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Abstract

The wide integration of volatile renewable energy has intensified voltage regulation chal-
lenges in distribution networks. Conventional centralized control approaches are inher-
ently limited by slow response times, heavy reliance on communication, and poor coordi-
nation. To address this issue, this paper proposes a voltage optimization method that in-
tegrates adaptive partitioning and hierarchical coordination. First, node electrical cou-
pling characteristics are extracted based on the voltage-reactive power sensitivity matrix
analysis. The elbow method and K-means clustering are jointly applied to achieve net-
work partitioning, where the optimal number of partitions is automatically determined.
On this basis, a hierarchical coordination control architecture is established. The upper
level employs scenario-based worst-case dispatch to minimize comprehensive operating
costs and voltage deviations, generating reactive power regulation references for distrib-
uted generators in each partition. The lower level uses an improved droop control based
on the voltage-squared relationship, enabling distributed generators to adjust reactive
power in real time according to local voltage deviations, thereby achieving coordination
between global optimization and local response. Lastly, simulation results on a modified
IEEE 33-bus system demonstrate the effectiveness of the proposed method in eliminating
voltage violations, particularly under heavy-load conditions.

Keywords: distribution network; voltage control; adaptive partitioning; droop control

1. Introduction

With the advancement of carbon peaking and carbon neutrality, a new power system
dominated by renewable energy is being accelerated. As an important form of clean en-
ergy, distributed generation (DG) continues to increase its penetration in distribution net-
works [1]. However, the integration of high-proportion DG also brings challenges such as
power reversal and voltage violations. The volatility and uncertainty of DG output signif-
icantly complicate voltage regulation in distribution networks [2—4]. Traditional central-
ized optimization methods face low computational efficiency and poor adaptability in
scenarios with large node numbers and high communication requirements, making it dif-
ficult for them to meet real-time regulation needs [5,6]. In this context, achieving coordi-
nated regulation through hierarchical and partitioned control is an effective way to en-
hance operational flexibility and voltage stability in distribution networks [7,8].
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Research on distribution network partitioning methods has mainly focused on the
design and optimization of partition indices. Reference [9] proposed a cluster partition-
based two-layer expansion planning method for distribution networks. Reference [10] in-
troduced an IDEC-K clustering method for two-layer optimization configuration of dis-
tributed photovoltaic and energy storage systems. Reference [11] proposed an optimal
placement and sizing method for distributed PV storage using cluster-based partitioning.
Reference [12] developed a cluster partitioning method using K-means clustering for con-
vex optimization in active distribution networks. Reference [13] presented a cluster con-
sensus approach for inherently nonlinear cooperative networks. Reference [14] proposed
a hierarchical and partitioned voltage regulation strategy based on HEM sensitivity. Ref-
erence [15] proposed a reactive power and voltage optimization method considering the
reactive power contribution of photovoltaic clusters. Overall, existing methods have two
major limitations. First, the weight settings for evaluating partition quality often rely on
experience and lack an objective basis [9,16,17]. Second, the determination of the number
of partitions still relies on empirical trial and error or manual intervention, which lacks
objectivity and may not reflect the actual electrical coupling of the system [18,19]. To address
these issues, this paper proposes a sensitivity-based clustering partitioning method that au-
tomatically determines the optimal number of partitions without manual intervention.

Traditional centralized optimal power flow (OPF) approaches solve for all controlla-
ble devices in a unified optimization framework without network partitioning and have
been widely studied in distribution systems [20,21]. While these methods provide globally
optimal solutions, they suffer from high computational burden and poor scalability as the
network size increases. More importantly, they lack the ability to respond rapidly to local
voltage disturbances due to their reliance on centralized communication. To address these
limitations, recent studies have explored two-level control architectures that combine cen-
tralized optimization with local feedback. For instance, centralized, distributed, and local
control strategies for real-time voltage regulation have been compared [22], but the dis-
tributed scheme requires continuous information exchange between physical neighbors,
incurring latency and communication overhead. Local VAr droop control has been bench-
marked against OPF-based centralized dispatch and feedback optimization controllers
[23], yet this single-layer feedback optimization remains model-free and lacks global op-
timal scheduling, day-ahead dispatch capability, and provable convergence, all of which
hinder its practical adoption. Other two-layer control schemes have also been reported for
AC microgrids with communication delays [24], for cyber—physical microgrid clusters
[25], for cluster synchronization under stochastic networks [26], and for thermostatically
controlled loads [27], while a two-level scheme combining centralized OPF with local PI
control has been applied to systems with high renewable penetration [28]. More recently,
a combined central-local voltage control strategy for inverter-based DGs in active distri-
bution networks has been developed [29], but it treats the entire network as one mono-
lithic region using a piecewise linear local control curve, overlooking subregional voltage
characteristics and the nonlinear nature of distribution line coupling. A common draw-
back across most of these two-level schemes is that the upper-level dispatch and lower-
level local control are only loosely coupled: the dispatch plans are determined without
explicitly accounting for subsequent local actions, while the local controllers operate in-
dependently based on pre-set laws, which may cause conflicts between global optimiza-
tion and local response. Recent advances in multi-agent reinforcement learning (MARL),
such as MAT-Adapt [30], have explored fully distributed coordination of flexible re-
sources. However, their black-box nature hinders interpretability and certification, and
the optimization of expected returns does not guarantee constraint satisfaction.

To overcome these limitations, this paper establishes a dual-layer coordinated regu-
lation architecture that leverages the complementary advantages of different time scales.
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When minor voltage disturbances occur, the lower-level improved droop control re-
sponds immediately to provide fast local voltage support. Meanwhile, the upper-level
scenario-based worst-case dispatch generates 24 h reactive power schedules as reference
setpoints. The actual reactive power output is determined jointly by the upper-level plan
and the droop-based fine-tuning. Furthermore, an inter-partition voltage consistency pen-
alty term is introduced to enhance the coordination between different control regions, and
the improved droop control based on the voltage-squared relationship better matches the
physical characteristics of distribution lines. The flow of this work is organized as follows.
First, a sensitivity-based clustering partitioning method is developed in Section 2, where
the elbow method is used to automatically determine the optimal number of partitions
without manual intervention. Second, in Section 3, a dual-layer coordinated regulation
architecture is established based on the partition results. Then, case study validations are
conducted in Section 4, and Section 5 draws the conclusion.

2. Adaptive Partitioning Strategy for Distribution Networks Based on
Electrical Coupling Characteristics

This paper proposes an unsupervised clustering adaptive partitioning method based
on electrical coupling relationships, laying the structural foundation for subsequent hier-
archical coordinated optimization. Based on the distribution characteristics of node electri-
cal features, the optimal number of partitions is automatically identified using the elbow
method. This eliminates the need for manual empirical selection of the partition number.

2.1. Partition Feature Extraction and Sensitivity Matrix Construction

Consider the linearization of the distribution network power flow equations near the
steady-state operating point. For any node n, its node voltage is

N

P,=VI.Z:‘VJ.(GUCOSHU+Bysin9”) 1)
=

0, =V, > V,(G,sin6, +B, cosb,) @)

j=

where Pi and Qi are the net active and reactive power injected into node i, respectively; Vi
and Vj are the voltage magnitudes at nodes i and j; i = 0 — 6 is the voltage phase angle
difference between nodes i and j; Gij + jBij is the element in the i-th row and j-th column of
the node admittance matrix Yous; and N is the total number of system nodes.

The voltage at node n after connecting distributed generators is obtained by perform-
ing a first-order Taylor expansion on the above equation, yielding the incremental form

ol
AQ AU | |Jy Jo ||AU
From Equation (3),

AQ = JooAG + Jov-AV 4)

During voltage regulation (AV is typically less than 10%), the effect of voltage mag-
nitude changes on active power is small, i.e., AP = 0. Therefore,

0= JrerAG + Jev-AV (5)
Rearranging gives

AO=—J - JnTAV (6)

Substituting into the AQ expression
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AQ = (=JooJpy Jov + Jov)AV )
The equivalent reactive power-voltage sensitivity matrix is defined as
So = (—Jow Tyl -Jov + Jav) (8)

Considering a reactance-dominant grid, i.e.,, X > R, the Q-V coupling remains domi-
nant, and the off-diagonal coupling terms Joo and Jrv are small compared to Jav.

oo gy vl ©)
Therefore, Equation (8) can be approximated as
So=Jov' (10)

Assume that the number of nodes with controllable voltage in the system is n, and
the number of distributed generators is w. The sensitivity of the reactive power injected
by a given distributed generator j to the voltage control of n nodes is solved as

oU. U oU
Si': —1, 2,...,—“ ,i:1,2,...n 11
) (an 20 an] a

Since the magnitude of the sensitivity Sj is affected by line impedance and initial

voltage levels, a normalized Q-U coupling index matrix C is introduced to ensure fair and
consistent coupling analysis.
For node i and DG j, the coupling index Cij is defined as
| S

k=1
2| S |
Npg

i

(12)

where Noc is the total number of distributed generators.
After obtaining the C matrix, the relative coupling index vector Ci = [Ci1, Ciz, Ci3] for
each node is treated as a feature point in an Noc-dimensional space.

2.2. Adaptive Node Partitioning Based on K-Means Clustering

After obtaining the node feature matrix, the classical K-means clustering algorithm
is used for automatic node partitioning. This algorithm aims to minimize the sum of
squared errors (SSE) and iteratively optimizes to group nodes with similar features into
the same partition.

K
SSE(K) = Eligkﬂ 5=, |1 (13)

where Ck represents the set of nodes in the k-th partition, and p« is the mean of the feature
vectors in that region. A smaller SSE indicates higher electrical coupling among nodes
within the same partition and better partition quality.

For a given number of partitions K, the K-means clustering analysis process is as fol-
lows:

Step 1: Initialization: Randomly select K node feature vectors from N nodes as the
initial cluster centers ux).To mitigate the sensitivity to initial cluster center selection, the
K-means algorithm is run multiple times with different random initializations, and the
result with the smallest SSE is selected as the final partition.

Step 2: Assignment: Cluster the samples. For the initially selected cluster centers, cal-
culate the Euclidean distance from each node i to each cluster center, and aggregate nodes
into the region with the closest distance:

c = {i | arg min dic = k} (14)

Step 3: Update: Recalculate the cluster centers after clustering, i.e., the mean of the
feature vectors of all nodes in each cluster:
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(t+1) _ )
=177 Si
ST p2 (1)

Step 4: Convergence check: Repeat Steps 2 and 3 until the cluster centers no longer

change significantly.

Finally, the system is divided into K clusters, corresponding to K control regions. For
the determination of the number of partitions K, this paper adopts the elbow method to
achieve adaptive determination of the optimal K value.

The principle of the elbow method is as follows: as the number of partitions K grad-
ually increases from 2 to the number of nodes N, SSE(K) decreases monotonically. When
plotting the curve of SSE as a function of K, an obvious “elbow” inflection point typically
appears. This point mathematically represents the optimal balance between the infor-
mation gain brought by increasing the number of partitions and the increase in model
complexity. Therefore, the K value corresponding to the inflection point is the optimal
number of partitions that balances partition effectiveness and model complexity.

The inflection point is automatically identified by calculating the mutation point of
the SSE decline rate. Let the sequence of SSE decline rates be {Ax=SSE(k) - SSE(k + 1), k
(2, ..., N = 1I)}. The inflection point is determined using the robust Kneedle algorithm,
which calculates the maximum vertical distance between the normalized SSE curve and
its convex hull reference line. This method is fully executed by the algorithm without
manual observation or preset thresholds, ensuring objective decision-making. The result-
ing partition structure serves as a key link in the subsequent upper-level partition coordi-
nation and optimization. In this study, ideal measurement conditions without significant
noise or data outliers are assumed for the Kneedle algorithm implementation.

3. Hierarchical and Partitioned Voltage Optimization Method for
Multi-Device Coordinated Regulation
3.1. Hierarchical and Partitioned Coordinated Regulation Framework for Adaptive Partitioning

Partitioning enables accurate identification of the distributed generator that has the
most significant impact on a nodes voltage and the shortest regulation distance when a
voltage drop occurs in the system, based on real-time electrical coupling relationships.
This ensures effective transmission of voltage support commands. Based on the partition
results of the current system state, this section proposes a hierarchical voltage optimiza-
tion method that integrates centralized optimization with local dispatch. The coordinated
regulation process is shown in Figure 1.

The proposed hierarchical and partitioned coordinated regulation architecture con-
sists of three parts. First, node electrical coupling characteristics are extracted based on
the voltage-reactive power sensitivity matrix. The optimal number of partitions is adap-
tively determined using the elbow method, and the system is divided into multiple con-
trol regions through K-means clustering, laying the structural foundation for subsequent
hierarchical regulation. According to the partition results, the upper-level global optimi-
zation uses a 24 h dispatch period and employs scenario-based worst-case dispatch to
address photovoltaic and load uncertainties. The detailed construction of uncertainty sets
and the worst-case scenario-based dispatch formulation are presented in Appendix A.
With the objectives of minimizing comprehensive operating costs and voltage deviations,
it generates regulation benchmarks for each partition and dispatches reactive power out-
put plans for each distributed generator. The lower-level DG implements improved droop
control based on the voltage-squared relationship using local voltage measurements, ad-
justing reactive power output in real time to achieve fast autonomous voltage support
when disturbances occur. The actual reactive power output is determined jointly by the
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reactive power output plan from the upper-level optimization and the fine-tuning per-
formed by local droop control based on real-time voltage deviations.

Input Data

Update System Operating State

Construct Reactive Power-Voltage
Sensitivity Matrix, Extract Node
Electrical Coupling Feature Vectors

Elbow Method Automatically Identifies
Optimal Partition Number X

]

| K-means Clustering for Node Partitioning

Output Dynamic
Partitioning Results

Adaptive Partitioning

Update System Operating

State

Construct Worst-Case Robust
Optimization Scenario

Receive Upper-level
Commands

Decision Variables: DG/ESS

Local Measurement of Node|
Reactive/Active Power Output

Volla'ge U

Improved Droop Control Ratio
Based on Voltage Squared

v

Fast and Subtle Adjustment
of DG/ESS Actual Output

Objective Function: Includes Economic
Cost, Voltage Deviation, and No
Hierarchical Coordinated Control

mprovement of Global
Optimal Solution for Three
Consecutive Iterations is

(doosq paaozduny) [ojuo) snowouony
[05U0Y) SNOWIOUO)NY JWIL}-[BIY [9AI[-19M0]

Upper-level Robust Optimization (APSO Algorithm)

Output 24h Optimal Scheduling Plan

Figure 1. Flowchart of hierarchical and zonal coordinated control.

3.1.1. Objective Function

This paper constructs a multi-objective optimization model that includes operating

costs, voltage quality, and coordinated control, incorporating economic costs, voltage
quality, and partition coordination into a unified optimization framework. The weighted
sum method is used to convert the multi-objective problem into a single-objective optimi-
zation problem. The overall objective function is as follows:

min F = @, (C ss+ C griat+ C o m) + @,Dv + 0, P, (16)

where w1, w2, ws are the weight coefficients for comprehensive operating costs, voltage

deviation, and the hierarchical coordinated control penalty term, respectively, satisfying

w1+ w2+ w3 =1; Cuoss is the network loss cost; Cgrid is the cost of purchasing power from the

upstream grid; Co«m is the operation and maintenance cost; Dv is the voltage deviation

penalty term; and Peoord is the hierarchical coordinated control penalty term.

(1) Comprehensive Operating Cost

T
Cow =Co 2 2 1 Uz (DR, At

=I(ij)eQ,

r
Caia = Caia Ef)grid (DAt (17)

T
Coam = E[Cw By @)+ ey Byr (0)

+ Cigs | Piss (1) 1AL

where closs is the unit network loss cost coefficient (RMB/kWh); cerid is the electricity pur-

chase price (RMB/kWh); cpv, cwr, and cess are the unit operation and maintenance cost co-

efficients for photovoltaics, wind turbines, and energy storage systems, respectively; (t)
is the current amplitude of line ij at time f; Rj is the line resistance; (v is the set of all
branches; At is the time interval; T is the dispatch period; Pgrid(t) is the active power pur-
chased from the upstream grid at time t; Pev(t) and Pwr(t) are the active power outputs of
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distributed generators; and Pess(t) is the charging/discharging power of the energy storage
system (positive for discharging, negative for charging).

(2) Voltage Deviation

To ensure that node voltages do not exceed limits at any time and to minimize volt-
age fluctuations, a maximum voltage deviation penalty is adopted:

[max(0, Vi(1) =V ma)]*,
[maX(O, V min— Vl(t))]z

where Av is the voltage penalty coefficient; Vi(t) is the voltage magnitude of node i at time

Dv = Avo max
teT, ieN

(18)

t (p.u.); and Vmax and Vmin are the upper and lower voltage safety limits.
(3) Hierarchical Coordinated Control Penalty Term Pcoora

To enhance the adaptive control capability of the system, a hierarchical coordinated
control mechanism is introduced, including the intra-partition droop control deviation
penalty Paroop and the inter-partition voltage consistency penalty Peonsensus:

Pran =0 22056 (005 (0= K XU ~U O)F
o _ (19)
Pcunsensus = /12 Z Z Z [U1 (t) - Um (t)]z

t=lm=1ie zm
where Az is the partition coordination coefficient; M is the number of partitions; Zm is the
set of nodes in the m-th partition; and V,,(t) = 1/|Z| Yiez,, Vi(t) is the average voltage of
partition m.
The weight coefficients in this article have been determined through multiple exper-
iments and can reflect the relative importance of different optimization objectives. A sen-
sitivity analysis of the weights is provided in Appendix B.

3.1.2. Constraints

To ensure that the optimization results meet practical operational requirements, the
constraints considered in this paper include node voltage safety constraints, power flow
equation constraints, distributed generator operation constraints, and energy storage sys-
tem operation constraints.

(1) Node Voltage Safety Constraints

Viin SVi(0) <V

Vie Qn,Vte T (20)

where O is the set of all system nodes; Vi(t) is the voltage magnitude of node i at time f;
and Vmax and Vmin are the upper and lower voltage safety limits, respectively.

(2) Power Flow Equation Constraints

+B;sinb;,)

B =U, ZUj,t (Gij cos Hij,t
- 1)

Qi‘t = Ui,t zUj‘t(c;ij sin eij,t _Bij cos eij_t)
j=1

where Pit and Qi are the active and reactive power injected into node i at time ¢, respec-
tively; Uit is the voltage magnitude of node j at time ¢; 8y is the voltage phase angle differ-
ence between nodes i and j at time #; Gy and Bj are the conductance and susceptance of
branch ij, respectively.
(3) Distributed Generator Operation Constraints

The active and reactive power outputs of various full-power converter-based distrib-
uted generators (photovoltaics, wind turbines, energy storage converters) are subject to
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constraints imposed by their inverter capacity, operating modes, and grid connection
standards.

(a) Capacity Constraints
B () + O (0 S Sp. Vie Qoo,Vie T (22)

where Poci(f) and Qoci(t) are the active and reactive power outputs of DG i at time f, re-
spectively; Soci is its converter rated capacity; and Qbc is the set of all DGs.

(b) Power Factor Constraints

B (1)

COS Pimin <~
B (0+0pe, (1)

< ¢0S @imax, Vie Qog,Vte T (23)

where cos@imin(t) and cos@imax(f) are the minimum and maximum allowable power factors
for DG i, respectively.

(c) Reactive Power Regulation Range
e (£) < O (0) < Ope (1), Vie Qo,Vie T (24)

where Qgg () and Q7 (t) are the lower and upper limits of the time-varying reactive

power output after considering the combined constraints, respectively.
(4) Energy Storage System Operation Constraints
(a) Charging/Discharging Power Constraints

_PECgsn:aX <Rsi(O= RSSISSTW Vi€ Qess,Vie T (25)

where Pess,i(t) is the charging/discharging power of energy storage i at time f (positive for
discharging, negative for charging); Pgea;™* and Pgegi’™ are the maximum charging and
discharging power, respectively.

(b) State-of-Charge Constraints

SOC,,, <SOC(£)< SOC

i,max >

Vie Qess,Vie T (26)

(c) Cycle Energy Balance Constraints: To ensure sustainable operation of the energy
storage system, the state of charge at the beginning and end of the dispatch pe-
riod must be consistent.

SOC, ()= SOC,(0),Vie Qess (27)

3.2. Multi-Device Coordinated Voltage Regulation Optimization Method for
Distribution Networks

To solve the high-dimensional, nonlinear, non-convex scenario-based worst-case dis-
patch model constructed in this paper and achieve fast local voltage support, this section
adopts a hierarchical collaborative solution strategy that combines adaptive particle
swarm optimization (APSO) with improved droop control. After completing the node
clustering and partitioning of the distribution network, the upper layer focuses on global
coordination, aiming to minimize comprehensive operating costs and voltage deviations,
and formulates day-ahead reactive power dispatch plans for each distributed generator.
The lower layer focuses on local response, with each distributed generator autonomously
fine-tuning reactive power output in response to local voltage deviations based on the
improved droop control law using the voltage-squared relationship.

https://doi.org/10.3390/en19143435
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3.2.1. Upper-Level Partition Optimization Algorithm

This paper uses APSO to solve the upper-level optimization model. The optimization
objective is the overall objective function shown in Equation (16), which integrates three
components: operating costs, voltage deviation, and hierarchical coordinated control. The
model includes nonlinear constraints such as power flow equations, DG output con-
straints, and energy storage charge—discharge constraints.

In the initialization stage, the sensitivity matrix-based partitioning method is used,
combined with the node electrical coupling feature matrix, to make initial particles tend
toward high-performance regions within the feasible domain. APSO is an improved algo-
rithm based on classical particle swarm optimization, introducing an adaptive parameter
adjustment mechanism. It focuses on global search in the early iteration stages and local
optimization in the later stages, avoiding local optima.

The upper-layer optimization performs global optimization based on the adaptive
partition results, considering both intra-partition autonomy and inter-partition coordina-
tion. It also dispatches the obtained 24 h reactive power output plans for each distributed
generator as references for local droop control.

The parameter settings and convergence criteria of the APSO algorithm are summa-
rized in Appendix C.

3.2.2. Local Adaptive Optimization of Reactive Power and Voltage Based on Improved
Droop Control

The upper-layer APSO algorithm generates 24 h reactive power output plans for each
DG. At the lower layer, power electronic devices such as DGs and ESSs provide reactive
power support control through their inverters using locally measured voltage magni-
tudes. The reactive power output of distributed generators should be adjusted according
to node voltage deviation.

QDG :Kq ’ (Ulef _U) (28)

where Qbc is the reactive power output of the DG or ESS, U is the measured node voltage,
Ukt is the reference voltage (1.0 p.u.), and Ky is the droop coefficient.

Traditional droop control approximates the relationship between reactive power out-
put and voltage deviation as linear. However, voltage and reactive power in distribution
networks are actually nonlinearly coupled. The linearized voltage-squared difference
equation for radial distribution network power flow on branch ji is

P> +Q:

sz =U} + 2(RjiPii + XiQii) — (Rﬁ + Xﬁ)—jiU‘2 I (29)
Neglecting the second-order loss term gives A(U?) = 2(RP + XQ). Therefore, this pa-
per adopts an improved droop control based on the voltage-squared relationship, with

the control law:
he =K, (U =U?) (30)

Thus, when minor fluctuations occur in the system, the droop control acts immedi-
ately without waiting for the upper-layer optimization to recalculate. When the fluctua-
tion exceeds a certain range, the upper-layer optimization updates the reactive power plan
in the next dispatch period, forming a closed-loop correction.

4. Case Study

Case 1: IEEE 33-Bus System. The system base voltage is set to 12.66 kV, base power
to 10 MVA, and total load to 3.715 +j2.300 MVA. Distributed photovoltaics are connected
at nodes 5 and 18, with maximum active power outputs of 0.5 MW each. A full-power
wind turbine is connected at node 33, with a maximum active power output of 0.489 MW.

https://doi.org/10.3390/en19143435
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Energy storage systems are connected at nodes 11 and 18, with a charging/discharging
power range of +0.2 MW. The system topology is shown in Figure 2.

23 24 25

26 27 28 29 30 31 32 33
11 12 13 14 15 16 17

19 20 21 22

Figure 2. IEEE 33-bus distribution system.

Case 2: 51-Bus Dual-Voltage System. To further validate the scalability of the pro-
posed method, a 51-bus system derived from a real regional distribution network is
adopted. As shown in Figure 3, the system consists of two voltage levels: an 11 kV me-
dium-voltage section covering Buses 1 through 33 and a 400 V low-voltage section cover-
ing Buses 34 through 51. Five distributed generators are installed across the system, com-
prising three PV units and one wind turbine with a total capacity of 2.8 MVA.

Figure 3. Topology of the 51-bus dual-voltage system.

4.1. Partition Coordination Mechanism

Based on the method proposed in Section 2, node electrical coupling feature vectors
are constructed according to the voltage sensitivity matrix, and the optimal number of

partitions is adaptively determined using the elbow method. The SSE for K=2 to K=6 is
shown in Figure 4.

N

o
®

Elbow point (K=4)

Sum of Squared Errors (SSE)

24
3
T

°
R
N

L
3 4 5 6
Number of Clusters K

Figure 4. Elbow method for optimal cluster number.

After adaptively determining the optimal number of partitions as 4 using the elbow
method, K-means clustering analysis yields the partition results shown in Table 1.

https://doi.org/10.3390/en19143435
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Table 1. K-means clustering results.

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

The partition is adaptive in that the optimal number of clusters K is automatically
determined by the elbow method without manual intervention. The partition structure is
recalculated when the system topology or the representative operating point changes sig-
nificantly. Based on these partition results, the performance differences between introduc-
ing partition coordination and not introducing partition coordination are compared. For
the 24 h case study, the partition is performed based on the heavy-load operating point at
18:00, which represents the most critical voltage condition.

As shown in Table 2, the proposed partitioned coordination scheme consistently out-
performs the non-partitioned baseline across all evaluated metrics. The maximum voltage
deviation is reduced by 3.37%, the average voltage deviation by 2.34%, and the total net-
work loss by 4.16%.

Table 2. Performance comparison between partitioned coordination and non-partitioned schemes.

Index Non-Partitioned Partitioned  Advance
Maximum voltage deviation (p.u.) 0.0424 0.0409 3.37%
Average voltage deviation (p.u.) 0.0198 0.0193 2.34%
Loss (MW) 1.3382 1.2825 4.16%
Low-voltage node-hours (>0.04) 2 0 100%

In addition, the proposed method is further applied to the studied 51-nodal system
in Case 2. Table 3 compares the non-partitioned and partitioned schemes in this low-volt-
age network under the same worst-case framework.

Table 3. Performance comparison between partitioned coordination and non-partitioned schemes

in the 51-node system.

Index Non-Partitioned Partitioned Advance
Maximum voltage deviation (p.u.) 0.0682 0.0529 22.4%
Average voltage deviation (p.u.) 0.0315 0.0248 21.3%
Loss (MW) 1.3382 1.2825 8.3%
Low-voltage node-hours (>0.04) 9 1 88.9%

The partitioned approach reduces the maximum voltage deviation from 0.0682 p.u.
to 0.0529 p.u., an improvement of 22.4%, and lowers the average voltage deviation from
0.0315 p.u. to 0.0248 p.u., corresponding to a 21.3% reduction. The total network loss de-
creases from 1.3382 MW to 1.2825 MW, achieving a saving of 8.3%. More significantly, the
low-voltage node-hours exceeding the 0.04 p.u. threshold drop from 9 to 1, representing
an 88.9% reduction, which confirms the effectiveness of the partition mechanism in miti-
gating voltage violations in low-voltage networks with high line impedance.

In the medium-voltage network, the relatively low line impedance limits regional
voltage deviations, and the partition coordination yields correspondingly modest gains.
In the low-voltage system, however, the higher line impedance amplifies both the voltage
deviations and the coordination effect. These more pronounced improvements indicate
that the partition coordination is particularly effective in scenarios where voltage
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regulation is more challenging and the need for regional coordination is stronger. In me-
dium-voltage networks with relatively low line impedance, the voltage deviations across
different regions are moderate, and the benefits of partition coordination are inherently
limited.

In addition, a detailed comparison with centralized optimization without partition-
ing is provided in Appendix D.

4.2. Hierarchical Control Effect

Based on the adaptive partition structure, distributed generators within each parti-
tion achieve coordinated regulation using the setpoints dispatched by the upper-layer op-
timization as benchmarks, combined with fine-tuning through improved droop control.

When droop control is introduced, if minor fluctuations occur in system load or pho-
tovoltaic output, DGs can respond quickly using droop characteristics, avoiding the time
required to wait for optimization algorithm recalculation. This improves system robust-
ness and fast-response performance. The final control strategy possesses both the global
optimality of optimal dispatch and the local fast-response capability of droop control.

A comparison is made between the optimization results with droop local control and
those without droop. The comparison of maximum voltage deviation is shown in Figure
5. Meanwhile, after adding droop control, the total network loss is reduced by 7.09%, op-
timizing power flow through more reasonable reactive power distribution and reducing
line losses.

0.055 T ol
= With Droop Control 4\

0.05 -|= = *Without Droop Control ’ \ 4
---:0.04 p.u. ‘ \

0.045 1

Maximum Voltage Deviation (p.u.)

Time (h)

Figure 5. Comparison of maximum voltage deviation with and without droop control.

Under a heavy-load scenario of 1.4 times the base load, comparative tests between
linear droop and improved droop control are conducted, with results shown in Table 4.

Table 4. Performance comparison between linear droop control and improved droop control.

Index Linear Droop Control Improved Droop  Advance
Voltage standard deviation 0.0106 0.0094 11.31%
(p-u.)
Low-voltage node-hours 124 91 26.61%

The low-voltage node-hours count the total number of bus-hour instances where the
voltage magnitude exceeds the 0.04 p.u. deviation limit, i.e., V<0.96 or V > 1.04 p.u., over
the 24 h horizon. The total possible bus-hours is 33 x 24 = 792.

When using improved droop control, the voltage standard deviation is reduced by
11.31%, significantly improving voltage stability and achieving more balanced voltage
distribution. The improved droop control based on the voltage-squared relationship is
used to achieve regional voltage autonomy. An inter-partition voltage consistency penalty
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term is added to the objective function to minimize the variance of the average voltage
across partitions. The upper-layer APSO algorithm simultaneously optimizes the device
outputs within each partition and the coordination relationships between partitions.

In terms of response speed, the lower-level improved droop control responds to volt-
age deviations immediately (millisecond level) without waiting for upper-level recalcula-
tion, which is particularly beneficial for mitigating fast voltage fluctuations caused by in-
termittent renewable generation.

4.3. Control Performance for Different R/X Ratio Distribution Networks

In many voltage regulation studies, a common simplification is to regulate voltage
solely via reactive power Q, while keeping active power P at its forecasted value. How-
ever, for distribution networks with high R/X ratios, both P and Q can affect the voltage
profile. The proposed Q-V control framework can be easily extended into a PQ-V scheme
by taking PQ, instead of only Q, as decision variables of DG outputs with an identical
apparent power limit given in Equation (22). Hereby, the performance of the two control
schemes is compared for different R/X ratio conditions. This sensitivity analysis is con-
ducted under a light load, i.e., 0.6 x base load, condition to avoid voltage violations that
would otherwise complicate the interpretation.

Case 1: Original network for R/X = 1.5. The original IEEE 33-bus network has an R/X
ratio around 1.5, which represents the medium-voltage distribution system with compa-
rable line resistance and reactance.

The results are given in Table 5 and Figure 6. As shown, taking only the Q-V control
scheme, the maximum voltage deviation is around 0.0297 p.u., which is well below the
0.04 p.u. safety limit. Co-optimization of P and Q further reduces the maximum deviation
to 0.0285 p.u., while the average voltage deviations remain comparable. In addition, net-
work losses are also similar.

Thus, in the original network with a moderate R/X ratio, regulating Q alone is suffi-
cient to achieve satisfactory voltage regulation performance.

Table 5. Performance comparison under different decision variable sets in the original network (R/X
~1.5).

kL Maxi Vol A Vol De-
Network Decision Variables Network Loss aximum Voltage Average Voltage De

(MW) Deviation (p.u.) viation (p.u.)
Original Network Q 0.7876 0.0297 0.0119
Original Network P&Q 0.8364 0.0285 0.0122

At this moderate R/X condition, the Q-V coupling still dominates voltage behavior,
and the cross-coupling term is relatively small compared to Jov. Therefore, as a practical
engineering approximation, Svg = Jov! was adopted to construct the electrical coupling
features for partitioning. This simplification is widely used in medium-voltage distribu-
tion system analysis and is acceptable for the target system of this study. For the target
system of this study, the approximation is justified and yields partition results that are
consistent with the full sensitivity matrix, as validated in Appendix A.

Case 2: High resistance condition with R/X = 7.5. The resistance values of all branches
are multiplied by 5 to create this condition. For networks with high R/X ratios, active and
reactive power controls are coupled in their voltage regulation effects, and the assumption
in Equation (8) no longer applies. The proposed control framework, however, can be read-
ily extended to co-optimize both P and Q under the apparent power constraint in Equation
(22). A comparative study is accordingly conducted between the Q-based and PQ-incor-
porated schemes.
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Figure 6. Comparison of voltage deviation (maximum and average) under different control strate-

gies in the original network (R/X = 1.5).

Table 6 and Figure 7 show the optimization results. When only Q is optimized, the
voltage quality deteriorates severely, with the maximum deviation reaching 0.0928 p.u.,
far exceeding the safety limit. However, when both P and Q are co-optimized, the maxi-
mum voltage deviation is reduced to 0.0396 p.u., bringing it back within the acceptable
range. The network loss also decreases substantially from 4.0377 MW to 1.2579 MW, with
a reduction of 68.8%.

Therefore, in high R/X networks, co-optimizing both P and Q yields significantly bet-
ter voltage quality and lower network losses. It is worth noting that the proposed control
framework can be readily extended to cover such operating conditions. Although the
main manuscript focuses on Q-only control for the moderate R/X ratio network, the tran-
sition from Q-only regulation to P&Q co-optimization is smooth and natural within our
formulation. This demonstrates the flexibility and potential of the proposed framework
for voltage optimization across a wide range of distribution system configurations.
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Figure 7. Comparison of voltage deviation (maximum and average) under different control strate-
gies in the high R/X network (R/X =7.5).
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Table 6. Performance comparison under different decision variable sets in the high R/X network
(R/X=7.5).

Network Loss Maximum Voltage Average Voltage De-

Network Decision Variables (MW) Deviation (p.u.) viation (p..)
High R/X Network Q 4.0377 0.0928 0.0450
High R/X Network P&Q 1.2579 0.0396 0.0192

4.4. Comprehensive Optimization Effect

Case 1: Analyzing from the overall perspective of the entire network voltage distri-
bution on the 33-bus system, the voltage profiles before and after optimization using the
proposed Q-only adaptive partitioning-based hierarchical and partitioned regulation
strategy with improved droop control are shown in Figures 8 and 9. Before optimization,
the system voltage shows significant dispersion and instability. The dark blue areas rep-
resent regions where node voltages deviate greatly from the rated value, with some node
voltages falling below the safety lower limit of 0.95 p.u., indicating a clear risk of voltage
violation.

099
0.98
0.97
096 ; /
0.98

095
0.96
0.94
40

Pre-optimization Voltage Amplitude

20
10 5
Node Number 0 o0 Time t/h

Figure 8. Voltage profile before optimization.

Post-optimization Voltage Amplitude
2

20
10 5
Node Number 0 o0 Time t/h

Figure 9. Voltage profile after optimization.

After optimization using the proposed strategy, all node voltages are strictly con-
trolled within the safe range of [0.96, 1.01] p.u., with more concentrated and uniform volt-
age distribution. To further illustrate the effect of the optimization strategy on critical
weak nodes, the voltage variation at node 18 is shown in Figure 10. Before optimization,
the voltage severely drops below 0.95 p.u. during peak load periods, posing a low-voltage
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safety hazard. After optimization, the voltage remains stable in the range of [0.96, 1.00]
p-u. throughout the entire 24 h period, maintaining qualified levels even during peak load
periods.

T
= = +Before optimization
= After optimization

Voltage (p.u.)

0.95 -

0.94 L L L |

Time (h)

Figure 10. Comparison of voltage at Bus 18.

After optimization using the proposed strategy, all node voltages are strictly con-
trolled within the safe range of [0.96, 1.01] p.u., with more concentrated and uniform volt-
age distribution. To further illustrate the effect of the optimization strategy on critical
weak nodes, the voltage variation at node 18 is shown in Figure 8. Before optimization,
the voltage severely drops below 0.95 p.u. during peak load periods, posing a low-voltage
safety hazard. After optimization, the voltage remains stable in the range of [0.96, 1.00]
p-u. throughout the entire 24 h period, maintaining qualified levels even during peak load
periods.

Case 2: To further validate the generality of the proposed method, the same strategy
is then applied to a more complex 51-bus system with dual-voltage levels.

Due to the high line impedance in the 400 V low-voltage network, voltage drops are
more significant and voltage deviations are larger than those in the 11 kV network. There-
fore, the voltage regulation focus of this case study is placed on the low-voltage side
(Buses 34-51).

Before optimization, as exhibited in Figure 11, the voltage distribution on the 400 V
side exhibits significant dispersion. The voltage ranges from 0.896 p.u. to 1.147 p.u., with
Bus 45 experiencing severe undervoltage and Bus 50 experiencing significant overvoltage,
indicating clear voltage violation risks at both ends.

400V side voltage distribution (nodes 34-51)

Voltage /p.u.

5 T~ e
1 0\\\ < 55

15 b — 45
o < 40
2 e 35 0.9
Time/h 2% 3 Node

Figure 11. Voltage profile of the 400 V low-voltage side before optimization.
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After applying the proposed hierarchical partitioned voltage regulation strategy, as
given in Figure 12, all node voltages are strictly controlled within the safe range of [0.95,
1.05] p.u. The voltage distribution becomes significantly more concentrated and uniform.

400V side voltage distribution after optimization

Voltage /p.u.
1
\

0.95

0.9 ~

0.85 =l
]

20 \/ 3;/ )

Figure 12. Voltage profile of the 400 V low-voltage side after optimization.

To further illustrate the voltage improvement at the device level, two representative
buses on the 400 V side are selected for detailed analysis: Bus 45, which experiences the
lowest voltage of 0.896 p.u., and Bus 50, which experiences the highest voltage of 1.147
p-u. As shown in Figure 13, before optimization, the voltage at Bus 45 remains continu-
ously below 0.95 p.u. during 12:00-18:00, with the lowest value reaching approximately
0.896 p.u., indicating a clear low-voltage risk.

1.05 T T

Voltage /p.u.
o
O
b

0.9 —&— before
—— after
--=--1.0pu
- - --095pu.
———-1.05pu.

0.85 L L L
1 3 5 7 9 11 13 15 17 19 21 23

Time/h

Figure 13. Voltage comparison at Bus 45 before and after optimization.

Similarly, as shown in Figure 14, the voltage at Bus 50 exceeds 1.05 p.u. during the
peak DG output period, around 10:00-16:00, with a maximum of 1.147 p.u., indicating a
significant overvoltage risk. After applying the proposed optimization strategy, the min-
imum voltage at Bus 45 is raised above 0.94 p.u., and the maximum voltage at Bus 50 is
suppressed below 1.05 p.u. Both undervoltage and overvoltage violations are effectively
eliminated, demonstrating the dual effectiveness of the proposed method in undervoltage
support and overvoltage suppression on the 400 V low-voltage side.

The results demonstrate that the proposed method achieves consistent performance
improvements on the larger 51-bus system. Importantly, all voltage violations on the 400
V side are eliminated, validating the scalability and effectiveness of the proposed method
for distribution networks with multiple voltage levels.
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Figure 14. Voltage comparison at Bus 50 before and after optimization.

5. Conclusions

To address the issues of intensified voltage fluctuations and increased operational
uncertainty in distribution networks caused by high-proportion DG integration, this pa-
per proposes a voltage optimization method that integrates adaptive partitioning with
hierarchical coordination. The main contributions include: (1) a sensitivity-based cluster-
ing partitioning method that automatically determines the optimal number of partitions
without manual intervention; (2) a dual-layer coordinated regulation architecture com-
bining upper-level scenario-based worst-case dispatch with lower-level improved droop
control based on the voltage-squared relationship. The proposed voltage control frame-
work can be readily extended to incorporate active/reactive power coordination to cover
high R/X ratio distribution networks. Simulation results on the modified IEEE 33-bus and
regional 51-bus systems demonstrate the effectiveness of the proposed method.
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Appendix A. Scenario-Based Worst-Case Dispatch Modeling Details

Seven typical scenarios are constructed to represent the main uncertainty realizations
of PV generation and load demand, as shown in Table Al. The PV output scaling factor
Epvranges from 0.2 (extreme overcast) to 1.6 (extreme sunny), while the load scaling factor
&r ranges from 1.0 to 1.6. It should be noted that PV capacity and cost are treated as static
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parameters in this approach, with uncertainty considered only through short-term
weather-driven output variations.

Table A1. Typical uncertainty scenarios.

Scenario Description Erv &L Probability
Si Normal 1.0 1.0 0.5
S2 Cloudy 0.4 1.0 0.15
Ss Extreme overcast 0.2 1.0 0.05
Sa Sunny 13 1.0 0.10
Ss Extreme sunny 1.6 1.0 0.05
Se High load 1.0 13 0.10
Sy Extreme high load 1.0 1.6 0.05

The PV output and load demand for each scenario s are defined as

By ()= Emv.s- By 1)

P()=&us B (0)

where PrvO(t) and PLO(t) are the forecasted PV output and load demand at time ¢, respec-
tively. s € S={1, ...,7} indexes the seven discrete scenarios defined in Table A1l. The worst-
case dispatch is formulated as a min-max optimization problem over this discrete scenario
set S:

min max J(x,s)
X seS

where x represents the decision variables. S is the set of seven uncertainty scenarios de-
fined in Table A2. J(x,s) is the objective function value under scenarios. The maximization
operator selects the worst-case scenario from the finite set S, which is then minimized by
the optimization.

To address the potential over-conservativeness of the worst-case dispatch, an uncer-
tainty budget parameter I' € [0, 1] can be introduced to adjust the conservativeness level.
When I'=1, the optimization considers the full worst-case scenario (pv=0.2, L =1.6 at all
hours), yielding the most conservative but also the most robust solution. When I" = 0, the
optimization only considers the nominal scenario (S1), yielding the least conservative so-
lution. Intermediate values of I represent a trade-off between robustness and economy.
The worst-case scenario under a given budget I' can be defined as

&y (6)=02+(1.0-02)-(1-7)

E()=1.0+(1.6-1.0)-7

When T =1, this reduces to &pv = 0.2 and &= 1.6 (the full worst case). When T =0, this
reduces to &pv = 1.0 and &L = 1.0 (the nominal case). In this study, I' = 1 is adopted as the
default setting to ensure system security under the most severe conditions, while ac-
knowledging that I' can be tuned by operators according to their risk preference.

Appendix B. Sensitivity Analysis of Weight Coefficients

The objective function in Equation (16) combines three terms with different physical
units and orders of magnitude. To evaluate the impact of the weight coefficients on the
optimization results, a sensitivity analysis was conducted by varying w2 from 0.1 to 0.7
while keeping ws =0.2 and w1 =1 — w2 — ws. Table A2 presents the results.
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Table A2. Sensitivity analysis of weight coefficients.

w2 w3 Economic Term Fitness

0.7
0.6
0.5
0.4
0.3
0.2
0.1

0.1 0.2 1.6792 1.6879
0.2 0.2 1.4392 1.4480
0.3 0.2 1.1994 1.2082
0.4 0.2 0.9595 0.9683
0.5 0.2 0.7196 0.7284
0.6 0.2 0.4798 0.4885
0.7 0.2 0.2399 0.2486

As w2 increases (giving more importance to voltage quality), the total fitness de-
creases, indicating that the proposed method achieves good voltage quality even with
moderate weight settings. The selected weights (w1 = 0.4, w2= 0.4, w3 =0.2) provide a rea-
sonable trade-off between economic efficiency and voltage quality.

Appendix C. Adaptive Particle Swarm Optimization (APSO)
Implementation Details

The parameters of the APSO algorithm used in this study are summarized in Table
A3.

Table A3. Algorithm parameter settings.

Parameter Value Description
npop 100 Population size
maxlter 100 Maximum number of iterations
nVar 120 Number of decision variables
Wmax 0.9 Maximum inertia weight
Wmin 0.4 Minimum inertia weight

The improvement rate is calculated as

.][t(’r -2 .][t(’r

iter — 2

x100%

where Jier is the global best fitness value at iteration iter. This criterion ensures that the
algorithm stops when further iterations are unlikely to produce significant improvements,
thereby balancing solution quality and computational efficiency.

Appendix D. Performance Comparison

The comparison is performed on the modified IEEE 33-bus system under the same
scenario-based worst-case dispatch framework. Table A4 summarizes the results.

Table A4. Performance comparison between the proposed method and centralized optimization

without partitioning.

Index

Centralized Without Partitioning Proposed Method Improvement

Maximum voltage deviation (p.u.) 0.0466 0.0399 14.50%
Average voltage deviation (p.u.) 0.0199 0.0191 3.71%
Network loss (MW) 1.3507 1.2654 6.31%

As shown in Table A4, the proposed method outperforms the centralized approach
in all key performance indicators. Specifically, the proposed method reduces network
losses by 6.31% and improves the maximum voltage deviation by 14.50%.
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