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Abstract— High renewable energy penetration introduces
significant uncertainty and reduces system inertia, making
modern power systems more vulnerable to transient instability
during disturbances. Conventional stability assessment methods
focus on global system behavior and often fail to capture localized
nonlinear responses that critically affect voltage and frequency
recovery. In this study, a Stochastic Spectral Embedding (SSE)
based framework is adopted to predict voltage minima in
renewable-integrated power systems under dynamic disturbances.
The method embeds stochastic variations of renewable generation
into a reduced-order dynamic space, enabling efficient and
accurate estimation of voltage minima under different fault
scenarios. The proposed approach is validated on the IEEE 39 bus
test system augmented with six wind turbine generators.
Simulation results demonstrate that SSE effectively captures both
global and localized transient behaviors of bus voltage while
significantly reducing computational effort, offering a robust and
scalable tool for voltage stability assessment in renewable-
dominated grids.
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I. INTRODUCTION

The increasing integration of variable renewable energy
sources (VREs) such as wind and solar into modern power
systems has introduced significant operational uncertainties due
to their intermittent and non-synchronous nature [1]. Moreover,
these uncertainties are not merely independent variations but
exhibit significant spatial and temporal correlations, particularly
among wind and solar power generation sites[2], [3]. Unlike
conventional synchronous generation, renewable-based systems
contribute little or no inertia, leading to reduced system damping
and making the grid more vulnerable to transient instability,
which may result in under-voltage load shedding (UVLS) or
under-frequency load shedding (UFLS) during disturbances[4],
[5]. Consequently, predicting the dynamic voltage response and
stability margin of such low-inertia networks with limited VAR
control has become a critical challenge for reliable grid
operation.

State-of-the-art uncertainty quantification techniques such
as Monte Carlo Simulation (MCS) [6], [7] capture stochastic
variability through repeated sampling-based simulations.
However, MCS methods are computationally intensive, show
slow convergence and rely heavily on accurate assumptions of
input probability distributions while facing difficulties in
modeling nonlinear correlations among multiple random
variables [8], [9]. In contrast, Polynomial Chaos Expansion
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(PCE) frameworks [10], [11], [12], [13], including Sparse PCE
[11], [14], [15], and adaptive PCE variants [16], [17], provide a
more efficient alternative by expressing system responses as
orthogonal polynomial functions of uncertain inputs, allowing
fast and accurate propagation of parametric uncertainties in
renewable-integrated systems. While PCE provides an efficient
framework for representing global stochastic dependencies, its
global polynomial basis often lacks the flexibility to capture
localized nonlinear dynamics that arise during transient events,
such as abrupt voltage depressions or rapid rotor angle
oscillations occurring at specific network buses [18]. GP-based
surrogate models such as the Parallel Partial Gaussian Process
[19] have been proposed for large-scale probabilistic transient
stability assessment, offering data-driven modeling with well-
calibrated confidence intervals and reduced complexity through
shared isotropic kernel parameters. However, the reliance on a
single isotropic covariance structure may limit its ability to
resolve localized nonlinear features in transient voltage
dynamics under increasing VRE penetration. These
conventional  approaches  either =~ demand  extensive
computational resources or exhibit limitations in capturing the
nonlinear, high-dimensional interactions between renewable
variability and localized system dynamics.

To address these limitations, this study proposes a SSE-
based [20] framework that captures both global and localized
response characteristics of renewable-integrated power systems.
While SSE been employed to probabilistic optimal power flow
assessment [21], its application to dynamic stability assessment
under renewable uncertainty remains unexplored. The proposed
SSE model embeds uncertain renewable generation directly into
the dynamic state space, allowing for accurate estimation of
voltage dips across diverse fault scenarios. Applied to the IEEE
39-bus test system, the approach demonstrates enhanced
accuracy and computational efficiency compared to
conventional global surrogate models, owing to its adaptive
refinement around critical dynamic regions.

II. STOCHASTIC SPECTRAL EMBEDDING BASED VOLTAGE
MINIMA PREDICTION FOR UVLS ANLYSIS

A. Stochastic Spectral Embedding (SSE)

SSE [20] is an adaptive surrogate modeling framework that
combines global spectral representations with localized
refinements, thereby enabling accurate approximation of
complex, nonlinear, or localized system responses. Unlike
classical global methods such as PCE, which may require
prohibitively large polynomial degrees to capture localized
features, SSE recursively partitions the input space into



subdomains (Fig. 1 (left)) and embeds local residual expansions,
balancing global accuracy with local adaptability. Formally,
consider a computational model

Y=MX) = Z::lcjl/)j(x) ) X~ fx(x) (1)

where M (-)is the model response and fy(x) is the joint input
probability density. In the Hilbert space of square-integrable
random variables, M(X) admits a PCE spectral expansion, i; is
an orthonormal polynomial basis and ¢; are the corresponding
coefficients. In practice, the expansion is truncated to

MO = .00 =) et () @
which introduces a residual
R(X) = M(X) — My(X) (3)

The key idea of SSE is to approximate this residual by
recursively constructing local spectral expansions over
subdomains of the input space. At refinement level 1, with
subdomains indexed by p, the model is expressed as
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where 1 sz(X ) is the indicator function of subdomain D, ,, and

’R\é‘p (X) is a truncated spectral expansion of the residual
restricted to that subdomain.
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By recursively embedding residual expansions, SSE
adaptively reduces the local variance of the residual, ensuring
convergence:

Var[R“V(X) « Var[R'(X) (6)

This process yields a piecewise spectral representation that
is continuous within subdomains but may exhibit small
discontinuities at partition boundaries. The method inherits the
fast convergence of spectral expansions while adaptively
refining regions of high complexity.

B. Undervoltage Load Shedding (UVLS)

The primary objective of voltage dip prediction using SSE is
to support decision-making in UVLS schemes. UVLS[22] is a
corrective control mechanism designed to arrest voltage
instability by selectively shedding load in response to severe
voltage depressions. It acts as the last defense against voltage
collapse when primary and secondary reactive support or control
actions are insufficient. Voltage instability typically manifests
when the system operating point approaches the nose point of
the P-V curve, beyond which no stable equilibrium exists.
Under normal operating conditions at Point 1, the system
exhibits an adequate voltage stability margin, as illustrated in
Fig. 1(right). Following a contingency event, the network
topology changes, shifting the operating point to Point 2, which
lies much closer to the maximum loading condition or saddle-
node bifurcation point.

In this state, the system operates with a significantly reduced
stability margin, increasing the risk of voltage collapse if no
corrective action is taken. To maintain secure operation, the grid
must transition rapidly to a new stable point. This is achieved by
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curtailing the system load from P, (Point 1) to P, —
APgp.q(Point 3), ensuring that the minimum predefined stability
margin (A,,;,) is restored [23]. The objective of UVLS is to
determine optimal shedding amounts to restore stability:

L
OF =min () (CPunea) Q)
=
subject to,
V;pOSt(Pfhed) > Vth_Vi S Bcritical (8)
0< P <pl,Vie L )

Here, V;, is the minimum acceptable bus voltage (e.g., 0.9
p.u.), and Briricar 18 the set of critical buses identified based on
contingency analysis. This is essentially a constrained
optimization problem that seeks the minimal load shedding to
maintain voltage stability. In practice, UVLS is implemented

through multi-stage relays with predefined voltage
thresholds Vi, and time delays Ty :
(k) ;
APLJi(t) — {APL,i ) lflVll < Vth,kitZTk (10)
0, otherwise

Accurate prediction of post-fault voltage minima is essential for
UVLS coordination, as it determines whether voltage thresholds
Vinx Will be violated and, consequently, whether load shedding
will be triggered. The SSE framework developed in Section II-
C enables rapid probabilistic assessment of voltage dips,
providing operators with risk-informed insights for UVLS
threshold tuning and false-trigger prevention
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Fig. 1. Partition physical space of a two variable approximation using SSE (left)
and Power Voltage Profile (right).

C. Voltage Dip Prediction Using SSE

High penetration of VREs introduces spatially dispersed and
intermittently fluctuating power injections, which alter the local
reactive power balance and voltage support characteristics at
individual buses. As a result, during network disturbances, local
bus voltages experience pronounced transient depression
(voltage dip), with their recovery largely dictated by the strength
of nearby feeders, converter control responses, and network
coupling effects. This phenomenon poses critical challenges for
maintaining voltage stability and can trigger UVLS schemes if
the post-fault voltage recovery is insufficient[24], [25].

In this study, SSE [20] is adopted as a surrogate modeling
framework to efficiently predict the minimum voltage
magnitude V,,;,, during a disturbance. The model treats the level
of renewable generation as a random variable to capture its
stochastic influence on voltage dynamics. Mathematically, the
renewable generation capacity is expressed as a random input

vector



The corresponding system response, represented by the
minimum bus voltage during the dynamic simulation, is
denoted as

Y = Vinin(6) (12)

which is a nonlinear mapping from the uncertain renewable
injections to the voltage dip outcome.

Using a set of training samples {91, Vinin, L} obtained from

dynamic simulations, the SSE constructs a reduced dimensional
surrogate model. This surrogate enables rapid evaluation of the
voltage dip for varying renewable generation scenarios without
the need for repeated time-domain simulations. By statistically
characterizing V,,,;,, one can estimate voltage dip probability
distributions, expected voltage depression severity, and risk
thresholds for UVLS activation.

Unlike conventional uncertainty modeling approaches that
impose a priori assumptions of parametric distributions (e.g.,
Gaussian, Normal, or Log-Normal) for stochastic inputs, this
study adopts a non-parametric Kernel Density Estimation
(KDE)[26], [27] framework to construct the probability density
functions (PDFs) of renewable generation directly from
empirical data. KDE provides a data-driven estimation of the
underlying stochastic structure without constraining it to a
predefined functional form, thereby capturing multimodality,
skewness, and heavy-tailed characteristics inherent in real-world
renewable power outputs.

For partitioning strategy, we have used Sobol’-index-
based[28] partitioning, where each subdomain is split along the
input direction that contributes most to the local output variance.
This is determined by evaluating the first-order Sobol’ indices
of the local residual expansion Rj(X). Mathematically, the
Sobol’ index for variable X; is defined as:

Vii
— (13)
Var[R{X)]
where V,;is the partial variance associated with input variable
X;, given by

i = [ (B [RE0O] = BIRECOD F oo (14)

Here, Ex_,[-] denotes the conditional expectation with
respect to all input variables except X; and fx, (x;) is the
marginal probability density function of X; .The subdomain is

then divided into two equal-probability regions along the
direction

Ski =

dj = arg, max Sy (15)
At each refinement level, the algorithm checks whether
every subdomain D*P contains enough samples to support a new
local expansion. If the number of samples |X1‘p| in a subdomain
is less than the predefined threshold N,;,, that subdomain is
marked as terminal and excluded from further partitioning[20].
The refinement process continues iteratively until all remaining
subdomains satisfy this condition, yielding the final maximum
level:
L = min{l: [X,| < Nypin} — 1 (16)
The complete procedure for constructing the surrogate
model is summarized in Algorithm 1.
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Algorithm 1: SSE Algorithm for Voltage Dip Surrogate Model
Input: Training data (X, me) maximum refinement level L.

Output: Surrogate Model V,,,,,
1: Initialization:

l<0,pe1
DI} « Dy
Rl(X) « Vmin
2: whilel < Ldo
3: for each subdomain D){(l‘p}, =1,..,p do

Compute truncated spectral expansion R-P(X%P)
of the residual R'(X"?) the current subdomain

5 Update RM1(X'P) « RY(X'P) — RZP(XP)

6: Split Dy? into two new subdomains Dot 12}
7: end for

8: l<l+1

9: end while

10: construct surrogate

_ L Py 1
Vmin(X) - zl=0 zpzl 1Dl,p (X) R Sp(X)

III. CASE STUDY

This study adopts the IEEE 39-bus (Fig.2) system
framework incorporating six wind turbine generators (WTGs)
whose power outputs are modulated with a correlation factor of
0.5 adopting the framework from [13]. Initially, correlated one
thousand WT generation samples are synthesized based on a
predefined correlation structure. In this transformed space, K-
Means clustering[29], [30] is applied to each dimension (i.e.,
each WTGQG) to extract statistically significant centroids, which
serve as training points for SSE construction. With the samples,
dynamic time-domain simulations were performed in PSS®E to
analyze the transient response of the system under different fault
conditions. Three independent disturbance scenarios were
simulated to evaluate the system’s transient behavior. In the first
case, a generator trip was applied at Bus 31 after 1.0s of dynamic
simulation. In the second case, a temporary three-phase fault
was introduced on the line between Buses 12 and 13 at t=1.0 s
and cleared after 0.1s. In the third case, a three-phase bus fault
was applied at Bus 7 at t = 1s and cleared after 0.1s. Following
fault clearance or generator disconnection, the system response
was simulated up to t =10 s to capture post-disturbance
recovery behavior.

Under a 40% renewable penetration scenario, stochastic
perturbations were applied to both active and reactive load
profiles across all buses to represent uncertainties in system
dynamics. The load demands were varied by uniformly
distributed random factors within £10% of their nominal values
to represent realistic variability. These perturbations were
independently sampled for each dynamic simulation, emulating
natural fluctuations arising from modeling inaccuracies,
forecasting errors, and stochastic consumer behavior. For each
fault scenario, an independent SSE surrogate model is
constructed with inputs X = [PV(VlT), e Vf,?] and output Y =
Vnin at the monitored bus, capturing the uncertainty propagation
of VREs on transient voltage dip characteristics. For the



accuracy index, the average root mean square (ARMS) error is
calculated.

Fig. 2. IEEE-39 bus system with six wind turbine generators.

\[Zli\i1(FSSE,i - FMCS,i)Z
ARMS = 7

where Fggp; and Fy s, are the i value of the CDF curve of

SSE approximation and MCS results respectively. M is the

specific interval points to analyze cumulative probabilities

within certain ranges.

(17)

TABLE I
COMPARISON OF PERFORMANCE METRICS OF DIFFERENT METHODOLOGIES
FOR VOLTAGE MINIMA PREDICTION AT BUS 32 FOLLOWING A SYNCHRONOUS

sample range, whereas PCE exhibits notable deviations at the
distribution extremes. Additionally, the narrower prediction
error distribution (Fig. 4) of SSE demonstrates higher
consistency and reduced uncertainty across stochastic
realizations.
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Fig. 4. Comparison of prediction error distributions (left) and sorted scatter plot
(right) of voltage minima at Bus 32 obtained using different methodologies

following a synchronous machine trip at Bus 31.
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Fig. 5. PDF (left) and sorted scatter plot (right) comparison of voltage minima
at Bus 32 obtained using different methodologies following a three-phase fault

between Buses 12 and 13.
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Method Mean Std Dev ARMS Error (%)
MCS 0.9058 0.0035 -
SSE 0.9056 0.0033 2.7499
PCE 0.9051 0.0017 9.2289
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Fig. 3. PDF (left) and CDF (right) comparison of voltage minima at Bus 32
obtained using different methodologies following a synchronous machine trip
at Bus 31.
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TABLE I
ARMS ERROR (%) COMPARISON OF SURROGATE METHODOLOGIES ACROSS
DIFFERENT FAULT SCENARIOS

Method Machine Trip | Three Phase Fault Bus Fault
SSE 2.7499 1.9342 3.3598
PCE 9.2289 9.2798 10.6381

The voltage minima at Bus 32 were evaluated using both
SSE and PCE under three disturbance scenarios: generator trip,
line fault, and bus fault. As shown in Tables I-II, SSE
consistently achieved lower ARMS errors than PCE across all
fault types. The PDF and CDF comparisons (Figs. 3, 5, 6) reveal
that SSE more accurately captures the tail behavior and localized
features of the voltage distribution, particularly in regions where
PCE's global polynomial basis over-smooths sharp probabilistic
transitions. The sorted scatter plots further confirm that SSE
predictions closely track the MCS reference across the entire
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Fig. 6. PDF (left) and CDF (right) comparison of voltage minima at Bus 32
obtained using different methodologies following a three-phase fault at Bus 7.

To assess the robustness of SSE across varying renewable
integration levels, an additional case study was conducted with
VRE penetration varied from 20% to 50%, where voltage
minima were captured at Bus 35 following a synchronous
machine trip at Bus 33. As summarized in Table III, SSE
consistently achieved lower ARMS errors than PCE across all
scenarios. Notably, the accuracy gap widens with increasing
penetration, as the growing complexity of localized voltage
dynamics exceeds the representational capacity of PCE's global
polynomial basis, whereas SSE's adaptive subdomain
refinement preserves fidelity to these nonlinear transient
responses

g

TABLE III
ARMS ERROR (%) COMPARISON OF METHODS FOR VOLTAGE MINIMA
PREDICTION AT BUS 35 ACROSS VARYING VRE PENETRATION LEVELS
FOLLOWING A SYNCHRONOUS MACHINE TRIP AT BUS 33

Method 20% 30% 40% 50%
SSE .2786 1.5276 3.7728 4.1348
PCE 4.8194 5.0590 9.5162 11.6538

All simulations were executed on a workstation equipped
with a 13th Gen Intel® Core™ 19-13900 processor (2.0 GHz, 32
GB RAM) operating in a 64-bit environment. The average



computational times recorded for the same number of samples
were 15.2s for SSE, 1.1s for PCE, and 840s for MCS. Although
SSE requires slightly more time than PCE due to its recursive
subdomain refinement, this marginal overhead is justified by its
substantially higher accuracy and remains negligible compared
to MCS.

IV. CONCLUSION

This study presents an SSE-based surrogate framework for
probabilistic voltage dip prediction in renewable-integrated
power systems. The method constructs localized spectral
representations  through  Sobol'-index-guided subdomain
refinement, isolating dominant uncertainty directions and
resolving nonlinear interactions that global methods fail to
capture. Comparative evaluations across multiple fault scenarios
and VRE penetration levels demonstrate that SSE consistently
outperforms PCE in approximation accuracy, with the
advantage becoming more pronounced at higher penetration
levels. By providing accurate probabilistic estimates of post-
fault voltage minima, the framework enables reliable
identification of buses at risk of threshold violations, supporting
optimal UVLS relay threshold tuning, minimizing unnecessary
load curtailment, and reducing false-trigger events. These results
confirm that SSE offers a scalable and accurate framework for
transient voltage stability assessment and risk-informed UVLS
coordination in renewable-dominated grids. At the same time,
SSE incurs higher computational cost due to recursive
subdomain refinement and remains susceptible to the curse of
dimensionality as the number of stochastic inputs increases,
potentially limiting its scalability to very high-dimensional
uncertainty spaces.
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