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Abstract

Stable operating conditions in electrolyzers are crucial for preserving system durability,
ensuring highly pure hydrogen production, and enabling the sustainable utilization of
surplus renewable electricity. However, in active distribution networks, the output un-
certainty of distributed energy resources, such as renewable energy sources (RES) on the
generation side and load demand side, can lead to voltage fluctuations that threaten the
operational stability of electrolyzers and limit their contribution to a low-carbon energy
transition. This paper proposes a novel framework for optimal electrolyzer placement,
tailored to their operational requirements and to the planning of sustainable renewable-
integrated distribution systems. First, probabilistic scenario generation is carried out for
RES and load to capture the characteristics of their inherent uncertainties. Second, based
on these scenarios, continuous power-flow-based P-V (power—voltage) curve analysis
is conducted to evaluate voltage stability and identify the loadability and load margin
for each bus. Finally, the optimal siting of electrolyzers is determined by analyzing the
load margins obtained from the voltage stability assessment and deriving a probabilistic
electrolyzer hosting capacity. A case study under various uncertainty scenarios examines
how applying this method influences the ability to maintain acceptable voltage levels at
each bus in the grid. The results indicate that the method can significantly improve the
likelihood of stable electrolyzer operation, support the reliable integration of green hydro-
gen production into distribution networks, and contribute to the sustainable planning of
other voltage-sensitive equipment.

Keywords: electrolyzer; probabilistic voltage stability assessment; load margin; P-V curve;
electrolyzer hosting capacity; renewable-integrated distribution systems; green hydrogen;
sustainable energy systems

1. Introduction

Global decarbonization efforts are accelerating in response to the ongoing climate
crisis, with a strong emphasis on developing technologies that support the integration of
renewable energy sources into power systems. Although renewable energy has signifi-
cantly reduced carbon dioxide emissions, its inherent variability challenges consistent and
reliable power generation. Hydrogen has recently emerged as a promising solution to
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address the uncertainty associated with renewable energy [1]. Green hydrogen, produced
through water electrolysis, stabilizes power systems by converting surplus electricity into
storable hydrogen. This stored hydrogen can later be used to generate electricity when
renewable generation falls short of demand. As part of a global initiative to establish a com-
prehensive hydrogen value chain—including production, storage, and distribution—there
is increasing demand for water electrolyzers capable of efficiently converting electricity
into hydrogen. While electrolyzers currently contribute only about 0.1% to global hydrogen
production, the rapid expansion of installed capacity—from 700 MW in 2022 to 2 GW
within a year—indicates that green hydrogen is poised to play a transformative role in
hydrogen production over the coming decades [2]. Moreover, from a system operation
perspective, electrolyzers can be operated as long-duration, controllable loads that continu-
ously absorb renewable variability and contribute to frequency regulation. At the same
time, they convert surplus electricity into value-added hydrogen, which can be stored and
utilized in other sectors, thereby enhancing overall economic viability. This distinguishes
electrolyzers from conventional battery energy storage systems, which can provide similar
short-term flexibility services but are inherently limited by their discharge duration and can
only charge and discharge electrical energy without creating an additional energy carrier.

Two primary types of water electrolysis technologies exist: alkaline electrolysis (AEL)
and proton exchange membrane (PEM) electrolysis. AEL currently accounts for over 60%
of installed electrolyzers, primarily due to its low capital cost and high durability. However,
compared with PEM technology, AEL systems typically exhibit lower current density, a
larger installation footprint, and a more restricted dynamic operating range, which makes
their integration with variable renewable power more challenging [3].

In contrast, PEM electrolyzers can rapidly respond to load fluctuations due to their
cationic polymer electrolyte. However, they are more expensive to produce, requiring rare
metals for their electrodes [4]. Emerging technologies such as anion exchange membrane
(AEM) electrolysis offer both fast dynamic response and cost-effectiveness but remain in
the early stages of development [5]. While recent studies have focused on enhancing the
robustness of electrolyzers under variable generation and load conditions [6], advance-
ments in materials engineering often require extended timeframes to reach commercial
viability. Given its relatively high level of technological maturity, the early-stage hydrogen
industry is expected to rely heavily on AEL technology. Therefore, it is essential to develop
technologies that enhance the operational efficiency and flexibility of AEL systems to fa-
cilitate the broader adoption of water electrolyzers and support the global roadmap for
hydrogen expansion.

To ensure the stable operation of AEL systems, their specific operational requirements
must be carefully considered. First, electrolyzer must be maintained within a specific volt-
age range to protect the electrical balance of plant (E-BOP). Second, a minimum operational
load threshold must be upheld to preserve gas purity and the chemical stability of the
electrolysis process. If the grid-side conditions fail to satisfy these constraints, the power
converter is forced to shut down until acceptable operating conditions are restored, and
frequent transitions across these limits may accelerate component aging [7,8].

Load fluctuations and the inherent unpredictability of renewable energy generation
can lead to voltage instability within the distribution system. However, the extent of this
impact varies depending on the specific bus location within the same grid. As a result,
the probability of an AEL maintaining stable operation under such uncertain conditions
may differ based on its point of connection. In this context, the present study proposes a
methodology to evaluate the feasibility of various locations in sustaining the operational
conditions required for AEL performance.
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In the meantime, Relatively little research has been devoted to evaluating electrolyzer
locations based on operational stability and efficiency, which represents a critical gap that
deserves further investigation. Kim et al. [9] optimized electrolyzer placement based on
voltage stability; however, they did not account for uncertainties arising from renewable
generation and load variability. Therefore, it is essential to incorporate distribution sys-
tem uncertainties into the evaluation process to assess suitable locations for electrolyzer
deployment accurately. Numerous power system studies have incorporated uncertainty
modeling for various purposes. Previous research has typically focused on uncertainty
in determining the optimal location or size of distributed generation (DG). For example,
the authors of [10] used a normal distribution to model probabilistic power demand. Simi-
larly, refs.[11,12] proposed an optimization method for DG placement to reduce power
losses in the distribution system, using a Weibull distribution for wind speed and a normal
distribution for load demand.

Combining probabilistic models with voltage stability analysis has been used to assess
whether the electrolyzer can reliably meet its operational requirements under uncertain
conditions. Accordingly, several studies have applied probabilistic models to voltage
stability assessment to account for distribution systems’ inherent unpredictability. For
example, prior studies introduced probabilistic methods for evaluating voltage stability
that emphasize the impacts of load variations and generator outages [13,14]. More recently,
a non-parametric approach using vine copula and Gaussian process emulation was pro-
posed to assess probabilistic load margins under renewable generation uncertainties while
accounting for correlations among wind speeds, solar generation, and load demand [15].

Moreover, Xu et al. [16] introduced a global sensitivity analysis method to prioritize
uncertainties in renewable energy sources by evaluating correlation and importance indices,
thereby identifying critical variables that influence a grid’s load margin. In another study,
Rawat et al. [17] applied a contingency ranking approach in combination with detailed
load models to calculate probabilistic voltage stability margins. Similarly, the authors
of [18] proposed a novel approach using a probabilistic transferable deep kernel emulator
integrated with a deep neural network to examine how various uncertainty sources (e.g.,
wind generation and load demand) correlate with the load margin.

In addition, several studies have focused on improving sampling methods for prob-
abilistic analysis to enhance computational efficiency. For example, Zhang et al. [19]
combined Latin hypercube sampling with a twice-permutation technique to improve prob-
abilistic estimation while considering the direction of power increment. Similarly, Liu
et al. [20] proposed a two-point estimation method integrated with continuation power
flow (CPF) to determine the probability density function (PDF) of critical voltage stability
and compared its computational efficiency with that of Monte Carlo simulation. However,
ref. [10-20] have not been devoted to the optimal placement of electrolyzers, indicating
that, to the best of our knowledge, there has so far been almost no literature evaluating the
power-system impacts of electrolyzer integration under uncertainty.

Based on the above literature review, Table 1 comparatively summarizes representative
studies in terms of whether they address electrolyzer placement, power-system impacts,
input uncertainties, and CPF-based P-V analysis.

As summarized above, most existing studies on electrolyzer placement do not ex-
plicitly incorporate voltage stability assessment. In addition, the voltage stability studies
traditionally addressed in the power systems literature are largely confined to transmission
networks, which makes their direct application to the distribution system where electrolyz-
ers are connected. However, since electrolyzers are strongly voltage-sensitive loads, a
dedicated evaluation of the voltage stability margin at the prospective electrolyzer intercon-
nection buses is essential. Even though the authors of [9] have introduced a voltage stability
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based electrolyzer placement strategy, the lack of uncertainty modeling limits its ability to
evaluate the load margin at each bus. Figure 1 illustrates how uncertainties in PV output
and load demand are incorporated into a voltage stability—based placement framework.
In the deterministic approach of [9], the analysis is performed for a single scenario, which
yields a single load margin (i.e., electrolyzer hosting capacity) at each bus. By contrast, in
the probabilistic framework, a set of operating scenarios is generated, the corresponding
system operating points are evaluated, and bus-level load margins are computed for each
scenario. This enables the derivation of a probabilistic electrolyzer hosting capacity that
reflects the range of system conditions under PV and load uncertainty, rather than a single
deterministic value. As a result, a deterministic assessment may overlook the risk induced
by PV and load uncertainties under grid-connected operating conditions and fail to identify
buses where the electrolyzer faces a high probability of insufficient voltage stability margin.

Table 1. Comparison of Proposed Method with Related Works.

Electrolyzer Placement

Literature Strategy Power System Impact Uncertainty CPF
[21,22] v - - -
[9] v v - -
[10-18] - v v -
[19,20] - v v v
Proposed v v v v

Note: v" indicates that the item is applicable, while - indicates not applicable.
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Figure 1. Schematic of the renewable-integrated distribution network and probabilistic voltage
stability-based placement framework. The numbers at each node represent the bus indices of the
distribution feeder.
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To this end, a novel framework is proposed for the optimal placement of electrolyzers
based on probabilistic voltage stability analysis in distribution networks. In this paper,
PV output and load are modeled as random variables with prescribed PDFs to capture
their inherent uncertainties. Monte Carlo sampling from these distributions yields a set
of operating scenarios (i.e., PV and load samples), which are then used in the electrolyzer
placement analysis. Subsequently, the loadability and load margin for each bus and scenario
are evaluated through voltage stability analysis, taking into account the allowable voltage
operating range of electrolyzers. Finally, the optimal location is determined as the bus
with the largest load margin. This study contributes to improving the efficiency of green
hydrogen production and mitigating electrolyzer degradation. The research employs
MATPOWER [23] to perform CPF calculations, enabling the determination of load margins
and power-voltage characteristics for each scenario. The main contributions of this paper
are summarized as follows:

¢  To the best of the authors’” knowledge, this study is the first to propose an optimal
electrolyzer placement strategy that explicitly considers voltage stability under both
demand- and supply-side uncertainties in active distribution networks. Since elec-
trolyzers are highly sensitive to voltage fluctuations, conducting a voltage stability
assessment that accounts for power system uncertainties is essential before integra-
tion. This approach is expected to enhance the quality of hydrogen production for
existing electrolyzers.

*  From the perspective of voltage stability analysis, unlike conventional load allocation
methods that focus solely on identifying the maximum load margin, this study in-
troduces a voltage-sensitive loadability assessment tailored to the operating range of
voltage-sensitive equipment, such as electrolyzers. The proposed methodology also
applies to other types of voltage-sensitive loads beyond electrolyzers.

*  While conventional voltage stability assessment methods typically focus on system-
wide violations, this study determines bus-specific loadability, enabling a more local-
ized and effective approach for optimal placement of voltage-sensitive facilities in
distribution networks.

This paper is organized as follows to determine the optimal location for electrolyzers:
Section 2 presents probabilistic models that capture the uncertainties associated with load
demand and renewable generation. Section 3 describes the proposed evaluation methodol-
ogy, focusing on load margin calculation. Section 4 presents a case study that investigates
the impact of grid conditions on voltage stability and the potential for electrolyzer oper-
ational failure. Finally, Section 5 provides a summary and highlights the key findings of
the study.

2. Probabilistic Uncertainty Modeling in Distribution System

In this paper, the term probabilistic refers to an analysis framework where the un-
certainties in PV output and load demand are modeled as random variables with PDFs.
Instead of evaluating voltage stability at a single, fixed operating point, we generate a large
number of scenarios by Monte Carlo sampling from these PDFs and, for each scenario,
compute the corresponding loadability and load margin. As a result, loadability and failure
risk are treated not as single deterministic values, but as random variables characterized
by their probability distributions. Probabilistic modeling has been increasingly integrated
into power system analysis due to the growing uncertainty associated with renewable
generation and load variability. Unlike deterministic models, which assume fixed operating
conditions, probabilistic models account for the inherent unpredictability of power system
components, enabling evaluations across a wide range of conditions and scenarios.
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Numerous prior studies have applied probabilistic models to power system analysis
to address uncertainties in components such as load and generation. For example, Ref. [24]
demonstrates the application of probabilistic models to uncertain system elements, includ-
ing renewable generation, demand, faults, and electricity prices. Uncertain load profiles
are commonly modeled using Gaussian or Gumbel probability distributions, while solar
generation is often represented with Beta or Weibull distributions due to their skewed
averages and narrow tails. The probabilistic approach provides a more robust assess-
ment of voltage stability and other critical aspects of power system performance under
uncertain conditions.

Applying probabilistic models to voltage stability assessment facilitates evaluating
a power system’s ability to maintain acceptable voltage levels during disturbances and
load fluctuations. This study adopts a probabilistic approach to voltage margin assessment
by varying load levels, as proposed in [25]. Unlike traditional assessments focused on
instability thresholds or voltage sensitivity, this research emphasizes the ratio of voltage
violations within the E-BOP of electrolyzers. This perspective offers valuable insights into
the robustness of voltage stability under probabilistic scenarios, thereby enhancing the
reliability and operational efficiency of electrolyzer systems.

2.1. Supply Side Uncertainty Modeling

In this study, the uncertain generation profile P is modeled as follows:
Pg ~ Be(a,B), (1)

where Be(«, B) represents the Beta distribution determined by its parameters, « and . The
PDF of Be(a, B) is defined as follows:

1

flsap) = grgx A-0 @)
where B(«a, B) represents the Beta function, defined as follows
I'(a)T
B p) =TT 0

Note that I'(+) is the Gamma function, defined as

I'(z) = /OOO Fle t dt. 4)

The Beta distribution is a continuous probability distribution that confines the random
variable within the [0, 1] range. The skewed bell-shaped distribution varies depending on
the Beta function parameters, « and .

2.2. Demand Side Uncertainty Modeling

Meanwhile, the load fluctuation AP is modeled as a random variable following a
normal distribution as follows:

APL ~ N (p,0?), 6)

where N (y, o) represents the normal distribution and # and ¢ are the parameters to
determine the mean and the standard deviation of the distribution, respectively. The PDF
of the normal distribution is defined as follows:

flxm0) = 22, (6)
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resulting in a symmetric bell-shaped curve of a normal distribution depending on y and o.

3. Optimal Electrolyzer Placement Strategy

In this section, the probabilistic voltage stability assessment is carried out based on the
generated scenarios in Section 2. Prior to presenting the proposed optimal placement strat-
egy for the electrolyzer, this paper outlines the necessary preliminaries, including voltage
stability assessment based on P-V analysis and the voltage operating range considerations
of the electrolyzer. Figure 2 depicts the proposed framework for the proposed optimal
electrolyzer placement strategy.

-

-

Inputs
Network model (IEEE 33-bus), voltage limits (Vypi, 0.9=pu),
base load Py, , PV ratings
~ Yes § ¥ No
Monte Carlo-based Scenario Generation (
Casel. CP within Case 2. CP outside
PV Uncertain generation profile P; ~ Beta(a,3) [® PV & Load scenario the operating range the pperating range
i i P (Vi = Vi
Load fluctuation A P, ~N(x, %) 1000 Samples II L < Prox 1 Vil min)
/ ‘Operating poit o o, ing Operating point I (?pc',?,mg
Continuation Power Flow (CPF) per scenario 2 é
Uniform load scaling Iy Load Margin Load Margin
Obtain critical point Prqy ‘ Loadability Active Loadability Astive
L power power
Power flow calculation J I 1
es No I Prax & [Vi(Ppqy)| for all buses ‘ f— A
[ Optimal Electrolyzer Placement ]

Figure 2. Framework for the proposed optimal electrolyzer placement strategy.

*  Preliminary 1. Static Voltage Stability Evaluation

In power system studies, static voltage stability is of paramount importance [26],
particularly during the planning stage. A conventional approach to assess voltage stability
is to construct the power-voltage (P-V) curve of the system.

As illustrated in Figure 3, a typical P-V curve delineactes stable and unstable operating
regions. From this curve, operators can determine the maximum power demand the grid
can accommodate without triggering a system voltage collapse; this maximum occurs at
the so-called “nose” point of the P-V curve. This operating condition corresponds to the
system’s maximum loading point, also known as the critical point (CP).

A
1
Stable
Region
g l
g Maximum i
S Toading Point
Z (Critical Point)
x Unstable
Region

Kmax

Load Parameter (1)

\/

Figure 3. The typical P-V curve.
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The CPF method is commonly employed to generate the P-V curve [27]. CPF incre-
mentally scales the system load using a scalar parameter A, and solves the power flow
equations at each step. The CP is reached when no further feasible solution exists as A
increases, i.e.,

A* =maxA s.t. CPF convergence. (7)

This maximum A value corresponds to the total system load (i.e., system loadability)
and defines the voltage stability boundary.

To derive the P-V curve and identify the CP, a widely used approach is the CPF
method [27]. The CPF algorithm incrementally increases the total system load and computes
the corresponding power flow solutions at each step using a prediction and correction
scheme. This process traces the entire P-V curve to its nose point, thereby pinpointing
the CP.

In principle, CPF augments the standard power flow equations by introducing an
additional parameter that scales the total load level. This load parameter acts as a scalar
multiplier on the base system load. The power flow equation at bus k can thus be expressed
as follows:

P(0,V) = Vg Z Vin(Ggm €08 Ok + Biy SIn Oy ), (8)
m

Qi(6, V) = Vi ) Viur(Gin 8in Oy, — By 08 i), )
m

where V. and 6 represent the voltage magnitude and phase angle at bus k, respectively;
Pc(6,V) and Qi (0, V) are the active and reactive power injection at bus k, respectively; and
Gy and By, are the conductance and susceptance of the branch connecting buses k and
m, respectively.

The load parameter A represents the incremental factor of the total system load and is
integrated into the power flow equations as follows:

A(Pgen - Plﬂﬂd) - P(G, V) - 0, (10)

/\(Qgen - Qload) - Q(el V) =0, (11)

where Pge, and Qg are the sum of active and reactive generation in the system, respectively.
Pjogq and Qj,,4 are the sum of the active and reactive power demand, respectively. The
CP on the P-V curve corresponds to the total active power demand when A reaches its
maximum value.

*  Preliminary 2. Voltage Range Considerations

Electrolyzers require strict voltage and frequency conditions for stable operation.
Specifically, the grid frequency must remain between 47 and 63 Hz, and the voltage must be
maintained within 90-110% of the nominal level [28]. Power quality issues such as flicker,
imbalance, and harmonic distortion must also be avoided.

In distribution systems, voltage deviations due to load or generation fluctuations
can compromise electrolyzer stability. While the traditional load margin estimates the
maximum load before voltage collapse, it does not guarantee compliance with device-
specific voltage constraints. If the voltage at the collapse point falls below the electrolyzer’s
minimum requirement, operational violations may occur before the collapse itself. To
address this, the proposed method introduces a voltage-sensitive loadability that reflects the
permissible voltage range. Unlike prior studies that consider system-wide violations [29],
this work evaluates load margin and limit on a per-bus basis, enabling localized assessment
of voltage stability. The approach can be extended to other voltage-sensitive loadability
requiring strict voltage security.
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3.1. Voltage-Sensitive Loadability

Unlike conventional methods, the proposed voltage-sensitive loadability assessment
determines unique loadability for each bus. This study introduces a novel loadability
concept, which is a concept accounting for a facility’s operating voltage range, referred to
as the loading limit. The definition of the loadability depends on whether the operating
condition of the power system at the CP falls within or outside the acceptable voltage
range. The method for determining the loadability according to the voltage level of the CP
is described as follows.

3.1.1. Case 1: CP Within the Acceptable Voltage Range

If the CP lies within this range, the loadability is assessed like the conventional voltage
stability margin. At the voltage collapse point of the corresponding bus, stable hydrogen
production by the electrolyzer is no longer feasible. Accordingly, the operating point
of the electrolyzer (i.e., the loading level) cannot be increased any further, even if the
voltage at the CP does not fall below the lower bound of the acceptable voltage range.
Therefore, the increase in the operating point up to the CP is defined as the load margin at
the corresponding bus.

3.1.2. Case 2: CP Outside the Acceptable Voltage Range

Conversely, if the CP lies outside the acceptable voltage range, any further increase
in the operating point of the electrolyzer must be restricted to prevent violation of the
voltage constraints. Even if the voltage collapse point is not reached as the operating point
increases, the electrolyzer must be disconnected from the system if the voltage falls outside
its allowable operating range to ensure equipment protection. Accordingly, the increase
in the operating point up to the lower voltage limit is defined as the load margin at the
corresponding bus. That is, loadability refers to the absolute maximum net load for each
bus at which all operational constraints remain satisfied while monitoring a particular bus
(i.e., the highest operable loading level consistent with that bus’s allowable voltage range).
In contrast, the load margin denotes the additional load that can be accommodated from
the initial operating point up to the loadability. Hence, loadability is an absolute threshold,
whereas load margin is the corresponding increment from the initial load to that threshold.
Figure 4 illustrates the loadability concepts for both scenarios.

A A
o T e
range range
on on
s &
5 3
- >
z z
=3 =
m m
: —
/ Load Margin Load Margin
Loadability ’ Active Loadability Active
power power

Figure 4. The loadability concept considering the operation conditions of the electrolyzer when the
CP is below (left) or above (right) the lower boundary of the voltage range.

The CPF method computes successive points along the P-V curve, yielding the voltage
magnitude and phase angle for each incremental loading condition. However, the CPF
process does not explicitly identify the operating point at which bus voltages reach the
boundaries of the permissible voltage range. As voltage magnitudes vary across buses for
a given load level, the onset of voltage limit violations is bus-dependent, leading to distinct
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operable loadability for each bus. To determine the loadability for each bus, intermediate
operating points on the P-V curve—skipped by the CPF process—are estimated using
spline interpolation. This approach enables calculating the maximum acceptable system
loading while ensuring that the voltage magnitude at a specific target bus remains within
the allowable range. The system load margin of the entire grid is defined as the difference
between the maximum net load the system can accommodate and the initial load condition.

For each bus i, we first define the voltage-sensitive loadability L;, and then the corre-
sponding load margin M; (i.e., the increment from the initial load) as follows.

Prax, if |Vi(Pmax)| > Vinin
Li=q (12)
Pi( ’VI, = Viin), i ‘Vi(PmaX)‘ < Vimin

M; = L; — Pyit. (13)

Here, Pnax denotes the system loadability obtained at the CPF nose point, i.e., the
maximum net system load; Pjn;; is the initial net system load at the base operating point.
The quantity L; is the bus-i loadability limit when the voltage constraint at bus i is enforced,
and M,; is the additional load that can be accommodated from Pi,it up to L;. The symbol
V;i(-) represents the voltage magnitude (per-unit) at bus i under a given total system load,
while Viin, is the lower bound of the admissible voltage range for the facility (e.g., 0.9 pu
in this study). Finally, P/( |V;| = x) indicates the total net system load at which |V;| = x
along the CPF trajectory. In this study, the lower voltage bound is set to 0.9 pu, which
corresponds to the electrolyzer’s minimum operating point. Accordingly, if the CP lies at
or below 0.9 pu (i.e., |V;(Pmax)| < Vinin With Vinin = 0.9 pu), P/ denotes the total net system
load at the lower-bound operating point, that is, at |V;| = 0.9 pu.

3.2. Probabilistic Voltage Stability Assessment

To address uncertainty in renewable generation and load, this study adopts a scenario-
based probabilistic approach using Monte Carlo simulation. Key uncertainties include
photovoltaic (PV) generation and system load, both modeled with appropriate probability
distributions. PV output is represented by a Beta distribution, which confines the generation
rate to the physical range [0, 1], ensuring realistic output levels relative to rated capacity.
Load variation is modeled using a normal distribution, consistent with the central limit
theorem, which reflects the aggregate behavior of diverse loads. Each simulation scenario
yields a load margin and limit per bus. The bus with the highest probabilistic loadability is
identified as the optimal electrolyzer location.

A scenario-based probabilistic assessment is recommended to effectively account for
uncertainty and support the development of robust solutions for power system planning
and operation. As described in Section 2, a probabilistic model is constructed by identifying
the key factors of uncertainty and selecting appropriate PDFs to characterize them. This
study determines the outputs of DGs and system load demand as probabilistic inputs.
Then, a Monte Carlo simulation is employed to evaluate the resulting distribution of the
loadability under varying operating conditions.

Uncertain PV generation is modeled using a Beta distribution to generate a random
generation rate confined within the interval [0, 1]. This generation rate represents the
actual output of a PV generator as a fraction of its rated capacity. The Beta distribution
is particularly well-suited for this application because it inherently restricts the random
variable within physical bounds—ensuring that the output does not fall below zero or
exceed the generator’s full capacity. Figure 5 presents the PDF of the generation rate
alongside the histogram of the sampled generated rates used in the assessment.
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Figure 5. The PDF of the generation rate of the renewable generation (top) and the histogram of the
sampled generation rate (bottom).

In modeling load uncertainty, the central limit theorem suggests that the total load
demand will approximate a normal distribution, assuming that individual load components
vary independently with distinct characteristics. The normal distribution is advantageous
as it yields realistic extreme values that can occasionally occur in actual power systems.
Consequently, this study adopts a normal distribution to represent load variations from the
test system’s base load value, thereby enhancing the robustness of the evaluation. The load
margin and limit for each bus and scenario are evaluated, and the bus with the largest load
margin and loadability is selected as the optimal location for the electrolyzer.

4. Simulation Results

The proposed method was simulated and verified using the IEEE 33-bus test
feeder [30], which has been modified to include distributed generators. In this study,
it is assumed that DGs are already installed at predefined buses. Accordingly, three ad-
ditional DG units are arbitrarily placed at buses 5, 12, and 28, with rated capacities of
500 kW, 600 kW, and 700 kW, respectively. The power output of each unit is modeled
probabilistically by applying a random generation rate to its rated capacity. The single-line
diagram of the modified test system is shown in Figure 6.
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1
Substation

Figure 6. The modified IEEE 33-bus test system. The numbers at each node denote the bus indices.

4.1. Voltage-Sensitive Loadability Assessment

To establish the framework for calculating the proposed loadability, a deterministic
evaluation was performed using the base case of the IEEE 33-bus test bus feeder without
any probabilistic scenarios for generation or load demand. The deterministic evaluation
results are shown in Figure 7, displaying the P-V curves for each bus. The vertical dashed
lines and annotations indicate the loadability values in MW for some buses, which do not
coincide with the CP.

Bus 1 Bus 18
Bus 2 ~Bus 19
Bus 3 Bus 20
Bus 4 Bus 21
g Bus 5 Bus 22
Bus 6 Bus 23
Bus 7 Bus 24
Bus 8 Bus 25
Bus 9 Bus 26
Bus 10 Bus 27
Bus 11 Bus 28
~Bus 12 Bus 29
Bus 13 Bus 30
Bus 14 Bus 31
Bus 15 Bus 32
Bus 16 - Bus 33
Bus 17

Voltage Magnitude

4 5 6 7 8 9 10 11 12 13
Active power (MW)

Figure 7. The results of deterministic loadability assessment of each bus in the modified IEEE 33-bus
test feeder.

As described in Section 3.1, when the P-V curve of a bus has a CP above 0.9 pu, the
loadability is determined by the additional load from the current operating point to the
maximum loading point. Conversely, if the CP is below 0.9 pu, the loadability is determined
by the additional load from the current operating point to the intersection of the P-V curve
and the horizontal line indicating the lower voltage limit. Table 2 presents the loadability
values for each bus when the generation rate is 30%, with the sum of active load and
generation in the base case being 3.71 MW. It is important to note that P!, represents

the difference between the initial load and Ppax.

argin
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Table 2. Loadability by Deterministic Stability Evaluation.
Bus L; (MW) Bus L; (MW) Bus L; (MW)
1 9.48 12 1.26 23 9.16
2 9.48 13 0.89 24 7.36
3 9.48 14 0.77 25 6.47
4 8.00 15 0.70 26 292
5 6.17 16 0.63 27 2.66
6 3.14 17 0.54 28 1.68
7 2.75 18 0.51 29 1.13
8 2.30 19 9.48 30 0.92
9 1.80 20 9.48 31 0.71
10 1.40 21 9.48 32 0.67
11 1.35 22 9.48 33 0.65

4.2. Probabilistic Loadability Assessment

In modern power systems, the rapid integration of renewable generation has intro-
duced increasing uncertainty, making stability evaluations more challenging. Traditional
deterministic methods may not capture these variations effectively; therefore, it is crucial
to model unpredictable factors as probabilistic variables. This approach enables robust
decision-making under harsh operating conditions. Consequently, loadability are repre-
sented as PDFs that incorporate these probabilistic input factors.

The absolute value of the loadability can be influenced by the random variables
involved in generating scenarios for the generation rate or additional load demand. These
variations could obscure the evaluation of each bus’s robustness. To address this issue, the
loadability of each bus is normalized by expressing it as a ratio relative to the maximum
loadability of the P-V curve. This normalized metric, known as the loadability rate ('), can
be used to indicate voltage stability. Since a bus’s loadability L; cannot exceed the system’s
maximum loadability Pma, the value of r' ranges from zero to one. Specifically, the loading
rate for bus i is calculated using Equation (14).

—L ., 0<r<. (14)

A Monte Carlo simulation with 1000 random scenarios was conducted to assess the
probabilistic loadability of the modified IEEE 33-bus test system. These scenarios were
generated based on randomized generation rates and load demands. In this study, the
number of Monte Carlo scenarios is set to N = 1000 as a compromise between statistical
accuracy and computational effort, since each scenario requires a full CPF-based P-V curve
analysis of the IEEE 33-bus system under different realizations of PV output and load
demand. From standard Monte Carlo theory, the sampling error of estimated probabilities
decreases on the order of 1/+/N [31]. For example, when estimating the probability that
a given bus becomes insecure (i.e., the load margin falls below the electrolyzer capacity),
the worst-case standard error of a binomial estimator with N = 1000 is approximately
1+/0.25/1000 = 1.6%. This level of accuracy is sufficient for the planning-oriented decisions
considered in this work, where the objective is to classify buses as secure or insecure
hosting locations rather than to compute extremely precise tail probabilities. Moreover,
the adopted scenario size is consistent with existing probabilistic power-system studies,
where a few hundred to a few thousand Monte Carlo samples are typically used when each
scenario involves computationally intensive AC power flow or CPF-based analyses [31].
Specifically, the generation rate was modeled using a Beta distribution with parameters
(a,b) = (3,4), while the fluctuations in load demand at each bus were represented by a

normal distribution with parameters (y, o) = (O, %Pi ) The Beta distribution parameters

init
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were selected to reflect the typical PV capacity factors observed in Jeju, Korea, during
summer midday hours (12:00-14:00) [32], whereas the normal-distribution parameters for
load fluctuations were assumed arbitrarily to construct an illustrative uncertainty range.
This implies that the standard deviation of the load consumption is 50% of the initial load
atbusi.

Figure 8 presents a box plot comparing the absolute loadability and the loadability
rates for each bus in the IEEE 33-bus test feeder. Table 3 summarizes these loadability
statistically. In the plot, outlier values are marked as black dots. Because the distribution
system is connected to the main grid via bus 1, buses electrically closer to bus 1 exhibit
high stability. Additionally, the variation in the loadability rate increases with the electrical
distance from bus 1. A higher standard deviation in the loadability indicates that those
buses are more significantly affected by fluctuations in load or generation. The evaluation
results show that buses electrically closer to the main grid (bus 1) tend to exhibit higher
voltage stability. In contrast, buses located farther away demonstrate greater variation in
their loadability rates. This indicates that such buses are more susceptible to fluctuations in
load and generation, as reflected in the higher standard deviation of their load margins.
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Figure 8. The results for probabilistic loadability assessment of the IEEE 33-bus test feeder evaluated
with 1000 scenarios: (a) the absolute value of loadability L; for each bus and (b) the ratio of the maximum
loadability for the entire grid to the loadability value, defined as loading rate 7! for each bus i.

Table 3. Statistics for probabilistic loadability rate of each bus.

Bus Number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
Max 1.000 1.000 1.000 0.986 0.872 0.607 0.587 0.557 0.526 0.499 0.496 0.490 0.452 0.439 0430 0.420 0412
Avg 1.000 1.000 0.999 0.891 0.753 0.525 0.495 0.461 0.425 0.397 0.394 0.388 0.357 0.347 0.340 0.335 0.326
Min 1.000 1.000 0.932 0.776 0.652 0.474 0.442 0.408 0.374 0.348 0.344 0.340 0.319 0.311 0.306 0.300 0.292
Std 0.000 0.000 0.005 0.032 0.030 0.019 0.019 0.020 0.020 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.022
Bus Number 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 -
Max 0.411 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.585 0.572 0.530 0.503 0.492 0.462 0.457 0.453 -
Avg 0.324 1.000 1.000 1.000 1.000 0.972 0.852 0.790 0.508 0.489 0.416 0.369 0.352 0.333 0.329 0.328 -
Min 0.288 1.000 1.000 1.000 1.000 0.782 0.567 0.479 0.461 0.447 0.389 0.343 0.322 0.300 0.295 0.293 -
Std 0.022 0.000 0.000 0.000 0.000 0.034 0.087 0.103 0.018 0.017 0.017 0.019 0.020 0.019 0.019 0.019 -
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Figure 9 visualizes the load margins at each bus obtained from the deterministic
and probabilistic frameworks for the IEEE 33-bus system. The solid and dashed curves
correspond to the probabilistic and deterministic load margins, respectively, while the
horizontal line at 500 kW represents the electrolyzer capacity. For each bus, red markers
indicate that the load margin falls below 500 kW and the electrolyzer connection is therefore
classified as a failure (i.e., connection at risk), whereas blue markers indicate that the hosting
capacity at that bus is sufficient to accommodate the 500 kW electrolyzer. In the probabilistic
framework, the load margin at each bus is evaluated with respect to the worst-case scenario,
i.e., the scenario that yields the load margin at each bus. As shown in Figure 9, the
deterministic assessment classifies all buses as secure for a 500 kW electrolyzer, because the
deterministic load margins remain above 500 kW at every bus. In contrast, the probabilistic
assessment identifies several buses (e.g., buses 13-18 and 29-33) where the load margin
drops below 500 kW under PV and load uncertainty, and thus the electrolyzer hosting
capacity is deemed insufficient. These results are consistent with Tables 4 and 5, and clearly
demonstrate that the proposed probabilistic framework provides a more conservative and
risk-aware evaluation of electrolyzer siting than a purely deterministic approach. Table 4
compares the hosting decisions for a 500 kW electrolyzer between the deterministic and
probabilistic frameworks. While the deterministic method classifies all 33 buses as secure
(M; > 500 kW), the proposed probabilistic assessment identifies 11 buses as insecure due
to their reduced load margins under PV and load uncertainty. The detailed values for these
buses are listed in Table 5, which shows that a purely deterministic evaluation would fail
to detect locations where the electrolyzer is actually exposed to an insufficient hosting
capacity. Mget and Mpop denote the load margins obtained from the deterministic and
probabilistic frameworks, respectively.

10 T T T T T T

Probabilistic electrolyzer placement

Deterministic electrolyzer placement

oo
|

® Failure (connection at risk)

® Secure (connection feasible)

- — -~ Electrolyzer capacity

Load Margin [MW]

15
Bus Number

Figure 9. Comparison of Load Margin at Each Bus between Probabilistic and Deterministic Elec-
trolyzer Placement.

Table 4. Summary of hosting decisions for a 500 kW electrolyzer in the IEEE 33-bus system.

Decision Category Deterministic Method Probabilistic Method

Secure (M; > 500 kW) 33 22
Insecure (M; < 500 kW) 0 11
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Table 5. Buses classified as secure by the deterministic method but insecure by the probabilistic
method for a 0.5 MW electrolyzer in the IEEE 33-bus system.

Bus No. Mget IMW] Mprob [MW]
13 0.8912 0.3841
14 0.7702 0.2678
15 0.6985 0.1888
16 0.6314 0.1112
17 0.5361 0.0019
18 0.5085 0.0101
29 1.1281 0.1208
30 0.9250 0.1143
31 0.7103 0.0305
32 0.6660 0.0118
33 0.6525 0.0255

The probabilistic loadability evaluated at bus 14 exhibits a slightly right-skewed
distribution. To model this behavior, both standard normal and Gamma distributions were
fitted to the calculated sample values. Figure 10 presents the quantile-quantile (Q-Q) plot
comparing the sample data with these fitted distributions. In Figure 10a, the data deviate
from the diagonal line, indicating a mismatch with the normal distribution. In contrast,
Figure 10b shows close alignment with the reference line for the Gamma distribution.
Similar patterns were observed at other buses in the system.
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Figure 10. The quantile-quantile plot of the load margin at bus 14 with respect to (a) normal and
(b) gamma distributions. The red dotted line represents the theoretical quantiles of each fitted
distribution, while the blue plus signs indicate the empirical quantiles of the load-margin samples.

4.3. Electrolyzer Connection Based on Load Margin

The proposed probabilistic loadability quantifies the extra load demand a bus can
support while keeping voltage levels within acceptable limits. The loadability rate—defined
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as the ratio of a bus’s loadability to its maximum loading capacity—offers a comparative
measure of voltage stability across the system. A loadability rate closer to one indicates
that the bus is capable of accommodating additional load with minimal voltage drop, even
in the face of unpredictable generation and load fluctuations.

A case study was conducted to demonstrate the relationship between the loadabil-
ity rate and the voltage security of each bus. In this study, an electrolyzer facility was
connected to every bus, and the voltage at each connection point was monitored under
various probabilistic scenarios of generation and load demand. Figure 11 provides a visual
representation of these results. The curves show the minimum and maximum bus voltages
across all scenarios, while the 0.9 p.u. line indicates the voltage limit. Buses marked with
red symbols experience a minimum voltage below 0.9 p.u. in at least one scenario and are
therefore classified as failure (connection at risk), whereas buses with blue symbols remain
above the limit in all scenarios and are classified as secure.

=2 09sf .
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=
[ —— Minimum Voltage
Maximum Voltage
® Failure (connection at risk)
® Secure (connection feasible)
- — —Voltage Limit(0.9pu)
0.85 1 I I 1
0 5 10 15 20 25 30 35

Bus Number

Figure 11. Minimum and maximum bus voltages across all scenarios in the IEEE 33-bus system when
a 500 kW electrolyzer is connected.

Table 6 lists, for each bus in the IEEE 33-bus system, the minimum and maximum
voltage magnitudes observed across all scenarios when a 500 kW electrolyzer is connected.
The minimum values correspond to the worst-case scenario for each bus in terms of voltage
depression, whereas the maximum values represent the most favorable operating condition
under the same scenario set.

Table 6. Minimum and maximum bus voltage magnitudes across all scenarios in the IEEE 33-bus
system when a 500 kW electrolyzer is connected.

Bus No. Min. Voltage (p.u.) Max. Voltage (p.u.)
1 1.0000 1.0000
2 0.9963 0.9986
3 0.9752 0.9920
4 0.9663 0.9896
5 0.9570 0.9841
6 0.9303 0.9766
7 0.9262 0.9739
8 0.9215 0.9679
9 0.9058 0.9658
10 0.8897 0.9658
11 0.8994 0.9619
12 0.8907 0.9587
13 0.8783 0.9471
14 0.8688 0.9443

15 0.8628 0.9395
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Bus No. Min. Voltage (p.u.) Max. Voltage (p.u.)
16 0.8575 0.9403
17 0.8551 0.9355
18 0.8520 0.9273
19 0.9948 0.9975
20 0.9849 0.9915
21 0.9824 0.9894
22 0.9789 0.9868
23 0.9682 0.9886
24 0.9567 0.9808
25 0.9396 0.9778
26 0.9279 0.9761
27 0.9249 0.9764
28 0.9054 0.9658
29 0.8878 0.9595
30 0.8777 0.9553
31 0.8675 0.9564
32 0.8643 0.9476
33 0.8561 0.9485

Figure 12 illustrates the voltage distribution under various scenarios of load and re-
newable generation uncertainty when a 500-kW electrolyzer is connected at each bus, where
the 500-kW rating is an illustrative value chosen arbitrarily. For bus i, the Y-axis displays
its voltage under the electrolyzer connection. The voltages across multiple scenarios are
shown as a boxplot overlaid with a transparent jitter plot in the background. The blue area
highlights scenarios where the operating conditions remain within the electrolyzer’s opera-
tional voltage range, while the red area marks cases where the voltage at the connection
point falls below the minimum threshold, resulting in electrolyzer failure.

-
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1 23 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33

Bus number

Figure 12. Bus voltages among random scenarios while an electrolyzer connection is applied for
the individual bus. The red area indicates the scenarios where electrolyzer failure occurs due to the
voltage condition, while the blue area represents the scenarios in which the electrolyzer remains
stably connected with the bus voltage staying within the acceptable limits.

Thus, the ratio of the blue and red areas for each bus indicates the probability of
electrolyzer failure due to undervoltage at the connection point under uncertainties in
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renewable generation and load demand. The exact failure ratios for each bus are detailed in
Table 7. The results demonstrate that the likelihood of electrolyzer failure increases as the
bus is located further from the main grid, highlighting the correlation between electrical
distance and voltage stability.

Table 7. Electrolyzer Failure Rate While Connected to Individual Bus.

Bus Number Failure Rate (%) Bus Number Failure Rate (%) Bus Number Failure Rate (%)

1 0.0 12 1.3 23 0.0
2 0.0 13 12.1 24 0.0
3 0.0 14 22.4 25 0.0
4 0.0 15 32.2 26 0.0
5 0.0 16 43.6 27 0.0
6 0.0 17 64.7 28 0.0
7 0.0 18 78.2 29 2.2
8 0.0 19 0.0 30 59
9 0.0 20 0.0 31 19.1
10 0.2 21 0.0 32 241
11 0.1 22 0.0 33 27.1

4.4. Electrolyzer Location Evaluation

While the failure rate evaluates voltage security when an electrolyzer is connected to
each bus, thousands of power flow calculations are required to assess probabilistic scenarios
across the entire grid. This section compares the proposed voltage-sensitive loadability
metric and examines its correlation with the voltage security failure rate. Since the P-V
curve used to calculate the loadability scales the total load uniformly, the probability of the
loadability exceeding the electrolyzer capacity may not exactly correspond to the actual
failure rate. To capture different operational margins, electrolyzer capacities of 1, 1.5, and
2 times the base value are considered when computing the ratio.

In Figure 13, the probability that the voltage at the connection point violates the elec-
trolyzer operating range for each bus is compared to the probability that the probabilistic
loadability is smaller than 1, 1.5, and 2 times the electrolyzer capacity, P . This compar-
ison suggests that while the failure rate must be determined individually for each bus,
the probabilistic loadability provides a reliable approximation of this rate. Consequently,
employing the probabilistic loadability can significantly reduce the number of calcula-
tions required compared to performing a complete probabilistic evaluation of voltage
security. As distribution systems grow increasingly complex, the computational benefits
of this approach become even more significant. Furthermore, the effectiveness of the pro-
posed probabilistic loadability is validated for the placement of electrolyzers and other
voltage-sensitive facilities, ensuring voltage security amidst the inherent uncertainties in
distribution systems.

Bus number
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33

100%

Failure{0.0(0.0(0.0(0.0(0.0/0.0/0.0/0.0/0.0/0.2|0.1|1.3 12.122.432.243.0.0 0.0/0.0/0.0/0.0/0.0/0.0/0.0/0.0/0.0|2.2|5.9|19.124.127.1
80%

Li < 1x P 10.0(0.0{0.0/0.0{0.0|0.0/0.0{0.0{0.0/0.0(0.0|0.0/0.1{0.3]0.7|1.5[4.1|5.4/0.0(0.0|0.0/0.0{0.0|0.0/0.0(0.0{0.0/0.0(0.0|2.36.5(7.5|7.7 60%
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Ly < 2xP.10.0[0.0/0.0(0.0]0.0/0.0(0.0(0.0/0.0(0.1{0.2|0.3|7.7 [12.7/17.521.5[28.429.9/0.0 [ 0.0| 0.0 | 0.0 {0.0| 0.0 0.0 [0.0{ 0.0 | 0.0 8.2 |15.727.029.731.3
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Figure 13. Comparison of the facility failure rate for 1000 scenarios when an electrolyzer connection
is simulated for each bus and the probability that the load margin on each bus is smaller than 1, 1.5,
and 2 times the target electrolyzer capacity.
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5. Discussion and Conclusions

This study proposed a probabilistic method for the placement of electrolyzers in
renewable-integrated distribution systems, introducing a voltage-constrained load margin
that reflects the operating constraints of voltage-sensitive equipment. In contrast to conven-
tional approaches that focus primarily on economic optimization or rely on deterministic
voltage stability analysis, the proposed framework explicitly incorporates both supply-
and demand-side uncertainties, yielding bus-specific loadability derived from voltage
stability considerations.

A key contribution of this work lies in its emphasis on operational reliability rather
than purely economic feasibility. Prior studies have either neglected the voltage-sensitive
characteristics of electrolyzers or, when considered, evaluated voltage stability without
accounting for stochastic uncertainties in generation and load. Such approaches fail to
capture the voltage instability that directly impacts the feasibility of connecting sensitive
devices such as electrolyzers. In contrast, our method evaluates the vulnerability of in-
dividual buses under uncertainty, enabling a more accurate and granular assessment of
suitable installation points. Monte Carlo simulations on the IEEE 33-bus system confirm
that the proposed metric strongly correlates with actual disconnection risks, offering a
computationally efficient yet robust alternative to exhaustive scenario-based analysis.

The methodology provides practical advantages for planning and operation in active
distribution networks with high renewable penetration, where uncertainty and spatial
variability are pronounced. Future research will expand the framework to incorporate
multi-objective optimization, encompassing both economic and operational constraints.
Comparative evaluation with other voltage stability indices and application to larger, more
diverse systems will further validate its effectiveness and scalability.
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