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Abstract

The increasing penetration of distributed photovoltaics (PV) into distribution
grids has led to a pronounced voltage over-limit issue, posing significant
challenges to grid stability and power quality. Given this context, to address
voltage management, a partition-based control methodology is proposed
that leverages flexibility from load-side resources. Firstly, the double-layer
probability fitting is carried out for photovoltaic uncertainty. Secondly, the
risk indicators are innovatively proposed, and a dynamic zoning system
including risk indicators is constructed. The centralized-distributed hybrid
voltage control architecture suitable for dynamic partition is constructed
again. Finally, the proposed model and its performance are assessed through
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simulations on a modified IEEE 33-bus distribution network. The pro-
posed algorithm effectively mitigates voltage deviations and enables flexible,
efficient partition-based voltage control in modernized distribution systems.

Keywords: High permeability photovoltaic, distribution network, flexible
resources, dynamic partition.

1 Introduction

As distribution networks are rapidly transitioning to become more active and
interactive, the large-scale access of flexible resources such as distributed
photovoltaic, energy storage and flexible load on the load side has made
profound changes in the structure and operation characteristics of the distri-
bution network [1-4]. In this context, the continuous increase of photovoltaic
penetration leads to the increasingly prominent intermittency and volatility
of its output. Consequently, power flows in the distribution network become
bidirectional and stochastic, leading to more severe voltage fluctuations and
frequent violations of limits [5—8].

The centralized voltage control method is often based on global informa-
tion to optimize the calculation and uniformly allocate controllable resources.
However, there are some defects including long control cycles, substantial
data requirements, heavy communication loads, and considerable costs. The
large-scale integration of decentralized, high-penetration resources signif-
icantly increases both the control variables and solution complexity for
future distribution networks, thereby making the limitations of the cen-
tralized control mode increasingly apparent [9-18]. In order to cope with
the above challenges, the partitioned voltage control architecture shows
significant advantages through the organic combination of intra-regional
self-regulation and inter-regional coordination. In reference [19], a holistic
electrical distance metric, regional coupling intensity, and regional reactive
power equilibrium indicator have been formulated for the distribution net-
work, but regulating devices are only photovoltaics and SVCs. Although a
dynamic partitioning method is developed in [20] for real-time scheduling,
it focuses merely on the dynamic reactive power characteristics of resources
like PV and storage, without accounting for other flexible assets. In refer-
ence [21], the regional autonomy index is constructed based on uncertainty
when partitioning, but there is no response to the failure of regional autonomy
in voltage control. Reference [22] combines partition with multi-time scale
control, considers uncertainty in partition, and calls a variety of resources,
but still does not show uncertainty as an indicator.
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This work partitions the distribution network by leveraging the diverse
response characteristics of flexible load-side resources. The proposed parti-
tioning method begins by applying a two-layer probabilistic model to con-
struct the probability distribution of PV generation forecast errors, and then
the probability density function is fitted by normal distribution, t distribution,
Kernel Density Estimation (KDE) and Diffusion Kernel Density Estimation
(KDED) respectively. The distribution with the best fitting performance is
selected from the perspective of data to overcome the limitation of single
distribution hypothesis. Secondly, the uncertainty is innovatively expressed
as a risk index, and a comprehensive evaluation system integrating regional
structural, functional and risk indicators is constructed with the genetic algo-
rithm performing the optimization, so as to enhance the adaptability of the
partition scheme to the dynamic changes of the system operating conditions.
Ultimately, a centralized-distributed hybrid control strategy that harnesses
dynamic partitioning is proposed to facilitate more flexible and coordinated
voltage regulation.

2 Dynamic Partition of Flexible Resources on the Load
Side of High Permeability Photovoltaic Distribution
Network

The purpose of dynamic partitioning is to make full use of various control
resources better regulate the voltage.

2.1 Load-Side Flexible Resource Modeling

(1) Distributed photovoltaic
PV PV max
0< Pl <Py
PV = PR xtanfpy, Vje NV (1

PV max __ PV
AP;, = abj;

In the formula: Pj];v and Q) are the active power and the reactive

j7t
power emitted by photovoltaic j at time #, respectively; Pjiv’max is the

maximum active power of photovoltaic j at time ¢; tang py is the photovoltaic
power factor; N¥'V is the number of PVs in the network; AP]-PtV’mm is the
maximum reduction power of photovoltaic j at time #; for the proportion of

abandoned light, this paper takes 20%.



1058  Wuyi Zhou et al.
(2) Distributed energy storage

S50Cmin < Ssoc(t) < Ss50¢ max
—vgEe" < Ssoc(t +1) — Ssoc(t) < vpeg 2
Ssoc(0) = Ssoc(end)

Ssoc(t) denotes the state of charge of ESS at time ¢. The parameters
S500maz and Ssocmin are defined as the upper and lower bounds for the
energy storage system’s charging power. The v%"é‘? and vjgs represent
the maximum discharge power and charging power per hour; Ssoc(0) and
Ssoc(end) denote the state of charge at the initial and end of the scheduling,

respectively.

(3) Flexible load

tr,in tr,in,max r ¢r
0< Py <Py Lie
T T
tryan tr,out
> b= P )
t=1 t=1
tr,out tr,out,max tr
0= Py = By (1= Lj})
In the formula: P;;’m’m“z, P;;’O“t’m“z are the maximum power that the
transferable load can be transferred into and the maximum power that can be

transferred out; L?:t is the state variable of transferable load j.

CU,min CcU CU,max
P s by =Py S

In the formula: P]%U’max, PthUmm

bounds of the reducibie load Jj at time ¢.

are defined as the upper and lower

2.2 Dynamic Regional Division Index

In order to optimize the partition structure, this section innovatively proposes
risk indicators and constructs a comprehensive index system that integrates
structure, electrical characteristics and risks.

(1) Modularity indicator

The modularity function is used to measure the community structure strength
of the partition structure, which can automatically generate the optimal
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number of partitions without presetting. It is defined as follows:
1 kik;
p= g LT Ay 5

i

In the formula, A;; is the weight of the edge connecting the node i and the
node. When the node i is directly connected to the node, A;; = 1, and when
it is not connected, A;; = 0. If the node 7 and the node j are in the same
partition, the function §(7, j) = 1, otherwise d(z, j) = 0.

]5(i,j) )

(2) Regional voltage regulation capability indicator

Voltage limit violations emerge as the primary concern following the inte-
gration of a high proportion of distributed photovoltaics into the distribution
network. A regional voltage regulation capability index is defined. It serves
to characterize how the adjustable active and reactive power from flexible
resources within a region can mitigate the maximum voltage deviation.

AVi, < AV;e

1,
oy, = A‘/;maa: (6)
it )t A‘/i,t > AVZ?(H

AV’
AVmaz _ S L APMeT 4 g L AQME 7
it = Z( V Pjij gt + VQ,ij gt ) ( )
JEN
A ]@ax = A‘va,j,t + Pess,j,t + A‘Pload,j,t (8)
A %am = AC)pv,j,t + Qess,j,t + AQ)load,j,t 9

The objective for each region is to mitigate voltage limit violations and
minimize network losses from cross-regional power flow. This is achieved by
fully utilizing internal resources via coordinated active and reactive power
control. The overall voltage regulation capability of the system is calcu-
lated by the average value of each regional capability index, as shown in
formula (10).

1 1%
o= ’Z g (10)
1€
In formula (10): goXt and ¢, respectively represent the voltage regulation
capability index of node I and region n; The variable €2,, indicates the number

of nodes contained in region n; AV/7** represents the maximum voltage
regulation of node i when considering the active and reactive power margin
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in the region; S Z‘; P and SX- @ represent the active/reactive voltage sensitivity
matrix, respectively. IV represents the number of regions divided.

(3) Risk measurement indicator

The current partition optimization focuses more on deterministic evaluation,
but the high uncertainty of photovoltaic power generation and power load
brings additional operational risks to the system. Therefore, a risk mea-
surement index based on Conditional Value-at-risk (CVaR) is introduced
to quantify the risk exposure level of extreme voltage deviation under the
partition results.

The calculation of the risk index is preceded by a probabilistic repre-
sentation of both PV and load prediction errors. Then a two-layer probability
model of photovoltaic error and a load forecasting error model are established
to provide a basis for the calculation of subsequent risk indicators.

Accurately quantifying the uncertainty of photovoltaic output is a prereq-
uisite for implementing efficient voltage control in high-permeability pho-
tovoltaic distribution networks. Traditional research methods often assume
that the prediction error obeys a single normal distribution. However, the
actual operation data show that the probability distribution characteristics of
the prediction error show significant time-varying and numerical correlation,
that is, its distribution pattern changes dynamically with the difference of
prediction time and prediction output level. This study develops a two-layer
probabilistic modeling method that overcomes the limitations of traditional
approaches and provides a more accurate description of such complex
uncertainty characteristics.

The first layer of the modeling framework aims to deal with the time
correlation of prediction errors. The first step involves collecting the historical
data of the total measured and total predicted power from the distributed
photovoltaic systems, and all the data are arranged as the prediction error
data set D py shown in formula (11) according to the prediction time point.

[ ptl t2 ti tn
vaierril vaierril ot vaierril ot vaierril
t1 t2 ti tn
vaferrf? vaierr72 et vaierril ot vaierril
Dpv - Ptl Pt2 . Pti . Ptn (1 1)
pv_err_k pv_err_k pv_err_k pv_err_k
t1 t2 ti tn
_va_err_m va_err_m U va_err_m e va_err_m_
ti _ pti ti
P pv_err_k — P pv_pre_k — + pv_act_k (12)
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Where Pi;py err i denotes the prediction error at the ¢ prediction
moment on day k. Firstly, the historical data are grouped according to the
prediction time, and then the Wasserstein distance is used as a measure of
the difference between the prediction error distribution in different periods.
Based on the distance matrix, K-means clustering aggregates the time points
of a day into several categories sharing similar distribution characteristics.
The clustering number r is objectively determined by the contour coefficient
method, and the boundary time points between the categories obtained will
be used as the trigger conditions for the subsequent dynamic partitioning
strategy.

For each category obtained by time clustering, the numerical correla-
tion of prediction errors is further considered. In view of the fact that the
error distribution pattern is often closely related to the size of the predicted
output value, this study uses the three-digit division method to divide the
photovoltaic output prediction value sequence into three continuous intervals
(Q1 = 33.3%, 33.3% < Oy = 66.6%, Q3 > 66.6%) with equal probability
in each time category. Finally, the data of the whole day is divided into 3n
data sets with homogeneity.

For each group, four probability models, KDED, KDE, normal distri-
bution and t distribution, are applied to approximate the prediction error’s
probability density function. According to the goodness of fit of different
models on each group of data, the optimal fitting scheme is selected.

The load forecasting error obeys the normal distribution, and for the load
forecasting error, its probability density function is:

1 exp <_ (]Dload - :U'P)2>
V2mop 203

1 (Qoad — pq)? -
f(Qload) = \/%O’Q €xXp <_10adQMQ>

In the formula, the active and reactive loads are denoted by Pj,qq
and @Q)qq, respectively. Their mean values and standard deviations are
represented by pp, op, and pg, 0g.

After the source-load uncertainty is processed, the risk index is calculated.

Define the node voltage deviation loss function:

f(ljload) =

Vii—V,
L?,i = max <O> | LZV nom’ - 6allow> (14)
nom
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In the formula, V}; is the voltage amplitude of node j under scenario i,
V5om 1 the nominal voltage of the system, and €, 1S the allowable voltage
deviation limit, which is taken as £ 0.05.

Then the partition weighted total loss is calculated

Lf =) w;-L}; (15)
Sloadj
W= = —— (16)
/ Zmek Sload,m
Sload,j = maz\/Pload,j(t)2 + C?load,j(t)2 (17)

The node weight w; is based on load capacity allocation, and Sload, j
represents the load capacity of node j. Finally, the conditional risk value of
partition k is the conditional expectation that the loss exceeds the risk value
at the confidence level, and its normalized risk index is:

N
1
k _ k
CV&R“‘N—La-NJJrl > L, (18)
i=[a-N]|
CVaRk

$PR=—="3 — (19)
Zjek Sload,j

In the formula, CVaRka is the conditional risk value considering the
interval error, and ¢ g is the normalized risk index.

Integrating the above three indicators, a comprehensive zoning evaluation
index is constructed:

Pcom = W1p + wapy + w3(1 - QOR) (20)

In the formula: wi,ws,ws are the weight coefficients of the three
indicators, wq + w9 + w3 = 1.

To optimize the comprehensive index, the Particle Swarm Optimization
(PSO) algorithm is adopted [18].

Based on the dynamic partition scheme obtained above, the following
section designs a centralized-distributed hybrid voltage control architecture.
The partition results, including region boundaries, resource assignments,
and risk assessments, are directly transmitted to the virtual controllers as
structural inputs for distributed optimization. This linkage ensures that the
control strategy adapts in real time to the evolving partition topology.
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3 Centralized-Distributed Hybrid Voltage Control Strategy
Based on Dynamic Partition

Receiving the partition topology generated by the dynamic partitioning
framework in Section 2, the centralized-distributed hybrid control architec-
ture operates as follows.

A centralized-distributed hybrid voltage control architecture is designed
in this section. The core of this architecture is that the central controller
is responsible for system-level coordination and boundary consistency con-
straint management, while the virtual controllers of each partition are based
on the augmented Lagrangian alternating direction method to solve the opti-
mization problems in their jurisdictions in parallel. This design effectively
peels off the global coupling and realizes distributed computing, which
significantly improves the computational efficiency while ensuring the global
optimization effect.

3.1 Centralized-Distributed Hybrid Voltage Control Architecture
Design

The control architecture proposed in this paper can be decomposed into three
core links:

Step 1: Based on the predicted data, the optimal partition scheme of the
current period is generated. The central controller sends the partition scheme
to each virtual controller in the network.

Step 2: After receiving the partition scheme, each virtual controller solves the
optimization problem of the region in parallel based on the Simplified Alter-
nating Direction Method of Multipliers (SADMM) algorithm whose objec-
tive function is minimizing network loss, voltage deviation and photovoltaic
reduction.

Step 3: Each virtual controller obtains a distributed optimization result and
performs voltage verification. When the optimization is successful, the con-
trol command is issued; when the optimization fails, the central controller
performs global optimization with the minimum voltage deviation to obtain
the control

3.2 Optimal Control Model

Based on the partition results, the virtual controllers of each partition need
to coordinate and optimize the flexible resources in the partition under the
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premise of satisfying all the safe operation constraints, so as to achieve
multiple goals such as system voltage level improvement and power loss
reduction.

(1) Optimizing the objective function

Minimum the network loss:

T
fi = minPios = Y Ploss @1
t=1

In the formula: P, ; is the active power loss of the grid at time 7.
Minimum the voltage deviation:

T
fo=min > |U?, - Uy (22)
t=1

In the formula: U; ; is the voltage amplitude of node i in ¢ period; Uy is
the rated voltage of node.
Minimum the photovoltaic reduction:

T
fs=min» " (B - phY) (23)

t=1 iEva

PV mazx

In the formula: P, and Pﬁv are the maximum active power output

and the actual active power output of PV 7 at time ¢, respectively; Npy is the
set of photovoltaic access nodes in the system.

[ =min(myi fi + m2y2fz + 1373/3) (24)

In the formula, n; — 73 are the weight coefficients and n; + 172 + 13 = 1;
1 — 3 are the correction coefficients greater than 0.

(2) Constraint conditions

In this paper, the general DistFlow power flow model is used, and The
formulation of the power flow constraints is given in Equation (25):

Pgi — Pdi — UZ' Z Uj(Gij COS Qij + Bij sin 92']') =0
j€EL

Qgi — Qdi — UZ' Z Uj(Gij sin gij — Bz‘j COS (92]> =0
Jj€EL

(25)



Partitioning and Voltage Control of High-Permeability PV 1065

In the formula: At node i, Py; and (Qg; are the active and reactive power
outputs, FPy; and ()4; the corresponding loads, and U; the voltage magnitude.
For branch i — j, G;;, B;; and 0;; denote the conductance, susceptance, and
phase angle difference, respectively.

The voltage constraint is shown in Equation (26):

U™ < Uiy < U™ (26)

(2

min maxr

In the formula: U; ; is the voltage at time ¢ of ¢ node, U;}"" and U;;** are
the upper and lower limits of node voltage respectively.

The constraint conditions of flexible resources on the load side are shown
in Formula (1)—(4).

3.3 Model Solving Method Based on SADMM

In order to efficiently solve the above optimization model, it is decoupled
into multiple sub-problems according to the dynamic partition results, and
the SADMM algorithm is used for distributed solution.

In order to construct a SADMM algorithm suitable for distribution
network partition, it is necessary to first remove the coupling relationship
between different partitions. The partition decoupling procedure is presented
schematically in Figure 1, and the three adjacent regions are taken as exam-
ples to illustrate that the ab region is related to each other through the
connection line between nodes i and j. The specific operation is to cut off

——————————————————————————— | Frm— e ————

: Partition a : : Partition b | : Partition c|

| |

| [ ! |

I I P! |
| I |

| |

| 0 0 O |

i J m | n |

I I (. I

e _______{ ___________________

—————————————————————————— | mm———————————,

.. .. . |

Partition a Partition b Partition ¢

| | :

| | |

: (I I

| x| | om* !
. . . . . | | |

| ; b !

| ! | !

| Virtual controller Virtual controller Virtual controller

I in partition a in partition b in partition ¢
L e

Figure 1 Distribution network partition decoupling flow chart.
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the connection line between nodes i and j, and replace the original i and j
nodes with virtual nodes i* and j* respectively, thus forming virtual boundary
connection lines i*j and ij*. Using the same method, the virtual boundary
connection lines m*n and mn* between partitions b and ¢ can be obtained.
The introduction of virtual nodes will not affect the running state of the
original nodes, thus completing the decoupling processing of the distribution
network.

In the solution process, each partition performs independent parallel
operations, and only the data exchange of consistency variables with adjacent
partitions is required. The consistency variables for the virtual boundary
link are defined as the line’s voltage magnitude, active power, and reactive
power. The consistency variables of the two adjacent partitions are the active
power, reactive power and voltage values on the virtual boundary connection
line. Each partition only needs to transmit a small amount of boundary
information, which effectively reduces the communication load in the data
transmission process and reduces the operation time.

Using the ‘decomposition-coordination’ principle, the optimization prob-
lem of the entire distribution network is decomposed into sub-problems with
boundary coupling constraints in each sub-region. Based on the optimization
model established, the control model based on the SADMM optimization
method is constructed as follows:

N
min Z fa(xa)

st. he(xe) =0, K=1,2,...,N
ga(%)ZO, K=12...,.N

In (27): fa(x,) is the objective function of the subproblem of partition a,
which is a convex function; h,(x,) is the equality constraint of the partition
a subproblem, which is a linear function; g,(x,) is an inequality constraint
for the subproblem of partition a.

The Lagrangian transformation of pair (28) yields:

27

sk = fa(®a) + (Napis) (Tapij — Thais) + 0.5p/|Tabij — Tvaisll
(28)

In the formula: p > 0 is the penalty coefficient; A, ;; are dual variables;
stretching Ay 35 t0 (p/1)Aqap,i5, and omitting the constant term, then it can
be transformed into

sk = fa(®a) + 0.5 @api5 — baij + pll3 (29)
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In summary, the SADMM iterative solution process is:

h ! = argmin[f,(x,) + 0.5 || Tapij — w’gﬂ,ij + pF 3]
" = argmin[fy(zy) +0.5p || 2535 — xoai; + 4" 3] G0)
k1 k k+1 k
pftt = pt 4 (‘Ba,b,ij - ch,a,ij)

In order to speed up the convergence rate, the average value of the sum
of the previous calculation results of this partition and adjacent partitions is
selected as the boundary condition of the next iteration. Therefore, in the kth
iteration, the updating rules of boundary conditions and dual variables are as
follows:

k k
 Tapii T Thag

Skl skl

Labij = Loaij — 5 GD
Skt

pE* = b (e = ) -
py = g (-t

Taking partition a as an example, the original residual and dual residual
of the SADMM algorithm in this paper are defined as ¥, and s¥, respectively.
The convergence criterion is defined as . In this paper, 7¥, and s are
less than as the convergence criterion of the algorithm. When the following
equation is satisfied, it is considered that the iterative process of the algorithm

in this paper ends:

rk=gk gk <¢ (33)
3](; = l'l’]z;,ij - /J‘Iz,_ijloo <e€ (34)

4 Simulation

The modified IEEE-33 is used as the test system for analysis, and the node
situation is shown in Figure 2.

The simulation is conducted over a 24-hour day-ahead scheduling hori-
zon with a time step resolution of 0.25 h. To quantify the risk associated
with photovoltaic and load uncertainties, 2,000 Monte Carlo scenarios are
generated, and the CVaR confidence level « is set to 0.95. For the SADMM-
based distributed optimization, the penalty parameter p is set to 0.05 and the
convergence tolerance ¢ is set to 1 x 104, The PSO algorithm employed in
the partition optimization phase uses a population size of 50 and a maximum
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== Photovoltaic

@1} Energy Storage

Flexible Load

19 20 21

Figure 2 Improved IEEE 33-node topology diagram.

iteration count of 200. The partition weight coefficients for the comprehen-
sive evaluation index are set as w; = 0.3, wy = 0.4, and w3 = 0.3, while the
control objective weight coefficients are 71 = 0.3, 72 = 0.4, and n3 = 0.3.
The node voltage is constrained within 0.95-1.05 p.u., and the maximum PV
curtailment is limited to 20% of the maximum output. All simulations are
performed on MATLAB 2022b with Gurobi 9.0.0 as the optimization solver.

4.1 Photovoltaic Uncertainty Processing Results and
Verification

Based on the photovoltaic two-layer probability modeling method, Belgian
photovoltaic data spanning June 1 to September 1, 2024, were selected for
model training and validation. Since the photovoltaic output at night is zero,
only non-zero output is processed.

Based on the method proposed above, the clustering results divide the
day into five characteristic periods: 00:00-05:30 h, 05:30-09:15 h, 09:15-
15:45h, 15:45-20:30 h, 20:30-24:00 h. Among them, the photovoltaic output
in the first and last time periods is O.

In the non-zero time clustering category of photovoltaic output, the
three quantiles are further grouped according to the predicted photovoltaic
output value, and a total of 9 data groups are obtained. Figure 3 shows
the probability density function fitting results of some of the groups. The
analysis shows that the distribution of photovoltaic prediction error shows
significant diversity. For approximately symmetrical unimodal distribution,
normal distribution and t distribution can achieve good fitting; for complex
distributions with multi-peak, skewed or heavy-tailed characteristics, KDE
and KDED show more excellent adaptability by virtue of their flexibility
without preset distribution forms.
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Figure 3 Photovoltaic prediction error probability distribution fitting.

Independent validation was performed using June-September 2025 data,
and the results are shown below.

At the 90% confidence level, the coverage verification results based on
the out-of-sample real operation data from the independent validation set
are shown in the figure. It can be observed that the coverage obtained by
the KDED method is the highest in the same group, generally higher than
the nominal 90% confidence level, and it can be seen from Figure 4(b) that
its interval width is also the largest in the same group. This shows that
KDED can flexibly adjust the kernel bandwidth according to the distribution
characteristics of the error data, and has a strong ability to capture extreme
values by increasing bandwidth to improve coverage, which is especially suit-
able for the non-normal, heavy-tailed distribution of photovoltaic prediction
errors in actual operation. The coverage of the KDE method is also mostly
maintained at more than 90%, with the second-best overall performance. The
coverage of normal distribution and t distribution fluctuates around the 90%
confidence level with small amplitude, showing stable fitting performance
for approximately symmetric unimodal error distributions, and their fitted
confidence interval width is also relatively small. Based on the above results,
this paper selects the optimal fitting method for each data group respectively,
and the final selection scheme is shown in Table 1.
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Figure 4 Comparison of each fitting scheme for all the groups.
Table 1 Selection of fitting methods in each group
Group Method Group Method Group Method
1 KDE 4 normal distribution 7 t distribution
2 normal distribution 5 t distribution 8 KDE
3 KDE 6 KDE 9 KDE
RRN 35
30 |- 1018 1218 i 14, 30 - 12-18 18 w2 7” "
5k | L — s 118 5 "
Z20 | 320 —
sk e 26028 61126 [ sk o L —
10 =—— e 1 e ok | 1 B 610, 2
s s, > S | 1 —
sk 1925 1925 19.2 . sk 19- 925 19 — N .
0
00: 00 05: 30 09: 15 15: 45 20: 30 00: 00 05: 30 09: 15 15: 45 20: 30
(a) scheme 1 (b) scheme 2

Figure 5 Partition results of two schemes.

4.2 Partition Results and Partition Rationality Analysis

In this paper, the zoning scheme obtained according to the index of Reference
[21] is Scheme 1; the partition scheme obtained according to the index in this
paper is scheme 2, as shown in Figure 5.

To evaluate the validity of the partition results, this paper utilizes the
following constraint indicators, following [23].



Partitioning and Voltage Control of High-Permeability PV 1071

(1) The connectivity index is defined as ensuring that nodes within a parti-
tion are fully interconnected, while being isolated from nodes in other
partitions.

(2) The rationality criterion for the number of partitions requires that the
optimal count in an n-node system not exceed /n.

(3) Reactive power source constraint: The partition must contain at least one
reactive power source.

4.3 Effectiveness Analysis of Partitioned Voltage Control

This study compares the voltage stability performance of the two partitioning
strategies. Four simulation cases are established to verify the effectiveness of
the proposed model:

Case 1: No optimal control method is used for the distribution network.

Case 2: Optimal control of distribution networks solely through PV curtail-
ment.

Case 3: A coordinated optimal control scheme is applied, utilizing both
distributed PV curtailment and energy storage units within the distribution
network.

Case 4: Integrated optimal control is applied to the distribution network
via coordinated PV curtailment, energy storage dispatch, and flexible load
adjustment.

Figure 6(a) is the node voltage optimization result at 13:30 in a scenario
of scheme 1. It can be seen that in the AC distribution network without

1.06

>
r

Voltage/p.u.
Voltage/p.u.

1.02

s s s s s s 1098 s s s s s y
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35

Node Number Node Number
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Figure 6 The voltage control effect of two schemes.
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any optimal control method, due to the strong light intensity and the excess
photovoltaic output at this time, thereby causing an overvoltage condition
at several nodes within the system, while Case 2—4 can solve the problem
of voltage violation. By comparing Case 3 with Case 2, it can be seen that
the voltage level of some nodes in Case 3 has been significantly improved,
while the node voltage in the corresponding Case 2 is still on the high side.
Compared with Case 3, the voltage level of Case 4 has been further improved.
Figure 6(b) is the node voltage optimization result at 13:30 in a scenario
of scheme 2. Because scheme 2 considers the uncertainty of photovoltaic
and load when partitioning, it can better match the spatial and temporal
characteristics of the partition with the source and load, and each case is
improved compared with scheme 2. As shown in Figure 6(b) for Case 4, the
voltage is further reduced.

4.4 Computational Efficiency Analysis

The above simulation results have verified the superiority of the proposed
partitioned voltage control strategy in suppressing voltage deviation and
mitigating voltage over-limit issues. However, in practical engineering appli-
cations of active distribution networks, the computational efficiency and
real-time performance of the algorithm are core indicators that determine
its feasibility for online scheduling and closed-loop control. To substantiate
the computational advantage of the proposed SADMM-based distributed
optimization method in this paper, this subsection compares its convergence
performance and computational efficiency against two mainstream bench-
mark methods: the standard ADMM algorithm and the centralized PSO-based
optimization approach.

The computational performance metrics are summarized in Table 2.

The results show that the centralized PSO algorithm has the lowest com-
putational efficiency, requiring 342 iterations to converge with a total time of
208.1 s. This is because the centralized method processes all system variables
and constraints simultaneously, resulting in high optimization dimensionality
and heavy solution complexity, which cannot meet the real-time demand of
voltage control.

Table 2 Computational performance comparison of different algorithms

Method Iterations  Total Time (s)
Centralized PSO 342 208.1
ADMM 38 43.7

SADMM 22 22.8
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In contrast, the standard ADMM algorithm decomposes the global prob-
lem into parallel sub-problems of each partition based on the decoupling
architecture, only exchanging a small amount of boundary information
between adjacent partitions. It reduces iterations to 38 and total time to
43.7 s, a 79.0% reduction compared with centralized PSO, fully reflecting
the efficiency advantage of the distributed architecture.

The proposed SADMM algorithm further optimizes the update rule of
boundary consistency variables, significantly accelerating convergence. It
only needs 22 iterations to converge, with a total time of 22.8 s. Compared
with centralized PSO and standard ADMM, the calculation time is reduced by
89.0% and 47.8% respectively. The results prove that the proposed SADMM
algorithm can greatly improve solution efficiency while ensuring global opti-
mization, and has stronger engineering practical value for real-time voltage
control of high-permeability photovoltaic distribution networks.

5 Conclusion

Aiming at the problem of voltage control in high-permeability photovoltaic
distribution network, this paper proposes a load-side flexible resource col-
laborative control strategy that integrates dynamic partition and hybrid
architecture. The main findings of this study are summarized below.

(1) A key innovation of this paper is the development of a two-layer proba-
bilistic model for photovoltaic generation. By grouping modeling, it can
better describe the uncertainty of photovoltaics and is more optimized
than a single modeling method.

(2) Building on the consideration of PV and load uncertainties, this study
develops a new risk index. At the same time, a comprehensive system
integrating modularity, regional autonomy ability and the risk index
is constructed. This example validates that the proposed strategy mit-
igates voltage issues more effectively than partitioning without risk
consideration.

(3) A centralized-distributed hybrid control architecture is designed to
address the dynamic partitioning challenge. The architecture relies on
the distributed solution of the central coordination and virtual controller,
which can better guarantee the global optimization performance.

(4) The proposed SADMM-based distributed solution algorithm optimizes
the update rule of boundary consistency variables, and significantly
improves the solution efficiency of the partitioned voltage control model.
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While ensuring the voltage control effect, it greatly reduces the number
of iterations and calculation time, has excellent real-time performance,
and provides an efficient solution for online voltage management of
high-permeability photovoltaic distribution networks.
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