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Abstract

Voltage security assessment is increasingly challenged by stochastic demand growth and
localized stress patterns that are not well represented by deterministic, single-snapshot
analyses. This paper proposes a fully steady-state probabilistic stress-testing framework
based on Monte Carlo simulation and Newton–Raphson AC power flow, jointly evaluating
the minimum bus voltage magnitude Vmin (voltage-floor adequacy) and the scenario
maximum Fast Voltage Stability Index FVSImax (worst-case line stress). Stress is injected
selectively on screened weak buses by sampling a random stress footprint and intensity
across three progressive levels (L1–L3), while preserving the local power factor. The
approach is demonstrated on IEEE 14-, 30-, and 118-bus benchmark systems using N = 2000
realizations per level, with 100% convergence across all cases. Across all systems, results
show a consistent, monotone degradation of the voltage floor and a systematic increase
in violation risk as stress intensifies. For the IEEE 14 system, the voltage-risk profile
escalates rapidly, with P(Vmin < 0.90) rising from 0.16 (L1) to 0.54 (L3), while the worst-
case FVSI tail strengthens markedly (p95 increasing from 0.1455 to 0.2081), indicating a
growing likelihood of severe voltage-stress events. In contrast, the IEEE 30 and IEEE 118
systems exhibit milder shifts in central voltage levels but maintain substantial exposure
relative to the 0.95 pu planning threshold, with P(Vmin < 0.95) reaching 0.79 and 0.74 at
L3, respectively. Beyond risk magnitudes, the framework reveals a nontrivial structural
phenomenon in worst-case line stress: as system size increases, stochastic stress outcomes
become increasingly concentrated into a small number of dominant transmission corridors.
Recurrence analysis at the highest stress level shows fragmented criticality in IEEE 14
(Top-3 lines sharing criticality), near-total dominance by a single corridor in IEEE 30
(>92% of cases), and complete dominance collapse in IEEE 118 (one corridor governing
100% of FVSImax events). These results demonstrate that probabilistic stress-testing can
simultaneously quantify voltage-risk escalation and expose hidden structural bottlenecks
that remain invisible under deterministic screening, providing a scalable diagnostic tool for
planning-stage monitoring and reinforcement prioritization.

Keywords: probabilistic voltage stability; stochastic stress-testing; Fast Voltage Stability
Index (FVSI); voltage security assessment; transmission system analysis; Monte Carlo
power flow; structural vulnerability

1. Introduction
Voltage security continues to be a fundamental operational concern in modern trans-

mission systems, where increasing demand variability, geographically clustered load
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growth, and tighter operating margins can push networks closer to voltage-limit conditions.
While deterministic studies provide valuable pointwise insights, real-world operation is
inherently uncertain: load levels fluctuate continuously, stress is rarely uniform across
the grid, and vulnerability can manifest through a distribution of operating points rather
than a single “worst” snapshot. For planning and operational screening, this motivates
assessment approaches that quantify how voltage security degrades probabilistically under
plausible stochastic demand stress, not only whether a single operating point is secure.

Classical voltage stability assessment is often performed using steady-state AC power
flow complemented by stability indices, with the Fast Voltage Stability Index (FVSI) among
the most widely used line-based indicators. FVSI provides a compact proxy for proximity
to voltage instability mechanisms associated with reactive power stress along transmission
corridors, whereas bus-voltage criteria quantify the immediate adequacy of the voltage
profile. However, these two perspectives are frequently treated separately: (i) voltage-
floor analysis focuses on minimum bus voltage magnitudes and violation rates relative
to planning thresholds, while (ii) line-based stability screening focuses on identifying
critical corridors by the maximum index value under a given operating point. In uncertain
environments, a unified treatment is needed to characterize both the probabilistic erosion
of the voltage floor and the probabilistic behavior of worst-case line stress.

In particular, FVSI is a severity proxy that increases as reactive loading at the receiving
end of a corridor grows relative to the voltage support at the sending end. In stochastic
studies, different realizations may activate different stressed corridors; therefore, this
paper summarizes line-wise behavior through the scenario maximum FVSImax, which
consistently captures the worst stressed transmission corridor in each realization and enables
recurrence-based dominance analysis across Monte Carlo trials.

A key practical difficulty is that stochastic demand stress is not purely system-wide or
homogeneous. In many systems, voltage weakness is driven by localized or correlated load
growth concentrated at buses that are structurally weak (e.g., electrically remote buses,
heavily loaded areas, or buses exhibiting low base-case voltage). Therefore, probabilistic
voltage-security assessment should reflect two realities: (i) stress tends to concentrate on a
subset of vulnerable buses, and (ii) the number of simultaneously stressed buses and the
intensity of stress vary from realization to realization. This demands a modeling design
that is both interpretable and reproducible, while remaining computationally tractable for
multiple benchmark networks.

Definition (voltage stress). In this paper, voltage stress denotes the steady-state degra-
dation of voltage security induced by demand growth, particularly when active and reactive
loading increases are concentrated at electrically weak buses. Under stochastic operating
conditions, voltage stress is evaluated through (i) the erosion of the voltage floor via the
minimum bus voltage magnitude Vmin and (ii) the amplification of corridor-level reactive
stress via line-based severity indicators such as FVSI, summarized at the scenario level
through FVSImax.

To address these needs, this paper proposes a fully steady-state probabilistic stress-
testing framework for voltage-security assessment under stochastic loading. The approach
uses Monte Carlo sampling to generate thousands of perturbed demand realizations per
stress level, solves a Newton–Raphson (NR) AC power flow for each realization, and
evaluates two complementary indicators: the minimum bus voltage magnitude Vmin as a
voltage-floor metric, and the scenario maximum FVSI FVSImax as a worst-case line stress
metric. Stress is injected selectively on a screened set of weak buses, and each realization
samples both (i) a random stress footprint (how many weak buses are simultaneously
perturbed) and (ii) a random stress intensity factor, preserving the local power factor by
scaling Pd and Qd consistently. By repeating this process at progressively intensified stress
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levels (L1–L3), the framework enables controlled cross-level comparisons while maintaining
a consistent stochastic structure across systems.

The proposed methodology is applied to IEEE 14-, 30-, and 118-bus benchmark systems
to examine how voltage-security degradation scales with network size and redundancy.
Results are reported using empirical probability density functions (PDFs), cross-level
empirical CDF (ECDF) overlays, percentile summaries, and operational risk metrics such
as P(Vmin < τ) for a planning-relevant threshold τ. In addition, the recurrence of the
line achieving FVSImax is tracked to reveal whether worst-case voltage-stress outcomes
are structurally dispersed across multiple corridors or concentrated into a small set of
dominant bottlenecks as stress increases.

The main contributions of this paper are summarized as follows:

• A reproducible Monte Carlo stress-testing framework for probabilistic voltage-security
assessment under stochastic loading, implemented with NR AC power flow and
consistent multi-level stress design (L1–L3).

• A unified dual-metric evaluation strategy combining a voltage-floor indicator (Vmin)
with a worst-case line stress indicator (FVSImax), enabling simultaneous characteriza-
tion of voltage-profile risk and proximity-to-instability behavior.

• A weak-bus targeted stochastic perturbation model that emulates realistic, localized
stress patterns via random footprint and intensity sampling, while preserving the
local power factor in perturbed buses.

• A distributional reporting and risk-interpretation pipeline based on PDFs, ECDF over-
lays, percentile extraction, and voltage-violation probabilities, supporting rigorous
cross-level and cross-system comparisons.

• A recurrence-based diagnostic of critical-corridor dominance using the line attaining
FVSImax, revealing whether worst-case stress is structurally dispersed or concentrated
across systems and stress levels.

The remainder of the paper is organized as follows. Section 2 reviews related work and
background (to be completed). Section 3 details the proposed probabilistic stress-testing
framework, including stress modeling, power-flow handling, and statistical post-processing.
Section 4 presents the results for IEEE 14-, 30-, and 118-bus systems and provides a cross-
system comparative analysis. Finally, the last section concludes the paper and outlines
directions for further research.

2. Related Work and Background
Voltage stability assessment has been widely investigated through (i) analytical voltage

stability indices (VSIs) for screening weak buses and critical corridors, (ii) index-guided
optimization and control frameworks for stability enhancement, and (iii) probabilistic and
risk-aware methodologies that incorporate uncertainty from load demand and renewable
generation. This section summarizes the most relevant contributions aligned with the scope
of this paper and clarifies the gap addressed by the proposed probabilistic, distributional
stress-testing framework.

2.1. Index-Based Voltage Stability Assessment and Index-Guided Enhancement Frameworks

A substantial stream of research focuses on developing and comparing voltage stabil-
ity indices to improve prediction accuracy and interpretability under stressed operating
conditions. In [1], a Modern Voltage Stability Index (MVSI) is proposed to improve voltage
collapse prediction by partially accounting for line resistance, mitigating the large errors
reported when resistance is neglected in conventional formulations. MVSI is benchmarked
against Lmn, FVSI, LQP, NLSI, VSLI, and NVSI on the IEEE 30-bus system, showing
improved identification of critical lines, weak buses, and reactive power limits prior to
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collapse. A closely related study [1] further reinforces the same conclusion by demon-
strating MVSI’s superior predictive accuracy under multiple loading conditions on the
same benchmark.

Beyond index formulation, several works embed VSIs into optimization frameworks
to enforce voltage security and improve operating performance. In [2], a voltage security-
constrained–optimal power flow (VSC–OPF) formulation is proposed, where voltage
stability criteria are incorporated by minimizing aggregated VSI measures (FVSI, Lmn, and
LVSI). Validation on IEEE 30-, 57-, and 118-bus systems under normal and contingency
conditions shows improved voltage stability margins and reduced losses compared with
conventional cost-oriented OPF. In [3], six indices (VCPI, LVSI, Lmn, FVSI, LQP, and NLSI)
are evaluated within a multiobjective OPF solved by a Multiobjective Mayfly Algorithm
(MOMA), demonstrating that the relative ranking of indices depends on the chosen ob-
jective mix (cost, losses, computation time, and renewable penetration), with VCPI and
NLSI achieving strong performance, while Lmn exhibits weaker outcomes. A broader
comparative OPF study is reported in [4], where five indices (L-index, FVSI, Lmn, LVSI,
and VCPI) are alternately embedded into the OPF objective and solved via improved
particle swarm optimization; results across IEEE 14-, 30-, 57-, and 118-bus systems highlight
index-dependent trade-offs among cost, losses, emissions, and loadability.

Several studies leverage indices as diagnostic triggers for corrective devices and re-
inforcement. In [5], an ANN-based framework trained via the Levenberg–Marquardt
algorithm forecasts voltage instability using VSI features, comparing FVSI and LQP to iden-
tify vulnerable buses and support SVC placement under maximum loadability conditions
on the IEEE 14-bus system. In [6], FVSI is used to identify candidate buses for distributed
generation placement in radial distribution networks, with Whale Optimization Algorithm
(WOA) used for sizing to reduce losses and improve voltage profiles in 15- and 33-bus
test systems. FACTS-oriented placement is investigated in [7], where FVSI and a Power
Stability Index (PSI) are compared for identifying effective device locations in the IEEE
14-bus transmission network; results indicate different performance strengths across loss
components and power flow impacts. Similarly, ref. [8] proposes a contingency-based
FACTS placement strategy to improve voltage stability margin using bus and line criticality
indicators (including FVSI and LQP), and ref. [9] applies FVSI and VCPI to guide coordi-
nated TCSC and SVC placement optimized via PSO, achieving improved voltage profiles
under heavy loading. Collectively, these studies confirm that FVSI and related indices are
widely adopted and effective for severity screening and device-guided mitigation; however,
their primary focus is corrective enhancement (OPF/FACTS/DG), rather than probabilistic
structural diagnostics of voltage-stress behavior under uncertain operating points.

To clarify the positioning of the present work within the broader landscape of steady-
state voltage stability assessment, Table 1 summarizes representative voltage stability
indices (VSIs) commonly reported in the literature. The comparison highlights the type
of indicator, the physical aspect typically captured, their standard applications, and the
main limitations that motivate probabilistic and distributional extensions beyond single-
snapshot screening.
Positioning of the present work. This paper does not propose a new voltage stability
index. Instead, it introduces a probabilistic stress-testing and recurrence-based aggregation
framework that operates on established indices—here, the Fast Voltage Stability Index
(FVSI)—to transform conventional snapshot indicators into distributional risk metrics.
By analyzing the behavior of Vmin and the recurrence of FVSImax across large stochastic en-
sembles, the framework reveals voltage-risk escalation and structurally dominant corridors
that remain hidden under deterministic or single-scenario assessments.
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Table 1. Comparison of representative steady-state voltage stability indices (VSIs), their scope, and
typical limitations reported in the literature.

Index Indicator
Level

Primary Physical
Interpretation Typical Applications Common Limitations

FVSI Line-level

Reactive power stress and
proximity to voltage
instability along a
transmission corridor

Critical-line
identification;
contingency severity
screening

Snapshot-based; local
interpretation; does not
directly quantify global
loadability margin

L-index Bus-level
Voltage collapse proximity
based on network solvability
formulation

Weak-bus identification;
voltage stability
monitoring

Sensitive to modeling
assumptions; lacks line-specific
insight; typically evaluated at a
single operating point

VCPI/VSM-type Bus/line-
level

Voltage collapse or stability
margin proxy derived from
power flow variables

Ranking of weak
elements; incorporation
into OPF constraints

Operating-point dependent;
interpretation varies across
formulations

Lmn/NLSI/LVSI
family Line-level

Line loadability and stress
severity under increasing
demand

Critical line screening;
comparative severity
assessment

Sensitivity to R/X ratio
assumptions; robustness may
degrade under heterogeneous
conditions

CPF margin (PV
curve) System-level

Distance to voltage collapse
(nose point) under
continuation power flow

Benchmarking of
loadability margins;
reference stability
analysis

High computational burden;
limited suitability for
large-scale Monte
Carlo studies

2.2. Probabilistic Voltage Stability Assessment Under Uncertainty

A second stream of literature addresses uncertainty in renewable generation and
load demand through probabilistic modeling and assessment. In [10], probabilistic wind-
speed modeling is evaluated using multiple probability distribution functions and diverse
datasets; the study demonstrates that distributional selection materially affects voltage
profile and stability assessment outcomes, providing practical guidance for stability studies
under wind uncertainty. In [11], a mixed-integer linear programming framework allocates
wind distributed generation in smart distribution grids considering OLTC and power
factor control, using a probabilistic voltage stability index and loss reduction measures,
demonstrating improved stability and reduced losses compared with classical approaches.

Sampling and computational efficiency are central concerns in probabilistic voltage
stability analysis. In [12], multiple probabilistic sampling techniques are evaluated (Monte
Carlo, Markov Chain Monte Carlo, importance sampling, and quasi-Monte Carlo variants
such as Sobol, Halton, and Latin Hypercube), showing that quasi-Monte Carlo approaches
can achieve high accuracy using substantially fewer samples. Correlation-aware modeling
is investigated in [13], where correlated uncertainties in load and renewable integration
are addressed through a theoretically grounded increment direction and a power method
transformation combined with Latin hypercube sampling, yielding accurate and compu-
tationally efficient probabilistic assessment in modified IEEE systems. Complementarily,
ref. [14] proposes a probabilistic framework for steady-state voltage stability margins un-
der uncertainty by combining continuation power flow and three-point estimation, using
statistical expansion for distribution recovery and employing the L-index for weak bus
identification and contingency ranking; validation on IEEE 24- and 118-bus systems shows
close agreement with Monte Carlo baselines and highlights strong dependence on operating
conditions and correlations.

While these works establish mature probabilistic voltage stability methodologies, they
largely emphasize margin estimation, uncertainty modeling, and sampling efficiency, rather
than jointly characterizing voltage-floor risk and worst-case line-stress dominance through
distributional aggregation of Vmin and FVSImax across large stochastic ensembles.
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2.3. Monte Carlo-Based Planning, Security, and Market-Oriented Frameworks

Monte Carlo simulation is also widely used within planning and security frameworks,
where voltage stability interacts with investment, control, and operational objectives. In [15],
a probabilistic optimization framework maximizes hosting capacity in distribution net-
works with renewables, storage, and voltage regulation devices, combining Monte Carlo
simulation with a Snake Optimization Algorithm and demonstrating improved voltage
stability and techno-economic outcomes. Transmission expansion planning under load-side
uncertainty is investigated in [16], where Monte Carlo simulation is integrated with AC
power flow and a metaheuristic solver, using PQVSI to enforce voltage stability feasibility in
a deregulated context. In [17], a two-stage robust optimization approach allocates dynamic
reactive power to enhance voltage security under wind uncertainty, using warm-start linear
power flow approximations and demonstrating improved voltage deviation performance
relative to heuristic strategies. Broader adequacy and security assessment in distribution
networks with distributed generation is studied in [18], combining discrete–continuous sim-
ulation with steady-state AC power flow and dynamic verification of frequency and voltage
stability in islanding conditions. Market-oriented security coordination is addressed in [19],
where stochastic multiobjective day-ahead market clearing integrates security indices and
contingencies using a two-stage Monte Carlo-driven optimization scheme.

These contributions confirm that Monte Carlo analysis is widely adopted in planning
and security applications; however, voltage stability indicators are typically embedded
as constraints or secondary indices within broader optimization workflows, whereas the
present work is explicitly diagnostic and distributional, focusing on probabilistic voltage-
floor erosion and structural dominance of worst-case FVSI corridors.

2.4. Weak-Bus Identification and Voltage-Risk Metrics

Weak-bus identification remains a fundamental diagnostic task, particularly under
emerging stressors such as electrified transportation and renewable-driven variability.
In [20], the impact of electric vehicle fast-charging station placement is assessed on the
IEEE 33-bus system, demonstrating stronger degradation when chargers are installed at
weak buses and introducing a composite VRP index to guide placement decisions. Re-
active power planning guided by weak-location screening is investigated in [21], where
VCPI-based identification supports a voltage-constrained reactive power planning problem
solved via a hybrid Harris Hawk–PSO algorithm on IEEE 57, yielding robust performance
under varying reactive loading. UVLS design also leverages weak-bus screening, as in [22],
where FVSI is used to identify weak buses and a GA–PSO approach optimizes shedding
actions, improving voltage profiles while reducing shedding magnitude and improving
convergence speed. A comprehensive review [23] surveys the broader VSI landscape,
emphasizing their roles in collapse proximity, loadability margins, weak-bus detection,
contingency ranking, and critical branch identification, while noting limitations in compu-
tational burden and applicability.

Risk-aware voltage assessment has further evolved through probabilistic and statisti-
cal frameworks targeting violation likelihood under uncertainty. In [24], voltage violations
and overload mitigation in hybrid AC/DC distribution networks are addressed via proba-
bilistic modeling of complementarity and uncertainty, guiding VSC sizing and placement.
System-level risk aggregation is proposed in [25], which defines voltage violation and
related indicators and combines them through probabilistic modeling and Value-at-Risk
concepts under wind penetration. A CVaR-based planning framework for mitigating
voltage violations and branch overloads under renewable uncertainty is presented in [26],
combining uncertainty modeling and network reconfiguration decisions. In [27], EV charg-
ing uncertainty is modeled probabilistically using real data and multiple distributions, with
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power flow validation confirming the accurate reproduction of voltage violation patterns.
A correlation-aware probabilistic security risk assessment for wind-integrated systems
is proposed in [28], using LHS–Cholesky decomposition and defining static voltage and
overload risk indices validated on a modified New England 39-bus system.

These studies reinforce the importance of voltage-risk quantification under uncer-
tainty, particularly via violation probabilities and risk measures. However, they typically
emphasize voltage magnitude violations and system-level risk aggregation, rather than
recurrence-based dominance of the worst-case line-stress mechanism captured by FVSImax

across large ensembles.

2.5. Contingency-Oriented and Data-Driven Voltage Security Assessment

Contingency analysis remains central to voltage security assessment, particularly
under N−1 reliability requirements and high renewable penetration. In [29], a data-driven
framework predicts contingency severity with and without UPFC using LVSI and machine
learning on large contingency datasets, demonstrating effective severity estimation for IEEE
30. In [30], emergency congestion management is addressed through optimal load shedding
using Grey Wolf Optimizer under normal and N−1 conditions, improving loss, curtailment,
and voltage stability outcomes. In [31], voltage security assessment under large-scale wind
integration is studied using P–V and Q–V analyses under N−1 contingencies together with
remedial action schemes, providing practical ranking and collapse anticipation capabilities
for operators.

Although these contributions emphasize contingency severity assessment and control-
oriented responses, they generally focus on ranking outages or applying corrective actions,
rather than probabilistically characterizing how worst-case stress relocates (or concentrates)
across stochastic operating conditions.

2.6. Statistical Aggregation and Recurrence-Aware Voltage-Stability Analytics

A smaller subset of studies begins to incorporate statistical aggregation of stability
indicators across scenarios, which is conceptually closer to the diagnostic perspective
adopted in this paper. In [32], FVSI statistics are analyzed across base-case and N−1
contingencies to guide DG placement, using frequency-based analysis to identify weak
components and improve voltage profiles and FVSI levels after corrective deployment.
Data-driven contingency ranking and online prediction using neural networks is studied
in [33,34], where dimensionality reduction is achieved via weak-bus feature extraction
and PCA/ICA-based feature engineering combined with clustering, yielding accurate and
computationally efficient contingency ranking in IEEE 30.

These works demonstrate the value of statistical summaries and learning-based pro-
cessing of large scenario sets. However, they remain oriented toward control actions
(DG placement) or online ranking/prediction, rather than a dedicated probabilistic stress-
testing methodology that (i) jointly quantifies voltage-floor risk and worst-case FVSI behav-
ior distributionally, and (ii) explicitly tracks the recurrence of the line achieving FVSImax to
identify dominance concentration and structural bottlenecks.

2.7. Recent Optimization and Metaheuristic Trends Around Voltage Objectives

Recent years have also seen extensive metaheuristic development for OPF and plan-
ning under uncertainty, often including voltage deviation or stability-related terms in
objective functions. Representative examples include optimal placement of capacitor banks
and multi-type DG using an improved Golden Jackal Optimization algorithm [35]; hybrid
DRL–QIGA for OPF under renewable integration [36]; FACTS placement and sizing using
Fata Morgana Algorithm [37]; OPF with renewable uncertainty using Chaotic African
Vultures Optimization [38]; DG planning under correlated uncertainty using Improved
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Beluga Whale Optimization [39]; STATCOM placement via mixed-integer distributed ant
colony optimization [40]; and fuzzy tuned mayfly algorithm for multiobjective problems
incorporating voltage stability objectives [41]. These contributions demonstrate active
methodological innovation in optimization, but their emphasis is typically on solution qual-
ity and computational performance for control/planning problems rather than diagnostic,
distributional characterization of voltage-security degradation.

2.8. Positioning and Gaps Addressed by This Work

The reviewed literature highlights that (i) indices such as FVSI and related VSIs are
widely validated for severity screening and are frequently embedded in OPF, FACTS, DG
planning, and UVLS frameworks [1–9,21–23]; (ii) probabilistic voltage stability assess-
ment is well established, with strong developments in uncertainty modeling, sampling
efficiency, and probabilistic margin estimation [10–14] ; and (iii) Monte Carlo simulation
is broadly used in planning, security, and market contexts, typically as a component
of optimization-driven workflows [15–19,24–28,35–41]. However, despite these advances,
there remains limited work that is explicitly diagnostic and recurrence-aware, jointly quanti-
fying (a) distributional voltage-floor erosion through Vmin and (b) the structural dominance
of worst-case line stress through the recurrence of the corridor attaining FVSImax, under a
consistent stochastic stress protocol across benchmark systems.

Motivated by this gap, the present work proposes a fully steady-state probabilistic
stress-testing framework based on Monte Carlo sampling and Newton–Raphson AC power
flow. By combining ECDF/PDF-driven distributional analysis with voltage-violation risk
metrics and recurrence tracking of the line achieving FVSImax, the approach exposes
structural dominance and dominance-collapse behaviors that can remain invisible to deter-
ministic screening, single-scenario contingency ranking, or optimization-centric studies.

While established indices such as FVSI, L-index, and CPF margins are widely used for
single-snapshot screening and collapse proximity assessment, the contribution of this work
lies in transforming a conventional snapshot indicator (FVSI) into a probabilistic, recurrence-
aware diagnostic through large-ensemble aggregation. The framework jointly reports
voltage-floor risk (Vmin) and worst-corridor dominance (FVSImax recurrence), enabling
structural bottleneck identification under uncertainty without requiring control-oriented
redispatch modeling.

Contributions beyond conventional Monte Carlo power flow. Although Monte
Carlo simulation combined with Newton–Raphson AC power flow is well established,
the contributions of this work lie in how stochastic outcomes are structured, aggregated,
and interpreted. Specifically, the framework (i) injects stochastic stress selectively at weak
buses using randomized footprint and intensity models, (ii) jointly evaluates voltage-
floor adequacy (Vmin) and worst-corridor stress (FVSImax) across large ensembles, and
(iii) introduces recurrence-based dominance analysis to identify transmission corridors that
persistently govern worst-case voltage stress. This persistence-focused, distributional diag-
nostic perspective goes beyond single-snapshot or mean-based Monte Carlo assessments.

3. Methodology
This section describes the proposed probabilistic stress-testing framework used to

quantify voltage-security degradation under stochastic loading. The method is fully steady-
state, relies on Newton–Raphson (NR) power flow for each Monte Carlo realization, and
evaluates two complementary indicators: the minimum bus voltage magnitude Vmin and
the maximum Fast Voltage Stability Index FVSImax. The framework is applied consistently
across IEEE 14-, 30-, and 118-bus benchmark systems and across multiple stress levels
(L1–L3), enabling cross-level and cross-system comparisons.
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3.1. Scope, Inputs, and Outputs

A test system is defined by its bus and line data sets (topology, impedances/admittances,
generator limits, and base loads). For each stress level L ∈ {L1, L2, L3}, the framework
generates N stochastic load realizations. For each realization r, the algorithm:

1. Constructs a perturbed loading condition
{

P(r)
d , Q(r)

d

}
by injecting random demand

increments on a subset of weak buses;
2. Solves the NR power flow and records the convergence status;

3. Computes the scenario metrics V(r)
min and FVSI(r)max (plus the critical line associated with

FVSI(r)max, when needed).

The final outputs per system and stress level include empirical distributions, CDFs,
and risk/percentile summaries of {V(r)

min} and {FVSI(r)max}, computed on converged scenar-
ios only.

3.2. Stress Levels and Weak-Bus Targeting

The proposed stress model targets a subset of buses that are more likely to exhibit
voltage weakness under load growth. In this manuscript,W denotes the set of weak buses,
selected once per system using a deterministic base-case screening criterion (e.g., low-
voltage buses and/or sensitivity-informed ranking from the base solution). The number of
weak buses retained is denoted by mweak = |W|.

The weak-bus setW is selected deterministically from the base-case operating point
using voltage-profile information and system-scaled screening criteria. This choice is
intentional: weak-bus identification is not a contribution of this work, but an input to
the proposed stress-testing framework. The objective is to concentrate stochastic demand
perturbations on buses that are already electrically vulnerable under nominal conditions,
thereby emulating realistic localized stress patterns. While alternative approaches based on
sensitivity indices, modal analysis, or L-index ranking could also be employed, the present
framework is agnostic to the specific weak-bus identification technique and can directly
accommodate such alternatives without modification.

To emulate geographically and operationally plausible stress patterns, each Monte Carlo
realization perturbs a random number of buses n(r)

b drawn from a discrete distribution:

n(r)
b ∼ Categorical({nb}, {πb}), (1)

where {nb} is a small support set (e.g., {1, 2, 3}), and {πb} are the associated probabil-
ities (∑ πb = 1). A subset S (r) ⊆ W with |S (r)| = n(r)

b is sampled uniformly without
replacement fromW .

Stress levels L1–L3 are implemented by progressively increasing the perturbation
intensity distribution (Section 3.3), while keeping the overall stochastic structure (weak-bus
set and bus-count distribution) consistent.

In Equation (1), n(r)
b denotes the number of weak buses simultaneously stressed in realiza-

tion r (stress footprint size). The probabilities πb define the categorical mass function over
the support set {nb}, i.e., πb = P(n(r)

b = nb) and ∑ πb = 1. After drawing n(r)
b , the stressed

subset S (r) is sampled uniformly without replacement fromW .
Definition (stress levels). The levels L1–L3 represent progressively intensified stochas-

tic loading regimes applied under an otherwise fixed modeling structure. Across levels,
the weak-bus setW and the footprint model for the number of stressed buses (Equation (1))
are held constant, while the stress intensity factor α(r) is sampled from level-dependent
distributions DL with increasing support and variability (Equation (3)). Accordingly, L1
represents mild stress suitable for screening, L2 represents moderate stress, and L3 repre-
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sents severe but still pre-collapse stress (as verified by the observed 100% NR convergence
in all reported cases). The fully expanded details for stress levels are shown in Table 2.

Table 2. Stress-level definition used in the case studies (intensity factor α).

Level Interpretation DL Used in Results
L1 mild screening α ∼ U (0.10, 0.50)
L2 moderate stress α ∼ U (0.20, 0.80)
L3 severe (pre-collapse) α ∼ U (0.40, 1.00)

The stress-level ranges are chosen to provide three interpretable operating regimes
under a consistent stochastic structure: (i) L1 induces mild perturbations suitable for
screening around the base operating point, (ii) L2 produces moderate stress where voltage-
floor degradation becomes clearly observable in distributional terms, and (iii) L3 probes
severe yet still solvable operating regions. In practice, these ranges were verified to explore
a broad stressed-equilibrium space while maintaining stable NR convergence across all
systems (100% convergence in the reported cases), ensuring that the analysis focuses on
probabilistic voltage-security erosion rather than widespread numerical collapse.

3.3. Stochastic Load Perturbation Model

The base-case demand at bus i is defined as (P0
d,i, Q0

d,i). For each realization r, the per-
turbed demand is defined as:

P(r)
d,i = P0

d,i

(
1 + α(r) ξ

(r)
i

)
, Q(r)

d,i = Q0
d,i

(
1 + α(r) ξ

(r)
i

)
, (2)

where

• α(r) is the realization-level stress intensity factor;

• ξ
(r)
i is a binary selector such that ξ

(r)
i = 1 if i ∈ S (r) and ξ

(r)
i = 0 otherwise.

The stress factor α(r) is sampled from a level-dependent distribution:

α(r) ∼ DL, (3)

where DL is configured to represent increasing variability/severity from L1 to L3 (e.g.,
bounded uniform or truncated normal distributions with increasing upper bound). This de-
sign allows systematic intensification while maintaining reproducibility and comparability.

Remark on power factor consistency. The formulation in (2) applies the same multi-
plicative factor to Pd and Qd at the perturbed buses, preserving the local power factor (or
equivalently, preserving the Q/P ratio of the base case) during stochastic growth.

Remark on stress distribution selection. The stress-intensity distributions DL are
selected to define controlled and interpretable stress regimes rather than to model a specific
probabilistic forecast of demand growth. Uniform distributions with increasing support are
used to progressively intensify stochastic loading while preserving transparency and cross-
system comparability. The objective is not to optimize or calibrate stress parameters, but to
probe how voltage security and structural dominance evolve as stress severity increases
under a consistent stochastic protocol.

3.4. Power Flow Solution and Convergence Handling

For each realization r, a Newton–Raphson power flow is executed to obtain the steady-
state voltage magnitudes {V(r)

i } and angles {δ(r)i }. The NR method iteratively solves the
nonlinear AC power balance equations:
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Pi(V, δ) = Vi

n

∑
k=1

Vk(Gik cos(δi − δk) + Bik sin(δi − δk)), (4)

Qi(V, δ) = Vi

n

∑
k=1

Vk(Gik sin(δi − δk)− Bik cos(δi − δk)), (5)

with specified injections Pi = Pg,i − P(r)
d,i and Qi = Qg,i −Q(r)

d,i . Convergence is recorded as
a binary flag:

conv(r) =

1, if NR converges within tolerance and iteration limits,

0, otherwise.
(6)

All statistical analyses of Vmin and FVSImax are computed on converged realizations
only, using the mask conv(r) = 1. Non-converged cases are preserved in logs for diagnostic
reporting and reproducibility.

Remark on power balance, feasibility, and the role of OPF. In each Monte Carlo
realization, stochastic load increments are applied on a subset of weak buses while generator
setpoints remain as defined by the base-case operating point. As in standard AC power
flow practice, the slack (balancing) bus absorbs the net active power mismatch required to
satisfy system-wide power balance, while reactive power balance is enforced through the
nonlinear AC equations and generator reactive limits embedded in the NR formulation. In
this paper, feasibility is therefore assessed through the existence of a converged steady-state
solution: non-convergent scenarios are logged and excluded from distributional statistics,
and convergent scenarios represent physically consistent equilibria under the adopted
operating assumptions.

Unlike probabilistic studies that explicitly model corrective redispatch via OPF, the ob-
jective here is diagnostic rather than corrective: the intent is not to enforce economic or
operational feasibility through optimal control actions, but to expose how voltage security
degrades when the system is stressed under a fixed dispatch structure. Introducing OPF
redispatch could mask structural vulnerabilities by compensating stress through control
actions; such mitigation-oriented modeling is a valuable extension but is intentionally
outside the scope of this screening-focused framework.

3.5. Performance Indicators

Minimum bus voltage
For a converged realization r, the system’s minimum voltage is defined as:

V(r)
min = min

i∈B
V(r)

i , (7)

where B is the set of buses.
Fast Voltage Stability Index
For each transmission line ℓ ≡ (i, j) directed from a sending bus i to a receiving bus j,

the Fast Voltage Stability Index (FVSI) is evaluated using the standard form:

FVSI(r)ij =
4 |Zij|2 Q(r)

j

(V(r)
i )2 Xij

, (8)

where Zij = Rij + jXij is the line impedance magnitude, Xij is the line reactance, V(r)
i is the

sending-end voltage magnitude, and Q(r)
j is the receiving-end reactive power associated

https://doi.org/10.3390/en19041047

https://doi.org/10.3390/en19041047


Energies 2026, 19, 1047 12 of 31

with the corridor (consistent with the FVSI implementation used in the study). The scenario
maximum FVSI is then:

FVSI(r)max = max
(i,j)∈L

FVSI(r)ij , (9)

with L denoting the set of transmission lines. When required (e.g., recurrence analysis),
the line (i⋆, j⋆) achieving FVSI(r)max is stored:

(i⋆, j⋆)(r) = arg max
(i,j)∈L

FVSI(r)ij . (10)

The maximum operator in Equation (9) is used to represent the worst-case corridor
stress in a given operating realization. This choice aligns with planning-stage screening
practice: a realization is characterized by its most critical corridor, and tracking the identity
of the maximizing line enables recurrence-based diagnostics of structural dominance across
stochastic scenarios.

3.6. Empirical Distributions, CDFs, and Percentiles

Considering that {x(r)}Nc
r=1 denotes the samples of a metric x (either Vmin or FVSImax)

over the Nc converged realizations. The empirical cumulative distribution function (ECDF)
is computed as:

F̂x(t) =
1

Nc

Nc

∑
r=1

I
(

x(r) ≤ t
)

, (11)

where I(·) is the indicator function.
To summarize tail behavior and enable professional cross-level comparisons, the fol-

lowing percentiles are extracted:

pq(x) = inf
{

t ∈ R : F̂x(t) ≥
q

100

}
, q ∈ {50, 90, 95}. (12)

In the proposed visualizations, percentile markers (p50, p90, p95) are superimposed on the
ECDF curves for each stress level, improving interpretability without sacrificing the full
distributional information.

3.7. Voltage Risk Metrics

For operational risk interpretation, voltage-violation probabilities are computed with
respect to a voltage threshold τ (e.g., τ = 0.95 pu):

P(Vmin < τ) ≈ 1
Nc

Nc

∑
r=1

I
(

V(r)
min < τ

)
. (13)

This metric complements percentile and ECDF analyses by directly reporting the probability
of falling below a planning-relevant voltage security limit.

3.8. Computational Procedure

Algorithm 1 summarizes the complete workflow for a given system and stress level.
The procedure is repeated for each level L1–L3, using fixed random seeds (offset per level)
to enable repeatable experiments.
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Algorithm 1 Stochastic stress-testing for a given system and stress level L

Step: 1 Input system and stochastic model
Bus/line data: B,L, base demands {P0

d,i, Q0
d,i}i∈B

Weak-bus setW ⊆ B, |W| = mweak
Bus-count categorical model: {nb}, {πb} (Equation (1))
Stress distribution: α ∼ DL (Equation (3))
Monte Carlo size N, NR tolerance/iteration limits

Step: 2 Initialize logs and counters
conv ∈ {0, 1}N ← 0, Vmin ∈ RN ← NaN, Fmax ∈ RN ← NaN
(Optional) i⋆, j⋆ ∈ ZN ← NaN, α ∈ RN , nb ∈ ZN

Step: 3 Monte Carlo stress-testing loop
for r = 1, 2, . . . , N do

▷ Sample stress footprint
n(r)

b ∼ Categorical({nb}, {πb}); S (r) ← Sample(W , n(r)
b )

▷ Sample stress intensity and build perturbed loads
α(r) ∼ DL

Construct {P(r)
d,i , Q(r)

d,i } using Equation (2) (power-factor preserved)

▷ Run NR power flow under perturbed loading
{V(r), δ(r), conv(r)} ← NR_PowerFlow(B,L, P(r)

d , Q(r)
d ) (Equation (6))

▷ If converged, compute indicators
if conv(r) = 1 then

V(r)
min ← min

i∈B
V(r)

i (Equation (7))

FVSI(r)ij ←
4|Zij|2Q(r)

j

|V(r)
i |2Xij

∀(i, j) ∈ L (Equation (8))

FVSI(r)max ← max
(i,j)∈L

FVSI(r)ij (Equation (9))

(i⋆, j⋆)(r) ← arg max
(i,j)∈L

FVSI(r)ij (Equation (10))

end for

Step: 4 Filter converged scenarios
C ← {r : conv(r) = 1}, Nc ← |C|
VC

min ← {V
(r)
min}r∈C , FC

max ← {FVSI(r)max}r∈C

Step: 5 Post-processing: distributional summaries and risk metrics
Compute ECDFs F̂Vmin(·), F̂FVSImax(·) (Equation (11))
Compute percentiles p50, p90, p95 (Equation (12))
Compute voltage-violation risk P(Vmin < τ) (e.g., τ = 0.95) (Equation (13))

Step: 6 Output logs for reproducible plotting
Save {conv, Vmin, Fmax, α, nb, i⋆, j⋆} and summary statistics for cross-level and
cross-system figures.

The number of realizations was set to N = 2000 per stress level as a balance between
distributional stability and computational tractability. For the considered test systems, this
sample size was observed to yield stable empirical distributions and percentile estimates
for both Vmin and FVSImax, with no qualitative changes in distribution shape or dominance
ranking when additional realizations were tested during preliminary runs. Moreover, all
reported cases achieved 100% NR convergence, ensuring that statistical summaries are not
distorted by numerical collapse effects.
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To improve readability and provide a visual summary of the stochastic stress-testing
procedure, Figure 1 presents a flowchart representation of Algorithm 1, highlighting the
generation of stochastic load realizations, the NR power-flow solution, and the post-
processing steps used for distributional and recurrence-based analysis.

Inputs
Bus and line data (B,L); base demands {P0

d,i, Q0
d,i}; generator setpoints/limits;

NR tolerances/iteration limits; voltage threshold τ; Monte Carlo size N; fixed random seed(s)

Base-case initialization and screening
Solve base-case NR power flow; record base voltages {V0

i } and base-case FVSI0
ij (context);

Select weak-bus setW ⊆ B and size mweak = |W|

Stochastic stress model definition (fixed across levels)
Define bus-count support {nb} and probabilities {πb} (Equation (1));
Define stress levels L ∈ {L1, L2, L3} with intensity distributions α ∼ DL (Equation (3));
Power-factor preservation at stressed buses via Equation (2)

Loop over stress levels
for each L ∈ {L1, L2, L3}: initialize logs conv, Vmin, Fmax, i⋆, j⋆, α, nb

Monte Carlo loop for level L
for r = 1, . . . , N: generate one stochastic stressed operating point and solve NR power flow

Sample stress footprint
Draw n(r)

b ∼ Categorical({nb}, {πb});
Sample stressed set S (r) ⊆ W , |S (r)| = n(r)

b

Sample intensity and build perturbed loads
Draw α(r) ∼ DL;
Construct (P(r)

d,i , Q(r)
d,i ) using Equation (2)

(same factor on Pd and Qd to preserve Q/P)

NR AC power flow under perturbed loading
Run NR with (P(r)

d , Q(r)
d ); record convergence flag conv(r) (Equation (6));

If converged, store voltage magnitudes {V(r)
i } and quantities needed for FVSI evaluation

NR converged?

No: Log and skip
Set conv(r) = 0; keep α(r), nb(r) for diagnostics;
Proceed to next realization

Yes: Compute indicators
Compute V(r)

min = mini∈B V(r)
i (Equation (7));

Compute FVSI(r)ij for all (i, j) ∈ L (Equation (8));

Extract FVSI(r)max (Equation (9)) and critical line (i⋆, j⋆)(r) (Equation (10));
Store Vmin(r), Fmax(r), i⋆(r), j⋆(r), conv(r) = 1

Next realization / End Monte Carlo loop
Increment r until r = N; then define converged set C = {r : conv(r) = 1} and Nc = |C|

Post-processing for level L (converged trials only)
Compute ECDFs F̂Vmin (·) and F̂FVSImax (·) (Equation (11));
Extract percentiles p50, p90, p95 (Equation (12));
Compute voltage violation risk P(Vmin < τ) (Equation (13))

Recurrence and dominance diagnostics (per level)
Tabulate frequency of critical lines attaining FVSImax using (i⋆, j⋆)(r) for r ∈ C;
Compute Top-K recurrent corridors and dominance shares (used in cross-system insights)

Outputs for plotting and reporting
Save logs {conv, Vmin, Fmax, i⋆, j⋆, α, nb};
Generate PDFs/ECDF overlays, summary tables, and topology-linked dominance figures

no yes

Figure 1. Flowchart representation of Algorithm 1: weak-bus targeted stochastic stress generation
(random footprint and intensity), NR AC power flow per realization, computation of Vmin and
FVSImax (with critical-line extraction), and distributional/recurrence-based post-processing across
stress levels L1–L3.

4. Analysis of Results
4.1. Case Study: IEEE 14-Bus System

This subsection reports the stochastic stress-testing outcomes for the IEEE 14-bus
benchmark under three progressively intensified stress levels (L1–L3). The analysis focuses
on (i) voltage-floor behavior via the minimum converged bus voltage Vmin and (ii) voltage-
stress severity via the scenario maximum FVSImax.

4.1.1. Setup Summary and Convergence Behavior

The IEEE 14-bus system comprises 14 buses and 20 transmission lines. For each
stress level, N = 2000 Monte Carlo scenarios were generated. The procedure used an
automatically selected weak-bus subset size mweak = 6 (with ω = 0.20). The number of
simultaneously perturbed buses follows

nb ∈ {1, 2, 3}, P(nb = 1, 2, 3) = [0.30, 0.45, 0.25],

which yields E[nb] = 1.40.
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The base-case power flow converged and the maximum base-case FVSI value was
0.1392, occurring on line (2–5). The weak-bus set used for stochastic stress injections (size
m = 6) was

W = {14, 3, 9, 10, 7, 4}.

Across all three levels, the convergence rate was 100% (nonconvergence rate 0%), indicating
that the tested stress ranges explore a broad stochastic operating space without widespread
Newton–Raphson collapse.

4.1.2. Distributional Behavior of Vmin Across Stress Levels

Figure 2 shows the converged Vmin PDFs for L1–L3. A monotone degradation is
observed as stress increases: the mean decreases from 0.9079 (L1) to 0.9007 (L2) and 0.8926
(L3), while the dispersion grows markedly (σVmin : 0.0073→ 0.0141→ 0.0207). The median
also shifts left (p50: 0.9099 → 0.9050 → 0.8982), indicating systematic deterioration of
typical voltage-floor conditions.
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(a) L1: α ∼ U (0.10, 0.50).
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(b) L2: α ∼ U (0.20, 0.80).
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(c) L3: α ∼ U (0.40, 1.00).

Figure 2. IEEE 14-bus: PDF histograms of converged Vmin under stochastic loading for stress
levels L1–L3.

To connect these distributions to operational risk, the probability of violating
Vmin < 0.90 increases monotonically with stress:

P(Vmin < 0.90) = 0.1600 (L1)→ 0.3675 (L2)→ 0.5355 (L3).

All levels yield P(Vmin < 0.95) = 1, showing that the stress protocol intentionally drives
the system below the 0.95 pu planning threshold for IEEE 14 in these ranges.

4.1.3. Distributional Behavior of FVSImax and Tail Escalation

Figure 3 reports the converged FVSImax PDFs. While the central mass remains near
the base-case critical value at mild stress, the upper tail escalates strongly with stress,
as confirmed by the high-percentile progression:

p90: 0.1410→ 0.1571→ 0.1920, p95: 0.1455→ 0.1665→ 0.2081.

This indicates that severe voltage-stress events become substantially more likely under
higher stress, even if the median shifts more moderately (p50: 0.1392→ 0.1392→ 0.1448).
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In addition, the standard deviation grows significantly (0.0034 → 0.0097 → 0.0229),
evidencing increased stochastic variability of the worst-case stability proximity.

FVSImax
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(a) L1: α ∼ U (0.10, 0.50).
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(b) L2: α ∼ U (0.20, 0.80).
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(c) L3: α ∼ U (0.40, 1.00).

Figure 3. IEEE 14-bus: PDF histograms of converged FVSImax under stochastic loading for stress
levels L1–L3.

4.1.4. Cross-Level ECDF Overlays

To provide a compact cross-level comparison and enable direct percentile reading,
Figure 4 overlays the ECDFs of Vmin and FVSImax for L1–L3. For Vmin, the ECDF curves
separate clearly in the low-voltage region, confirming monotone degradation and increased
tail risk at higher stress. For FVSImax, the separation becomes pronounced at high quantiles,
reinforcing the heavy-tail escalation observed in the PDF and percentile statistics.
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(a) ECDF of Vmin across stress levels.

FVSImax
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(b) ECDF of FVSImax across stress levels.

Figure 4. IEEE 14-bus: cross-level ECDF overlays summarizing distributional shifts from L1 to L3.

4.1.5. Numerical Summary

Table 3 summarizes the principal statistics extracted from the analysis for IEEE 14
across all stress levels (converged trials only, N = 2000 per level).

4.2. Case Study: IEEE 30-Bus System

This subsection reports the stochastic stress-testing outcomes for the IEEE 30-bus
benchmark under three progressively intensified stress levels (L1–L3). The analysis mirrors
the IEEE 14-bus case and focuses on (i) voltage-floor behavior via the minimum converged
bus voltage Vmin and (ii) voltage-stress severity via the scenario maximum FVSImax.
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Table 3. IEEE 14-bus summary statistics across stress levels (converged trials only, N = 2000
per level).

Level µ(Vmin) σ(Vmin) p50(Vmin) p90(Vmin) p95(Vmin) P(Vmin < 0.90)

L1 0.9079 0.0073 0.9099 0.9152 0.9154 0.1600
L2 0.9007 0.0141 0.9050 0.9149 0.9155 0.3675
L3 0.8926 0.0207 0.8982 0.9147 0.9155 0.5355

Level µ(FVSImax) σ(FVSImax) p50(FVSImax) p90(FVSImax) p95(FVSImax)

L1 0.1401 0.0034 0.1392 0.1410 0.1455
L2 0.1442 0.0097 0.1392 0.1571 0.1665
L3 0.1552 0.0229 0.1448 0.1920 0.2081

4.2.1. Setup Summary and Convergence Behavior

The IEEE 30-bus system comprises 30 buses and 41 transmission lines. For each stress
level, N = 2000 Monte Carlo scenarios were generated. The weak-bus subset size was
automatically selected as mweak = 6 using the system-scaled criterion with ω = 0.20.
The number of simultaneously perturbed buses follows

nb ∈ {1, 3, 5}, P(nb = 1, 3, 5) selected to satisfy E[nb] = 3.00,

reflecting the larger system size and higher redundancy compared to IEEE 14.
The base-case power flow converged successfully, yielding a maximum base-case FVSI

value of 0.1952 on line (2–5). The weak-bus set used for stochastic stress injections was

W = {19, 18, 20, 24, 23, 21}.

Across all stress levels, the convergence rate remained 100%, indicating that the stress
ranges explore a wide stochastic operating region without inducing numerical collapse in
the Newton–Raphson solver.

4.2.2. Distributional Behavior of Vmin Across Stress Levels

Figure 5 shows the probability density functions of the converged Vmin values for
stress levels L1–L3. Compared to IEEE 14, the IEEE 30 system exhibits higher absolute
voltage levels and reduced dispersion, reflecting its increased structural robustness.
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(a) L1: α ∼ U (0.10, 0.50).
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(b) L2: α ∼ U (0.20, 0.80).
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Figure 5. IEEE 30-bus: PDF histograms of converged Vmin under stochastic loading for stress
levels L1–L3.
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As stress intensifies, the mean Vmin decreases monotonically from 0.9508 (L1) to 0.9459
(L2) and 0.9403 (L3), while the standard deviation increases from 0.0051 to 0.0109. The me-
dian follows a similar trend (p50: 0.9519 → 0.9473 → 0.9414), confirming a systematic
degradation of voltage-floor conditions under stronger stochastic loading.

Despite the higher nominal voltage levels, the probability of violating Vmin < 0.95
increases sharply with stress:

P(Vmin < 0.95) = 0.3820 (L1)→ 0.6335 (L2)→ 0.7870 (L3).

In contrast, no violations below 0.90 pu were observed at any level, underscoring the
stronger voltage support of the IEEE 30 system relative to IEEE 14.

4.2.3. Distributional Behavior of FVSImax

Figure 6 reports the PDFs of the converged FVSImax values. Unlike IEEE 14,
the IEEE 30 system exhibits a highly concentrated FVSI distribution across all stress levels,
with the dominant critical line remaining (2–5) in nearly all scenarios.

For L1 and L2, the FVSI distribution collapses tightly around the base-case value
(µ ≈ 0.1952), with negligible dispersion. Under the highest stress level L3, a slight broaden-
ing is observed, reflected in an increase of σ(FVSImax) to 0.0024 and a modest rise in the
upper tail (p95: 0.1991). Nevertheless, the median remains unchanged at 0.1952, indicating
that severe voltage-stress events remain structurally constrained to a narrow corridor.
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Figure 6. IEEE 30-bus: PDF histograms of converged FVSImax under stochastic loading for stress
levels L1–L3.

4.2.4. Cross-Level ECDF Overlays

To synthesize the distributional trends, Figure 7 overlays the ECDFs of Vmin and
FVSImax across stress levels. For Vmin, the ECDF curves shift progressively toward lower
voltages, with increasing separation in the lower tail, confirming the monotone increase
in voltage-violation risk. In contrast, the FVSImax ECDFs remain tightly clustered, diverg-
ing only slightly at the extreme upper quantiles under L3, consistent with the PDF and
percentile analysis.
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Figure 7. IEEE 30-bus: cross-level ECDF overlays summarizing distributional shifts from L1 to L3.

4.2.5. Numerical Summary

Table 4 summarizes the principal statistics for IEEE 30 across all stress levels (con-
verged trials only, N = 2000 per level).

Table 4. IEEE 30-bus summary statistics across stress levels (converged trials only, N = 2000
per level).

Level µ(Vmin) σ(Vmin) p50(Vmin) p90(Vmin) p95(Vmin) P(Vmin < 0.95)

L1 0.9508 0.0051 0.9519 0.9568 0.9572 0.3820
L2 0.9459 0.0084 0.9473 0.9560 0.9566 0.6335
L3 0.9403 0.0109 0.9414 0.9552 0.9561 0.7870

Level µ(FVSImax) σ(FVSImax) p50(FVSImax) p90(FVSImax) p95(FVSImax)

L1 0.1952 1.67× 10−15 0.1952 0.1952 0.1952
L2 0.1952 9.40× 10−5 0.1952 0.1952 0.1952
L3 0.1957 0.0024 0.1952 0.1952 0.1991

4.3. Case Study: IEEE 118-Bus System

This subsection reports the stochastic stress-testing outcomes for the IEEE 118-bus
benchmark under three progressively intensified stress levels (L1–L3). Consistent with
the prior cases, the analysis focuses on (i) voltage-floor behavior through the minimum
converged bus voltage Vmin and (ii) voltage-stress severity through the scenario maxi-
mum FVSImax.

4.3.1. Setup Summary and Convergence Behavior

The IEEE 118-bus system comprises 118 buses and 186 transmission lines. For each
stress level, N = 2000 Monte Carlo scenarios were generated. The weak-bus subset size
was automatically selected as mweak = 24 using ω = 0.20. To reflect the higher-dimensional
stress space of a large transmission grid, the number of simultaneously perturbed buses is
selected as

nb ∈ {5, 11, 18}, E[nb] = 11.80,

consistent with the system-scaled criterion (ρ = 0.10).
The base-case Newton–Raphson power flow converged successfully. The maximum

base-case FVSI value was 0.2102, occurring on line (92–100). The weak-bus set used for
stochastic stress injections (size m = 24) was

W = {76, 53, 55, 107, 56, 118, 1, 54, 74, 115, 114, 58,

28, 52, 19, 106, 20, 29, 32, 105, 21, 31, 108, 41}

Across all stress levels, the convergence rate remained at 100% (nonconvergence rate
0%), indicating that the stress ranges probe a broad stochastic operating region without
widespread power-flow collapse.
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4.3.2. Distributional Behavior of Vmin Across Stress Levels

Figure 8 reports the probability density functions of converged Vmin for L1–L3. Com-
pared to IEEE 14, the voltage-floor distributions remain closer to the 0.95 planning thresh-
old, with relatively small dispersion. Nevertheless, a monotone degradation with stress is
still observed: the mean decreases from 0.9478 (L1) to 0.9458 (L2) and 0.9441 (L3), while
the standard deviation increases from 0.0027 to 0.0060. The median also shifts left (p50:
0.9490 → 0.9477 → 0.9469), confirming a systematic, though moderate, deterioration in
typical voltage-floor conditions.
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Figure 8. IEEE 118-bus: PDF histograms of converged Vmin under stochastic loading for stress
levels L1–L3.

In terms of operational risk, the probability of violating Vmin < 0.95 is substantial and
increases with stress:

P(Vmin < 0.95) = 0.6135 (L1)→ 0.6995 (L2)→ 0.7380 (L3).

However, no scenarios violated Vmin < 0.90 at any level, confirming that although the
IEEE 118 system frequently dips below the conservative 0.95 planning threshold under
stochastic demand stress, it retains a strong margin against deeper voltage-collapse proxim-
ity in the explored ranges.

4.3.3. Distributional Behavior of FVSImax

Figure 9 reports the PDFs of the converged FVSImax values. In contrast to IEEE 14, and
even more strongly than IEEE 30, the IEEE 118 system exhibits an extremely concentrated
FVSI response across stress levels: the scenario maximum remains fixed at the base-case
value 0.2102 with negligible numerical dispersion and identical percentiles (p50, p90, p95)
for all levels. The dominant critical line remains (92–100) in all N = 2000 scenarios per
level, implying a near-deterministic critical corridor under the present stress design.

This behavior indicates that under the current protocol, stochastic load increases
predominantly manifest as gradual voltage-floor degradation, while the worst-case FVSI
mechanism remains structurally “locked” to the same corridor. This is not a weakness of
the framework; rather, it provides a diagnostic signal that the chosen FVSI definition and
stress injection pattern excite voltage-floor sensitivity more strongly than line-wise FVSI
relocation for this particular test system.
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Figure 9. IEEE 118-bus: PDF histograms of converged FVSImax under stochastic loading for stress
levels L1–L3.

4.3.4. Cross-Level ECDF Overlays

Figure 10 overlays the ECDFs of Vmin and FVSImax across L1–L3. For Vmin, the ECDF
curves show consistent leftward shifts and increased lower-tail mass as stress increases,
confirming a monotone degradation trend that is compactly visible in the cumulative
domain. For FVSImax, the ECDF curves collapse nearly perfectly, corroborating the level-
invariant FVSI response and the persistence of the critical corridor (92–100) across all trials.
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Figure 10. IEEE 118-bus: cross-level ECDF overlays summarizing distributional shifts from L1 to L3.

4.3.5. Numerical Summary

Table 5 summarizes the principal statistics for IEEE 118 across all stress levels (con-
verged trials only, N = 2000 per level).

Table 5. IEEE 118-bus summary statistics across stress levels (converged trials only, N = 2000
per level).

Level µ(Vmin) σ(Vmin) p50(Vmin) p90(Vmin) p95(Vmin) P(Vmin < 0.95)

L1 0.9478 0.0027 0.9490 0.9500 0.9500 0.6135
L2 0.9458 0.0047 0.9477 0.9500 0.9500 0.6995
L3 0.9441 0.0060 0.9469 0.9500 0.9500 0.7380

Level µ(FVSImax) σ(FVSImax) p50(FVSImax) p90(FVSImax) p95(FVSImax)

L1 0.2102 2.03× 10−15 0.2102 0.2102 0.2102
L2 0.2102 2.03× 10−15 0.2102 0.2102 0.2102
L3 0.2102 2.03× 10−15 0.2102 0.2102 0.2102
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4.4. Cross-System Comparative Analysis of Outcomes

This subsection synthesizes the stochastic stress-testing results across the IEEE 14-,
30-, and 118-bus systems, with the objective of identifying scalable trends in voltage-
risk exposure, distributional degradation, and structural dominance as system size and
stress intensity increase. The analysis focuses on three complementary dimensions:
(i) probabilistic voltage-violation risk, (ii) distributional behavior of the voltage floor Vmin,
and (iii) recurrence-based identification of structurally dominant transmission lines.

4.4.1. Probabilistic Voltage-Violation Risk Across Systems

Figure 11 reports the probability of violating the planning threshold Vmin < 0.95 under
stochastic loading for all systems and stress levels. Several important trends emerge.

First, voltage-violation risk increases monotonically with stress level (L1→L3) for
every test system, confirming the internal consistency of this research stress protocol.
However, the *rate* at which this risk escalates is strongly system dependent. The IEEE
14-bus system exhibits immediate saturation, with P(Vmin < 0.95) = 1 even at L1, reflecting
its limited voltage-support margin and low structural redundancy.

In contrast, the IEEE 30- and 118-bus systems display a more gradual degradation.
At L1, the violation probability is approximately 0.38 for IEEE 30 and 0.61 for IEEE 118,
increasing to 0.79 and 0.74 at L3, respectively. This indicates that larger systems benefit
from increased buffering capacity at mild stress, yet still converge toward high-risk regimes
as stochastic loading intensifies.

Importantly, no system exhibits violations below 0.90 pu across all stress levels, con-
firming that this research explores severe but pre-collapse operating regions rather than
inducing widespread numerical instability.
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Figure 11. Cross-system probability of voltage violation P(Vmin < 0.95) under stochastic loading for
IEEE 14, IEEE 30, and IEEE 118 systems across stress levels L1–L3.

4.4.2. Distributional Degradation of the Voltage Floor

Figure 12 compares the distribution of converged minimum bus voltage Vmin across
stress levels for each system using boxplots. This representation highlights both central
tendencies and tail behavior, enabling a direct assessment of voltage robustness.

For the IEEE 14-bus system, the distributions shift sharply downward and widen
significantly as stress increases, with L3 exhibiting a pronounced lower tail extending well
below 0.90 pu. This confirms that voltage insecurity is not only frequent but also severe in
small systems under coordinated stochastic stress.
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The IEEE 30-bus system shows a more moderate degradation pattern: while the
medians remain close to the 0.95 threshold at L1 and L2, the interquartile range and lower
whiskers expand noticeably at L3. This indicates an increased likelihood of localized
voltage weakness rather than systemic collapse.

The IEEE 118-bus system displays the tightest distributions overall, with comparatively
small dispersion even at L3. Nevertheless, the systematic downward shift of the median
and the growing proportion of samples below 0.95 pu confirm that large-scale systems are
not immune to voltage-floor erosion under correlated load perturbations.

The horizontal 0.95 pu reference line emphasizes that this methodology captures a
progressive *encroachment* into insecure operating regions rather than abrupt transitions,
reinforcing its suitability for probabilistic voltage-risk assessment.
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Figure 12. Distribution of minimum bus voltage Vmin under stochastic loading for IEEE 14, IEEE 30,
and IEEE 118 systems across stress levels L1–L3.

4.4.3. Structural Dominance and Critical-Line Recurrence

Beyond voltage magnitudes, this research enables the identification of structurally
dominant transmission corridors by tracking the recurrence of the line attaining FVSImax

across stochastic scenarios. Figure 13 reports the Top-3 most recurrent critical lines at the
highest stress level (L3) for each system.

The IEEE 14-bus system exhibits a fragmented dominance structure, with three lines
sharing criticality (approximately 44%, 41%, and 15% recurrence). This dispersion reflects
a lack of clear structural bottlenecks and indicates that voltage stress can migrate across
multiple corridors depending on the stochastic realization.

In stark contrast, the IEEE 30-bus system demonstrates near-total dominance by a
single corridor (line 2–5), accounting for over 92% of all worst-case outcomes. This reveals
a highly concentrated vulnerability structure, where voltage instability is governed by a
small subset of transmission assets despite increased system size.

The IEEE 118-bus system exhibits an extreme form of dominance collapse: a single
transmission line (92–100) accounts for 100% of FVSImax occurrences at L3. This result high-
lights a critical and nontrivial insight—large-scale systems may exhibit *greater* structural
fragility, with stochastic stress consistently funneled through a single bottleneck.

These findings confirm that the presented methodology not only quantifies voltage-risk
severity but also exposes hidden structural asymmetries that are invisible to single-snapshot
or average-based analyses.
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Figure 13. Top-3 critical transmission-line recurrence at stress level L3 for IEEE 14, IEEE 30, and IEEE
118 systems, measured as the percentage of scenarios, where each line attains FVSImax. (Line identi-
fiers follow the standard IEEE test-system branch notation “i–j” used throughout the manuscript).

4.4.4. Key Cross-System Insights and Topology-Aware Interpretation

The cross-system analysis demonstrates that the proposed probabilistic stress-testing
framework consistently captures three complementary and physically meaningful dimen-
sions of voltage-security behavior across transmission networks of very different scales:
(i) escalation of voltage-floor risk under stochastic loading, (ii) distributional degradation
of operating conditions, and (iii) structural dominance of critical transmission corridors
identified through the recurrence of FVSImax. Crucially, these outcomes are strongly linked
to network topology and system characteristics, rather than being mere statistical artifacts.

The IEEE 14-bus transmission system is adopted as the first case study to validate
the methodology on a compact and weakly meshed network. This benchmark system,
widely used in voltage stability research, consists of 14 buses, 5 generators, and 11 loads.
Due to its limited redundancy, stochastic stress leads to rapid voltage-floor degradation
and a fragmented dominance pattern in which multiple transmission corridors alternately
govern the worst-case FVSI response. Specifically, the probabilistic recurrence analysis at
the highest stress level identifies lines 10–11, 2–5, and 3–4 as the most critical corridors,
jointly accounting for the majority of FVSImax occurrences. Figure 14 illustrates the IEEE
14-bus topology, where these dominant transmission lines are highlighted in red.

The IEEE 30-bus transmission system constitutes the second study case and represents
a real transmission network derived from the Midwestern United States power system.
This system comprises 30 buses, 6 generators, and 9 aggregated loads interconnected
through a moderately meshed transmission network. Compared to IEEE 14, the system
exhibits higher structural redundancy and stronger voltage support, resulting in a more
gradual degradation of the voltage floor under stochastic stress. However, the recurrence-
based analysis reveals a pronounced concentration of structural dominance. In particular,
transmission lines 2–5 emerge as the overwhelmingly dominant corridor, with lines 9–11
acting as a secondary contributor to worst-case FVSI events. Figure 15 highlights these
critical corridors in red, illustrating how stochastic voltage stress is consistently funneled
through a very limited subset of transmission assets.
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Figure 14. IEEE 14-bus transmission system topology. The most critical transmission corridors identi-
fied through FVSImax recurrence under stochastic stress (lines 10–11, 2–5, and 3–4) are highlighted
in red.

Figure 15. IEEE 30-bus transmission system topology. Dominant transmission corridors identified
via FVSImax recurrence under stochastic stress (lines 2–5 and 9–11) are highlighted in red.

The IEEE 118-bus transmission system serves as the third and largest study case,
representing a portion of the American Electric Power System located in the Midwestern
USA. This large-scale network consists of 118 buses, 19 generators, and 91 loads intercon-
nected through 186 transmission lines. Owing to its size and meshed structure, the system
maintains comparatively strong voltage support and exhibits no deep voltage-collapse
events within the explored stress ranges. Nevertheless, the probabilistic analysis uncovers
an extreme form of structural dominance. Under stochastic weak-bus loading, transmission
lines 92–100 account for essentially all occurrences of FVSImax at the highest stress level,
indicating a complete dominance collapse toward a single critical corridor.

Due to the massive scale of the IEEE 118-bus system, Figure 16 presents a zoomed-
in view of the network region surrounding lines 92–100, with the dominant corridor
highlighted in red. This localized visualization emphasizes that even in large and highly
meshed transmission networks, stochastic voltage stress can consistently concentrate on a
very small subset of structurally critical assets.

https://doi.org/10.3390/en19041047

https://doi.org/10.3390/en19041047


Energies 2026, 19, 1047 26 of 31

1 2

4

5

6 7

8

9

10

11

12

13

14

117

15

16

17

18

19

20

21

22

23

25

26

27

28

29

113 30

31

32

114
115

33

34

35

36

37

38

39

40 41 42

43

44

45

47
46

48

49

50

51

52

53 54 5556

57
58

59

60

61

62

63

64

65

66

67

68

116

69

70

71

72

73

24

74

75

118 76

77

78

79

80

81

82

83
84

85

86

87

88 89

90
91

92

93

9495

96

97

98

99

100

101102

103

104 105

106

107

108

109

110

111

112

G

G

G

G

G G

G

G

G
G

G

G
G

G

G

G

G G

G

G

G

G

G G

G G

G

G G

G

G

G

G

G G G G G

G

G

3

G

G

G

G

G

G

G

G

G

G

G

G

G

G

Figure 16. IEEE 118-bus transmission system. Zoomed-in view of the network region containing
the dominant transmission corridor. Lines 92–100, which attains FVSImax in 100% of stochastic
realizations at L3, is highlighted in red.

Overall, these topology-aware results confirm that increasing system size tends to
delay the onset of severe voltage violations, while simultaneously amplifying structural
dominance effects, concentrating voltage-stress risk into an increasingly small number of
transmission corridors. The proposed stochastic, recurrence-based diagnostic framework
therefore provides actionable insight for planning-stage applications, enabling system
operators and planners to identify and prioritize structurally critical lines for enhanced
monitoring, reactive support, or reinforcement under uncertain loading conditions.

5. Conclusions
This paper introduced a fully steady-state probabilistic stress-testing framework for

voltage security assessment under stochastic demand growth, combining Monte Carlo sim-
ulation with Newton–Raphson AC power flow and dual performance indicators, namely
the minimum bus voltage magnitude Vmin and the scenario maximum Fast Voltage Stability
Index FVSImax. By selectively perturbing screened weak buses and progressively intensify-
ing stress levels, the framework provides a reproducible and system-agnostic approach
for quantifying voltage-risk exposure across large ensembles of operating conditions. The
consistent 100% convergence observed across all systems and stress levels confirms that
the proposed methodology explores severe yet pre-collapse operating regions, making it
suitable for planning-stage diagnostics rather than post-instability analysis.

Numerical results on the IEEE 14-, 30-, and 118-bus benchmark systems demonstrate
a clear and monotone degradation of the voltage floor as stochastic stress intensifies.
Smaller systems exhibit rapid escalation of voltage-risk severity, while larger systems retain
higher nominal voltage levels but still experience substantial encroachment into insecure
operating regions relative to planning thresholds. Importantly, the results show that
increasing system size delays—but does not eliminate—voltage insecurity under correlated
demand stress, highlighting the necessity of probabilistic rather than deterministic voltage-
security assessment.

Beyond voltage magnitudes, the analysis of worst-case line stress reveals a pronounced
structural effect in large-scale networks. While the IEEE 14-bus system exhibits dispersed
criticality across multiple corridors, the IEEE 30- and 118-bus systems display strong
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dominance concentration, with stochastic stress repeatedly funneled through a single
transmission line at high stress levels. This dominance-collapse phenomenon demonstrates
that larger and more redundant networks may exhibit greater structural fragility, where
voltage-stress propagation is governed by a very small subset of assets that consistently
control worst-case behavior.

Overall, the proposed framework offers a compact and interpretable diagnostic tool
that simultaneously captures probabilistic voltage-risk escalation and structural domi-
nance in transmission systems. By exposing vulnerabilities that remain hidden under
single-snapshot or average-based screening, the methodology provides valuable insight
for planning-stage monitoring, asset prioritization, and preventive reinforcement deci-
sions. Future work may extend this framework to alternative stress models, dynamic or
continuation-based stability indicators, and the evaluation of mitigation strategies within
the same probabilistic setting.

From a practical standpoint, the proposed framework supports planning-stage voltage-
security screening under uncertain load growth by (i) quantifying the probability of violat-
ing operational voltage thresholds through P(Vmin < τ), and (ii) identifying structurally
dominant transmission corridors via the recurrence of the line attaining FVSImax across
stochastic operating points. These diagnostics can be used to prioritize corridors for en-
hanced monitoring, reinforcement assessment, or preventive reactive support allocation,
particularly when uncertainty concentrates stress on weak buses. Unlike single-snapshot
studies, the framework provides distributional risk signatures and persistence-based struc-
tural insights that remain stable across large ensembles of plausible stressed operating
conditions. The key advantage is therefore not the introduction of a new index, but a
scalable probabilistic screening protocol that converts standard stability metrics into risk-
and persistence-based planning insights.

Future Work

Following, readers can find the main areas of research for future works related to
this paper:

• Extension to alternative stress models and uncertainty sources. Future research will
explore more diverse stochastic stress formulations, including spatially correlated load
growth, renewable generation variability, and probabilistic outage combinations. Incor-
porating multiple uncertainty sources would enable a richer representation of realistic
operating environments and further test the robustness of the proposed framework.

• Integration with dynamic and continuation-based stability metrics. While this study
focused on steady-state indicators, future work will extend the probabilistic frame-
work to include dynamic voltage stability metrics, continuation power flow (CPF)
margins, and time-domain stability indicators. This integration would allow direct
comparison between steady-state risk signatures and dynamic collapse proximity
under stochastic stress.

• Assessment of mitigation and reinforcement strategies. The present work is inten-
tionally diagnostic. A natural extension is to embed the framework within planning
studies that evaluate the effectiveness of reactive power support, transmission rein-
forcement, or network reconfiguration strategies in reducing probabilistic voltage risk
and alleviating dominance collapse in critical corridors.

• Scalability and application to large real-world networks. Future studies will apply
the proposed methodology to large-scale utility systems and regional transmission
networks, focusing on computational scalability, parallelization, and automated weak-
bus screening. This will facilitate the practical adoption of probabilistic voltage-
security diagnostics in real planning and operational environments.
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Abbreviations
The following abbreviations and symbols are used in this manuscript:

AC Alternating Current
CDF Cumulative Distribution Function
ECDF Empirical Cumulative Distribution Function
FVSI Fast Voltage Stability Index
NR Newton–Raphson
IEEE Institute of Electrical and Electronics Engineers
L1–L3 Progressive stochastic stress levels
MC Monte Carlo
p.u. Per-unit system
i, j Bus indices (sending and receiving ends of a line)
r Monte Carlo realization index
N Total number of Monte Carlo realizations
Nc Number of converged realizations
B Set of buses in the system
L Set of transmission lines
W Set of weak buses selected for stress injection
mweak Number of weak buses, |W|
S (r) Subset of stressed buses in realization r

n(r)
b Number of stressed buses in realization r

πb Probability mass of the categorical bus-count distribution
α(r) Stress intensity factor in realization r
DL Stress-intensity distribution for level L
P0

d,i Base-case active power demand at bus i
Q0

d,i Base-case reactive power demand at bus i

P(r)
d,i Perturbed active power demand at bus i in realization r

Q(r)
d,i Perturbed reactive power demand at bus i in realization r

Pi Net active power injection at bus i
Qi Net reactive power injection at bus i
Vi Voltage magnitude at bus i
δi Voltage phase angle at bus i

V(r)
min Minimum bus voltage in realization r

Vmin Random variable of minimum bus voltage
τ Voltage-security threshold (p.u.)
Rij Resistance of line (i, j)
Xij Reactance of line (i, j)
Zij Impedance of line (i, j), Zij = Rij + jXij

|Zij| Magnitude of line impedance
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Q(r)
j Receiving-end reactive power at bus j in realization r

FVSI(r)ij FVSI of line (i, j) in realization r

FVSI(r)max Maximum FVSI over all lines in realization r
(i⋆, j⋆)(r) Critical line achieving FVSImax in realization r
F̂x Empirical CDF of metric x
pq(x) q-th percentile of metric x
P(Vmin < τ) Probability of voltage violation below threshold τ

conv(r) Power-flow convergence flag for realization r
I(·) Indicator function
j Imaginary unit, j =

√
−1
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