility and accuracy in modeling nonlinear dependencies
and tail characteristics of wind power outputs, enabling the
generation of more physically realistic and statistically con-
sistent scenarios. They serve as more reliable inputs for
subsequent system analysis and optimization.

1.0 1.0
Ao.os = 0.82 ! . Aogs = 0.75
ooy = 0.86 1o Ge. ooy = 0.67 *
084 ggo = 0.96 o298 08

Ao99 = 0.51

0.6

Wind Unit 2
Wind Unit 2

0.
1.0 0.0 02 04 0.6 08 1.0
Wind Unit 1

Wind Unit 1

(a) Vine copula (b) Gaussian copula

Fig. 3: Comparison of vine copula and Gaussian copula.

Taking 1000 scenarios as an example, we further illustrate
the generated results for the two nearby wind units using
Vine and Gaussian copulas in Fig. 4. It can be seen that the
generated scenarios generally follow the forecast trend, but
exhibit a wider variety of variation patterns. This provides
us with insights regarding uncertainty characteristics such as
ramping and output spread.

Scenarios Scenarios

-=- P10 3 ---- Pl0
Ps0 P50

--- P90 - P90

Hour Hour

(a) Wind unit 3 (b) Wind unit 4
Fig. 4: Generated time-series power output scenarios for two units.

IV. CONCLUSION

This paper proposes a scenario generation framework based
on truncated R-vine copulas. The R-vine structure is used to
model the spatiotemporal dependence of wind and solar power.
The proposed method addresses the practical challenge of high
dimensionality by truncating higher-order trees, thereby sig-
nificantly reducing computational burden without sacrificing
essential dependence structure. Results obtained using real
data from ISO New England demonstrate that the truncated
R-vine copula preserves the representation of the dependence
compared with the full-vine. It also outperforms the Gaussian
copula, particularly in capturing tail dependence. Overall, the
approach provides a realistic and computationally efficient tool
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for uncertainty modeling. Future work will be extending the
proposed approach for robust risk analysis and operational
decision-making in systems with high renewable penetration.
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