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Abstract

Against the backdrop of the “dual-carbon” goals, the penetration of distributed photo-
voltaics (PV) in distribution networks continues to increase. Under the combined effects of
stochastic PV generation and load variability, assessing PV hosting capacity in distribution
networks under fault conditions has become increasingly challenging. To address the
limited consideration of uncertainty and fault conditions in existing studies, this paper
proposes a stochastic optimization framework for evaluating PV hosting capacity under
fault conditions that considers load uncertainty and mobile shared energy storage (MSES).
First, historical data are used to generate representative uncertainty scenarios through Latin
hypercube sampling. An optimization model is then formulated subject to secure distri-
bution network operation constraints to determine the optimal capacities and locations
of distributed PV installations. Meanwhile, MSES is incorporated to further enhance PV
hosting capacity through flexible spatial and temporal energy transfer. Finally, simulations
on the modified IEEE 33-bus system demonstrate that MSES can effectively increase PV
hosting capacity and renewable energy accommodation. However, under fault conditions,
changes in voltage profiles and the emergence of reverse power flows further reduce PV
hosting capacity. Although incorporating load uncertainty increases the system cost, the
resulting PV hosting capacity is more representative of practical operating conditions,
thereby providing quantitative decision-making support for the planning and operation of
distribution networks with high PV penetration.

Keywords: distributed photovoltaic; mobile shared energy storage; distribution network
fault; uncertainty optimization; penetration capacity

1. Introduction
With the deepening implementation of the “dual carbon” strategy and the acceler-

ating pace of energy transition, the penetration level of distributed photovoltaics (PV) in
distribution networks continues to rise, a trend that is profoundly reshaping the structural
configuration and operational characteristics of traditional distribution networks [1,2].
PV output exhibits significant randomness and volatility due to the influence of weather
conditions [3]. On the other hand, the temporal fluctuation characteristics of load demand
further exacerbate the operational uncertainty of distribution networks. Under fault con-
ditions, the main grid supply is interrupted, and some PV units are disconnected due
to undervoltage protection. Relying solely on main grid restoration for power supply
compromises operational reliability. While distributed PV possesses black-start potential,

Processes 2026, 14, 2767 https://doi.org/10.3390/pr14172767

https://crossmark.crossref.org/dialog?doi=10.3390/pr14172767&domain=pdf&date_stamp=2026-09-02
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/processes
https://www.mdpi.com
https://orcid.org/0009-0009-7921-5533
https://doi.org/10.3390/pr14172767


Processes 2026, 14, 2767 2 of 20

uncoordinated restoration may exacerbate fault risks. Under the influence of uncertainties,
the assessment of distribution network hosting capacity under fault conditions becomes
particularly complex, emerging as both a research hotspot and a challenge in the field of
electrical engineering [4]. In this paper, PV hosting capacity is defined as the maximum
amount of distributed PV generation that can be accommodated by an existing distribu-
tion network while satisfying the specified operational and security constraints under the
considered operating conditions [5,6].

When a fault occurs in the distribution network, partial islanded operation may be
formed to ensure supply security. Under such circumstances, the risks induced by these
uncertainties become more pronounced. On one hand, severe fluctuations in PV output
may trigger issues such as voltage violations and line overloads, thereby affecting the
PV hosting capacity [7]. On the other hand, changes in the network topology following
a fault alter the power flow distribution, further exacerbating system operational risks.
Large-scale blackouts in California, USA in 2019 [8] and South Australia in 2021 [9] have
demonstrated that alongside the transformation of power systems, greater attention must
be paid to the safe and stable operation of distribution networks. Since distributed PV is
typically connected at the end of distribution feeders, operates at lower voltage levels, and
suffers from poor integration of operational information, this leads to lax management of
distributed PV systems and suboptimal PV utilization rates. Consequently, research into
the optimal PV hosting capacity of distribution networks has become critically important.
Traditional distribution network operation optimization is often based on deterministic
conditions, failing to adequately account for the coupled effects of source-load dual un-
certainties. Particularly under fault scenarios, such simplifications may cause evaluation
results to deviate from reality, failing to accurately reflect the true hosting capacity of the
distribution network [10].

Against the backdrop of the emerging power system paradigm, conducting an assess-
ment of the optimal PV hosting capacity in distribution networks under fault conditions
while accounting for load variability holds significant theoretical importance and engineer-
ing value. This research can provide theoretical support for distribution network operation
and dispatch, thereby enhancing the operational safety and stability of distribution net-
works with high PV penetration [11]. The prevailing definition of PV hosting capacity in
distribution networks is “the maximum PV installation capacity that a distribution network
can accommodate while maintaining safe and stable operation, given its existing infrastruc-
ture and control modes” [12,13]. In the following sections, this concept will be uniformly
referred to as the maximum PV hosting capacity of the distribution network. Currently,
China has also issued relevant technical standards and guidelines, such as the “Guidelines
for Assessing the Hosting Capacity of Distributed Generation Connected to Power Grids”
(DL/T 2041) [14]. Internationally, the International Electrotechnical Commission (IEC) has
also issued the “Guidelines for Evaluating the Hosting Capacity of Distributed Generation
in Distribution Networks” (IEC TS 63276:2024) [15], which imposes constraints on the inte-
gration capacity of distributed PV in distribution networks. The integration of distributed
PV can alleviate part of the supply pressure and improve the voltage profile. Distribution
networks generally permit operational indices to vary within a prescribed safety range,
provided that the integration of distributed PV does not compromise the secure and stable
operation of the network. The PV hosting capacity investigated in the subsequent sections
of this paper is likewise determined based on the condition that distribution network
indices do not exceed their permissible limits.

Regarding the assessment of PV hosting capacity in distribution networks, scholars
worldwide have proposed a variety of evaluation methodologies from diverse perspec-
tives. In terms of uncertainty modeling, existing studies predominantly employ methods
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such as probability distribution fitting, scenario generation, and interval analysis. Ref-
erence [10] analyzes the characteristics of PV output under different weather types and
proposes a generalized weather type clustering method based on PV output fluctuation
features. Reference [11] presents an interval analysis method for distributed PV hosting
capacity in distribution networks, decomposing the problem into optimistic and pessimistic
sub-models, and simplifying the solution process through equivalent transformations.
Reference [16] proposes a stochastic method for evaluating PV hosting capacity and applies
it to a typical rural low-voltage four-wire network in Slovakia. Reference [17] analyzes the
hosting capacity of distributed generation in distribution networks from the perspective of
harmonic emission levels. Reference [18] calculates the optimal PV penetration level subject
to distribution network security constraints stipulated by system operators, and identifies
the maximum tolerable PV capacity. Reference [19] analyzes the predominant limiting
factors affecting distributed PV integration in low- and medium-voltage distribution net-
works across 98 cities, concluding that voltage violation is the most significant constraint,
followed by line capacity limitation. Reference [20] restricts the maximum line current
based on the rated current of protective devices, and subsequently analyzes the PV hosting
capacity of the distribution network. Reference [21] analyzes the PV hosting capacity of
distribution networks by varying the per-unit voltage of the upstream substation, revealing
that line transmission capacity emerges as the dominant limiting factor for PV hosting.

Regarding the optimization of distributed PV integration in distribution networks,
researchers have proposed a variety of models and algorithms. Reference [22] considers
extreme PV scenarios and establishes a planning model with the grid-connected nodes
and capacities of PV systems as decision variables, aiming to maximize both total installed
PV capacity and voltage security margin. A Benders decomposition method is employed
to solve the resulting bi-level optimization model comprising master and sub-problems.
Reference [23] proposes a multi-objective optimal dispatch model for distribution networks
that accounts for the joint source-load output characteristics. The Pareto front solution
set is obtained via NSGA-III, and the entropy-weighted TOPSIS method is subsequently
employed to select the optimal multi-objective solution. Reference [24] evaluates the host-
ing capacity of distributed generation in distribution networks by considering on-load
tap changers (OLTCs) and static var compensators (SVCs). Reference [25] proposes a
cluster-oriented planning method for distributed PV and establishes a bi-level coordinated
siting and sizing model. Reference [26] constructs a bi-level joint optimal configuration
model for photovoltaic and storage systems that accounts for whole-life-cycle economy,
grid vulnerability, and carbon emissions, and solves it cooperatively using K-means++ clus-
tering and a hybrid intelligent algorithm. Reference [27] optimizes the integration capacity
and connection nodes of distributed PV in distribution networks based on distributionally
robust optimization. Reference [28] optimizes the distributed PV integration capacity in
distribution networks using a heuristic algorithm while accounting for multiple factors
such as voltage fluctuation and short-circuit capacity. However, intelligent algorithms such
as heuristic methods are prone to becoming trapped in local optima. References [29,30]
optimize the grid-connected locations and quantities of distributed PV in distribution net-
works based on typical daily historical data, employing Monte Carlo simulation methods.
Reference [31] proposes a dynamic assessment method for distributed PV hosting capacity
based on quasi-static time-series simulation.

Currently, research on PV hosting capacity in distribution networks under fault scenar-
ios remains scarce, with most scholars focusing on modeling and analyzing PV integration
capacity under normal operating conditions. As the penetration level of distributed PV
in distribution networks increases, voltage and frequency are adversely affected, and the
operational risk of the distribution network escalates accordingly [32]. According to the
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relationship between PV output and load demand at the point of interconnection, the
scenarios can be broadly categorized into three types. The first corresponds to the early
stage of low penetration, where feeder load demand generally exceeds distributed PV
generation, and thus PV integration exerts little noticeable impact on distribution network
operation. The second occurs as penetration increases to the point where PV output begins
to approach and eventually exceed local load demand, causing reverse power flow on the
feeder during certain periods. The third is the high-penetration scenario, where distributed
PV generation substantially exceeds local load, and sustained reverse power flow may
trigger operational issues such as voltage violations, excessive line loading, and maloper-
ation or failure of protection systems [33]. Reference [34] proposes a two-stage stability
enhancement framework, where weak-node parameters are optimized in the planning
stage and data-driven predictive control is adopted in the operation stage, so as to suppress
the broadband oscillation risk in power systems with high renewable penetration. Refer-
ence [35] analyzes the current-voltage relationship of distributed PV equipment under fault
conditions and establishes an equivalent model. Reference [36] characterizes the output be-
havior of distributed PV under fault scenarios based on a positive- and negative-sequence
voltage source model. However, the aforementioned models do not specifically address the
PV hosting capacity of distribution networks under fault scenarios. Under fault conditions,
the maximum PV integration capacity decreases, which constitutes a non-negligible aspect
of distribution network PV hosting capacity research.

The integration of mobile shared energy storage (MSES) can further enhance the
PV hosting capacity of distribution networks. As a critical infrastructure supporting the
construction of new-type power systems, the large-scale development of energy storage
technology has become an inevitable future trend. Some scholars have introduced the
concept of the sharing economy into the energy storage sector, innovatively proposing a
novel business model termed shared energy storage. This model decouples the ownership
and usage rights of energy storage facilities, establishing a market-based sharing mecha-
nism grounded in capacity, power, and energy. It enables diverse market entities on the
generation side, grid side, and demand side to obtain on-demand services—including peak
shaving, frequency regulation, reserve provision, and electricity price arbitrage—without
owning storage assets. Reference [37] proposes a shared energy storage mechanism on the
generation side and validates it using historical wind power data. Reference [38] reviews
the development status and key technologies of mobile energy storage in distribution
networks, and elucidates its distinctive role in distribution network operation and man-
agement. Reference [39] proposes a two-stage stochastic planning method for determining
the siting and sizing of mobile energy storage, accounting for spatiotemporal correlations
of uncertain factors, with the aim of ensuring the secure and stable operation of distri-
bution networks under high penetration of distributed renewable energy. Reference [40]
proposes a post-disaster restoration strategy for distribution networks that accounts for
the spatiotemporal characteristics of mobile energy storage, based on a traffic impedance
model and the Floyd algorithm, validating the effectiveness of mobile storage in enhancing
supply restoration capability.

Although existing studies have made certain progress in assessing the PV hosting
capacity of distribution networks, the following shortcomings remain. First, most existing
studies optimize the PV integration capacity at fixed nodes within the distribution network,
failing to encompass all feasible interconnection nodes in a holistic investigation, thereby
introducing bias into the calculation of the maximum PV hosting capacity. Second, if
the research focuses solely on maximizing the hosting capacity while overlooking critical
factors such as economic viability, the findings will lack practical engineering applicability.
Furthermore, the majority of current studies emphasize hosting capacity assessment under
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normal operating conditions, with relatively few investigations dedicated to fault scenarios.
Under fault conditions, alterations in the distribution network topology and reverse power
flows may cause operational indices to exceed their limits, consequently diminishing the
PV hosting capacity-a characteristic that existing methods fail to adequately capture.

Addressing the planning of distributed PV in distribution networks, this paper pro-
poses an analytical method for determining the optimal PV hosting capacity and intercon-
nection nodes that accounts for load stochasticity and fault scenarios. This study departs
from the conventional deterministic analysis paradigm based on single historical datasets,
employing Latin hypercube sampling to extract representative load scenarios and conduct-
ing joint optimization. Concurrently, a distribution network planning model incorporating
MSES is constructed. By balancing PV hosting capacity with operational economics and
exploiting the flexible dispatchability of mobile storage, the model achieves enhanced effec-
tive PV accommodation and provides emergency power support under fault conditions.
The main innovations are summarized in the following three aspects.

(1) A stochastic optimization framework that couples uncertainties with fault scenarios
is proposed. This framework establishes a globally consistent PV interconnection
decision variable that remains invariant across all random scenarios. This global-local
decision architecture enables the optimal solution to guarantee distribution network
security under both normal operating and anticipated contingency conditions, thereby
yielding a more robust and physically realistic hosting capacity estimate.

(2) A collaborative optimization model incorporating MSES is constructed. By introduc-
ing MSES into the distribution network collaborative optimization framework, the
model not only further exploits the PV regulation potential through its spatiotemporal
transferability, but also effectively addresses the supply reliability issue under fault
conditions by leveraging its emergency power supply capability. It also reveals how
MSES deployment alters the sensitivity of hosting capacity to fault disturbances.

(3) A multi-objective trade-off mechanism that balances distribution operation security
with economic benefits is proposed. By combining the minimization of operating
cost with the maximization of PV hosting capacity, a multi-objective coordinated
optimization that balances technical performance and economic efficiency is realized.
The optimal hosting capacity and interconnection nodes are simultaneously and
synergistically optimized, providing a more valuable reference scheme for practical
engineering applications.

2. Optimal PV Integration Capacity Model
The optimization model for the maximum PV integration capacity in distribution

networks is established under the premise of secure and stable network operation, and
investigates the accommodated PV generation. The model adopts the operating cost as
the objective function and optimizes the PV integration capacity while accounting for
economic benefits. Given the inherently low cost of PV generation, the optimization
process prioritizes the utilization of green renewable energy from PV sources. Furthermore,
to further explore the maximum PV generation capacity, incentive measures are also
incorporated for PV output. The constraints of the model include safety measures such as
node voltage limits and line transmission capacity, thereby ensuring that the investigation
of PV integration capacity is conducted under the precondition of secure distribution
network operation. The research content flowchart is shown in Figure 1.
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Figure 1. Research framework.

2.1. Objective Function

The model adopts the minimization of system operating cost as the optimization
objective Cele (1), which primarily comprises the distribution network operating cost (2),
the MSES cost Cstor (3), and the PV-related cost CPV (4). Specifically, the distribution
network operating cost includes the cost of purchasing electricity from the upstream grid
and the penalty cost for unserved load. Since the operator of the MSES considered in
this paper is not the grid operator but merely a provider of ancillary support services,
its operating cost is calculated based on the number of dispatch instances. We took into
account the scheduling costs associated with each instance of charging or discharging for
ancillary services. This represents a composite single-dispatch cost that implicitly accounts
for the transportation, labor, equipment depreciation, and logistics management expenses
associated with mobile storage deployment. The distributed PV cost mainly comprises
three components: the average daily cost of PV node integration, the incentive cost granted
by the government in response to national policies promoting green electricity utilization,
and the penalty cost for PV curtailment. This design aims to both encourage green power
supply and prevent excessive industry competition and arbitrage.

min{Cele + Cstor + CPV} (1)

Cele = ∑
t
( ∑

j∈Ωsub

cele
jt Psub

jt +∑
j

Closs
jt · ∆PLD

jt ) (2)

Cstor = ∑
a∈Ωstor

∑
t

cstor
a zstor

at (3)

CPV = cPV
r zsolar

r + ∑
t

∑
r∈ΩPV

(−τPV
r PPV

rt + δPVPPV,loss
rt ) (4)

where j is the index of distribution network nodes; t is the time index; r is the index of the
PV; Ωsub, Ωstor, and ΩPV denote the sets of upstream substations, shared energy storage
units, and distributed PV systems, respectively; cele

jt is the time-of-use electricity price of

the upstream grid; Psub
jt is the cost of purchasing electricity from the upstream grid; Closs

jt

is the penalty cost for load curtailment; ∆PLD
jt is the amount of unserved load at node j;

cstor
a is the average cost per dispatch of the energy storage unit; zstor

at is a binary variable
indicating the operational state of mobile shared storage unit a, where a value of 1 signifies
that the unit is connected to the distribution network at time t, and 0 otherwise; cPV

r is
the average daily cost of PV node integration; zsolar

r is a binary variable representing the
connection status of PV unit r, where a value of 1 indicates that PV unit r is connected to
the distribution network node; τPV

r is the incentive fee per unit of PV generation; PPV
rt is the
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power generation of PV unit r; δPV is the penalty cost per unit of curtailed PV generation;
and PPV,loss

rt is the amount of curtailed PV generation of unit r.

2.2. Constraints

The secure and stable operation of the distribution network must also satisfy certain
constraints, including nodal active/reactive power balance, upper and lower bounds on
nodal voltage, upper and lower limits on line power flow, and equipment safety operation
constraints.

2.2.1. Power Flow Constraints

This paper constrains the power flow and voltage relationships of the distribution
network based on the DistFlow model. The relevant constraints are expressed in (5) and (6).

V2
jt = V2

it − 2(Pij,tRij + Qij,tXij) + I2
ij,t(R2

ij + X2
ij) (5)

I2
ij,t = (P2

ij,t + Q2
ij,t

)
/V2

it (6)

where Vit is the voltage magnitude at node i of the distribution network at time t; Rij and
Xij are the resistance and reactance of the line between nodes i and j, respectively; Iij,t is
the current flowing through line (i, j); and Pij,t and Qij,t are the active and reactive power
transmitted on line (i, j), respectively.

Due to the quadratic terms in (5) and (6), the model becomes nonlinear, rendering
its solution more difficult. Therefore, the second-order cone relaxation (SOCR) method is
considered for linearization. Let V̂it = V2

it and Îij,t = I2
ij,t. The DistFlow model in (5) can be

rewritten as (7). The second-order cone relaxation form of (6) can be relaxed into (8). (8) can
be further expressed as (9).

V̂jt = V̂it − 2(Pij,tRij + Qij,tXij)− Îij,t(R2
ij + X2

ij) (7)

Îij,t ≥ (P2
ij,t + Q2

ij,t

)
/V̂it (8)∥∥∥∥∥∥∥

2Pij,t

2Qij,t

Îij,t − V̂it

∥∥∥∥∥∥∥
2

≤ Îij,t + V̂it (9)

2.2.2. Nodal Power Balance Constraints

To better investigate the transmission of active and reactive power on lines during
distribution network faults, this paper adopts the AC power flow method to enforce nodal
power balance. The active and reactive power balance constraints at each node are given
by (10) and (11), respectively.

∑
k∈s(j)

Pjk,t = (Pij,t − I2
ij,tRij) + Psub

jt − PLD
jt + ∑

a∈Ωj

PES
at + ∑

r∈Ωj

PPV
rt + ∆PLD

jt , j ∈ ΩB (10)

∑
k∈s(j)

Qjk,t = (Qij,t − I2
ij,tXij) + Qsub

jt − QLD
jt + ∑

r∈Ωj

QPV
rt +

(
∆PLD

jt /PLD
jt

)
· QLD

jt , j ∈ ΩB (11)

where Qsub
jt denotes the reactive power purchased from the upstream grid; PLD

jt and QLD
jt

are the forecasted active and reactive load values at node j, respectively; PES
at is the power

flow of MSES unit a; QPV
rt is the reactive power output of PV unit r; and s(j) is the set of

end nodes for which node j serves as the sending-end bus.
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2.2.3. Line Safety Constraints

To further account for the thermal stability characteristics of lines following PV inte-
gration in practical engineering operation, the safe operating conditions of the distribution
network are constrained in accordance with actual production practices. The upper and
lower limits on active and reactive power transmitted through lines during distribution
network operation are given by (12) and (13), where (12) specifically restricts the reverse
power overload capability caused by PV feed-in. The branch current constraint is expressed
in (14), which limits the current-carrying capacity of the line. The upper and lower bounds
on nodal voltage are given by (15). Voltage constraint (15) applies to all nodes in the
distribution network, including the PCC bus. Together with the reverse power flow limits
(12) and (13), it ensures that overvoltage and reverse power flow induced by PV injection
are properly constrained.

−Pre,max
ij ≤ Pij,t ≤ Pmax

ij (12)

−Qre,max
ij ≤ Qij,t ≤ Qmax

ij (13)

0 ≤
∣∣Iij,t

∣∣ ≤ Imax
ij (14)

Vmin
j ≤ Vjt ≤ Vmax

j (15)

where Pmax
ij and Qmax

ij are the maximum allowable active and reactive power transmitted
on the line, respectively; Pre,max

ij and Qre,max
ij are the upper and lower bounds for reverse

power flow on the branch; Imax
ij is the maximum allowable current of the line; and Vmin

j
and Vmax

j are the minimum and maximum voltage magnitudes at node j, respectively.

2.2.4. Electricity Purchase Constraints

The power flow transmitted from the upstream substation to the distribution network
must ensure the security of the upstream grid. The upper and lower limits on power
purchased from the upstream grid are given by (16) and (17).

0 ≤ Psub
jt ≤ Psub,max

j (16)

0 ≤ Qsub
jt ≤ Qsub,max

j (17)

where Psub,max
j and Qsub,max

j denote the maximum allowable active and reactive power
purchased from the upstream grid, respectively.

2.2.5. Load Curtailment Constraint

The load curtailment at each load node in the distribution network shall not exceed its
forecasted load value, as expressed in Equation (18).

0 ≤ ∆PLD
jt ≤ PLD

jt (18)

2.2.6. Energy Storage Device Operation Constraints

The integration of energy storage devices can enhance the operational flexibility of
distribution networks, improve the utilization of distributed photovoltaic generation, and
facilitate economically viable and environmentally friendly operation of the distribution
system. This paper considers mobile energy storage as an emergency resource to be
dispatched following line faults, with the aim of achieving maximum power supply restora-
tion. The constraint on the maximum number of MSES units allowed to participate at
each time interval is given by (19). Within this prescribed limit, the shared storage units
can be relocated according to dispatcher instructions and connected to the most suitable
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nodes. The charging and discharging constraints of the energy storage device are given
by (20). The relationship between stored energy and power flow of the storage device is
expressed in (21). The stored energy must reach a balanced state within one operating day,
as constrained by (22). The charging and discharging constraints of the storage device are
further detailed in (23) and (24). The storage capacity constraint is given by (25). However,
factors such as positioning delays and traffic constraints are neglected in this study, which
introduces certain limitations to the model. Nevertheless, as this study focuses on the
fundamental electrical benefits of MSES under fault conditions, these assumptions are
acceptable for the qualitative investigation of PV hosting capacity in distribution networks
during contingencies.

∑
a

zstor
at ≤ ρstor (19)

PES
at = Pdis

at − Pcha
at (20)

OES
at = OES

a(t−1) − PES
at (21)

OGS
a,0 = OGS

a,24 (22)

zstor
at · Pdis,min

a ≤ Pdis
at ≤ zstor

at · Pdis,max
a (23)

zstor
at · Pcha,min

a ≤ Pcha
at ≤ zstor

at · Pcha,max
a (24)

Omin
a ≤ OES

at ≤ Omax
a (25)

where ρstor is the number of emergency storage units deployed to the grid in each hour; Pdis
at

and Pcha
at represent the discharging and charging power of the storage unit, respectively;

OES
at denotes the current stored energy level of the storage device; Pdis,min

a and Pdis,max
a

are the minimum and maximum discharging power of the storage device, respectively;
Pcha,min

a and Pcha,max
a are the minimum and maximum charging power of the storage device,

respectively; and Omin
sl and Omax

sl are the minimum and maximum stored energy capacity
of the storage device, respectively.

2.2.7. Distributed PV-Related Constraints

The integration of distributed PV can provide power support to the distribution
network, but it must also satisfy certain constraints. (26) constrains the admissible PV
capacity at each interconnection location. (27) imposes the maximum PV generation limit at
each time interval. (28) represents the active power support capability constraint, requiring
that the PV active power output satisfies the condition corresponding to its minimum
power factor angle. (29) describes the coupling constraint between reactive and active
power of distributed PV. (30) expresses the relationship between the forecasted and actual
PV output.

zsolar
r · SPV,min

r ≤ SPV
r ≤ zsolar

r · SPV,max
r (26)

PPV
rt ≤ SPV

r ωPV
rt (27)

∑
r∈ΩPV

∑
t

µPV
r SPV

r ωPV
rt ≤ ∑

r∈ΩPV
∑

t
PPV

rt (28)

tan φmin
rt PPV

rt ≤ QPV
rt ≤ tan φmax

rt PPV
rt (29)

PPV
rt + PPV,loss

rt = P̃PV
rt (30)

where SPV,min
r and SPV,max

r are the minimum and maximum hosting capacity of PV unit r,
respectively; ωPV

rt is the power conversion coefficient of the PV unit; µPV
r is the minimum

output level of PV unit r; φmin
rt and φmax

rt are the minimum and maximum power factor
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angles of PV unit r, respectively; and
∼
P

PV

rt is the forecasted output of PV unit r at time t after
accounting for fluctuations.

2.2.8. Distribution Network Line Fault Constraints

During operation, the distribution network may encounter extreme weather events,
load overloading, maloperation of protective devices, or human errors, leading to tempo-
rary outages on certain feeders. This paper considers fault scenarios in which lines are
rendered inoperative by extreme weather, and further analyzes the PV hosting capacity
under such conditions. The line fault constraint is given by (31).{

−Yfal
ij,t · M ≤ Pij,t ≤ Yfal

ij,t · M
−Yfal

ij,t · M ≤ Qij,t ≤ Yfal
ij,t · M

, (i, j) ∈ Ωfal
L , t ∈ Ωfal

T (31)

where Ωfal
L is the set of faulted lines; Ωfal

T is the set of fault time periods; Yfal
ij,t is a binary

variable indicating the operational status of the line, where a value of 0 signifies that line
(i,j) is deactivated due to the fault, and a value of 1 denotes normal operation; and M is a
sufficiently large positive constant.

2.3. Abstracted Model Formulation

To facilitate the subsequent introduction of the stochastic optimization model for PV
hosting capacity in distribution networks, the above optimization model is abstracted
into Equations (32)–(34). Equation (32) represents the objective function of the optimiza-
tion model; Equation (33) encapsulates the constraints pertaining to the integration of
distributed PV or MSES into the distribution network, as well as the line fault-related
constraints. Equation (34) denotes the constraints related to distribution network operation.

minaTx + bTybc + gTybc,loss (32)

s.t. Ax ≤ e; x ∈ {0, 1} (33)

Hx + Dy + Eybc,loss ≤ fbc (34)

where x is a vector of binary decision variables, encompassing auxiliary variables repre-
senting line fault status and variables indicating the interconnection status of facilities to
the distribution network; ybc is a vector of continuous decision variables; ybc,loss is a vector
comprising the curtailed PV generation and the unserved load; and a, b, g, e, f bc, A, H, D,
and E denote the coefficient vectors or matrices associated with the objective function, the
constraints on facility interconnection to the distribution network, the line fault constraints,
and the operational dispatch constraints, respectively.

3. Stochastic Optimization Model for PV Hosting Capacity in
Distribution Networks

Existing methods for evaluating the PV hosting capacity of distribution networks
mainly include simulation search, probabilistic scenario analysis, mathematical optimiza-
tion, and data-driven approaches. Simulation search and Monte Carlo methods are simple
to implement and capable of accounting for operational uncertainties; however, they rely
heavily on numerous power-flow calculations and offer limited synergy between capacity
assessment and network resource allocation. Data-driven approaches feature high com-
putational efficiency, yet they depend on high-quality data and exhibit limited physical
interpretability and generalization capability. Mathematical optimization methods can
incorporate PV capacity, interconnection locations, and network regulation resources into a
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unified decision-making framework. Among these, stochastic programming characterizes
source–load uncertainties through probabilistic scenarios, striking a balance between eco-
nomic performance and operational risk, and is less conservative than robust optimization.
Therefore, this paper adopts a stochastic programming approach to optimize the PV hosting
capacity of distribution networks considering source–load uncertainties.

Since the load level of a distribution system is influenced by various factors such
as user consumption habits, time of day, and weather conditions, it exhibits significant
spatiotemporal randomness. The model established in this paper is an uncertainty model.
Numerous solution methods exist for this class of models [41], such as stochastic opti-
mization, robust optimization, and chance-constrained optimization. This paper adopts
the scenario-based stochastic optimization method. Compared with other methods, the
scenario-based stochastic approach can explicitly trade off expected return and risk, and
does not impose stringent analytical requirements on the distribution shape of the random
variables. This paper adopts a stochastic optimization algorithm to efficiently address
the uncertainty in load levels. First, the load data of a typical day in a certain region
are selected as the baseline dataset. Then, a large set of scenarios is generated through
random sampling, followed by a clustering method to reduce the data into a compact set of
representative scenarios, thereby facilitating a more tractable treatment of uncertainty. The
optimization is then performed on this reduced scenario set.

3.1. Generation of Typical Uncertainty Scenarios

Based on stochastic scenario analysis theory, a large number of forecast scenarios are
first randomly generated using Latin hypercube sampling (LHS), from which a set of M
random scenarios is produced. A scenario clustering method is then employed to reduce
the scenario set to N representative scenarios, and the optimization is performed based on
the occurrence probabilities of these N scenarios. This paper leverages LHS to generate a
large number of forecast scenarios based on regional historical baseline load data and error
profiles, which are then reduced to representative scenarios for subsequent analysis. This
process mainly comprises the following steps.

(1) Uniform sampling: The input historical load data are partitioned into intervals, and a
single sample is randomly drawn from each interval, thereby generating M samples.

(2) Reordering: The sequence of the sampled load scenarios is permuted, and Cholesky
decomposition is applied to reduce the correlation among the individual random
scenarios.

(3) Representative scenario selection: The generated scenarios are reduced to N using the
simultaneous backward reduction method.

Steps of the simultaneous backward reduction method:

(1) Initialize the occurrence probabilities of the M scenarios

φm =
1
M

, m ∈ M (35)

where φm is the occurrence probability of the mth scenario, and M is the total number
of scenarios.

(2) Calculate the Euclidean distance between each pair of random scenarios

ξ(ϑm, ϑn) =

√√√√ M

∑
m=1

(ϑm − ϑn)
2 (36)

where ξ(ϑm, ϑn) is the Euclidean distance between scenario ϑm and scenario ϑn in the
random scenario set.
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(3) Denote the obtained Euclidean distance matrix as Ωξ , and multiply this matrix by
the scenario occurrence probabilities to obtain the probability-weighted Euclidean
distance matrix

ξP(ϑm, ϑn) = φm · φn · ξ(ϑm, ϑn) (37)

(4) Identify the scenario pair with the smallest entry min{ξP(ϑm, ϑn)} in the probability-
weighted Euclidean distance matrix. Remove one of the two scenarios, delete the
corresponding row and column associated with the removed scenario from the dis-
tance matrix Ωξ , and recompute the Euclidean distance matrix, denoted as Ω1

ξ . Add
the probability of the deleted scenario to that of the remaining scenario in the pair.
Update M = M − 1.

(5) Repeat steps (2) through (4) until the total number of scenarios M is reduced to N.

In this manner, N random scenarios that account for load fluctuations are sampled.

3.2. The Stochastic Optimization Abstracted Model Formulation

The stochastic optimization model for PV hosting capacity in distribution networks
under fault conditions is presented in Equations (38)–(42). Equation (38) represents the
objective function; Equations (39) and (40) capture the constraints related to the integration
of distributed PV or mobile shared storage into the distribution network along with the
line fault constraints; Equations (41) and (42) denote the operational constraints of the
distribution network. Since the decision variables for PV interconnection nodes are identical
across all random scenarios, they are independent of the extracted representative scenario
k. The remaining optimization decision variable x̂k are scenario-dependent.

min {aTx̂PV + ∑K
k=1 φk(a

Tx̂k + bTŷk + gTŷloss
k )} (38)

s.t. Ax̂k ≤ êk; x̂k ∈ {0, 1} (39)

Ax̂PV ≤ êPV
k ; x̂PV ∈ {0, 1} (40)

Hx̂PV + Dŷk + Eŷloss
k ≤ fk (41)

Hx̂k + Dŷk + Eŷloss
k ≤ fk (42)

where k is the index of the random scenario; K is the number of representative scenarios
obtained after stochastic sampling and reduction; x̂PV is the decision variable for the
interconnection of distributed PV to the distribution network, which is common across all
random scenarios; x̂k denotes the auxiliary decision variables for line fault status and the
decision variables for the interconnection of MSES to the distribution network in scenario;
ŷloss

k represents the curtailed PV generation and the unserved load in scenario; and êPV,
êk, ŷk, ŷloss

k and fk denote the coefficient vectors or matrices associated with the facility
interconnection constraints, line fault constraints, and operational dispatch constraints
within the stochastic simulation.

By applying SOCR processing to the power flow model of the distribution network,
the computational complexity of the model was reduced. Ultimately, the model was
formulated as a mixed-integer second-order conic programming (MISOCP) problem and
solved using the commercial solver Gurobi.

4. Case Study
The case study in this paper is conducted on a modified IEEE 33-bus system to validate

the correctness and practicality of the proposed model for determining the optimal PV
hosting capacity in distribution networks, considering load uncertainty and line fault
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conditions. The topology of the test system is illustrated in Figure 2. The load data for the
test system is shown in Figure 3.

Upstream grid

Vulnerable linesDistribution network lines

Figure 2. Topology of the case system.
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Figure 3. Load curves of the case system.

In the optimization of optimal PV hosting capacity, all nodes except the head-end node
connected to the upstream substation are considered candidate interconnection nodes. To
further investigate the optimal PV hosting capacity under fault conditions, this paper identifies
vulnerable lines with potential risks and assumes that these lines experience transmission
failure during the peak load period (18:00–20:00) due to extreme weather and overload
operation. The case study settings are summarized in Table 1. In Cases 1 through 6, the
maximum number of PV installations is set to 32, the maximum number of mobile emergency
storage units is set to 10, and all nodes except the head-end node connected to the upstream
substation are eligible for interconnection. The time-of-use electricity tariff is adopted from
the document issued by the Jiangsu Provincial Development and Reform Commission, while
parameters such as the PV curtailment penalty cost and the storage dispatch cost are sourced
from Reference [42]. The case simulations are implemented in Python 3.13 and solved using
the Gurobi optimizer 12 on a computer equipped with an Intel i9-12900K processor.

Table 1. Case study settings.

Case MSES PV Load Uncertainty Line Fault

1 x
√

x x
2

√ √
x x

3 x
√

x
√

4
√ √

x
√

5 x
√ √ √

6
√ √ √ √

√
indicates that this content has been taken into account. x indicates that this content has not been

taken into account.

Existing studies on the optimal PV hosting capacity in distribution networks typically
consider only the thermal stability limits and operational limits of the equipment them-
selves, and are conducted based on historical load data. Cases 1–4 are therefore optimized
based on historical load data. In contrast, Cases 5 and 6 account for the stochastic nature
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of load fluctuations. In this paper, 5000 scenarios are first randomly generated from his-
torical load data using Latin hypercube sampling, and then reduced to five representative
scenarios via clustering for simulation. This approach ensures both the diversity and ran-
domness of the stochastic scenarios while preserving the authenticity of the forecast data,
and avoids the degradation of simulation efficiency caused by an excessively large dataset.
The historical baseline load and the load profiles of the five random scenarios are displayed
in Figure 4, where the occurrence probabilities of the five scenarios are also annotated.
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 SceneⅤ  (31.52%)

Figure 4. Load profiles of the stochastic scenarios and the historical baseline load.

The distributed PV integration configurations for Cases 1 through 6 are illustrated in
Figure 5. The figure shows the PV interconnection nodes and the corresponding installed
capacities for each case. It can be observed from the figure that the PV installations are
concentrated at downstream nodes along the feeder, such as Nodes 17, 18, 27, 30, 31, and
32. This is because, without PV integration, the distribution network relies entirely on
the upstream substation for power supply, and the nodal voltage declines progressively
along the transmission path. To prevent excessively low voltages that could compromise
the secure operation of the distribution network, distributed PV is needed to provide local
power support and ensure adequate load supply. Under fault-free conditions, PV units are
concentrated at the end nodes of the feeder. These nodes exhibit the lowest voltage levels
in the absence of PV, so local PV injection delivers the greatest voltage support benefit. The
siting logic is to interconnect at the locations where voltage support is most needed. In
contrast, under contingency-constrained scenarios, a portion of PV is allocated to upstream
nodes. This is because a fault on an upstream feeder may isolate these nodes from the main
grid, trapping PV generation and causing overvoltage within the islanded zone. The siting
logic thus transitions to interconnecting at locations that maintain electrical connectivity
under the most probable fault scenarios.

Figure 5. Distributed PV integration configurations.
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Case 2 builds upon Case 1 by incorporating MSES, which further absorbs surplus PV
generation and thereby increases the PV hosting capacity of the distribution network. The
PV hosting capacity is increased by 27.09% with the inclusion of MSES. The enhancement
of PV accommodation capability by MSES stems from three mechanisms. The first is
temporal decoupling: absorbing surplus generation at midday and releasing it in the
evening, thereby overcoming the temporal mismatch between PV peaks and load peaks.
The second is spatial flexibility: MSES can be strategically relocated to voltage-sensitive
nodes, yielding greater voltage regulation benefits per unit capacity compared to stationary
storage. The third is fault coordination: during contingencies, MSES supplies islanded
power and supports voltage, preventing PV disconnection due to voltage dips and ensuring
sustained operation. Case 3 extends Case 1 by accounting for distribution network faults,
where line contingencies affect the PV integration decision, resulting in a 13.54% reduction
in PV hosting capacity. Compared to Case 2, the PV hosting capacity in Case 4 is reduced by
12.13% due to the consideration of distribution network faults. Building upon Case 3, Case 4
further incorporates MSES, achieving a 29.17% increase in PV hosting capacity. Cases 5 and
6 account for load stochasticity. With the integration of MSES, Case 6 achieves a 19.37%
increase in PV hosting capacity over Case 5. Cases 5 and 6 are simulated using historical
data with Latin hypercube sampling, thereby accounting for load variability compared to
Cases 1–4. After incorporating uncertainty, the PV hosting capacity is influenced by load
variability, and the dispatch decision variables differ across typical scenarios. The final
solution is a globally optimal decision scheme derived from multiple stochastic scenarios.
Such a result offers greater practical reference value and can be combined with multi-year
historical data from the corresponding region for joint optimization.

To further demonstrate the impact of the number of MSES units on the PV hosting
capacity, simulations are conducted by varying the number of MSES units based on the
settings of Case 2, and the results are presented in Figure 6. It can be observed from
the figure that the PV hosting capacity increases with the addition of MSES units. This
indicates that the participation of MSES can further enhance the PV hosting capacity of the
distribution network. However, once the number of MSES units reaches 20, the incremental
benefit to the PV hosting capacity becomes marginal. This is because the integration of
MSES alleviates the voltage and power flow constraints. Once the number of MSES units
reaches a certain threshold, the distribution network’s capacity to accommodate MSES
approaches saturation, and further additions yield little breakthrough in this constraint;
hence, the PV capacity stabilizes.
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Figure 6. Analysis of PV hosting capacity under different numbers of MSES units.

The active power output profiles of PV systems for Cases 1 through 6 are presented in
Figure 7. The figure displays the aggregated PV output across all interconnected nodes in
the distribution network. It can be observed from the figure that the distributed PV units

https://doi.org/10.3390/pr14172767

https://doi.org/10.3390/pr14172767


Processes 2026, 14, 2767 16 of 20

receive sunlight and generate electricity between 7:00 and 20:00, reaching their peak output
around noon (12:00). The PV output patterns across the cases follow a similar trend to the
optimized PV hosting capacity results, and thus are not reiterated here. It is evident from
the figure that Case 2, which incorporates MSES while neglecting load variability and line
faults, achieves the highest PV absorption level. This configuration provides favorable
conditions for effective distributed PV absorption. In contrast, Case 3, which considers line
faults but does not include MSES, exhibits the lowest PV absorption.
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Figure 7. Distributed PV output profiles.

The total charging and discharging power of the MSES units at each time interval for
Cases 2, 4, and 6 is illustrated in Figure 8.
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Figure 8. Charging and discharging power of MSES.

The trend also reveals that the MSES discharges during nighttime hours when PV
output is absent or low, supplying power to the distribution network load. Conversely,
during midday when PV output is abundant, the MSES charges to absorb the surplus PV
generation. This enables efficient utilization of renewable energy. Cases 4 and 6 account for
distribution network faults. During the contingency period from 18:00 to 20:00, the MSES
urgently supplies power to the distribution network, providing critical power support and
reducing the curtailed load. Specifically, Cases 4 and 6 delivered 4.4 MWh and 5.16 MWh
of electricity, respectively, to the distribution network during the outage period. This
significantly improves the reliability of power supply.

The associated costs for Cases 1 through 6 are presented in Figure 9. This is a stacked
bar chart showing the proportion of each of the three cost categories within the total cost.
It can be observed from the figure that Case 2, which incorporates MSES while excluding
fault scenarios, achieves the lowest cost, whereas Case 5, which accounts for both load
uncertainty and line faults without mobile shared storage, incurs the highest cost. MSES
can fully absorb surplus distributed PV generation and leverage time-of-use electricity
tariffs to achieve more economical power consumption. This substantially reduces the
electricity cost: compared to Case 1, the cost in Case 2 is reduced by 17.03%; relative
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to Case 3, the cost in Case 4 decreases by 3.61%; and compared to Case 5, the cost in
Case 6 drops by 2.09%. The costs of scenarios that consider faults are higher than those
that do not, because the occurrence of a fault prevents a portion of the load from being
served, leading to substantially increased compensation payments for load curtailment.
Furthermore, after accounting for uncertainty, load fluctuations cause demand to increase
during certain periods, which further drives up the operating cost. Consequently, the costs
under uncertainty are higher than those under deterministic conditions.
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Figure 9. Cost comparison across all cases.

The number of variables and the solution time for Cases 1–6 are reported in Table 2. It can
be seen from Table 2 that the inclusion of mobile energy storage introduces a larger number
of variables into the model, and consequently, both the modeling time and the solution time
increase. The introduction of MSES increases the variable count by 93.8% and the solution
time by 47.9 s. This increase is expected, as MSES introduces binary variables for each unit in
every time period, substantially enlarging the combinatorial search space. Nevertheless, the
resulting 27.09% improvement in PV hosting capacity justifies this computational overhead.
After adding the fault constraints, the solution time increases from 20.6 s to 77.5 s. This
reflects the increased complexity introduced by the binary fault-status variables and the big-M
constraints, which create additional branching nodes in the branch-and-bound tree. Shifting
from deterministic to stochastic simulation increases the variable count by 397% and the
solution time by 60.7 s. The most complex case involves 37,142 variables and a solution time
of 205.2 s, which is acceptable for offline planning studies. In contrast, Cases 1–4, which are
based on historical load data, involve fewer variables and shorter modeling and solution times
compared to Cases 5–6 that adopt stochastic optimization under uncertainty. However, Cases
1–4 neglect forecast errors and fail to accurately capture sudden load changes or fluctuations.
Although Cases 5–6 are more complex, this represents a reasonable computational cost for
achieving superior economic performance and robustness, and their modeling and solution
times do not escalate rapidly and remain acceptable.

Table 2. Computational efficiency of the case studies.

Case Number of Variables Modeling Time (s) Solution Time (s)

1 4054 4.9477 20.6453
2 7857 6.9736 68.4724
3 4036 5.6664 77.4876
4 7554 8.0988 131.2612
5 20,052 14.4625 138.2025
6 37,142 20.4083 205.1587
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5. Conclusions
This paper investigates the optimal PV hosting capacity in distribution networks,

taking into account load uncertainty and fault conditions. The proposed model minimizes
the total cost comprising distribution network electricity procurement cost, PV-related cost,
and MSES cost, and is employed to examine the optimal PV hosting capacity under load
uncertainty and fault conditions. The model is ultimately validated on the IEEE 33-bus
system, leading to the following conclusions.

(1) Distribution network faults can cause voltage redistribution or reverse power flow, which
further reduces the PV hosting capacity. A reassessment of the PV hosting capacity
under such conditions enables targeted configuration of PV capacity and siting, thereby
improving economic efficiency. Case 4 demonstrates that the occurrence of a fault
reduces the PV hosting capacity of the distribution network by more than 12%.

(2) The introduction of MSES can enhance energy absorption and reduce system operating
costs. In Case 2, the integration of shared storage reduces the total distribution
network cost by up to 17%. Case 6 indicates that the integration of MSES can further
increase the PV hosting capacity by more than 19%.

(3) In environments with high load uncertainty, deterministic hosting capacity assessments
may suffer from significant deviations. The stochastic framework provides a robust
estimate, avoiding costly overbuilding or underbuilding. Compared to the direct analysis
based on historical load data, the simulation using Latin hypercube sampling to account
for load uncertainty yields results that are closer to reality, and the obtained optimal PV
hosting capacity offers greater reference value. The distribution network operating cost
under uncertainty is higher than that under deterministic simulation.

In future work, we will incorporate the practical operational requirements of dis-
tributed PV integration, and further elaborate on the impact of equipment thermal limits—
such as the overload capability of upstream main transformers under reverse PV power
flow and the siting of mobile storage—on PV hosting capacity. These factors will be mod-
eled in greater detail, and an enhanced optimization model will be developed to assess the
optimal PV hosting capacity in distribution networks. In addition, we will fully account
for fluctuations in PV output caused by factors such as weather and terrain, as well as
random power line failures, to further enhance the model’s practical relevance. Network
reconfiguration can alter the post-fault topology to facilitate power flow rerouting, while
MSES provides localized voltage and power support. A joint optimization framework that
integrates both strategies holds promise for further enhancing PV hosting capacity and
system resilience.
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