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Abstract

High penetrations of distributed energy resources make active distribution networks
strongly time-varying, nonlinear, and spatially coupled, which limits the online applica-
bility of centralized voltage/reactive-power optimization. This paper proposes a data–
physics fusion dynamic partitioning method for fast power coordination. A physics-based
rolling partition baseline is first developed by integrating node operating behavior, volt-
age/reactive sensitivity, electrical distance, and feeder topology, providing an interpretable
and efficient partitioning scheme for normal operating conditions. For high-volatility
and strongly coupled scenarios, a heterogeneous dynamic graph and a heterogeneous
spatio-temporal graph attention network are introduced to learn control-oriented latent
node embeddings. Physical regularization, boundary-coupling penalties, and temporal
smoothing constraints are further embedded into soft clustering to reduce cross-partition
coupling and partition fluctuation. Tests on the IEEE 33-bus, IEEE 123-bus, and practical
Feeder Z systems show that the dynamic partition closely approximates global OPF re-
sults, achieving normalized costs of 1.00017 and 1.00099 on the two IEEE systems with
74.3% and 83.2% time reductions. It further reduces the Feeder Z fixed-partition cost
gap by 88.0%, while HST-GAT lowers boundary P/Q exchanges by 1.55%/6.57% under
volatile conditions.

Keywords: active distribution network; dynamic partitioning; data–physics fusion; HST-
GAT; power coordination; VVC-OPF

1. Introduction
With the large-scale integration of distributed photovoltaics, wind generation, energy

storage, and flexible loads, distribution networks are evolving from passive one-way supply
systems into active distribution networks (ADNs) with deeply coupled source–network–
load–storage interactions [1–4], with recent studies further highlighting the economic and
operational challenges of high-penetration renewable distribution networks [5]. Compared
with traditional distribution networks, ADNs are more strongly affected by renewable out-
put fluctuations, stochastic load changes, and network reconfiguration [6]. Node voltages,
power-flow distributions, and local voltage-control requirements therefore show significant
time variation, nonlinearity, and spatial coupling [7–9]. Under these conditions, using a
detailed global model directly for online analysis and coordinated control often leads to
high computational dimension, insufficient real-time performance, and difficult model
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maintenance [10]. Therefore, constructing control partitions that can evolve with operating
conditions has become a fundamental problem in online optimization and hierarchical
control of ADNs.

This work does not aim at improving clustering accuracy in a generic machine-learning
sense. Instead, it investigates what kind of dynamic partition best supports partition-level
voltage/reactive-power coordination and voltage-constrained Volt/Var-control OPF (VVC-
OPF) solving, where VVC-OPF is based on linearized voltage/reactive sensitivity relations,
reactive-power regulation limits, and voltage-deviation/violation penalties. From the view-
point of control decomposition, a useful partition should satisfy three requirements. First,
nodes within the same region should exhibit strong voltage/reactive coupling consistency
so that the partition carries clear physical meaning. Second, the partition should evolve
smoothly over time so that frequent boundary changes do not disrupt hierarchical dispatch.
Third, inter-region coupling should be weak, and controllable resources should be adequate
within each region so that the partitioned optimization can approximate the centralized
solution with bounded coordination error.

Existing control-oriented partitioning and graph-partitioning studies provide impor-
tant foundations, but they do not fully satisfy the above requirements. Electrical distance,
voltage/reactive-power sensitivity, modularity-based, and spectral-clustering methods are
widely used to identify electrically coherent regions for voltage control and hierarchical dis-
patch [11–16]. For example, reference [11] constructs network partitions according to com-
putational complexity, power balance, and electrical distance for distributed reactive-power
optimization; reference [12] develops a combined central-local voltage-control strategy with
DRO-based tuning of DG local control curves; reference [13] proposes a cluster-optimized
regulation method considering heterogeneous DPV control modes; and reference [14]
extracts representative PV scenarios through graph clustering with shared weights and
adaptive fusion. These studies are physically meaningful and useful for voltage regulation,
renewable uncertainty modeling, or distributed optimization. However, most of them
are derived from fixed or representative operating points, or are designed for scenario
reduction and device-level regulation. Therefore, their partition definitions may become
suboptimal when PV output, load distribution, and local topology vary rapidly.

Graph-cut and controlled-islanding methods use related graph-partitioning tools
but pursue a different objective. They determine separation boundaries using genera-
tor coherency, real-time WAMS criteria, clustering algorithms, and minimum electrical
distance under severe disturbances [17,18]. These methods provide useful insights into
electrical-distance metrics and post-split feasibility checking. However, their main purpose
is emergency islanding and frequency/transient-stability preservation, rather than con-
structing daily control regions for fast voltage/reactive-power coordination under normal
and high-volatility ADN operating conditions.

Hierarchical and multi-time-scale voltage/var control methods further demonstrate
the value of regional decomposition. Decentralized voltage management methods use
network sensitivity matrices and regional control centers [19]; hybrid time-scale methods
incorporate PV uncertainty into partition design [20]; and hierarchical multi-stage schemes
coordinate large-scale EV charging with volt/var control [21]. These studies show that
partition-based VVC can reduce computational burden and improve regulation efficiency.
Nevertheless, many of them rely on predefined or slowly updated regions, or focus on a
specific resource class. They do not fully learn dynamic partitions from operating behavior,
mechanism-response, and topology features in a unified framework.

Data-driven clustering and graph-learning methods offer stronger representation capa-
bility for complex power-system data. Data-driven clustering and aggregation methods can
capture device, load, or scenario similarity in distribution networks [22–25], but without
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physical constraints the resulting clusters may be statistically similar while electrically
unreasonable. Graph-learning-based methods can further exploit non-Euclidean topology
information. For instance, reference [26] proposes a GAT-SAC-based fault-restoration
method for ADNs, showing that graph attention can improve topology perception and
generalization under network changes. Reference [27] studies dynamic network parti-
tioning for large-scale microgrid clusters and confirms that adaptive region updating is
important when operating modes vary over time. Reference [28] reviews GNN applications
in power systems, including fault diagnosis, time-series prediction, power-flow calculation,
and data generation. Reference [29] introduces a GAT-based multi-agent reinforcement
learning method with a physical-assisted mechanism for voltage regulation under topol-
ogy variations. Reference [30] embeds topology, electrical characteristics, source-load
distribution, and reactive-voltage sensitivity into a graph-attention-based multi-agent RL
framework for VVC. These studies improve topology perception, state representation,
adaptive region updating, and policy learning. However, their main focus remains restora-
tion, switching optimization, state perception, microgrid-level region management, or
control-policy generation, rather than interpretable dynamic control-region construction
linked with physical correction and partition-level VVC-OPF validation. Table 1 provides a
structured comparison.

Table 1. Comparison between the proposed method and existing partitioning-related methods
for ADNs.

Method Category Representative
Studies Main Principle Main Limitation for Fast

Coordinated Control
Difference of This
Work

Electrical-
distance/sensitivity-
based clustering

[11–14]

Uses electrical
distance, voltage
sensitivity, or
electrical modularity
to form electrically
coherent regions

Usually based on fixed or
representative operating
points; limited
adaptability to
renewable-driven
temporal variation

Uses rolling operating
features, V–Q
sensitivity, electrical
distance, and topology
jointly

Spectral-clustering-
based partitioning [16]

Builds graph
similarity matrix and
extracts partition
labels through
spectral embedding
and clustering

Often optimizes graph
similarity,
edge-computing, or
communication objectives
rather than OPF
decomposition quality

Adds physical
correction, temporal
smoothing,
controllable-resource
checking, and OPF
validation

Source–load–
storage cluster
scheduling

[15]

Divides clusters
according to electrical
modularity and
active-power balance,
then optimizes
cluster scheduling

Emphasizes economic
scheduling and power
balance; partition update
and OPF decomposition
error are not the core
focus

Constructs
control-oriented
partitions and evaluates
them through
partition-level OPF

Graph-
cut/controlled
islanding

[17,18]

Determines boundary
cuts according to
coherency, electrical
distance, WAMS
criteria, or stability
constraints

Mainly designed for
emergency islanding and
transient/frequency
stability, not routine ADN
voltage/reactive-power
coordination

Focuses on dynamic
control regions for
normal and
high-volatility
operating scenarios

Hierarchical/multi-
time-scale VVC [19–21]

Uses regional control
centers, time-scale
decomposition, and
local voltage/var
control

Often relies on predefined
or slowly updated regions
and specific resource
models

Learns dynamic
partitions from
operating,
mechanism-response,
and topology features
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Table 1. Cont.

Method Category Representative
Studies Main Principle Main Limitation for Fast

Coordinated Control
Difference of This
Work

GNN/GAT-based
ADN methods [26–30]

Uses graph learning
to enhance topology
perception and
decision-making

Mainly used for
restoration, state
perception, or
control-policy learning

Uses HST-GAT as a
high-volatility
enhancement for
dynamic partitioning
with physical
constraints

Proposed method This work

Data–physics fusion
rolling dynamic
partitioning with
HST-GAT
enhancement

Additional parameter and
implementation
complexity

Closes the loop among
feature fusion, dynamic
clustering, physical
correction, resource
adequacy, temporal
smoothness, and OPF
validation

The remaining research gap is threefold. First, existing electrical-distance, sensitivity-
based, modularity-based, and spectral-clustering methods provide useful physical or
graph-theoretic partitioning criteria, but they are often derived from fixed or represen-
tative operating points and may not remain suitable when renewable generation, load
demand, and local topology vary rapidly. Second, graph-cut and controlled-islanding
methods provide effective tools for emergency network separation, but their objectives
are mainly frequency stability, transient stability, and post-islanding feasibility, rather than
routine partition-level voltage/reactive-power coordination in ADNs. Third, hierarchical
voltage/var control and graph-learning-based methods have improved regional control
and topology perception, but many studies still rely on predefined regions or focus on
control-policy learning, state perception, or restoration decisions. Therefore, existing stud-
ies have not sufficiently closed the loop among dynamic clustering, physical correction,
controllable-resource adequacy, temporal smoothness, and OPF-based validation. In other
words, it is insufficient to show that nodes can be clustered; the resulting partition must
demonstrably reduce control-relevant boundary coupling and support fast and accurate
coordinated voltage/reactive-power control.

To address these limitations, this study proposes a data–physics fusion-driven dynamic
partitioning method for ADNs. Unlike generic clustering methods that mainly pursue
topological compactness, electrical similarity, communication efficiency, or latent-space
representation accuracy, the proposed method is designed to construct control-oriented
dynamic partitions for fast partition-level voltage/reactive-power coordination. Here,
dynamic clustering refers to the algorithmic process of latent representation learning and
time-varying assignment updating, whereas dynamic partitioning refers to the engineering
partition used for ADN operation. The two are connected through physical correction and
partition-level OPF validation. The main contributions are as follows.

1. A control-oriented multi-source feature system is constructed by jointly organiz-
ing operating behavior, mechanism response, and network structure. Compared
with conventional electrical-distance clustering, sensitivity-based clustering, spectral
clustering, and modularity-based partitioning, the proposed physics-based rolling par-
tition baseline simultaneously considers intra-region electrical consistency, boundary
coupling strength, controllable-resource adequacy, and temporal partition smooth-
ness. Therefore, it produces interpretable dynamic control regions rather than static
similarity clusters.
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2. An HST-GAT enhancement module is developed for high-volatility and strongly cou-
pled scenarios. Different from existing GNN/GAT-based ADN methods that mainly
focus on fault restoration, topology perception, surrogate modeling, or control-policy
learning, the proposed module learns control-oriented latent node embeddings for
dynamic partitioning. It constructs relation-specific subgraphs from topology, volt-
age/reactive sensitivity, and electrical distance, and integrates physical consistency,
boundary decoupling, controllable-resource adequacy, and temporal smoothing into
the clustering loss so that the learned partitions remain electrically interpretable
and implementable.

3. A partition-level voltage/reactive-power coordination and OPF validation frame-
work is established on three systems of increasing complexity: a modified IEEE
33-bus system, the IEEE 123-bus system, and a practical Feeder Z system with non-
consecutive node numbering and switch status records. Unlike studies that evaluate
partitioning only through clustering compactness, graph metrics, communication effi-
ciency, or scheduling cost, this work evaluates whether the resulting partitions reduce
control-decomposition error, computational burden, boundary coupling, and voltage-
violation risk. The results clarify both the benefit and the applicability boundary of
HST-GAT relative to the physics-based rolling partition baseline.

The rest of this paper is organized as follows. Section 2 formulates the multi-feature
dynamic partitioning framework for ADNs. Section 3 presents the HST-GAT based data–
physics fusion model. Section 4 describes the experimental systems, data sources, and
scenarios. Section 5 reports and discusses the results. Section 6 concludes the paper.

2. Multi-Feature Fusion Dynamic Partitioning Framework for ADNs
Figure 1 summarizes the proposed data–physics fusion dynamic partitioning frame-

work. The workflow starts from three groups of input information: operating behavior,
mechanism response, and network structure. These data are transformed into multi-source
features, including voltage and power fluctuation features, voltage/reactive sensitivity,
electrical distance, and feeder-topology relations. The partitioning engine then applies
either the physics-based rolling partition baseline or the HST-GAT enhanced representa-
tion module. The obtained partitions are further corrected through connectivity repair,
boundary-coupling checking, temporal smoothing, and resource-adequacy checking before
being used for partition-level VVC-OPF validation.

Stage 1
Input & Feature Extraction

Stage 2
Heterogeneous Graph

Construction

Stage 3
Representation Learning

& Clustering
Stage 4

Deployment & Validation

Rolling-window update: t t + 1

System state acquisition

AC power-flow update
Voltage, P/Q profiles
PV-load time series

Physics-based features

V-Q sensitivity SVQ

Electrical distance De

Feeder topology and DG access

Multi-source feature fusion

X(t) = [Vfeat, SVQ
feat, DGfeat, Ttopo]

Z-score normalisation
Fused feature/electrical distances

Relation graph modelling

(t) = {Atopo, Asens, Adist, X(t)}
Topology, V-Q similarity
and electrical coupling

HST-GAT latent encoding

Relation-specific attention
Temporal GRU fusion

Lrec + Lclu + Lphys + Ltemp

Soft-to-hard clustering

Cluster centres c(t)
Node labels zi(t)

Connectivity and boundary repair

Temporal smoothing

Outlier relocation
Boundary coupling suppression

Rolling medoid propagation

Dynamic control partitions

Connected regions (t)
Partition-level reactive coordination

VVC-OPF validation

Figure 1. Data–physics fusion dynamic partitioning framework for fast coordinated control.
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2.1. Multi-Dimensional Feature Matrix Extraction

The proposed partitioning method is built on a multi-source feature system. The
features are not simply stacked. Instead, they are organized according to three roles:
operating behavior, mechanism response, and network structure.

Operating behavior features describe the dynamic response of each node under renew-
able and load fluctuations. For node i in time window t, the voltage series, active-power
injection, and reactive-power injection are denoted as Vi(τ), Pi(τ), and Qi(τ), respectively,
where τ denotes the sampling index within the rolling window. Typical statistical features
include the voltage mean, standard deviation, maximum deviation, ramping rate, and
fluctuation energy:

xop
i (t) =

[
V̄i, σ(Vi), max

τ
|Vi(τ)− 1|, σ(Pi), σ(Qi), rP

i , rQ
i

]
. (1)

In Equation (1), V̄i is the mean voltage magnitude of node i within the rolling window,
σ(Vi) is the voltage standard deviation, maxτ |Vi(τ)− 1| is the maximum voltage deviation
from 1.0 p.u., σ(Pi) and σ(Qi) are the active- and reactive-power fluctuation levels, and rP

i
and rQ

i denote the active- and reactive-power ramping rates, respectively.
For renewable-rich nodes, the output fluctuation index is further calculated as

ϕi(t) =
1

T − 1

T

∑
τ=2

|Pi(τ)− Pi(τ − 1)|, (2)

where T is the length of the rolling window. The sampling interval ∆t is fixed according to
the system measurement resolution (e.g., 15 min sampling). Each feature is constructed
from historical measurements within the window [t − T + 1, t], enabling the model to
capture short-term temporal variations of renewable generation and load demand. The
output fluctuation index ϕi(t) is introduced to capture short-term renewable or DG output
variations, which more directly reflects rapid ramping behavior caused by PV intermittency
or abrupt load changes than mean and variance features alone. Voltage power-quality
related features are also used to characterize voltage fluctuation and violation risk:

ψi(t) =
[
σ(Vi), max

τ
|Vi(τ)− 1|, Nviol

i ,

∑
τ

max(0, Vi(τ)− Vmax) + ∑
τ

max(0, Vmin − Vi(τ))
]
.

(3)

In Equation (3), Nviol
i denotes the number of samples in which the voltage of node

i violates the allowable range, Vmax and Vmin are the upper and lower voltage limits,
respectively, and the last two summation terms represent the cumulative upper- and
lower-voltage violation magnitudes within the rolling window.

Before feature fusion, all heterogeneous features are normalized to eliminate scale
differences among voltage, power, sensitivity, and electrical-distance variables. For each
feature dimension, a standard z-score normalization is applied:

x̃ =
x − µ

σ + ϵ
, (4)

where µ and σ are the mean and standard deviation of the feature over the available samples,
and ϵ is a small constant to avoid numerical instability. This preprocessing ensures that no
single feature group dominates the clustering process due to magnitude differences.
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Mechanism-response features are derived from power-flow equations. Around an
operating point, the linearized relationship between nodal injection variation and voltage
variation can be written as [

∆P
∆Q

]
= J

[
∆θ

∆V

]
, (5)

where J is the Jacobian matrix of the power-flow equations. The voltage/reactive sensitivity
matrix is extracted as

SVQ =
∂V
∂Q

, (6)

and is used to measure the control-relevant coupling between nodes.
The mechanism-response features are derived from the linearized power-flow model

around the current operating point. The Jacobian matrix captures the first-order sensitivity
structure of the network, and the V–Q sensitivity submatrix SVQ quantifies the physical
coupling strength between bus reactive-power injections and voltage magnitudes.

To avoid scale ambiguity between sensitivity and impedance quantities, the electrical
distance is constructed from two independently normalized components. The sensitivity-
based distance between nodes i and j is defined as

dsens
ij (t) =

∥∥∥SVQ
i,: (t)− SVQ

j,: (t)
∥∥∥

2
, (7)

where SVQ
i,: (t) and SVQ

j,: (t) are the i-th and j-th rows of the voltage/reactive sensitivity matrix.
The impedance-based distance is defined from the reduced Thevenin impedance

matrix Zth = Y−1
red, where Yred is the bus admittance matrix with the slack bus removed.

The impedance distance is

dimp
ij =

∣∣∣Zth,ii + Zth,jj − Zth,ij − Zth,ji

∣∣∣, (8)

which for symmetric admittance matrices reduces to
∣∣∣Zth,ii + Zth,jj − 2Zth,ij

∣∣∣. Both distance
components are then normalized before fusion:

d̄sens
ij (t) =

dsens
ij (t)

maxp<q dsens
pq (t) + ϵd

, d̄imp
ij =

dimp
ij

maxp<q dimp
pq + ϵd

, (9)

where ϵd is a small positive constant to avoid division by zero. The final electrical distance
is defined as the convex combination

de
ij(t) = (1 − γz)d̄sens

ij (t) + γzd̄imp
ij , γz ∈ [0, 1]. (10)

The coefficient γz controls the relative contribution of the impedance-based com-
ponent. In this study, γz = 0 is used as the default value because the voltage/reactive
sensitivity distance directly reflects operating-point-dependent control coupling and is
already available from the voltage-control model. The optional impedance term is retained
for completeness. A sensitivity analysis over γz is provided in Section 5.

Network-structure features are extracted from the feeder topology. Let A be the
adjacency matrix and E be the branch set. Topological relation, sensitivity relation, and
electrical-distance relation are jointly used to construct a multi-relation graph:

G(t) =
(
V , E top, E sen(t), Edist(t)

)
. (11)
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where V denotes the node set, E top denotes topology edges, E sen denotes voltage/reactive
sensitivity edges, and Edist denotes electrical-distance edges.

The final feature vector is

xi(t) =
[

xop
i (t), xmech

i (t), xtop
i (t)

]
, (12)

and the feature matrix for all nodes is denoted as

X(t) = [x1(t), x2(t), . . . , xN(t)]
⊤. (13)

For missing or corrupted measurements, linear interpolation is applied when data
gaps are short (no more than a few consecutive samples). For longer missing intervals,
the last available valid observation is retained together with a binary mask indicating
missingness. A median filtering step is applied before feature extraction to reduce high-
frequency measurement noise.

To balance the contribution of heterogeneous feature groups, a group-wise weighting
strategy is introduced. Operating behavior features, mechanism-response features, and
topology-related features are first normalized separately within each group, and then
concatenated using predefined weighting coefficients αop, αmech, and αtop. In the baseline
configuration, equal weights are adopted (αop = αmech = αtop = 1), and a sensitivity
analysis on these weights is conducted in Section 5 to verify robustness against different
weighting choices.

The above multi-source feature system is designed to jointly capture temporal vari-
ability, physical coupling, and network topology, enabling a control-oriented clustering
process rather than purely statistical similarity grouping.

2.2. Dynamic Clustering Problem for Multi-Dimensional Features

Let the dynamic partition at time window t be

Ω(t) = {Ω1(t), Ω2(t), . . . , ΩK(t)}, (14)

where K is the number of regions and Ωc(t) is the node set of region c. The assignment
variable is defined as

zi(t) ∈ {1, 2, . . . , K}. (15)

A desirable control-oriented partition should satisfy compactness in the latent space,
electrical consistency inside regions, weak boundary coupling, topology connectivity,
resource adequacy, and temporal smoothness. Accordingly, the general objective is formu-
lated as

min
{zi(t)}

J(t) = λemb Jemb(t) + λe Jelec(t) + λb Jbound(t) + λt Jtemp(t), (16)

where Jemb is the embedding compactness term, Jelec penalizes large intra-region electrical
distance, Jbound penalizes cross-region coupling, and Jtemp suppresses unnecessary label
changes. The partition granularity is controlled by the prescribed number of partitions K
and the connectivity correction step, rather than by an additional independently tuned
penalty coefficient.

The electrical consistency term is

Jelec(t) =
K

∑
c=1

1
|Ωc(t)|2 ∑

i,j∈Ωc(t)
de

ij(t). (17)
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where K is the number of partitions, |Ωc(t)| is the number of nodes in partition c, and de
ij(t)

is the electrical distance defined in Section 2.1.
The boundary coupling term is

Jbound(t) = ∑
(i,j)∈E

I
[
zi(t) ̸= zj(t)

](
ωs|SVQ

ij (t)|+ ωp|Pij(t)|+ ωq|Qij(t)|
)

, (18)

where ωs, ωp, and ωq are weighting coefficients that balance the contributions of sensitivity-
based coupling, active-power flow, and reactive-power flow to the boundary penalty,
respectively.

Temporal smoothness is written as

Jtemp(t) =
N

∑
i=1

ρi(t)I[zi(t) ̸= zi(t − 1)], (19)

where ρi(t) is a state-dependent switching penalty. It is large when the local operating state
changes only slightly, and small when a real operating transition justifies repartitioning.

In summary, the dynamic clustering problem is cast as a multi-term constrained opti-
mization that simultaneously accounts for latent-space compactness, intra-region electrical
consistency, boundary coupling strength, and temporal partition smoothness. Unlike
generic clustering that treats all features equally, this formulation explicitly encodes the
control-oriented requirements identified earlier: the electrical and boundary terms ensure
that the resulting partition carries clear physical meaning for reactive-power coordination,
the temporal term suppresses unnecessary label fluctuation across rolling windows, and
the partition granularity is enforced through the prescribed cluster number K together
with the connectivity correction. The penalty coefficients λemb, λe, λb, λt together with the
state-dependent switching weight ρi(t) provide tunable knobs that allow the partition to
adapt to different operating regimes. The numerical values and tuning of all parameters
are described in Section 4, and a sensitivity analysis is provided in Section 5.

2.3. Partition-Driven Reactive-Power Coordination Architecture

The dynamic partition is used to support partition-level reactive-power coordination.
After partitioning, each region is treated as a control unit. Let ∆qi be the reactive-power
adjustment of controllable resource i. A partition-level control problem can be written as

min
∆q

∑
i∈C

ci(∆qi)
2 + ηv ∑

i∈V
(Vi − 1)2 + ηb Jbound, (20)

subject to
Vmin ≤ Vi ≤ Vmax, ∀i, (21)

q
i
≤ ∆qi ≤ qi, ∀i ∈ C, (22)

∆V = SVQ∆Q. (23)

Here, C is the set of controllable resources. The global VVC-OPF solves the full system
directly. The fixed-partition VVC-OPF uses unchanged regions across all time windows.
The dynamic-partition VVC-OPF updates regions according to the current operating state.
The purpose of clustering is therefore not merely to group similar nodes but to construct
regions that reduce control-relevant coupling and improve the economy–efficiency tradeoff
of partitioned optimization.

To ensure that the obtained partitions can serve as control-feasible units, a resource-
adequacy check is introduced after dynamic clustering and physical correction. For each
controllable resource r ∈ C, let br denote its connected bus, and Qmin

r , Qmax
r , and Qr(t)
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denote its lower limit, upper limit, and current reactive-power operating point, respectively.
The controllable-resource set in partition c is defined as

Cc(t) = {r ∈ C | br ∈ Ωc(t)}. (24)

The available upward and downward reactive-power regulation capacities are

Q+,ava
c (t) = ∑

r∈Cc(t)
(Qmax

r − Qr(t)), Q−,ava
c (t) = ∑

r∈Cc(t)

(
Qr(t)− Qmin

r

)
. (25)

A partition with |Cc(t)| = 0 is identified as a resource-insufficient electrical partition
and is not used as an independent VVC-OPF control region. For such partitions, a control-
region mapping is applied before VVC-OPF validation. Let R(t) = {c | |Cc(t)| > 0} be the
set of resource-containing partitions and Z(t) = {c | |Cc(t)| = 0} be the set of zero-resource
partitions. For each c ∈ Z(t), the supporting control region is selected as

π(c) = arg min
m∈R(t)

d̄e
c,m(t), (26)

where d̄e
c,m(t) is the average electrical distance across the boundary between partition c and

resource-containing partition m. The control-feasible region is then formed as

Ω̃m(t) = Ωm(t) ∪

 ⋃
c∈Z(t),π(c)=m

Ωc(t)

. (27)

Therefore, zero-resource partitions are treated as boundary-supported electrical sub-
regions rather than independent control regions. Their voltage constraints and boundary
exchanges are still included in the partition-level VVC-OPF, but the required reactive-power
regulation is provided by the nearest electrically coupled resource-containing region.

3. Data–Physics Fusion Dynamic Clustering Model Based on
Heterogeneous Spatio-Temporal Graph Attention

Figure 2 illustrates the workflow of the HST-GAT enhanced dynamic partitioning
module. For each rolling window, normalized node features and relation-specific graph
structures are first constructed from topology, voltage/reactive sensitivity, and electrical-
distance information. Relation-specific graph attention layers then extract node embeddings
under each relation. These embeddings are fused through learnable relation weights and
updated by a GRU across rolling windows. The resulting latent embeddings are used for
soft assignment and k-medoids clustering. Finally, physical correction is applied to enforce
connectivity, reduce boundary coupling, and improve control implementability.

3.1. Heterogeneous Dynamic Graph Construction

At time window t, each node in the graph corresponds to a physical bus of the
ADN, carrying the feature vector xi(t) defined in Section 2.1. To capture the multi-faceted
coupling among buses, three relations are introduced to construct a heterogeneous dynamic
graph [31]:

1. Topology edges, which inherit the physical branch connectivity of the feeder and
preserve the fundamental structure of power delivery paths;

2. Sensitivity edges, which link node pairs whose voltage/reactive coupling exceeds a
threshold, thereby encoding the control-relevant interaction strength;

3. Electrical-distance edges, which connect nodes that are close in the electrical-distance
space defined by (6), promoting compactness in the partition.
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Figure 2. Algorithm flow of the HST-GAT enhanced dynamic partitioning method.

For relation type r, the adjacency matrix is denoted as A(r)(t). The heterogeneous
graph is

G(t) =
(
V , {E (r)(t)}R

r=1, X(t)
)

. (28)

The use of heterogeneous relations is motivated by the fact that topology, sensitivity,
and electrical proximity describe different but related aspects of coupling. Topology
preserves physical connectivity, sensitivity reflects control response, and electrical distance
supports compact and connected partitions. However, these relations may also contain
redundant information. Therefore, the paper treats heterogeneous graph learning as a
scenario-dependent enhancement rather than an unconditional replacement of the physics-
based baseline.

3.2. Heterogeneous Spatio-Temporal Graph Attention Encoder

For relation r, the attention coefficient between nodes i and j is

α
(r)
ij (t) =

exp
(
LeakyReLU

(
a⊤r [Wrhi(t)∥Wrhj(t)]

))
∑k∈N (r)

i
exp

(
LeakyReLU

(
a⊤r [Wrhi(t)∥Wrhk(t)]

)) . (29)

The relation-specific embedding is then

h̃(r)i (t) = σ

 ∑
j∈N (r)

i

α
(r)
ij (t)Wrhj(t)

. (30)
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Relation fusion is carried out by

hg
i (t) =

R

∑
r=1

ωr(t)h̃
(r)
i (t), (31)

where ωr(t) is the relation weight. A gated recurrent unit (GRU) cell is used to transfer
hidden states across rolling windows. It updates the current hidden state using the fused
graph-attention representation and the hidden state from the previous window, thereby
helping the HST-GAT module capture temporal evolution in operating conditions while
maintaining compact model complexity.

hs
i (t) = GRU

(
hg

i (t), hs
i (t − 1)

)
. (32)

The final latent node representation is

ei(t) = Wohs
i (t). (33)

3.3. Latent-Space Clustering and Physical Correction

Soft assignment is obtained from latent-space distance:

pic(t) =
exp(−∥ei(t)− µc(t)∥2

2/τc)

∑K
k=1 exp(−∥ei(t)− µk(t)∥2

2/τc)
, (34)

where µc(t) is the cluster center and τc is the temperature coefficient. The initial hard
label is

ẑi(t) = arg max
c

pic(t). (35)

The initial label may still violate engineering requirements. Therefore, physical cor-
rection is applied after latent clustering. The correction includes connectivity repair, high
electrical-distance outlier relocation, boundary-coupling reduction, and temporal rollback
when label changes are not justified by operating-state changes. The corrected label is

zi(t) = arg min
c

[
demb

ic (t) + αede
ic(t) + αbbic(t) + αtI(c ̸= zi(t − 1))

]
. (36)

This stage is the key link between data-driven representation learning and physical
implementability. It ensures that the learned partition remains connected, electrically
reasonable, and sufficiently stable for partition-level control.

3.4. Loss Function and Training Strategy

The training objective combines representation learning, clustering compactness, phys-
ical consistency, boundary decoupling, and temporal smoothness [32]:

L(t) = Lrec(t) + λcLclu(t) + λpLphys(t) + λbLbound(t) + λtLtemp(t). (37)

The reconstruction term is

Lrec(t) = ∥X̂(t)− X(t)∥2
F. (38)

The clustering compactness term is

Lclu(t) =
N

∑
i=1

K

∑
c=1

pic(t)∥ei(t)− µc(t)∥2
2. (39)
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The physical consistency term is

Lphys(t) =
K

∑
c=1

∑
i,j∈Ωc(t)

pic(t)pjc(t)de
ij(t). (40)

The boundary penalty is

Lbound(t) = ∑
(i,j)∈E

∑
c ̸=c′

pic(t)pjc′(t)
(
|Pij(t)|+ |Qij(t)|+ κ|SVQ

ij (t)|
)

. (41)

The temporal term is

Ltemp(t) =
N

∑
i=1

∥pi(t)− pi(t − 1)∥2
2. (42)

The HST-GAT training loss weights, k-medoids distance weights, and related cluster-
ing parameters are reported in Section 4.

During online operation, the physics-based baseline can be used directly under normal
scenarios, whereas HST-GAT is invoked under high-volatility and high-coupling conditions.

3.5. Dynamic Updating Mechanism

The implemented method adopts a periodic rolling update with temporal smoothing,
rather than a purely event-triggered repartitioning strategy. The partition is updated
once for each rolling window, and unnecessary label oscillations are suppressed by the
smoothing term Jtemp in the assignment cost. Since the fused distance is normalized to
[0, 1] through the preprocessing described in Section 2.1, the smoothing weight can be
interpreted as an effective update threshold. The dynamic updating parameters and a
comparison with event-triggered updating are reported in Section 4.

4. Case Studies and Simulation Setup
All experiments are implemented in Python (PyTorch-based implementation for HST-

GAT components) and Python with Gurobi-based OPF solver. All experiments are con-
ducted on a single machine with Intel Core i5-14600K CPU, without GPU acceleration
or parallel computing. All runtime results are reported as mean values over multiple
independent runs and rolling windows. Each configuration is executed repeatedly under
identical solver settings, and the reported variance reflects run-to-run numerical fluctuation
of the OPF solver and clustering initialization. Although absolute runtimes for small sys-
tems are in the millisecond range, repeated execution is necessary due to solver numerical
variability; therefore all timing results are statistically averaged to ensure fair comparison.

4.1. Test Systems and Data Description

Three test systems are used: a modified IEEE 33-bus system, an IEEE 123-bus system,
and a practical feeder system (Feeder Z). The IEEE 33-bus system is used to test the effect of
dynamic partitioning on a medium-scale network. The IEEE 123-bus system is used to test
a larger network and the high-volatility HST-GAT enhancement. The Feeder Z topology
is used to verify the adaptability of the proposed workflow to practical feeder data, non-
consecutive node indices, distributed generation access, and switch status records.

The load and solar profiles used in this study are actual measured data collected
from the practical distribution network. The load dataset contains measurements from
123 buses over 35,040 time steps at 15 min resolution. The solar dataset contains six
measured PV-site irradiance profiles over the same time horizon. These profiles include
clear-sky, partly cloudy, and intermittent cloud-passage conditions, thereby reflecting
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realistic daily, seasonal, and site-dependent renewable variability rather than manually
smoothed synthetic profiles.

Table 2 summarizes the tested systems, including their network scale, controllable-
resource configuration, and validation purpose.

Table 2. Test systems and data sources used in the experiments.

System Nodes Branches Controllable Resources Main Role

IEEE 33 33 32 8 Small-scale normal-scenario validation
IEEE 123 123 122 14 Medium-scale and high-volatility validation
Feeder Z 102 101 5 Practical topology-format adaptability validation

4.2. Scenario Definition

Four daily scenarios, illustrated in Figure 3, are designed for evaluation. S1 and S2
represent normal operating conditions and are used to compare global VVC-OPF, fixed-
partition VVC-OPF, and dynamic-partition VVC-OPF. S3 and S4 represent high-volatility
conditions, including PV intermittency and sharp load ramping, and are used to assess
whether learned representations bring additional benefits over the physics-based dynamic
partition baseline.
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S3: PV intermittency
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Figure 3. Representative 24 h load, PV output, and net-load profiles for the four test scenarios.

The compared methods are summarized in Table 3.

Table 3. Overview of compared methods.

Method Description

Global VVC-OPF Solves the whole network directly
Fixed-partition VVC-OPF Solves partitioned problems using unchanged regions
Physics-based VVC-OPF Rolling dynamic-partition VVC-OPF based on physical heuristics
MLP-based partition Dynamic partition based on a Multi-Layer Perceptron model
Single-relation GAT Dynamic partition based on single-relation Graph Attention Networks
HST-GAT Dynamic partition based on the proposed Heterogeneous Spatio-temporal GAT
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4.3. Parameter Settings

The main parameters used in the dynamic clustering objective and physical correc-
tion are summarized in Table 4. The same penalty-weight configuration is used for all
test systems. Only K is changed according to network scale and the expected partition
granularity. Specifically, K = 3, K = 6, and K = 4 are used for the modified IEEE 33-
bus system, IEEE 123-bus system, and Feeder Z system, respectively. The loss weights
λemb = 0.30, λe = 0.429, λb = 0.231, and λt = 0.14, as well as the smooth weight and
connectivity quantile, are kept unchanged across all systems. These values are calibrated
on the IEEE 123-bus system and then directly transferred to the other test systems without
case-specific retuning.

Table 4. Main parameters used in the dynamic clustering objective and physical correction.

Test System K λemb λe λb λt Smooth Weight Conn. Quantile

Modified IEEE 33-bus 3 0.30 0.429 0.231 0.14 0.10 0.80
IEEE 123-bus 6 0.30 0.429 0.231 0.14 0.10 0.80
Feeder Z, 102-node 4 0.30 0.429 0.231 0.14 0.10 0.80

The parameters are determined through a staged procedure. First, the number of
partitions K is selected according to system scale and then checked through a compactness–
coupling trade-off. Second, the loss weights are calibrated on the IEEE 123-bus system, which
is used as the main validation feeder due to its larger scale and stronger operating diversity.
The same loss-weight configuration is then directly transferred to the modified IEEE 33-bus
and Feeder Z systems. The physical loss is assigned the dominant role, with λe + λb = 0.660,
where 65% is assigned to intra-region electrical consistency and 35% to boundary coupling,
yielding λe = 0.429 and λb = 0.231. Third, the temporal smoothness weight λt is selected as
the smallest value that removes spurious label oscillations without suppressing necessary
operating-state-driven partition updates. Finally, the connectivity quantile is selected to
correct only the nodes with relatively large electrical distance to their assigned medoids,
thereby enforcing physical connectivity while avoiding excessive reassignment.

The HST-GAT training objective is defined as L = Lrec + 0.30Lclu + 0.429Lelec +

0.231Lbound + 0.14Ltemp. The soft-assignment temperature is set to 0.8. After HST-GAT
training, the final k-medoids distance is computed as dhybrid = 0.32demb + 0.38dbase +

0.04dtemp + 0.26delec. The k-medoids smoothing weight for the HST-GAT enhanced par-
tition is 0.135, the connectivity correction quantile is 0.80, and the maximum number of
k-medoids iterations is 20. Since the fused distance is normalized to [0, 1], the smoothing
weight can be interpreted as an effective update threshold:

ηeff = λsmooth max dfused = 0.10. (43)

The dynamic updating parameters are: rolling-window length Tw = 96, maximum
number of rolling windows Wmax = 8, smoothing weight λsmooth = 0.10, and effective
update threshold ηeff = 0.10.

The practical configuration of the HST-GAT module is summarized in Table 5. The
model is trained in an unsupervised full-batch manner for each rolling window. Since no
ground-truth partition labels are used, a conventional supervised training/validation split
is not applicable. The learned embeddings are evaluated through downstream partition-
quality and VVC-OPF metrics.
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Table 5. HST-GAT model configuration and training settings.

Item Setting

Input dimension 28
Hidden dimension 16
Latent embedding dimension 6
GAT structure 1 heterogeneous graph attention layer
Attention heads 1 head per relation, 3 heads in total
Relation types Topology, voltage/reactive sensitivity, electrical distance
Temporal module Single-layer GRU
GRU input/hidden dimension 16/16
Activation function tanh
Optimizer Adam, β1 = 0.9, β2 = 0.999
Learning rate/weight decay 3 × 10−3/1 × 10−4

Batch size Full graph per rolling window
Training epochs 20
Hardware Intel Core i5-14600K CPU
Average training time Approximately 0.09 s per rolling window

The 28-dimensional input vector consists of 7 voltage features, 5 DG features, 10 tempo-
ral features, and 6 sensitivity-statistic features. For each relation, the query, key, and value
projections are implemented as bias-free linear mappings from 16 to 16 dimensions. The
top-K neighbor number is set to 8, the attention scaling factor is 1/

√
16, and non-neighbor

entries in the attention mask are filled with −109. The relation prior weights are 0.20, 0.45,
and 0.35 for topology, sensitivity, and electrical-distance relations, respectively. Relation-
specific embeddings are fused through learnable relation logits followed by softmax, and a
residual term with coefficient 0.20 is added to the fused hidden representation. The decoder
is implemented as Linear 6 → 16, tanh, and Linear 16 → 28.

The value of λsmooth was selected by sweeping it from 0 to 0.30; 0.05 was sufficient to
remove spurious label oscillations, and 0.10 was adopted as a conservative setting. In an
event-triggered comparison, the trigger-based updating can skip approximately 75–100% of
windows in stable scenarios, but because one repartitioning step costs only about 0.06 s in
the tested systems, the absolute time saving is limited. Therefore, periodic rolling updating
is retained as the default implementation.

5. Results and Discussion
5.1. Control Performance Under Normal Operating Scenarios

Table 6 compares the global VVC-OPF, fixed-partition VVC-OPF, and dynamic-
partition VVC-OPF under normal operating scenarios, where the normalized cost reflects
control-decomposition accuracy and the runtime reflects online computational burden.

Table 6. VVC-OPF comparison under normal operating scenarios.

System Method Norm. Cost Time/s (Mean ± Std)

IEEE 33 Global 1.00000 0.4600 ± 0.3992
IEEE 33 Fixed-partition 1.00145 0.03788 ± 2.27 × 10−5

IEEE 33 Dynamic-partition 1.00017 0.05280 ± 1.88 × 10−5

IEEE 123 Global 1.00000 0.24226 ± 0.12813
IEEE 123 Fixed-partition 1.01148 0.05097 ± 9.23 × 10−6

IEEE 123 Dynamic-partition 1.00099 0.06004 ± 4.68 × 10−5

All runtimes are averaged over multiple independent runs and rolling windows
(IEEE 33: 3 windows, IEEE 123: 4 windows). The results show that fixed partitioning has
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the shortest solution time but introduces a larger control-decomposition error. Dynamic
partitioning preserves most of the computational advantage of partitioned optimization
while keeping the objective close to the global solution. In the IEEE 123-bus case, the
normalized cost of dynamic partitioning is 1.000985, much lower than 1.011484 of fixed
partitioning, while the solution time is only about 24.8% of the global VVC-OPF.

Figure 4 confirms that dynamic partitioning lies closer to the global solution in cost
while incurring a much smaller computational burden. This supports the core motivation
of using dynamic partitions as control units.
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Figure 4. Cost-time tradeoff of global, fixed-partition, and dynamic-partition VVC-OPF.

5.2. Performance Enhancement Under High-Volatility and High-Coupling Scenarios

Under high-volatility scenarios, the original dynamic partition achieves a normalized
cost of 1.00699 (feature extraction 0.01535 s, updating 0.01535 s, OPF solving 0.00603 s), while
the HST-GAT enhanced method achieves a normalized cost of 1.00670 (feature extraction
0.01480 s, representation learning 0.00252 s, updating 0.03632 s, OPF solving 0.00755 s).

All runtime results are reported as full wall-clock execution time, including feature
extraction, representation learning, clustering, correction, and OPF solving. The original
method requires 0.080 s in total (0.036 s partitioning and 0.044 s OPF), while the HST-GAT
method requires 0.209 s in total (0.150 s partitioning and 0.059 s OPF). HST-GAT increases
the total computational cost due to additional graph learning overhead but improves
boundary decoupling under high-volatility conditions. Figure 5 shows that HST-GAT
reduces boundary active and reactive exchanges in most high-volatility scenarios.
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Figure 5. Boundary active and reactive exchange (p.u.) comparison under high-volatility scenarios.

Figure 6 compares the label change rates of the two partitions across the four high-
volatility scenarios, providing a direct measure of temporal partition stability. In scenarios
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S1 and S3, both methods exhibit zero label change, indicating that the partition structure
remains fully stable when operating conditions follow relatively predictable patterns. In
scenarios S2 and S4, which feature stronger renewable intermittency and load fluctuations,
the HST-GAT partition shows higher label switching activity, with rates of 15.4% and 5.7%,
respectively. This increased switching reflects the graph-learning model’s responsiveness
to fine-grained spatio-temporal variations that the physics-based baseline does not capture.
Despite this, the label change rates remain contained within acceptable bounds, confirming
that the temporal smoothing penalty embedded in the loss function effectively prevents
excessive partition oscillation while allowing necessary boundary adaptation.
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Figure 6. Label change rate comparison under high-volatility scenarios.

Table 7 provides a scenario-level breakdown of two complementary partition-quality
indicators. Across all four scenarios, the original dynamic partition maintains marginally
tighter intra-cluster electrical distances, with mean values ranging from 0.01298 to 0.01348,
confirming that the physics-based features produce electrically compact clusters. The
HST-GAT partition shows slightly higher electrical distances of 0.01473 to 0.01887, indi-
cating a controlled relaxation of electrical homogeneity. This relaxation is accompanied
by scenario-dependent changes in label stability: in S2, the HST-GAT label change rate
reaches 15.4%, substantially higher than the baseline’s 3.3%, whereas in S1 both methods
remain fully stable. This pattern reveals that the graph-learning model selectively permits
boundary adjustments only when the operating state exhibits strong temporal variation,
while maintaining partition stability under quiescent conditions. The scenario-level granu-
larity of Table 7 thus clarifies the conditional nature of the HST-GAT enhancement and its
underlying trade-off between physical compactness and boundary decoupling.

Table 7. Scenario-level partition-quality comparison under high-volatility scenarios.

Scenario Method Mean Intra-Cluster Electrical Distance Label Change Rate

S1 Original dynamic partition 0.01298 0.00000
S1 HST-GAT dynamic partition 0.01887 0.00000
S2 Original dynamic partition 0.01348 0.03252
S2 HST-GAT dynamic partition 0.01601 0.15447
S3 Original dynamic partition 0.01348 0.00000
S3 HST-GAT dynamic partition 0.01551 0.03252
S4 Original dynamic partition 0.01348 0.00000
S4 HST-GAT dynamic partition 0.01473 0.05691
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Figure 7 tracks the evolution of four partition-quality indicators across the four high-
volatility scenarios. Two differentiating behaviors are evident. First, the HST-GAT partition
consistently achieves lower boundary reactive exchange than the original dynamic partition,
confirming that the learned representations provide stronger boundary decoupling under
high-coupling conditions. Second, the intra-cluster electrical distance of the HST-GAT
partition is slightly higher in several windows, indicating that the latent-space clustering
trades some electrical compactness for reduced cross-boundary coupling. The label change
rate remains low for both methods in most windows, with HST-GAT showing modestly
higher switching activity in Scenarios S2 and S4 where operating conditions fluctuate
more rapidly. Overall, the normalized cost traces of the two methods track each other
closely, demonstrating that the HST-GAT enhancement preserves the control economy of
the physics-based baseline while selectively improving boundary decoupling.
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Figure 7. Evolution of partition-quality indicators under high-volatility scenarios.

Figure 8 visualizes the temporal evolution of partition labels for all 123 buses across a
full day under two contrasting operating conditions. In both sub-figures, each horizontal
color band represents a group of buses that remain in the same partition. Three observations
can be drawn from this figure.

The partition labels exhibit strong temporal persistence, with wide continuous color
bands indicating that the smoothing penalty suppresses unnecessary boundary oscillations
and maintains multi-hour stability. Boundary changes are confined to transition periods,
such as PV ramp-up and ramp-down, where ρ(t) captures shifts in voltage/reactive sen-
sitivity and triggers only local reassignment. The consistent coarse patterns across daily
scenarios further show that the physics-based features produce reproducible, topology-
driven partitions with adaptive boundary refinement under volatile operating conditions.

5.3. Model Comparison

All methods are evaluated under identical partitioning windows. Each reported
value is averaged over n = 10 or n = 30 runs depending on stability requirements, as
summarized in Table 8. The original dynamic partition remains the strongest baseline in
terms of electrical compactness and label stability. The MLP achieves the lowest average
normalized cost in this comparison group but incurs higher computational burden and
weaker physical compactness. HST-GAT delivers a more balanced result by reducing
boundary reactive exchange while maintaining a moderate solution time.
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Figure 8. Dynamic partition evolution on the IEEE 123-bus system over 24 h: (a) high-PV clear
day; (b) low-PV cloudy day. Colors represent partition labels; white dashed lines mark 6:00, 12:00,
and 18:00.

Table 8. Representation-level comparison under high-volatility scenarios.

Method Norm. Cost Time/s Mean Intra-Cluster
Electrical Distance

Boundary P
(p.u.)

Boundary Q
(p.u.)

Label Change
Rate

Original 1.00490 0.05225 0.01337 4.06065 1.63164 0.00813
MLP 1.00461 0.04270 0.01903 3.62343 1.77015 0.07317
Single-relation GAT 1.00476 0.07418 0.01638 3.65654 1.89450 0.11992
HST-GAT 1.00479 0.04627 0.01608 3.99771 1.52450 0.02236

5.4. Ablation Study

Table 9 demonstrates that physical constraints and temporal smoothing are essential
components. Removing physical constraints increases the normalized cost from 1.00479 to
1.00647 and raises boundary active exchange from 3.998 to 5.803 p.u., confirming that physi-
cal regularization is necessary for maintaining control-oriented partition quality. Removing
temporal smoothing leads to a substantially higher label change rate (from 0.022 to 0.100),
indicating that the temporal term effectively suppresses unnecessary partition oscillation.
Removing heterogeneous relations reduces the intra-cluster electrical distance from 0.01608
to 0.01262 and the label change rate from 0.022 to 0.000 but increases boundary active
exchange from 3.998 to 4.044 p.u., indicating a trade-off between electrical compactness
and boundary decoupling that the multi-relation fusion mechanism helps to balance.

The HST-GAT module introduces additional representation-learning cost. For normal
or weakly fluctuating operation, the physics-based dynamic partition is preferable because
of its low update burden, high stability, and clear physical interpretation. For high-volatility
and high-coupling scenarios, HST-GAT can be used as an enhancement module to improve
boundary decoupling and control-oriented cost.
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Table 9. Ablation results of the compact HST-GAT model.

Variant Norm.
Cost Time/s Mean Intra-Cluster

Electrical Distance
Boundary

P (p.u.)
Boundary

Q (p.u.)
Label Change

Rate

HST-GAT 1.00479 0.04612 0.01608 3.99771 1.52450 0.02236
Without heterogeneous relations 1.00461 0.09206 0.01262 4.04371 1.15058 0.00000
Without physical constraints 1.00647 0.08626 0.01313 5.80252 1.40008 0.00000
Without temporal smoothing 1.00481 0.04940 0.01557 3.92075 1.55047 0.09959

5.5. Sensitivity Analysis of Electrical-Distance Weighting Coefficient

To examine the influence of the impedance weighting coefficient γz on the result-
ing partition, γz is varied from 0 to 1 on the IEEE 123-bus system, and the results are
summarized in Table 10. In this test, each γz value is evaluated independently without
previous-label inheritance or temporal-smoothing regularization so that the measured
partition changes are caused only by the electrical-distance fusion weight. The resulting
partitions are compared with the γz = 0 baseline. The label change rate is calculated after
label matching, and the normalized mutual information (NMI) is also reported to measure
structural consistency between partitions.

Table 10. Sensitivity of partitioning results to γz.

γz Label Change Rate NMI Avg. Intra-Cluster Electrical Distance

0.0 0.0% 1.000 0.1333
0.5 0.0% 1.000 0.1370
0.6 18.2% 0.878 0.1445
1.0 27.6% 0.881 0.1479

The results show that the partition is strictly unchanged when γz ≤ 0.5, with a label
change rate of 0.0% and NMI of 1.000. When γz increases beyond 0.5, part of the boundary-
node assignment changes. For γz = 0.6 and γz = 1.0, the label change rates are 18.2% and
27.6%, respectively. However, the corresponding NMI values remain high, 0.878 and 0.881,
indicating that the overall partition structure is still largely preserved. Meanwhile, the
average intra-cluster electrical distance increases from 0.1333 to 0.1479, corresponding to
an 11.0% increase. These results indicate that the partitioning result is stable in the recom-
mended range γz ≤ 0.5 and remains structurally similar even when the impedance term
dominates. Therefore, γz = 0 is adopted in the reported experiments for computational
efficiency and direct consistency with voltage/reactive-power control coupling.

5.6. Hyperparameter Sensitivity Analysis

To verify that the conclusions are not caused by manually favorable parameter choices,
a one-at-a-time hyperparameter sensitivity analysis is conducted on the IEEE 123-bus
system under representative scenarios. The tested parameters include the number of
partitions K, the k-medoids smooth weight, the connectivity quantile, and the fused-
distance weights. The results are summarized in Table 11.

The sensitivity analysis shows that the selected parameters do not artificially create
the reported conclusions. The number of partitions K mainly controls the physical trade-off
between intra-region compactness and inter-region coupling. For the IEEE 123-bus system,
increasing K from 4 to 8 reduces the intra-cluster electrical distance from 0.1600 to 0.1269 but
increases boundary active exchange from 3.826 MW to 7.012 MW. Thus, K = 6 is selected as
a balanced setting. The smooth weight and connectivity quantile have negligible influence
on the main partition structure, with a label change rate no larger than 0.81% and NMI no
lower than 0.98. Although the fused-distance weights are more influential, the resulting
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partitions remain structurally similar under representative perturbations as indicated by
NMI values no lower than 0.82. Therefore, the selected parameter set represents a stable
configuration rather than a manually favorable choice.

Table 11. Summary of hyperparameter sensitivity analysis.

Parameter Tested Range Main Observation Conclusion

K 4–8
Larger K improves intra-region
compactness but increases boundary
coupling

K controls the expected
compactness–coupling trade-off

Smooth weight 0–0.30 Label change rate ≤ 0.81%,
NMI ≥ 0.98 Low sensitivity

Connectivity quantile 0.60–0.95 Boundary metrics change slightly
and NMI remains high Low sensitivity

Fused-distance
weights

representative
perturbations

Most sensitive parameter group, but
NMI remains ≥ 0.82 Main structure remains preserved

5.7. Resource-Adequacy Analysis

Table 12 reports the controllable-resource distribution in the representative baseline
operating window. The table lists the local controllable-resource buses, available up-
ward/downward reactive-power capacities, and resource-to-reactive-load ratio for each
electrical partition. Partitions without local controllable resources are explicitly marked
with their control-handling strategy.

Table 12. Controllable-resource distribution and handling of zero-resource partitions.

System Part. Resource Buses/Types Q+,ava

(p.u.)
Q−,ava

(p.u.) Res./Load (p.u.) Control Handling

IEEE 33 1 Bus 14, GFM-DG 0.0010 0.0010 0.0019 Independent
IEEE 33 2 Buses 3, 6, 20, 24, 27, GFM-DG 0.0155 0.0155 0.0175 Independent
IEEE 33 3 Buses 31, 33, GFM-DG 0.0053 0.0053 0.0059 Independent

IEEE 123 1 none 0.0000 0.0000 0.0000 Boundary-supported
IEEE 123 2 none 0.0000 0.0000 0.0000 Boundary-supported
IEEE 123 3 Buses 1, 3, 6, 14, GFM-DG 0.0078 0.0078 0.0299 Independent
IEEE 123 4 none 0.0000 0.0000 0.0000 Boundary-supported
IEEE 123 5 Buses 20, 24, 27, 31, 33, GFM-DG 0.0149 0.0149 0.0826 Independent
IEEE 123 6 none 0.0000 0.0000 0.0000 Boundary-supported

The results show that all three partitions in the modified IEEE 33-bus system contain at
least one controllable GFM-DG resource. In the IEEE 123-bus system, controllable resources
are concentrated in partitions 3 and 5, while partitions 1, 2, 4, and 6 do not contain local
reactive-power resources. Therefore, not every electrical partition is assumed to operate
as an independent control region. Zero-resource partitions are identified and mapped to
the nearest resource-containing control region before VVC-OPF validation. This treatment
preserves the electrical interpretability of the dynamic partition while ensuring that the
final control decomposition remains implementable.

5.8. Adaptability to Practical Topology

The Feeder Z case verifies whether the proposed workflow can handle engineering
data formats, as summarized in Table 13. The case includes non-consecutive node number-
ing, branch topology, switch status, and distributed generation information. These features
reflect common difficulties in real distribution-system data preparation.
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Table 13. VVC-OPF comparison on the Feeder Z topology.

Method Norm. Cost Time/s (Mean ± Std) Violation Sum (p.u.) Partition Time/s Solve/s

Global 1.00000 0.25509 ± 0.10599 27.27043 0.00000 0.13805
Fixed-partition 1.31815 0.05068 ± 2.42 × 10−5 34.96951 0.00298 0.00514
Dynamic-partition 1.03818 0.08153 ± 2.52 × 10−5 28.81025 0.01066 0.01117

The fixed partition has the shortest solution time but causes a much larger objective
deviation and violation sum. Dynamic partitioning reduces the normalized cost from
1.318153 to 1.038178 and keeps the solution time far below that of the global VVC-OPF.
The comparison suggests that the proposed dynamic partitioning workflow can reduce the
control-decomposition error caused by fixed partitions while retaining a clear computa-
tional advantage.

Figure 9 shows the simplified topology and the dynamic partition labels at the last
representative time window. The Feeder Z case is based on a practical 102-node feeder
topology with non-consecutive bus numbering, switch status records, actual DG capacity
information, and measured load profiles. The complete dynamic partitioning and VVC-
OPF validation pipeline is successfully executed on this feeder, providing further evidence
that the proposed method can be applied to practical feeder-format data.

Partition 1
(50 buses, 1 DG)

Partition 2
(32 buses, 1 DG)

Partition 3
(14 buses, 3 DG)

Partition 4
(6 buses)

Bus
DG
Substation
Main feeder
Tie-line

Figure 9. Simplified schematic of the Feeder Z dynamic partition at a representative time window.

5.9. Full-Year Validation

To further evaluate the generalization capability of the proposed method beyond the
four representative scenarios, a full-year validation is conducted using 364 consecutive
daily operating windows. Each daily window contains 96 time points at 15 min resolution.
The results are summarized in Table 14.
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Table 14. Full-year validation results over 364 daily operating windows.

Metric Mean Std. P50 P95

Intra-cluster electrical distance 0.01360 0.00070 0.01350 0.01490
Boundary active exchange (MW) 4.421 0.796 4.053 5.809
Boundary reactive exchange (MVAr) 1.181 0.359 1.057 2.048
Boundary edges 6.76 1.23 7.00 9.00
Label change rate 0.052 0.101 0.000 0.244
Partition time (s) 0.0306 0.0078 0.0296 0.0407

The full-year results show that the proposed partitioning method maintains stable
electrical compactness across diverse annual operating conditions. The coefficient of
variation of the intra-cluster electrical distance is approximately 5.1%, indicating that the
electrical consistency of the partitions is preserved over the annual cycle. The median
label change rate is zero, while the 95th percentile is 0.244, showing that most daily
partitions remain stable and that larger changes mainly occur under more pronounced
seasonal or renewable-output transitions. The partition time remains below 0.041 s at the
95th percentile, confirming that the method remains computationally feasible for online
rolling implementation.

6. Conclusions
This paper proposed a data–physics fusion-driven dynamic partitioning method for

active distribution networks oriented to fast power coordination. The method is designed
to construct dynamic control partitions rather than to pursue generic clustering accuracy.
A physics-based rolling dynamic partition baseline is first built from operating behavior,
voltage/reactive sensitivity, electrical distance, and feeder topology. For high-volatility
and high-coupling scenarios, an HST-GAT enhancement module is introduced to learn
control-relevant latent node embeddings. Physical correction, boundary-coupling penalties,
and temporal smoothing are used to ensure electrical consistency, implementability, and
dynamic continuity.

Results on the modified IEEE 33-bus and IEEE 123-bus systems show that dynamic
partitioning approaches the global VVC-OPF cost while greatly reducing computational
burden. Under high-volatility scenarios, HST-GAT further reduces boundary active and
reactive exchanges and improves the average normalized cost, although its additional
computational overhead is non-negligible. Therefore, HST-GAT should be regarded as
a scenario-dependent enhancement over a strong physics-based rolling partition base-
line. The Feeder Z case further verifies that the data-processing, topology-reconstruction,
dynamic-partitioning, and OPF verification workflow can be transferred to practical
distribution-system data formats.

Future work will focus on three aspects. First, event-triggered repartitioning under
topology reconfiguration, fault isolation, and service restoration should be further mod-
eled. Second, stronger classical baselines such as sensitivity-based spectral clustering and
graph-cut partitioning should be included. Third, online deployment should consider
communication delay, missing measurements, uncertainty in sensitivity estimation, and
interactions with distributed controllers.
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