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Abstract

INTRODUCTION: Fault localization in active distribution networks (ADNs) is challenging because feeder topology and
electrical coupling may become inconsistent under operating conditions with high penetration of distributed energy
resources. Moreover, purely data-driven models often provide limited physical interpretability.

OBJECTIVES: This study aims to develop a dual-graph learning framework for fault localization in ADNs, with particular
attention to scenarios where topology-based message passing alone may be insufficient due to topology—electrical mismatch.
METHODS: A dual-graph physics-informed graph attention network (DG-PIGAT) is proposed. The method uses a topology
graph to describe feeder connectivity and an electrical-distance graph to characterize impedance-related coupling among
buses. Electrical-distance-guided propagation is introduced to improve feature aggregation under electrical coupling
variations, while Kirchhoff’s Current Law (KCL)-related residual information is incorporated as a weak physical
regularization term to support physically plausible learning.

RESULTS: Experiments on the IEEE 33-bus benchmark under four consolidated scenarios show that DG-PIGAT achieves
the highest mean accuracy across the tested scenarios. Its clearest advantage appears under topology—electrical mismatch,
where it achieves 86.92% accuracy and outperforms GraphSAGE by 8.29 percentage points (p = 0.0025). Sensitivity and
robustness tests also indicate better tolerance to measurement noise, missing data, and topology—electrical inconsistency.
CONCLUSION: The results suggest that combining feeder topology with impedance-related electrical coupling is beneficial
for robust fault localization in ADNs. The KCL-related component should be interpreted conservatively as a physical
regularization mechanism rather than the dominant source of accuracy improvement.
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1. Introduction

bidirectional power flows and dynamic topology changes
become common. This transition introduces increased
operational uncertainty and makes fault location more
challenging [1]. Accurate fault location, as a key component

The accelerated deployment of distributed energy resources
(DERs) is fundamentally reshaping traditional distribution
networks into active distribution networks (ADNs), where
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of self-healing control, is essential for maintaining power
supply reliability [2].

Conventional paradigms, encompassing both traveling-wave
and impedance-based approaches, are strictly contingent
upon precise system parameters and high-quality data. Their
efficacy often diminishes under the intricate operating states
of modern ADNSs [3,4].

Recently, graph neural networks (GNNs) have emerged as a
potent tool for fault diagnosis, owing to their inherent
capacity to handle the non-Euclidean nature of power grids.
Nevertheless, existing GNN-based approaches still exhibit
several limitations when applied to ADNs. On the one hand,
the mismatch between physical topology and electrical
characteristics prevents the model from accurately capturing
the true coupling relationships among nodes. On the other
hand, purely data-driven models lack physical inductive bias,
which may lead to results that violate fundamental electrical
laws. In addition, the fusion of multi-dimensional features is
often insufficiently coordinated, further constraining model
performance.

To address these gaps, this paper introduces DG-PIGAT, a
framework that shifts the paradigm from simple topology-
based message passing to a dual-graph physics-informed
architecture. Specifically, we represent the distribution
network through coupled static topology and electrical
distance graphs, an approach that preserves informative
coupling even when physical connectivity is partially
misaligned. To ensure physical consistency, the learning
process is guided by KCL-related residual information and
weak physical regularization. The practical value of this
design is validated on the IEEE 33-bus system, where DG-
PIGAT demonstrates not only competitive accuracy in
standard scenarios but also a statistically significant
advantage in handling topology-electrical mismatches—a
notorious challenge for conventional GNNs.

2. Related Work

Existing studies on distribution-network fault localization can
be organized into three representative research streams: data-
driven models, graph neural network (GNN)-based models,
and physics-informed approaches. The following review
summarizes these directions and clarifies the position of the
proposed method.

2.1. Data-Driven Fault Location Methods

As operational measurements have become more accessible,
data-driven techniques have emerged as an important option
for distribution-network fault localization [5]. Earlier studies
commonly adopted convolutional neural network (CNN) and
recurrent neural network (RNN) architectures to learn
temporal characteristics from voltage and current waveforms,
achieving satisfactory results when the feeder topology was
unchanged [6,7].

A common limitation of such models is that they usually
process node measurements as independent sequences in

Euclidean space. Under this setting, the structural
relationships among nodes are not explicitly represented, and
the spatial propagation of fault-related information is
therefore difficult to capture. This issue becomes more
pronounced when the measurement layout is sparse or when
the topology changes during operation.

2.2. Graph Neural Network-Based Methods

Because distribution networks are naturally graph-structured
systems, GNNs have gradually been introduced into fault
analysis tasks. By passing messages among neighboring
nodes, these models can describe network interactions more
directly than conventional sequence-based methods. Graph
convolutional networks provide a representative message-
passing formulation for semi-supervised graph learning [8],
and deep graph convolutional networks have also been used
for fault location in power distribution systems [9]. Among
graph-based models, graph attention networks (GATs) are
particularly attractive because they assign adaptive weights to
neighboring nodes during feature aggregation [10]. In
addition, GraphSAGE, GATv2, and ChebNet provide
representative  inductive aggregation, dynamic graph
attention, and spectral graph convolution baselines,
respectively [11-13].

Recent studies have applied GNN-based models to fault
detection and fault location in distribution networks. Existing
work has considered weak fault feature perception, improved
generalization, cost-sensitive learning, and multi-scale
feature extraction [14—16]. Graph attention mechanisms have
also been incorporated into fault location models, where they
help capture heterogeneous dependencies among network
nodes [17].

Some studies have further extended this line of work by
introducing more than one graph structure. KG-FLoc, for
example, combines equipment topology with knowledge
graph information to improve fault localization in secondary
circuits [18]. GNN-based models have also been explored in
broader power system tasks, suggesting that graph-based
learning is effective for complex interconnected systems [19].

Even so, most current GNN-based methods still construct
graph structures mainly from physical connectivity.
Differences in electrical coupling strength are often not
represented explicitly, which may reduce performance under
long-feeder, high-impedance, or weak-fault conditions.

2.3. Physics-Informed Methods

Physics-informed machine learning embeds physical laws or
equation residuals into neural-network training, with PINNs
providing a representative framework for forward and inverse
problems [20,21]. In power systems, physics-aware and
physics-informed neural networks have been studied for
distribution-system state estimation and other learning tasks
[22,23]. This idea has motivated several recent studies that
combine physical knowledge with graph neural networks.
Typical examples include graph attention models with
embedded physical constraints and physics-preserving graph
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networks [24-26]. These studies suggest that introducing
physical inductive bias can improve out-of-distribution
generalization [27].

Despite these advances, physical information in most
existing methods is still imposed mainly through the loss
function. In practice, this means that physical laws are used
primarily to regulate the model output, while the feature
propagation process itself remains weakly constrained. As a
result, the improvement in physical consistency is often
limited.

2.4. Summary of Existing Methods

Based on the above review, existing methods still face several
limitations in addressing fault location problems in active
distribution networks:

1. Existing GNN-based models do not fully capture the
discrepancy between topological connectivity and electrical
coupling;

2. Physical information is typically introduced as a
post hoc constraint, with limited influence on the feature
propagation process;

3. Multi-graph approaches mainly focus on data fusion,
while collaborative modeling aligned with power system
physical mechanisms remains insufficiently explored.
Motivated by the above gaps, this study develops a Dual-
Graph Architecture Phys-ics-Informed Graph Attention
Network (DG-PIGAT).

3. Methodology

The overall methodology of the proposed DG-PIGAT model
is presented in this section. First, the problem formulation and
the overall framework are introduced. Then, the dual-graph
construction process is described, including the static
topology graph and the dynamic electrical distance graph.
Subsequently, a dual-branch feature extraction mechanism

based on graph attention networks is developed. Finally, the
feature fusion strategy and the physics-informed loss function
are presented.

3.1. Problem Formulation and Overall
Framework

The distribution network is modeled by a graph G = (V, E),
whose node set V = {v,, ..., vy} encompasses buses, loads,
or distributed energy resource (DER) connection points, and
E represents the set of distribution lines. Each edge (i,j) €
E is associated with physical parameters, including
resistance 1;;, reactance y;;, and impedance magnitude z;;,
which are used to construct the node impedance matrix Z for
subsequent electrical distance calculation.

For each node i € V, the measurement feature vector is
defined as:

x;=[U; P, Q" (1)
where U;, P;, and Q; denote the voltage magnitude, active
power injection, and reactive power injection, respectively,
and (-)T denotes the transpose operation. The overall feature
matrix is X € RV*3,

The fault location task is formulated through a learnable
mapping function:

f:(X,6,2)~>y @)
where y € {1, ..., N} denotes the index of the faulted node.

To address the limitations of existing approaches, a Dual-
Graph Architecture Physics-Informed Graph Attention
Network (DG-PIGAT) is proposed. The model decouples
physical connectivity and electrical coupling by constructing
a dual-graph structure, and incorporates KCL-related residual
information and weak physical regularization to improve
physical consistency during training.

Figure 1 presents the overall DG-PIGAT architecture. The
framework can be organized into four main stages: input and
preprocessing, dual-graph construction, dual-branch feature
extraction, and feature fusion with physical constraints.
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Figure 1. Overall framework of the proposed Dual-Graph Architecture Physics-Informed Graph Attention Network
(DG-PIGAT)

The framework consists of four main stages: input
preprocessing, dual-graph construction, dual-branch feature
extraction, and feature fusion with physical constraint.
Specifically, measurement features, network topology, and
the impedance matrix are first obtained as inputs. The model
then builds a dual-graph representation, including a static
topology graph and an electrical distance graph. Based on the
two graphs, dual-branch graph attention networks are
employed to extract high-order fault features, where the
electrical branch uses electrical-distance-guided attention.
Finally, the extracted features are fused with KCL-related
residual information, and a weak KCL-based regularization
term is used to improve the physical consistency of the fault-
location results.

3.2. Dual-Graph Construction

3.2.1. Static Topology Graph
The static topology graph is constructed from the feeder
connectivity of the distribution network. It provides the
physical neighborhood used by the topology branch and
serves as a reference for enforcing KCL-related physical
consistency.

The static topology graph captures the physical
connectivity of the distribution network. Its adjacency matrix
AoP° € {0,1}V*N s defined as:

< EAI

topo
Al

_ {1, if nodes i and j are directly connected

0’

€)

otherwise

The topology graph is independent of operating conditions
and provides fundamental physical connectivity constraints
for the model.

3.2.2. Dynamic Electrical Distance Graph

Because the static topology graph cannot quantify electrical
coupling strength, a dynamic electrical distance graph
Gerec = (V, Egiec) 1s built from the node impedance matrix.

First, the node impedance matrix Z €

RM*N is obtained

from network topology and line parameters. The electrical
distance (ED) for node pair i and j is given by:

ED;; = |Zy — Zy]

“

where Z;; denotes the self-impedance of node i, and Z;;
denote the mutual impedances associated with nodes i and j.

The electrical distance reflects the sensitivity of node i's
voltage to current injection at node j. A smaller value of ED;;
indicates stronger electrical coupling and higher correlation
of fault disturbances.

To quantify electrical coupling strength, a Gaussian kernel
is applied to map electrical distance into continuous
adjacency weights:

init _
At =exp (— o2

ED?

)
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where o is the bandwidth parameter controlling the decay
rate.

To reduce computational complexity and eliminate weak
couplings, a threshold dy, is applied:

A(ie}ec — {AZ'M' AZ'ut = dth. (6)
0, othewise

The resulting adjacency matrix defines the edge set E,j,,
which is used for message passing in the electrical branch.

The electrical distance graph is adaptive to system
changes. When topology reconfiguration or parameter
variations occur, the impedance matrix is updated
accordingly, enabling the model to capture nonlinear
coupling variations. Even without topology changes, fault-
induced impedance variations can also be reflected through
updated electrical distances.

3.3. Dual-Branch Feature Extraction

To capture complementary information from network
structure and electrical coupling, two parallel graph attention
network (GAT) branches are constructed. The first branch
operates on the topology graph, while the second branch is
defined on the electrical distance graph.

3.3.1. Topological Branch

The topological branch aggregates node features within the
topological neighborhood V;*°P°, and its output is expressed
as:

topo __ topo topo
h™" =0 a;; - WHoP%x; ), @)

jejv.itopo

where x; is the input feature of node j, N;"°P° represents the
topological neighborhood of node i, W'P° is a learnable

. . . topo . .
linear transformation matrix, «;.7° is the normalized

ij
attention coefficient, and o(-) is a nonlinear activation

function.

3.3.2. Electrical Branch
Unlike the topological branch, the electrical branch

explicitly incorporates electrical coupling into the attention

calculation. The corresponding attention coefficient is

defined as:

aiejlec

_ exp(LeakyReLU(a® T [Welecx, ||[Wekex;]) - A (8

z:Z(LeakyReLU(a"’l‘"'-‘-'— [W‘”“xi||Welecxk])<Af,£eC) ex
kEMELEC

p

Here a®®‘ denotes a learnable attention vector, and ||
indicates the concatenation operation, A‘f}ec represents the
electrical adjacency weight, and V;¢'*¢ denotes the electrical
neighborhood of node i.

By introducing the electrical adjacency weight into the
attention calculation, nodes with stronger electrical coupling

are assigned greater importance during feature aggregation.
This design enables the model to better capture the
propagation characteristics of fault disturbances, especially
when the topological distance does not accurately reflect the
actual electrical influence between nodes. The use of
electrical-coupling-aware weighting is also consistent with
previous studies on power-grid structural analysis, where
electrical parameters have been incorporated to characterize
the functional relationships among buses rather than relying
solely on topological connectivity [28].

3.4. Feature Fusion and Physical Constraint

3.4.1. Feature Fusion and Classification
The two branch outputs are concatenated and projected:

H/mal = ReLU(W,[H'P°||[H®"*“] + b;), 9)

where H®°P° and H®®¢ denote the feature representations
from the two branches, W and by, are learnable parameters.

The fused feature is used to produce a global fault-location
score over all buses. In addition, KCL-related and electrical
residual information can be used to enhance node-level fault
scoring, so that the final prediction reflects both learned graph
features and physically meaningful local anomalies.

3.4.2. KCL-Based Physical Consistency Constraint

To alleviate the black-box nature of data-driven models,
Kirchhoff's Current Law (KCL) is incorporated into the
learning process through residual feature construction and a
physical regularization term. For any node, the current
balance condition is expressed as follows:

N
1
Loy =37 ).

i=1 ]e]\[L

Ui—U; P+ 0QF
Zij Ui ’

(10)

topo

where Nimpo denotes the directly connected neighbor set of
node i, and represents the line impedance linking nodes i and

The first term represents the total current flowing into or
out of node i through all connected lines, while the second
term denotes the magnitude of the load current at node j. A
smaller absolute difference between the two terms indicates
better compliance with the KCL current conservation law,
and thus leads to a smaller physical loss.

Meanwhile, the task loss for fault location is defined by the
cross-entropy function:

N
1
Ligse == ) vi10g(9), (a1

i=1

where y; gives the true label of the faulted node, and J;
denotes the model-estimated probability output by the model.
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The final training objective is written as a weighted
combination of the task loss and the physical regularization
loss:

Liotar = Leask + ALphy: (12)
where A is the weighting coefficient used to balance task
fitting accuracy and physical consistency.

3.5. Complexity Analysis

For the topological branch, the time complexity is O(M - F),
where M denotes the number of edges and F is the feature
dimension. The electrical branch has complexity O(N - k - F),
where k is the average number of electrical neighbors. Since
distribution networks typically satisfy M =~ N, the overall
time complexity can be approximated as O(N - F).

In terms of memory consumption, the dominant cost arises
from the impedance matrix and the learnable model
parameters. The resulting space complexity is therefore
O(N? + F?).

4. Experiments

4.1. Experimental Setup

4.1.1. Test System

The IEEE 33-bus radial distribution system is adopted as the
test platform. This benchmark feeder was originally
introduced for distribution network reconfiguration studies
and has since been widely used in distribution system analysis
[29]. It has a base voltage of 12.66 kV, a total load of 3.715
MW and 2.3 MVar, 33 buses, and 32 distribution lines.

4.1.2. Dataset Generation

A simulation model is established in MATLAB/Simulink to
generate fault samples in batches. Four typical scenarios are
considered, each corresponding to a different evaluation
purpose. S1 evaluates baseline localization capability under
mild disturbances; S2 examines weak fault-signature
recognition under high-impedance faults; S3 evaluates
generalization under fixed DER integration; and S4 is
designed to test the core topology-electrical mismatch
condition where the electrical graph is expected to provide
complementary information beyond topology-based message
passing.

S1: Normal condition with slight perturbations. No DER
integration and fixed topology are considered. The fault
resistance ranges from 0.5 to 8 Q. Voltage magnitude noise is
set to 6%, phase angle noise to 3%, and 2% feature missing
is introduced to simulate slight disturbances in normal
operation.

S2: High-impedance fault scenario. No DER integration
and fixed topology are considered. The fault resistance ranges
from 15 to 40 Q. Voltage magnitude noise is 12%, phase
angle noise is 6%, and 6% feature missing is introduced to
simulate high-impedance grounding faults.

S3: Fixed-DER integration scenario. Distributed
generation is connected at nodes 13, 17, 22, and 28, while the
feeder topology remains fixed. The fault resistance ranges
from 7 to 28 Q. Voltage magnitude noise is 8%, phase angle
noise is 4%, and 3% feature missing is introduced. In
addition, fixed DER voltage support and remote electrical-
coupling responses are included to simulate active
distribution network operation in which the physical topology
remains unchanged, but fault signatures may also propagate
through electrically coupled non-neighbor buses.

S4:  Topology-clectrical mismatch scenario. DER
integration with varying connection locations and topology-
related measurement disturbance is considered. The fault
resistance ranges from 6 to 22 Q. Voltage magnitude noise is
7%, phase angle noise is 3.5%, and 4% feature missing is
introduced. In addition, measurements associated with
selected topological neighbors are disturbed, and local
voltage support may partially mask the voltage drop at the
faulted node, while electrically coupled non-neighbor nodes
retain coherent fault-related responses. This setting simulates
cases where physical topology does not fully reflect electrical
coupling under varying active distribution network
conditions.

Three fault categories are considered: 0 (single-phase-to-
ground fault), 1 (line-to-line fault), and 2 (three-phase fault).
A total of 2400 samples are generated for each scenario,
resulting in 9600 samples in total. The data are split into
training and testing subsets using an §:2 ratio.

4.1.3. Dataset Generation
For comparison, the following representative baseline
methods are used:

1. Traditional GNN: A graph convolutional network
based on static topology, serving as a classical baseline in
distribution network perception tasks [8];

2. Single Graph GAT: A standard graph attention
network constructed on static topology, representing
mainstream GNN-based approaches for fault location [10];

3. GraphSAGE: An inductive graph neural network
baseline based on neighborhood aggregation, used to
represent strong spatial aggregation methods [11];

4. GATV2: A dynamic graph attention baseline that
addresses the static-attention limitation of the original GAT
and provides a stronger attention-based comparator [12];

5. ChebNet: A spectral graph convolution baseline
based on Chebyshev polynomial approximation [13].

6. DG-PIGAT (Ours): The proposed dual-graph
physics-informed graph attention network.

4.1.4. Evaluation Metrics
The main metric is fault-location accuracy
(Accuracy), computed as:

Accuracy (13
_ Number of correctly located fault samples )

Total number of test samples
X 100%.
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In addition, repeated experiments with five random seeds
are conducted. Mean accuracy, standard deviation, F1-score,
inference time, and paired t-test p-values against DG-PIGAT
are reported. Convergence curves, confusion matrix,
sensitivity curves, robustness profiles, and ablation studies
are also used to evaluate optimization behavior, per-bus error
distribution, sensitivity to measurement quality, and module
contribution.

4.1.5. Model Configuration

The principal model settings are configured as follows: the
proposed graph attention backbone uses a hidden dimension
of 128, the electrical graph is constructed from impedance-
based electrical distance, and optimization is performed with
Adam at an initial learning rate of 8 x 107, batch size of 256,
and 200 training epochs. Unless otherwise specified, repeated
experiments use five random seeds (42-46). During training,
the physics regularization weight is gradually increased to
0.001, while the voltage-anchor weight is set to 0.001. All
experiments are conducted using Python 3.10, PyTorch, and
PyTorch Geometric.

4.2. Basic Experimental Results and
Convergence Analysis

4.2.1. Performance under Normal Conditions with
Slight Perturbations

Table 1 lists the repeated fault-location results under
Scenario S1. As S1 is a mild operating condition, most
advanced GNN methods yield satisfactory performance.

Convergence of Training Loss

Table 1 Fault location accuracy under normal
conditions with slight perturbations

Method Accuracy (%)
Traditional GNN 40.88 £4.08
Single Graph GAT 98.75+0.33
GraphSAGE 99.17 £ 0.42
GATv2 99.04 +0.48
ChebNet 98.25 +0.98
DG-PIGAT (Ours) 99.50 £ 0.24

From Table 1, DG-PIGAT obtains 99.50% accuracy under
normal operation, which is comparable to Single Graph GAT,
GraphSAGE, and GATv2. The small differences among these
high-performing methods are not statistically significant,
indicating that the proposed dual-graph and physics-informed
design does not sacrifice baseline performance in normal
operating conditions.

4.2.2. Convergence Analysis

Figure 2 shows the loss trajectory and test accuracy of Single
Graph GAT, GraphSAGE, and DG-PIGAT under the
topology-electrical mismatch scenario (S4).

Convergence of Test Accuracy

—— DG-PIGAT
35 —— GATv2
—— GraphSAGE
3.0 —— Single Graph GAT

Training loss

Test accuracy (%)

801

A A A A A

o
=]

I
o

N
o

—— DG-PIGAT
—— GATv2

—— GraphSAGE

—— single Graph GAT

0 25 50 75 100 125 150 175 200
Epoch

0 25 50 75 100 125 150 175 200
Epoch

Figure 2. Convergence curves of different methods under the topology-electrical mismatch scenario

The convergence curves are used to evaluate optimization
stability rather than only final accuracy. Under S4, DG-
PIGAT achieves the highest diagnostic accuracy among the
compared methods (85.63% for the representative seed),
while GraphSAGE, GATv2, and Single Graph GAT obtain
77.08%, 71.04%, and 64.38%, respectively. This result shows
that the proposed model can maintain effective optimization
under topology-electrical mismatch, where topology-only
message passing can be misleading.

4.3. Performance under Stress Scenarios

Table 2 summarizes the repeated fault-location accuracy
of six methods under the four consolidated scenarios. Each
value is reported as mean +/- standard deviation over five
random seeds, and paired t-tests are conducted against DG-
PIGAT.
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Table 2. Fault location accuracy under different scenarios

Scenario Traditional GNN Single Graph GAT GraphSAGE GATV2 ChebNet DG-PIGAT

S1 40.88 + 4.08 98.75 + 0.33 99.17 + 0.42 99.04 + 0.48 98.25 + 0.98 99.50 + 0.24
S2 6.00 £2.28 76.25+ 3.18 74.79 + 3.05 82.50 + 1.69 58.96 + 3.04 86.17 +£ 1.63
S3 10.33 £+ 1.94 83.88 + 5.06 88.54 + 2.61 89.29 + 0.64 80.21 £ 2.26 92.67 +£1.90
S4 17.96 + 6.81 66.08 + 2.63 78.63 + 3.39 75.50 + 3.44 65.67 + 2.99 86.92 + 1.64

The results show that DG-PIGAT is competitive under
S1—S3 and achieves the best performance under S4, which
is the scenario most aligned with the motivation of topology-

electrical inconsistency. Under S4, DG-PIGAT reaches 86.92%

accuracy, outperforming GraphSAGE by 8.29 percentage
points (p=0.0025) and GATv2 by 11.42 percentage points
(p=0.0025). GraphSAGE performs strongly under S1 and S3,
indicating that neighborhood aggregation remains effective in

regular or fixed-DER conditions. Therefore, the main
advantage of DG-PIGAT should be interpreted as improved
robustness under topology-electrical mismatch and degraded
measurement conditions, rather than universal dominance in
every scenario.

The bus-level error distribution under this scenario is
further examined through the normalized confusion matrix in
Figure 3.

Normalized Confusion Matrix (s4_dg_pigat)

True node
-
@

o
=3

244

284

324

.

0.8

0.6

~ |fl.

0 4 8 12

16

20 24 28 32

Predicted node

Figure 3. Normalized confusion matrix of DG-PIGAT under the topology-electrical mismatch scenario

The confusion matrix is used to examine the distribution
of fault-location errors over the 33 buses. A strong diagonal
indicates that most fault buses are correctly localized, while
off-diagonal entries reveal which buses are easily confused.

Under S4, DG-PIGAT shows no systematic failure over a
particular feeder section. Misclassifications mainly occur
among electrically similar or adjacent buses, especially near
long feeder ends. This pattern indicates stable per-bus
localization under topological electrical inconsistency.

4.4. Ablation Study

The ablation study focuses on the topology-electrical
mismatch scenario S4, because this scenario is specifically

designed to evaluate whether the electrical-distance branch
provides complementary information when topology-based
neighborhoods become partially misleading. The results are
reported in Table 3.
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Table 3. Ablation study under the topology-electrical
mismatch scenario

Variant Accuracy (%)
Single Graph GAT 66.33 +2.72
DG topology branch only 84.88 +1.18
DG w/o KCL physics 86.38 + 2.04
DG-PIGAT 86.71£1.34

The ablation results show that the DG variants
substantially outperform the single-graph GAT baseline,
confirming that the dual-graph architecture provides a
stronger representation under topology-electrical mismatch.
Compared with the topology-branch-only wvariant, DG-
PIGAT improves the accuracy from 84.88% to 86.71%,

_Missing _reature rate Sensitivity

60 4

w
=3

Accuracy (%)

=
o

30

indicating  that electrical-distance-guided propagation
contributes additional fault-location information when
topological neighborhoods are partially misleading. The
model variant excluding KCL-related physics yields a
marginally higher classification accuracy (86.38 =+ 2.04 vs.
86.71 £ 1.34). This subtle performance difference indicates
that the KCL component cannot be regarded as a universal
accuracy-boosting module. Instead, it introduces physical
inductive bias and supports physically plausible learning
while keeping the full model competitive.

4.5. Sensitivity Analysis

To evaluate the influence of measurement quality, noise
amplitude, and missing-feature rate are independently varied
under the topology-electrical mismatch test condition.
Figure 4 shows the corresponding sensitivity curves, and
representative numerical results are summarized in Table 4.

Noise amplitude Se nsuiv:w
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Figure 4. Measurement-noise and missing-feature sensitivity curves under topology-electrical mismatch

Table 4. Representative sensitivity results under topology-electrical mismatch

Type Level Single Graph GAT GraphSAGE GATv2 DG-PIGAT Gain over the best baseline
noise_amp 0.00 56.15 53.27 51.72 67.13 10.98

noise_amp 0.09 54.05 49.98 50.05 63.92 9.87

noise_amp 0.18 48.95 43.62 45.20 56.03 7.08

missing_rate  0.00 59.68 55.53 54.72 68.80 9.12

missing_rate  0.12 44.70 40.02 43.78 55.03 10.33

missing_rate  0.20 34.73 27.88 36.60 44,57 7.97

DG-PIGAT consistently achieves the highest accuracy
among the compared methods across the tested noise and
missing-data levels. In Table 4, Gain over best baseline
denotes the accuracy improvement of DG-PIGAT relative to

the strongest non-DG-PIGAT result at each degradation level.

Across the representative degradation levels, DG-PIGAT
improves accuracy over the strongest baseline by 7.08 to
10.98 percentage points, indicating better tolerance to
measurement degradation.
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4.6. Robustness Test

Robustness is further evaluated using multiple stress profiles,
including high-impedance faults, fixed DER integration,
topology-electrical mismatch, heavy noise, heavy missing
data, and combined noise-missing disturbance. The results
are summarized in Table 5.
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Table 5. Robustness results under different stress profiles

Profile Single Graph GAT GraphSAGE GATv2 DG-PIGAT Gain over the best baseline
normal 98.00 98.33 99.03 98.73 -0.30

high_impedance 64.35 68.08 65.53 71.38 3.30

der_fixed_nodes 83.08 87.28 83.6 88.17 0.88

topology_mismatch 55.00 51.92 50.25 65.90 10.90

heavy_noise 56.53 61.38 58.87 64.07 2.68

heavy_missing 20.13 27.78 36.95 37.70 0.75

noise_and_missing 31.60 38.55 44.40 45.90 1.50

weak _measurement 71.75 76.63 73.82 77.43 0.80

The robustness results are mixed but informative. In Table
5, Gain over best baseline denotes the accuracy improvement
of DG-PIGAT relative to the strongest non-DG-PIGAT
method under each stress profile. DG-PIGAT achieves the
best result under high-impedance faults, fixed-DER operation,
topology-electrical mismatch, heavy noise, heavy missing
data, combined noise-missing disturbance, and weak
measurement conditions. GATv2 is slightly higher only
under the normal profile, where all advanced GNN methods
achieve similarly high accuracy. These results suggest that
DG-PIGAT is especially beneficial when measurement
quality degrades or topology-based neighborhoods become
less reliable.

4.7. Practical Distribution-Network Case
Based on lowa 240-Bus Real Data

The Iowa 240-bus Distribution Test System [30] serves as a
high-fidelity environment for evaluating DG-PIGAT’s
resilience against the complexities of utility-scale operations.
Unlike simplified benchmarks, this model comprises three
expansive feeders and utilizes a full year of actual smart-
meter records to capture authentic load volatility.

Because the public Jowa dataset does not provide labeled
field fault records, this study does not claim a direct field
fault-location experiment. Instead, the real feeder topology,
line parameters, and 8760 hourly P/Q load profiles are used
to construct time-varying operating conditions, and labeled
fault samples are generated by fault injection under these real
load profiles. The first 75% of the hourly records are used for
training-condition sampling, whereas the remaining 25% are
used for testing-condition sampling, so that the test set
reflects unseen seasonal operating periods. Measurement
noise, partial feature missing, local voltage support, and
topology-electrical coupling effects are included to
approximate degraded practical measurements.

Six baseline methods are compared under the same data
split and training setting. For the Iowa case, exact Top-1 bus
identification is difficult because the task becomes a 240-
class localization problem, and adjacent buses may show
similar voltage-disturbance patterns. Therefore, both exact
accuracy and topology-neighborhood localization accuracy
are reported. Neighbor-1 and Neighbor-3 accuracy denote
whether the predicted bus falls within one or three topological
hops of the actual fault bus, respectively.

Table 6. Real-data-driven validation on the lowa 240-bus distribution system

Neighbor-1 accuracy (%) Neighbor-3 accuracy (%)

Method Top-1 accuracy (%)
Traditional GNN 10.20 £ 0.64
Single Graph GAT 8.27 +2.29
GraphSAGE 8.87 £2.31

GATv2 7.13+0.76
ChebNet 8.77 £ 1.00
DG-PIGAT (Ours) 17.93 + 1.64

26.53 51.87
21.93 46.83
23.30 48.47
19.50 42.13
25.03 50.47
40.10 66.80

The comparative results in Table 6 reveal a substantial
performance gap between DG-PIGAT and conventional
GNN architectures. While the expanded search space
naturally depresses the Top-1 accuracy across all models,
DG-PIGAT maintains a 17.93% exact match rate, which is
substantially higher than the 0.42% random-guess level for a
240-class task. More importantly, the model achieves a
Neighbor-3 accuracy of 66.80%, outperforming the strongest

baseline by 14.93 percentage points. This performance gain
suggests that when fault signatures diffuse throughout a
large-scale feeder, the electrical-coupling branch in our
architecture acts as a '"physical anchor," successfully
localizing the fault within a manageable neighborhood even
when pure topological message-passing becomes ambiguous.

While these findings stem from a high-fidelity simulation
rather than live field deployment, the use of genuine feeder
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geometries and smart-meter profiles provides a much-needed
stress test for graph-based models. This case study effectively
complements the IEEE 33-bus experiments by confirming
that DG-PIGAT’s advantage is not merely a byproduct of
small-scale network properties, but a scalable trait that holds
under the structural and temporal complexities of real-world
utility networks.

4.8. Experimental Conclusions

The experimental results lead to the following observations:
1. Under the normal operating scenario, DG-PIGAT
reaches a performance level comparable to strong GNN
baselines, indicating that the dual-graph and physics-
informed components do not noticeably reduce baseline
localization accuracy.

2. The proposed method shows its most evident benefit
in the topology-electrical mismatch scenario. In S4, DG-
PIGAT achieves 86.92% accuracy and significantly
outperforms GraphSAGE and GATvV2, suggesting that
electrical-coupling information is useful when topology-only
neighborhoods become partially misleading.

3. The sensitivity and robustness results show that DG-
PIGAT is less affected by measurement noise and missing
features than GraphSAGE and Single Graph GAT. This
indicates that the proposed design is better suited to degraded
measurement conditions.

4. The ablation study under S4 indicates that the
electrical branch contributes additional information under
topology-electrical mismatch. The KCL-related component is
interpreted conservatively: it introduces physical inductive
bias and supports physically plausible learning, but it does not
uniformly maximize classification accuracy.

5. Conclusion
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This paper proposes DG-PIGAT, a dual-graph physics-
informed graph attention network for fault localization in
active distribution networks. The method jointly models
feeder topology and impedance-related electrical coupling,
and introduces KCL-related residual information to guide
physically consistent learning. In this way, DG-PIGAT aims
to address cases where topology-based message passing alone
may be insufficient.

Experiments on the IEEE 33-bus distribution system with
four consolidated scenarios and six comparison methods
show that DG-PIGAT remains competitive under normal,
high-impedance, and DER-integration conditions. The most
distinctive improvement is observed under the topology-
electrical mismatch. In this scenario, DG-PIGAT reaches
86.92% accuracy and significantly outperforms GraphSAGE
by 8.29 percentage points (p=0.0025) and GATv2 by 11.42
percentage points (p=0.0025). Additional sensitivity and
robustness analyses show that the method has better tolerance
to measurement noise, missing features, and combined
disturbances. These results support the value of combining
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integration into real-time edge-computing devices in dynamic
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