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Abstract

This paper assesses the steady-state voltage impact of ultra-fast electric vehicle (EV) charging on
the IEEE 33-bus radial distribution feeder. Four practical scenarios are examined by combining two
penetration levels (6 and 12 charging points, representing approximately 20% and 40% of PQ buses)
with two charger ratings (1 MW and 350 kW per point). Candidate buses for EV station integration are
selected through a nodal voltage–reactive sensitivity ranking (∂V/∂Q), prioritizing electrically robust
locations. To capture realistic operating uncertainty, a 24-hour quasi-static time-series power-flow
study is performed using Monte Carlo sampling, which jointly models residential-demand variability
and stochastic EV charging activation. Whenever the expected minimum-hourly voltage violates
the 0.95 p.u. threshold, a closed-form sensitivity-guided reactive compensation is computed and
injected at the critical bus, and the power flow is re-solved. Results show that ultra-fast charging can
produce sustained under-voltage even under robust siting, particularly at high penetration and 1 MW
ratings; however, the proposed compensation consistently raises the minimum-voltage trajectory
by about 0.03–0.12 p.u., substantially reducing the depth and duration of violations. The cross-case
comparison confirms that lowering unit charger power mitigates voltage degradation and reactive-
support requirements, while charger clustering accelerates stability-margin depletion. Overall, the
Monte Carlo V–Q sensitivity framework provides a lightweight and reproducible tool for probabilistic
voltage-stability assessment and targeted mitigation in EV-rich distribution networks.

Keywords: electric vehicles; V–Q sensitivity; reactive power compensation; Monte Carlo simulation;
voltage stability

1. Introduction
In recent decades, the adoption of climate-friendly technologies—particularly in the transporta-

tion sector—has accelerated due to growing concerns about climate change and the need to reduce
greenhouse-gas emissions [1]. In this context, electric vehicles (EVs) have emerged as an effective and
practical alternative to decrease fossil-fuel dependence and associated pollution [2]. Nevertheless,
large-scale EV integration also introduces significant operational challenges for distribution grids,
especially regarding voltage stability [3].

EV charging represents a highly volatile and time-dependent demand. When deployed at scale,
this additional load may distort nodal voltage profiles and increase the risk of sustained under-voltage
conditions, particularly during peak hours [4]. These effects are exacerbated in urban distribution
systems with aged infrastructure and limited resilience to rapid demand variations [5]. Therefore,
robust planning strategies are required to ensure that EV charging expansion does not compromise
service quality and system security.
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Probabilistic simulation has become a key tool to quantify the impact of uncertain and stochastic
EV charging behavior on distribution-system voltage stability. Among these approaches, the Monte
Carlo method has been widely adopted to model demand uncertainty and to evaluate EV integration
under multiple operating scenarios [6]. By sampling realistic variations in load and charging activation,
Monte Carlo-based assessments provide a more representative picture of voltage-risk exposure over
daily operation.

1.1. Literature Review

A substantial body of research has investigated the effects of EV penetration on voltage stability
in distribution networks. In [7], the authors show that uncontrolled EV charging can trigger significant
voltage fluctuations and may lead to critical voltage collapse in weak buses if mitigation strategies
are not implemented. Similarly, the study in [8] analyzes EV penetration under different demand
levels and demand-side management strategies, concluding that controlled load shifting and demand
response can mitigate voltage deviations and improve system stability.

Other works emphasize the relevance of probabilistic tools. The authors of [9] analyze EV
integration using Monte Carlo-based patterns and demonstrate that voltage regulation improves when
dynamic reactive power compensation and load-management schemes are included. Likewise, [10]
highlights the need for stochastic approaches to capture uncertainty in EV charging profiles and to
build robust multi-scenario evaluations. The Monte Carlo formulation proposed in [11] accounts for
EV location, charging demand, and time-of-use patterns, showing that charging uncertainty introduces
notable voltage volatility that requires appropriate mitigation techniques.

Monte Carlo-based evaluations have also been applied to both rural and urban networks. In [12],
the authors conclude that distribution systems with higher operational flexibility and storage capability
are inherently more resilient to EV integration. The work in [13] studies IEEE benchmark feeders
under 30%, 50%, and 70% EV penetration, reporting increased power losses and significant voltage-
profile degradation as penetration grows, while also estimating associated CO2 benefits. Analytical
approaches have further explored voltage stability enhancement with EV support. For instance, [14]
derives analytical relationships between EVs and microgrids and applies eigenvalue-based stability
monitoring in MATPOWER, revealing that coordinated EV integration can improve voltage profiles in
certain operating conditions.

Comprehensive reviews in [15] summarize power-quality issues linked to EV charging, including
voltage imbalance, harmonic distortion, and transformer thermal stress, and propose mitigation mea-
sures such as active filters and FACTS devices. Advances in modeling the spatio-temporal distribution
of EV demand are discussed in [16], where a coupled “vehicle–load–road” framework shows that high
charging-density areas may cause localized voltage drops. Real-network studies such as [17] confirm
that penetration levels around 40% can produce under-voltage violations and line overloads, moti-
vating sensitivity-based reactive compensation. Additional probabilistic and coordinated-charging
studies, including [18–22], consistently show that voltage risks rise with penetration, while mitigation
through smart charging and reactive support becomes increasingly necessary.

Despite these contributions, two practical gaps remain: (i) many studies quantify voltage degra-
dation under EV penetration but do not explicitly guide the robust placement of ultra-fast charging
stations, and (ii) reactive support is often optimized through iterative or heuristic techniques rather
than computed directly from voltage–reactive sensitivity. This motivates a probabilistic, sensitivity-
guided methodology that simultaneously addresses charging uncertainty, placement robustness, and
targeted voltage support.

1.2. Problem Statement and Contributions

The growing penetration of EV charging stations in distribution grids poses a technical challenge
for maintaining voltage stability in steady state [23]. In particular, simultaneous operation of multiple
ultra-fast chargers may produce significant voltage drops at specific buses, jeopardizing compliance
with typical operational limits (e.g., V ≥ 0.95 p.u.).
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In this study, steady-state voltage stability is assessed through minimum-voltage behavior over
a 24-hour operation horizon, considering both residential demand uncertainty and stochastic EV
charging activation. To capture such uncertainty, the Monte Carlo method is employed to generate
multiple hourly operating scenarios and to compute statistical voltage indicators. Additionally, a V–Q
sensitivity analysis based on coefficients ∂V/∂Q is used to identify robust buses for charger installation
and to compute the reactive power required to restore voltages toward 1 p.u. when under-voltage is
detected.

The main contributions of this work are summarized as follows:

• A probabilistic hourly assessment of voltage stability in an IEEE 33-bus distribution system under
uncertain residential load and stochastic EV ultra-fast charging.

• A sensitivity-based criterion to locate EV charging points at the most robust buses using the
auto-sensitivity values of ∂V/∂Q.

• A direct reactive power compensation scheme computed from V–Q sensitivity to support the
most critical buses and mitigate under-voltage conditions.

• A comparative evaluation of two penetration levels (6 and 12 charging points) and two charging-
power ratings (1 MW and 350 kW), quantifying how these practical configurations affect voltage
stability and compensation needs.

The remainder of the paper is organized as follows. Section 2 describes the Monte Carlo formu-
lation adopted for uncertainty modeling. Section 3 presents the proposed methodology, including
sensitivity analysis and compensation strategy. Section 4 discusses the results for all penetration and
power scenarios. Finally, Section 5 concludes the paper and outlines future research directions.

2. Monte Carlo–Based Uncertainty Modeling
Monte Carlo (MC) simulation is a stochastic computational technique that relies on random

sampling to estimate numerical outcomes in complex systems [24]. It is especially suitable for power-
distribution studies where both load demand and EV charging behavior are uncertain and time-
varying. In this work, MC is used to generate multiple plausible hourly operating scenarios, allowing
the statistical characterization of voltage stability under EV ultra-fast charging [13].

2.1. Basic Monte Carlo Procedure

In general terms, a Monte Carlo assessment follows four main steps [13]:

• Problem-domain definition: Establish the set of system parameters, operating constraints, and
uncertainty sources to be represented.

• Random sampling: Generate random inputs according to prescribed probability distributions
that reflect realistic variability.

• Scenario simulation: For each random realization, solve the system model (here, power flow) to
obtain the corresponding outputs.

• Statistical post-processing: Aggregate all simulations to compute mean values, variances, confi-
dence intervals, and risk indicators.

2.2. Mathematical Formulation

Let X be a random vector representing uncertain system inputs (e.g., hourly residential demand
scaling factors and EV charging activation). For a given hour, Monte Carlo generates N independent
samples xi, i = 1, 2, . . . , N. Each sample is mapped through the power-flow operator F (·) to yield the
output vector Yi, i.e.,

Yi = F (xi), i = 1, 2, . . . , N. (1)
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For any scalar performance metric Y (e.g., minimum system voltage Vmin), the MC estimator of
the expected value is [13]:

Ŷ =
1
N

N

∑
i=1

Yi. (2)

The sample variance is computed as:

σ2
Y =

1
N − 1

N

∑
i=1

(Yi − Ŷ)2. (3)

Assuming approximately normal sampling behavior for Ŷ when N is sufficiently large, a two-
sided confidence interval at confidence level (1 − α) is given by:

CI = Ŷ ± tα/2,N−1 ×
σY√

N
, (4)

where tα/2,N−1 is the Student-t critical value for N − 1 degrees of freedom.

2.3. Monte Carlo Modeling of EV Penetration

EV charging penetration introduces uncertainty not only in magnitude but also in the temporal
coincidence of charging events. Monte Carlo methods are therefore appropriate to represent: (i)
variability of background residential demand, and (ii) stochastic EV charger activation. By sampling
both processes, the method quantifies the probability of under-voltage violations and the statistical
dispersion of nodal voltages, enabling robust stability assessment under realistic EV growth scenarios
[13].

3. Methodology
This section details the complete methodological framework adopted to quantify voltage-stability

degradation caused by ultra-fast EV charging and to mitigate it through sensitivity-guided reactive
support. The approach integrates (i) hourly steady-state power-flow simulation, (ii) stochastic uncer-
tainty modeling via Monte Carlo sampling, and (iii) a nodal V–Q sensitivity analysis to both locate
charging stations at robust buses and compute the reactive compensation required at the most critical
buses.

3.1. Overview of the Study Framework

The IEEE 33-bus distribution system is analyzed over a 24-hour horizon. For each hour, multiple
stochastic operating scenarios are generated, capturing the variability of residential demand and EV
charging activation. Each scenario is solved by a power-flow calculation in MATPOWER, producing a
distribution of nodal voltages. The methodology then identifies the weakest (most critical) bus and
applies a local reactive power compensation computed directly from the V–Q auto-sensitivity. The
compensated power flow is re-solved and compared with the uncompensated profile.

To reflect realistic deployment conditions, four representative scenarios are examined, combining
two EV charging penetration levels and two ultra-fast charging power ratings:

• Case 1: 6 charging points at the 6 most robust buses (2, 19, 3, 4, 23, 5), each rated at 1 MW,
consistent with emerging ultra-fast charging platforms (e.g., BYD Super e-Platform up to 1000
kW).

• Case 2: 12 charging points at the 12 most robust buses (2, 19, 3, 4, 23, 5, 24, 6, 20, 26, 27, 21), each
rated at 1 MW.

• Case 3: 6 charging points at buses (2, 19, 3, 4, 23, 5), each rated at 350 kW, following ABB Terra
HP specifications [25].

• Case 4: 12 charging points at buses (2, 19, 3, 4, 23, 5, 24, 6, 20, 26, 27, 21), each rated at 350 kW.
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The 12-node scenarios correspond to ≈ 40% penetration of load buses (12 out of 32 PQ buses),
whereas the 6-node scenarios represent ≈ 20%. This design enables a consistent comparison of
moderate versus high EV charging density under two realistic charger power ratings.

3.2. Uncertainty Modeling with Monte Carlo

At each hour h ∈ {1, . . . , 24}, two independent stochastic processes are modeled: hourly uncer-
tainty in background residential demand and stochastic activation of EV ultra-fast chargers. This
probabilistic representation avoids deterministic bias and yields statistical voltage-risk indicators.

1) Residential demand uncertainty. Let Pd,0(h) and Qd,0(h) denote the baseline active and reactive
residential demands at hour h. A random scaling factor Xh is applied to represent demand variability:

P(k)
d (h) = X(k)

h Pd,0(h), Q(k)
d (h) = X(k)

h Qd,0(h), (5)

where, in Monte Carlo run k,
X(k)

h ∼ U (0.95, 1.05). (6)

The uniform bounds are selected to emulate typical short-term residential load deviations around a
nominal hourly curve.

2) Stochastic EV charging activation. Each charger located at an EV bus m is modeled by a
Bernoulli random variable Yh,m, which indicates whether the charger is active at hour h:

Y(k)
h,m ∼ B(1, ph), (7)

where ph is the empirical probability of EV charging usage at hour h. The corresponding active EV
demand at bus m is:

P(k)
EV,m(h) = Y(k)

h,m PEV,max, (8)

and its reactive component is represented through a fixed charger power factor cos φEV :

Q(k)
EV,m(h) = P(k)

EV,m(h) tan(arccos(cos φEV)). (9)

Thus, the total net load at bus m for sample k and hour h becomes:

P(k)
m (h) = P(k)

d,m(h) + P(k)
EV,m(h), Q(k)

m (h) = Q(k)
d,m(h) + Q(k)

EV,m(h). (10)

For each hour, N Monte Carlo runs are performed (N = 100 in this study), producing a distribution
of nodal voltages. The minimum system voltage in run k is denoted V(k)

min(h), and its hourly mean and
variance are computed using (2)–(3). These statistics provide a probabilistic measure of voltage-stability
risk over daily operation.

3.3. Nodal V–Q Sensitivity Analysis

To guide charger placement and to compute reactive support, a voltage–reactive sensitivity matrix
∂V/∂Q is obtained through perturbation. Let Vi(Qj) be the steady-state voltage magnitude at bus i
when the reactive injection at bus j is Qj. Applying a small perturbation ∆Q at bus j yields:

∂Vi
∂Qj

≈
Vi(Qj + ∆Q)− Vi(Qj)

∆Q
. (11)

The diagonal term
(

∂V
∂Q

)
i

represents the auto-sensitivity of bus i, i.e., the voltage response at the
same bus to its own reactive perturbation. Buses with smaller auto-sensitivity are more robust to
reactive disturbances and are therefore preferred for installing ultra-fast EV charging points.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 December 2025 doi:10.20944/preprints202512.0339.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0339.v1
http://creativecommons.org/licenses/by/4.0/


6 of 21

3.4. Sensitivity-Guided Reactive Compensation

For each hour h, the bus with the smallest mean voltage is identified as

i⋆ = arg min
i

µVi (h). (12)

If µVi⋆
(h) < 0.95 p.u., a corrective reactive injection is computed directly from the auto-sensitivity:

Qcomp(h) =
1 − µVi⋆

(h)(
∂V
∂Q

)
i⋆

. (13)

This expression provides a closed-form estimate of the reactive power required to restore the
critical-bus voltage toward 1 p.u. The compensation is implemented in MATPOWER as a shunt
susceptance added at bus i⋆, after which the power flow is re-solved to obtain the compensated voltage
profile.

3.5. Algorithmic Workflow

Algorithm 1 summarizes the hourly Monte Carlo simulation and the subsequent sensitivity-based
compensation. The algorithm is executed sequentially for all 24 hours, producing uncompensated and
compensated voltage trajectories as well as the hourly reactive support required to preserve voltage
stability.

Algorithm 1: Probabilistic voltage assessment with sensitivity-based compensation
Input: IEEE 33-bus system (MATPOWER), residential base curves, EV charging profiles,

sensitivity matrix ∂V/∂Q
Output: Hourly voltages, critical buses, compensation Qcomp, statistical indicators

1 for h = 1 to 24 do
2 for k = 1 to N do

3 Sample X(k)
h ∼ U (0.95, 1.05);

4 Sample Y(k)
h,m ∼ B(1, ph) for each EV bus m;

5 Build loads using (5)–(10);
6 Run power flow (uncompensated);

7 Store V(k)
i (h) and V(k)

min(h);

8 Compute µVi (h), µVmin(h), σ2
Vmin

(h);

9 Identify critical bus i⋆ = arg mini µVi (h);
10 if µVi⋆

(h) < 0.95 then
11 Compute Qcomp(h) using (13);
12 Inject shunt compensation at i⋆;
13 Re-run power flow (compensated);

14 Save uncompensated and compensated profiles;

3.6. Illustrative Flowchart

For clarity and reproducibility, Figure 1 depicts the same workflow in a compact flowchart. The
diagram highlights the sequential structure: Monte Carlo sampling, uncompensated power-flow
solution, statistical aggregation, detection of under-voltage, computation of Qcomp, and compensated
re-solution.
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Start hour h

Monte Carlo sampling
X(k)

h , Y(k)
h,m

Run uncompensated
power flow
store V(k)

i (h)

Compute statistics
µVi (h), µVmin (h)

Identify critical bus
i⋆ = arg mini µVi (h)

µVi⋆
(h) < 0.95?

Compute Qcomp(h)
using (13)

Run compensated
power flow

Save hourly results
(before/after)

Next hour h + 1

Yes No

Figure 1. Workflow of the proposed Monte Carlo voltage assessment with sensitivity-based reactive compensation.

4. Results
This section summarizes the numerical results of the proposed probabilistic voltage-assessment

framework. First, the V–Q nodal sensitivity ranking is reported to justify charger siting. Next, the
four charging scenarios are analyzed in terms of minimum-hourly voltage, critical buses, and the
required sensitivity-guided reactive compensation. Finally, a compact cross-case summary is provided
to highlight the influence of charger rating and penetration level on voltage stability.

4.1. Nodal Sensitivity Analysis

Nodal V–Q sensitivity indicates how strongly each PQ bus voltage responds to incremental
reactive-power changes. The auto-sensitivity index ∂V/∂Q measures the voltage variation at a bus
when reactive power is injected at that same bus. Hence, smaller values denote higher robustness,
because the bus experiences weaker voltage deviations for a given reactive perturbation. This property
makes low-sensitivity buses technically preferable for connecting large EV charging loads.

Figure 2 shows the auto-sensitivity values for all PQ buses of the IEEE 33-bus feeder. The lowest
sensitivities are concentrated in the central–southern portion of the network, identifying electrically
strong locations.

From this ranking, the robust buses selected for EV charger placement are:

• Cases 1 and 3 (6 chargers): buses 2, 19, 3, 4, 23, 5.
• Cases 2 and 4 (12 chargers): buses 2, 19, 3, 4, 23, 5, 24, 6, 20, 26, 27, 21.
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Table 1 provides the full sorted list of buses by auto-sensitivity. This classification substantiates
the siting strategy for the subsequent probabilistic simulations.

Figure 2. Nodal auto-sensitivity ∂V/∂Q of PQ buses in the IEEE 33-bus system.

Table 1. Ranking of PQ buses by nodal auto-sensitivity ∂V/∂Q.

Bus Sensitivity [pu/Mvar]

2 0.00025
19 0.00176
3 0.00193
4 0.00320
23 0.00353
5 0.00545
24 0.00571
6 0.00966
20 0.00983
26 0.01037
27 0.01145
21 0.01265
25 0.01317
7 0.01816
8 0.01858
22 0.01876
9 0.02078
29 0.02372
30 0.02584
10 0.02610
11 0.02660
12 0.02754
31 0.02713
32 0.03527
13 0.03586
14 0.03904
33 0.04051
16 0.04476
17 0.04857
18 0.06458

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 December 2025 doi:10.20944/preprints202512.0339.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0339.v1
http://creativecommons.org/licenses/by/4.0/


9 of 21

Overall, the sensitivity study confirms that robust-bus siting reduces the intrinsic vulnerability
of the feeder to EV charging, but it does not by itself guarantee immunity to under-voltage under
high-power, high-penetration conditions. This motivates the compensation analysis below.

4.2. Case 1: 6 Robust Buses, 1 MW Chargers

Case 1 evaluates moderate EV penetration using six ultra-fast chargers located at the most robust
buses (2, 19, 3, 4, 23, 5). Each charger is rated at 1 MW. The objective is to quantify the resulting
minimum-voltage degradation and test the proposed sensitivity-based compensation.

Hourly Minimum-Voltage Behavior

Figure 3 compares the hourly minimum system voltage before and after applying nodal compen-
sation. Without compensation, the minimum voltage violates the 0.95 p.u. limit from hour 7 to hour
22, reaching a nadir of 0.881 p.u. at hour 11. Such a sustained infravoltage interval reflects the strong
aggregated demand imposed by simultaneous 1 MW charging, even when chargers are connected to
robust buses.

After injecting reactive support at the critical bus of each hour, the minimum-voltage profile
improves substantially. Although the system does not recover to exactly 1 p.u., the compensated
minimum remains in an acceptable range (above ≈0.926 p.u. at the most stressed hours), demonstrating
effective mitigation.

Figure 3. Hourly minimum-voltage profile before and after compensation (Case 1).

Reactive Compensation Summary

Table 2 reports the stressed hours and the reactive injection required to restore voltage. Bus 18 is
consistently the critical location. The required Qcomp ranges from 1.56 to 2.61 Mvar, with the highest
demand aligned with the daytime load peak. Negative values correspond to capacitive support in
MATPOWER convention.

This case confirms that robust placement reduces but does not eliminate voltage violations under
1 MW ultra-fast charging; however, the proposed local compensation restores feasibility efficiently.
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Table 2. Hourly reactive compensation summary (Case 1).

Hour Critical bus Vmin [p.u.] Qcomp [Mvar]

6 18 0.950 -1.56
7 18 0.930 -1.86
8 18 0.915 -2.09
9 18 0.893 -2.44
10 18 0.884 -2.61
11 18 0.881 -2.61
12 18 0.896 -2.36
13 18 0.913 -2.12
14 18 0.926 -1.93
15 18 0.923 -1.97
16 18 0.910 -2.17
17 18 0.907 -2.22
18 18 0.919 -2.04
19 18 0.918 -2.02
20 18 0.919 -2.04
21 18 0.929 -1.88
22 18 0.941 -1.69

4.3. Case 2: 12 Robust Buses, 1 MW Chargers

Case 2 represents high penetration (12 ultra-fast chargers) at the most robust buses. Each unit is
rated at 1 MW. This scenario stresses the feeder under dense ultra-fast charging.

Figure 4 shows that uncompensated minimum voltages collapse below 0.85 p.u. at peak hours
(9–11), reaching about 0.803 p.u. Such values are close to a static voltage-collapse regime for radial
feeders. With compensation, the minimum profile is lifted above 0.90 p.u. across the critical interval,
validating the mitigation principle, although full recovery to 1 p.u. is limited by the magnitude of the
aggregated load and network topology.

Figure 4. Hourly minimum-voltage profile before and after compensation (Case 2).

Table 3 shows that the critical bus shifts between buses 18 and 33. Under dense charging, the
feeder-end bus (33) becomes dominant during the most stressed hours, requiring up to 6.35 Mvar of
capacitive support.
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Table 3. Hourly reactive compensation summary (Case 2).

Hour Critical bus Vmin [p.u.] Qcomp [Mvar]

6 18 0.950 -1.56
7 18 0.917 -2.05
8 18 0.888 -2.51
9 33 0.833 -5.57
10 33 0.803 -6.35
11 33 0.803 -6.35
12 33 0.859 -5.43
13 33 0.872 -4.58
14 33 0.892 -4.06
15 18 0.903 -2.28
16 18 0.903 -2.27
17 18 0.893 -2.42
18 18 0.887 -2.47
20 33 0.877 -4.46
21 33 0.880 -4.37
22 33 0.900 -3.85
23 33 0.935 -2.95

Therefore, Case 2 evidences that high ultra-fast charging density can drive severe under-voltage
and relocate weakness toward the feeder tail.

4.4. Case 3: 6 Robust Buses, 350 kW Chargers

Case 3 keeps the same moderate penetration (6 chargers) but reduces unit power to 350 kW. This
isolates the effect of charger rating on voltage stability.

Figure 5 indicates that uncompensated voltages still fall below 0.95 p.u. during daytime peaks,
but the valley is shallower than in Case 1 (minimum around 0.902 p.u.). Compensation restores the
minimum to roughly 0.93–0.94 p.u. in the stressed interval, confirming improved resilience at lower
ratings.

Figure 5. Hourly minimum-voltage profile before and after compensation (Case 3).

As reported in Table 4, the critical bus remains bus 18, yet the reactive support needed decreases,
peaking at 2.29 Mvar.
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Table 4. Hourly reactive compensation summary (Case 3).

Hour Critical bus Vmin [p.u.] Qcomp [Mvar]

6 18 0.950 -1.56
7 18 0.934 -1.80
8 18 0.923 -1.97
9 18 0.909 -2.18
10 18 0.902 -2.29
11 18 0.902 -2.29
12 18 0.914 -2.11
13 18 0.925 -1.93
14 18 0.931 -1.85
15 18 0.928 -1.88
16 18 0.922 -1.97
17 18 0.912 -2.14
18 18 0.918 -2.08
19 18 0.918 -2.04
20 18 0.930 -1.86
21 18 0.942 -1.67

4.5. Case 4: 12 Robust Buses, 350 kW Chargers

Case 4 combines high penetration (12 chargers) with the reduced unit rating of 350 kW.
Figure 6 shows sustained under-voltage from hours 6 to 22 in the uncompensated profile, with

the minimum reaching 0.878 p.u. at hour 10. Although the violation is less severe than Case 2, it
confirms that high penetration alone is sufficient to drive instability even at moderate power levels.
Compensation lifts the valley to about 0.90–0.94 p.u.

Figure 6. Hourly minimum-voltage profile before and after compensation (Case 4).

Table 5 indicates that bus 18 remains the critical location and requires up to 2.66 Mvar, clearly
below the peak need observed for 1 MW chargers.
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Table 5. Hourly reactive compensation summary (Case 4).

Hour Critical bus Vmin [p.u.] Qcomp [Mvar]

6 18 0.950 -1.56
7 18 0.930 -1.86
8 18 0.914 -2.11
9 18 0.890 -2.47
10 18 0.878 -2.66
11 18 0.878 -2.66
12 18 0.895 -2.40
13 18 0.912 -2.14
14 18 0.924 -1.99
15 18 0.920 -2.04
16 18 0.916 -2.07
17 18 0.910 -2.17
18 18 0.909 -2.18
19 18 0.910 -2.18
20 18 0.916 -2.07
21 18 0.927 -1.91
22 18 0.939 -1.72

4.6. Cross-Case Summary and Discussion

To provide a compact view of the main system-level effects, Table 6 compares the four scenarios
using three stability indicators: (i) the minimum uncompensated voltage across the day, (ii) the
minimum compensated voltage across the day, and (iii) the maximum reactive support required in any
hour. These indicators are consistent with the profiles and hourly compensation tables reported above.

Table 6. Cross-case stability indicators.

Case minh Vmin (uncomp.) minh Vmin (comp.) maxh |Qcomp| [Mvar]

1: 6 buses, 1 MW 0.881 ≈ 0.926 2.61
2: 12 buses, 1 MW 0.803 ≈ 0.90 6.35
3: 6 buses, 350 kW 0.902 ≈ 0.94 2.29
4: 12 buses, 350 kW 0.878 ≈ 0.90–0.94 2.66

Two consistent trends emerge:

• Effect of penetration: Increasing the number of chargers from 6 to 12 deepens the voltage valley
and increases the required reactive support. Under 1 MW charging, this shift is particularly severe
(Case 2), and the weakest bus migrates toward the feeder end (bus 33).

• Effect of charger rating: Reducing the unit rating from 1 MW to 350 kW mitigates under-voltage
and lowers compensation needs at both penetration levels. The improvement is evident when
comparing Case 1 vs. Case 3 (moderate penetration) and Case 2 vs. Case 4 (high penetration).

These results confirm that robust-bus siting and sensitivity-guided local reactive compensation
are complementary: siting reduces baseline vulnerability, while compensation ensures operational
feasibility under stochastic high-demand charging. Moreover, limiting ultra-fast charger ratings (or
enforcing smart charging profiles) appears as a practical planning lever to preserve voltage stability in
distribution feeders with increasing EV adoption.

4.7. Comparison of Case 1 vs. Case 3 (6 Chargers)

Figure 7 contrasts moderate-penetration scenarios. Both cases exhibit their deepest drop around
hours 9–11, but Case 3 (350 kW) increases the uncompensated minimum from 0.881 p.u. to 0.902 p.u.
and yields a higher compensated minimum. Therefore, lowering unit charger power reduces both the
intensity and duration of voltage violations.
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Figure 7. Minimum-voltage comparison before and after compensation (Cases 1 and 3).

4.8. Comparison of Case 2 vs. Case 4 (12 Chargers)

Figure 8 compares high-penetration scenarios. Case 2 (1 MW) produces a minimum of ∼0.80 p.u.,
whereas Case 4 limits the minimum to 0.878 p.u. With compensation, Case 4 sustains higher voltages
and requires substantially less reactive support, reinforcing the benefit of moderate-power charging
under dense deployment.

Figure 8. Minimum-voltage comparison before and after compensation (Cases 2 and 4).

5. Discussion
This section interprets the main findings obtained from the probabilistic power-flow assessment

and the sensitivity-guided reactive compensation. The discussion is organized around three central
aspects: (i) the physical meaning of the V–Q sensitivity ranking and its role in charger placement, (ii)
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the impact of EV charging power and penetration on the minimum-voltage trajectory, and (iii) the
effectiveness and operational interpretation of the proposed compensation strategy under uncertainty.

5.1. Interpretation of V–Q Sensitivity and Charger Placement

The nodal sensitivity analysis based on ∂V/∂Q provides a physically grounded indicator of how
robust each bus is to reactive-power perturbations. Buses exhibiting low auto-sensitivity correspond to
locations where a given reactive-power change produces a relatively small voltage deviation. In radial
distribution systems, these buses are typically closer to the slack/substation or embedded within
stronger lateral branches with lower equivalent impedance. Therefore, selecting the least sensitive
buses for charger installation is consistent with conventional planning logic: new high-power loads
should be allocated on electrically stiff nodes to limit voltage deterioration.

The ordered sensitivity values in Table 1 confirm a clear stratification between robust and weak
buses. Importantly, even though chargers are installed only on the most robust buses, the system
minimum voltage still drops below the operational threshold in all scenarios. This highlights two
practical messages. First, V–Q robustness is a necessary but not sufficient condition to guarantee
voltage compliance under ultra-fast charging; the cumulative loading level and feeder characteristics
remain dominant. Second, the sensitivity ranking is still valuable because it delays the onset of
under-voltage and reduces its depth compared to what would occur under random placement, thus
providing a rational baseline for high-power infrastructure planning.

5.2. Impact of EV Charging Power and Penetration Level

A key result across the four scenarios is the systematic relationship between charging power,
penetration level, and the severity of voltage violations. For a fixed number of charging points,
reducing the unit charging power from 1 MW to 350 kW mitigates both the depth and duration of the
minimum-voltage sag. This behavior is evident when comparing Case 1 versus Case 3 and Case 2
versus Case 4, where the lowest voltages shift upward and the under-voltage interval becomes shorter
under the 350 kW rating. Physically, this is expected because voltage drops in radial feeders are
proportional to the line impedance weighted by active and reactive current. Lower charging power
implies lower current injection into the feeder, alleviating voltage stress.

Penetration level plays an equally strong role. The 12-charger cases (Cases 2 and 4) represent
high-density EV charging, and their minimum-voltage valleys are noticeably more severe than in
the 6-charger cases, even when chargers are placed on robust buses. This confirms that distribution
networks can tolerate moderate ultra-fast charging only up to a certain density; beyond that, voltage
compliance becomes contingent on additional control or compensation. In this sense, the 12-node
cases can be interpreted as stress-test scenarios that emulate future high-adoption conditions or urban
charging corridors, while the 6-node cases resemble intermediate adoption phases. The contrast
between these levels provides a practical planning insight: voltage-stability margins shrink rapidly
with EV clustering, and infrastructure roll-out should be coordinated with voltage-support measures.

5.3. Role of Load Uncertainty and Monte Carlo Assessment

The Monte Carlo framework clarifies that voltage stability in EV-rich feeders is not governed
by a single deterministic trajectory, but rather by a distribution of possible operating states driven
by residential demand variability and stochastic charger activation. The resulting minimum-voltage
profiles therefore represent expected behavior under uncertainty, which is more informative for
planning than a single worst-case snapshot.

Two important implications follow. First, the hours identified as critical are consistent across
Monte Carlo realizations, indicating that the network has structurally vulnerable time windows
where the combination of residential peak and EV coincidence is recurrent. Second, the probabilistic
aggregation yields smoother and more reliable indicators of operational risk. In practice, this means
that the compensation strategy is not reacting to accidental outliers but to statistically persistent
under-voltage trends, which strengthens its relevance for real operation and planning.
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5.4. Effectiveness of Sensitivity-Guided Reactive Compensation

The proposed compensation method uses auto-sensitivity to estimate the reactive injection re-
quired to restore voltages. Across all scenarios, the compensated profiles show a clear upward shift of
the minimum-voltage curve, reducing the violation depth by several hundredths of p.u. and raising
the worst-hour voltages close to, or above, the admissible band. This demonstrates that a local reactive
correction, even when computed with a lightweight sensitivity-based rule, can meaningfully improve
stability under ultra-fast charging stress.

A notable and consistent pattern is that the same buses emerge as critical (particularly bus 18, and
bus 33 in the most stressed scenario). This is not an artifact of the algorithm, but rather a structural
feature of the IEEE 33-bus feeder: weak buses tend to be electrically distant from the slack, with high
cumulative impedance and heavy downstream loading. The compensation results therefore align
with physical intuition: reactive power is most needed at the farthest and most voltage-sensitive ends
of the feeder. From a planning perspective, this indicates that voltage-support resources (such as
switched capacitors, SVCs, or inverter-based VAR support) should be prioritized at those locations
when ultra-fast charging is introduced.

It is also relevant that compensation does not always restore the minimum voltage to 1 p.u.,
especially in the 12-charger, 1 MW case. This underscores a realistic operational interpretation: when
active-power stress is high, reactive support alone can elevate voltages into an acceptable band but
may not fully eliminate deviations without complementary measures such as coordinated charging,
feeder reinforcement, or distributed generation support. The method therefore should be viewed as an
efficient and practical corrective layer within a broader voltage-control toolkit.

5.5. Engineering Implications

Taken together, the findings provide three actionable implications for distribution operators facing
large-scale EV integration:

1. Placement on robust buses is beneficial but insufficient under high penetration. Sensitivity-
based siting reduces risk, but feeder-wide voltage limits can still be violated if ultra-fast chargers
cluster too densely.

2. Limiting unit charging power eases voltage stress substantially. Switching from 1 MW to
350 kW chargers offers measurable stability gains, suggesting that mixed charging hierarchies
(ultra-fast in strong nodes and fast elsewhere) can be a practical compromise.

3. Reactive compensation can serve as a low-complexity stability enhancer. Sensitivity-guided
VAR support improves voltage profiles without iterative optimization, enabling scalable deploy-
ment for hourly operational planning or preliminary infrastructure studies.

Overall, the proposed Monte Carlo–sensitivity framework captures both the probabilistic nature
of EV demand and the physics of voltage-support needs, providing a consistent basis for assess-
ing and mitigating voltage-stability risks in distribution systems undergoing rapid transportation
electrification.

6. Conclusions
This work investigated the steady–state voltage stability of an IEEE 33-bus distribution feeder

under different levels of ultra-fast EV charging, incorporating demand uncertainty and a sensitivity-
driven reactive compensation scheme. The main conclusions, explicitly linked to the research objectives,
are summarized as follows:

• Fulfillment of Objective 1: Probabilistic modeling of EV-demand uncertainty. The uncertainty
associated with both residential demand and EV charging activation was successfully represented
through an hourly Monte Carlo framework. Modeling charger usage with a binomial (Bernoulli)
process and scaling residential demand via random hourly factors enabled the generation of
statistically consistent operating scenarios. This approach captured the inherent variability of
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user behavior and load coincidence, yielding realistic distributions of nodal voltages rather than
single deterministic trajectories. Consequently, the resulting voltage profiles provide a robust
basis for planning and operational assessment in EV-rich distribution systems.

• Fulfillment of Objective 2: Identification of voltage-instability patterns and critical buses. By
evaluating four charging scenarios with different penetration levels (6 vs. 12 chargers) and power
ratings (1 MW vs. 350 kW), the study quantified how ultra-fast EV loads degrade the feeder
voltage profile even when chargers are placed on robust buses. The V–Q sensitivity analysis
∂V/∂Q consistently revealed bus 18 as the most critical node across all cases, and bus 33 in the
most stressed scenario, confirming that voltage weakness is structurally tied to electrically remote
and heavily loaded sections of the feeder. This objective was therefore met by providing a clear,
physics-based localization of vulnerability and a justified selection of candidate buses for EV
infrastructure.

• Fulfillment of Objective 3: Sensitivity-guided reactive compensation and voltage recovery. The
proposed compensation strategy, computed directly from the auto-sensitivity terms of the ∂V/∂Q
matrix, was implemented hour-by-hour in MATPOWER whenever under-voltage conditions
emerged. The compensated results demonstrated systematic voltage recovery: in the most
critical periods, the minimum system voltage increased by approximately 0.03 p.u. to 0.12 p.u.,
substantially shrinking or eliminating operation below the 0.95 p.u. threshold. This confirms
that a lightweight, non-iterative sensitivity rule can provide effective local VAR support under
uncertainty, improving stability without the computational burden of full optimization-based
methods.

• Global technical insight: Effect of charger power and penetration density. Across all scenarios,
two dominant trends were verified. First, higher charging density (12 points) produces deeper and
longer voltage valleys than moderate density (6 points), indicating that feeder voltage margins
decrease rapidly with EV clustering. Second, reducing the unit charging power from 1 MW to
350 kW noticeably mitigates the severity and duration of infra-voltages and lowers the reactive
support required for correction. Therefore, combining (i) sensitivity-based siting, (ii) controlled
charger power levels, and (iii) targeted reactive compensation constitutes a technically viable
pathway to preserve acceptable voltage stability in distribution networks experiencing high EV
penetration.

Overall, the proposed Monte Carlo–sensitivity methodology provides a consistent and repro-
ducible framework to quantify voltage-stability risks and to design practical mitigation actions for
future distribution systems with widespread ultra-fast EV charging.
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Appendix A
Appendix A.1. IEEE 33-Bus Test System Description

The distribution feeder adopted in this study is the IEEE 33-bus test system, a widely used
benchmark for assessing voltage-control strategies, optimization techniques, and sensitivity-based
planning in radial distribution networks. The system consists of 33 buses, 32 distribution lines, and a
slack bus (Bus 1) representing the main substation with regulated voltage.

Before presenting the numerical data, it is important to note that all loads are modeled as constant
PQ demands. Bus 1 operates as the reference (slack) bus, while the remaining buses correspond to
PQ nodes. The bus data in Table A1 include active and reactive demands, nominal voltage level, and
operational voltage limits. Likewise, the line parameters in Table A3 provide the per-branch resistance
and reactance used for the power-flow simulations.

Bus Data

Table A1. Load data of the IEEE 33-bus distribution system.

Bus Pd [kW] Qd [kVAr] baseKV Vmax [p.u.] Vmin [p.u.]

1 0 0 12.66 1.00 1.00
2 100 60 12.66 1.10 0.90
3 90 40 12.66 1.10 0.90
4 120 80 12.66 1.10 0.90
5 60 30 12.66 1.10 0.90
6 60 20 12.66 1.10 0.90
7 200 100 12.66 1.10 0.90
8 200 100 12.66 1.10 0.90
9 60 20 12.66 1.10 0.90
10 60 20 12.66 1.10 0.90
11 45 30 12.66 1.10 0.90
12 60 35 12.66 1.10 0.90
13 60 35 12.66 1.10 0.90
14 120 80 12.66 1.10 0.90
15 60 10 12.66 1.10 0.90
16 60 20 12.66 1.10 0.90
17 60 20 12.66 1.10 0.90
18 90 40 12.66 1.10 0.90
19 90 40 12.66 1.10 0.90
20 90 40 12.66 1.10 0.90
21 90 40 12.66 1.10 0.90
22 90 40 12.66 1.10 0.90
23 90 50 12.66 1.10 0.90
24 420 200 12.66 1.10 0.90
25 420 200 12.66 1.10 0.90
26 60 25 12.66 1.10 0.90
27 60 25 12.66 1.10 0.90
28 60 20 12.66 1.10 0.90
29 120 70 12.66 1.10 0.90
30 200 600 12.66 1.10 0.90
31 150 70 12.66 1.10 0.90
32 210 100 12.66 1.10 0.90
33 60 40 12.66 1.10 0.90

Slack Generator Data

The system contains a single slack generator at Bus 1. Its active and reactive power outputs are
determined by the power-flow solution, subject to the reactive limits given in Table A2.
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Table A2. Slack generator limits.

Bus PG [MW] QG [Mvar] Qmax [Mvar] Qmin [Mvar]

1 0 0 10 -10

Line Data

Table A3 lists the distribution-line parameters. Values correspond to the standard IEEE 33-bus
feeder data set.

Table A3. Electrical parameters of the IEEE 33-bus distribution lines.

From To r [Ω] x [Ω]

1 2 0.0922 0.0470
2 3 0.4930 0.2511
3 4 0.3660 0.1864
4 5 0.3811 0.1941
5 6 0.8190 0.7070
6 7 0.1872 0.6188
7 8 0.7114 0.2351
8 9 1.0300 0.7400
9 10 1.0440 0.7400

10 11 0.1966 0.0650
11 12 0.3744 0.1238
12 13 1.4680 1.1550
13 14 0.5416 0.7129
14 15 0.5910 0.5260
15 16 0.7463 0.5450
16 17 1.2890 1.7210
17 18 0.7320 0.5740
2 19 0.1640 0.1565

19 20 1.5042 1.3554
20 21 0.4095 0.4784
21 22 0.7089 0.9373
3 23 0.4512 0.3083

23 24 0.8980 0.7091
24 25 0.8960 0.7011
6 26 0.2030 0.1034

26 27 0.2842 0.1447
27 28 1.0590 0.9337
28 29 0.8042 0.7006
29 30 0.5075 0.2585
30 31 0.9744 0.9630
31 32 0.3105 0.3619
32 33 0.3410 0.5302
21 8 2.0000 2.0000
9 15 2.0000 2.0000

12 22 2.0000 2.0000
18 33 0.5000 0.5000
25 29 0.5000 0.5000
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