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Abstract

To address the low computational efficiency of traditional photovoltaic host-
ing capacity assessment methods under uncertain environments, this study
proposes a rapid evaluation method based on scenario adaptation and appli-
cation form optimization of the Holomorphic Embedding Method. Firstly, a
node selection strategy based on the Lévy flight-improved particle swarm
optimization algorithm is established. An objective model with constraint
penalty functions is constructed. Candidate grid connection nodes with supe-
rior voltage regulation capability and potential for capacity enhancement
are then efficiently screened. This greatly reduces the computational burden
of subsequent stochastic evaluation. Secondly, Monte Carlo simulation is
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integrated with the optimized Holomorphic Embedding Method, combined
with Latin hypercube sampling. This builds an assessment framework that
considers the uncertainties of photovoltaic output and load fluctuation. The
established model adopts the Holomorphic Embedding Method to solve
deterministic subproblems efficiently. It then evaluates the overall adaptabil-
ity and robustness of different integration schemes under various uncertain
scenarios. Simulation validation on the IEEE-30 bus system demonstrates
that the optimal scheme corresponds to nodes {3,19}. The maximum pho-
tovoltaic hosting capacity is 81.32 MW. This scheme obtains the mini-
mum comprehensive flexibility score. It verifies optimal operational perfor-
mance across annual stochastic scenarios. Meanwhile, the proposed method
improves computational efficiency by approximately 82% compared with
the conventional enumeration method. It maintains calculation accuracy. The
results indicate that the application-oriented optimization of the Holomorphic
Embedding Method, combined with stochastic scenario analysis and shared
energy storage, can improve the photovoltaic accommodation capability and
operational flexibility of distribution networks. It provides reliable theoreti-
cal and methodological support for the grid integration of high-penetration
renewable energy.

Keywords: HEM, distributed photovoltaic, load fluctuation, power grid.

1 Introduction

Under the global push for decarbonization and emission reduction, electrifi-
cation and renewable energy have become central to the energy transition [1].
Among these, distributed photovoltaics (PV) stand out for their flexibility
and proximity-based consumption advantages. They are a key driver in trans-
forming distribution networks into Smart Local Energy Systems (SLES) [2].
The grid integration of distributed PV facilitates the joint “source-grid-
load-storage” control. It also provides new approaches for the integrated
optimization of combined heat and power (CHP), district heating and cooling
networks, and power grids. This plays an important role in improving energy
efficiency and optimizing the energy mix [3, 4]. However, the strong intermit-
tency and randomness of PV output create a typical uncertain environment,
posing serious challenges to the safe and stable operation of distribution
networks [5]. Koirala A et al. pointed out that higher renewable energy
penetration intensifies uncertainty in low-voltage distribution systems, and
PV hosting capacity must be treated as a stochastic problem [6]. Fatima S
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et al. further demonstrated that this uncertainty forces distribution network
operators to make economic trade-offs between generation curtailment and
network upgrades [7]. Although energy storage technologies and demand-
side response provide some regulatory capacity, their large-scale coordinated
deployment remains insufficient, which amplifies the impact of PV grid inte-
gration on voltage, frequency, and power balance [8]. Therefore, accurately
calculating PV hosting capacity under uncertain environments has become a
critical prerequisite and a frontier research topic for improving grid resilience
and supporting energy decarbonization.

The existing approaches for calculating the PV hosting capacity can
be classified into two categories: deterministic approaches and probabilistic
approaches. The deterministic approaches are generally conservative, as they
do not consider randomness, while probabilistic approaches are limited by
computational complexity. To overcome these issues, the related work has
progressed in two different directions. The first involves deepening mod-
els within a probabilistic framework. For example, Madavan A N et al.
applied second-order cone programming based on conditional value-at-risk
to constrain the risk of constraint violations [9]. Atmaja W Y et al. pro-
posed a Markov chain-based forecasting approach. The results showed that
after deploying energy storage, the system hosting capacity increased from
123.58 kW to 3676.4 kW [10]. The second direction introduces auxiliary
techniques to simplify the evaluation process. Qammar N et al. used machine
learning models to directly map grid feature data to hosting capacity [11].
Some studies take a different angle by enhancing the network’s own control
capabilities to indirectly increase capacity. For instance, Hamdan I et al.
optimized voltage through model predictive control of smart inverters [12].
Karadeniz A et al. addressed harmonics by deploying passive filters. This
created more headroom for PV integration at the device level [13]. Although
the above studies promote the development of hosting capacity evaluation
from perspectives such as probabilistic modeling, auxiliary algorithms, and
network regulation, common limitations still remain. Firstly, probabilistic
methods including second-order cone programming and Markov chains can
describe uncertainty, yet rely on massive repeated power flow calculations
and impose heavy computational burdens. Secondly, machine learning-based
methods realize rapid capacity mapping but depend heavily on training data.
They lack physical interpretability. Thirdly, regulation enhancement methods
such as inverter control and filter configuration mostly mitigate voltage vio-
lations at the device level, without improving computational efficiency from
the fundamental evaluation algorithm.
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Meanwhile, as smart grids and multi-energy coupling in SLES continue to
develop, PV hosting capacity calculation faces increasingly high-dimensional
and highly uncertain challenges [14]. The Holomorphic Embedding Method
(HEM) is a promising approach. It has robust convergence characteristics
and is independent of the initial value choice. Ramos A C S et al. pre-
sented an HEM-based recursive approach for economic dispatch problems
with transmission losses. The results showed that this approach had bet-
ter convergence performance than the traditional Newton-Raphson (NR)
method [15]. Domínguez Á B et al. proposed a multi-stage HEM control
scheme that monitors the convergence process through convergence factors.
This improves computational performance [16]. In addition, Tian P et al.
proposed a fast and flexible power flow calculation method for VSC-based
AC/DC hybrid systems using HEM, extending its application to emerging
power systems [17]. On the other hand, Particle Swarm Optimization (PSO)
has been widely applied to the location and sizing of distributed PV systems.
This is due to its simplicity and fast convergence speed. Deng J and Wang
Y proposed Lévy flight strategies for PSO, and the results showed that
the algorithm could track the global maximum power point correctly under
partial shading [18]. Challoob A F et al. further proved that hybrid algorithms
composed of PSO and other intelligent algorithms can better enhance the
efficiency and speed of maximum power point tracking. This is especially
true in complex conditions such as partial shading [19]. The above-mentioned
studies are of great significance for designing even more powerful optimizers
to find the optimal nodes of PV integration.

Therefore, to efficiently address the challenge of accurately calculating
PV hosting capacity under uncertain environments, a two-stage framework is
proposed that integrates an improved HEM with a Lévy flight-enhanced PSO.
It combines efficient optimization with fast and accurate evaluation. The main
innovations and contributions are as follows:

(1) An improved PSO algorithm with Lévy flight search is proposed, which
adopts adaptive inertia weights and long-range perturbation strategies,
together with a penalty function-based objective model, to efficiently
identify the optimal PV grid-connected nodes.

(2) A two-stage evaluation framework is constructed that integrates the
optimized application form of HEM with Latin Hypercube Sampling
(LHS)-based Monte Carlo Simulation (MCS). An explicit functional
relationship between node voltage and power injection is established.
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This enables an iterative-free and fast power flow solution for massive
scenarios.

(3) Simulation validation on the IEEE 30-bus system is conducted to deter-
mine the optimal integration scheme and hosting capacity. A compre-
hensive flexibility score is introduced to assess full-scenario adaptability
and long-term robustness. It provides an efficient and accurate analysis
method for high-penetration PV grid planning.

2 Distributed PV Integration Capacity Calculation Using
Improved HEM

2.1 Optimal Grid Connection Point Selection for Maximum PV
Integration

To tackle the problem of high computational dimensionality caused by the
large number of PV grid connection points, the first step of this study is to
build a multi-objective optimization model. This model takes into account
the active power loss of the system. The purpose of this model is to rapidly
identify key nodes that improve integration capacity and voltage support. Its
framework is shown in Figure 1.

As shown in Figure 1, the framework takes distribution network topology,
line parameters, load data, and security constraints as inputs. Node PV active
and reactive power outputs serve as decision variables. The optimization
objectives are to maximize integration capacity and minimize network loss.
Using the improved PSO algorithm for optimization, the model outputs
the optimal grid connection points and integration capacity scheme. The
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Figure 1 Framework of PV integration capacity assessment.



1008 Qing-sheng Li et al.

objective function is shown in Equation (1).⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

F1 = max

NPV∑︂
i=1

PPV ,i

F2 = min

⎛⎝n−1∑︂
i=1

n∑︂
j=i+1

P 2
ij +Q2

ij

V 2
i

rij

⎞⎠
F3 = min

∑︂
i∈ΩPV

SVi,PPV ,i

(1)

In Equation (1), PPV ,i represents the active power output of distributed
PV planned at node i, NPV is the total number of candidate PV access nodes,
and F1 denotes the maximization of total system PV integration capacity. Pij

and Qij represent the active and reactive power transmitted at the sending end
of a branch, Vi is the voltage magnitude at the sending end, rij is the branch
resistance, and F2 is the minimization of total system active power loss. F3

quantifies the node’s insensitivity to random fluctuations. A lower sensitivity
value indicates greater stability of the node voltage under variations in PV
power output. The coefficient SVi,PPV ,i

= ∂Vi/∂PPV ,i represents the sen-
sitivity of the voltage at node i to injected PV power, which can be directly
computed using the power flow Jacobian matrix without requiring additional
simulations. This metric is incorporated into the optimization objective. The
proposed model then balances steady-state capacity margin and resilience to
stochastic disturbances during the node prioritization stage. This enables it to
proactively select nodes with strong voltage support and inherent adaptability
to uncertain PV output, establishing an optimized foundation for subsequent
refined capacity verification under random operating conditions. To ensure
safe and stable operation after integration, the model satisfies node power
balance constraints and operational security constraints [20, 21]. Assuming
that PV connects at unity power factor, QPV ,i = 0, the node power balance
equation is given in Equation (2).⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

PGi − PLi + PPV ,i = Vi

N∑︂
j=1

Vj(Gij cos θij +Bij sin θij)

QGi −QLi = Vi

N∑︂
j=1

Vj(Gij sin θij −Bij cos θij)

(2)
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In Equation (2), PGi and QGi are the active and reactive power outputs of
i generators, PLi and QLi are the active and reactive loads of i, Vi and Vj are
voltage magnitudes, Gij and Bij are the conductance and susceptance of the
node admittance matrix, θij is the voltage angle difference, and N is the total
number of nodes in the system. Operational security constraints include node
voltage limits, line capacity limits, and PV capacity limits. These are detailed
in Equation (3).⎧⎪⎨⎪⎩

Vi,min ≤ Vi ≤ Vi,max, ∀ i ∈ {1, . . . , N}
|Sij | ≤ Sij,max, ∀ (i, j) ∈ ΩL

0 ≤ PPV ,i ≤ PPV ,i,max, ∀ i ∈ ΩPV

(3)

In Equation (3), Sij represents the apparent power of line ij , ΩL is the
set of lines, and ΩPV is the set of candidate PV access nodes. For the multi-
objective problem to be adapted for single-objective optimization algorithms,
a linear weighting approach is used to normalize the two objectives, remove
dimensional differences, and form a combined fitness function, as expressed
in Equation (4).⎧⎪⎨⎪⎩F̃k =

Fk − Fk,min

Fk,max − Fk,min
, k = 1, 2, 3

Fitness = α · F̃1 + β · (1− F̃2) + γ · (1− F̃3)

(4)

In Equation (4), Fk,max and Fk,min represent the maximum and minimum
values of each objective function in the feasible domain, α and β represent
weighting coefficients satisfying α + β = 1. F̃1, F̃2 and F̃3 represent the
normalized capacity objective, power loss objective and sensitivity objective,
respectively. Since F1 needs to be maximized while F2 and F3 needs to be
minimized, F̃2 and F̃3 are transformed as 1 − F̃2 and 1 − F̃3 to unify the
optimization direction. A larger Fitness value indicates a better overall per-
formance of the solution. To efficiently solve the multi-objective optimization
model of PV access nodes, this study proposes an improved PSO algorithm
based on Lévy flight strategy, called IPSO. The algorithm flow is shown in
Figure 2.

As illustrated in Figure 2, IPSO begins with an initialized PV integration
capacity scheme. The inertia weight is dynamically updated with a population
trend factor to ensure an optimal search state for Lévy flight perturbation. The
process updates the particle positions one by one based on the standard PSO
iteration and Lévy flight perturbation. The global optimal integration con-
figuration is constantly updated. Once the termination condition is satisfied,
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Figure 2 Flowchart of IPSO algorithm for PV access optimization.
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Figure 3 Schematic of Levy flight strategy and population trend factor.

the optimal nodes and capacity are obtained. If the position Xk
i represents a

PV integration capacity scheme, its velocity and position update formulas are
given in Equation (5).{︄

V k+1
i = ωV k

i + c1r1(pbest
k
i −Xk

i ) + c2r2(gbest
k
i −Xk

i )

Xk+1
i = Xk

i + V k+1
i

(5)

In Equation (5), V k
i is the iterative update step of the PV capacity

configuration scheme. ω is the inertia weight, c1 and c2 are learning factors,
r1 and r2 are random numbers in [0, 1]. pbestki is the particle’s historical
best PV configuration, and gbestki is the global best integration configuration
of the population. To optimize the execution of the Lévy flight strategy, a
population trend factor rk is defined to represent the convergence degree
of the population toward the current best PV configuration. Its schematic is
shown in Figure 3.

In Figure 3(a), the behavior angle θ is defined as the angle between the
particle’s current velocity vector and the vector pointing to the population’s
best position. Particles with θ less than 60 are considered convergent particles.
In Figure 3(b), ω changes with rk, enabling automatic switching between
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global search and local exploitation. rk is defined in Equation (6).

rk =
count(θ < 60◦)

Npop
(6)

In Equation (6), Npop represents the total number of particles involved in
PV configuration optimization. The adaptive ω update method based on rk is
given in Equation (7).

ωk = 1

/︃[︃
1 +

3

2
exp

(︃
ln

2rk
57

)︃]︃
(7)

In Equation (7), ωk is the adaptive inertia weight of continuous nonlinear
mapping. To avoid local optima, Lévy flight perturbation is added after
standard updates. As shown in Figure 3(c), the long-range jumps and random
walk characteristics of Lévy flight help the algorithm escape local optima.
The position update is shown in Equation (8).

xt+1
i = xti + α · (xti − gt) · µ

|v|1/β
(8)

In Equation (8), α represents the PV capacity perturbation step factor.
The term µ

|v|1/β denotes the random step size following a Lévy distribution,

where µ ∼ N(0, σ2
µ) and v ∼ N(0, 1) are both normally distributed random

numbers, and β is the characteristic exponent (typically set to 1.5). This
step size generates long-distance jumps via heavy-tailed probability, thereby
assisting the algorithm in escaping from local optima. IPSO can quickly find
the best grid connection points and obtain the maximum safe integration
capacity of each node. This effectively improves the solving efficiency and
configuration rationality of distributed PV grid connection optimization.

2.2 Design of an Assessment Model for Distributed PV System
Integration Capacity

Based on the high-quality PV access schemes determined by IPSO, this study
proposes an HEM–LHS–MCS evaluation model incorporating the analytical
optimization of HEM. The framework is illustrated in Figure 4. This model
is designed to assess the maximum safe integration capacity and long-term
operational robustness under real uncertain environments, and to address the
low computational efficiency of traditional probabilistic power flow methods
in massive scenarios.
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N

Figure 4 Framework of HEM-LHS-MCS for PV capacity evaluation.

As illustrated in Figure 4, HEM-LHS-MCS uses the IPSO-identified
optimal access strategies and past source-load conditions as inputs. It estab-
lishes an iterative-free fast power-solving mechanism based on the optimized
application of HEM. Such optimization is limited to the application level:
the analytical characteristics of HEM are adopted to construct an explicit
voltage–power function, and the Padé approximation is introduced to extend
the convergence domain. Then, LHS is adopted to generate stochastic sce-
narios of photovoltaic output and load fluctuation. Within MCS framework,
safety verification and statistical evaluation are completed to output the
maximum safe hosting capacity and the optimal flexible scheme [22, 23].
The core improvement of HEM lies in establishing an explicit functional
relationship between node voltage and power injection multipliers, enabling
fast non-iterative power flow calculation for massive scenarios, as shown in
Equation (9).

N∑︂
k=1

YikVk(s) =
sS∗

i

V ∗
i (s

∗)
+

ysh,i
Vi(s)

, i ∈ PQ (9)

In Equation (9), s represents the embedded complex variable, and its
complex conjugate is denoted as s∗. Yik represents an element of the node
admittance matrix, Vi(s) represents the node voltage holomorphic function.
V ∗
i (s

∗) denotes the conjugate value of the voltage holomorphic function eval-
uated at s∗, this construction ensures that the right-hand side of Equation (9)
remains holomorphic with respect to s, which is a prerequisite for the power
series expansion. ysh,i represents the node-to-ground shunt admittance, and
S∗
i represents the conjugate of the injected complex power at the node.
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To achieve non-iterative solution, Vi(s) is expanded into a power series in
the complex domain, as shown in Equation (10).

Vi(s) =

∞∑︂
n=0

Vi [n]s
n (10)

In Equation (10), Vi[n] is the voltage coefficient. To enlarge the conver-
gence domain and ensure stability under high PV penetration scenarios, Padé
approximation constructs a rational function approximation of the voltage, as
shown in Equation (11).

V
[L/M ]
i (s) =

a0 + 21s+ · · ·+ aLs
L

1 + b1s+ · · ·+ bMsM
(11)

In Equation (11), L and M are the approximation orders, aL and bM are
the approximation coefficients. It should be noted that the power series in
Equation (10) has a finite radius of convergence. When s = 1 (corresponding
to the actual system operating point) lies outside the convergence domain,
direct summation may lead to divergence. The Padé approximation constructs
a rational fraction to analytically extend the voltage function to the entire
complex plane, thereby ensuring a convergent power flow solution at s = 1.
This establishes a direct explicit functional relationship between node voltage
and s. To efficiently cover the source-load joint uncertainty space, LHS is
further used to generate high-quality random scenarios. The process is shown
in Figure 5.

As shown in Figure 5, the process first establishes a Beta distribu-
tion model of PV output. Then, multi-dimensional uniform sampling and
random permutation of LHS generate source-load joint random scenarios.
The voltage-power explicit function constructed by HEM verifies scenario
validity, and finally outputs high-quality scenarios for system uncertainty
assessment. The probability density function of PV output is shown in

Figure 5 Process of generating high-quality source-load random scenarios using LHS.
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Equation (12).

f(PPV ) =
Γ(α+ β)

Γ(α)Γ(β)

(︃
PPV

Pmax
PV

)︃
α−1

(︃
1− PPV

Pmax
PV

)︃
β−1 (12)

In Equation (12), α and β are the shape parameter determined by fitting
historical PV output data, Γ(·) is the gamma function, and Pmax

PV is the
maximum PV output. The j-th random variable in the k-th sample is shown
in Equation (13).

xkj = F−1
j

(︄
πj(k)− 1 + ukj

Ns

)︄
(13)

In Equation (13), F−1
j is the inverse cumulative distribution function,

πj(k) is the random permutation, ukj is a uniform random number in [0, 1],
and Ns is the total number of scenarios generated by LHS. Finally, the model
performs probabilistic assessment under the MCS framework. The evaluation
process for Ns scenarios generated by LHS is shown in Figure 6.

As shown in Figure 6, the MCS capacity search process based on the
improved HEM kernel uses a two-layer loop. The outer loop increments PV
capacity, and the inner loop iterates through random scenarios. By calling the
pre-constructed voltage function V (s), power flow for each scenario is solved
rapidly, constraints are verified, and scenario pass rate and comprehensive
flexibility score are calculated. The maximum safe integration capacity and
optimal flexibility strategy are identified based on probabilistic criteria. The
single scenario adaptability is measured using the flexibility score indicator,
as expressed in Equation (14).

Ia,r =
1

c1

∆PL,a,r

Pbase
+

1

c2

∆QL,a,r

Qbase
+

1

c3

∆V 2
a.r

V 2
rated

(14)

k Ns

Sk

 s

k Ns

Figure 6 Monte Carlo simulation process for PV capacity assessment using improved HEM.
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In Equation (14), Ia,r is the single-scenario flexibility score of the a-th
scheme in the r-th random scenario, c is the weight coefficient, ∆P , ∆Q, and
∆V 2 represent active power, reactive power, and voltage deviation, Vrated

is the rated voltage of the node, and Pbase and Qbase are the system active
and reactive power base values. The average scores of all scenarios yield
the Monte Carlo statistical estimate, or the flexibility score, as indicated in
Equation (15).

Ha =
1

Nr

Nr∑︂
r=1

Ia,r (15)

In Equation (15), Ha is the comprehensive flexibility score of the a-th
scheme, and Nr is the number of effective scenarios included in the statistics.
Determining the maximum integration capacity under uncertainty requires
that key constraints are satisfied in the vast majority of scenarios, with the
probabilistic criterion shown in Equation (16).

Prob(V min
i ≤ Vi ≤ V max

i ∧ |Sij | ≤ Smax
ij ) ≥ 1− ε (16)

In Equation (16), ε is the preset small probability threshold used to control
the risk of constraint violation. In the process of evaluation, the maximum
safe integration capacity is determined by the iterating capacities and the
application of the criterion. The proposed model replaces the traditional itera-
tive power flow process with an HEM analytical kernel, which can efficiently
simulate a huge amount of random scenarios and significantly improve the
calculation speed of uncertainty analysis.

3 Simulation Examples and Analysis

3.1 Test System and Scenario Settings

To verify the proposed approach, this study uses the IEEE 30-bus distribution
system as the simulation example. The system topology, line parameters,
and load data are obtained from the IEEE PES standard case library. PV
generation time-series data were obtained from the NREL PVWatts hourly
dataset. Load variations are based on measured data from IEEE DataPort.
Simulations were conducted in MATLAB R2022b, with YALMIP and Mosek
9.3 used to solve the optimization problem. The hardware platform is an
Intel Core i7-10700 CPU (2.90–4.80 GHz), 16 GB DDR4 RAM, and a 512
GB SSD. The system topology and nodal load distribution are shown in
Figure 7.
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Figure 7 IEEE 30-bus system topology and nodal load distribution.

In Figure 7(a), the system had a base capacity of 100 MVA and a rated
voltage of 230 kV, with 30 buses and 41 branches. Bus 1 was the slack bus,
while buses 2, 5, 8, 11, 13, 22, 23, and 27 were PV buses, and the rest were
PQ buses. As illustrated in Figure 7(b), the system load had an unbalanced
distribution. The load was concentrated around buses 2, 5, 7, 8, 12, and 22,
with bus 5 having the highest active power load of 94.22 MW. To simulate
the uncertain environment with high PV penetration, the PV active power
output was represented by a Beta distribution, while the load variation was
represented by a normal distribution. Based on this setup, LHS was used to
generate 2,000 joint source-load random scenarios. The daily PV output and
load variation curves under typical scenarios are shown in Figure 8.

As shown in Figure 8(a), PV output exhibited a clear single-peak pattern.
It was concentrated in the 6:00–20:00 window and was strongly influenced by
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Figure 8 Daily variation curves of PV output and load under typical scenarios.

season and weather. Peak output reached 0.95 p.u. on a clear summer day and
dropped to 0.68 p.u. on a cloudy winter day. As shown in Figure 8(b), load
followed a typical double-peak pattern with distinct morning and evening
peaks. On a heavy-load day, the evening peak at 19:00 reached 1.05 p.u.,
while the corresponding load on a light-load day was only 0.82 p.u. The
peak of the midday PV output was considerably shifted from the morning
and evening peaks of the load. This further accentuated the stress on power
balancing and voltage regulation in high-penetration PV systems.

3.2 Evaluation of PV Integration Capacity and Connection
Schemes

To identify the optimal PV integration nodes, this study first applied the IPSO
algorithm for node screening. The PSO population size was set to 30, and the
maximum number of iterations was set to 50. The inertia weight range was
[0.4, 0.9], the learning factors were c1=1.5 and c2=2.0, and the Lévy flight
step size factor was 0.01. To validate the screening effectiveness of IPSO, this
study compared it against random selection using a normalized composite
index based on hosting capacity, network loss, and voltage safety. IPSO iden-
tified five optimal candidate schemes, numbered 51–55, corresponding to bus
combinations {6, 22}, {10, 29}, {3, 19}, {4, 15}, and {7, 24}. Meanwhile,
50 randomly generated schemes served as the baseline. To further validate
the improvements in IPSO, an ablation study was conducted comparing IPSO
against standard PSO, adaptive weight PSO (AW-PSO), and Lévy flight PSO
(LF-PSO). Results are shown in Figure 9.

In Figure 9(a), the performance indices of the schemes chosen by IPSO
were in the range of 0.79–0.95, which was much higher than that of the
randomly chosen schemes, and the best scheme {3, 19} had the maximum
index of 0.95. From Figure 9(b), IPSO had the maximum fitness value of 0.96
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Figure 9 Comparison of node screening performance among IPSO and baseline algorithms.

Note: Inorm = α ·
PPV

Pbase
+ β ·

Ploss,base

Ploss
− γ∆V .

after 50 iterations and the highest convergence speed. In Figure 9(c), IPSO
had the highest median fitness of 0.952 with the smallest range, and LF-PSO
had the highest median value but the largest range. These observations proved
that IPSO had better accuracy as well as stability. After {3, 19} was identified
as the optimal integration scheme, this study applied the HEM-LHS-MCS
model to conduct an in-depth analysis of its operational characteristics. The
probability distributions of key bus voltages across 2,000 random scenarios,
and the violation probability curves as a function of PV capacity for different
schemes, are shown in Figure 10.

In Figure 10(a), the voltage medians at buses 3 and 19 were 1.010 p.u.
and 1.028 p.u., respectively, with concentrated distributions within the safe
operating range. The weak bus 12 had a voltage median of 0.980 p.u., and
the heavy-load bus 5 had a median of 1.044 p.u. All bus voltages fell strictly
within the safe range of [0.95, 1.05] p.u., confirming the global voltage safety
of this scheme. From Figure 10(b), the scheme with the least rate of risk
increase was scheme {3, 19}, which attained a violation probability of only
0.10% at 60 MW, attaining the 1% safety threshold at 81.32 MW. The next
best scheme {6, 22} attained the safety threshold at 71.45 MW, while the
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Figure 10 Voltage probability distributions and violation probability curves.

Table 1 Performance comparison of candidate PV integration schemes
Max. Safe Flexibility Scenario Pass Expected

Scheme Capacity (MW) Score Ha Rate (%) Loss (MW)
{3, 19} 81.32 1.23 99.52 4.25
{6, 22} 71.45 1.45 98.83 4.48
{10, 29} 79.10 1.67 97.21 4.62
{4, 15} 72.18 1.89 96.47 4.85
{7, 24} 68.91 2.05 95.92 5.12
Load-proportional
(benchmark)

62.34 2.18 95.67 5.68

Uniform distribution
(benchmark)

58.67 2.45 94.32 6.12

uniform distribution scheme and the worst scheme {8, 15} had a higher rate
of risk increase. This meant that the optimal selection of nodes could slow
down the rate of risk accumulation as capacity increased, hence improving the
hosting capacity of the system’s PV. Based on the proposed schemes, all the
options were tested using 2,000 random scenarios with a probability safety
level of ε = 0.01. The overall performance comparison of all the schemes is
presented in Table 1.

As shown in Table 1, scheme {3, 19} achieved the highest maximum safe
hosting capacity of 81.32 MW, which was 13.81% higher than the second-
best scheme {6, 22}, 18.01% higher than scheme {7, 24}, and 38.62% higher
than the uniform distribution benchmark scheme, and 30.45% higher than
the load-proportional benchmark scheme. This scheme also had the lowest
comprehensive flexibility index Ha of 1.23, which is reduced by 49.80% and
43.58% compared with the two benchmark schemes, indicating the optimal
operational adaptability across stochastic scenarios. The pass rate of the sce-
nario was 99.52%, and the probability of voltage violation was only 0.48%,
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Table 2 Composition of flexibility scores for scheme {3,19} in different typical scenarios

Voltage Network Violation

Scenario Deviation Loss Penalty Total

Type Contribution Contribution Contribution Score

Sunny summer (High PV output) 0.32 0.41 0.02 0.75

Cloudy winter (Low PV output) 0.45 0.38 0.05 0.88

Evening peak load 0.48 0.52 0.08 1.08

Extreme violation scenario 0.52 0.48 0.35 1.35

both of which met the set safety requirements. The expected network loss
was 4.25 MW. This was also the lowest among all schemes. The integration
scheme identified by the proposed approach had significant advantages in
terms of capacity, reliability, and economy. The superior performance of
Scheme {3,19} originates from the following reasons: Nodes 3 and 19 are
located in the critical transmission corridors of the IEEE 30-bus system,
possessing strong voltage support capability. The injected photovoltaic power
can be efficiently delivered to load centers, reducing the risk of remote
node voltage violations. Meanwhile, this integration scheme disperses power
injection points and avoids excessive power accumulation at a single node.
It effectively controls network power loss and improves photovoltaic hosting
capacity.

To further reveal the composition of the comprehensive flexibility score,
the contributions of each item to the score of Scheme {3,19} under different
typical scenarios were decomposed, with the weights of the voltage deviation
term, network loss term and violation penalty term set to 0.4, 0.3 and 0.3,
respectively. The results are presented in Table 2.

As indicated in Table 2, under normal operating conditions, the contri-
bution of network loss to the score is slightly higher than that of voltage
deviation; while in extreme violation scenarios, the violation penalty term
becomes the dominant factor. Scheme {3,19} maintains low voltage devi-
ation and network loss across all scenarios, and presents the minimum
violation risk especially under heavy-load and extreme conditions, thus
achieving the optimal comprehensive score.

3.3 Comparative Analysis of Computational Efficiency

In order to confirm the computational efficiency of the proposed method,
a comparative analysis was performed at both the algorithm level and the
framework level. At the algorithm level, the improved HEM was compared
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Figure 11 Computational efficiency comparison at the algorithm and framework levels.

with the NR method, the forward-backward sweep method, and the Gauss-
Seidel method based on the solution time for a single power flow solution
for different sizes of systems. At the framework level, the proposed two-
stage framework combining IPSO screening and HEM-LHS-MCS evaluation
was compared against the Enumeration-Monte Carlo (Enum-MC) method,
LHS-MCS, and the standard PSO-Newton method in terms of total com-
putation time across different scenario sizes. To ensure evaluation fairness,
all comparative algorithms are tested under identical hardware and software
environments: an Intel Core i7-10700 CPU @ 2.90 GHz, 16 GB RAM, and
MATLAB R2022b. The same convergence tolerance (1 × 10−6 p.u.) and
maximum iteration limit (100 iterations) are adopted uniformly. Furthermore,
the overall computational efficiency is measured by the total runtime across
200 scenarios, rather than relying merely on the time consumption of a
single power flow calculation. The corresponding results are presented in
Figure 11.

As shown in Figure 11(a), the proposed method took only 2.13 ms per
single computation, and 28.64 ms for a 1,000-bus system, substantially lower
than the NR method (325.82 ms), the forward-backward sweep method
(245.27 ms), and the Gauss-Seidel method (925.43 ms), demonstrating the
superior scalability of the improved HEM. Figure 11(b) showed that under
2,000 random scenarios, the total computation time of the proposed method
was 85.26 s, representing an efficiency improvement of 81.96% over Enum-
MC and 72.98% over LHS-MCS. As the number of scenarios increased from
10 to 5,000, the computation time of the proposed method grew only from
0.85 s to 198.55 s, confirming its significantly lower sensitivity to scenario
scale. Furthermore, the NR method requires iterative calculations for each
individual scenario, while the improved HEM only needs one pre-calculation
to determine the power-series coefficients. Such one-time preprocessing
overhead can be fully amortized in massive scenario calculations, which



1022 Qing-sheng Li et al.

Table 3 Numerical stability, memory efficiency, and parallel performance comparison
Failure Peak Memory

Method Rate (%) Memory (MB) Release (%) Speedup
Proposed Method 0.05 156.24 95.21 6.12
Enum-MC 0.12 285.42 88.33 3.85
LHS-MCS 0.08 218.73 92.16 4.25
PSO-Newton 0.1 192.35 90.52 5.35

constitutes the core advantage of high efficiency for large-scale stochastic
evaluation.

In order to fully assess the engineering viability of the proposed approach,
the power flow failure rate is used as a measure. It is defined as the number of
failures divided by the total number of scenarios of the numerical stability of
the approach. Memory efficiency is measured using the peak memory usage
and memory release efficiency. The latter is calculated as the peak memory
usage minus the post-execution memory, divided by the peak memory usage.
Parallel performance is measured using the speedup obtained with 8 threads
relative to the single thread case. Results are presented in Table 3.

In Table 3, the proposed algorithm had the lowest failure rate of power
flow of 0.05%, which reflected the highest numerical stability. The peak
memory usage was 156.24 MB, accounting for 54.75% of the memory
usage of Enum-MC. The memory release efficiency was 95.21%, which
reflected the highest resource recovery capability. The parallel speedup ratio
was 6.12, and the parallel efficiency was 76.50%, indicating the highest
parallel computing capability. These results demonstrated that the proposed
method achieved high computational accuracy while making efficient use of
computational resources and fully exploiting parallel performance.

4 Conclusion

To address the low computational efficiency and insufficient capability to
cope with random fluctuations in distributed PV hosting capacity calculation
under uncertain environments, this study proposes a two-stage collaborative
evaluation approach. This approach combines a Lévy flight improved PSO
and the analytic application optimization of HEM. The core innovations and
contributions are summarized as follows:

(1) A node screening method based on Lévy flight-improved PSO is pro-
posed. By introducing voltage sensitivity indicators, the collaborative
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optimization of hosting capacity, economic performance, and anti-
disturbance capability is realized.

(2) An HEM–LHS–MCS evaluation framework based on the analytic
application optimization of HEM is constructed. The node voltage is
expressed as an explicit function of power injection. This achieves an
iterative-free fast solution for massive scenarios.

(3) A comprehensive flexibility score is introduced to quantitatively eval-
uate the long-term operational robustness of integration schemes under
uncertain environments.

Simulation results on the IEEE 30-bus system showed that the optimal
integration scheme identified by the proposed method was {3, 19}. The max-
imum safe hosting capacity was 81.32 MW, which was 13.81% higher than
that of the second-best scheme. The comprehensive flexibility score was only
1.23. These results demonstrate superior capacity performance and opera-
tional adaptability. In terms of computational efficiency, the proposed method
required only 2.13 ms per single power flow solution and completed the full
evaluation across 2,000 random scenarios in 85.26 s, achieving approximately
82% efficiency improvement over the traditional Enum-MC method. It also
offered better numerical stability and parallel performance. These outcomes
indicate that the proposed method achieves a good balance between evalua-
tion accuracy and computational complexity. It can serve as an effective tool
for the analysis of high-penetration PV grid integration planning.

Nevertheless, there is still room for further improvement in this study.
First, the current validation is conducted only for conventional distribution
networks. It does not cover complex modern power grids with a high propor-
tion of power electronic devices. Future research may integrate multi-energy
coupling and electricity market mechanisms to enhance engineering applica-
bility. Second, the stochastic scenarios generated by independent probability
distributions do not fully reflect the spatiotemporal correlation and reverse
peak regulation characteristics of generation and load. A Copula-based joint
distribution model can be adopted to optimize the fitting accuracy of scenar-
ios. Third, the effectiveness of the optimal Scheme {3,19} is verified using
global stochastic data. Differentiated verification for seasonal conditions has
not been performed. Follow-up research can classify typical summer and
winter operating conditions via cluster analysis. It can then evaluate the
adaptability of the scheme in different scenarios and further strengthen the
universality of the optimal solution under various meteorological and load
conditions.
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