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Abstract—With the high-penetration integration of
distributed energy resources (DERs), such as distributed
photovoltaics (PVs) and plug-in electric vehicles (PEVs), into
distribution networks, their inherent characteristics, including
strong stochasticity and dynamic characteristics, pose
significant challenges to static voltage stability. To address this
issue, this paper proposes a probabilistic static voltage stability
assessment method for active distribution networks First, the
probabilistic power characteristics of DERs are modeled, and
the operational constraints imposed by low-voltage ride-
through (LVRT) requirements and inverter current limitations
are analyzed. Then, an improved continuation power flow
(CPF), in which we propose a new predictor-corrector
considering dynamic characteristics, is developed to accurately
quantify their impact on load margin. Finally, Monte Carlo
simulation combined with kernel density estimation (KDE) is
employed to construct the probability distribution of load
margin. The effectiveness of the proposed method are validated
on a modified IEEE 33-bus and IEEE 141-bus distribution
system.
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I. INTRODUCTION

Distributed energy resources are integrated into
distribution systems via converters that incorporate current
limitations in their control loops. When the voltage at the
point-of-common-coupling (UPCC) drops, the active and
reactive power regulation capability of these resources is
significantly reduced. Moreover, DERs are prone to
unintentional disconnection under low-voltage conditions,
which can trigger cascading tripping events and further
deteriorate the static voltage stability of the distribution
system [1]-[2].

Most studies address the impact of current limitations and
low-voltage tripping behavior on short-term voltage stability
and fault-ride-through requirements [3]-[4]. One study
[5]focused on current limitations for voltage-controlled
inverters during overloads caused by poor transient load
sharing between inverters and synchronous generators in
islanded microgrids. Another study [6] has shown that
significant disturbances leading to PV inverter trips or slow
LVRT responses can severely affect ST voltage stability.
Moreover, the impact of the abrupt loss of PV systems on
dynamic voltage stability under various bus voltage
conditions has been investigated [7]. To the best of the
authors’ knowledge, the literature still lacks a wider and
more detailed analysis considering the effects of current
limitations and low-voltage tripping behavior on static
voltage stability with a detailed representation of system
dynamics.

Significant progress has been made in the probabilistic
assessment of static voltage stability, as evidenced by
extensive domestic and international research [8-14].
Commonly used approaches include Monte Carlo simulation
[8-9], the cumulant-based method [10], and point estimation
[11]. In a previous study [12], the Nataf transformation
combined with Monte Carlo simulation was employed for
the probabilistic evaluation of static voltage stability margins.
Additionally, Cholesky decomposition was integrated with
stochastic response surface methods, and nonlinear
programming was applied to compute the voltage stability
margins [13]. Notably, intervariable correlations were
considered in the probabilistic assessment framework [14].
However, these existing works often lack sufficient modeling
granularity for the stochastic behavior of large-scale DERs
and do not adequately address scenario generation under
high DER penetration.

This paper proposes a probabilistic assessment method
for static voltage stability margins in active distribution
networks with high-penetration DERs, explicitly accounting
for dual-side uncertainties from both generation and flexible
loads. The strong stochasticity of both PV generation and EV
charging loads is characterized, and individual forecasting
errors of PV and load are accurately modeled using the
generalized error distribution (GED) and the generalized
lambda distribution (GLD). And the dynamic characteristics
of DERs is analyzed by modeling the effects of current
limitations and low-voltage tripping behavior on static
voltage stability. On the basis of this, an improved CPF is
developed that incorporates dynamic characteristics of DERs.
Finally, A Monte Carlo–based probabilistic assessment
framework is established to obtain the full probability
distribution of load margin. Two complementary metrics, the
expected load margin and the load margin risk index, are
introduced. The effectiveness and accuracy of the proposed
method are validated on modified IEEE 33-bus and IEEE
141-bus distribution networks. Compared with existing
probabilistic voltage stability studies that model DERs as
ideal PQ sources, the proposed method adopts a new
predictor-corrector considering dynamic characteristics, so
that it can yield more accurate load margin.

II. DYNAMIC CHARACTERISTICS OF DERS

If the current is too high, damage may occur to the
semiconductors in the DER. So, current limitation is
necessary. To provide both active and reactive power support,
this paper uses the dq-axis axis current proportional limit.
The dq-axis output current is as follows:
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where Imax is the inverter current limitation value, Id** is the
d-axis current command, Iq** is the q-axis current command
and kdq is the proportional value.

DERs exhibit limited tolerance to voltage fluctuations.
The grid code in China typically specifies the allowable
voltage operating range for DERs and the conditions under
which disconnection is permitted [15] (Fig. 1).

Fig. 1. LVRT time of national grid code in China.

The topology of a single-machine infinite-bus system
with integrated distributed generation is shown in Fig. 2, and
the corresponding simulation model is implemented in
PSCAD. DG units are connected to the grid using the PQ
control strategy. The simulated P-V and Q-V characteristics
of the DERs under a continuously increasing load are shown
in Fig. 3, capturing the effects of current limitations and low-
voltage tripping behavior.

Fig. 2. Diagram of a single DER grid-connected system.

Fig. 3. Power characteristic curve of a DER.

As shown in Fig. 3, when Upcc decreases, DERs initially
increase their active current output to maintain constant
active power. Once the current limit is reached, the active
power output begins to decrease proportionally with the
voltage, exhibiting constant-current-source-like behavior,
corresponding to segment A. When the UPCC falls below 0.9
p.u., the DERs inject reactive power in accordance with the
grid code and mandated by the LVRT requirements, as
illustrated in segment B. However, under continuously
increasing load demand, the UPCC continues to decline.
Consequently, once the maximum reactive current capability
is reached, the reactive power output also starts to decrease
with further voltage reduction, again manifesting constant-
current-source characteristics—as depicted in segment C. If
UPCC remains below 0.9 p.u. for more than 2 seconds, DERs
will disconnect because of undervoltage protection.

III. STOCHASTIC MODELING OF DERS

A. Distributed PV and load Forecasting Error Model
In this paper, GED is used to fit the PV forecasting error,

and its distribution function is as follows:
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where a and b are shape parameters, c is the location
parameter, and Γ(⋅) denotes the gamma function, ∆PPV is
power forecasting deviation of the distributed PV. In this
study, the GLD is employed to model load uncertainty, and
its distribution function is given as follows:
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where A, B, and C are the fitting parameters of the GLD,
∆PLoad is power forecasting deviation of the load.

B. PEV Forecasting Model
The initial charging time of a PEV follows a normal

distribution [16-17]:
2( )1( ) exp[ ]
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where t denotes the initial charging start time of the PEV and
μs and δs represent the mean and standard deviation,
respectively, reflecting statistical variations in user travel
behavior.

The daily driving distance of PEVs follows the
probability distribution proposed in the literature [16-17]:
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where D denotes the daily driving mileage, and μD and δD
represent the mean and standard deviation of ln D,
respectively.

IV. PROBABILISTIC LOAD MARGIN ASSESSMENT METHOD

A. Improved Continuation Power Flow
The parameterized power flow equation in the CPF [18]

model is as follows:

( , ) 0f λ V θ b (8)
where b is the vector of the generator and the load power
change mode, including the direction and magnitude. λ
represents the load parameter. The load margin is defined as:
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where P0 is the load active power at the current operating
point, Pmax is the maximum load active power. By
continually increasing the loading level, CPF involves
multiple predictive and corrective directions to obtain the
load margin. However, traditional CPF models DERs as
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ideal PQ sources, which can not reflect the dynamic
characteristic. Accordingly, this paper proposes an improved
CPF that considers the DER current limitation and low-
voltage tripping behavior. The flow is shown in Fig. 4. The
specific steps are as follows:

1) Before CPF calculation, calculate Idmax and Iqmax of
each DER. If PDERi exceeds PDERimax or QDERi exceeds
QDERimax after the end of the nth correction, PCC is converted
to the P-Iq node, Id-Q node or Id-Iq node.

2) Based on the voltage U’i(n), Idmax and Iqmax, the P'DERi
and Q'DERi can be obtained.

3) P'DERi and Q'DERi are taken into the n+1 correction,
when convergence is achieved. P'DERi and Q'DERi considering
current limitation could also be obtained. In (10), λ is the
control variables, other variables are state variables.
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4) If the power output of other nodes is limited, take the
same measures to iteratively solve the actual power output.

5) If UPCCi falls below 0.9 p.u during the (n+1)th

correction, it is reclassified as an P-Iq node. And if, in the
(n+2)th correction, the UPCCi remains below 0.9 p.u., the ith

DER will be disconnected.
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Fig. 4. Improved CPF considering DER dynamic characteristics.

B. Probabilistic Static Voltage Stability Indicator
In this paper, kernel density estimation (KDE) is

employed to smoothly fit the ensemble of load margin across

multiple scenarios, thereby deriving underlying probability
distribution. The KDE kernel function is as follows [19]:
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where h represents the bandwidth; xi denotes the sample
points of load margin; and K(.) is the kernel function. This
paper employs a Gaussian kernel function, as shown in (12):
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On the basis of the obtained probability distribution, this
paper employs two complementary metrics, the expected
load margin and the load margin risk index, to
comprehensively characterize the static voltage stability of
power systems with high penetration of DERs.

(1) Expected Load Margin S :
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where P
ˆ ( )hf K is probability distribution function.

(2) Load Margin Risk Index R
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σ
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where σ represents the critical threshold of load margin. In
China, σ is 0.15-0.2 [21], and in North American, σ is 0.2
[22]. In this paper, σ is 0.2.

V. SIMULATION AND ANALYSIS

The effectiveness of the proposed method is validated in
modified IEEE 33-bus and IEEE 141-bus distribution
network, the detailed parameters of which are provided in
MATPOWER 4.1 [23]. Since this paper primarily focuses
on static voltage stability, the typical load level is set to 2.5
times the system base load to simulate a heavy loading
condition. In IEEE 33-bus system, the base-case load
demand is 9.29 + j5.75 MVA, and in IEEE 141-bus system,
the base-case load demand is 29.86 + j18.51 MVA. The peak
load is 1.2 times the base-case load. In addition, this paper
assumes the following:

1) The load increases with a constant power factor.
2) All load increases are supplied by infinite bus.

TABLE I
THE PARAMETERS OF DERS

DERs Bus Capacity
IEEE 33-

bus system
PV 7, 11, 12, 21, 25, 27, 33 800kVA

PEV 7,14 100/7kW

IEEE 141-
bus system

PV
5, 10, 17, 21, 27, 32, 38, 43,

49, 52, 56, 59, 64, 68, 78, 82,
89, 94, 99, 118, 124, 130, 133

800kVA

PEV 6, 30, 55, 78, 95, 130, 141 100/7kW

A. Static Voltage Stability Analysis at Different Times
In this paper, Latin hypercube sampling [24] with a

sample size of 10,000 [25] is adopted to perform
probabilistic assessments of load margins at different time
instants. From Fig. 7, it can be seen that MCS converges
when the number of samples is about 10,000, which is
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consistent with the conclusion in [25]. The resulting
probability distributions of load margin and the temporal
trends of the probabilistic assessment indices are present in
Fig. 6 and Fig. 7, respectively.

Fig. 5. Convergence curve of sample size.

As shown in Fig. 6 and Fig. 7, under the influence of
multidimensional non-Gaussian random variables, the
probability distribution of load margin exhibits pronounced
non-normal characteristics. With increasing distributed PV,
the probability density curve of load margin shifts rightward,
and the expected load margin gradually increases. However,
in two simulation distribution network, the dispersion of the
margin distribution also widens significantly. At t=11:00, the
load margin spans a range of approximately 0.1. By t=5:00,
the superposition of the PEV charging uncertainty further
broadens the distribution interval to approximately 0.3. At
t=23:00, the PV output decreases to zero, while the EV
charging demand reaches its peak. Consequently, load
margin reaches its lowest value across the studied period: S
are merely 0.2016 in IEEE 33-bus system and 0.1595 in
IEEE 141-bus system, which is close to the predefined
critical threshold for normal operation.

Fig. 6. Probability distribution of the static voltage stability margin at
different times

Fig. 7. Change trend of the static voltage stability probability evaluation
index

B. Validation of the Improved CPF
To validate the performance of the proposed improved

CPF, the following three cases are considered: Case 2.1 (base
case): The P-V curve tracked by PSCAD, and the load
growth rate is set at 0.001 MW/s to simulate a gradual
increase in load; Case 2.2: The P-V curve tracked by the
improved CPF, and the current limitation and low-voltage
tripping behavior are considered; Case 2.3: The P-V curve
tracked by traditional CPF, and the current limitation and
low-voltage tripping behavior are not considered.

As shown in Fig. 8, when UPCC drops below 0.9 p.u., the
slow load growth rate results in only a minor deviation
between the actual voltage and the 0.9 p.u. threshold.

Consequently, the reactive power support provided by DERs
is insufficient to restore the voltage above 0.9 p.u. Under the
sustained influence of gradual load increase, UPCC continues
to decline slowly, eventually triggering the disconnection of
DERs. This behavior is accurately captured by the P-V curve
obtained from the PSCAD simulation in Case 2.1. The
proposed improved CPF, specifically enhanced to account
for this slow-load-growth characteristic, effectively tracks
the P-V curve under continuously increasing load conditions.
As a result, the dynamic process can be reasonably
approximated using static power flow results, thereby
enabling an accurate estimation of the load margin that
explicitly incorporates dynamic characteristics. As the power
system approaches the static voltage stability limit, the
Jacobian matrix approaches singularity. Consequently, the P-
V curve tracked by PSCAD reaches the voltage collapse
point at a lower loading level than that tracked by the
proposed CPF, yielding a reduced loading margin.

Fig. 8. The P-V curve tracked in different cases.

C. Impact of Dynamic Characteristics at Different Times
To analyze the impact of current limitations and low-

voltage tripping behavior on static voltage stability at
different times, the following two cases are considered:

Case 3.1: The current limitation and low-voltage tripping
behavior are not considered; Case 3.2: The current limitation
and low-voltage tripping behavior are considered.

Fig. 9. The impact of current limitation and low-voltage tripping behavior.

As shown in Fig. 9, compared with current limitations,
low-voltage tripping behavior has a more significant effect
on system static voltage stability. However, the introduction
of current limitations accelerates the rate of voltage decline
during load growth, leading to earlier DER tripping, and
consequently, faster voltage collapse of the system. The
influence varies at different times: At t=5:00, the current
limitation primarily affects the reactive power provided
during the LVRT, while the low-voltage tripping behavior
has a more pronounced effect. At t=11:00, the current
limitation not only influences the reactive power but also
impacts the active power output from the distributed PV. The
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case studies demonstrate that the power characteristics of
DERs significantly affect static voltage stability and cannot
be overlooked.

VI. CONCLUSION

In this paper, a probabilistic assessment method for the
load margin that accounts for dual uncertainties from both
renewable generation and load demand is investigated. An
improved continuation power flow algorithm that
incorporates dynamic characteristics of DERs, including
current limitations and low-voltage tripping behavior, is
proposed and validated on the IEEE 33-bus and IEEE 141-
bus distribution system. The main conclusions are as
follows:

(1) The integration of distributed PVs generally
enhances static voltage stability; however, the actual
improvement is less pronounced than that previously
reported in the literature because of the effects of current
limitations and low-voltage tripping behavior.

(2) Evaluation using two complementary metrics, the
expected static voltage stability margin and the static
voltage stability risk index, reveals that the strong
stochasticity of both generation and load significantly
widens the probability distribution of stability margins and
increases the likelihood of voltage instability.

(3) The improved CPF adopts a new predictor-
corrector considering dynamic characteristics, so the
dynamic process of low-voltage tripping behavior can be
reasonably approximated using static power flow results,
thereby enabling an accurate estimation of load margin that
explicitly incorporates dynamic characteristics.

Future work will focus on developing coordinated
control strategies that explicitly leverage DER operational
characteristics to enhance static voltage stability in active
distribution networks.
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